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I investigate how firms use trade credit under extreme conditions when alternative 

sources of finance are restricted or even non-existent.  My objective in this dissertation is 

to test the hypothesis that the use of trade credit in extreme financial situations is 

significantly different from its use in “more normal” situations.  The cost associated with 

a different use of trade credit during distress is likely to increase the costs of financial 

distress.  These costs in turn, are an important determinant of the firm's capital structure, 

and understanding the use and cost of trade credit under extreme situations will help to 

better understand the tradeoffs that firms face when making capital structure choices. 

I consider two different types of extreme conditions; financial distress and 

financial crises.  The manner in which firms operate under the conditions described above 

provide a laboratory setting for investigating the costs they bear when trying to avoid 

failure by making incremental recourse to trade credit. 
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Chapter 1: Introduction and Literature Review 

1.1 – INTRODUCTION  

Trade credit is an important but expensive source of financing for commercial 

firms.  In 1994, there was $1.94 in trade credit for each $1 in short term debt in the US 

corporations; moreover, the typical implied cost in a trade credit contract is over 42% 

(See Wilner (2000) and Ng, Smith and Smith (1997)).  Interestingly, its cost tends to 

remain relatively stable; therefore, its opportunity cost varies with changes in the cost of 

alternative sources of financing, such as short-term bank credit.  Indeed, early research 

has shown that the use of trade credit varies during the different stages of the monetary 

cycle, indicating that it functions as a substitute for other forms of financing when 

market-determined interest rates change in line with the prevailing monetary conditions 

(See Meltzer (1960)). 

I investigate how firms use trade credit when extreme conditions prevail.  Rather 

than studying how firms consider the costs and benefits of alternative financing methods, 

I look at how firms use trade credit when they experience critical conditions and 

alternative sources of finance are restricted or even non-existent.  My objective is to test 

the hypothesis that the use of trade credit in extreme financial situations is significantly 

different from its use in “more normal” situations.  This research is motivated by the fact 

that the cost associated with a different use of trade credit during distressed periods is 

likely to increase the costs of financial distress.  These costs in turn, are an important 

determinant of the firm's capital structure, and understanding the use and cost of trade 

credit under extreme situations will help to better understand the tradeoffs that firms face 

when making capital structure choices. 
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I consider two different types of extreme conditions.  The first is financial distress 

at the firm level, a situation in which companies are likely to be severely constrained in 

their recourse to the more usual types of financing methods.  The second is a more 

pervasive state which occurs when the financial system of a whole country is plunged 

into a state of crisis.  The manner in which firms operate under the conditions described 

above provide a laboratory setting for investigating the costs they bear when trying to 

avoid failure by making incremental recourse to trade credit. 

In Chapter 2 I study the effect of financial distress on the use of suppliers’ trade 

credit for a large sample of US corporations from the Compustat database.  Using 

standard panel data techniques I find that firms tend to use a significantly larger amount 

of trade credit from suppliers when they are in financial distress.  I additionally find that 

trade credit acts as a substitute for other sources of financing like financial credit and 

shareholder’s equity.  This increase in the use of trade credit, however, is not uniformly 

distributed across firms and industries; I exploit these cross-sectional variations in the 

effect of financial distress on trade credit to draw some additional conclusions.  First, I 

find that the increase of trade credit is mostly observed in small firms.  Second, I find that 

firms in the retail industries do not increase their level of trade credit in financial distress, 

and in addition they do not show any substitution between trade credit and financial 

credit during financial distress.  Third, I find that firms in the manufacturing industries 

use less trade credit than firms in the non-manufacturing ones in financial distress.  

Fourth, I find that financially distressed firms whose creditworthiness is more difficult to 

assess by the financial creditors tend to substitute financial credit with trade credit.  

Overall these findings are consistent with several of the established theories of trade 

credit that I briefly present in the next section of this chapter and discuss in Chapter 2. 



 3

In Chapter 3 I revisit the increase in trade credit when firms enter financial 

distress and use an event study framework in order to assess the response of trade credit 

in the first year of financial distress.  I build windows around the time in which a firm 

enters in financial distress and measure the reaction of trade credit to the event.  I use a 

simple analysis of variance (ANOVA) and standard panel data techniques to obtain the 

results.  I find that the support from suppliers comes in the first year of financial distress, 

and this effect is stronger in the case of small firms. 

In Chapter 4, coauthored with Carlos Molina, we assess the effect of financial 

distress on the trade credit that the firm gives to its clients; the trade receivables.  We find 

that trade receivables, a short term investment in clients, decrease when firms are in 

financial distress.  Interestingly firms facing profitability problems increase the level of 

trade receivables while firms facing cash flow problems decrease the level of trade 

receivables.  This result seems to reflect that firms try to solve the profitability problem 

by trying to increase sales and market share, when possible, but when they face cash flow 

constraints they decrease the level of trade receivables in an attempt to get cash.  The 

characteristics of the industry play an important role in the relation between the distressed 

firm and its clients; firms in more concentrated industries, who can exert more market 

power are those who show this response of trade receivables to financial distress. 

In Chapter 5, coauthored with Inessa Love and Virginia Sarria Allende, we 

consider a more pervasive form of financial distress; the financial crises.  Using data 

from World Scope Data we build a balanced panel of firms around the dates of two large 

financial crises occurred in the nineties: the Mexican devaluation in late 1994 and the 

Asian Crisis in mid- 1997.  Using an event-study methodology, we analyze the effect of 

the crises on both, trade receivables to clients and trade credit from suppliers.  We find 

that trade receivables increase during the peak of the crisis, probably due to a lack of 
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payments caused by the credit crunch that affected the economy, and decrease sharply in 

the post-crisis period, probably because the commercial operations became riskier in the 

post crisis period.  Trade credit from suppliers show a similar increase during the crisis, 

and in the post-crisis period we see its level going back to the pre-crisis period.  We 

additionally exploit the cross sectional variations observed in the data and find that firms 

with less short term debt, more cash flow and cash balance in the pre-crisis period are 

less likely to be affected during the crisis peak and the post-crisis. 

 

 

1.2 – LITERATURE REVIEW 

 

This dissertation is closely related to several well known streams of literature in 

finance.  First, it adds to the trade credit literature by studying the effects of financial 

distress and financial crises on the trade credit policy of the firms facing problems.  

Secondly, it represents an important contribution to the financial distress literature by 

discussing the credit relation of the distressed firm with its suppliers and clients; this 

relation, as we will discuss below, has been shown to affect the costs of financial distress.  

Additionally, it is related to the literature that studies the financial crises, since these are 

used as one of the “extreme conditions” that affect trade credit. 

It is interesting to notice that this is the first research study that goes to the 

intersection of these different streams of the literature, by studying the effect of the 

extreme conditions, financial distress and financial crises, on trade credit.  In the next 

sub-sections I briefly discuss the main contributions of the literature. 
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1.2.1 –Trade Credit Literature 

The research on trade credit starts in the early sixties with Meltzer (1960) who 

discusses the effects of monetary cycles on trade credit.  He finds that during monetary 

contractions there was an increase in trade credit; here we find the seeds for the so called 

“redistribution effect” and “substitution effect”.  In this paper he additionally 

acknowledges the importance of firm’s size in the redistribution of the credit. 

Several authors published papers on trade credit in the next few years.  Larger and 

more profitable firms were found to extend more trade credit to their clients, (Lindsay 

and Sametz (1967)), and smaller firms were found to rely more on trade credit to finance 

their operations, and to decrease the offer of trade credit to their clients in the presence of 

a monetary contraction (Jaffee (1968)).  Firms with fluent access to capital were found to 

have an incentive to offer financing to their clients with good projects but not able to get 

competitive financing (Schwartz (1974)). 

The fact that trade credit was very widely used among US corporations and its 

high cost triggered several research papers that tried to explain why firms use trade 

credit.  This generated several theories of trade credit.  The first set of theories is based 

on the notion that suppliers have an advantage over financial creditors in obtaining 

information about their customers’ creditworthiness and ensuring repayment.  This 

argument was used in Smith, (1987), Mian and Smith (1992), Biais and Gollier (1997), 

Frank and Maksimovic (1998), Deloof and Jegers (1996), Emery and Nayar (1998), Lee 

and Stowe (1993), Long, Malitz and Ravid (1993) and more recently Burkart and 

Ellingsen (2003). 

In addition to having better information and enforcement mechanisms, suppliers 

have an interest in maintaining long-term relationships with their customers. Cunat 

(2000) provides a model in which supplier-customer relationships, by having tailor-made 



 6

products, learning by doing processes, or other sources of sunk costs, generate an 

economic surplus that increase with the length of the relationship.  Wilner (2000) argues 

that in order to maintain a product market relationship, trade creditors –which depend on 

their customer’s business– grant more credit to financially distressed customers than 

banks do.  In addition, firms could use the trade credit provided during crisis times as a 

way of capturing the future business of their customers. 

Other theories of trade credit are based on the notion of price discrimination 

(Brennan, Macksimovic and Zechner (1988)); on the different credit availability and 

interest rates arbitrage from more profitable firms (Biais and Gollier (1997), Emery 

(1984) and Smith (1987)); and on the existence of transaction costs (Ferris (1981)). 

Petersen and Rajan (1997) is probably the first comprehensive examination of the 

determinants of trade credit.  They analyze both trade receivables and trade credit, and 

provide an empirical analysis of some of the predictions of the theories of trade credit 

described above. 

 

 

1.2.2 – Financial Distress Literature 

After Modigliani and Miller (1958) stated the conditions under which the capital 

structure is irrelevant, bankruptcy costs became an important research topic in corporate 

finance.  In the early stages of the research in the field the main focus was the relevance 

of these costs.  Even if the early papers attacked the existence and significance of the 

costs of financial distress both theoretically (see Fama and Miller (1972), Stiglitz (1974), 

and Haugen and Senbet (1978, 1978)), and empirically, (see Warner (1977)), they are 

now considered a central part of the corporate finance theory.  Gianmarino (1989) and 

Gertner and Scharfstein (1991) showed, among others, the relevance of the costs of 
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financial distress, and their significance in corporate finance.  These costs were then 

measured by Altman (1984), Opler and Titman (1994) and Andrade and Kaplan (1998), 

which I will briefly discuss below.  Other relevant contributions to the financial distress 

literature include Gilson (1990), Gilson, John and Lang (1990), DeAngelo and DeAngelo 

(1990), Brown, James and Mooradian (1993, 1994) among many others. 

Since the literature on financial distress is quite large, in the interest of space I 

will focus on those papers that measure the costs of financial distress.  The first attempt 

to measure the costs of financial distress (indirect costs of bankruptcy) is due to Altman 

(1984) who measures the loss of market share and unexpected losses of profits for firms 

that subsequently went bankrupt.  He quantifies both the direct and indirect costs of 

bankruptcy and concludes that the costs of financial distress are positive and significant.  

A few years later, Opler and Titman (1994) further analyzes the costs of financial 

distress.  They identify industries that suffer an exogenous economic shock and measure 

the performance of the highly levered firms of those industries in the following three 

years.  They classify the costs of financial distress in three categories: (i) customer driven 

costs, include the loss of sales due to the reluctance of customers to buy products of 

distressed firms, (ii) competition driven costs, include the costs caused by competitors 

attacking the distressed firm’s position, and (iii) managerial driven costs that is a benefit 

caused by the higher effort that a manager exerts because the distressed situation of the 

firm.  They conclude that costs of financial distress, derived by lower operating profit and 

losses in market share, are positive and significant.  Andrade and Kaplan (1998) compute 

the costs of pure financial distress, as opposed to economic distress, by studying the 

performance of firms that had undergone an LBO/MBO and went into subsequent debt 

restructuring.  They conclude that costs of financial distress are between 10 and 20% of 

the total firm value. 
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An additional relevant paper for this dissertation is Titman (1984), who models 

the effects of capital structure in the liquidation decision of firms.  In his model Titman 

shows the importance of financial distress for the relation between firms and their clients, 

which in turn provides motivation for studying the relation between financial distress and 

trade receivables. 

 

1.2.3 – Financial Crises Literature 

The literature that tries to explain financial crises is large and a full description is 

out of the scope of this review.  I will focus instead on the most recent literature on 

financial crises, mostly related with the so-called third generation models of financial 

crises (as opposed to the first and second generation models). 

The first generation models are associated with Krugman (1979) and explain the 

crisis by the deterioration in the macroeconomic fundamentals.  The second generation 

models, (see Obstfeld (1986)), are based on the existence of a self-fulfilling speculative 

attack.  After the Mexican Crisis in 1994, researchers realized that the crisis was not 

related to the exhaustion of the reserves due of the defense of the exchange rate; 

moreover, they realized that macroeconomic fundamentals alone were not enough to 

explain the crisis.  This triggered the so called third generation models, based on the work 

by Krugman (1999) who posits that the role of the corporate balance sheets as a 

determinant in the ability to invest and the role of the capital flows affecting the real 

exchange rates are likely to increase our ability to explain the crises.1 

                                                 
1 Among the other relevant papers on the topic we find, Aghion, Bacchetta and Banerjee (1999a, 1999b, 
2000a, 2000b, and 2001), Chang and Velazco (1999), Krugman (1999), Dornbush and Fisher (2003), 
Miller and Luangram (1998), Ding, Domac and Ferri (1998), Poon, Ser-Huan (1999), Bris, Pons-Sanz and 
Koskinen (2002) and Forbes (2000). 
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The literature on Financial Crises is evolving very rapidly and is likely to produce 

a number of interesting contributions in the near future that will help to understand some 

of the issues discussed in this dissertation. 
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Chapter 2: An Empirical Analysis of the Effect of Financial Distress on 
Trade Credit 

2.1 – INTRODUCTION  

When firms enter financial distress their ability to raise financing is severely 

curtailed since the fear of default prevents investors from extending additional financing.  

Trade credit, the financing provided by suppliers in commercial transactions, is one of the 

usual sources of short term financing for commercial firms, and it is largely used despite 

its high cost.2  Additionally, trade credit has been found to substitute financial credit 

when the latter is unavailable; for example, it has been found to increase under tight 

monetary conditions [see Meltzer (1960)] and in the case of small firms with weak 

banking relations [see Petersen and Rajan (1997)].  Interestingly enough however, the 

literature mentions that firms in financial distress are likely to experience problems with 

their suppliers.  Baxter (1967) says that financially distressed firms may find difficulties 

to obtain trade credit, Altman (1984) state that suppliers may be reluctant to sell their 

products “except under fairly significant restrictions and higher costs, e.g. cash on 

delivery” and Andrade and Kaplan (1998) mentions that one third of their sample of 

distressed firms reported difficulties with suppliers.3  It is interesting to note however, 

that none of these papers quantifies the effect of financial distress on trade credit. 

                                                 
2  In 1994 there was $1.94 in trade credit for each $1 in short term debt in the US economy, and its cost 
exceeds 43%, see Wilner (2000) and Ng, Smith and Smith (1999) among others.  Moreover, De Blasio 
(2003) reports that Italy is the country with higher use of trade credit, it represents 25% of the Italian firm’s 
assets. 
3 The business press also discusses the issue, see Kimberley Blanton’s article in The Boston Globe on 
Thursday December 4, 1997 (City Edition) cites: “… the Chapter 11 filing in US Bankruptcy Court in 
Boston by Waltham-based Molten Metal was triggered when suppliers refused to extend additional credit 
to the company, which had already slowed payment of its bills.” [Copyright 1997 - Globe Newspaper 
Company  - The Boston Globe - December 4, 1997, Thursday, City Edition] 
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This paper studies the effect of financial distress on the level of trade credit by 

examining a large sample of individual firms over a twenty years period.  The results 

suggest that firms in financial distress use a significantly larger amount of trade credit 

than wealthy ones.  Given that trade credit is very expensive, these results imply that the 

actual costs of financial distress may be higher than the ones reported in the literature, 

(see Altman (1984), Opler and Titman (1994) and Andrade and Kaplan (1998) for 

examples on the measurement of the costs of financial distress). 

Additionally, I specifically address whether there is a substitution of trade credit 

to other sources of financing; first I measure trade credit as a part of the capital structure 

and then I study its effects relative to equity and financial debt when firms enter financial 

distress.  My results provide evidence that firms in financial distress substitute other 

sources of financing with supplier’s trade credit. 

Since the information on the terms of trade credit is unavailable, I cannot estimate 

the firm’s actual demand for trade credit; I can only estimate the reduced form for the 

quantity of trade credit outstanding at the firm level.  In order to learn more about the 

reasons driving trade payables for financially distressed firms, I use the firm’s 

characteristics that according to the theories of trade credit should explain the cross 

sectional variations observed in the data and use them to study the response of trade 

payables to financial distress. 

Several models of trade credit show that firms with better access to financial 

credit will use it instead of the more expensive trade credit.  Schwartz (1974), Emery 

(1984), Smith (1987), Biais and Gollier (1997), Frank and Maksimovic (1998) and Cunat 

(2002) among others, provide examples of this.  I study the behavior of trade credit for 

larger and more dominant firms, and find that they use less trade credit than smaller and 

less dominant ones during financial distress.  The size of the firm is a proxy for the 



 12

quality of their management, corporate governance, and the quality of the information 

they generate.  These characteristics are likely to affect their relations with the financial 

sector and their ability to raise financing.  This result is consistent with the intuition that, 

when available, firms use financial credit instead of trade credit implying that financial 

credit comes higher in the pecking order of financing sources than trade credit.4 

A recent theory proposed by Burkart and Ellingsen (2002) suggests that suppliers 

increase trade credit financing to their clients because the goods they sell them constitute 

better collateral for their credit since they are less deployable than cash.  Retail firms 

provide a convenient natural setting to test this theory since they buy easily deployable 

finished goods from their suppliers, keep them in their inventory for a short time and 

quickly convert them into cash.  I study trade credit for retailers, and find that it does not 

increase when they are in financial distress.  This result is consistent with Burkhart and 

Ellingsen’s theory, but is also consistent with an alternative intuition; cash and 

deployable goods constitute better collateral for financial creditors.  I specifically test 

those two explanations by analyzing the effect of the firm’s size on the level of trade 

credit, and provide some evidence that suggests that the second interpretation is more 

likely to be the true one.  

Biais and Gollier (1997) and Smith (1987) among others, posit the asymmetry in 

the cost of assessing the buyers’ creditworthiness as an explanation for the existence of 

trade credit.  It is reasonable to expect this asymmetry to increase when the buyer is in 

financial distress.  I use the level of R&D expenses and the SGA expenses to identify 

firms whose creditworthiness is more costly to assess by financial creditors than by 

                                                 
4  This result is also consistent with the fact that larger and more dominant firms are able to get debtor-in-
possession financing when are in “Chapter 11”.  Debtor in Possession Financing is the financing that a 
financial creditor grants to firms that are in Chapter 11, mostly for financing working capital needs.  See 
Carapeto (2003) for a detailed description of DIP financing. 
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suppliers, i.e. more “obscure or unique firms”.5  I find that these obscure, or unique, 

firms receive higher level of trade credit from suppliers in financial distress than less 

unique firms. 

Additionally, I develop a different kind of test to see the effect of financial 

distress on trade credit.  Using industries that suffered an exogenous economic shock I 

analyze the level of trade credit for the most highly levered firms in the industry and 

compare it to less levered competitors.  This framework was first proposed by Opler and 

Titman (1994) and help in removing any endogeneity in the model.  When an industry 

suffers a large economic shock, the more highly levered firms have a higher increase in 

their level of trade credit from suppliers than less levered firms; these results are highly 

consistent with the ones obtained in the basic specification. 

This paper contributes to the literature that examines how financial distress affects 

the decisions of firms, by examining the impact on their use of supplier’s credit.6  In 

addition, it contributes to the trade credit literature by providing empirical evidence for 

some of the theories of trade credit in a situation of financial distress of the buyer. 

The remainder of the paper is as follows:  Section 2.2 presents the data, explains 

the variables used in this paper, and provides some selected summary statistics.  Section 

2.3 explains the methodology and the research strategy used in the paper.  Section 2.4 

presents the results of this study and some robustness checks; finally, Section 2.5 presents 

the conclusions and the implications of these results, along with some ideas for future 

research. 

                                                 
5 These firms have been referred as “obscure” in Chapter 5 of this dissertation and as “unique” in Titman 
and Wessels (1988). 
6 Other relevant papers in the financial distress literature include Warner (1977), Haugen and Senbet 
(1978), Altman (1984), Opler and Titman (1994), Gertner and Scharfstein (1991), Andrade and Kaplan 
(1998), Chevalier (1995), Gilson and Vetsuypens (1993), Wilner (2000), Fazzari, Hubbard and Petersen 
(1988), and DeAngelo and DeAngelo (1990).  Senbet and Seward (1995) provide a complete literature 
review of the topic for the 1980s. 
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2.2 – DATA DESCRIPTION, MAIN VARIABLES AND SUMMARY STATISTICS 

I use a panel of annual Compustat data from 1978 to 2000 from which I eliminate 

all companies that reported net sales of less than $1 million and those that do not report 

positive cost of goods sold.  As is customary in this type of research, I eliminate all 

companies in the banking, insurance, real estate, and trading industries.7  The total 

number of company/year observations is around 120,000, growing from around 4,000 

firms in 1978 to around 6,600 in the late 1990s.  Table 2.2.1 Panel A presents the “Fama-

French 48 Industry Classification” identifying each of the industries and including some 

selected summary statistics from the data.8 

 

2.2.1 - On the measurement of financial distress 

I use a standard definition of financial distress based on coverage ratio defined in 

Asquith, Gertner, and Sharfstein (1994): 

I define FINDIST, a dummy variable that is equal to 1 if the firm is in financial 

distress and 0 otherwise.  A firm is in financial distress if it has: 

•  (EBITDAt-1 < Interest Payments t-1) and (EBITDAt < Interest Payments t) 

or 

•  (EBITDAt < Interests Paymentt * 80%) 

                                                 
7 The data have been classified using the FF48 industry classification that can be found on K. French’s web 
page at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/.   The eliminated industries are Industries 
44, 45, 46, and 47 in the FF48 classification. 
8 Given that several of the observations of firms in financial distress may be very close to the tails of the 
distribution making it difficult to distinguish outliers from observations of firms in distress, I use a 
conservative approach in removing the outliers.  A more aggressive cutting of outliers drives to similar 
results (not reported) with smaller standard errors. 
 



 15

In order to be considered in financial distress, a firm needs to: either (1) fail to 

generate enough EBITDA to meet the interest payments for two years in a row, or (2) fail 

to generate enough EBITDA to cover at least 80% of the interest payments in a given 

year.  In the regression analysis I use this variable with a one-year lag (symbolized with 

the post-script _LAG), this lag is necessary since it allows me to observe a firm going 

into distress and then measure the effects on the firm’s trade credit one year later, when 

the effects of financial distress are in place.  Moreover, since I have yearly data, and the 

financial distress is not an event with a well-defined date, I cannot control how far from 

the fiscal year end the firm started having problems that pushed it into financial distress.  

Averaging across years and industries, 17.52% of the observations in the sample 

correspond to firms in financial distress.  Table 2.2.1 Panel A provide a summary of this 

measure by industry and the graph in Figure 2.1 shows the evolution of the number of 

firms in financial distress during the sample period.  Notice the sharp increase of firms in 

financial distress from 1994 to 2000; this could probably be explained by the large 

number of leveraged buy outs observed in the end of the 80’s and the recession in the US 

economy of the beginning of the 90’s.9 

For the purpose of this research it is interesting to identify the firms that enter 

distress in the sample time and follow them through their distress process.  I create a 

variable called FDYS that acts as a counter of the years that a firm has spent in financial 

distress (while it is in distress).  Every time a firm is no longer classified as distressed, the 

variable FDYS is reset to zero.  The implicit assumption in this specification is that a firm 

that goes out of financial distress is a firm that has undergone a successful restructuring 

process.  FDYS also allows me to control for the time that the firms spent in financial 

distress which can be relevant in the level of trade credit. 
                                                 
9 The pair wise correlation between the yearly mean of FINDIST and the GDP growth is -.56 with a p-
value of 0.0000. 
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I additionally generate a variable called TIMELINE that allows me to follow 

through time those firms that enter into financial distress at some moment in the sample.  

When a firm enters into financial distress TIMELINE takes the value 0.  From there on, 

and using the variables FINDIST (that identifies the firms as in financial distress at the 

present year) and FDYS (that counts the years in financial distress), TIMELINE increases 

by one unit each year the firm stays in financial distress.  This variable identifies not only 

the status of the financial distress situation of the firm (i.e. how many financially 

distressed years a firm had until a given moment in time), but also how far a healthy firm 

is from becoming financially distressed (i.e. negative values of TIMELINE tell in how 

many years the firm will enter financial distress).  Using this variable I build a dummy 

variable called TROUBLE that is equal to 1 if the firm is in financial distress at some 

moment in the sample period and zero otherwise.10  Splitting the sample by TROUBLE, 

we find that 64,029 observations (52.66% of the sample) correspond to firms that are in 

the group of TROUBLE = 0, and the balance, 57,552 (47.34% of the sample) are in the 

group of TROUBLE = 1.  Table 2.2.1 Panel B shows the distribution of the firms in the 

TIMELINE along with some summary statistics.  Notice that the size of the firms with 

TROUBLE = 1 is significantly smaller than the size of those with TROUBLE = 0; the 

average level of CPI-adjusted sales is $550MM for firms with TROUBLE=1 and 

$2,388MM for TROUBLE=0.11  

To identify firms that enter financial distress more than one time in the sample I 

create a variable called LOTTROUBLE that counts the number of times a firm enters 

financial distress.  35,194 observations correspond to firms that enter financial distress 

only one time in their sample life, 14,779 to firms that enter two times, 5,659 enter three 

                                                 
10 TROUBLE is equal to 1 if some value of TIMELINE is different from a “missing value” for each firm.  
11 A similar difference is observed when measuring size by CPI-adjusted assets; firms with TROUBLE=1 
average $567MM of assets while firms with TROUBLE=0 average $2,609MM. 
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times, and 1,920 observations correspond to firms that enter four, five or six times in 

financial distress during the sample time.  

 

2.2.2 - On the measurement of trade credit 

I measure trade credit by scaling it on cost of goods sold defining the following 

variable: 

 

360
Sold Goods ofCost 

 PayablesTradeTCCGS ×=  

 

The median value of TCCGS in the sample is 39.3 days.  This variable relates 

trade credit to the transaction that has generated it and shows the amount of purchases 

financed by trade credit.12  Ideally, the commercial activity that I would like to use in the 

denominator of trade payables is purchases, but unfortunately the data on purchases is 

unavailable in the database, so I rely on cost of goods sold as a proxy (a standard proxy 

used in the literature).  The use of this proxy introduces a negative bias in the 

measurement of TCCGS that is proportional to the value that the companies add to the 

products they sell; companies with more value added—i.e., a larger difference between 

CGS and purchases—will use an inaccurately high value in the denominator, causing 

TCCGS to be downward biased.  The bias increases with the value added by the firm; 

i.e., a trading firm should have a very small bias.13 

Additionally, and in order to test for the substitution provided by trade credit in 

the firm’s capital structure, I build three additional variables that capture different 

                                                 
12 This variable is widely used by practitioners to assess the payables ratio. 
13  In any case the bias is goes against my results so it is not a big concern when interpreting them; the real 
trade credit on cost of goods sold is actually larger than the one measured by this variable. 
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measures of trade credit as a portion of the capital structure; TRCA is defined as the level 

of trade payables divided by the book value of assets, TRCE is trade payables divided by 

the book value of equity, and TCFD is trade payables divided on the book value of total 

financial debt.  I define the variables and provide some discussion below. 

 

 DebtFinancial
 PayablesTrade ; 

Equity
 PayablesTrade ; 

Assets Total
 PayablesTrade

=== TCFDTRCETRCA  

 

TRCA shows the amount of financing that the firm obtains from suppliers as a 

percentage of the total capital, i.e. it shows which portion of the firm’s assets is financed 

by suppliers. 

TRCA has been used as a scaling variable in several papers measuring trade 

payables.  There is, however, a subtle and interesting problem with the choice of total 

assets as the scaling variable for the study of trade credit.  The correlation coefficient of 

TRCA and TCCGS is .1676 (p-value of 0.0000) and the trend over time tend to differ 

significantly.14  Figure 2.2 shows that during the 21 years of sample time, TCCGS show 

a slightly increasing trend while TRCA presents a slightly decreasing one.  Moreover, 

this difference is somehow magnified in the second decade in the sample time.  This 

pattern is, at least partially, explained by the different growth rate of the assets and the 

sales during the last decade; while sales growth averaged 22.8% per year, assets growth 

averaged 30.2% per year.  Since trade credit is generated by – and closely related to – 

                                                 
14 The pair wise correlation between GDP growth and the yearly mean of TCCGS is -.338 (p-value 0.0000) 
while between GDP growth and the yearly mean of TRCA is .6193 (p-value 0.0000).  However, there are 
two observations of TRCCGS that seem to be responsible for the low correlation, year 1987 (reflecting the 
credit shortage in the market crash – consistent with the literature [see Meltzer (1960)], and 1999. 
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sales, we observe a decrease in TRCA despite an increase in TCCGS as showed in Figure 

2.2.15   

Additionally, and most importantly for the study of trade credit in firms in 

financial distress, it is well known that firms in financial distress undergo asset sales [see 

Asquith Gertner and Scharfstein (1994), Brown, James and Mooradian (1994) and 

Pulvino (1998) among others], and that they experience a decrease in their sales [see 

Altman (1984) and Opler and Titman (1994) for example].  The usual scaling factors are 

affected by financial distress, making it especially challenging to interpret the results.  

The graphs in Figure 2.3 help to understand this fact by presenting an analysis of the 

behavior of net sales growth, total assets growth, TRCA and TCCGS during the period of 

time covered by the TIMELINE.16  Notice that these graphs show the behavior of a sub-

sample of firms that enter financial distress at a given point in the sample.  To obtain a 

reference point in the graphs, I included a horizontal line that represents the non-time-

varying mean of the variable in the graph for the rest of the sample; i.e. for those firms 

that do not enter financial distress during the sample time (i.e. those firms with 

TROUBLE = 0).  The vertical line shows the moment in which the firm enters into 

financial distress (i.e. TIMELINE = 0). 

The graph in Figure 2.3 Panel A shows that the growth rate of sales and assets is 

affected in a different way by the firm entering into financial distress.17  While the assets 

growth drop significantly and well below the horizontal line of the non-troubled firms, 

reflecting the need for cash of the firms in financial distress, the growth rate of sales have 

                                                 
15 Both measures use the same numerator (trade payables) but one of them TRCA has a denominator 
(assets) that grows faster than the other, TCCGS is scaled by cost of goods sold that is highly correlated 
with sales (pair wise correlation between sales and cost of goods sold is .9846 with a p-value of 0.0000). 
16 The level of sales and assets used to compute the growth are deflated using the CPI index. 
17 I restricted the sample to firms that stay in the timeline for 5 or less years.  Firms that survive in financial 
distress (in default) more than 5 years are only a few, and likely to have some special situation going on.  In 
Table 2.2.1 Panel B we can see the distribution of the firms by TIMELINE (including the whole sample).   
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a less steep rate of decrease than the assets’ and decrease to levels similar to those of the 

rest of the sample.18  We need to keep this pattern in mind when interpreting the results 

since sales and assets are the denominators in the trade credit variables.  Panel B shows 

the behavior of TCCGS and TRCA when firms enter financial distress.  In the first graph 

we observe the behavior of TCCGS.  Notice that firms that are in financial distress use 

more trade credit from suppliers; there is a clear peak in TCCGS at the year in which the 

firm enters financial distress.  We also notice that there is a trend towards the use of trade 

credit to finance the purchases as the firms approach the date of financial distress (notice 

the departure from the horizontal line in the last years before entering into financial 

distress) suggesting that firms that start sliding down in profitability start using more 

expensive and “forgiving” trade credit and replace the cheaper but “stricter” financial 

credit. 

The second graph in Panel B shows the behavior of TRCA, notice that we do not 

observe such a great jump when the firms get into distress.  We notice however that firms 

in the TROUBLE group (i.e. those depicted in the graph) have a higher use of TRCA 

than the rest of the sample (captured in the horizontal line).   

TCFD measures the relative response of trade credit and financial debt when 

firms are in financial distress.  The substitution hypothesis states that trade credit 

substitutes financial credit when the latter is unavailable; using TCFD as the dependent 

variable should provide evidence on this substitution showing a positive sign in the 

coefficient for the financial distress variable. 

TRCE is a variable, similar to TCFD, which measures the substitution effect 

between trade credit and equity. 

 

                                                 
18 Keep in mind that the horizontal line may be a little confusing since it is time-invariant. 
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2.2.3 - On the other control variables 

I introduce some other control variables in the model.  Specifically I use a control 

for size and market power of the firms, and sales growth.  

Larger firms and firms that are in industries in which they can choose among a 

large number of clients are likely to enforce their market power in a trade relation and 

enjoy a bargaining advantage.  This issue has been raised and discussed in the literature.  

Wilner (2000) finds that companies tend to give larger amounts of trade credit to clients 

if these clients represent an important portion of their profits.19  In order to control for 

this asymmetry of power in the relation, I define a variable called MKTPOWER that is 

defined as the interaction between the MARKET SHARE of a firm and the 

HERFINDAHL INDEX of the industry in which the firm is operating.20  I also use some 

alternative measures of market power like LNSALES, LNASSETS, MARKET SHARE 

or HERFINDAHL INDEX as robustness checks. 

I also control for sales growth in the model.  Firms that experience a sharp 

increase or decrease of sales due to exogenous reasons may experience a change in the 

trade payables; they may be perceived as a fast growing client by the suppliers and this 

may positively affect their incentives to offer more trade credit, or the opposite may be 

true in the case of steep sales decrease.  I define DIFSALES_SLES, as the difference 

between SALESt and SALESt-1 scaled on SALESt-1. 

The main variables used in the paper are summarized and defined in Table 2.2. 

                                                 
19  He literally states, “Trade creditors, desiring to maintain an enduring product market relationship, grant 
more concessions to a customer in financial distress than would be granted by lenders in a competitive 
market.”  See Wilner (2000) p. 154.  The same intuition in a different situation is used by Petersen and 
Rajan (1994). 
20  Market share is calculated only among the firms in the Compustat sample; therefore, it could potentially 
be upward biased if the database leaves important firms out of the sample for a given industry.  The 
implicit assumption here is that there are not other companies that are not listed by Compustat that compete 
with significant importance in the industry and therefore can flaw the results.  Also, I am implicitly 
assuming that there is no possibility that companies in other industries act as substitute buyers or suppliers. 
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2.3 – THE METHODOLOGY 

2.3.1 - Measuring the response of trade credit to financial distress 

I observe a vast panel of US firms over a fairly long period of time.  These firms 

show both time series and cross-sectional patterns of variation that I want to capture in 

the model.  I also need to consider the firm-level unobserved factors that might affect the 

amount of trade credit the firms receive from suppliers. 

To analyze the trade credit that distressed firms receive from their suppliers, I 

estimate the following equation: 

 

( )1                                                     _1 itititiit XLAGFINDISTTC εψβγ +++=  

 

The Dependent Variable, TCit, is a measure of trade credit, FINDIST_LAGit is the 

first lag of the financial distress at a firm level, and Xit is a matrix of controls.  γi is a 

vector of dummy variables for Firms in the fixed effects estimation, and dummy 

variables for Industries in the pooled OLS model.    The controls include a measure of 

size – typically LNASSETS – and the sales growth DIFSALES_SLES.  Additionally, in 

certain specifications I allow FDYSit and and FDYS2
it to control for the time that the 

firms spent in financial distress.  The estimation with pooled OLS include a “clustering” 

procedure for firms in the computation of the standard errors in order to allow an 

unspecified correlation between different observations of the same firm in the sample. 21 

                                                 
21 Sribney (2001) provides a detailed explanation of the “clustering” procedure used to correct the standard 
errors in the models estimated using OLS. 
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If suppliers support firms in financial distress β1, the coefficient of the dummy 

variable identifying financially distressed firms, FINDIST_LAG, should be positive and 

significant.  More specifically, in the model without FDYS the coefficient β1 tells us how 

many more days of trade credit are taken by firms in financial distress (with respect to 

non-distressed firms).  One of the specifications of the model controls for the time that 

the firm has spent in financial distress, which may be an important factor in trade credit.  

Τhe coefficients on FDYS and FDYS2 control for this and provide some indication on the 

shape of the effect of financial distress as a function of time.  This information however, 

comes at a certain cost in terms of multicollinearity, since the correlation coefficient 

between FINDIST and FDYS is, fairly high.22 

Throughout the analysis of this paper it is assumed that even if it is true that 

suppliers can force a firm into bankruptcy, it is not possible for them to send it into 

financial distress.  In other words, the assumption is that healthy firms are not dragged 

into financial distress by a supplier’s unilateral reduction of trade credit.  Suppliers can, 

however, force financially distressed firms to file for bankruptcy protection if they are not 

repaid on time. 

 

2.3.2 - Using firm’s characteristics to explain firm’s trade credit response to 
financial distress 

From the estimation of equation (1) I am only able to estimate a reduced form of 

the effect of financial distress on trade credit.  Unfortunately we do not observe the price 

of trade credit that would allow us to estimate its demand.  In order to, at least partially, 

circumvent this limitation I rest on the cross sectional variation in the response of trade 

credit to financial distress.  This variation can shed some light on the reasons that drive 

                                                 
22 [ρ (FINDIST_LAG; FDYS) = 0.6420 (p-value 0.0000)] 
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the reduced forms found when we estimate equation (1).  I approach this problem using 

two different methodologies; a first approach is to just estimate equation (1) on different 

partitions (sub-groups) of the data.  A second approach interacts the specific 

characteristics under study with the dummy identifying firms in financial distress.23  This 

specification highlights the change in the slope of the linear relation between financial 

distress and trade credit.  This is performed estimating equation (2) presented below: 

 

(2)      )*_(_ 4321 itititititiit XCLAGFINDISTCLAGFINDISTTC εββββγ +++++=  

 

C is a variable that captures a firm or industry characteristic; it enters the model 

alone and in an interaction term with FINDIST_LAG.  Ideally C should vary with time, 

but in most of the cases it will be time invariant since it is likely to be affected by the 

financial distress situation thus its interpretation may be confusing.  In the cases in which 

C is time invariant I calculate it as the average of the three years prior to the firm entering 

into financial distress (i.e. TIMELINE -1, -2 and -3) or as the value of the last year before 

entering into financial distress (i.e. TIMELINE -1) in the cases in which C is a dummy 

variable.  Notice that the time-invariant version of C will be dropped from the fixed 

effects model; this is a minor problem however, since I am interested in the interaction 

and I am also allowed to see its solo-effect in the pooled OLS model.  Obviously, when C 

is computed as a pre-financial distress time invariant variable only those firms with 

TROUBLE = 1 will enter the sample since they will be the only ones for which I can 

compute C.  

                                                 
23 There is a technical different between estimating equations (1) and (2) on two sub-samples and 
estimating equations (3) and (4) on a whole sample.  When we run the model on a whole sample of firms 
and identify one characteristic with a dummy we are assuming that the errors of the two sub-groups of 
firms are drawn from the same distribution, while when we run the model on two different sub-samples we 
are allowing each group to have its own distribution of the errors.   



 25

 

2.3.3 - Measuring the Substitution Effect between Trade Credit and other Sources of 
Financing  

One of the hypotheses tested in paper is that there is a sort of substitution between 

trade credit and other sources of capital such as financial credit and equity.  We argue 

that trade credit is likely to substitute financial credit in the case of a situation of financial 

distress.  In order to provide evidence about the substitution effect I use Equations (1) and 

(2) on the full sample and different sub-samples using a different set of dependent 

variables that were defined in the previous section. 

I start using TRCA which shows the participation of trade payables in the capital 

structure.  Finding a positive coefficient for the dummy identifying firms in financial 

distress would indicate that the relative importance of trade payables in the capital 

structure increases when the firm is in financial distress.  It is true that we know that 

firms in financial distress tend to decrease the level of their assets because, as already 

noted above, they enter in accelerated asset sales, but it is also true that the coefficient 

still captures the relative importance of trade payables in the capital structure (given the 

new level of assets).24 

The above measure does not show the relative change with respect to the two 

main sources of financing, financial debt and equity.  I consider each of them separately 

by using TCFD and TRCE as the dependent variables of the model.  As in the case 

commented above, the coefficient of the dummy variable identifying firms in financial 

distress tells us the relative change of trade payables with respect to financial debt and 

equity respectively.  Ideally I would like to have the chance of considering the 

substitution between trade payables and short-term debt and trade payables and long 
                                                 
24 We can think of this as if the proceeds of the assets sales are allocated to repay other sources of capital 
other than trade credit. 
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term-debt, but unfortunately, as noted by Gramlich, McAnally, and Thomas (2001) the 

data on short-term debt is not reliable so I use the total level of debt. 

 

 

2.4 – THE RESULTS 

Tables 3 to 10 presented in this section show the results and several robustness 

checks.  The discussion below explains the results, and provides and analyzes alternative 

interpretations for them.   

 

2.4.1 - The Effect of Financial Distress on Trade Credit 

2.4.1.1 The Base Case Model  

As a first approach to assess the amount of trade credit used by firms in financial 

distress I estimate equation (1) on the full sample of firms.  Finding a positive value in 

the coefficient for FINDIST_LAG would imply that financially distressed firms use more 

trade credit from suppliers than healthy firms.  The results are presented in Table 2.3 

Panel A; models (1) and (2) present the results of the fixed effects estimation while 

models (3) and (4) present the pooled OLS.  Notice that the coefficient on 

FINDIST_LAG is positive and significant in all the models of the table.  Firms in 

financial distress take significantly longer terms to repay their suppliers than healthier 

firms.  In the case of the fixed effects model we notice that firms in financial distress take 

5 more days to repay their suppliers than firms in good financial stand. 

The results in Panel A also suggest that the financing to firms in financial distress 

is growing and concave in the time in distress; every additional year that the firms stays 

in financial distress its payments to suppliers tend to slow further.  
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This result is not implying that suppliers voluntarily offer to extend longer terms 

of trade credit to financially distressed clients; the evidence suggests that whether the 

supplier offers additional days to pay the bill, or the client “stretches” the payments, the 

days taken to repay the suppliers increase in the case of financially distressed clients.  An 

alternative possible interpretation of the results in this table is that it could be the case 

that firms in financial distress accumulate debt with suppliers by just not paying them 

anymore – causing the supplier to stop supplying them as a response.  This possibility is 

ruled out by the fact that in the definition of trade payables I am only using short term 

payables, which excludes long term payables and payables under litigation for late 

payment.25 

Under the US Law, firms in Chapter 11 are allowed to obtain Debtor in 

Possession Financing (DIP) from financial institutions; this gives financial debtors a 

special seniority similar to the one obtained by the suppliers. 26  The existence of DIP 

could mitigate my results since it is possible that several of the firms in sample enter in 

Chapter 11 while they are in financial distress, obtain DIP and replace trade credit by 

special financial credit.  This is not a mayor concern, however, since the effect produced 

by DIP financing is opposite to my results. 

Since, as shown in Table 2.2 Panel B, only a few large firms survive financial 

distress for more than 5 years (i.e. TIMELINE>5), one may wonder if these firms are 

driving the results.  In order to address that concern I re-run the model on sub-sample 

restricted to firms that do not stay in financial distress for more than five years; the 

results, not reported in the paper, show results that are very similar to those obtained in 

Table 2.3 Panel A.  
                                                 
25  Notice also that by using TCCGS I am taking into account the level of the sales that generate the trade 
payables (through the cost of goods sold), this fact rules out the possibility of capturing old payables of 
firms that are not operating anymore. 
26 Carapeto (2003) provides a description of the process. 
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As explained above, some of the firms enter into financial distress more than once 

in the sample time.  In order to ensure that some anomaly in the behavior of these firms is 

not driving my results I generated four different groups of firms; the first group (group 

one) includes firms that never enter into financial distress and firms that enter financial 

distress only once in the sample time, group two is built in the same way, only includes 

firms that never enter financial distress and firms that enter financial distress twice in the 

sample time.  I build groups three and four in the same way.  Notice that the firms that 

never enter financial distress in the sample time are included in all the groups.  I estimate 

equation (1) on each group separately; the results (not reported but available upon 

request) show that there are no significant differences between groups and with the full 

sample.  

 

2.4.1.2 Addressing the Substitution Effect 

As mentioned above, I hypothesize that firms in financial distress increase their 

use of trade credit to substitute other sources of capital that become unavailable when 

they face financial distress.  In order to specifically address this point I estimate equation 

(1) on a different set of dependent variables; TRCA, TRCE, and TCFD as explained in 

the methodology section.  The results are presented in Table 2.3 Panel B.  Notice that I 

estimate the equation using a fixed effect model and a pooled OLS for each of the 

alternative dependent variables.  The positive coefficients for FINDIST_LAG in the first 

two columns indicate that firms in financial distress increase the use of trade payables in 

their capital structure.  Firms in financial distress increase trade credit in their capital 

structure by almost 1% considering the fixed effects model and more than 2% 

considering the results of the pooled OLS.  Notice that this is a relative increase, since it 

is measured relative to the other sources of financing, and is therefore meaningful even 
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taking into account that firms in financial distress are known to go into fire assets sales as 

noted above.  In columns (3) and (4) I use TRCE as the dependent variable so I can 

measure the substitution effect of trade credit with respect to equity.  Notice that the 

coefficients on FINDIST_LAG are positive and significant suggesting that the level of 

trade payables increases faster than the book value of equity in financially distressed 

firms.  One possible explanation for this result is that firms in financial distress incur in 

losses that diminish the book value of equity and thus the ratio tends to go up.  The result 

suggests however, that the level of trade credit do not decrease at the same speed, giving 

an increase of trade credit relative to equity in the firm’s capital structure.  The last two 

columns of the table consider the substitution effect between trade payables and financial 

debt.  The results are similar to those reported in the first four columns of the table; the 

positive coefficient on FINDIST_LAG suggests that financial debt is replaced by trade 

payables in the financially distressed firm’s capital structure. 

In sum, the results in Table 2.3 Panel B tend to support the hypothesis that trade 

payables provide a substitution to the other sources of financing for firms in financial 

distress. 

 

2.4.2 - Cross-Sectional Variations in the Response of Trade Credit to Financial 
Distress 

In the last section I explored the response of trade credit to financial distress.  

Since the information on the terms of trade credit is unavailable, I can only estimate the 

reduced form for the quantity of trade credit outstanding at the firm level; therefore I 

cannot estimate the firm’s actual demand for trade credit.  In order to learn more about 

the reasons driving trade payables for financially distressed firms, I use the firm’s 

characteristics that according to the theories of trade credit should explain the cross 
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sectional variations observed in the data and use them to study the response of trade 

payables to financial distress. 

 

2.4.2.1 The importance of the size and market power of the firms 

I start by considering the case of large firms and compare its trade credit in 

financial distress with the one of smaller firms.  Larger firms are assumed to have better 

management and corporate governance, to generate more reliable information and to have 

better access to bank financing.  The trade credit literature predicts that larger firms 

should use less trade credit from suppliers.27  The intuition is simple, suppliers’ credit is 

more expensive, so firms that are able to get financial credit should use it.  We can extend 

this intuition and expect larger firms to use less trade credit from suppliers when they are 

in financial distress if they can get some financial credit. 

I first divide the dataset into large and small firms; a firm is considered large if its 

sales are larger or equal to the median of its industry in any given year and small 

otherwise.  I use the dummy variable LARGE_S to separate the sample and estimate 

Equation (1) on both sub-samples.  The results, presented in Table 2.4 Panel A suggest 

that both, large and small firms use more trade credit from suppliers when in financial 

distress.  Notice that the coefficients for FINDIST_LAG are positive and significant in all 

the models of the table.  We notice however, that the size of the coefficients and its 

statistical significance is smaller in the case of the large firms.  Large firms only delay 

their payments to suppliers by 1.6 days while smaller ones delay by more than 5 days in 

the case of the fixed effects model, while this difference increases significantly in the 

case of pooled OLS where large firms increase the time to pay the suppliers by 3 days 

compared with the 18 days increased by the smaller firms. 
                                                 
27 See Petersen and Rajan (1995, 1997), Frank and Maksimovic (1998), Cunat (2002) among others. 
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To proceed to a more formal test of these differences, I include the dummy 

variable LARGE_S alone and interacted with all the variables in the model in a single 

regression for each model and perform a simple F-test of joint significance of the size 

dummy and its interactions.  The test rejects the null of non-significance with p-values of 

0.0000 in both, the fixed effects and the pooled OLS models.  Moreover, the interaction 

FINDIST_LAG_LARGE_S, identifying financially distressed firms in the “large” group 

is always negative and significant at the 1% level (the coefficients are -5.3 for the fixed 

effects and -15.2 for the pooled OLS).  I am not reporting a table with these results but 

they are available upon request. 

These results are a clear indication that the size of the firm plays an important role 

in the use of trade credit when it is in financial distress.  It could be argued, however, that 

size can be affected by financial distress; it has been shown that firms entering in 

financial distress tend to reduce its size because of decreasing sales and market share or 

assets sales.  In other words, the fact that financial distress may affect the size (and the 

market power) of the firm could cause some concern in the interpretation of the results.  

In order to circumvent this potential criticism, I use a different specification to study the 

effect of size.  I compute the size of the firm at the last pre-financial distress period (i.e. I 

measure size at TIMELINE = -1) and generate a dummy named PRE_SIZE that is equal 

to 1 if the firms was large at the pre-financial distress time, and 0 otherwise.  I use this 

dummy alone and interacted with FINDIST_LAG in the estimation of equation (2).  

Notice that by construction this model only considers those firms that have a value of 

sales at TIMELINE = -1, i.e. does not consider any company that will not enter into 

financial distress during the sample period, so the sample becomes mechanically 

restricted to firms with TROUBLE = 1.28  This specification allows me to see the effect 
                                                 
28 Notice also that in this specification I dropped the firms that stay more than five years in financial 
distress.  Including them, however, does not change the results in a significant way. 
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of financial distress in trade credit on firms that were large before entering in financial 

distress. 

The results, presented in the last three columns of Table 2.4 Panel A are 

consistent with the ones presented in the first four columns; the coefficients of the 

interaction term are negative and statistically significant in both the fixed effects and the 

pooled OLS, suggesting that larger firms in financial distress use less trade credit than 

smaller firms.  More specifically, the fixed effects indicate that large firms in financial 

distress takes 3 days shorter than smaller ones to repay their suppliers.  The case of the 

pooled OLS shows this difference to be around 7 days.  Notice also that model (6) shows 

that large firms use 6 less days to repay suppliers than smaller ones during normal non-

financial distress times. 

These results, largely consistent with the literature, suggest that larger firms prefer 

to choose financing from financial creditor (if available) rather than trying to obtain 

longer payment terms from suppliers.  Additionally, it is conceivable that several of the 

firms in financial distress in the sample are also in Chapter 11; the fact that large firms 

are more likely to obtain DIP financing is consistent with these results. 

Additionally I test the effect of size on the substitution effect between trade credit 

and other sources of capital discussed above.  The first approach is estimating equation 

(1) on TRCA, TRCE and TCFD.  The results, not presented in the tables in the paper but 

are available upon request, show that both large and small firms show evidence of the 

substitution effect found in Table 2.3 Panel B.  The only exception is an insignificant 

coefficient in the fixed effect estimation for large firms when TCFD is the dependent 

variable.  In general all the coefficients for large firms are smaller (in general about half) 

than the ones for small firms, implying that the substitution is more pronounced in the 

case of small firms.  In order to test the statistical significance of this difference I 
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estimate equation (2) using LARGE_S as the characteristic in the model.  The results are 

reported in Table 2.4 Panel B, and show that in the three alternative dependent variables 

used to estimate the model we see a negative and significant coefficient for the 

interaction term.  This suggests that the substitution is significantly weaker for the case of 

large firms confirming the results reported above and the general intuition of this section. 

In sum, the results using size as a firm characteristic tend to suggest that firms that 

are able to get some financing from other sources (i.e. not trade credit) tend to use it 

before tapping into trade credit.  The reasons could be that they prefer financial credit 

because it is cheaper or maybe because they do not want to stretch their payments to 

suppliers unless it is absolutely necessary.  Whatever the reason could be, these results 

are a clear indication that firms consider trade credit to be lower in the pecking order of 

financing. 

 

2.4.2.2 The Case of Retailers; Deployable Assets as Collateral for Suppliers.   

The characteristics of firms in the retail industry provide a nice setting to extend 

our knowledge about the behavior of trade credit during financial distress.  Retailers buy 

products and generally sell them without further manipulation, usually keeping them in 

the inventories for a very short time; products are sold and converted into cash relatively 

fast.  According to Burkart and Ellingsen (2002) these firms should get less trade credit 

from suppliers since their goods are highly deployable and therefore less valuable as 

collateral for the suppliers because more subject to moral hazard by the debtor.  This 

problem should be magnified in financial distress, since the incentive to divert cash 

becomes higher. 

Unfortunately, the characteristics of the retailers are subject to different 

interpretations; deployable goods, and especially the large generation of cash of the 
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retailers, constitute very good and liquid collateral for credit from a financial 

institution.29  According to this, retailers would be in a good position to obtain bank 

financing even in financial distress.  Additionally, given the importance of suppliers for 

the operations of the retailers, they may be inclined to use debtor-in-possession financing 

in “Chapter 11” in order to save the relationship with their suppliers. 

I define retailers as firms that operate in the Fama & French industry number 41 

(DNUMS 5000 to 5190 from COMPUSTAT) and identify them with a dummy variable 

named RETAIL. 

To study the effect of financial distress on retailers’ trade credit from suppliers I 

estimate equation (1) on two sub-samples; retailers and non-retailers.  The results are 

presented in Table 2.5 Panel A, and present, as usual, a fixed effects and a pooled OLS 

model.  In the fixed effects model we can see that retailers do not show an increase in 

trade credit - Model (1) - when they are in financial distress, compared to a 5-days 

increase in the case of non-retailers - Model (3).   In the case of the Pooled OLS, we see 

in Models (2) and (4) that both retailers and non-retailers use more trade credit when in 

financial distress, the difference is however, quite large; retailers increase their payables 

by less than 7 days while non-retailers show an average increase of 18 days. 

The last two columns of the table show the fixed effects and pooled OLS 

estimations of the model including market share as a measure of market power.  Notice 

that the sample size is reduced because I am using the level of market share at the year 

before entering in financial distress only for retailers.  I am only using the sub-sample of 

retailers that will enter financial distress, i.e. TROUBLE=1 and RETAIL=1.  We notice 

that market share shows a negative and significant sign in the interaction term with 

                                                 
29 Pledging cash inflows is common practice in industries with a large generation of cash.  A good example 
of this is the pledge on the cash inflows of the tolls collected in the highways as collateral for the project 
finance.  This pledge is relatively easier for financial institutions than for suppliers. 
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FINDIST_LAG, suggesting that more dominant retailers seem to use less trade credit 

when they enter financial distress.  

The results in Table 2.5 Panel A are consistent with several explanations.  I am 

not able to reject the intuition in Burkhart and Ellingsen (2002), which states that firms 

with more deployable goods use less trade credit in financial distress.  Additionally, firms 

with better collateral use less trade payables, this could mean that they use more financial 

credit (but I specifically address this topic in the next panel of this table).  The fact that 

larger and more dominant retailers use less trade credit in financial distress seems to 

provide some additional indication regarding their larger use of financial credit.  I 

specifically address this point in the next panel. 

Using TRCA, TRCE and TDFC I measure the effect of financial distress on the 

substitution between trade credit and other forms of credit in the case of retailers in 

financial distress.  Specifically I estimate equation (2) on the full sample of firms using 

the RETAIL dummy alone and interacted with FINDIST_LAG in order to see the effect 

of financial distress on retailers and measure the substitution effects.  The results are 

presented in Table 2.5 Panel B.  The fixed effects model suggests that retailers in 

financial distress use less trade payables in their capital structure, implying that there a 

negative substitution effect in the aggregate of the capital structure.  We notice however, 

that there is some substitution in the case of equity; the coefficient of the interaction term 

is positive and significant suggesting that when retailers are in financial distress trade 

credit increases replacing some of the equity in the capital structure.  In the case of TCFD 

we notice that the coefficient in the interaction term is negative suggesting that there is a 

relative increase of financial debt with respect to trade payables.  The results fail to show 

significance in the case of pooled OLS. 
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The results in this panel seem to support the intuition that firms with cash and 

deployable goods have an advantage to get financial credit when they are in financial 

distress.  These results need to be interpreted with some caution; I am using an industry 

in order to proxy for firms characteristics, and this proxy may be imperfect, or polluted 

by other variables that may be introducing a bias in the results. 

 

2.4.2.3 The Case of Manufacturing Firms; Ability to Repossess and Resell the goods.   

The different patterns in the use of supplier’s goods for manufacturing firms as 

opposed to non-manufacturing ones, mostly service and natural resources industries, 

could provide some interesting patterns in their trade credit behavior in financial distress.  

Firms in manufacturing industries buy goods from the suppliers and then transform them 

in order to get a final product, while firms in non-manufacturing industries buy goods 

form suppliers and either resells them (in the case of retailers) or use them in some way 

in the extraction process (in the case of natural resources) or the generation of services (in 

the case of services firms).  This pattern in the use of supplier’s goods is also likely to 

change from industry to industry.  Most of the industries defined by the Fama-French 48 

Classification could be fit in manufacturing or non-manufacturing industries, the only 

exception is the case of four non-manufacturing industries that have a group of firms that 

fit into the manufacturing category; I acknowledge this when splitting the sample by 

using and asterisk in Table 2.2.1 Panel A.30  

The main purpose of this sub-section is to establish whether these different 

patterns in the use of the suppliers’ goods affect the relationship between suppliers and 

                                                 
30 Table 2.2.1 Panel A show the industries defined as Manufacturing, an asterisk indicates that the industry 
had some firms in the manufacturing and some on the non-manufacturing industries.  The sample is split 
almost in halves; about 49.9% of the observations are in Manufacturing Industries while 50.1% is in Non-
Manufacturing Industries. 
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the financially distressed firms.31  According to the theory by Frank and Maksimovic 

(1998) suppliers give trade credit to their clients because it is easier for them (compared 

to a financial creditor) to repossess and resell those goods in the case of default of the 

buyer.  Their theory essentially captures an asymmetry in the cost of liquidation between 

the financial creditor and the suppliers, which causes suppliers to have an advantage to 

finance firms if they can repossess and resell the goods.  For the supplier to repossess the 

good, this needs to stay in the buyer’s inventory in the same condition as it was sold and 

for a period reasonably long period of time.   

My first approach is to estimate equation (1) on both sub-samples i.e. 

manufacturing and non-manufacturing firms.  Given that both groups show a positive 

coefficient in for the FINDIST_LAG variable, I estimate equation (2) using the dummy 

variable MANUF (that identifies firms in manufacturing industries) alone and interacted 

with FINDIST on the full sample of firms.  The results, presented in Table 2.6 Panel A 

show that manufacturing firms in financial distress use less trade credit from suppliers.  

The interpretation of this result is straightforward; firms in manufacturing industries 

going into financial distress get less trade credit on purchases from suppliers than firms in 

non-manufacturing industries.  Notice also that in the pooled OLS model we can see that 

firms in manufacturing industries use substantially less trade credit than non-

manufacturing ones during normal times.  No significant effect is found for the case of 

manufacturing firms in financial distress. 

These results provide some support to the implications of the theory by Frank and 

Maksimovic (1998).  It could be argued that firms in the non-manufacturing industries 

receive more trade credit from suppliers because they do not transform the goods and 

                                                 
31 I exclude firms in the Retail Industry from the sample since they hold the goods in their inventories for a 
very short period of time.  Including them do not produce a significant change in the results. 
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therefore these are available for the suppliers to repossess if necessary.  We need to be 

very careful with this interpretation; it represents preliminary evidence, the proxy is 

somehow weak and noisy, and definitively more robustness is needed in order to be 

confident with this result. 

In order to see if there is evidence of substitution in the case of manufacturing 

firms, I use TRCA, TRCE and TCFD as the dependent variables.  I estimate equation (2) 

and the results are presented in Table 2.6 Panel B. 

The results of the fixed effects model show no evidence that trade credit 

substitutes other forms of financing for manufacturing firms; the coefficients for the 

interaction term between MANUF and FINDIST_LAG are non significant in the case of 

TRCA and TRCE and negative in the case TCFD, suggesting that when a manufacturing 

firm goes into financial distress financial debt shows an increase relative to trade credit 

(compared to non manufacturing firms).  Notice that these results differ in the case of the 

pooled OLS model. 

 

2.4.2.4 The Asymmetry in the Cost of Assessing the Creditworthiness of the Buyer 

One of the most frequently cited theories of trade credit is the one that relies on 

the asymmetry in the cost of acquiring information about the buyer’s creditworthiness as 

an incentive for the suppliers to finance firms with lower access to financial credit [see 

Biais and Gollier (1997)].  It is not easy to find a proxy for the asymmetry of the cost in 

assessing the firms’ creditworthiness; there is not an immediate variable that allow us to 

separate firms by their “easiness to assess”.  A first approach in this direction is to 

assume that smaller firms’ creditworthiness is more difficult to assess; they are likely to 

be younger, less likely to be followed by a large number of analysts and their stock less 

liquid in the trading floor, among other explanations.  The results already presented in 
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Table 2.4 provide some support to the theory of asymmetry in the cost of evaluation; 

smaller firms use more trade credit during normal times and when in financial distress.  

Unfortunately, even if this result provide some evidence that supports the “cost 

asymmetry” theory of trade credit, it is impossible to disentangle the effects of the 

asymmetry in the cost of evaluating the firms’ creditworthiness from those of the power 

in the credit relation discussed in the previous sub-section.  We cannot know if the results 

are driven by the power that large firms have in order to get more bank financing or by 

the suppliers’ advantage with respect to financial institutions in learning about the smaller 

firms. 

Other approaches to assess the asymmetry in the cost of evaluating the firms 

include the level of the R&D Expenses and the level of Selling and General Expenses 

(SGA).  In the case of R&D expenses, the intuition is that firms with higher level of R&D 

have a higher uncertainty in their future stream of cash flows, since this is linked to the 

percentage of success of their research and development projects.  Similarly, firms with 

larger SGA expenses are assumed to sell “more unique” products;32 the intuition in this 

argument is that firms that need to exert higher sales effort in order to convince their 

potential clients to buy their products have a product that is more difficult to understand, 

generating a higher asymmetry in the cost of assessing their creditworthiness.33 

Using R&D, however, comes not without a cost; R&D expenses are missing or 

zero for a large portion of the sample.34  This presents a potential problem since we lose 

a large part of the sample and the distribution does not allow partitioning the data as we 
                                                 
32 Titman and Wessels (1988) uses SGA as a proxy for uniqueness of the products.  Moreover, the pair 
wise correlation between RDTOS and SGATOS is 0.7952 with a p-value 0.0000 and SGATOS offers the 
advantage of lot less missing values (16,418 missing values in the case of SGATOS versus 58,497 in the 
case of RDTOS).   
33 A counterargument to the use of this proxy could be that firms in competitive industries fight fiercely for 
the market share, spending heavily on selling and advertising their products, irrespectively of the 
complexity of their products. 
34 58,497 observations show a missing value; 12,810 observations are zero, and 50,272 a positive value. 
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did in some of the previous tables.  In order to study the effect on the level of R&D in the 

suppliers’ support to firms in financial distress I use the level of R&D Expenses to Sales 

(RDTOS) at the pre-financial distress period in the estimation of equation (2).  

PRE_RDTOS enters in the regression alone and interacted with FINDIST_LAG.  

Following Kayan and Titman (2003) I include a dummy variable (RDDUM) that 

identifies firms that report R&D expenses equal to zero.  Finding a positive sign in the 

interaction term would be consistent with the theory that suggests that firms whose 

creditworthiness is more costly to assess for financial creditors use higher levels of trade 

credit.  Additionally I scale selling and general expenses by sales at the pre-financial 

distress period and generate PRE_HIGHSGA - which identifies firms whose level of 

SGATOS is higher than the median of their industry in a given year - which enters alone 

and interacted with FINDIST_LAG in the estimation of equation (2). 

The results are presented in Table 2.7 Panel A.  We see that the coefficient in the 

interaction term is insignificant in most of the models; only the pooled OLS model for 

SGA suggests that distressed firms with high SGA use 6.6 more days of trade credit than 

the firms in the lower SGA group. 

Using the TRCA, TRCE and TCFD I now study the eventual existence of a 

substitution effect between trade credit and other sources of financing.  As usual I use the 

alternative dependent variables in the estimation of Equation (2).  The results for R&D 

are shown in Table 2.7 Panel B and those for SGA in Table 2.7 Panel C.  In both cases 

we can see that in the fixed effects model we find evidence of substitution in the total 

capital structure – i.e. the coefficient is positive and significant in the case of TRCA – no 

substitution with equity, and substitution in the case of financial debt.35  The results of the 

pooled OLS model are quite consistent with the ones of the fixed effects.  In other words, 
                                                 
35 The main difference between both is that in the case of SGA the coefficient of the interaction term in the 
case of TRCE fails to be significant (t-stat of 1.62). 
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in firms that are more difficult to evaluate, trade credit substitutes other forms of 

financing, but this effect is driven by a substitution of financial debt, and not of 

substitution of equity as happened in all the other cases throughout the paper.  The 

interesting implication of this result is that shareholders seem to be more likely to 

capitalize financially distressed firms if these are more difficult to evaluate by financial 

creditors – as suggested by the negative coefficient of the interaction term when TRCE is 

the dependent variable. 

 

2.4.3 - Some Robustness Checks 

In this section I perform some robustness checks on the main results obtained in 

the paper. 

 

2.4.3.1 Assessing the importance of the time period 

The graphs in Figures 1 and 2 show that the 80’s and the 90’s had different 

patterns of corporate growth and the percentage of firms in financial distress changes 

substantially.  The 90’s, especially the second half, were characterized by a steady 

increase of the growth rates of assets and sales, while the 80’s showed a higher volatility 

in those growth rates.  Moreover, we notice a steady increase in the percentage of firms in 

financial distress during the 90’s.  These patterns can potentially explain the significant 

change in the behavior of TRCA and TCCGS that we see in Figure 2.2.  An additional 

difference is the higher level of the rate of inflation in the beginning of the eighties and 

its consequent strict monetary policy.  One may wonder if these macroeconomic 

differences can influence the impact of financial distress on trade credit, especially after 

Meltzer (1960) showed that under a stricter monetary policy trade credit increases in the 
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economy.  To address this point I re-run the model partitioning the sample into two sub-

samples, the first one covers the period from 1980 to 1990, while the second one covers 

the period from 1991 to 2000.  The results of this estimation are shown in Table 2.8 Panel 

A.  As we can see, the results are very similar in both sub-samples both qualitatively and 

quantitatively; firms in financial distress receive support from suppliers both in the 80’s 

and in the 90’s. 

A further analysis on this matter is provided by running the pooled OLS model on 

each individual year of the sample.  The results, not reported in the paper but available 

upon request, suggest that the supplier’s support to firms in financial distress was not a 

matter of a single period of time but was steady and present throughout the sample 

period.  Every single year of the sample show a positive coefficient (significant at the 1% 

level) on the FINDIST_LAG variable when TCCGS is the dependent variable in the 

model.  Furthermore, the minimum value in the coefficient is reported in year 1988 (7.5 

days of increase of trade payables from firms in financial distress), while the largest is 

reported in year 2000 (23.5 days of increase of trade payables from firms in financial 

distress); the lowest coefficient is reported in the year after the 1987 stock market crash, 

and have been increasing monotonically throughout the economic recovery of the 

nineties showing a maximum at the peak of the economic growth in year 2000. 

 

The bankruptcy Law in the US tends to preserve the estate.  This characteristic 

was further strengthened after the 1978 Bankruptcy Law Reform.  Since the suppliers’ 

protection in the event of bankruptcy of the buyer is suspected to be an important factor 

in their support to their distressed clients, it seems natural to test its effects in the context 

of this research.  In order to address this concern I downloaded data from COMPUSTAT 

for the period 1965-1978 (i.e. pre-reform data), built the basic variables used in the base 
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specification and re-run the model estimating Equation (1).36  The results are presented 

in Table 2.8 Panel B; we can notice that the coefficients on the fixed effects model 

indicate that the effect of financial distress on trade credit was smaller in the pre-1978 

period than in the period under study in the paper.  This difference in the coefficients 

should be, however, interpreted with caution; it could be attributed to different business 

conditions in the economy or to a lower support to financially distressed firms from their 

suppliers due to a different legal system.  To disentangle this possible dual interpretation 

of the pre-reform results is far outside the scope of this paper, and I leave the topic open 

for future research.  

 

2.4.3.1 Changing the Definition of Financial Distress 

It is reasonable to ask whether the results hold under a different definition of 

financial distress.  The definition of financial distress used in this paper may raise some 

concerns given that is only obtained using accounting data.  In order to check the 

robustness of the basic results of the paper I use two alternative definitions of financial 

distress which I briefly discuss below. 

In the first measure I just acknowledge the fact that the coverage ratio may fail to 

reach the threshold because of excessive leverage or poor operating income, and build a 

variable called FDLEV that is 1 if the firm is in financial distress and its leverage is in the 

top quartile of its industry for a given year.  Firms with FDLEV = 1 are in financial 

distress more likely because of excessive leverage and not because of poor operating 

performance.  In other words, this variable is more likely to capture financial distress as 

                                                 
36 The only differences in this specification is that I did not reclassify the industries under Fama-French 48 
Industries classification, so I relied on Compustat’s DNUM industry classification – I use them as a vector 
of dummies in the Pooled OLS specification. 
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opposed to economic distress.  The potential problem in this specification is that firms in 

economic distress are left in the reference group. 

Additionally, I build a dummy variable called DEFAULT that is 1 if the firm is 

categorized as “in default” under the rating measures of Standard & Poor’s (S&P) Short 

and Long Term Debt, and 0 otherwise.  DEFAULT has a low correlation with FINDIST 

(ρ=.3582 with a p-value of 0.0000), this correlation increases substantially with 

FINDIST_LAG (ρ=.4869 with a p-value of 0.0000).  This seems to suggest that firms 

that do not generate a coverage ratio equal to 1, (the definition of FINDIST is based on 

coverage ratio) are not immediately considered in default; they can still get funds form 

other sources in order to pay their interest expenses, however, this does not preclude them 

to be in financial distress.  It is reassuring that the lagged value of FINDIST has a much 

higher correlation with DEFAULT indicating that firms whose coverage ratio is not 

adequate are likely to default soon.  DEFAULT is a much stricter definition of financial 

distress than FINDIST or even FINDIST_LAG.  Unfortunately the data of the S&P 

rating, needed to build the variable, is missing for most of the observations in the sample; 

DEFAULT shows 81,266 observations with a missing value, 34,276 with a zero, and 

6039 with a 1.  Equation (1) is estimated using FDLEV_LAG and DEFAULT_LAG 

(alternatively) as proxies for financial distress in order to check the robustness of our 

basic results.  Again, the reference group is somehow polluted with distressed firms so 

the results should be taken with care. 

The results presented in Table 2.9 show that firms in financial distress (either 

measure) use more trade credit from suppliers than firms not in default, and are highly 

consistent with the results in Table 2.3 Panel A.  Notice that the economic importance of 

the results is lower than the one obtained in the basic definition.  This is probably due to 

the fact that when firms reach FDLEV or DEFAULT they have probably been already 
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using trade credit to finance their operations for some time, additionally, they are more 

likely to be in Chapter 11 and using debtor-in-possession financing. 

 

2.4.4 The Effect of an Industry Shock on the Highly Levered Firms 

An alternative way of looking at the effect of financial distress on trade credit is 

to follow the methodology proposed by Opler and Titman (1994).  They measure the 

effect of an exogenous industry shock on the highly levered firms.  Following their 

approach I identify those firms whose leverage is on the top quartile of their industry 

each year by measuring the book value of their total financial debt divided by the book 

value of their assets.  Additionally I identify the industries that are in distress because of 

an exogenous shock; an industry is considered in distress if it shows negative sales 

growth and the returns to shareholders are lower than -30%.  Then I generate an 

interaction term that captures firms with high leverage (relative to their industry) in 

distressed industries.  Notice that I measure the firm’s leverage one year before the shock, 

i.e. I am observing a industry-wide shock hitting a firm that was already highly levered 

for exogenous reasons.  I re-estimate equation (1) including a high leverage dummy 

(HIGHLEV), a distress industry dummy (DISTIND), and an interaction term between the 

two (HL_DI). 

The results are presented in Table 2.10 and are consistent with the ones obtained 

throughout the paper.  In column (1) we can see the fixed effects model on the full 

sample.  We can see that highly levered firms use more trade credit (take almost 2 days 

longer to repay their suppliers), firms in distressed industries take almost eight more days 

to repay the suppliers, but highly levered firms in distressed industries take some 9 extra 

days.  The results in the pooled OLS are qualitatively similar and show larger 

coefficients.  The last two columns of the table repeat the test but restricting the sample to 
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the largest and the lowest quartile of leverage.  Notice that the results are consistent to the 

ones obtained using the full sample.  The most notable difference is that the coefficient 

on the interaction term fails to be significant (p-value 0.11) in the fixed effects model, 

and the coefficient on DISTIND is close to zero (both economically and statistically) in 

the pooled OLS model. 

 

 

2.5 – CONCLUSIONS AND IMPLICATIONS 

In this paper I examine the effect of financial distress on the amount of supplier’s 

trade credit.  Using standard panel data techniques on twenty years of US corporate data, 

I find strong evidence suggesting that financially distressed firms use more trade credit 

from suppliers than wealthy firms.  These results are consistent with previous findings in 

the literature; Petersen and Rajan (1997) find that firms with lower access to financial 

credit use more trade credit.  The results also suggest that supplier’s trade credit is used 

as a substitute source of financing when firms enter financial distress. 

I identify several firm and industry characteristics that according to the theories of 

trade credit should explain the cross sectional variations in the level of trade credit of 

firms in financial distress, and use them to understand the response of trade payables to 

financial distress. 

Larger and more dominant firms increase their use of suppliers’ trade credit when 

they are in financial distress, but they increase it relatively less than their smaller/less 

dominant competitors.  I find evidence suggesting that the other sources of financing 

(financial debt and equity) also provide financing when large firms are in financial 

distress, while they do not do the same for smaller firms, who do not get other financial 

support in financial distress.  This finding is consistent with the theories that show that 
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larger and more dominant firms use financial credit instead of, more expensive, trade 

credit.  This result is also consistent with a higher propensity of larger and more dominant 

firms to use debtor-in-possession financing in “Chapter 11”. 

Retailers use less trade credit when they are in financial distress.  This is 

consistent with the predictions of Burkhart and Ellingsen (2002) but can also be 

explained by the fact that more divertible goods constitute better collateral for financial 

creditors. 

Firms whose creditworthiness is more difficult to assess by financial creditors 

than by suppliers seem to receive more trade credit from suppliers when they enter into 

financial distress.  This result is consistent with the theories of trade credit based on the 

asymmetries in the cost of assessing the buyer’s creditworthiness.  More research is still 

needed in order to add robustness to this result. 

Additionally, and using the methodology first proposed by Opler and Titman 

(1994), I find that the more highly levered firms of an industry react by increasing its 

reliance on trade credit when their industry receives an exogenous shock. 

In sum, the results of this paper suggest that firms seem to prefer financial credit 

over trade credit.  Trade credit is mainly used in those situations in which financial credit 

is difficult to obtain.  Researchers have been puzzled by the fact that trade credit was so 

widely used in the economy despite its high cost.  Maybe their observation was mainly 

driven by firms with less access to bank financing.  The results of this paper imply that 

financial credit comes higher in the “pecking order” of financing sources. 37 

The fact that firms in financial distress report problems with suppliers does not 

mean that suppliers are not extending their trade credit terms to help financing financially 

                                                 
37 It is worth mentioning, however, that Biais and Malecot (1996) report a heavy use of trade credit in 
France where the suppliers do not get anything in case of bankruptcy of the debtor.  This suggests that 
would be interesting to study the reaction of suppliers to financial distress in the case of France. 
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distressed firms; it means that firms in financial distress are forced into bankruptcy when 

they do not pay their suppliers on time.  This is perfectly consistent with the results that 

show that suppliers support financially distressed firms (as long as they foresee an 

acceptable probability of survival of the buyer). 

The results in this paper imply the existence of additional costs of financial 

distress that have not yet been considered in the literature; firms in financial distress use 

more trade credit from suppliers, and this have been shown to be more expensive than 

financial credit.  This suggests that the actual costs of financial distress are higher than 

the ones proposed by the literature.  

This paper represents a further step towards a more precise and comprehensive 

determination of the effects of financial distress in the day-to-day decision-making 

process of the firm, and helps us to better understand the costs of financial distress.  More 

generally, is a step forward in understanding the financial distress process in the economy 

as a whole. 
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Chapter 3: The Change in Trade Credit When a Firm Enters Financial 
Distress 

3.1 – INTRODUCTION  

It has recently been reported that firms in financial distress are heavy users of 

trade credit.38  Suppliers, however, have also been mentioned as responsible for forcing 

distressed firms into bankruptcy.39  This can be interpreted as an indication that suppliers 

finance distressed firms in the beginning of the financial distress process but withdraw 

their financial support when their client’s situation worsens beyond some critical point; 

this withdrawal leaves the firm with no alternative for financing their operations forcing 

it to seek bankruptcy protection.  If this interpretation is correct, we should see firms 

increasing their level of trade credit in the early stages of financial distress, and 

subsequently we should see that firms who recover start replacing trade credit with 

financial credit, and firms that fail to recover face withdraw of support from suppliers and 

are forced to file for bankruptcy.40 

                                                 
38 Petersen and Rajan (1997) finds that firms with less access to bank financing use more 
trade credit and Preve (2004) specifically tests the effects of financial distress on trade 
credit finding higher levels of trade payables in financially distressed firms. 
39 See Baxter (1967), Altman (1984) and Andrade and Kaplan (1998).  Moreover the 
business press present several examples as Kimberley Blanton’s article in The Boston 
Globe on Thursday December 4, 1997 (City Edition) who cites: “… the Chapter 11 filing 
in US Bankruptcy Court in Boston by Waltham-based Molten Metal was triggered when 
suppliers refused to extend additional credit to the company, which had already slowed 
payment of its bills.” [Copyright 1997 - Globe Newspaper Company  - The Boston Globe 
- December 4, 1997, Thursday, City Edition] 
40 In order to test the responsibility of the suppliers in the failure of firms in financial 
distress we would need a more detailed dataset with higher frequency observations; when 
the suppliers withdraw their support to suppliers it is very likely that the distressed firm 
need to file for bankruptcy almost immediately due to the unavailability of financing to 
fund the basic operations. 



 50

In this paper I study the change in trade credit as a response to the firm entering in 

financial distress.  More specifically I study a sample of firms from the Compustat 

database that enter financial distress in the period 1980 – 2000; I define a window around 

the event of entering in financial distress, and using standard panel data techniques – 

fixed effects and pooled OLS models – measure trade credit in the window.  Technically 

in this case, we do not have an event with a specific date; rather we observe firms 

showing a decrease in its coverage ratio such that at a certain point it can be characterized 

as a financially distressed firm, and analyze the trade credit behavior around this “event” 

– Section I discusses in greater detail the advantages and disadvantages of the event study 

methodology for analyzing financial distress.  This is the first paper, upon my knowledge, 

in which financial distress is analyzed using an event study methodology. 

The results show a positive change in the levels of trade credit for firms entering 

in financial distress.  This is consistent with the intuition that suppliers finance firms in 

their first year of financial distress.  Interestingly enough, these results are driven by the 

small firms in the sample; large firms do not increase the level of trade credit in the first 

year of financial distress.  This is most probably explained by the fact that larger and 

more dominant firms are more likely to retain the support from financial creditors in their 

first year of financial distress than smaller firms. 

I additionally address the existence of a substitution between trade credit and 

other sources of capital by studying the evolution of trade credit as a part of the firm’s 

capital structure.  The results suggest that when a firm enters financial distress trade 

credit substitutes other sources of capital, mainly shareholder’s equity. 

This paper contributes to the literature by documenting the response of the level 

of supplier’s trade credit to the event of the firm entering in financial distress, and by 

leading to a better understanding of the process of financial distress and its costs.  
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The remainder of the paper is as follow: Section 3.2 discusses the implications of 

treating financial distress in an event-study framework.  Section 3.3 describes the dataset 

and presents the main variables used in this paper.  Section 3.4 discusses the empirical 

strategy, Section 3.5 presents the results and Section 3.6 presents a robustness check of 

the results.  Finally Section 3.7 concludes. 

 

 

3.2 – FINANCIAL DISTRESS AND ITS CHARACTERIZATION AS AN EVENT 

Financial distress is a vague concept; we can only make it more precise at a cost 

of proposing an arbitrary definition, which is what I will do in the next section after 

briefly revising the definitions used in the literature.  An event study requires the 

existence of a well defined event, around which we can build a window and observe the 

behavior of the variable we want to study.  Unfortunately, financial distress cannot be 

defined as a specific event that occurs on a given date therefore it is difficult to build a 

window around it.  The beginning of financial distress is neither the date in which a firm 

enters in default, nor the date in which a firm requires protection for creditors filing for 

bankruptcy.  Financial distress is a process that starts long before; default or filing for 

bankruptcy are just two of a large list of possible outcomes of the process.  Also, it is not 

possible to define the initiation of financial distress as the date in which the firm’s debt is 

downgraded to a certain rating level; this is likely to be the consequence of the firm’s 

impaired capacity to generate a level of cash flow such that they can meet the payments 

to their debt-holders. 

There have been several studies of financial distress, but none of them provided a 

definition of financial distress that allows identifying a specific date of initiation.  Altman 

(1984), Andrade and Kaplan (1998), Gilson (1997), and Denis and Rodgers (2002) use 
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samples of firms that they categorize in financial distress, either because they engaged in 

a leveraged buyout, or because they either subsequently defaulted on their debt, 

renegotiated with the debt holders, or filed for bankruptcy.41  Other studies defined 

financial distress based on selected –mostly accounting– variables.  Among them, Opler 

and Titman (1994) use the leverage of the firms compared to the leverage of the industry; 

DeAngelo and DeAngelo (1990) define a firm in financial distress if it shows three 

consecutive years of losses in a given period of time; and Asquith, Gertner and Sharfstein 

(1991) uses a measure based on the coverage ratio of the firm.42 

This is the first study that looks at financial distress as an event study, and applies 

its methodology to study the effects of the initiation of financial distress in the firm’s 

operations, in this case, in the level of trade credit. 

 

 

3.3 – DATA DESCRIPTION, MAIN VARIABLES AND SUMMARY STATISTICS 

I use a panel of annual data from the Compustat database comprising years 1978 

to 2000.  I only consider those firms that enter financial distress during the period 1980 – 

2000.  This means a significant reduction of the sample.  Table 3.3.1 presents some 

selected summary statistics that characterize my sample and the different alternatives of 

windows around the event.  From the original sample I eliminate all companies that 

reported net sales less than $1 million and those that do not report positive cost of goods 

                                                 
41 Other studies specifically look into a pre-selected firm in financial distress.  As an 
example see DeAngelo DeAngelo and Wruck (2001) who use the case of LA Gear and 
Baldwin and Mason (1983) who analyze the specific case of Massey Ferguson  
42 The literature has devoted some time differentiating between financial distress and 
economic distress mainly as a response to the use of accounting variables that do not 
necessarily separate the samples between the two categories of distress. 
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sold.  As is customary in this type of research, I eliminate all the companies in the 

banking, insurance, real estate, and trading industries.43 

 

3.3.1 - Measuring Financial Distress 

I use a standard definition of financial distress based on the approach used by 

Asquith, Gertner, and Sharfstein (1994) that relies on the coverage ratio of the firm.  

More specifically I define FINDIST as a dummy variable that is equal to 1 if the firm is 

in financial distress and 0 otherwise.  A firm is in financial distress if it has: 

•  (EBITDAt-1 < Interest Payments t-1) and (EBITDA t < Interest Payments t) 

or 

•  (EBITDAt < Interests Payment t * 80%) 

This definition means that in order to be considered in financial distress, a firm 

needs to: either (1) fail to generate enough EBITDA to meet the interest payments for 

two years in a row, or (2) fail to generate enough EBITDA to cover at least 80% of the 

interest payments in a given year. 

 

3.3.2 - Generating the Window around the Event 

I construct a window around the time in which the firm is considered to be 

entering in financial distress.  As discussed above, the event does not have an exact 

specified date.  I use different specifications of window definition to minimize the 

probability of failure in capturing the effect of the event on trade credit.  More 

specifically I use four different specifications of window which are based in a variable 

                                                 
43 The data have been classified using the FF48 industry classification that can be found 
on K. French’s web page at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/.   
The eliminated industries are Industries 44, 45, 46, and 47 in the FF48 classification. 
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called TIMELINE that is 0 in the year in which the firm is categorized in financial 

distress.  Moving backwards from 0 I identify the negative values of TIMELINE that 

reflect the years of the pre-financial distress, and moving forward, as long as the firms 

stays in financial distress, I generate the positive values of TIMELINE that identify the 

years that a firm has been in financial distress up to that moment. 

The WINDOW01 uses the year in which the firm enters into financial distress as 

the first year in financial distress and the previous one as the pre-financial distress year 

(i.e. TIMELINE=0 AND TIMELINE=-1).  This specification however, has a problem; 

the fact that the firm is categorized as in financial distress in a given year does not 

necessarily imply that suppliers increase their support in that year.  Multiple factors could 

be causing this potential absence of increase in the level of trade credit; It could be that 

the firm’s problems only appeared in the last part of the fiscal year so they did not have 

enough time to be reflected on the financing side of the firm at the time the balance 

sheets are prepared.  It can also be the case that the firm is not in a seasonal expansionary 

phase of its working capital; this would cause the heavier use of trade credit to start in the 

next seasonal peak (i.e. in the following fiscal year).  In order to overcome this potential 

problem I generate a different specification defined as WINDOW1 that uses the first year 

of the post financial distress and the year previous to the firm entering in financial 

distress (i.e. TIMELINE=1 and TIMELINE=-1).44 

Additionally, previous research implies that firms start using a higher level of 

financial distress also in the years previous to entering into financial distress.45  In order 

to overcome this problem, in the two specifications presented above I extend the pre-

financial distress period (i.e. I use both TIMELINE=-1 and TIMELINE =-2 as the pre-

                                                 
44 Notice that this specification skips the year in which TIMELINE=0. 
45 See Preve (2004).  This would cause the year before the entrance in financial distress to 
have a high level of trade credit as well.  
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financial distress measure) building the specifications WINDOW02 and WINDOW2.  I 

use these four definitions of window in the first part of the analysis presented below.  

 

3.3.3 - Measuring Trade Credit 

I scale trade credit on the amount of cost of goods sold and generate the variable 

TCCGS defined as: 

 

TCCGS = Trade Payables / Cost of Goods Sold 

 

Additionally, and in order to obtain a measure of the substitution of trade credit 

and other forms of financing, I scale trade payables on Total Assets, Shareholders’ 

Equity, and Financial Debt, defining: 

 

TRCA = Trade Payables / Total Assets 

TRCE = Trade Payables / Shareholders’ Equity 

TCFD = Trade Payables / Financial Debt 

 

These variables provide different information on trade credit.  TCCGS describes 

the trade credit related with the commercial transaction that has generated it; the purchase 

from suppliers.  Since we do not observe the data on purchases, and following the 

literature, we rely on cost of goods sold as proxy.  The rest of the measures on trade 

credit are aimed to address the existence of a substitution between trade credit and other 

forms of credit in the firm’s capital structure.  TRCA measures the percentage of the 

company’s assets that are financed by suppliers’ credit.  If trade credit increases in the 

capital structure it has to be the case that some other source of capital decreased its 
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relative importance.  In order to disentangle between the other sources of capital I use 

TRCE and TCFD in which I specifically consider each of the substitutions. 

Notice that when firms enter financial distress they generally lose sales (Altman 

(1984) and Opler and Titman (1994)) and disinvest (Asquith, Gertner and Scharfstein 

(1994), Brown, James and Mooradian (994) and Pulvino (1998)).  This decrease in assets 

and sales is not necessarily proportional and this difference turns out to be important 

since the scaling factors in both variables have different behaviors when the firms enter 

into financial distress.  The graphs shown in Figure 3.1 show that the rate of growth of 

assets decrease sharply in the year in which the firm is classified in financial distress and 

the following year, while the growth rate of sales shows a decrease in the year in which 

the firm is classified as in financial distress but immediately increases in the following 

year.  In other words, the level of TRCA is more likely to increase mechanically when the 

firm enters financial distress since the numerator (generated by the purchases that are 

highly correlated with the sales) decreases at a lower pace than the denominator.  The 

graphs presented in Figure 3.2 show that both TCCGS and TRCA increase on average 

when firms enter financial distress.  

 

 

3.4 – METHODOLOGY 

In order to evaluate the response of the level of trade credit to the initiation of the 

financial distress process I proceed with two distinct analyses.  I initially perform a 

simple analysis of variance – ANOVA – comparing the level of trade credit in the pre-

financial distress and the first year in financial distress using the four window 

specifications described above.  This methodology allows me to observe a very simple 

univariate effect of the event of entering into financial distress on the level of trade credit, 
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but only measures the average level of trade credit of firms in each of the two categories.  

In other words it does not allow me to “follow” a firm from the pre-financial distress 

period to the financial distress period, and does not include control variables in the 

model. 

In order to perform a more suitable analysis of the data I use a simple panel 

regression analysis using both a pooled OLS and fixed effects models.  By using the 

pooled OLS specification I introduce a set of controls in the model, and measure the 

average effect of trade credit before and after the firms entering into financial distress.  In 

the fixed effects model, by introducing a dummy variable for each firm, I can observe the 

differences in the levels of trade credit between the pre-financial distress and the financial 

distress periods for each firm.  I estimate equation (1) described below on the four 

alternative windows defined above: 

  
(1)                                                                               1 itititiit XFINDISTTC εψβγ +++=

  

Where TCit is a measure of level of trade credit, FINDIST is a dummy variable 

that is 1 if the firm is in financial distress and zero otherwise (as defined in Section II), 

and X, a matrix of control variables.  γ, is a vector of firm dummy variables in the Fixed 

Effects model and a vector of industry dummies in the case of the Pooled OLS model.  In 

the case of a Pooled OLS model a clustering procedure on firms is performed.46   

Given that the model is run on the sub-sample defined by each of the window 

alternatives, the sign of the coefficient β1 will show the effect of the firm entering in 

financial distress on the dependent variable.  Notice that given the proposed windows 

                                                 
46 The clustering procedure allows for an unspecified correlation between the errors of 
the same firm entering more than once in the regression.  See Sribney (2001) for a 
description of the clustering procedure. 
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specification, the reference group is composed by the observations of the same firms in 

their pre-financial distress year. 

 

 

3.5 – THE RESULTS 

3.5.1 - Trade Credit in the First Year of Financial Distress 

The results of the ANOVA are grouped in four panels, A through D, and 

presented in Table 3.3.2; each panel shows the results of each different dependent 

variable, and within each panel, each column uses different window specifications.  Panel 

A measures the overall effect of the event of entering in financial distress on the level of 

trade payables from suppliers.  Notice that, on average, firms use more trade credit from 

suppliers in their first year of financial distress, compared with the pre-financial distress 

period.  This difference is significant at the 1% level in all the alternative windows used 

in this research, and the economic importance of the change in trade credit is large 

(around 13 days of increase).  The results in Panel B show the relative importance of 

trade payables as a part of the firm’s capital structure.  Trade payables increase as a 

percentage of total assets when the firm enters financial distress, and this increase is 

significant at least at the 5% level in all the window alternatives used in the paper.  This 

suggests that when firms enter financial distress there is a substitution effect between 

trade payables and other sources of capital as suggested in previous literature.   

In order to learn more on the substitution effect that we observe in Panel B I now 

present the results obtained using TRCE and TCFD as the dependent variable in the 

ANOVA.  Panel C shows evidence of substitution between trade credit and shareholders’ 

equity; moreover this substitution is very large, (the coefficient triples in all the window 
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alternatives), and always positive and significant at the 1% level in all the alternative 

windows used in the paper.  This result is likely to be almost mechanical.  When firms 

enter financial distress they experience losses that decrease the book value of the 

shareholder’s equity.  The most important implication of this result is that the decrease in 

shareholders’ equity is not compensated by shareholders’ recapitalizations in the first 

year of financial distress.  Panel D show the results of measuring the substitution effect 

between trade payables and financial debt.  The substitution between trade credit and 

financial debt is positive in all the windows but fails to be significant in the Window 01 

specification probably reflecting the noise generated by that particular specification 

(which is, by definition, the noisiest one).  The results of the ANOVA suggest an, overall, 

support to our initial hypothesis; firms entering in financial distress increase their level of 

trade payables.  There is also evidence that supports the hypothesis that this additional 

trade credit is substituting other, more traditional, sources of financing.  

These results do not allow for control variables in the model, and can be affected 

by the difference in the sample composition from the pre-financial distress period to the 

financial distress period.  Also, and as discussed above, they are not the result of 

following a given firm through its change in the financial distress process; rather they 

reflect the average levels of trade credit under the two possible states of financial distress 

(i.e. either a firm is in financial distress or it is not).  The regression analysis presented in 

the next tables allows us to overcome these two problems. 

 

The results of the basic regressions are presented in the four panels of Table 3.3.  

Panel A shows the results obtained using TCCGS as the dependent variable, while in 

Panels B, C and D TRCA, TRCE and TCFD are used as the dependent variables.  Panel 

A shows the effect of entering in financial distress on the level of trade credit, while 
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Panels B, C and D address the substitution between trade credit and other sources of 

capital around the event of entering in financial distress.  I use the four window 

alternatives defined above and both a pooled OLS and fixed effects model for every 

dependent variable. 

In full consistency with the ANOVA presented above, the pooled OLS models in 

Table 3.3 panel A show that firms use a larger amount of trade credit in their first year of 

financial distress, implying that the results were not significantly affected by the 

inclusion of control variables and industry dummies.47  Interestingly, the coefficients on 

FINDIST are smaller in the case of the fixed effects model, and they become statistically 

indistinguishable from zero in the cases of WINDOW01 and WINDOW02.  In the fixed 

effects, by measuring the effect on each firm individually, I am getting all the noise 

generated by the fact that I cannot control for when the financial distress process really 

started with respect to the fiscal year end and most importantly when it really affected the 

firm.  This means that even if in the year in which TIMELINE=0, on average, we observe 

a higher level of trade credit than year -1, it is not necessarily true that the average 

difference between that year and the previous one is positive in the sample (i.e. as 

measured in the fixed effects model).  This conjecture is supported by the fact that when 

using WINDOW1 and WINDOW2, (i.e. not considering the “noisy” year of 

TIMELINE=0) the results of the pooled OLS and fixed effects are similar.  The smaller, 

but still positive and significant, coefficients in the fixed effects model imply that some 

of the variation of the dependent variable is explained by firm-specific characteristics and 

not by the event of entering in financial distress and that the real effect of the event is 

smaller, but still significant.  

                                                 
47 By construction both the pooled OLS and the ANOVA use the sample mean in each 
category. 
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In Panel B (where I use TRCA as the dependent variable) all the results are 

positive and highly significant.  This result confirms the existence of a substitution effect 

between trade credit and other sources of financing when the firm enters financial 

distress.  The results in Panel C show that there is a significant substitution between trade 

credit and shareholder’s equity when firms enter financial distress.  The coefficients on 

FINDIST are positive and significant in every window and model.  The results in Panel D 

show that the substitution between trade credit and financial credit is weaker in this 

specification of the model.  We find substitution in the pooled OLS models, but the 

statistical significance is low (usually close to 10%).  In the fixed effects models only the 

Window2 specification provides some evidence of substitution between trade credit and 

financial credit.  The next sections provide a different specification that explains the lack 

of significance in this panel. 

 

3.5.2 - The Effect of Size 

Larger and more dominant firms are assumed to have more efficient and reliable 

management and corporate governance, better relations with the financial markets, to 

generate more fluent and reliable information, to be more liquid in the stock markets and 

ultimately to have a better and easier access to financial credit.  If these assumptions are 

reasonable we should observe different patterns in trade credit when large and small 

firms enter financial distress.  Larger firms should be able to attract bank financing even 

when their financial situation is compromised.  Additionally when they file for Chapter 

11 they are more likely to get debtor-in-possession financing (DIP financing) than their 

smaller competitors.  The DIP financing is mainly used in order to finance working 

capital needs so it is a good substitute for trade credit financing.  The results in Preve 

(2004) confirm this intuition; size is found to be an important determinant of the use of 
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trade credit by firms in financial distress.  More specifically, larger and more dominant 

firms are more likely to continue using cheaper financial credit, even when they are in 

financial distress, than smaller firms.  We can therefore conjecture that large firms will 

show a lower increase in the use of trade credit when entering in financial distress than 

smaller firms. 

I use a dummy variable called LARGE_S to split the sample into small and large 

firms.  LARGE_S is 1 if the firm’s level of sales is higher or equal to the median of the 

industry in a given year, and zero otherwise.  Please note that LARGE_S is computed on 

the whole sample of firms from Compustat for the period under analysis, (i.e. not only on 

those firms that enter financial distress).  I estimate equation (1) on the two sub-samples 

of “large” and “small” firms using the windows presented above; if large firms behave 

differently, then we should see that firms in the “large” sample increase its use of trade 

credit to a lesser extent than firms in the “small” sub-sample when entering into financial 

distress. 

The results are presented in Table 3.4.  In the interest of saving space I present a 

single table containing the coefficients for the FINDIST variable obtained using the fixed 

effects model for small and large firms in all the different windows specifications.  As 

usual, Panel A shows the results using TCCGS as the dependent variable and Panels B, C 

and D present the results when TRCA, TRCE and TCFD are the dependent variables.   

In Panel A we see that firms in the “large” sub-sample do not use more trade 

credit when entering in financial distress.  Interestingly enough we see that the negative 

coefficients in the FINDIST variable becomes significant in Window2 suggesting that 

large firms even use some less trade credit in their first year of financial distress.  This 

negative coefficient is also present when we use the Windows 01 and 02 specifications.  

Small firms, on the other hand, show a positive and significant coefficient on FINDIST in 
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the case of Window 1 and Window 2 and a coefficient non-distinguishable from zero in 

the Windows 01 and 02 specifications.  Overall we observe that the in the event of 

entering in financial distress small rely on trade credit to a larger extent than large firms 

do. 

The results in Panel B, using TRCA as the dependent variable, show that there is 

a substitution effect in both, large and small firms.  The coefficient on FINDIST is 

always positive and significant in both groups of firms, but it is interesting to note that in 

the case of “small” firms it is always significantly larger, around double the size for the 

one for “large” firms, suggesting that large firms produce a smaller substitution than 

smaller firms.  These results are consistent with those reported in Panel A. 

In Panel C, where we inspect the substitution effect between trade credit and 

equity, we see that there is evidence of substitution in both, large and small firms.  The 

results in Window 1 and Window 2 suggest a larger effect for Small firms, but this 

difference vanishes when we use Window 01 and Window 02, which are noisier. 

The results in Panel D do not show very interesting results; Most of the 

coefficients are insignificant, with the exception of a negative coefficient that is 

marginally significant for large firms in Window 2.  

Using a pooled OLS model we obtain results that are consistent with the ones 

reported in the paper, obtained using a fixed effects model. 

 

 

3.6 – ROBUSTNESS CHECK 

The results of this paper have been obtained using annual data.  Usually event 

studies are more precise using higher frequency data.  In this case however, and given the 

impossibility of calculating a certain date for firms entering in financial distress, it is not 
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clear if using higher frequency (quarterly) data will improve the analysis or just add 

noise.  The main problem is that since I am not able to establish a certain date in which 

the firm enters financial distress, using quarterly data to measure the rest of the variables 

may not significantly improve the results.  An alternative would be to try building a 

quarterly measure of financial distress, but unfortunately this is not possible because the 

data used to estimate financial distress, ebitda and interest expenses, is not consistently 

available on a quarterly basis and therefore the number of missing values is almost as 

high as the number of observations in the sample.48   Additionally, seasonality problems 

may turn a quarterly measure of financial distress into a not reliable measure; a firm in 

financial distress can still generate enough EBITDA to cover its interest expenses in a 

given quarter.  

Considering the words of caution mentioned above, and in order to provide an 

additional robustness check for the results, I re-estimate Equation (1) using FINDIST 

from the annual data and quarterly data for all the rest of the variables.  Notice that I use 

the same window specification as in the previous section.  The results are presented in 

Table 3.5 and discussed below.  Notice that using trade credit scaled on cost of goods 

sold, FINDIST has a positive and significant coefficient in both models in all the window 

specifications.  Notice the results obtained using quarterly data are consistent with those 

obtained using the yearly data.  The measurement of the substitution effect using 

quarterly measures of trade credit is not feasible; trade credit is generated by sales that 

are inherently affected by seasonality, we cannot therefore scale it by variables not 

affected by seasonality as assets, equity or financial debt.  

 

                                                 
48 Two consecutive years of coverage ratio below 1 means eight consecutive quarters of 
coverage ratio below 1 and most of the firms do not have eight consecutive quarters 
without a missing value in the relevant variables. 
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3.7 – CONCLUSIONS 

In this paper I study the level of trade credit from suppliers for firms in their first 

year of financial distress.  I use standard panel data techniques in an event-study 

framework on a large panel of firms from Compustat that entered in financial distress in 

the 21-year period between 1980 and 2000.  More specifically I build windows around 

the event of “entering in financial distress” and observe the behavior of trade credit inside 

the window under analysis. 

I find that even in their first year of financial distress, firms increase their use of 

trade credit from suppliers.  Interestingly, this result seems to be mainly driven by the 

small firms in the sample.  Consistent with previous results reported in the literature, I 

find that large firms do not increase the use of trade credit in the first year of financial 

distress, whereas small firms significantly increase it in the first year of financial distress.  

This result suggest that large firms are still able to get financial credit in the beginning of 

their distress process, while smaller firms need to use the suppliers’ credit as soon as they 

enter financial distress.  This result is consistent with the intuition that large firms are 

likely to have better management and better corporate governance practices.  They are 

also likely to generate more reliable information and have better relations with the 

financial sector that allows them to get better financing alternatives even in their first year 

of financial distress.  Using quarterly data do not alter the basic results obtained in this 

study. 

I additionally study the substitution between trade credit and other sources of 

financing (i.e. shareholder’s equity and financial debt).  My results show an overall 

increase in trade credit as a portion of the firm’s capital structure suggesting the existence 

of a substitution between trade credit and sources of capital.  This effect is mainly driven 
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by the substitution between trade credit and equity, while there is not a noticeable effect 

between trade credit and financial debt (at least in the first year after the event). 

This paper represents an important contribution to the financial distress literature 

since it helps understanding the dynamics of the supplier’s support for firms that are in a 

financial distress process.  Additionally it confirms previous results that reported a 

substitution effects between financial credit and trade credit when the former is 

unavailable. 

A logical follow-up for this line of research is the study of the moment in which 

financially distressed firms cease to be a good prospect for their suppliers and observe 

their behavior at that moment.  Unfortunately, to study that portion of the financial 

distress process we need a very detailed - higher frequency dataset - not available at the 

moment. 

Additionally, this paper leaves an interesting open question for future research; 

does the support given by suppliers increase the probability of success of the distressed 

firm?  If we observe that the probability of survival of firms in financial distress is 

positively correlated with their level of trade credit from suppliers, there might be an 

interesting policy implication to be drawn from this line of research. 
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Chapter 4: Hunting for Market Share or Begging for Cash? Trade 
Receivables Policy of Distressed Firms (coauthored with Carlos A. 

Molina) 

4.1 – INTRODUCTION  

Trade receivables are an important part of firms’ assets.  In 1986, 21% of the total 

assets of US manufacturing firms were invested in financing clients (Mian and Smith 

(1992)). When firms have financial problems the relation with their clients plays an 

important role in the determination of the costs of financial distress.49  The literature has 

not studied, however, the behavior of trade receivables for firms in financial distress.   

Trade Receivables, the inter-firm credit that arises in a commercial transaction, reflects 

the trade-off between the firm’s willingness to gain sales by financing their clients’ 

purchases and the firm’s need for cash (Deloof (2003)).  In this paper we study the trade 

receivables policy of firms in financial distress.   

Petersen and Rajan (1997) find that firms whose sales drop and firms with 

negative earnings increase trade receivables to clients.  They hypothesize that this 

increase could be due to a voluntary attempt to gain market share and sales. Another 

alternative explanation they consider is that this could be due to an unwanted increase in 

receivables given by the lack of power of troubled firms to enforce the timely collection 

of receivables, which if true, can be considered as a cost of financial distress.  The 

intuition that firms in trouble try to buy market share by extending additional financing to 

their clients seems appealing, but it can be very costly, especially for distressed firms 
                                                 
49 Titman (1984) discusses the importance of the relations with clients in the capital structure 
decision, and Altman (1984) and Opler and Titman (1994) specifically quantify the costs of 
financial distress caused by the relation with clients. In addition, Andrade and Kaplan (1998) 
report that 8 out of their sample of 31 distressed firms reported some type of problem with their 
clients. 
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whose access to financial credit is severely curtailed.  Consistent with this intuition, Mian 

and Smith (1992) find that firms with lower bond ratings increase the use of factoring to 

manage their accounts receivables.  This result implies that firms are willing to pay a fee 

to collect their receivables faster when their rating’s quality decrease, which suggests that 

as the alternative cost of financing increase firms are willing to decrease their level of 

trade receivables in order to collect their cash faster.  Along the same line, it is well 

known that firms in financial distress show a tendency to under-invest and financing 

clients via trade receivables can be seen as a (short term) investment to obtain market 

share.50  We hypothesize that firms decrease their level of trade receivables when they are 

in financial distress, but it is possible that they increase the level of trade receivables in 

order to buy market share when they start having profitability problems. 

Understanding the trade receivables policy of troubled firms can help to explain 

some of the costs of financial distress documented by Altman (1984) and Opler and 

Titman (1994), who find a significant negative effect of financial distress on sales and 

market share.  The decrease in trade receivables that firms in distress experience can be 

seen as an underinvestment problem contributing to future sales drops and counting 

toward the costs of financial distress. 

We proceed as follows.  We analyze the behavior of firms’ trade receivables when 

they enter financial distress, considering different measures of financial distress. In 

addition, we study the firms’ trade receivables in pre-distress situations, when the firm 

faces profitability problems, in the form of losses and sales drops, and when the firm is 

still one, two, or three years away from entering distress.  We test the hypothesis that 

firms decrease their trade receivables in an attempt to get cash when they are in financial 

                                                 
50 The underinvestment problem was originally described by Myers (1977). This problem arises 
when a firms’ existing debt load causes it to pass up profitable investments because borrowing is 
too costly or impossible. 
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distress, but increase their trade receivables in an attempt to buy market share before 

entering into distress, when they have profitability problems and not cash flow problems. 

Our analysis produces a number of findings.  First, we find that when firms enter 

financial distress they give less trade receivables to their clients.51 This effect is stronger 

for firms in concentrated industries and is not significant for firms in less concentrated 

ones.  Second, firms tend to increase the use of trade receivables when they start facing 

losses in a pre-distress situation, and again, this effect is stronger for firms in 

concentrated industries and is not significant for firms in competitive or less concentrated 

industries.  Third, firms that are one, two, and three years away from entering financial 

distress tend to significantly increase the level of trade receivables in their balance sheets.   

Overall our results support the hypothesis that firms try to buy market share when 

they face profitability problems, but cut their trade receivables in an attempt to get cash 

when they have cash flow problems in financial distress.  The different behavior of firms 

in concentrated and competitive industries support the intuition that only firms that can 

exert market power are able to buy market share by increasing the trade receivables and 

to reduce the terms of trade receivables to get cash without paying a large penalty in 

terms of sales. Firms in competitive industries will find it difficult to reduce trade 

receivables when entering financial distress because their clients will not have incentives 

to maintain their reputation and will make the bill collection costly.  

It could be argued that firms in financial distress are not reducing the level of their 

trade receivables; they may be simply selling their receivables to factoring companies.  

However, the fact that the result is stronger in concentrated industries, where firms are 

likely to be more dominant, supports our interpretation. Dominant firms, who can 

decrease their level of receivables without facing large losses in terms of sales, 
                                                 
51 As it will become clearer in section 4.3, our definition of financial distress implies firms with cash flow 
problems. 
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effectively do so.52  An alternative behavior that is consistent with our results in the pre-

financial distress period is that firms lose their ability to enforce their receivables from 

clients when they lose sales, start experiencing losses, and approach financial distress.  

This would produce an increase in trade receivables (which is exactly what we find in the 

pre-distress period), but if this inability to collect the receivables is driving our results, we 

should find firms entering financial distress, with an even lower enforcing ability, to have 

a higher level of trade receivables, and we find exactly the opposite. 

Even though the literature on trade credit is quite large, only a few papers 

specifically discuss trade receivables.  One of the first studies in this area is Brennan, 

Maksimovic and Zechner (1988) that provides a model in which, even in the presence of 

a perfectly competitive banking industry, it is optimal for firms with market power to 

engage in vendor financing (i.e. trade receivables) when credit customers can be 

differentiated from cash customers.  Mian and Smith (1992) study the cross-sectional 

determinants of account receivables management policy and find that size, concentration, 

and credit standing are important in explaining the use of factoring and accounts 

receivable secured debt. More recently, Petersen and Rajan (1997) study a sample of 

small firms, finding support for the hypothesis that firms in trouble increase their trade 

receivables in an attempt, they hypothesize, to gain market share.  This paper expands on 

the existing trade credit literature by studying the impact of distress on the level of trade 

receivables.  Additionally we make a clear distinction between profitability problems and 

cash flow problems, which helps understanding the trade receivables policy of firms in 

distress.  To the best of our knowledge, this paper constitutes the first attempt to explain 

the firms’ trade receivables management before and after they enter financial distress.  

                                                 
52 The effect of factoring is discussed in Section 3.  See also Smith and Schnuker (1994) for a more 
detailed description of factoring. 
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The paper proceeds as follows. Section 4.2 describes the data sample. Section 4.3 

reports the results for the univariate analysis. Section 4.4 explains the empirical strategy 

and presents the results corresponding to the hypothesis of firms reducing their trade 

receivables when they enter into financial distress. Section 4.5 discusses the importance 

of the industry structure and tests the model on concentrated and competitive industries.  

Section 4.6 proposes an empirical framework and reports the results for the hypothesis 

that firms increase their trade receivables when they experience the first problems and go 

towards financial distress. Finally, Section 4.7 presents the concluding remarks. 

 

 

4.2 – DATA  

We examine a large panel of US corporations from the COMPUSTAT database.  

Our sample is composed of the entire dataset from years 1978 to year 2000. We eliminate 

all companies that reported net sales of less than $1 million and those that do not report 

positive cost of goods sold. As is customary in this type of research, we discard all 

companies in the banking, insurance, real estate, and trading industries.  Additionally, 

and following Petersen and Rajan (1997) we dropped all the firms in the services 

industries.53  The total number of firm-year observations is 82,344.54  
 

                                                 
53 The data have been classified using the FF48 industry classification that can be found on K. 
French’s web page at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/. The eliminated 
industries are industries 7, 11, 33, 44, 45, 46, and 47 in the FF48 classification and SIC codes 
between 6000 and 8999. 
54 The final data sample excludes outliers. The exclusion of these outliers does not affect the 
main results of the study. 
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4.3 – UNIVARIATE ANALYSIS 

The amount of trade credit that the firm grants to its clients is measured by 

TRRSALES; defined as: 

TRRSALES = (Trade Receivables / Net Sales) * 360 

This ratio represents the average number of days that it takes to collect the trade 

receivables form the clients.  This measure has some important implicit assumptions: first 

it assumes that all the sales of the firms are made on credit, and second, it assumes that 

sales and trade receivables are not affected by seasonality.  These may not be good 

assumptions, especially in certain industries; we expect, however, that the inclusion of 

firm and industry dummies in our models alleviate the potential problems produced by 

these assumptions.  Figure 4.1 plots the yearly mean of TRRSALES for all the firms in 

the database from 1978 to 2000.  Notice that the average number of days that US 

corporations finance their clients via trade receivables has grown but with a high 

volatility during these 23 years of data.  The high volatility of this measure calls for 

caution when interpreting results from cross sectional datasets including one year, and 

suggests that studies on this matter should be done on panels of data and long periods of 

time. 

In order to measure financial distress, we follow Asquith, Gertner and Scharfstein 

(1994); a firm is in financial distress if its coverage ratio is less than 1 for two 

consecutive years or if it is less than 0.8 in any given year.  The coverage ratio is defined 

for this purpose as EBITDA / Interest Expenses.  Firms that are classified as in financial 

distress are identified with a dummy variable called FINDIST.  Notice that firms in 

financial distress face cash flow problems, since their cash flow is not sufficient to pay 

their interest expenses. 
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In order to “follow’ firms though their financial distress process we create a 

variable called TIMELINE that takes the value of 0 in the year that a firm enters into 

financial distress, and then adds 1 each time the firm stays in financial distress for an 

additional year.  Additionally, TIMELINE takes negative values for all the years in which 

the firm is not yet in financial distress, measuring the time (in years) until the firms enters 

financial distress.  Therefore TIMELINE allows us to follow in the years before they 

enter financial distress and during the distress process itself. 

Using the framework described above we can see the evolution of TRRSALES 

during the TIMELINE period.  Figure 4.2 shows the evolution of the average value of 

TRRSALES for all firms in a certain value of TIMELINE.  We need to keep in mind that 

different firms enter the TIMELINE in different years and this may affect the level of 

TRRSALES.  Notice that during the negative period of the TIMELINE the level of 

TRRSALES increases significantly, reaching a peak right before the firm enters financial 

distress (TIMELINE=-2), and the level of trade receivables decreases steeply after the 

firm enters financial distress.  In Figure 4.2 we added a vertical line at TIMELINE=0 

when the firms enter financial distress and a horizontal line at TRRSALES=55.66 days 

that is the average of days of trade receivables of all the firms in our sample that are not 

considered in the timeline, i.e. are not in financial distress and will not be during the 

sample time.  The evidence in Figure 4.2 seems to support our hypothesis about the trade 

receivables policy of firms in financial distress.  Given that we saw that TRRSALES is 

volatile in time and that each value of the TIMELINE mixes values from different years, 

we need to take the graphical results with caution; a more formal approach is required to 

test our hypothesis. 
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Table 4.1 presents the Fama and French (1997) 48-industry classification, 

identifies the industries and reports some selected summary statistics for the amount of 

trade receivables used by healthy firms and firms in financial distress. 

The first six columns of Table 4.1 show the number of observations, mean and 

standard deviation of TRRSALES for the healthy firms and for those in financial distress 

for each of the industries of our classification.  Columns [7] and [8] show the sign of a 

simple difference in means [i.e Mean(TRRSALESFD) - Mean(TRRSALESHEALTHY)], the 

p-value of the difference and the statistical significance of the difference.  The table 

shows that out of 44 industries, in 16 industries distressed firms have, on average, more 

TRRSALES than healthy ones, in 10 industries distressed firms have, on average, less 

TRRSALES than healthy ones, and in the remaining industries there sign of the change is 

not significantly different from zero. 

These univariate results present a high number of industries in which firms in 

financial distress use more trade receivables, they also present however, a significant 

number of industries where the contrary occurs, and a large number of industries with no 

significant results.  We now proceed to a more formal analysis to assess our original 

hypothesis that firms increase their use of trade receivables before entering into financial 

distress and reduce it when in financial distress.  The next sections present the empirical 

strategy and discuss the results.   

 

 

4.4 – THE EFFECT OF FINANCIAL DISTRESS ON TRADE RECEIVABLES 

In this section, we analyze the behavior of firms’ trade receivables when they 

enter into financial distress, and test the hypothesis that they decrease their trade 

receivables (possibly in an attempt to get their cash faster). 
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Given that there is not a widely accepted definition of financial distress we 

measure it in different ways.  Our initial approach is to use the definition proposed by 

Asquith, Gertner, and Sharfstein (1994) that was already explained in Section 2.  This 

definition may be criticized because the distress could arise from financial problems, but 

could also arise because of economic conditions, in other words, the firm could fail to 

meet the specified coverage ratio because the interest payments are too high, but also 

because the EBITDA generated by the firm is too low (i.e. poor economic performance 

even if the debt is not excessive).  In order to account for this problem we use a second 

measure of financial distress that takes into account the leverage of the firm relative to its 

industry.55  Specifically, we measure the firm’s leverage and compare it with the industry 

in each year.  Firms whose leverage is in the top two deciles of the industry are identified 

with a dummy variable for highly levered firm.  Then we identify firms in financial 

distress as those firms whose coverage ratio fails to reach 1 for two years in a row (or 0.8 

in a single year) and are highly levered (as defined above).  We identify these financially 

distressed firms using a dummy variable called FDLEV.  This measure of financial 

distress identifies those firms who fail to reach the specified coverage ratio (i.e. coverage 

ratio of 1 two years in a row or 0.8 in any given year) and have a high leverage ratio 

compared to the rest of the industry.  This is a stricter measure of financial distress; we 

are leaving some distressed firms in the reference group just because their distress may be 

economic and not financial.56 

                                                 
55  Following Opler and Titman (1994), we measure leverage as the book value of total debt over book 
value of debt plus book value of equity. The book-value of equity is calculated as Total Assets - Total 
Liabilities - Preferred Stocks + Deferred Taxes + Convertible Debt. Other measures of leverage, including 
one that considers the market value of equity, do not affect the results. 
56 Just as a robustness check we used a definition inspired in DeAngelo and DeAngelo (1990); we define a 
firm in financial distress if it has three consecutive years of losses.  The results of this analysis, not 
presented in this paper but available upon request, are fully consistent both in economic and statistical 
significance with those used in the base case of the paper. 
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We study the effect of financial distress on trade receivables by estimating the 

following equation: 

 

itititiit XFDTRRSALES εγβα +++= −11      (1) 

 

α is a vector of industry dummies in the Pooled OLS models and a vector of firm 

dummies in the fixed-effects models.  FD is one of the measures of financial distress as 

defined above.  Notice that we use the first lag of FD in order to mitigate eventual 

endogeneity problems in the model.57  X is a matrix of control variables. 

We estimate equation [1] using both a pooled OLS and a fixed effects model.  The 

results are presented in Table 4.2.  Panel A shows the results obtained when using 

FINDIST as a measure for financial distress (our base-case), while Panel B shows the 

results obtained when using FDLEV as a measure of financial distress (which we use as a 

robustness check).  The coefficients for the financial distress variables are negative and 

significant in the fixed effects models for both definitions of financial distress.  In the 

pooled OLS, however, we find a lack of significance in the case of FDLEV.  These 

results suggest that firms in financial distress tend to decrease the level of trade 

receivables in their balance sheet, which is consistent with the hypothesis that firms in 

financial distress under invest in an attempt to get cash.  Our findings suggest that the 

decrease in trade receivables ranges around 2 days of net sales. 

Notice the positive effect of TCCGS on the amount of trade receivables; TCCGS 

is the level of trade credit that the firm obtains from suppliers (trade payables).  Firms 

with higher levels of trade payables tend to increase the level of trade receivables creating 

                                                 
57 It could be the case that trade receivables influences FINDIST, therefore we use the first lag of 
FINDIST in order to make sure there is no reverse causality in our model. 
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a redistribution channel in the economy.  Notice also that larger firms tend to give more 

trade receivables to their clients as already reported in the literature (Petersen and Rajan 

(1997)).   

The negative effect of financial distress on trade receivables could be caused by 

the interaction of two factors.  On the one hand financially distressed firms are in urgent 

need of cash, therefore they have a strong incentive to decrease their investments in 

receivables to clients, maybe even offering special discounts for cash payments, but on 

the other hand, and depending on their market power, they are likely to lose the ability to 

enforce the trade credit collection terms resulting in longer terms of collection of 

receivables.  These two factors, the first wanted and the second unwanted by the firm, 

may offset each other.  One plausible explanation for our results is that firms that are not 

able to decrease the terms of credit to clients are likely to sell their trade receivables to a 

factoring company, this transaction would have a similar effect as decreasing the terms of 

trade credit to clients.58  Factoring can be done with or without recourse to the original 

creditor, in the case of factoring without recourse the trade receivables will not decrease 

because they stay as a short term asset until the financial institution collected the money 

from the original debtor.59 Unfortunately the information needed to identify which type 

of factoring was used by the firm is not available in our dataset, but in any case the 

potential bias introduced by this fact is likely to decrease the power of our test since it 

goes against our hypothesis, so we are confident about the robustness of our results.   

                                                 
58 We searched into the 10Ks of a random sample of forty firms that entered financial distress during the 
sample time.  There was no indication about an increased use of factoring in financial distress.  A more 
formal database on factoring would be needed for this purpose. 
59 Factoring can be with or without recourse to the company.  In the case of factoring “with recourse”, the 
firm sells the receivables to a financial institution who collects the money from the original debtor when the 
credit comes due.  If this fails to pay, then the financial institution can ask the original creditor to pay.  In 
this case the firm will keep the trade receivables in the balance sheet as a short term asset, and will add a 
debt with the financial institution and will increase its cash stock.  In the case of factoring without recourse, 
the financial institution takes the credit risk of the transaction.  In this case the trade receivables decrease 
from the firm’s balance sheet and the firms increase its cash stock. 
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Another factor that needs to be taken into account is that when firms enter in 

Chapter 11 they are entitled to obtain debtor in possession financing (DIP).  Under DIP 

financial institutions can finance firms in Chapter 11 and their new debt is senior to any 

other debt and usually used for working capital financing.60  When firms enter in chapter 

11 and obtain DIP they are more likely to increase the offer of trade credit to their clients.  

This is likely to decrease the strength of our results, since some of the firms in financial 

distress in our sample may also be in Chapter 11, and increase their offer of trade 

receivables.  Again, the fact that the potential bias works against our hypothesis alleviate 

our concerns about the potential bias introduced by the DIP financing in our results. 

As an additional test we individually estimate equation [1] on each of the 44 

industries using a fixed effects model.  The results are not presented in the paper but 

show a general agreement with those presented in Table 4.2.  Three industries show a 

result that contradicts the one obtained in the full sample, i.e. they show a positive and 

significant coefficient for FINDIST_LAG.  Further investigation on the characteristics of 

these three industries, Chemicals (industry number 14), Petroleum and Natural Gas 

(industry number 30) and Transportation (industry number 40), show that in most of the 

years of the sample these industries have a Herfindahl Index below the median, i.e. they 

are not very concentrated industries. 

Macroeconomic factors are likely to affect the provision of trade credit to clients.  

Meltzer (1960) shows that during monetary contractions trade credit acts as a substitute 

for financial credit, and additionally, Chapter 5 in dissertation finds an important effect of 

financial crisis on trade credit in emerging economies during the nineties.  Moreover in 

the presence of high levels of inflation the incentive to give trade credit to clients is lower 

                                                 
60 See Carapeto (2003) for a more detailed explanation of DIP.  
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since the present value of the receivables is lower.61  Since we are measuring the effect of 

financial distress on trade receivables during a long period of time (21 years) our results 

could be affected by macroeconomic factors.  The eighties were characterized by high 

inflation, especially in the first part of the decade, and a tight monetary policy especially 

if we compare it with the nineties.  The characteristics of the eighties predict a lower 

level of trade receivables because of the high inflation rate and a higher level of trade 

receivables because of the tighter monetary policy, leaving us with an unspecified effect.  

The effect of these macroeconomic factors are, however, likely to wipe out the 

differences between firms in financial distress and healthy ones.  For example, during 

periods of high inflation, the whole market would decrease the level of trade receivables 

and during periods of tight monetary policy the whole market should increase the use of 

trade credit; therefore the effect of financial distress on trade receivables should be 

somehow mitigated by the fact that all firms are equalized in their level of trade credit.  

An additional piece of evidence is provided by the graph that shows the level of trade 

receivables over time in Figure 4.1; we can see that the level of trade receivables is 

highly volatile in our sample time, but it is easy to recognize the lower level of trade 

receivables in the high inflation period of the early eighties and the gradual increase as 

the tight monetary policy affects the trade credit toward the end of the decade.  In sum, 

our results could be affected by the interaction of macroeconomic conditions and 

financial distress; we therefore split the sample in four shorter sub-periods of time.  We 

group the data for years 1980-1985, 1896-1989, 1990-1995 and 1996-2000 and we 

estimate Equation [1] separately on the four sub-samples.  Interestingly enough, we find 

that firms in financial distress decrease their level of trade receivables to clients only in 

the second decade of the sample (i.e. in the 1990-2000 period), while the results show 
                                                 
61 As an example; during the hyperinflation of the early eighties in Argentina trade receivables were mostly 
decreased to zero due to the loss of value of the currency.  
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insignificance in the period 1980-1989.  These results are not reported in the tables but 

are available upon request, and are consistent with the discussion above; it is possible that 

the difference in the use of trade receivables between distressed and healthy firms is 

wiped out by the fact that macroeconomic factors equate the use of commercial credit as 

explained above. 

In the next section we split the sample based on the degree of concentration of 

each industry in any given year and explore the effect of financial distress on trade 

receivables in each sub-sample. 

 

 

4.5 – INDUSTRY CONCENTRATION 

The effect of financial distress on trade receivables does not need to be equal for 

all firms.  Depending on their degree of market power, firms in financial distress that 

want to collect their receivables faster may not be able to do so, without affecting the 

commercial relation with their clients.  Thus, the structure and the level of concentration 

of each industry are likely to play an important role in the ability to effectively reduce the 

level of trade receivables without suffering a commercial penalty.  Intuitively, firms in 

concentrated industries should be able to reduce trade receivables with a lower cost in 

terms of market share; the more market power a firm has the less likely that a competitor 

would take its place based on more generous terms of trade credit.  In addition, the client-

supplier relation can be expected to be of longer term in more concentrated industries. 

Given the absence of alternative suppliers, the clients will be forced to maintain their 

reputation as a reliable customer when the original supplier faces tough times. 

The previous argument can also be related to the model in Klemperer (1987), also 

referenced to in Chevalier and Scharfstein (1996), which considers the importance of 
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switching costs for firms’ corporate goals. These switching costs include learning costs, 

transaction costs, and “artificial” costs imposed by firms. Therefore, it can be argued that 

firm’s customers face higher switching costs if the industry is concentrated, which is 

consistent with the firm’s customers preserving their reputations as clients even if the 

firm approaches financial distress.  

To address the importance of the industry structure on the firms’ ability to reduce 

trade receivables when they enter financial distress, we repeat the analysis of the previous 

section but dividing the sample in concentrated and non concentrated industries. We use 

the industry’s Herfindahl Index in each year as our measure of industry concentration.62  

Industries whose Herfindahl Index is larger than the median index for the year are 

considered concentrated industries while the rest are considered competitive industries. 

We use a fixed effects model to estimate equation [1] on the two sub-samples 

(similar results arise for a not reported pooled OLS).  The results are presented in Table 

4.3.  Panels A and B show the results for competitive and concentrated industries 

respectively.  Each panel has three columns that use the two definitions of financial 

distress used before (FINDIST and FDLEV).    

The results suggest that firms that operate in less concentrated industries do not 

reduce the trade receivables when they are in financial distress.  At this stage we are not 

allowed however, to rule out the potential use of factoring from these firms, thus we 

cannot draw inferences on the cost of financial distress for firms in these industries.  

Conversely, in Panel B we see that the negative coefficients on FINDIST_LAG and 

FDLEV_LAG are and both economically and statistically significant, suggesting that 

firms in concentrated industries reduce their levels of trade receivables when in financial 

distress in a range of two to four days of sales. 
                                                 
62 The Herfindahl Index is the sum of the squares of the market share of the firms in an industry; 
HFI=∑(MKTSHARE2). 
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The results in this section suggest that only firms with market power are able to 

reduce the trade credit to their clients when in financial distress. On the other hand, firms 

in competitive industries that are in distress and probable to go out of business will find 

bill collection more costly given that their clients may not need to maintain their 

reputation as reliable customers, which makes it hard for them to reduce their trade 

receivables. 

 

 

4.6 – PROFITABILITY PROBLEMS AND CASH FLOW PROBLEMS 

So far, we have presented evidence that supports that firms reduce their trade 

receivables when entering financial distress. When firms enter financial distress they are 

experiencing cash flow problems, which urge them to cut the financing to their clients if 

they have enough market power to do so.  In this section we analyze what happens to the 

firms’ trade receivables policy when they have profitability problems, i.e., experience 

negative growth in sales and losses, instead of cash flow problems.  

Figure 4.2 shows the behavior of trade receivables for firms that enter financial 

distress since ten years before distress. We can observe then what happens when the first 

signs of trouble appear, when firms start experiencing profitability problems. The 

evidence presented in Figure 4.2 suggests that firms increase their trade receivable when 

they start experiencing profitability problems before distress, and then they cut their trade 

receivables when they have cash flow problems in financial distress.  

Petersen and Rajan (1997) state that firms that experience losses and sales drops 

increase their trade receivables in an attempt, they hypothesize, of buying sales and 

market share, or because they are not able to effectively enforce the timely repayment of 
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their receivables.  If the latter occurs, the unwanted increase in receivables can be then 

considered a cost of financial distress.63   

To analyze the behavior of trade receivables when firms have profitability 

problems, we construct a model following Petersen and Rajan (1997) but considering a 

much bigger and general sample. We estimate the following equation using a fixed 

effects model: 
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TRRSALES is the average number of days for which trade credit is extended, as 

defined in the previous section. γ is a vector of firm dummies, SLESGW_P is equal to the 

sales growth between yeart-1 and yeart if this is positive and zero otherwise, SLESGW_N 

is equal to the sales growth between yeart-1 and yeart if this is negative and to zero 

otherwise.  NETPROFIT measures the profit of the firms if positive and it is equal to zero 

if the firm had losses, while NETLOSS measures the losses of the firm as a negative 

number and it is zero if the firm had profits.  X is a matrix of control variables that 

include FINDIST_LAG, and TCCGS.  We control for financial distress to distinguish 

between firms that are only experiencing profitability problems (net losses) and firms 

with cash flow problems (in financial distress). We control for TCCGS because firms 

with higher level of trade payables will have more funds to finance their trade 

receivables. The firms’ dummies in the fixed effect estimation pick other differences 

across firms.  

                                                 
63 Petersen and Rajan (1997) use a dataset that covers a cross section of small firms during year 1987. This 
is a year in which the average level of TRRSALES was unusually high (see Figure 4.1), probably 
influenced by the stock market crack of October 1987. This is consistent with Meltzer (1960) who states 
that during monetary contractions trade credit increases substituting financial credit. 



 84

The results are in Table 4.4.  Column [1] shows the results for a fixed effects 

model on the full sample of firms. We find that firms with positive sales growth show an 

increase in their trade receivables.64  We do not see any effect on TRRSALES for firms 

that experience negative sales growth in our dataset; the coefficient is not distinguishable 

from zero.  The coefficient on NETPROFIT is negative and significant, that is profitable 

firms tend to decrease the level of their trade receivables.  This result seems to reflect the 

dominant condition of profitable firms, which do not need to push sales.  The coefficient 

on NETLOSS is negative and significant, which is consistent with Petersen and Rajan 

(1997); firms that experience losses increase their use of trade receivables.65 The 

coefficient on FINDIST_LAG is negative and significant, as expected from the results in 

the previous section; firms in financial distress decrease their use of trade receivables.  In 

addition, we control for the level of trade payables from suppliers using TCCGS whose 

coefficient is positive and significant as expected form the previous section.66 

Given the importance of the industry structure on the receivables policy observed 

in section 4, we also split the sample here, and re-run the model on the two separate sub-

samples.  The results are in columns [2] for Competitive Industries, and column [3] for 

Concentrated Industries.  Previous results on sales growth and net profits are similar for 

both cases, concentrated and competitive industries. However, the results are different 

when firms face losses. The coefficient on NETLOSS is significant and negative for 

firms in concentrated industries but insignificant for firms in competitive industries, 

                                                 
64 This result is similar to the one obtained by Petersen and Rajan (1997).  To ameliorate endogeneity 
concerns, we measure sales growth during the year (i.e. is the difference between sales at yeart and sales at 
yeart-1) whereas we measure the trade receivables (a stock variable) at the end of yeart. 
65 Petersen and Rajan (1997) find a negative coefficient in SLESGW_N and NETLOSS. Notice that they 
do not find a significant negative coefficient for SLESGW_N in their model V, where industry dummies 
and other controls are included, as we do in this paper. 
66 Petersen and Rajan (1997) use LOGAGE and LOGAGE2 in the same model.   We use only LNASSETS 
because assets and age are proxies for similar firm’s characteristics and are highly correlated in our sample. 
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which means that firms with losses increase their use of trade receivables only if they are 

in concentrated industries and enjoy of enough market power.  

These results suggest that when firms with market power face losses they are able 

to use trade receivables in order to “buy” higher levels of sales and market share, 

consistent with a more dominant position with respect to their clients.  Firms in 

competitive industries do not seem to use trade receivables as a tool to increase sales and 

market share when things start going bad; intuitively we can expect that in a competitive 

industry the competitors will probably mimic their increase in the trade receivables 

neutralizing the effect of their strategy on sales. 

An alternative interpretation of these results is that when firms experience losses 

and face negative sales growth, they lose the ability to enforce the payments from their 

clients. That is, firms face higher costs to collect their bills when they have problems 

regardless of whether they have market power or not.  If this is the case, we should see 

that when firms enter financial distress they further increase the level of trade receivables, 

since their ability to enforce the collection of the receivables is further weakened by 

financial distress, and this is not what we have found in this paper. 

As a robustness check, we also consider market share growth instead of sales 

growth in equation [2].  The purpose of this alternative specification is to differentiate a 

negative sales growth due to an industry-wide decrease in sales from a firm-specific sales 

decrease.  The results (not reported) do not show any significant difference; the effect of 

a negative market share growth on trade receivables is not distinguishable from zero, and 

this insignificance is maintained for firms in both the concentrated and competitive 

industries.  

We also consider the inclusion of the level of inventories as an additional control 

in the regressions.  It can be argued that firms with higher-than-optimal level of 
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inventories should try to increase their sales.  We measure the level of inventories with 

INVGCS that is the ratio of inventories to cost of goods sold.  If INVCGS is included in 

the regressions, the results (not reported) of SLESGW_N tend to be weaker.  The 

coefficients on the level of INVCGS remain always positive and significant, and the 

coefficients on the negative sales growth lose statistical power.  Even if both variables are 

fairly uncorrelated (ρ = -0.04) they may be capturing the same effect causing the loss of 

power on SLESGW_N; it could be the case that firms experiencing a decrease in their 

sales accumulate higher levels of inventories and therefore use trade credit to push their 

sales. 

In addition to the estimation of equation [2], modeled after Petersen and Rajan 

(1997), we consider an alternative test for the hypothesis that firms increase their level of 

trade receivables when they have profitability problems before entering financial distress.  

Specifically, we use our TIMELINE, defined in section 2 and define a dummy variable 

called NEXTFD that takes the value of 1 if the firm is in TIMELINE -1, TIMELINE -2 

or TIMELINE -3; this means that the variable is equal to 1 if the firm is one, two or three 

years from entering in financial distress.  Given the definition of financial distress is 

plausible to expect that firms will start noticing that they are in trouble at least one, two 

or three years in advance.  NEXTFD takes a value of zero otherwise.  We include 

NEXTFD in the model in equation [1] and run a fixed effects model.67 

The results are in Table 4.5.  Column [1] shows the results for the full sample of 

firms.  Notice that firms that are going to enter financial distress in the next one, two, or 

three years present a higher level of trade receivables in their balance sheets, in fact they 

give almost two more days of sales in trade receivables to their clients.  This effect is 

robust to firms in both, competitive and concentrated industries (columns [2] and [3]).  

                                                 
67 A pooled OLS shows very similar results (not reported). 
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The results in Table 4.5 offer stronger support consistent with the hypothesis that firms 

increase their use of trade receivables in the years prior entering in financial distress.  

In sum, the results in this section present evidence that support the hypothesis that 

firms tend to increase the use of trade receivables, presumably in order to buy sales and 

market share, when they face profitability problems, i.e., when the first signs of trouble 

appear prior to entering financial distress. 

 

 

4.7 – CONCLUDING REMARKS 

In this paper we studied the effects of financial distress on trade receivables.  It 

constitutes the first attempt to understand the trade receivables policy of firms undergoing 

difficulties and in financial distress.  We find that firms increase their level of trade 

receivables, presumably to buy market share, when they have profitability problems and 

in the years previous to enter financial distress, but change their policy when they are in 

financial distress, effectively reducing their level of trade receivables. 

We find that firms tend to reduce the level of trade receivables when they enter 

financial distress.  This result is robust to different definitions of financial distress, and is 

stronger for stricter definitions of distress.  Additionally our results suggest that firms in 

less concentrated industries do not reduce their terms of trade receivables when they are 

in financial distress, only firms in concentrated industries tend to do so.  Firms in 

concentrated industries have more market power that allows them to enforce a term 

reduction of trade receivables to their clients without suffering commercial penalties. On 

the other hand, firms in competitive industries that are in distress and probable to go out 

of business find bill collection more costly because their clients may not need to maintain 
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their reputation as reliable customers, which makes it hard for them to reduce their trade 

receivables. 

We also find that, (consistent with Petersen and Rajan (1997)), firms increase the 

use of trade receivables when they have profitability problems.  Additionally we study 

the trade receivables policy for firms that will enter financial distress in one, two or three 

years, and find that they significantly increase their trade receivables. 

Overall the results support the hypothesis that firms hunt for market share by 

increasing trade receivables when they have profitability problems, but beg for cash, 

cutting their trade receivables, when they have cash flow problems and enter financial 

distress. 

The analysis of trade receivables of firms affected by financial distress presented 

in this paper suggests new questions that warrant additional research.  For instance, a new 

estimation of the costs of financial distress can be derived from the underinvestment 

problem that arises when firms cut their trade receivables.  We leave this estimation for 

future exploration. 
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Chapter 5: Trade Credit and Financial Crises (Coauthored with Inessa 
Love and Virginia Sarria Allende) 

5.1 – INTRODUCTION  

The financial crises experienced by emerging markets during the nineties were 

characterized by a turmoil in financial markets. As financial markets shut down, firms 

were left struggling for the necessary capital to maintain not only investment activities 

but also the most basic commercial operations.  It is important to understand the role of 

alternative sources of financing during crisis and post-crisis times. One possible 

adjustment mechanism is inter-firm finance, i.e. “trade credit” extended by suppliers of 

inputs to their customers along with their sales. The goal of this paper is to analyze the 

patterns of trade credit during the financial crisis.   

We study the effects of the 1997 Asian Crisis on firms operating in Indonesia, 

South Korea, Malaysia, Philippines and Thailand, as well as the impact of the 1994 Peso 

devaluation on Mexican firms. We create a balanced panel of about 530 large, publicly 

trade firms with seven years of data straddling the crisis episode. We examine the 

aggregate behavior of trade credit, as well as heterogeneous responses of firms with 

different financial positions.   

We first find that trade credit provided and received by the firms in our sample 

increases during the first few months after the crisis. This is consistent with the idea that 

firms provide emergency assistance to each other to substitute for the lost access to more 

traditional sources of finance. However, the trade credit provided by our firms (as 

opposed to the credit they receive) subsequently collapses in the aftermath of the crisis. 

We propose a redistribution view to explain this pattern. This view posits that firms with 



 90

better access to capital will redistribute the credit they receive to less advantaged firms 

via trade credit.68 However, during the financial crisis, all available sources of finance dry 

out.  With nothing to redistribute, trade credit collapses. Consistent with this argument, 

we find that countries that experience a sharper decline in bank credit also experience a 

sharper decline in trade credit.69  

We also find that firms with a stronger financial position provide more trade 

credit finance to their customers and use less trade credit from their suppliers. We argue 

that short-term debt plays a unique role in financial crises. We observe that before crises, 

when short-term debt is abundant and (relatively) cheap, firms with higher percent of 

short-term debt provide more trade credit to their customers and rely less on trade credit 

from their suppliers. However, after the crisis, short-term debt becomes a disadvantage as 

a result of increasing interest rates and difficulties in rolling it over. Consequently, we 

find that after the crisis firms with high proportion of short-term debt cut the amount of 

trade credit extended to their customers and increase the amount of trade credit they 

receive from their suppliers (which we interpret as substitution away from expensive 

short-term debt).  The behavior of firms with short-term debt offers a refined explanation 

for the decline in aggregate credit provided by our firms: Firms with higher shares of 

short-term debt are the main redistributors of credit before the crisis and their difficulty in 

rolling over their debt lead to the disruption of these redistribution channels.   

We also exploit the cross-sectional variation generated by the devaluation of the 

exchange rate, which creates a group of firms that are favorably affected by the crisis. We 
                                                 
68 This view was first proposed by Meltzer (1960) and further supported by Petersen and Rajan (1997), 
Fisman and Love (2002) and Nilsen (2002) among others.  
69 We define our trade credit measures as shares of firms’ sales and costs, which controls for changes in 
economic activity. While the absolute amount of trade credit received is likely to decline together with 
declines in economic activity, its share in the financing of input purchases is very unlikely to decrease. 
Moreover, given that other sources of external finance become unavailable during the crisis, the share of 
trade credit in financing of input purchases is likely to increase. We use this assumption to help us identify 
the supply and demand effects.  



 91

find that these firms extend more trade credit to their customers, consistent with the 

redistribution view. In addition, we confirm that more traditional indicators of liquidity 

(such as cash stock and cash flow) are also associated with more trade credit provision 

after the crisis.  

Our paper contributes to several strands of literature. First, we complement the 

financial crisis literature70 by providing new evidence on the role of trade credit in 

sustaining commercial activities while traditional finance is unavailable.  Second, we add 

to the literature on trade credit by presenting a unique setting to test various theories of 

trade credit provision. Third, we add to the discussion of the transmission channels for 

monetary policy by relating trade credit provision to the aggregate behavior of bank 

credit. 

The remainder of the paper is as follows. Section 5.2 discusses the theories of 

trade credit provision in relation to crisis episodes and states our hypotheses. In section 

5.3 we discuss our empirical strategy. Section 5.4 describes the data and presents basic 

descriptive statistics and graphical analysis.  In section 5.5 we present the results and in 

Section 5.6 we conclude. 

 

 

5.2 – THEORIES AND HYPOTHESES 

Identification of supply and demand factors is a difficult task in any analysis of 

trade credit behavior. To aid with identification of demand for trade credit, we define our 

trade credit measures as shares of firms’ sales and costs, which controls for changes in 

economic activity. While the absolute amount of trade credit received is likely to decline 

                                                 
70See papers by Krugman (1999), Aghion, Bacchetta and Banerjee (1999a, b, 2000a, b and 2001), Chang 
and Velasco (1999), Ding, Domac and Ferri (1998) and Bris at al. (2002) among others.  
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together with declines in economic activity, its share in the financing of input purchases 

is very unlikely to decrease.  

Furthermore, our focus on crisis episodes allows us to make an additional 

identifying assumption about the demand for trade credit. Given that bank credit and 

other alternative sources of external finance are significantly reduced during crises, the 

demand for trade credit finance as a share of input purchases is likely to increase. Based 

on this view, we assume that firms, on average, will demand a higher share of trade credit 

as a way of “emergency assistance”.71 The question our study focuses on is whether trade 

credit suppliers would be willing and able to provide this assistance. The theory does not 

present an unambiguous answer to this question, as evidenced in the hypotheses we 

discuss below.  

The first set of theories is based on a notion that suppliers have an advantage over 

banks in obtaining the information about their customers and ensuring repayment.72 

During crisis times such an advantage is likely to become even more pronounced as the 

environment becomes more uncertain and, therefore, frequent supplier-customer 

transactions would benefit from better information relative to banks. In addition, as 

bankruptcy courts overflow with liquidation cases, the implicit collateral of trade credit 

enhances its advantage over bank credit.  

Another angle on the theory of trade credit provision is suggested by Burkart and 

Ellingsen (2002). The authors argue that inputs purchased from suppliers are less easily 

diverted than cash, and so are less subject to moral hazard. This implies that the 

importance of trade credit relative to bank credit is greater with lower investor protection 

and with undercapitalized firms, which is clearly more common after crises. 

                                                 
71 This argument assumes that internal funds cannot fully compensate for decline in external funds. 
Empirically, we control for availability of internal funds with cash stock and cash flow ratios.  
72 See Mian and Smith (1992), Smith (1987), Biais and Gollier (1997), and Frank and Maksimovic (1998).   
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In addition to having better information and enforcement mechanisms, suppliers 

have an interest in maintaining relationships with their customers. Cunat (2000) provides 

a model in which supplier-customer relationships have tailor-made products, learning by 

doing, or other sources of sunk costs. These features generate a surplus that is increasing 

with the length of the relationship. Closely linked with our focus on financial crisis, 

Wilner (2000) argues that in order to maintain a product market relationship, trade 

creditors, which depend on their customer’s business, grant more credit to financially 

distressed customers than banks do. In addition, firms could provide trade credit during 

crisis times to capture future business from their customers (as argued by Petersen and 

Rajan (1997)). This reasoning suggests that suppliers are interested in helping their viable 

customers stay afloat and provide “emergency assistance” by way of more generous trade 

credit during the crisis.  The “comparative advantage” arguments, coupled with the 

suppliers’ incentives to continue trade relationships lead to our first hypothesis, which 

states that suppliers act as providers of the emergency assistance:73   

 

Hypothesis 1. Trade credit increases its share in the financing of commercial 

activities during the crises.  

 

This hypothesis suggests that trade credit plays an important role in sustaining 

economic activity in an environment of contracting bank credit and shortage of other 

sources of funds. In other words, according to this hypothesis, trade credit supply 

increases to substitute for lost bank credit. 

                                                 
73 Increase in demand for trade credit as a share of purchases could be thought of as an outward shift in the 
demand curve. The supplier’s relative advantage over banks, together with their incentives to keep their 
customers afloat will lead to increase in the relative supply of trade credit, which could be thought of as a 
movement along the supply curve to meet the increased demand.  
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An alternative hypothesis can be generated by the redistribution view of trade 

credit. This idea was initially suggested by Meltzer (1960), who found that during 

monetary tightening episodes, large firms (able to increase reliance on bank credit) 

redistribute the credit they receive to smaller firms that are likely to experience bank 

credit rationing.  This redistribution argument is supported by a number of subsequent 

studies. Petersen and Rajan (1997) found that among small firms in the United States, 

those with less established banking relationships hold significantly higher levels of 

accounts payable, thus relying more on the trade credit provided by their suppliers. 

Fisman and Love (2003) presented evidence that firms in industries that are able to obtain 

more trade credit finance (because of the differences in industry structure and product 

characteristics) are growing relatively faster in countries with less developed financial 

systems. In other words, some firms (and industries) are less disadvantaged by the 

absence of financial markets because they can fall back on a (second-best) source of 

finance via trade credit. More direct recent evidence of this redistribution channel is 

presented in Nilsen (2002), who finds that small firms and large firms without bond 

ratings increase reliance on trade credit during the monetary contractions, while firms 

with bond ratings do not.  

It is important to note that for actual “redistribution” to take place some firms 

need to continue receiving external finance (bank credit or alternative sources of funds), 

which they would be able to pass on to less privileged firms. For example, during 

monetary contractions in the US large firms increase their issuance of commercial paper 

(Calomiris, Himmelbert and Wachtel (1995)) and accelerate bank credit growth while 

small firms reduce it (Gertler and Gilchrist (1994)). Such access to alternative sources of 

finance in the US is likely to be behind the aggregate increase in trade credit (during 

monetary contractions) observed by Nilsen (2002). However, during a financial crisis, 
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alternative sources of finance are likely to dry out – stock markets crash and foreign 

lenders and investors pull out their money. As all potential sources of funds contract 

during the crisis, there may be “nothing left to redistribute” in terms of trade credit. This 

leads us to an alternative hypothesis, which we refer to as credit availability hypothesis:   

 

Hypothesis 2. Trade credit declines its share in the financing of commercial 

activities after the crisis.   

 

This hypothesis suggests that supply of trade credit will decline following the 

collapse in aggregate bank credit.74 As a consequence, we should expect to find a sharper 

decline in trade credit in countries and years that experienced sharper contractions in 

bank credit.75   

While the second hypothesis is contrary to the first one, the two may possibly 

hold at different points in time. At the dawn of financial crises, suppliers might be willing 

and able to provide extra credit to their customers to meet the increased demand. 

However, after a while, facing a contracting supply of bank credit, suppliers are likely to 

cut trade credit, possibly even below the pre-crisis levels.76 We test these hypotheses 

using a novel “distance to crisis” measure described in the next section.  

Next we consider cross-sectional variation in trade credit policies during crisis 

times. The redistribution view discussed above suggests that firms in a relatively 

advantaged financial position are likely to provide more trade credit to their customers, 
                                                 
74 This hypothesis is consistent with patterns observed in Demirguc-Kunt and Maksimovic (2001). They 
find that the provision of trade credit across countries is positively correlated with the level of development 
of financial intermediaries. 
75 It is also plausible that decline in economic activity will decrease demand for bank and trade credit, thus 
generating their co-movement. However, as mentioned above, our trade credit measures are constructed as 
ratios of trade credit relative to sales (and costs) and therefore control for decline in economic activity.  
76 While the initial increase in trade credit can be thought of moving up along the pre-crisis supply curve, 
the subsequent contraction would suggest an inward shift in the supply curve.  
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thus “redistributing” credit to those in need. By the same token, firms in a relatively 

difficult financial position are less likely to provide credit to their customers and would 

likely increase reliance on trade credit from their suppliers. In general terms, we 

summarize the redistribution hypothesis as follows:  

 

Hypothesis 3. Firms with better (worse) financial position provide more (less) 

credit to their customers and take less (more) credit from their suppliers.  

 

The context of financial crises suggests several novel tests of this redistribution 

view, based on the differential impact of crises on different firms.  The degree of firms’ 

reliance on short-term debt is one of such “crisis-specific” characteristics likely to 

generate heterogeneous responses to crises.  Before the crises, short-term financing, 

especially loans obtained from foreign institutions, are abundant and relatively cheap, 

which leads to sharp growth in short-term debt ratios and the consequent increase in 

vulnerability to crises (see Dornbush and Fisher (1998)).  

Firms with a higher access to short-term debt have been found to provide more 

trade credit financing to their customers. For example, Calomiris, Himmelberg and 

Wachtel (1995) showed that firms issuing commercial paper are more likely to provide 

their customers with more trade credit, and Petersen and Rajan (1997) found positive 

correlation between the availability of lines of credit and trade credit supply. However, 

firms with a high proportion of short-term debt are likely to be the most disadvantaged by 

a crisis because they need to roll-over short-term debt when it is either impossible or 

extremely costly.  While high share of short-term debt is not necessarily an indication of 

strong financial position before the crisis, it is clearly a sign of weak financial position 

right after it.   
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Which firms can then be considered financially ‘strong’ within a context of 

financial crises? We conjecture that firms with larger pre-crisis stock of cash holdings 

(i.e. liquidity) as well as those with larger cash flow generation can fall back on this 

cushion during the crisis times, and are therefore likely to be in a better financial position 

to provide trade credit to their customers (as well as to avoid making use of expensive 

financing from their suppliers).77 Additionally, given that financial crises have commonly 

been accompanied by large currency devaluations, it is likely that exporters would 

actually benefit from the crisis. Although we do not have any reliable data on exports for 

our firms, we are able to create an indicator of “exchange rate exposure” following Bris 

et al. (2002) by estimating the degree to which firm-level stock returns are positively 

associated with exchange rate depreciation. 

Applying the redistribution view to the context of financial crisis, we generate the 

following predictions for the behavior of trade credit during crisis times:   

 

Hypothesis Indicator of financial position Credit provided Credit received 

3A High proportion of short-term debt Decrease Increase 

3B High cash stock or cash flow Increase Decrease 

3C Favorable “exchange exposure” Increase Decrease 

 

 

                                                 
77 Himmelberg, Love and Sarria-Allende (2003) use a cash-in-advance model to analyze optimal cash 
holding decisions at the firm level. In their model, financially constrained firms exhibit higher cash-capital 
ratios. Nevertheless, during financial crises, firms’ access to excess liquidity may allow them to behave as 
financially sound firms. 
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5.3 – EMPIRICAL STRATEGY 

To study the effects of the crisis and the post-crisis behavior we employ a 

standard panel-data approach utilizing a firm fixed effects model. The fixed effects 

capture the unobserved heterogeneity in the firm-specific (i.e. time-invariant) levels of 

trade credit and allow us to isolate the effects of crisis and post-crisis relative to the pre-

crisis behavior.  

 

5.3.1 - Aggregate behavior 

Our first test studies the aggregate behavior of firms during and after crises. To 

implement it we define dummy variables for the crisis and post-crisis years, labeled as 

CRISIS and POST, respectively. Combined with the fixed effects, these two dummies 

capture the changes in trade credit relative to several years of pre-crisis data.  

In addition, we use the variable DISTANCE, defined as the number of months 

between the start of the crisis and the end of the firm’s fiscal year. This variable is critical 

to our goal of isolating the immediate effect of the crisis from the longer-term effects.  

Trade credit in essence is a very short-term credit.78 Therefore, the immediate response of 

trade credit to financial crises is likely to be hard to find by observing only annual 

financial statements. Fortunately, the fact that different firms end their fiscal year in 

different months combined with the fact that the crises struck different countries in 

different months offers us a unique opportunity to trace the short-term responses of trade 

credit.  

To test the hypotheses 1 and 2 discussed in section II, we use the following 

model:  
                                                 
78 For example, in the US the most often term for extension of trade credit is about 30 days, and it varies by 
industry, from about 10 days to 60 days (see Ng, Smith, and Smith (1999)). Rarely, if ever, trade credit is 
extended for over 6 months. 
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ititctctit XPOSTCRISISTC εββββα +++++= 43it21i DISTANCE**         (1) 

 

Where TC is one of the three trade credit measures described in the data section, 

X is a vector of firm and country-time specific control variables, α is a firm fixed effect 

and ε is an error term.  

The DISTANCE variable ranges from 1 to 12 in the crisis year and equals zero in 

the non-crisis years. Defined this way, the CRISIS dummy and the DISTANCE dummy 

should be considered together. The CRISIS dummy shows the immediate response of the 

trade credit in the crisis month itself (in other words, when DISTANCE equals 0), while 

the DISTANCE variable captures the evolution of the trade credit response to crisis 

within the first year after the crisis.79   

On the one hand, it may take time for the crisis effect to manifest itself in the 

annual financial statements because firms that end their fiscal year just after the crisis 

may not show much crisis effect (since their fiscal year would reflect most of their pre-

crisis operations). But, on the other hand, given that trade credit is a short-term 

instrument, it should respond to the crisis within the first few months; therefore, firms 

with fiscal year ending shortly after the crisis will be more likely to show trade credit 

ratios affected by it. The use of a distance measure allows us to test these two effects and 

to isolate the immediate response from those prevalent in the long-run.  

                                                 
79 In other words, the distance enters only as an interaction with the crisis dummy because we expect its 
main effect to be relevant only in the crisis year. In the subsequent years the end of the fiscal year is 
captured by the fixed effects. The effect of crisis on trade credit 6 month after the crisis would be captured 
by β1+6*β2. 
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The post-crisis dummies capture the response of trade credit in the years after 

crisis. In reported regressions we use two dummies:  POST12 and POST3, which equal 

one for the first two years and the third year following the crisis, respectively.80  

We estimate the model using a fixed effect technique that allows for extra care in 

treating the error term. In particular, to make sure our results are robust to any possible 

intra temporal correlation among the firms in each country-year period, we define a 

“clustering” variable as a combination of country and time. Introducing a “cluster” option 

in our methodology allows for an unspecified correlation structure of errors within the 

“clusters”. This is important since during the crisis and post-crisis years, it is possible that 

the errors (i.e. unexplained variation) are correlated for the firms within the country. 

However, the correlation might be different for pre-crisis, crisis or post-crisis years. 

Therefore our choice of a combination of country and time as a clustering variable. Our 

results are robust (and even more significant) when we use firm as a clustering variable, 

which captures a different form of non-independence of errors (i.e. within firm serial 

correlation of errors not captured by the firm fixed effects).  

Causal factors that are either time-invariant (for example industry) or slowly 

changing (for example size) would be mostly captured by the fixed effects. To control for 

factors that vary significantly over time we use several control variables that have been 

suggested by the trade credit literature.81  We use the ratio of cash flow to total assets, the 

ratio of cash balances to total assets (measured at the beginning of the period), and the 

growth rate of firms’ sales in the previous year. Finally, we control for the depreciation of 

the exchange rate to capture the country-time differences in the magnitude of the crisis 

and recovery. 
                                                 
80 We also run all regressions with a separate set of dummies (i.e. POST1, POST2 and POST3), all results 
remain consistent and are available on request. 
81  See Petersen and Rajan (1997) and Calomiris, Himmelberg and Wachtel (1995) for discussion of the 
variable choice.  
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5.3.2 - Heterogeneous firm responses 

Our second goal is to study how firms differ in their responses to crisis events (i.e. 

hypothesis 3, as discussed in section II).  We use the following extension of the model in 

equation (1)82: 

 

ititctitctit
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++++
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54

321    (2) 

 

Here FIN represents one of the several measures we use to capture the financial 

position of the firm: short-term debt to assets and two proxies for higher liquidity position 

(cash stock and cash flow).  The coefficient β3 captures the effect of FIN on the pre-crisis 

behavior of trade credit and coefficients β4 and β5 summarize the differential effect of 

crisis and post-crisis on the relationship between FIN and trade credit.83  

In addition, we isolate firms that benefited from devaluation, most likely 

exporters. Since we don’t have any reliable data on exports for our firms, we construct an 

“exposure” indicator following Bris et al. (2002). We first regress each country stock 

index on the corresponding exchange rate depreciation (using quarterly data) and we keep 

the residual from this regression, which captures variation in the market index that is 

orthogonal to changes in the exchange rate. Then, we regress the quarterly stock market 

returns of all firms in the sample on the exchange rate depreciation and the orthogonal 

component of market returns. The coefficient on the exchange rate, referred to as BETA, 

                                                 
82 We do not include the variable DISTANCE in the models (2) and (3) to save on degrees of freedom.  
83 In our baseline tests we use contemporary values of FIN variables to see how changes in financial 
position affect changes in trade credit. However, the contemporaneous values could be potentially 
endogenous and be affected by trade credit policy. To avoid this, in additional tests we use pre-crisis values 
of FIN variables. This allows us to see how the crisis has affected firms with different pre-crisis financial 
position.  
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provides the measure of firm-level exposure to changes in exchange rate that we use in 

our trade credit regressions.  

  

5.3.3 - Heterogeneous country-level response to crisis 

To refine our credit availability hypothesis we study the relationship between 

aggregate bank credit provision and trade credit responses. Specifically, we explore the 

variation in bank credit growth across years and countries in our sample. If the credit 

availability hypothesis holds, we should find that trade credit falls more in those country-

years in which aggregate bank credit falls more. Although we only have six countries in 

our dataset, we can also exploit the country-level variation in the growth of bank credit 

over time.84 

To test the effect of bank credit growth on trade credit behavior before, during 

and after the crisis, we use the following model: 
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Where CREDITGR is the country-year growth rate in the private credit to GDP 

ratio. The coefficients β3, β4 and β5 show the reaction of trade credit to bank credit 

growth during the pre-crisis, crisis and post-crisis respectively. As before we allow for 

the same set of control variables for robustness checks. Finding positive coefficients on 

β3, β4 and β5 would suggest that increase in bank credit leads to more trade credit 

provided and/or received by firms in our sample, consistent with the redistribution story.  

 
                                                 
84 However, the concerns with inadequate degrees of freedom remain, since we only have 6 countries and 
at most 7 years. Therefore these results should be interpreted with caution. 
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5.4 – DATA 

5.4.1 - Sample 

We study two of the four major crises that occurred during the nineties (i.e. the 

Mexican devaluation in late 1994-early 1995, and the South East Asia currency crisis in 

mid-1997). In addition to Mexico, our sample includes five countries in Asia that 

experienced financial crisis in 1997: Indonesia, Korea, Malaysia, Philippines and 

Thailand.85 Our sample consist of all non-financial firms that were contained in the 

Worldscope database at least 2 years before and after the crisis. The Worldscope database 

contains publicly traded firms around the world focusing mostly on the firms for which 

there is a significant interest of international investors (it represents about 95% of the 

world’s market value). The sample therefore represents the largest and the most solid 

firms in each country. 

The periods of financial crises are usually characterized by high rate of 

liquidations and consolidations, which would likely create an attrition bias. Therefore, we 

take extra care in creating a balanced sample of firms. We create two samples: one, called 

“balanced 5”, contains all firms that are present in the Worldscope database for at least 2 

years before and after the crisis (therefore covering 5 years around the crisis time); the 

second sample, “balanced 7”, is created similarly and contains firms that are in the 

database for at least 7 years around the crisis time. Although this requirement 

substantially cuts the number of firms, we believe the loss is justified because it reduces 

the likelihood that the patterns we observe are caused by the differences in sample 

                                                 
85 We are not able to include the analysis of the Russian default occurred in 1998 and the Brazilian 
devaluation in early 1999 due to lack of data. We chose not to include information on China and Taiwan 
because, even though they also suffered contemporaneous financial crisis, their impact is thought to be less 
spread and not as pronounced.  
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composition for the pre- and post-crisis years.86 To increase the number of usable 

observations we do not require that every firm have every piece of data for each year, but 

we require that it stay in the database (the Worldscope immediately delists any firms that 

go through any type of reorganization). Table 5.1 Panel A reports the number of firms per 

country in each of the two samples. The “balanced 7” sample contains over 530 firms and 

“balanced 5” sample contains about 700 firms.  

 

5.4.2 - Crisis timing and distance to crisis 

Table 5.1 Panel A reports the time of each crisis considered in our sample. To 

trace out the timing before and after the crisis we create the timeline variable, which 

equals to zero for the crisis year and takes values –1, –2, –3 and 1, 2, 3 for the pre- and 

post-crisis years respectively. The crisis year is defined as such for firms ending their 

fiscal year within the 12-month interval after the crisis hit. Although most firms end their 

fiscal year in December, there are quite a few firms (about 20%) that end their fiscal year 

in another month, most commonly in March, June, or September. Thus, for example, for 

the Asian countries that were hit by the crisis in July 1997, the crisis year is defined for 

all firms that end their fiscal year in August 1997 through July 1998.87  

As discussed above, the variable DISTANCE is the number of months between 

the start of the crisis and the end of each firm’s fiscal year. We show the distribution of 

the DISTANCE variable in Table 5.1, Panel A. About 55% of firms have ended their 

                                                 
86 All results remain qualitatively unchained if we use the full unbalanced sample of firms.  
87 We exclude the firms ending their balance sheets in the crisis month itself; fortunately this results in a 
loss of only a few observations as neither July nor October (for Korea) are popular months for the end of 
fiscal year in our sample. The exception to this rule is Mexico – all firms in Mexico in our sample end their 
fiscal year in December, therefore we mark those that end in year 1994 as the crisis year and do not drop 
any firms.  
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balance sheets within 4-6 month after the crisis, 30% within 1-3 month and about 15% 

with over 6 month after the crisis. 

 

5.4.3 - Variables 

Our main variables of interest are accounts payables and accounts receivables, 

which show the amount of trade credit that firms obtain from suppliers and provide to 

customers, respectively. We scale these trade credit variables using sales (for receivables) 

and cost of goods sold (for payables).88 These ratios show how the firm finances the flow 

of output sold to customers and the flow of input purchased from its suppliers. In essence, 

they capture the importance of trade credit for financing the economic activity, which is 

what we would like to focus on.  

There are two ways these ratios could be interpreted. If trade credit were extended 

for the whole year, the ratio of receivables to sales would show what percent of sales is 

sold by the firm on credit. However, as trade credit is usually much shorter maturity the 

alternative interpretation of such a ratio is as the number of days the customers take to 

repay the credit (assuming all customers receive 100% of credit). In reality, the ratios are 

likely to capture both, the percent of the goods sold on credit and the time it takes before 

the credit is repaid. We follow tradition and multiply these ratios by 360 and interpret 

them in terms of the number of days (keeping the above caveats in mind).89  

We also study net credit as the difference between receivables and payables, again 

scaled by sales. Firms that obtain more trade credit from their suppliers are likely to be 

                                                 
88 It would be best to scale payables by the cost of materials purchased rather than total cost of the goods 
sold, which includes labor costs, but such data is not available in our dataset (or in most other datasets used 
in previous papers). As a second best approach (also used in other studies) we scale by the total cost. 
89 Our results are robust to scaling by total assets (available on request). However, these ratios do not have 
an intuitive interpretation since trade credit is obtained to finance purchases of inputs and sales (i.e. flow 
variables) and not purchases of assets (i.e. stock variables). Furthermore, both scaling factors (i.e. assets 
and sales) exhibit very similar patterns of decline after the crisis. 
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more willing to extend more credit to their customers. In this sense, net credit shows the 

relative willingness to extend trade credit, given the credit firms receive themselves. 

Thus, we use the following set of three main dependent variables: 

TRECTOS: Trade Receivables / Total Sales 

TPAYTOC: Trade Payables / Cost of Goods Sold 

NTCS: (Trade Receivables – Trade Payables)/ Total Sales 

To study the heterogeneous firm responses to crisis we generate the following 

ratios, as discussed in section II: short-term debt to assets, cash flow to assets and cash 

stock to assets. To reduce the effect of potential endogeneity, we use two alternative 

specifications for all variables: a time-varying ratio measured at the beginning of each 

year, and a pre-crisis ratio, computed at the period preceding the crisis event. We also use 

the exposure to devaluation measure described in section III. To control for time-varying 

attributes not captured by the firm fixed effects, we include annual real sales growth (for 

each firm) and the depreciation in the exchange rate for each country-year (obtained from 

the IFS), which helps to capture the severity of the crisis.  Finally, to study the responses 

of trade credit to aggregate bank credit provision, we use the growth rate of credit to 

private sector, scaled by GDP (obtained from the IFS). Summary statistics for these 

variables are presented in Table 5.1, Panel B.  

To ensure the robustness of our results, we examined the distribution of our key 

variables and removed outliers. We removed all figures that appeared to be misreported 

(such as negative numbers for trade credit or assets). For our trade credit ratios we 

eliminated all values that implied trade credit of over 1 year long (this eliminated about 

2-3% in the top tail of the distribution of these ratios). We finally removed observations 
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with extreme values of cash, cash flows, sales growth and short-term debt ratio (outside 

of the 1% tails in the distribution).90  

 

5.4.4 - Descriptive analysis 

We start with the graphical analysis of the behavior of our main ratios around the 

crisis time. Figure 5.1 presents the graphs with medians of trade credit ratios and the 

aggregate bank credit figures around the crisis time.91 We see that all trade credit ratios 

exhibit very similar patterns – a slight increase in the crisis year and sharp declines in 

post crisis times.  The decline is most pronounced for net trade credit (from the highest to 

the lowest point the drop is about 36%) and is much less dramatic for payables (with a 

change of only about 15%). In addition, trade payables start to go up in the second year 

after the crisis and almost fully recover in the third year; receivables, on the other hand, 

stay low for all 3 years after the crisis.92 We also find that bank credit growth declines in 

the two consecutive years after the crisis hit, clearly resembling the behavior of trade 

credit.93 Table 5.1, Panel C presents tests for statistical significance of the differences in 

trade credit figures between crisis and post-crisis periods relative to the pre-crisis time.  

We see results very consistent with our graphical analysis: both payables and receivables 

show a significant increase in the crisis year, but only trade receivables and net credit 

show a persistent decline in subsequent periods relative to the pre-crisis period. Thus, 

although we do find evidence of a short-term “emergency assistance” (in the form of 

                                                 
90 To preserve our sample size we do not drop outlier observations but simply set them to missing, As a 
result the number of actual observations used is somewhat different from model to model. 
91 We also plot ratios scaled by assets, for comparison. We referred to them as trectoa, tpaytoa and ntca for 
receivables, payables and net trade credit respectively. 
92 The mean ratios exhibit very similar patterns. Also, when the graphs are done separately for each 
country, we find that most countries follow the same aggregate pattern with the most uniform behavior 
observed for receivables and net credit; while payables seem to exhibit more variation across countries. 
93 Table 5.1, Panel D shows that all countries except Korea followed the same trend of decline in bank 
credit in the post-crisis years. 
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increased credit), in the aftermath of the crisis the credit availability hypothesis finds 

more support in the data. In the next section we study these patterns more formally.   

 

 

5.5 – RESULTS 

5.5.1 - Aggregate patterns 

We present our main results using the “balanced 7” sample because it allows us to 

include additional POST3 interaction and some ratios exhibit different behavior in the 

third year after the crisis relative to the first two (results for the “balanced 5” sample are 

very similar and are available on request).  All tables present the first three regressions 

without control variables and the next three including the set of time varying control 

variables. Table 5.2 – Panel A presents our basic results. Here we observe the same 

pattern shown in the graphical analysis. In particular, accounts receivables provided by 

our firms increases immediately after the crisis and then drops sharply in the post-crisis 

time. However, trade credit received by the firms in our sample does not exhibit a 

significant decline in the post-crisis. We discuss some possible explanations for this 

asymmetric response below. When we add control variables to each regression, we obtain 

even more significant results.  Interestingly, the coefficient on DISTANCE is negative 

and significant for receivables and net credit, indicating that the decline in trade credit 

starts already in the first year of the crisis.94 Since DISTANCE varies from 1 to 12, the 

magnitude of the coefficients shows that the temporary increase in trade credit is 

eliminated by the 9th month for receivables and the 7th month for net credit (models 4 and 

                                                 
94 The only country that offers and interesting cross sectional variation for DISTANCE is Malaysia (see 
Table 5.1 Panel A), and therefore that is the only single country in which this result is observed as a by-
country level. 
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6). The magnitude of the decline is economically significant. For example, the extension 

of trade credit by an average firm is increased by 16 days right at the peak of the crisis 

(technically, in the month 0 of the crisis) relative to the pre-crisis period (model 4). 

However, during the first two years of post-crisis the credit is extended for about 8 days 

less relative to pre-crisis period.95  

The decline in trade credit provided by our firms shortly after the crisis is 

consistent with the credit availability hypothesis discussed in section II.  Our firms are 

likely to be the main “redistributors” of credit because of their preferred financial 

position (i.e. being largest and publicly listed; in fact, they provide about 40% more 

credit than they receive, on average, see Table 5.1, Panel B). After the crisis, this “extra” 

credit is likely to be cut off. However, on the payables side our firms are not likely to 

receive “extra” credit before crises and therefore, there are no post-crisis extra cut offs. 

This could explain the asymmetric response of payables and receivables in our sample 

firms. 

 Although the immediate increase in trade credit is consistent with our emergency 

assistance hypothesis, the subsequent decline in credit suggests that this assistance is very 

short-term, after which credit availability motives dominate and redistribution shrinks.   

Note that some of this “assistance” is possibly unintended, as the customers could simply 

delay payments, thus increasing the accounts receivables relative to sales. Clearly some 

of these customers that delay or fail payments would be eventually cut off from the credit 

supplied, resulting in deterioration of trust. In fact, several reports in the media suggest 

that this was indeed the case during the recent crisis episodes.96 Given that our dataset 
                                                 
95 Note that this interpretation assumes that all firms get 100% of credit and therefore we can interpret 
these numbers in terms of number of days. It is possible that in the post-crisis period not all firms receive 
credit, or they receive less credit in % terms than before while holding it for the same number of days as 
before.   
96 For example, Bangkok Post, reported in 2000 that “Small and medium-enterprises were suffering from 
the collapse of the trade credit system … (which) was destroyed during the economic crisis when 
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includes only the largest and most credible ‘surviving’ firms in each economy, this 

deterioration of trust is not likely to affect the payable side of our sample. This provides 

another possible explanation for the asymmetric response of payables and receivables. 

 

5.5.1.1 – By - Country Analysis 

To better understand of the behavior of trade credit during financial crises, I 

estimate equation (1) on each individual country.  The results are presented in Panels B to 

G of Table 5.2. 

I find that the behavior of the TRECTOS during crises is consistent with the 

hypothesis in Malaysia, Indonesia, Mexico and Philippines, and weakly consistent (i.e. 

the model loses significance with a full set of dummy variables) in the case of Korea, and 

is rejected in the case of Thailand. 

In addition, each country’s TRECTOS exhibit distinct characteristics in terms of 

timing and variations.  In the aggregate, TRECTOS increases by 19 days during the crisis 

(16 days if a full set of controls is included). However, within two years after the crisis, 

TRECTOS decline to levels that are 7 days below pre-crisis levels. The trend continues in 

the third year post-crisis during which TRECTOS are 15 days below the pre-crisis levels. 

Indonesia experienced the largest difference in its trade credit response to the crisis than 

other countries in the sample. During the crisis, receivables rise to 40 days in the model 

without controls and 90 days in model with controls, before falling below aggregate level 

afterwards.  

                                                                                                                                                 
businesses lost confidence in the economic outlook and each other.”  Similarly, “It has been common 
practice for computer companies and suppliers of components to provide their largest distributors and 
customers in Russia with goods/components on a delayed payment basis, enabling them to free up funds for 
larger purchases. Unfortunately, at present, due to the financial crisis and Russia's low credit rating, many 
of these credit lines have been withdrawn. Consequently, relations between suppliers and distributors, 
along with painstakingly developed distribution network have been extensively disrupted.” (International 
Market Insight Reports, 1998). 
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The effect of a crisis on trade credit in the Philippines is more prolonged. The 

Philippines observe a large increase during the crisis year; 39 days in the model with no 

controls and 28 in the model with controls, but then receivables remain at levels that are 

higher than the pre-crisis levels for at least the next three years.   

In the case of Malaysia, there is a moderate increase in receivables of around 23 

days without controls and 27 with controls. It took three years for the level of receivables 

to fall back to pre-crisis level. In Mexico, receivables increase by 22 days in the model 

without controls and 15 days in the model with controls, but revert to pre-crisis levels 

immediately after the crisis.  In contrast, there appears to be no change in receivables 

levels in Korea and Thailand during the crisis but a large decrease in the level of 

receivables in the post crisis period.  This suggests that the crisis has a lagged effect on 

trade credit of firms in Korea and Thailand. 

The results on TPAYTOC at a country level are consistent with the ones obtained 

in the aggregate for Philippines and Thailand, weakly consistent for Indonesia and 

Mexico, and inconsistent in the case of Malaysia and Korea.  Philippines and Mexico 

show an increase in the level of TPAYTOC in the first and second year after the crisis 

when a full set of control variables is included. 

In the aggregate sample, TPAYTOC increases 11 days (8 days in the model with 

controls) and then declines to the pre-crisis levels in the years after the crisis (the 

coefficients for POST12 and POST3 are non-distinguishable from 0).  TPAYTOC levels 

in Philippines increase notably during the crisis (around 45 days) and then falls to zero 

(in the model with controls it is still 9 days higher than in the pre-crisis level in the first 

two years and then goes to zero) in the post-crisis years.  For Thailand, TPAYTOC  has a 

modest increase in the crisis year (19 and 16 days in the models with and without 

controls) before declining to zero in the first two years after the crisis and to 5 days below 
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pre-crisis levels in the third year post-crisis. Malaysian firms’ TPAYTOC does not rise 

until the third year after the crisis. The delayed increase results in a more substantial rise 

of more than 15 days above the pre-crisis levels).  In Mexico TPAYTOC increase slightly 

during the crisis before dropping to pre-crisis levels immediately after the crisis ends.  

However, in the model with controls, there is no increase until the first two years after the 

crisis. The number then decreases below pre-crisis levels in year three.  Indonesia shows 

an almost insignificant increase in the crisis year and a significant decrease in the years 

after the crisis.  Finally, there is almost no change in TPAYTOC levels in Korea.  The 

coefficients are almost always insignificant, with the exception of a negative effect in the 

third year after the crisis. Nevertheless, this negative effect dissipates once controls are 

included in the model. 

The reasons why firms in different countries react differently to financial crises 

should be searched in the different banking systems and financial markets, legal systems 

and the protection of the property rights. 

  Countries whose banking system is more solid may be in a better position to 

protect the currency from a speculative attack during a crisis, providing a larger liquidity 

injection to the system, promoting a redistribution of money through the channel 

provided by trade credit.  In Table 5.1 Panel D we see that Korea is the only country that 

keeps a positive bank credit growth rate after the crisis.  The strength of Korea’s banking 

system may help explaining why trade credit did not increase during the crisis, banks 

reacted rapidly and continued lending money to firms.  In the third year after the crisis 

the decrease in the level of receivables may reflect the deterioration in the fundamentals 

of some industries.  Similarly, we see that compared to the rest of the countries in the 

sample, Indonesia’s bank credit was growing very slow in the pre-crisis and had a 
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tremendous decrease in second year after the crisis.  This explains why Indonesian firm’s 

trade credit was hardly affected by the crisis. 

The differences in leverage (maturity and currency denomination of the debt) in 

each country at the pre-crisis level are likely to affect the response of the international 

community to the crisis, and therefore the impact on trade credit.  The extreme case of 

Indonesia helps to illustrate this effect; in June 1997, right at the moment of the crisis, the 

debt denominated in local currency issued by local firms was only 2.15% of the total.97  

This further explains the impact of the crisis on trade credit in Indonesia. 

Countries with a legal system that provide a superior protection of the property 

rights are likely to receive better and faster assistance from the international community 

during the crisis.  This would imply a shorter and lighter effect of the crisis on trade 

credit.  Anecdotal evidence shows that Korea’s legal system and protection of property 

rights is among the best in the countries in this sample; this would be an additional 

explanation for the difference in the results obtained across countries. 

Another important factor to consider is the timing of the crisis.  The Mexican 

Crisis was before the Asian one, and was seen as a novel experience, prompting quick 

help from the international financial community that was concerned about contagion 

effects.  When the Asian Crisis struck, the novelty had worn off and a more pragmatic 

approach was taken to deal with the crisis. This resulted in a protracted process which 

seems reflected in the speed in which the levels of trade receivables (both payables and 

receivables) go back to “normal” pre-crisis levels in Mexico as opposed to Asian 

countries.   

 

                                                 
97 See Beim and Calomiris (2001) 
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5.5.2 - Heterogeneous firm responses 

5.5.2.1 - Short-term debt  

As suggested in earlier sections, the firms that enter the crisis with a high 

proportion of short-term debt are likely to be particularly disadvantaged by the crisis, 

because of the higher costs of short-term debt and difficulties in rolling it over.  The 

redistribution view suggests that this difficulty would be reflected in their trade credit 

behavior. We test this intuition using model (2) and report the results in Table 5.3. 

We first observe the results corresponding to the pre-crisis period. We see the 

typical phenomenon already described by the literature: firms with higher percent of 

short-term debt provide more trade credit to their customers. All coefficients are 

statistically and economically significant. We also observe that before the crisis these 

firms relied less on trade credit from their suppliers. Since trade credit comes lower down 

in the pecking order due to its high costs,98 it is relied on primarily by those firms that 

have less access to alternative sources of financing, and specifically, less access to short-

term debt.  

The picture changes soon after the crisis, when firms with preferred short-term 

debt position suddenly face the difficulties in rolling over their debt. We observe that 

starting in the crisis period, these firms sharply cut down the amount of trade credit 

extended to their customers. The magnitudes of the coefficients (in model 4) suggest that 

all the extra credit provided by firms with short-term debt before crisis is eliminated after 

the crisis. Our results also suggest that firms with higher short-term debt positions tend to 

                                                 
98 See Petersen and Rajan (1997). Moreover, Wilner (2000) reports Trade Credit to be at least 18% more 
expensive than financial credit. 
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make more extensive use of trade credit in the aftermath of the crisis, substituting for now 

expensive short-term debt.99  

These results refine our explanation for the decline in aggregate credit observed 

earlier: The disruption to the redistribution mechanism typically provided by trade credit 

comes from the special difficulties inflicted upon the most traditional suppliers of this 

type of credit, namely, the firms with higher exposures to short-term borrowing.   

 

5.5.2.2 - Cash flows and liquidity 

Firms that arrive to the crisis with a large liquidity cushion (represented either by 

larger cash stocks or cash flow generation) are best fitted to financially support profitable 

commercial operation (by extending more credit to their customers) as well as to 

temporarily reduce reliance on trade credit (which their suppliers might have difficulties 

providing). Hence, we test the differential trade credit behavior of firms with larger stock 

of cash or cash flow (i.e. liquidity). 

In Table 5.4 we include the interaction terms between crisis and post-crisis 

dummies and cash flow. We observe that firms with higher cash flow generation 

consistently provide higher trade credit financing to their customers. The interaction is 

highly significant for all three periods, with or without the subset of additional control 

variables.  There is no clear evidence that firms with high cash flow make less use of 

trade credit during and after crisis. 

                                                 
99 As we suggested earlier, potential endogeneity could arise because short-term debt could be influenced 
by the trade credit policy. We reproduce our results using only pre-crisis values of short-term debt as 
interactions. Thus, the pre-crisis level of short-term debt is subsumed in fixed effects and we are only able 
to see the differential responses to crisis of firms with high level of short-term debt. We find the same 
response – firms with high pre-crisis level of short-term debt decrease provision of trade credit and increase 
reliance on credit from their suppliers.  
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The next tests include the interaction of the crisis and post-crisis indicators with 

the cash to assets ratio. We estimate two specifications: one taking the beginning-of-year 

value of the cash stock, and the other using the value of the cash stock just before the 

crisis occurred.  Results are presented in Tables 4.5 and 4.6 respectively. The results 

show weak evidence confirming that firms with higher cash to assets ratios tend to give 

more trade credit (and particularly net trade credit) to their customers during crisis times. 

This result is naturally more evident when we use the specification computing the cash 

stocks in the pre-crisis period (see Table 5.6). Finally, we also find some evidence that 

firms with larger stocks of cash rely less on credit from their suppliers, even though this 

is only true for the two years following the crisis hit. These two last sets of results 

conform to our hypothesis that credit redistribution occurs from the firms with better 

financial position to the firms with weaker financial position.  

 

5.5.2.3 - Exposure 

We last examine the heterogeneous response of firms with different exposure to 

changes in the exchange rate.  According to the redistribution view, we expect that firms 

that are most favored (or least harmed) by exchange rate depreciation to provide more 

trade credit to their customers. As a proxy for the exposure to exchange rate, we use the 

estimated response of stock market prices to exchange rate depreciations, BETA, 

discussed in section III. Firms that are more favorably affected by depreciations have 

higher BETA. Results in Table 5.7 support our conjecture: Firms with favorable 

exchange rate exposure provide more trade credit during both crisis and post-crisis 

times.100 Interestingly, we find the result even after controlling for the cash flows of 

                                                 
100 We have also used weighted regressions, with weights proportional to the significance of  our estimates 
for BETA – the exchange rate exposure. Our results are even stronger with weighted regressions.  
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exporters (in the form of interactions with crisis dummies; results are available on 

request). This suggests that change in trade policy of exporters is not simply explained by 

the cash flow effect. Exporters could have used more generous trade credit policy to 

increase their sales after crisis. Alternatively, foreign customers may not be subject to 

deterioration of trust and disruption of the trade linkages, and may therefore be able to 

maintain trade credit privileges. 

 

5.5.3. Heterogeneous country-level response to crisis: Bank Credit Growth 

The declining pattern of trade credit in the post-crisis periods provides some 

initial support for our credit availability hypothesis.  To deepen our understanding of this 

view we study here the differences in response of trade credit to aggregate bank credit 

behavior.101 We use the model (3) and report the results in Table 5.8. First, we observe a 

clear positive relationship between bank credit growth and extension of trade credit, 

especially during the crisis period. Again, the positive response is the most significant for 

receivables and net credit, and not so much for payables, where coefficients are positive 

but non-significant. We also find that the post-crisis drop in trade credit provided by the 

firms in our sample (and therefore the drop in the net credit) is sharper for countries that 

experienced larger contractions in bank credit. Despite the potential limitations of this 

analysis, the results are consistent with the credit availability hypothesis: Contractions in 

bank credit are at least partially responsible for contractions in trade credit, on average. 

Since most of the contraction in bank credit is likely to come in the form of short-term 

debt not being rolled over (since long-term debt would not be immediately affected by 

                                                 
101 We use the country and time variation in the credit growth. However, since we only have 6 countries 
and 7 periods the degrees of freedom might be a concern. Therefore these results should be interpreted with 
a caution and would require more scrutiny in the subsequent research.  
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the crisis), this result bodes well with our earlier results for firms with higher shares of 

short-term debt.    

 

 

5.6 – CONCLUSIONS 

In this paper we study the behavior of trade credit around the time of financial 

crises. First, we find that immediately after the crises, firms increase the provision of 

trade credit, which we argue serves a role of emergency assistance which helps (some) 

firms to maintain their commercial operations in the absence of other sources of finance. 

However, after several months, the trade credit provided by our firms exhibits a prolong 

decline, but the trade credit our firms receive does not decline. We argue that this pattern 

is a result of the contraction in all available sources of external finance which leads to 

disruption of inter-firm redistribution channels. Consistent with this idea we find that 

sharper declines in bank credit growth lead to sharper declines in trade credit. We also 

suggest that delayed repayments result in deterioration of trust leading to additional 

contraction in trade credit provision.  

Second, we study how different firms respond to the crises and provide novel tests 

in support of the redistribution view. We find that before the crises, firms with high 

proportion of short-term debt are the main providers of trade credit (and use less trade 

credit from their suppliers). However, after the crisis, these firms sharply cut the amount 

of trade credit they provide and increase their reliance on trade credit from their 

suppliers. In other words, what is a preferred financial position before the crisis (i.e. 

short-term debt) turns into a heavy disadvantage after the crisis, with a corresponding 

change in the trade credit behavior. We also find some evidence that more liquid firms 

(i.e. those with high cash stock or cash flow) and firms that are favorably affected by the 
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devaluation in the exchange rate extend more credit to their customers and rely less on 

credit from their suppliers. 

We show that even though trade credit could potentially serve a role of 

emergency assistance, this role is very short-term. In the long aftermath of the crisis, 

trade credit contracts as a result of overall shortage of funds and disruption of the 

redistribution networks.  We also find that firms with better financial positions provide 

trade credit financing to those with weaker financial stands.  We find, however, that the 

subset of firms in preferred position changes around crisis times.  Our results highlight 

the importance of the aggregate bank credit availability, especially during the times of the 

crisis. 

Although a useful first start, our paper leaves many areas for future research. Our 

data includes only few crises in a small set of countries and consequently, leaves us with 

some concern regarding degrees-of-freedom. In addition, the patterns observed for largest 

publicly traded firms may not generalize to the rest of the firm population. More research 

is needed to test whether the patterns we find hold for different firms’ sizes and are robust 

in a different sample of crisis episodes. Finally, our paper does not answer the question of 

whether trade credit helps the firms to survive the crisis, or increase market share and 

profitability. These are important questions to warrant more future research on this topic 

with better-suited data.  
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Tables 

Table 2.1 – Panel A: Summary Statistic by Industry 

This table presents the “Fama-French 48” industry division along with selected summary statistics for the 
industries.  Nobs is the number of observation in each Industry and Freq is the Frequency.  Manuf and 
Trade identify Manufacturing and Trade Industries respectively.  TRCA is the average value of Trade 
Payables to Assets and TCCGS is the average value of Trade Payables on Cost of Goods Sold in each 
industry.  FINDIST is the percentage of firms in Financial Distress in each industry.  

Ind. Industry Name Nobs Freq. Manuf TRCA TCCGS FINDIST
1 Agriculture 508 0.42 0.0 0.0664 49.39 32.9%
2 Food Prods 2685 2.21 1.0 0.1133 34.34 11.7%
3 Candy & Soda 225 0.19 1.0 0.1018 41.77 15.5%
4 Beer & Liquor 453 0.37 1.0 0.0800 57.89 7.9%
5 Tobacco Products 172 0.14 1.0 0.0736 43.65 1.3%
6 Recreation 1369 1.13 1.0 0.1039 46.97 23.9%
7 Entertainment 2622 2.16 * 0.0768 61.33 22.2%
8 Printing & Publishing 1311 1.08 1.0 0.0887 52.99 11.9%
9 Consumer Goods 2981 2.45 1.0 0.1067 49.63 17.2%
10 Apparel 2076 1.71 1.0 0.1174 35.92 18.5%
11 Healthcare 2116 1.74 0.0 0.0710 37.70 20.7%
12 Medical Equipment 3433 2.82 1.0 0.0832 65.36 35.5%
13 Pharmaceutical Products 3726 3.06 * 0.0683 67.49 50.4%
14 Chemicals 2418 1.99 1.0 0.0978 51.13 10.9%
15 Rubber & Plastic 1746 1.44 1.0 0.1081 42.37 14.9%
16 Textiles 1245 1.02 1.0 0.1058 33.07 12.0%
17 Construction Material 3953 3.25 1.0 0.0930 35.55 12.8%
18 Construction 2092 1.72 0.0 0.1247 49.04 31.5%
19 Steel Works 2384 1.96 1.0 0.1034 40.73 16.2%
20 Fabricated Products 797 0.66 0.0 0.1082 39.34 15.5%
21 Machinery 5080 4.18 1.0 0.1054 48.25 18.2%
22 Electrical Equipment 2215 1.82 1.0 0.1043 46.28 18.9%
23 Autos & Trucks 2253 1.85 1.0 0.1281 39.85 12.3%
24 Aircraft 682 0.56 1.0 0.1022 41.57 13.5%
25 Shipbuilding & Railroad Equipment 322 0.26 1.0 0.1122 42.52 17.2%
26 Defense 163 0.13 1.0 0.1015 38.00 9.2%
27 Precious Metals 948 0.78 0.0 0.0530 73.42 36.7%
28 Mines 664 0.55 0.0 0.0647 58.93 20.8%
29 Coal 184 0.15 1.0 0.0662 40.81 25.7%
30 Petroleum & Natural Gas 6240 5.13 * 0.0904 127.69 18.9%
31 Utilities 5346 4.4 0.0 0.0607 46.74 1.2%
32 Communication 4083 3.36 0.0 0.0669 85.36 18.5%
33 Personal Services 1227 1.01 0.0 0.0699 42.11 24.9%
34 Business Services 12150 9.99 0.0 0.0898 69.85 28.5%
35 Computers 5885 4.84 1.0 0.1162 64.72 33.0%
36 Electronic Equipment 7387 6.08 1.0 0.0993 54.14 22.4%
37 Measurement & Control Equipment 3169 2.61 1.0 0.0818 50.02 21.0%
38 Business Supplies 2338 1.92 1.0 0.0954 38.02 8.4%
39 Shipping Container 451 0.37 1.0 0.1003 36.16 9.4%
40 Transportation 3878 3.19 0.0 0.0857 40.85 11.5%
41 Wholesale 6496 5.34 0.0 0.1896 47.33 19.9%
42 Retail 7618 6.27 0.0 0.1680 45.11 16.2%
43 Restaurants & Hotels 3115 2.56 0.0 0.0727 31.05 17.2%
48 Other 1375 1.13 * 0.0882 62.14 25.2%

Sum  121581 100 26   
Avg   0.0956 50.15 18.9%
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Table 2.1 – Panel B: Evolution of Trade Credit in the TIMELINE 

This table shows the distribution of firms along the Timeline and some selected summary statistics.  The 
variables are defined in Panel A.  Nobs is the number of observation in each group and Freq is the 
Frequency.  TRCA is the average value of Trade Payables on Assets and TCCGS is the average value of 
Trade Payables on Cost of Goods Sold in each group.  SALES(C) and ASSETS(C) are the average value of 
Net Sales and Total Assets in each group.  Both variables are presented in constant values of Year 2000.   

Timeline Nobs Freq TRCA TCCGS SALES(C) ASSETS(C) 
       

-11 248 0.68 0.1050 0.1384 1020.41 1213.11 
-10 326 0.89 0.1077 0.1359 1103.35 1224.01 
-9 409 1.11 0.1093 0.1344 959.68 1126.24 
-8 546 1.49 0.1109 0.1401 937.25 962.08 
-7 751 2.04 0.1089 0.1624 888.47 886.67 
-6 1024 2.79 0.1099 0.1609 759.31 774.74 
-5 1377 3.75 0.1118 0.1649 643.97 645.34 
-4 1865 5.08 0.1151 0.1662 610.33 612.41 
-3 2710 7.38 0.1117 0.1701 558.50 575.53 
-2 3816 10.39 0.1106 0.1732 459.44 482.73 
-1 5706 15.53 0.1103 0.1851 393.17 388.73 
0 9139 24.88 0.1144 0.2354 249.77 287.46 
1 4218 11.48 0.1145 0.2382 193.23 214.56 
2 2075 5.65 0.1120 0.2435 162.03 203.48 
3 1101 3.00 0.1093 0.2414 210.07 199.03 
4 591 1.61 0.1004 0.2540 290.84 251.96 
5 325 0.88 0.0988 0.2241 406.00 227.74 
6 203 0.55 0.0922 0.2503 857.45 349.76 
7 118 0.32 0.0895 0.2590 1330.31 556.79 
8 76 0.21 0.1083 0.2909 2566.62 893.87 
9 46 0.13 0.1056 0.2707 4009.74 1585.23 

10 24 0.07 0.0977 0.4040 7158.35 3607.58 
11 13 0.04 0.1157 0.1977 14864.37 7123.88 
12 10 0.03 0.1630 0.2922 17079.96 8277.64 
13 6 0.02 0.1306 0.2187 30539.67 14302.01 
14 4 0.01 0.1303 0.1467 51638.49 21665.88 
15 4 0.01 0.1306 0.1228 56990.98 23987.99 
16 3 0.01 0.1453 0.1349 61951.25 26027.14 
17 1 0.00 0.2579 0.1247 144479.30 67124.84 
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Table 2.2: Summary of the Main Variables 

This table summarizes the main variables used in models of this paper. 
Measures of trade credit 

TRCA trade payables over total 
assets 

Measure what portion of the assets is financed by suppliers 

TCCGS trade payables over cost 
of goods sold 

Measures the trade credit (in days) scaled by the transaction that 
generated it (Purchases that is proxied by Cost of Goods Sold) 

TCFD trade payables over 
financial debt 

Measures the relation between trade credit and financial debt 

TRCE trade payables over 
equity 

Measures the relation between trade credit and equity 

 
Measures of Distress 

FINDIST 
FINDIST_LAG 

Dummy Var.  = 1 if the 
firm is in financial 
distress - (1 Lag).  
Alternative measure - 0 
lags. 

A firm is in FD if: 
EBITDA < Interest Pmts for two years in a row,  
Or,  
EBITDA < (80% * Interest Pmts) in any year 

DEFAULT Dummy Var. = 1 if the 
firm is categorized in 
“default” by Standard 
&Poor’s 

 

FDYS 
FDYS2 

Number of years that a 
company has been in 
FD. 

Sum of Years in which FINDIST = 1 for a given company. 

TIMELINE Identifies at what stage 
of the financial distress 
process the company is 

Zero indicates that the firm entered in financial distress in that 
same year.  Positive numbers indicate the years spent in financial 
distress, and negative numbers indicate the distance to entering 
in financial distress. 

TROUBLE Dummy variable = 1 if 
the firm has FINDIST=1 
at any moment in the 
sample life  

This variable indicates if the firm enters into financial distress at 
any time during the sample time. 

 
Other Control Variables 

SALESGROWTH Difference in sales from 
t-1 to t. 

 
(Salest – Salest-1)/ Salest-1 

MKTPOWER Measure of market 
power; interaction of 
market share, and 
Herfindahl Index. 

 
Market share of firm * Herfindahl Index of industry 
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Table 2.3 – Panel A: Trade Credit and Financial Distress 

This table shows the results of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is 
TCCGS, Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial 
distress under the measure by Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  FDYS 
is a variable that counts how many years the firm has spent in Financial Distress.  FDYS2 is FDYS squared.  
DIFSALES_SLES is the first difference in sales scaled by sales.  LNASSETS is the natural log of total assets.  The 
sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute value of t-stats is shown in brackets. T-
stats in the OLS specification are clustered by firms and are based on robust standard errors.  All regressions have a 
constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails 
test. 

 (1) (2) (3) (4) 
Dep. Var. TCCGS TCCGS TCCGS TCCGS 

          
findist_lag 5.2121*** 3.7044*** 17.4823*** 10.5563*** 
 [12.74] [8.13] [20.96] [13.71] 
difsales_sles 2.0532*** 2.4751*** 8.4794*** 9.5410*** 
 [5.64] [6.69] [11.05] [12.35] 
fdys  1.1607***  5.3299*** 
  [4.36]  [9.58] 
fdys2  0.0481  -0.3993*** 
  [1.51]  [4.86] 
lnassets   0.2532 0.3980* 
   [1.16] [1.82] 
          
Observations 85733 85733 85733 85733 
R-squared 0.7 0.7 0.15 0.15 
Adj.R2 0.66 0.66 0.15 0.15 
N firms   12018 12018 
          
Model Fixed Effects Fixed Effects Pooled OLS Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Firms Industry Industry 
Clustering     Firms Firms 
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Table 2.3 – Panel B: Substitution Effect Trade Between Credit and Financial Distress 

This table shows the result of the estimation of Equations (1) and (2).  The Dependent Variables are TRCA Trade 
Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables on Financial 
Debt.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, 
Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first difference in 
sales scaled by sales.    LNASSETS is the natural log of total assets.  The sample is the full sample form 
COMPUSTAT from 1980 to 2000.  Absolute value of  t-stats is shown in brackets. T-stats in the OLS specification are 
clustered by firms and are based on robust standard errors.  All regressions have a constant that is not reported.  
Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 

  (1) (2) (3) (4) (5) (6) 
Dep. Var. TRCA TRCA TRCE TRCE TCFD TCFD 

       
findist_lag 0.0090*** 0.0204*** 0.1479*** 0.2380*** 0.0048*** 0.0106*** 
 [16.37] [15.92] [27.39] [24.48] [8.48] [9.90] 
difsales_sles 0.0121*** 0.0071*** 0.0091* 0.0043 0.0010** 0.0005 
 [25.07] [7.27] [1.91] [0.62] [1.99] [0.67] 
lnsales  0.0009**  0.0237***  -0.0110*** 
  [2.56]  [11.13]  [45.33] 
              
Observations 86341 86341 85415 85415 76313 76313 
R-squared 0.78 0.16 0.55 0.07 0.65 0.2 
Adj.R2 0.74 0.16 0.47 0.07 0.59 0.2 
N firms  12080  11951  11156 
              
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms 
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Table 2.4 – Panel A: Trade Credit, Financial Distress and Firm Size 

This table shows the result of the estimation of Equations (1) and (2) for trade payables dividing the sample in LARGE 
and SMALL firms.  The Dependent Variable is TCCGS, Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a 
dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner and Scharfstein (1994) 
as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first difference in sales scaled by sales.  
PRE_LARGE_S is a dummy variable that identifies firms whose sales are above the median of their industry in a 
given year.  FINDIST_LAG_PRE_LARGE_S is an interaction term that identifies large firms in financial distress.    
The sample is the full sample form COMPUSTAT from 1980 to 2000.  TROUBLE is the sub-sample of firms that 
enter into financial distress at some time in the sample time.  Absolute value of  t-stats is shown in brackets. T-stats in 
the OLS specification are clustered by firms and are based on robust standard errors.  All regressions have a constant 
that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test.  

  LARGE FIRMS SMALL FIRMS 
TROUBLE SAMPLE (LARGE & 

SMALL) 

 (1) (2) (3) (4) (5) (6) (7) 
 TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS 
                
findist_lag 1.65*** 3.10** 5.60*** 18.31*** 5.42*** 8.50*** 11.41*** 
 [2.79] [2.36] [9.47] [18.29] [8.62] [10.88] [10.52] 
difsales_sles 4.89*** 10.39*** 1.55*** 9.04*** 2.62*** 7.51*** 7.34*** 
 [10.44] [9.93] [2.66] [8.44] [4.78] [7.04] [6.88] 
pre_large_s      -6.93*** -5.23*** 
      [5.73] [4.26] 
findist_lag_pre_large_s    -3.05***  -7.28*** 
     [3.12]  [4.70] 
        
Observations 46437 46437 37054 37054 33415 33415 33415 
R-squared 0.76 0.14 0.72 0.18 0.63 0.14 0.14 
Adj.R2 0.72 0.14 0.65 0.18 0.58 0.14 0.14 
N firms 6459 6459 7344 7344 3920 3920 3920 
                

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Pooled 
OLS 

Sub-sample Large Firms 
Large 
Firms Small Firms 

Small 
Firms Trouble Trouble Trouble 

Dummies Firms Industry Firms Industry Firms Industry Industry 
Clustering   Firms   Firms   Firms Firms 
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Table 2.4 – Panel B: Substitution Effect and Firm Size 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variables are 
TRCA Trade Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables 
on Financial Debt.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by 
Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first 
difference in sales scaled by sales.  PRE_LARGE_S is a dummy variable that identifies firms whose sales are above 
the median of their industry in a given year.  FINDIST_LAG_PRE_LARGE_S is an interaction term that identifies 
large firms in financial distress.    The sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute 
value of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust 
standard errors.  All regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, 
** at 5%, and * at 10% in a two-tails test.  

  (1) (2) (3) (4) (5) (6) 
 TRCA TRCA TRCE TRCE TCFD TCFD 
              
findist_lag 0.0115*** 0.0188*** 0.1550*** 0.1905*** 0.0048*** 0.0162*** 
 [12.60] [9.90] [16.82] [13.98] [4.68] [8.42] 
pre_large_s  0.0018  0.0699***  -0.0412*** 
  [0.72]  [5.14]  [24.80] 
findist_lag_pre_large_s -0.0083*** -0.0122*** -0.014 -0.0428* -0.0026* -0.0103*** 
 [5.84] [4.39] [0.98] [1.95] [1.66] [4.39] 
difsales_sles 0.0122*** 0.0090*** -0.0247*** -0.0084 0.0009 -0.0032*** 
 [15.39] [6.59] [3.10] [0.85] [1.04] [2.74] 
              
Observations 33684 33684 33286 33286 29032 29032 
R-squared 0.71 0.12 0.46 0.06 0.59 0.14 
Adj. R2 0.67 0.12 0.39 0.06 0.53 0.14 
N firms  3924  3913  3729 
              

Model 
Fixed 

Effects Pooled OLS 
Fixed 

Effects Pooled OLS 
Fixed 

Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms 
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Table 2.5 – Panel A: Trade Credit and Financial Distress in Retail Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables dividing the sample in 
RETAIL and NON-RETAIL firms.  The Dependent Variable is TCCGS, Trade Payables on Cost of Goods Sold.  
FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner 
and Scharfstein (1994) as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first difference in sales 
scaled by sales.  PRE_MKTSHARE measures the firm’s market share by dividing its sales by those of the industry 
each year.  FINDIST_LAG_PRE_MKTSHARE is an interaction term that identifies large firms (in terms of market 
share) that are in financial distress.    The sample is the full sample form COMPUSTAT from 1980 to 2000.  
TROUBLE is the sub-sample of firms that enter into financial distress at some time in the sample time.  Absolute 
value of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust 
standard errors.  All regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, 
** at 5%, and * at 10% in a two-tails test.  

  RETAILERS NON-RETAILERS TROUBLED RETAILERS 

 (1) (2) (3) (4) (5) (6) 
 TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS 
       
findist_lag -0.3271 6.8184** 5.3176*** 20.5481*** 0.8542 8.0798** 
 [0.35] [2.30] [12.41] [22.18] [0.61] [2.07] 
pre_mktshare      13.969 
      [1.14] 
findist_lag_pre_mktshare    -15.4711** -26.2417* 
     [2.52] [1.79] 
difsales_sles 5.0396*** 5.8139*** 2.3796*** 10.6842*** 5.2591** 5.086 
 [4.67] [2.58] [6.23] [12.79] [2.49] [1.38] 
lnassets  -1.6057**  0.9336***   
  [2.33]  [4.69]   
              
Observations 5320 5320 78171 78171 2026 2026 
R-squared 0.79 0.03 0.71 0.03 0.69 0.02 
Adj.R2 0.75 0.02 0.67 0.03 0.64 0.01 
N firms  784  11012  272 
              
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS Fixed Effects Pooled OLS 

Sub-sample Retailers Retailers 
Non-

Retailers 
Non-

Retailers Retailers Retailers 
Dummies Firms Year Firms Year Firms Year 
Clustering   Firms   Firms   Firms 
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Table 2.5 – Panel B: Substitution Effect in Retail Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variables are 
TRCA Trade Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables 
on Financial Debt.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by 
Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first 
difference in sales scaled by sales.  RETAILERS is a dummy variable that identifies firms in the Industry number 41 
according to Fama French 48 industry classification (DNUM 5000 to 5190).  FINDIST_LAG_RETAIL is an 
interaction term that identifies retailers in financial distress.    The sample is the full sample form COMPUSTAT from 
1980 to 2000.  Absolute value of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms 
and are based on robust standard errors.  All regressions have a constant that is not reported.  Coefficients with *** are 
significant at 1% level, ** at 5%, and * at 10% in a two-tails test.  

  (1) (2) (3) (4) (5) (6) 
 TRCA TRCA TRCE TRCE TCFD TCFD 
       
findist_lag 0.0095*** 0.0221*** 0.1453*** 0.1776*** 0.0049*** 0.0366*** 
 [16.65] [15.97] [26.10] [18.45] [8.40] [29.76] 
retailers 0.0249** 0.0711*** 0.1206 0.2025*** 0.0277** 0 
 [2.09] [19.15] [1.04] [10.75] [2.42] [0.03] 
findist_lag_retail -0.0083*** -0.0055 0.0467* 0.0906* -0.0043* 0.0041 
 [3.33] [0.76] [1.89] [1.85] [1.72] [0.73] 
difsales_sles 0.0126*** 0.0057*** 0.0054 -0.0037 0.0015*** 0.0018** 
 [25.52] [5.23] [1.12] [0.52] [2.96] [2.15] 
              
Observations 84064 84064 83170 83170 74562 74562 
R-squared 0.78 0.06 0.56 0.02 0.65 0.05 
Adj. R2 0.75 0.06 0.48 0.02 0.59 0.05 
N firms  11853  11724  10949 
              
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Year Firms Year Firms Year 
Clustering   Firms   Firms   Firms 
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Table 2.6 – Panel A: Trade Credit and Financial Distress in Manufacturing Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is 
TCCGS, Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial 
distress under the measure by Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  
DIFSALES_SLES is the first difference in sales scaled by sales.  MANUF is a dummy variable that identifies 
manufacturing firms as defined in Table 1.  FINDIST_LAG_MANUF is an interaction term that identifies 
manufacturing firms in financial distress.    The sample is the sub-sample of firms in TROUBLE form COMPUSTAT 
from 1980 to 2000.  TROUBLE is the sub-sample of firms that enter into financial distress at some time in the sample 
time.  Absolute value of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are 
based on robust standard errors.  All regressions have a constant that is not reported.  Coefficients with *** are 
significant at 1% level, ** at 5%, and * at 10% in a two-tails test.  

  (1) (2) (3) 
 TCCGS TCCGS TCCGS 
    
findist_lag 5.9143*** 17.4788*** 16.6814*** 
 [9.44] [20.73] [11.18] 
manuf -4.0501 -25.9796*** -26.2975*** 
 [1.33] [5.57] [5.58] 
findist_lag_manuf -1.5601*  1.5025 
 [1.90]  [0.83] 
difsales_sles 2.4928*** 9.0018*** 9.0190*** 
 [6.80] [11.59] [11.61] 
lnassets  0.5342** 0.5372** 
  [2.54] [2.55] 
        
Observations 83491 83491 83491 
R-squared 0.71 0.16 0.16 
Adj. R2 0.67 0.16 0.16 
N firms  11791 11791 
        
Model Fixed Effects Pooled OLS Pooled OLS 
Sub-sample Trouble Trouble Trouble 
Dummies Firms Year Year 
Clustering   Firms Firms 
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Table 2.6 – Panel B: Substitution Effect in Manufacturing Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variables are 
TRCA Trade Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables 
on Financial Debt.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by 
Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first 
difference in sales scaled by sales.  MANUF is a dummy variable that identifies manufacturing firms as defined in 
Table 1.  FINDIST_LAG_MANUF is an interaction term that identifies manufacturing firms in financial distress.    
The sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute value of  t-stats is shown in brackets. 
T-stats in the OLS specification are clustered by firms and are based on robust standard errors.  All regressions have a 
constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails 
test.  

  (1) (2) (3) (4) (5) (6) 
 TRCA TRCA TRCE TRCE TCFD TCFD 
       
findist_lag 0.0081*** 0.0042* 0.1461*** 0.1613*** 0.0060*** 0.0100*** 
 [9.52] [1.90] [17.58] [11.23] [6.90] [6.72] 
manuf -0.0041 -0.0048*** 0 -0.0478*** -0.0033 0.0019** 
 [0.97] [2.75] [0.00] [5.56] [0.79] [2.50] 
findist_lag_manuf 0.0017 0.0133*** 0.0027 0.0439** -0.0023** 0.0042** 
 [1.50] [4.90] [0.24] [2.34] [2.01] [2.01] 
difsales_sles 0.0127*** 0.0057*** 0.0052 -0.0066 0.0015*** 0.0013* 
 [25.60] [5.28] [1.07] [0.90] [2.98] [1.75] 
lnassets  -0.0045***  0.0028  -0.0124*** 
  [12.70]  [1.46]  [49.78] 
              
Observations 84064 84064 83170 83170 74562 74562 
R-squared 0.78 0.03 0.56 0.02 0.65 0.23 
Adj. R2 0.75 0.03 0.48 0.02 0.59 0.23 
N firms  11853  11724  10949 
              
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Year Firms Year Firms Year 
Clustering   Firms   Firms   Firms 
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Table 2.7 – Panel A: Trade Credit and Financial Distress in High R&D and SG&A Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is TCCGS, 
Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the 
measure by Asquith, Gertner and Scharfstein (1994) as defined in the paper and 0 otherwise.  PRE-RDTOS is the average of 
R&D Expenses on Sales in the pre-financial distress time, and RDDUM is a dummy that identifies firms that report R&D 
expenses equal to 0.  FINDIST_LAG _ PRE_RDTOS is the interaction term.  PRE-SGATOS is the average of SGA Expenses 
on Sales in the pre-financial distress time, and PRE_HIGHSGA is a dummy that identifies firms in high SGA industries.  
FINDIST_LAG _ PRE_SGATOS and FINDIST_LAG _ PRE_HIGHSGATOS are the interaction terms.  DIFSALES_SLES 
is the first difference in sales scaled by sales.  The sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute 
value of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust standard 
errors.  All regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 
10% in a two-tails test. 

  (1) (2) (3) (4) (5) (6) 
Dep. Var. TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS 

findist_lag 2.9940*** 8.7059*** 9.8574*** 3.5125*** 9.0498*** 5.3271*** 
 [4.63] [9.67] [7.99] [4.84] [11.70] [5.14] 
pre_rdtos  81.5303*** 90.2680***    
  [4.93] [5.76]    
findist_lag_pre_rdtos 7.204  -20.8101    
 [1.03]  [1.20]    
pre_highsga     14.0811*** 12.4428*** 
     [11.45] [9.93] 
findist_lag_pre_highsga   1.1629  6.6634*** 
    [1.20]  [4.33] 
rddum -1.6386 -0.3292 -0.2765    
 [1.11] [0.14] [0.11]    
difsales_sles 2.4571*** 5.8154*** 5.9011*** 2.6763*** 7.1806*** 7.1215*** 
 [3.95] [5.03] [5.08] [4.89] [6.74] [6.68] 
lnassets  -0.3355 -0.3382  0.8885** 0.8828** 
  [0.91] [0.92]  [2.46] [2.45] 

Observations 20042 20042 20042 33415 33415 33415 
R-squared 0.61 0.12 0.12 0.63 0.16 0.16 
Adj. R2 0.57 0.11 0.11 0.58 0.15 0.16 
N firms  2229 2229  3920 3920 

Model Fixed Effects Pooled OLS Pooled OLS Fixed Effects Pooled OLS Pooled OLS 
Sub-sample Trouble Trouble Trouble Trouble Trouble Trouble 
Dummies Firms Industry Industry Firms Industry Industry 
Clustering   Firms Firms   Firms Firms 
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Table 2.7 – Panel B: Substitution Effect in High R&D Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variables are TRCA 
Trade Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables on Financial Debt.  
FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner and 
Scharfstein (1994) as defined in the paper and 0 otherwise.  PRE-RDTOS is the average of R&D Expenses on Sales in the pre-
financial distress time, and RDDUM is a dummy that identifies firms that report R&D expenses equal to 0.  FINDIST_LAG _ 
PRE_RDTOS is the interaction term.  DIFSALES_SLES is the first difference in sales scaled by sales.  The sample is the full 
sample form COMPUSTAT from 1980 to 2000.  Absolute value of  t-stats is shown in brackets. T-stats in the OLS specification 
are clustered by firms and are based on robust standard errors.  All regressions have a constant that is not reported.  Coefficients 
with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 

  (1) (2) (3) (4) (5) (6) 
Dep. Var. TRCA TRCA TRCE TRCE TCFD TCFD 

              
findist_lag 0.0075*** 0.0116*** 0.1516*** 0.1791*** 0.0009 0.002 
 [7.00] [5.54] [14.46] [11.40] [0.70] [1.10] 
pre_rdtos  -0.2000***  -0.9060***  0.0224 
  [10.34]  [9.42]  [1.32] 
findist_lag_pre_rdtos 0.0225* 0.0679*** -0.3162*** -0.031 0.0293* 0.0078 
 [1.94] [3.61] [2.82] [0.28] [1.87] [0.37] 
rddum -0.0032 0.0183*** -0.0683*** 0.058 0.0082*** 0.0008 
 [1.29] [2.78] [2.86] [1.62] [2.74] [0.19] 
difsales_sles 0.0133*** 0.0105*** -0.0193* -0.0218* 0.0038*** 0.0062*** 
 [12.90] [5.79] [1.93] [1.65] [2.90] [3.63] 
lnsales  0.0007  0.0306***  -0.0187*** 
  [0.80]  [6.01]  [24.29] 
              
Observations 20111 20111 19904 19904 16890 16890 
R-squared 0.7 0.17 0.44 0.09 0.57 0.2 
Adj. R2 0.66 0.17 0.37 0.09 0.51 0.2 
N firms  2229  2226  2102 
              
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Trouble Trouble Trouble Trouble Trouble Trouble 
Dummies Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms 
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Table 2.7 – Panel C: Substitution Effect in High SG&A Firms 

This table shows the result of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variables are TRCA 
Trade Payables on Total Assets, TRCE, Trade Payables on Shareholder’s Equity, and TCFD, Trade Payables on Financial Debt.  
FINDIST_LAG is a dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner and 
Scharfstein (1994) as defined in the paper and 0 otherwise.  PRE-SGATOS is the average of SGA Expenses on Sales in the pre-
financial distress time, and PRE_HIGHSGA is a dummy that identifies firms in high SGA industries.  FINDIST_LAG _ 
PRE_SGATOS and FINDIST_LAG _ PRE_HIGHSGATOS are the interaction terms.  DIFSALES_SLES is the first 
difference in sales scaled by sales.  The sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute value of  t-
stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust standard errors.  All 
regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a 
two-tails test. 

 
  (1) (2) (3) (4) (5) (6) 

Dep. Var. TRCA TRCA TRCE TRCE TCFD TCFD 
              

findist_lag 0.0052*** 0.0116*** 0.1622*** 0.2117*** 0.0020* -0.0030* 
 [4.92] [5.19] [15.16] [12.24] [1.74] [1.91] 
pre_highsga  -0.0134***  -0.0570***  -0.001 
  [5.45]  [4.24]  [0.66] 
findist_lag_pre_highsga 0.0051*** 0.0052* -0.0231 -0.0341 0.0032** 0.0120*** 
 [3.61] [1.80] [1.62] [1.56] [2.06] [5.21] 
difsales_sles 0.0123*** 0.0096*** -0.0242*** -0.016 0.0009 0.0032*** 
 [15.58] [6.87] [3.03] [1.61] [1.09] [2.86] 
lnsales  -0.0005  0.0251***  -0.0164*** 
  [0.67]  [6.25]  [30.98] 
              
Observations 33684 33684 33286 33286 29032 29032 
R-squared 0.71 0.12 0.46 0.07 0.59 0.2 
Adj. R2 0.67 0.12 0.39 0.07 0.53 0.2 
N firms  3924  3913  3729 
              

Model 
Fixed 

Effects Pooled OLS 
Fixed 

Effects Pooled OLS 
Fixed 

Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms 
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Table 2.8 – Panel A: Trade Credit and Financial Distress splitting decades 

This table shows the result of the estimation of Equations (1) and (2) for trade payables on two sub-samples; 1980-1990 
and 1991-2000.  The Dependent Variable is TCCGS, Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a 
dummy variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner and Scharfstein (1994) 
as defined in the paper and 0 otherwise.  DIFSALES_SLES is the first difference in sales scaled by sales.  
LNASSETS is the natural log of total assets.  Absolute value of  t-stats is shown in brackets.  T-stats in the OLS 
specification are clustered by firms and are based on robust standard errors.  All regressions have a constant that is not 
reported.  Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 
 

  Years 1991 - 2000 Years 1980 - 1990 
 (1) (2) (3) (4) 

Dep. Var. TCCGS TCCGS TCCGS TCCGS 
          
findist_lag 4.5234*** 19.6895*** 4.2897*** 14.1072*** 
 [7.16] [16.35] [8.33] [13.86] 
difsales_sles 1.4737*** 7.6972*** 1.2610** 8.5434*** 
 [2.90] [7.58] [2.57] [7.76] 
lnassets  0.5052*  -0.3586 
  [1.90]  [1.40] 
          
Observations 42821 42821 42912 42912 
R-squared 0.75 0.14 0.76 0.16 
Adj.R2 0.69 0.14 0.71 0.16 
N firms  8460  7560 
          
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Yrs. 91-00 Yrs. 91-00 Yrs. 80-91 Yrs. 80-91 
Dummies Firms Industry Firms Industry 
Clustering   Firms   Firms 
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Table 2.8 – Panel B: Trade Credit and Financial Distress in the pre-1978 Period 

This table shows the result of the estimation of Equation (1) for trade payables on a new sample covering years 1965-
1978.  The Dependent Variable is TCCGS, Trade Payables on Cost of Goods Sold.  FINDIST_LAG is a dummy 
variable that is 1 if a firm is in financial distress under the measure by Asquith, Gertner and Scharfstein (1994) as 
defined in the paper and 0 otherwise.  FDYS is a variable that counts how many years the firm has spent in Financial 
Distress.  FDYS2 is FDYS squared.  DIFSALES_SLES is the first difference in sales scaled by sales.  LNASSETS is 
the natural log of total assets.  The sample is the full sample form COMPUSTAT from 1965 to 1978.  Absolute value 
of  t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust standard 
errors.  All regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, 
and * at 10% in a two-tails test. 

  (1) (2) (3) (4) 
Dep. Var. TCCGS TCCGS TCCGS TCCGS 

          
findist_lag 2.7162*** 2.2116*** 11.2452*** 6.5897*** 
 [4.51] [3.49] [9.05] [6.77] 
difsales_sles 0.502 0.5878 5.5672*** 6.9230*** 
 [0.91] [1.05] [4.25] [5.14] 
fdys  -0.5635  6.0162*** 
  [0.99]  [5.27] 
fdys2  0.3994***  -0.8058** 
  [3.02]  [2.49] 
lnassets   -0.4407 -0.3465 
   [1.55] [1.22] 
          
Observations 33575 33573 33575 33573 
R-squared 0.78 0.78 0.26 0.26 
Adj.R2 0.72 0.72 0.25 0.25 
N firms   6260 6259 
          
Model Fixed Effects Fixed Effects Pooled OLS Pooled OLS 
Sub-sample 1965-1978 1965-1978 1965-1978 1965-1978 
Dummies Firms Firms Industry Industry 
Clustering     Firms Firms 
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Table 2.9 – Panel A: Trade Credit and Financial (not Economic) Distress 

This table shows the results of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is 
TCCGS, Trade Payables on Cost of Goods Sold.  FDLEV is a dummy variable that is 1 if a firm is in financial distress 
as defined in Table 3 and its leverage is in the top two deciles of its industry.  DIFSALES_SLES is the first difference 
in sales scaled by sales.  LNASSETS is the natural log of total assets.  The sample is the full sample form 
COMPUSTAT from 1980 to 2000.  Absolute value of t-stats is shown in brackets. T-stats in the OLS specification are 
clustered by firms and are based on robust standard errors.  All regressions have a constant that is not reported.  
Coefficients with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 

  (1) (2) (3) (4) 
Dep. Var. TCCGS TCCGS TCCGS TCCGS 

          
fdlev 2.6381*** 13.2435***   
 [4.81] [13.23]   
fdlev_lag   2.5970*** 10.7902*** 
   [4.35] [9.96] 
difsales_sles 2.4794*** 11.0106*** 2.1675*** 9.6952*** 
 [7.33] [15.59] [5.96] [12.58] 
lnassets  -0.8320***  -0.5679*** 
  [4.03]  [2.63] 
          
Observations 97786 97786 85548 85548 
R-squared 0.69 0.14 0.7 0.14 
Adj.R2 0.64 0.14 0.65 0.14 
N firms  13389  12002 
          
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industry Firms Industry 
Clustering   Firms   Firms 
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Table 2.9 – Panel B: Trade Credit and Default 

This table shows the results of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is 
TCCGS, Trade Payables on Cost of Goods Sold.  DEFAULT is a dummy variable that identifies firms whose credit 
rating  is categorized as in Default by Standard & Poor’s.  DIFSALES_SLES is the first difference in sales scaled by 
sales.  LNASSETS is the natural log of total assets.  The sample is the full sample form COMPUSTAT from 1980 to 
2000.  Absolute value of t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are 
based on robust standard errors.  All regressions have a constant that is not reported.  Coefficients with *** are 
significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 
 

  (1) (2) (3) (4) 
Dep. Var. TCCGS TCCGS TCCGS TCCGS 

          
default 2.9957*** 10.0071***   
 [5.25] [8.11]   
default_lag   2.3168*** 8.1920*** 
   [3.88] [6.13] 
difsales_sles 1.8401*** 8.3976*** 1.8692*** 6.9208*** 
 [3.42] [6.42] [3.21] [4.77] 
lnassets  1.3557***  1.4808*** 
  [4.24]  [4.46] 
          
Observations 39585 39585 33835 33835 
R-squared 0.74 0.15 0.75 0.15 
Adj.R2 0.69 0.15 0.71 0.15 
N firms  5694  4953 
          
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industry Firms Industry 
Clustering   Firms   Firms 
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Table 2.10: Using Exogenous Shocks to the Industry 

This table shows the results of the estimation of Equations (1) and (2) for trade payables.  The Dependent Variable is 
TCCGS, Trade Payables on Cost of Goods Sold.  HIGHLEV is a dummy variable that identifies firms whose leverage 
is in the top two deciles of its industry in a given year.  DISTIND is a dummy variable that identifies industries in 
distress, defined as negative sales growth and returns to shareholders lower than -30%.  HL_DI is the interaction 
between HIGHLEV and DISTIND.  DIFSALES_SLES is the first difference in sales scaled by sales.  LNASSETS is 
the natural log of total assets.  The sample is the full sample form COMPUSTAT from 1980 to 2000.  Absolute value 
of t-stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on robust standard 
errors.  All regressions have a constant that is not reported.  Coefficients with *** are significant at 1% level, ** at 5%, 
and * at 10% in a two-tails test. 
 

 FULL SAMPLE TOP & BOTTOM QUARTILE 
 (1) (2) (3) (4) 

Dep. Var. TCCGS TCCGS TCCGS TCCGS 
          
highlev 1.8971*** 3.9223*** 2.1694*** 3.4834*** 
 [5.67] [5.86] [4.19] [4.18] 
Distend 8.3374*** 10.4259** 9.6504* 0.6055 
 [3.21] [2.33] [1.93] [0.08] 
hl_di 9.7342* 29.0063** 11.4028 41.7862*** 
 [1.79] [2.41] [1.59] [3.12] 
difsales_sles 2.3899*** 10.1114*** 2.4571*** 9.7676*** 
 [7.35] [14.84] [5.22] [11.09] 
lnassets  -0.7697***  -0.6265*** 
  [3.77]  [2.64] 
          
Observations 101236 101236 50312 50312 
R-squared 0.69 0.14 0.73 0.14 
Adj.R2 0.65 0.14 0.66 0.14 
N firms 13403 13403 11126 11126 
          
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-sample Full Sample Full Sample Top & Bottom Top & Bottom 
Dummies Firms Industry Firms Industry 
Clustering   Firms   Firms 
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Table 3.1: Selected Summary Statistics 

Table 1 presents some selected summary statistics for the dataset and the variables used in this 

research 

 PANEL A: Firms that enter in FD vd. Healthy ones 
  Ner of firms SALES (mean) TCCGS (Mean) TRCA (Mean) 
Healthy 63,765 2387.52 0.1588 0.0934 
Enters in Fin Distress 57,438 549.85 0.2029 0.1116 

     
 PANEL B: Firms in each Windows 
Number of firms Window1 Window2 Window01 Window02 
     
Base Case 5607 5607 6841 6842 
Large 1853 1912   
Small 4182 4246     
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Table 3.2: Results of the ANOVA  

This table shows the results of the ANOVA for TCCGS (Trade Credit on Cost of Goods Sold) and TRCA (Trade Credit 
on Total Assets).  Window 01 includes the year in which the firm enters in financial distress (TIMELINE=0) and the 
previous one (TIMELINE=-1).  Window 1 includes the year after the firm entered in financial distress (TIMELINE=1) 
and the previous one (TIMELINE=-1).  Window 02 includes the year in which the firm enters in financial distress 
(TIMELINE=0) and the previous two (TIMELINE=-1 & TIMELINE=-2).  Finally, Window 2 includes the year after 
the firm entered in financial distress (TIMELINE=1) and the previous two (TIMELINE=-1 & TIMELINE=-2).   Pre-
FINDIST indicates the mean of the level of Trade Credit in the years prior to the firm entering into Financial Distress 
(i.e. years -1 or -1 and -2 depending on the specification.  FINDIST indicates the mean of Trade Credit in the first year 
the firm is in financial distress (i.e. year 0 or 1 depending on the specification).  Prob>F indicates the p-value of the 
difference. 

 
  Panel A: TCCGS Panel B: TRCA 

                  
Window Window1 Window2 Window01 Window02 Window1 Window2 Window01 Window02
              
Pre-FINDIST 57.65 56.89 57.65 56.89 0.1103 0.1104 0.1103 0.1104 
FINDIST 70.06 70.06 69.13 69.13 0.1145 0.1145 0.1144 0.1144 
Prob >F 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0266** 0.0163** 0.0087*** 0.003*** 

         
         

  Panel C: TRCE Panel D: TCFD 

                  
Window Window1 Window2 Window01 Window02 Window1 Window2 Window01 Window02
              
Pre-FINDIST 0.4499 0.4271 0.4499 0.4271 0.2706 0.2597 0.2706 0.2597 
FINDIST 1.3544 1.3544 1.1657 1.1657 0.4590 0.4590 0.3476 0.3476 
Prob >F 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0436** 0.0098*** 0.1409 0.0477** 
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Table 3.3: Results of the Regression Analysis  

This table shows the result of the estimation of equations (1) and (2).  TCCGS is the ratio of trade 
credit on cost of goods sold.  FINDIST is a dummy variable that identifies firms in financial 
distress, DIFSALES_SLES controls for the sales growth and MKTPOWER is the interaction of 
market share of the firm and the Herfindahl Index of the Industry.    Window1 includes the years +1 
and -1 with respect to the entrance in financial distress, Window2 includes years +1, -1 and -2; 
Window01 includes years 0 and -1, and Window02, includes years 0, and -2.  Absolute value of t-
stats is shown in brackets. T-stats in the OLS specification are clustered by firms and are based on 
robust standard errors.    The constant is not reported.  Coefficients with *** are significant at 1% 
level, ** at 5%, and * at 10% in a two-tails test. 

 PANEL A: TCCGS 

 Window 1 Window 2 Window 01 Window 02 

  (1) (2) (3) (4) (5) (6) (7) (8) 
 TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS 
                  
findist 2.7307** 10.3174*** 2.3456*** 11.1305*** -0.2129 9.3583*** -0.7738 10.0658***
 [2.55] [9.05] [2.68] [9.93] [0.29] [11.27] [1.21] [12.33] 
difsales_sles -0.3017 0.7793 -0.2305 0.6004 0.2664 1.5763** 0.0328 1.3381** 
 [0.96] [1.48] [1.13] [1.35] [1.08] [2.34] [0.17] [2.52] 
mktpower  -155.30***  -153.19***  -176.95***  -167.26***
  [2.88]  [2.66]  [2.81]  [2.71] 
                  
Observations 9771 9771 13552 13552 14603 14603 18384 18384 
R-squared 0.82 0.11 0.8 0.13 0.81 0.1 0.77 0.11 
Adj.R2 0.6  0.66  0.64  0.64  
N firms  5535  5549  6740  6744 
                  

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Sample Window1 Window1 Window2 Window2 Window01 Window01 Window02 Window02
Dummies Firms Industry Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms   Firms 
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 PANEL B: TRCA 

 Window 1 Window 2 Window 01 Window 02 

  (1) (2) (3) (4) (5) (6) (7) (8) 
 TRCA TRCA TRCA TRCA TRCA TRCA TRCA TRCA 
                  
findist 0.0120*** 0.0090*** 0.0103*** 0.0089*** 0.0077*** 0.0076*** 0.0059*** 0.0077***
 [7.63] [5.50] [8.07] [5.48] [7.85] [7.94] [7.03] [7.91] 
difsales_sles 0.0012** 0.0008** 0.0009*** 0.0007** 0.0017*** 0.0004 0.0013*** 0.0005* 
 [2.52] [1.96] [2.94] [2.23] [5.17] [1.45] [5.19] [1.85] 
mktpower  0.1361*  0.1403*  0.0292  0.0584 
  [1.70]  [1.71]  [0.29]  [0.59] 
                  
Observations 9910 9910 13722 13722 14824 14824 18636 18636 
R-squared 0.82 0.1 0.8 0.1 0.83 0.09 0.81 0.1 
Adj.R2 0.59  0.66  0.69  0.7  
N firms  5608  5608  6843  6844 
                  

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Sample Window1 Window1 Window2 Window2 Window01 Window01 Window02 Window02
Dummies Firms Industry Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms   Firms 
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 PANEL C: TRCE 

 Window 1 Window 2 Window 01 Window 02 

  (1) (2) (3) (4) (5) (6) (7) (8) 
 TRCE TRCE TRCE TRCE TRCE TRCE TRCE TRCE 
                  
findist 1.1461*** 0.9584*** 1.1657*** 0.9730*** 0.5804*** 0.7598*** 0.5744*** 0.7794***
 [5.33] [4.92] [7.09] [5.05] [4.79] [5.71] [6.24] [5.94] 
difsales_sles 0.1124* 0.0777* 0.0661* 0.0518 0.1085*** 0.0527 0.0722*** 0.0436 
 [1.77] [1.65] [1.74] [1.43] [2.64] [1.53] [2.65] [1.58] 
mktpower  3.4985**  3.0980**  1.0287  1.3363 
  [2.07]  [2.40]  [0.69]  [1.01] 
                  
Observations 9879 9879 13685 13685 14729 14729 18535 18535 
R-squared 0.52 0.01 0.38 0.01 0.73 0.01 0.71 0.01 
Adj.R2 -0.11  -0.05  0.49  0.55  
N firms  5586  5586  6779  6780 
                  

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Sample Window1 Window1 Window2 Window2 Window01 Window01 Window02 Window02
Dummies Firms Industry Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms   Firms 
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 PANEL D: TCFD 

 Window 1 Window 2 Window 01 Window 02 

  (1) (2) (3) (4) (5) (6) (7) (8) 
 TCFD TCFD TCFD TCFD TCFD TCFD TCFD TCFD 
                  
findist 0.1719 0.1788* 0.1751* 0.1835* 0.0022 0.0676* -0.0051 0.0753**
 [1.22] [1.76] [1.81] [1.94] [0.06] [1.83] [0.17] [1.99] 
difsales_sles -0.0095 -0.0145* -0.0051 -0.0115** 0.0157 0.0039 0.0082 0.002 
 [0.23] [1.87] [0.24] [2.11] [1.24] [0.56] [0.91] [0.37] 
mktpower  -1.5753  -1.5876  -1.5994*  -1.6407* 
  [1.30]  [1.45]  [1.70]  [1.71] 
                  
Observations 8887 8887 12339 12339 13335 13335 16787 16787 
R-squared 0.45 0 0.47 0 0.79 0.01 0.77 0.01 
Adj.R2 -0.33  0.09  0.6  0.63  
N firms  5171  5208  6277  6311 
                  

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Sample Window1 Window1 Window2 Window2 Window01 Window01 Window02 Window02
Dummies Firms Industry Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms   Firms 
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Table 3.4: Results of the Regression Analysis on Large and Small Firms 

This table shows the results of estimating equation (1) on two sub-samples of large and small firms.  
A large firm is a firms whose sales are above the median of its industry in a given year.  The table 
only shows the coefficients for the FINDIST variable and the absolute value of the t-statistics 
obtained using a fixed effects model.  The other variables included in the regression (but not 
reported in the table) are DIFSALES_SLES and a vector a dummy variables for firms (fixed 
effects).    Window1 includes the years +1 and -1 with respect to the entrance in financial distress, 
Window2 includes years +1, -1 and -2; Window01 includes years 0 and -1, and Window02, 
includes years 0, and -2.   Absolute value of t-stats is shown in brackets.  Coefficients with *** are 
significant at 1% level, ** at 5%, and * at 10% in a two-tails test. 

 Window 1 Window 2 Window 01 Window 02 

 
Large 
Firms 

Small 
Firms 

Large 
Firms 

Small 
Firms 

Large 
Firms 

Small 
Firms 

Large 
Firms 

Small 
Firms 

                 
 PANEL A: Dep. Var. TCCGS 
Findist -1.8385 3.5586*** -2.5269* 2.9307** -3.3219*** 1.2444 -4.1440*** 0.9041 
 [1.10] [2.59] [1.86] [2.55] [3.27] [1.27] [4.59] [1.06] 
                 
 PANEL B: Dep. Var. TRCA 
Findist 0.0073*** 0.0145*** 0.0053*** 0.0130*** 0.0039*** 0.0097*** 0.0020* 0.0081***
 [3.04] [6.95] [2.83] [7.66] [2.92] [7.39] [1.72] [7.24] 
                 
 PANEL C: Dep. Var. TRCE 
Findist 0.7070*** 1.2713*** 0.6850*** 1.3166*** 0.6691*** 0.5033*** 0.6301*** 0.4937***
 [4.13] [4.16] [6.06] [5.43] [3.47] [3.20] [4.57] [4.08] 
                 
 PANEL D: Dep. Var. TCFD 
Findist -0.0384 0.2132 -0.0416* 0.2132 0.0214 -0.007 0.023 -0.0227 
 [1.34] [0.97] [1.93] [1.38] [0.66] [0.13] [0.93] [0.47] 
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Table 3.5: Results of the Regression Analysis on Quarterly Data 

This table shows the result of the estimation of equation (1).  TCCGS is the ratio of trade credit on 
cost of goods sold.  FINDIST is a dummy variable that identifies firms in financial distress, 
SLESQ_GW is a variable that measures the quarterly growth of sales.  Window1 includes the years 
+1 and -1 with respect to the entrance in financial distress, Window2 includes years +1, -1 and -2; 
Window01 includes years 0 and -1, and Window02, includes years 0, and -2.   Absolute value of t-
stats is shown in brackets.  The t-stats in the OLS specification are clustered by firms and are based 
on robust standard errors.    All the regressions have a constant that is not reported.  Coefficients 
with *** are significant at 1% level, ** at 5%, and * at 10% in a two-tails test.   

 Window 1 Window 2 Window 01 Window 02 
  (1) (2) (3) (4) (5) (6) (7) (8) 
  TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS TCCGS 
              
findist 3.8245*** 6.5216*** 4.1483*** 7.4653*** 1.3669*** 4.3733*** 1.6419*** 5.3132***
  [8.74] [9.38] [10.65] [10.64] [4.38] [9.96] [5.97] [11.97] 
slesq_gw -6.7618*** -1.0051 -7.0016*** -1.6810** -6.6523*** -0.7161 -6.8093*** -1.2099* 
  [13.03] [1.25] [16.09] [2.28] [15.47] [1.04] [17.86] [1.86] 
lnassets  -0.81***  -0.68**  -1.10***  -0.94*** 
   [2.64]  [2.32]  [4.02]  [3.47] 
              
Observations 23749 23749 32788 32786 34493 34493 43532 43530 
R-squared 0.7 0.06 0.67 0.07 0.66 0.06 0.65 0.07 
Adj.R2 0.61   0.61   0.59   0.59   
N firms  5073  5114  6012  6031 
              

Model 
Fixed 

Effects 
Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Fixed 
Effects 

Pooled 
OLS 

Sample Window1 Window1 Window2 Window2 Window01 Window01 Window02 Window02
Dummies Firms Industry Firms Industry Firms Industry Firms Industry 
Clustering   Firms   Firms   Firms   Firms 
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Table 4.1: Trade Receivables Summary Statistics by Industry 

The table presents some selected summary statistics for the ratio of trade receivables over sales (TRRSALES) by 
industry. Columns [1]-[3] refer to the firms that are not in financial distress or “Healthy Firms”, and columns [4]-[6] 
are for the firms in financial distress (FINDIST=1), as defined by Asquith, Gertner, and Sharfstein (1994). Columns [7] 
and [8] report the test of difference of means between the two groups: defined above. The industries are defined as in 
Fama and French (1997) 48 industry classification. The sample includes all firms in COMPUSTAT for the sample 
period 1978-2000 that have sales larger than $1 million and report positive cost of goods sold, excluding firms in the 
banking, insurance, real estate, and trading industries.  ***, **, and * denote 1%, 5%, and 10% significance level. 
  HEALTHY FIRMS FINDIST  
      TRRSALES TRRSALES FD1- Prob>F
Ind Industry Name Nobs Mean Std Dev Nobs Mean Std Dev Dif. P-Value 

[1] [2] [3] [4] [5] [6] [7] [8]
1 Agriculture 289 52.6 44.57 94 56.71 45.46 4.08 0.4436
2 Food Prods 205 30.6 13.29 225 34.33 21.86 3.71 0.0002 *** 
3 Candy & Soda 154 33.3 14.46 21 40.20 14.72 6.86 0.0434 ** 
4 Beer & Liquor 367 45.0 28.92 22 36.49 29.98 -8.53 0.1807   
5 Tobacco Products 151 35.3 17.53 1 18.10  -17.24 0.3286   
6 Recreation 890 65.6 28.25 245 58.81 31.82 -6.88 0.0011 *** 
8 Printing & Publishing 978 55.6 27.14 110 58.79 37.33 3.19 0.2625   
9 Consumer Goods 214 60.8 25.54 381 57.23 30.39 -3.61 0.0137 ** 

10 Apparel 142 55.5 23.72 283 49.59 27.76 -5.91 0.0002 *** 
12 Medical Equipment 193 74.5 27.47 856 72.88 36.32 -1.63 0.1924   
13 Pharmaceutical Products 161 63.6 28.19 131 48.25 44.09 -15.44 0.0000 *** 
14 Chemicals 189 55.3 18.45 187 56.92 33.49 1.60 0.3035   
15 Rubber & Plastic 129 53.4 20.06 191 56.46 25.52 3.01 0.0624 * 
16 Textiles 953 52.9 20.01 105 45.60 25.11 -7.34 0.0005 *** 
17 Construction Material 295 50.3 24.68 391 50.32 30.79 -0.02 0.9878   
18 Construction 991 55.9 39.04 350 49.51 42.39 -6.45 0.0096 *** 
19 Steel Works 177 51.9 20.45 309 55.38 30.91 3.45 0.0121 ** 
20 Fabricated Products 598 55.7 16.61 99 55.00 22.26 -0.70 0.7123   
21 Machinery 363 70.5 28.90 707 71.39 35.93 0.84 0.4977   
22 Electrical Equipment 158 62.9 22.09 315 71.01 38.14 8.10 0.0000 *** 
23 Autos & Trucks 167 51.5 28.15 207 44.92 35.93 -6.63 0.0020 ** 
24 Aircraft 524 54.8 24.37 75 52.12 34.55 -2.71 0.3959   
25 Shipbuilding & Railroad 207 44.5 22.78 42 44.49 31.53 -0.02 0.9970   
26 Defense 115 59.4 30.84 6 103.2 53.74 43.81 0.0015 *** 
27 Precious Metals 452 29.4 32.65 226 39.31 36.11 9.88 0.0004 *** 
28 Mines 448 47.8 19.83 93 45.81 29.45 -2.00 0.4203   
29 Coal 118 44.9 19.32 34 50.41 24.40 5.41 0.1778   
30 Petroleum & Natural Gas 426 68.5 37.30 741 74.91 45.85 6.33 0.0000 *** 
31 Utilities 378 43.5 19.85 45 51.88 35.26 8.30 0.0059 *** 
32 Communication 267 57.8 25.74 493 66.33 38.09 8.51 0.0000 *** 
34 Business Services 416 65.1 23.82 53 58.26 26.52 -6.84 0.0524 * 
35 Computers 225 75.9 29.95 864 72.70 36.77 -3.27 0.0106 ** 
36 Electronic Equipment 489 69.5 27.95 123 71.22 35.86 1.63 0.0843 * 
37 Measurement & Control 211 76.1 25.53 494 79.06 37.11 2.90 0.0390 ** 
38 Business Supplies 190 49.5 19.89 154 55.19 26.61 5.62 0.0011 *** 
39 Shipping Container 354 45.6 18.00 34 47.37 15.36 1.73 0.5880   
40 Transportation 287 42.0 23.36 301 44.70 32.84 2.70 0.0677 * 
41 Wholesale 438 47.4 25.20 948 53.00 32.23 5.60 0.0000 *** 
42 Retail 517 21.5 33.62 855 23.47 32.52 1.90 0.1248   
43 Restaurants & Hotels 154 8.75 15.61 252 10.81 19.80 2.07 0.0615 * 
48 Other 871 70.5 34.95 238 71.92 38.34 1.35 0.6041   
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Table 4.2: The Effect of Financial Distress on Trade Receivables 

The Table presents six regressions that consider TRRSALES, measured as the ratio of trade receivables over daily 
sales, as the dependent variable. FINDIST_LAG is a dummy variable equal to 1 if the firm was in financial distress a 
year earlier, as defined by Asquith, Gertner and Scharfstein (1994). FDLEV is a dummy variable that is equal to 1 if 
FINDIST is 1 and the firm is in the top two deciles of the industry leverage in a given year, and zero otherwise, 
following Opler and Titman (1994). Leverage is measured as the book value of total debt over book value of debt plus 
book value of equity. The book-value of equity is calculated as Total Assets - Total Liabilities - Preferred Stocks + 
Deferred Taxes + Convertible Debt.  LNASSETS is the natural logarithm of total assets. TCCGS_D is the measure of 
trade payables divided by daily cost of goods sold.  The sample period goes from 1980 to 2000. Even columns report 
firm fixed-effect models, and odd columns pooled OLS with Fama and French (1997) industry dummies.  All 
regressions include a constant, whose coefficients are not reported to save space. The standard errors are White 
heteroskedasticity-consistent, and are clustered by firm in the Pooled OLS models. Absolute t-values are in parentheses 
below each coefficient. ***, **, and * denote 1%, 5%, and 10% significance level. 

 PANEL A PANEL B 
  [1] [2] [3] [4] 
  TRRSALES TRRSALES TRRSALES TRRSALES 
findist_lag -0.5230** -1.2549**     
  [2.17] [2.36]     
fdlev_lag     -2.0890*** -0.6829 
      [5.89] [0.89] 
tccgs_d 0.0603*** 0.0849*** 0.0654*** 0.0928*** 
  [51.16] [17.17] [51.61] [17.40] 
lnassets   0.3584***   0.3753*** 
    [2.67]   [2.85] 
          
Observations 73058 73058 70838 70838 
R-squared 0.77 0.29 0.78 0.30 
Adj. R2 0.73 0.29 0.74 0.30 
          
Model Fixed Effects Pooled OLS Fixed Effects Pooled OLS 
Sub-Sample Full Sample Full Sample Full Sample Full Sample 
Dummies Firms Industries Firms Industries 
Cluster No Firms No Firms 
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Table 4.3 – The Effects of the Competitiveness of the Industry 
This Table presents four regressions similar to the ones in Table 2, but run on a sample divided according to the 
competitiveness of the industry.  All the regressions represent the estimation of equation [1] in the paper using a fixed 
effects model.  Panel A present the results for the half-sample of industries whose Herfindahl Index is smaller than the 
median Herfindahl Index for the year, the Competitive Industries.  Panel B report the results for the half-sample of 
firms in industries whose Herfindahl Index is larger than the median, the Concentrated Industries.  The dependent 
variable is TRRSALES, measured as the ratio of trade receivables over daily sales.  FINDIST_LAG is a dummy 
variable equal to 1 if the firm was in financial distress a year earlier, according to the definition of financial distress 
given by Asquith, Gertner and Scharfstein (1994).  FDLEV is a dummy variable that is equal to 1 if FINDIST_LAG is 
1 and the firm is in the top two deciles of the industry leverage in a given year, and zero otherwise.  Leverage is 
measured as the book value of total debt over book value of debt plus book value of equity.  The book-value of equity 
is calculated as Total Assets - Total Liabilities - Preferred Stocks + Deferred Taxes + Convertible Debt.  LNASSETS is 
the natural logarithm of total assets. TCCGS_D is the ratio of trade payables divided by daily cost of goods sold.  The 
sample period goes from 1980 to 2000.  All regressions include a constant, whose coefficients are not reported to save 
space. The standard errors are White heteroskedasticity-consistent.  Absolute t-values are in parentheses below each 
coefficient. ***, **, and * denote 1%, 5%, and 10% significance level. 

 PANEL A: COMPETITIVE PANEL B: CONCENTRATED 
  [1] [2] [3] [4] 
  TRRSALES TRRSALES TRRSALES TRRSALES 
findist_lag 0.3596   -1.6412***   
  [1.09]   [4.53]   
fdlev_lag   -0.2674   -3.6881*** 
    [0.55]   [6.87] 
tccgs_d 0.0632*** 0.0696*** 0.0636*** 0.0686*** 
  [40.95] [41.43] [30.21] [31.14] 
          
Observations 41663 40481 31395 30357 
R-squared 0.81 0.82 0.76 0.77 
Adj. R2 0.77 0.78 0.70 0.71 
          
Model Fixed Effects Fixed Effects Fixed Effects Fixed Effects 
Sub-Sample Competitive Ind. Competitive Ind. Concentrated Ind. Concentrated Ind. 
Dummies Firms Firms Firms Firms 
Clustering No No No No 
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Table 4.4: Profitability Problems and Cash Flow Problems 

This table presents fixed effects regressions that consider the ratio of trade receivables over daily sales, as the 
dependent variable.  SLESGW_P is a variable equal to the sales growth from yeart-1 to yeart if this is positive and equal 
to zero otherwise.  SLESGW_N is a variable equal to the sales growth from yeart-1 to yeart if this is negative and equal 
to zero otherwise. NETPROFIT measures the profit of the firms if positive and it is equal to zero in case of losses, 
while NETLOSS measures the losses of the firm and it is zero in the case of profits.  FINDIST_LAG is a dummy 
variable equal to 1 if the firm was in financial distress a year earlier, according to the definition of financial distress 
given by Asquith, Gertner and Scharfstein (1994). TCCGS_D is the ratio of trade payables divided by daily cost of 
goods sold.  All regressions include a constant, whose coefficients are not reported to save space. The standard errors 
are White heteroskedasticity-consistent. Absolute t-values are in parentheses below each coefficient. ***, **, and * 
denote 1%, 5%, and 10% significance level. 

  [1] [2] [3] 
Dep. Var. TRRSALES TRRSALES TRRSALES 

slesgw_p 3.9405*** 3.9708*** 3.6726*** 
  [14.77] [11.02] [8.94] 
slesgw_n 0.498 1.2471 -0.4099 
  [0.58] [1.08] [0.31] 
netprofit -11.8492*** -14.6710*** -9.2250*** 
  [7.13] [6.92] [3.30] 
netloss -1.4697*** -1.0501 -2.5030*** 
  [3.01] [1.45] [3.36] 
findist_lag -0.9538*** -0.253 -1.8355*** 
  [3.97] [0.77] [5.06] 
tccgs_d 0.0669*** 0.0753*** 0.0667*** 
  [50.09] [41.92] [28.59] 
        
Observations 71253 40764 30489 
R-squared 0.78 0.82 0.77 
Adj. R2 0.75 0.79 0.72 
        
Model Fixed Effects Fixed Effects Fixed Effects 
Sub-Sample Full Sample Competitive Ind. Concentrated Ind. 
Dummies Firms Firms Firms 
Clustering No No No 
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Table 4.5: Analyzing firms that will enter in financial distress 

The Table presents three regressions that consider TRRSALES, measured as the ratio of trade receivables over daily 
sales, as the dependent variable. NEXTFD is a dummy variable that identifies firms that will enter in financial distress 
in the next one, two or three years.  FINDIST_LAG is a dummy variable equal to 1 if the firm was in financial distress 
a year earlier, as defined by Asquith, Gertner and Scharfstein (1994). The sample period goes from 1980 to 2000. All 
regressions include a constant, whose coefficients are not reported to save space. The standard errors are White 
heteroskedasticity-consistent, and are clustered by firm in the Pooled OLS models. Absolute t-values are in parentheses 
below each coefficient. ***, **, and * denote 1%, 5%, and 10% significance level. 
 

  [1] [2] [3] 
 Dep. Var. TRRSALES TRRSALES TRRSALES 
nextfd 1.8493*** 1.5751*** 1.8450*** 
  [7.90] [5.08] [5.10] 
findist_lag -0.2332 0.6119* -1.3764*** 
  [0.96] [1.84] [3.76] 
tccgs_d 0.0603*** 0.0632*** 0.0637*** 
  [51.19] [40.94] [30.28] 
        
Observations 73058 41663 31395 
R-squared 0.77 0.81 0.76 
Adj. R2 0.73 0.77 0.7 
        
Model Fixed Effects Fixed Effects Fixed Effects 
Sub-Sample Full Sample Competitive Ind. Concentrated Ind. 
Dummies Firms Firms Firms 
Clustering No No No 
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Table 5.1 – Panel A: Sample Description 

This table presents the composition of the sample. Distance measures the number of month that has passed between the 
start of the crisis and the end of the firm’s fiscal year.  
 

 Number of Firms   Number of Firms by Distance to Crisis 

Country Balanced 5 Balanced 7 Crisis Date [1 - 3] Mo [4 - 6] Mo [7 - 9] Mo [10 - 12] Mo 

        

Indonesia 92 66 Jul-97 0 65 1 0 

Korea (South) 172 143 Oct-97 135 2 6 0 

Malaysia 187 130 Jul-97 11 60 24 35 

Mexico 43 21 Dec-94 21 0 0 0 

Philippines 50 32 Jul-97 0 27 2 3 

Thailand 161 143 Jul-97 4 135 1 3 

Total 705 535 - 171 289 34 41 
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Table 5.1 – Panel B: Summary Statistics 

The variables are: Trectos is trade receivables / net sales, Tpaytoc is trade payables / cost of goods sold, and Ntcs is net 
trade credit (i.e. receivables minus payables) / net sales. Cash Flow is operating cash flow to assets, Sales Growth is 
growth of sales for the previous year to current year, Cash/Assets is cash/assets measured at the beginning of the year,  
Exch Rate Growth is the country’s devaluation of the currency in the last year, STD/Assets is short term debt/total 
assets. 
 

Variable No. Obs. Mean Min Median Max St-Dev 

Dependent Variables       

       

Trectos 3,581 91.49 0.00 78.39 290.67 60.50 

Tpaytoc 3,534 55.66 0.00 47.83 210.00 38.61 

Ntcs 3,442 50.25 -114.15 39.23 275.75 56.81 

       

Control Variables       

       

Cash Flow 3,588 0.0540 -0.5801 0.0622 0.3096 0.1020 

Sales Growth 3,556 0.0530 -0.8992 0.0550 0.8971 0.2504 

Cash/Assets 3,667 0.0915 0.0000 0.0580 0.7561 0.1013 

Exch Rate Growth 3,667 0.0805 -0.2428 0.0170 1.2360 0.2120 

STD/Assets 3,695 0.2158 0.0000 0.1760 0.9932 0.1864 
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Table 5.1 – Panel C: ANOVA Analysis 

This table reports the difference in means between the two periods and the corresponding p-values (computed using the 
Bonferroni-adjusted significance levels). The variables are: Trectos is trade receivables / net sales, Tpaytoc is trade 
payables / cost of goods sold, and Ntcs is net trade credit / net sales.  
 

Variable Crisis vs. Pre-crisis Post-Crisis vs. Pre-crisis 

   
Trectos 6.65 -12.24 
 0.092 0.000 
   
Tpaytoc 6.93 -1.48 
 0.001 0.862 
   
Ntcs 2.34 -12.68 
 1.000 0.000 
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Table 5.1 – Panel D: Aggregate Bank Credit Growth 

Bank credit is defined as the ratio of credit to private sector over the GDP (obtained from IFS), growth rate is the 
annual growth rate, timeline is the distance to crisis (zero is the year of crisis).  
 

Timeline Mean Median Indonesia Korea Malaysia Mexico Philippines Thailand 

           

-3 0.0711 0.0592 0.0592 0.0169 0.0256 . 0.1162 0.1375 

-2 0.1264 0.1103 0.0303 -0.0109 0.1303 0.2923 0.2260 0.0902 

-1 0.1016 0.0987 0.0358 0.0738 0.1296 0.1235 0.1967 0.0503 

0 0.1286 0.1211 0.0928 0.1226 0.1118 0.1987 0.1261 0.1195 

1 -0.0868 -0.0968 -0.1410 0.1045 -0.0005 -0.2805 -0.1508 -0.0599 

2 -0.2810 -0.1483 -0.9456 0.0677 -0.0592 -0.4427 -0.1251 -0.1654 

3 -0.0217 -0.0116 0.0290 0.0760 -0.0528 0.0680 -0.0664 -0.1946 
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Table 5.2 – Panel A: Trade Credit in Aggregate 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on country and time as 
explained in the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value 
of t-stats in brackets. 
 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

Crisis 19.00*** 11.00*** 10.27*** 15.89*** 8.12*** 10.35** 
 [5.72] [4.23] [3.31] [3.47] [2.69] [2.49] 
Dist -1.81*** -0.63 -1.18*** -1.70** -0.24 -1.51** 
 [3.31] [1.01] [2.67] [2.22] [0.30] [2.47] 
Post12 -7.04** -0.85 -7.43** -8.33*** -1.06 -8.31*** 
 [2.18] [0.54] [2.48] [2.70] [0.58] [2.81] 
Post3 -15.10*** 0.43 -15.50*** -13.75*** 0.6 -14.14*** 
 [3.53] [0.09] [4.94] [3.50] [0.15] [4.71] 
Cfw    7.37 -19.24** 25.96** 
    [0.61] [2.53] [2.53] 
Growth    -3.02 -5.52** 2.42 
    [0.76] [2.16] [0.70] 
Cashta    -2.92 8.12 -8.48 
    [0.36] [0.82] [0.63] 
Exchrgr    11.02* -5.51 13.55*** 
    [1.91] [0.98] [3.37] 
Observations 3581 3534 3442 3067 3018 2949 
R-squared 0.74 0.64 0.71 0.77 0.68 0.74 
N Firms 535 530 532 533 529 528 
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Table 5.2 – Panel B: Trade Credit in Indonesia 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
  (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis 39.89** 9.86* 33.77* 90.00*** 6.31 75.12*** 
 [2.39] [1.76] [1.89] [3.37] [0.35] [2.93] 
dist -3.18 1.57*** -3.72 -11.67*** 1.96 -10.61*** 
 [1.16] [2.68] [1.34] [2.66] [0.69] [2.66] 
post12 -18.04*** -14.50*** -8.92* -22.66*** -16.46*** -12.98*** 
 [3.40] [5.93] [1.72] [15.14] [4.64] [6.50] 
post3 -30.30*** -8.16*** -24.36*** -30.15*** -10.53*** -24.33*** 
 [16.93] [3.41] [13.60] [10.24] [2.88] [7.23] 
cfw    48.48** -3.66 34.39* 
    [2.38] [0.20] [1.83] 
lag_growth    -7.59 -9.14 -0.91 
    [0.94] [1.31] [0.29] 
lag_cashta    7.09 -19.22 33.17 
    [0.26] [0.94] [0.94] 
exchrgr    15.84*** -1.97 14.70*** 
    [6.94] [1.26] [7.06] 
       
Observations 449 449 433 401 400 386 
R-squared 0.73 0.58 0.7 0.78 0.6 0.76 
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Table 5.2 – Panel C: Trade Credit in Korea 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
 (1) (2) (3) (4) (5) (6) 
 Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis 9.50** 4.64 6.36* 2.97 0.57 2.73 
 [2.13] [1.38] [1.94] [0.74] [0.20] [0.80] 
dist 0.19 1.16 -1.15 -0.54 1.78* -2.17*** 
 [0.15] [1.24] [1.13] [0.48] [1.92] [3.97] 
post12 -8.93 1.56 -13.11* -13.68*** 1.65 -17.55*** 
 [1.33] [0.86] [1.94] [6.22] [0.55] [6.70] 
post3 -25.86*** -5.58** -24.82*** -22.65*** -2.32 -23.90*** 
 [13.75] [2.47] [23.77] [9.49] [1.36] [7.97] 
cfw    -5.43 -7.2 29.69** 
    [0.55] [0.65] [1.99] 
lag_growth    -4.25 0.62 -4.36 
    [0.41] [0.07] [1.00] 
lag_cashta    0.32 12.29 -12.15 
    [0.02] [0.97] [0.55] 
exchrgr    28.96*** -0.58 30.11*** 
    [6.42] [0.14] [16.68] 
       
Observations 968 990 961 784 798 777 
R-squared 0.8 0.61 0.79 0.83 0.66 0.82 
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Table 5.2 – Panel D: Trade Credit in Malaysia 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis 22.93*** -1.89 22.28** 27.20*** -3.21 29.83*** 
 [2.58] [0.65] [2.47] [3.81] [1.11] [4.05] 
dist -1.91** 0.3 -1.89** -2.58** 0.63 -3.22*** 
 [2.16] [0.95] [2.31] [2.58] [1.24] [3.72] 
post12 6.52*** 3.09 4.71 6.49* 1.36 5.44 
 [2.81] [1.12] [1.32] [1.73] [1.40] [1.34] 
post3 -0.55 17.70*** -7.84** 2.04 15.42*** -3.55 
 [0.12] [5.45] [2.20] [0.40] [5.71] [0.97] 
cfw    31.71 -22.89* 39.81 
    [1.06] [1.95] [1.05] 
lag_growth    -6.92 -1.85 -6.04 
    [0.90] [0.27] [1.50] 
lag_cashta    -4.74 11.91 -12.34 
    [0.25] [0.67] [0.69] 
exchrgr    17.7 -17.00*** 27.36** 
    [1.43] [3.48] [2.45] 
       
Observations 846 873 811 738 758 708 
R-squared 0.69 0.64 0.64 0.74 0.68 0.7 
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Table 5.2 – Panel E: Trade Credit in Mexico 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis 22.10*** 3.18* 17.08*** 15.28*** 6.98 7.93** 
 [19.47] [1.66] [62.67] [5.69] [1.55] [2.13] 
dist 0 0 0 0 0 0 
 [.] [.] [.] [.] [.] [.] 
post12 -0.14 2.41 -0.01 -2.79 4.51*** -5.05* 
 [0.03] [1.38] [0.00] [0.76] [5.27] [1.79] 
post3 -0.83 -1.12 -0.93*** -2.44** -3.19*** -0.74 
 [0.73] [0.74] [3.43] [2.17] [2.92] [0.71] 
cfw    -87.04** 50.8 -103.69** 
    [2.31] [1.15] [2.05] 
lag_growth    -8.87 -13.31* 2.95 
    [1.15] [1.89] [0.36] 
lag_cashta    26.72 14.49 21.7 
    [0.50] [0.48] [0.41] 
exchrgr    11.81*** -4.88 16.91*** 
    [4.99] [1.42] [5.78] 
       
Observations 146 146 146 98 98 98 
R-squared 0.85 0.64 0.87 0.91 0.77 0.93 
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Table 5.2 – Panel F: Trade Credit in Philippines 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis 38.70*** 47.46*** 6.33 28.15* 44.25*** 1.01 
 [3.69] [3.08] [0.57] [1.80] [4.36] [0.09] 
dist -4.25*** -4.82** -0.9 -3.12 -3.33** -0.22 
 [2.90] [2.12] [0.57] [1.41] [2.06] [0.12] 
post12 11.56*** 0.54 5.03 10.00*** 9.49* 2.91 
 [3.13] [0.12] [0.93] [2.86] [1.74] [1.46] 
post3 13.73** 7.93 6.37 15.43*** 10.72 8.64* 
 [2.18] [1.16] [1.32] [2.75] [1.11] [1.85] 
cfw    -91.44* 5.02 -47.93 
    [1.70] [0.07] [1.46] 
lag_growth    -32.13*** -21.58 12.34 
    [4.30] [1.43] [0.81] 
lag_cashta    39.28 29.37 21.87 
    [1.45] [0.77] [0.76] 
exchrgr    1.56 30.53* -42.88*** 
    [0.11] [1.67] [4.16] 
       
Observations 202 151 167 179 132 145 
R-squared 0.75 0.62 0.69 0.77 0.65 0.71 
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Table 5.2 – Panel G: Trade Credit in Thailand 

The dependent variables are the trade credit measures: Trectos is trade receivables / net sales, Tpaytoc is trade payables 
/ cost of goods sold, and Ntcs is net trade credit (i.e. receivables minus payables) / net sales. Crisis is a dummy for 
crisis year, Dist measures the number of month between crisis month and the fiscal year end in the crisis year (equals to 
zero in non-crisis years), Post12 is a dummy for first two years after the crisis and Post3 is dummy for third year after 
the crisis. Cfw is operating cash flow to assets, Growth is growth of sales, Cashta is cash/assets measured at the 
beginning of the year,  Exchrgr is the rate of currency devaluation. Estimated with firm-fixed effects (see model (1) in 
the paper) using a balanced 7 sample. The standard errors were obtained using clustering on time as explained in the 
paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of t-stats in 
brackets. 
 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 
crisis -11.58 19.98*** -23.33** -7.25 15.72*** -15.89 
 [1.23] [2.83] [2.03] [0.62] [2.60] [1.37] 
dist 2.14 -2.09* 3.33* 1.67 -1.74* 2.61 
 [1.35] [1.83] [1.72] [0.87] [1.67] [1.42] 
post12 -16.52*** -1.36 -14.64*** -14.14*** -1.14 -12.71*** 
 [17.92] [0.79] [10.42] [6.66] [0.96] [6.70] 
post3 -17.28*** -5.05*** -13.59*** -15.01*** -4.80*** -11.90*** 
 [12.52] [3.15] [9.78] [6.18] [5.89] [5.19] 
cfw    -1.39 -37.13** 25.87 
    [0.12] [2.41] [1.01] 
lag_growth    6.7 -10.18*** 13.72** 
    [1.49] [2.73] [2.04] 
lag_cashta    -21.54** 31.43* -49.98** 
    [2.47] [1.87] [2.49] 
exchrgr    -0.14 3.46* -4.73 
    [0.03] [1.81] [0.94] 
       
Observations 970 925 924 867 832 835 
R-squared 0.71 0.67 0.63 0.73 0.72 0.66 
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Table 5.3: Trade Credit and Short-Term Debt 

The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. The Stdtoa is the 
ratio of short-term debt to assets measured at the individual firm level.  This table shows the interactions of Stdtoa with 
the Crisis, Post12 and Post3 dummies.  Estimated with firm-fixed effects (see model (2) in the paper) using a balanced 
7 sample. The standard errors were obtained using  clustering on country and time as explained in the paper.  ***, ** 
and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of robust t-stats in brackets.   
 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

Crisis 14.01*** 4.83 10.33*** 13.34*** 4.49 11.84*** 
 [2.88] [0.96] [2.86] [3.11] [0.96] [3.44] 
Post12 2.58 -2.67 5.63* 2.34 -4.07* 6.22* 
 [0.71] [1.38] [1.91] [0.62] [1.90] [1.86] 
Post3 -2.87 -0.85 -0.98 -0.5 -0.82 1.63 
 [0.54] [0.16] [0.31] [0.10] [0.15] [0.43] 
Stdtoa 46.98*** -1.54 56.69*** 50.70*** -17.15* 70.34*** 
 [3.87] [0.16] [6.44] [3.72] [1.83] [6.47] 
Crisis X Stdtoa -31.15*** 9.76 -38.23*** -36.02*** 12.05 -50.31*** 
 [2.89] [0.96] [3.69] [3.56] [1.40] [5.54] 
Post12 X Stdtoa -44.22*** 8.22 -59.69*** -49.58*** 15.75** -68.02*** 
 [3.80] [1.06] [5.96] [4.13] [2.05] [6.15] 
Post3 X Stdtoa -61.40*** 5.41 -71.16*** -67.63*** 3.47 -77.35*** 
 [4.18] [0.46] [4.81] [4.13] [0.34] [5.06] 
Cfw    5.92 -24.35*** 28.02** 
    [0.43] [3.09] [2.30] 
Growth    -3.6 -5.44** 1.91 
    [0.82] [2.05] [0.53] 
Cashta    -2.23 7.91 -6.08 
    [0.28] [0.75] [0.42] 
Exchrgr    8.28 -5.52 10.40*** 
    [1.60] [1.09] [3.11] 
Observations 3536 3490 3403 3037 2989 2922 
R-squared 0.75 0.64 0.72 0.78 0.68 0.76 
N Firms 535 530 532 533 529 528 
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Table 5.4: Trade Credit and Cash Flows 

The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. The  
Cfw is the measure of cash flow to total assets. This table shows the interactions of Cfw with the Crisis, 
Post12 and Post3 dummies.   Estimated with firm-fixed effects (see model (2) in the paper) using a 
balanced 7 sample. The standard errors were obtained using  clustering on country and time as explained in 
the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value of 
robust t-stats in brackets. 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

       
Crisis 0.15 5.43 -3.71* -0.11 6.61* -4.96* 
 [0.06] [1.58] [1.67] [0.04] [1.80] [1.75] 
Post12 -15.95*** -2.72 -15.91*** -16.01*** -1.56 -16.71*** 
 [4.74] [1.43] [4.53] [5.00] [0.70] [5.08] 
Post3 -25.14*** -1.29 -24.88*** -22.81*** -0.6 -23.16*** 
 [7.60] [0.27] [9.63] [5.77] [0.14] [7.52] 
Cfw -110.74*** -28.99 -88.01*** -87.87*** -26.64 -72.31*** 
 [4.95] [1.64] [3.82] [3.99] [1.64] [3.12] 
Crisis X Cfw 95.60*** 3.48 91.54*** 75.51*** -3.26 81.83*** 
 [5.13] [0.27] [4.35] [3.56] [0.25] [3.45] 
Post12 X Cfw 116.43*** 14.37 117.84*** 96.69*** 5.02 106.86*** 
 [5.01] [0.81] [4.50] [4.20] [0.28] [4.67] 
Post3 X Cfw 152.36*** 24.21 142.96*** 124.02*** 19.88 115.64*** 
 [7.00] [1.26] [5.81] [5.41] [1.15] [5.30] 
Growth    -3.89 -5.79** 1.59 
    [0.97] [2.23] [0.46] 
Cashta    -3.13 7.64 -7.97 
    [0.40] [0.76] [0.59] 
Exchrgr    9.34 -5.81 12.21*** 
    [1.62] [1.05] [3.06] 
Observations 3436 3384 3304 3067 3018 2949
R-squared 0.75 0.65 0.72 0.77 0.68 0.74 
N Firms 534 530 531 533 529 528 
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Table 5.5: Trade Credit and Cash Stock 

The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. The Cashta is the 
ratio of cash to assets measured at the individual firm level at the beginning of the year.  This table shows the 
interactions of Cashta with the Crisis, Post12 and Post3 dummies.   Estimated with firm-fixed effects (see model (2) in 
the paper) using a balanced 7 sample. The standard errors were obtained using  clustering on country and time as 
explained in the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value 
of robust t-stats in brackets.   
 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

       
Crisis 7.28*** 7.72** 2.12 4.70** 6.48* 0.45 
 [2.71] [2.33] [0.79] [2.05] [1.82] [0.16] 
Post12 -7.66** 2.36 -10.14*** -8.81*** 1.81 -11.45*** 
 [2.09] [1.44] [3.10] [2.61] [1.00] [3.61] 
Post3 -20.61*** 1.18 -21.77*** -17.95*** 2.24 -20.80*** 
 [3.65] [0.22] [4.11] [3.85] [0.46] [4.92] 
Cashta -17.67** 10.27 -25.78** -14.29* 17.01* -29.64** 
 [2.20] [1.24] [2.14] [1.80] [1.74] [2.33] 
Crisis X Cashta 15.88 2.73 14.06 23.15 5.31 19.15 
 [0.61] [0.17] [0.67] [0.90] [0.28] [0.82] 
Post12 X Cashta 1.33 -30.93*** 24.34 4.77 -32.93** 35.07** 
 [0.07] [2.62] [1.51] [0.24] [2.57] [2.13] 
Post3 X Cashta 52.38*** -3.05 59.11*** 42.01*** -16.7 66.23*** 
 [3.16] [0.18] [2.81] [3.09] [1.01] [3.85] 
Cfw    7.69 -18.26** 25.62** 
    [0.65] [2.49] [2.49] 
Growth    -3.33 -5.73** 2.36 
    [0.82] [2.20] [0.68] 
Exchrgr    10.16* -5.64 12.77*** 
    [1.88] [1.11] [3.19] 
Observations 3508 3458 3371 3067 3018 2949 
R-squared 0.74 0.64 0.71 0.77 0.68 0.74 
N Firms 534 530 531 533 529 528 
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Table 5.6: Trade Credit and Pre-Crisis Cash Stock 

 
The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. The Cashta1 is the 
ratio of cash to assets measured at the firm level at the pre-crisis time (not time-varying).  This table shows the 
interactions of Cashta1 with the Crisis, Post12 and Post3 dummies.   Estimated with firm-fixed effects (see model (2) in 
the paper) using a balanced 7 sample. The standard errors were obtained using  clustering on country and time as 
explained in the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value 
of robust t-stats in brackets.   
 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

Crisis 7.06** 7.17** 2.17 4.01* 6.44* 0.07 
 [2.51] [2.21] [0.81] [1.66] [1.88] [0.02] 
Post12 -9.08** 1.21 -10.76*** -10.38*** 1.74 -12.16*** 
 [2.22] [0.61] [2.70] [2.84] [0.89] [3.36] 
Post3 -19.77*** 0.94 -20.53*** -18.59*** 2.41 -20.79*** 
 [4.57] [0.18] [6.72] [4.87] [0.52] [7.12] 
Crisis X Cashta1 22.9 3.9 19.07 33.11 3.33 27.58 
 [0.88] [0.23] [0.93] [1.24] [0.16] [1.16] 
Post12 X Cashta1 22.96 -22.95*** 36.87* 25.21 -33.63*** 46.36** 
 [1.29] [2.71] [1.89] [1.47] [2.90] [2.51] 
Post3 X Cashta1 52.51** -5.93 55.65** 55.14** -20.54 74.84*** 
 [2.29] [0.55] [2.42] [2.22] [1.64] [2.92] 
Cfw    8.75 -18.84*** 27.60*** 
    [0.72] [2.58] [2.64] 
Growth    -3.4 -5.67** 2.13 
    [0.83] [2.18] [0.60] 
Exchrgr    10.20* -5.43 12.74*** 
    [1.82] [1.07] [3.13] 
Observations 3581 3534 3442 3067 3018 2949 
R-squared 0.74 0.64 0.71 0.77 0.68 0.74 
N Firms 535 530 532 533 529 528 
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Table 5.7: Trade Credit and Exposure to Exchange Rate 

 
The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. Beta is a measure 
of sensitiveness of the firm to changes in the exchange rate (not time-varying) as explained in the paper.   This table 
shows the interactions of Beta with the Crisis, Post12 and Post3 dummies.   Estimated with firm-fixed effects (see 
model (2) in the paper) using a balanced 7 sample. The standard errors were obtained using  clustering on country and 
time as explained in the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute 
value of robust t-stats in brackets.   

 

 (1) (2) (3) (4) (5) (6) 
Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

Crisis 13.13*** 6.82* 8.07*** 10.79*** 6.97* 6.10** 
 [4.07] [1.75] [4.02] [3.06] [1.73] [2.37] 
Post12 0.33 -0.62 0.02 -2.14 -1.26 -1.42 
 [0.12] [0.28] [0.01] [0.61] [0.56] [0.39] 
Post3 -6.91* 1.01 -8.20** -8.76** -0.88 -8.06** 
 [1.80] [0.25] [2.17] [2.07] [0.23] [2.06] 
Crisis X Beta 0.67* -0.07 0.77** 0.44 -0.14 0.52 
 [1.72] [0.28] [2.09] [1.38] [0.48] [1.29] 
Post12 X Beta 1.07*** 0.06 1.05*** 0.82*** -0.13 0.99*** 
 [5.78] [0.28] [4.58] [3.24] [0.62] [4.00] 
Post3 X Beta 1.21** -0.06 1.12*** 0.63 -0.51 0.92** 
 [2.49] [0.13] [3.00] [1.43] [1.36] [2.09] 
Cfw    -0.96 -9.97 17.87* 
    [0.07] [1.08] [1.88] 
Growth    -5.67 -4.78 -2.07 
    [1.49] [1.56] [0.58] 
Exchrgr    5.56 -6.19 10.22** 
    [0.96] [1.13] [2.14] 
Observations 2791 2779 2721 2435 2423 2373 
R-squared 0.76 0.66 0.73 0.77 0.68 0.75 
N co_time 36 36 36 34 34 34 
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Table 5.8: Trade Credit and Bank Credit Growth 

 
The dependent variables are the trade credit measures. See header to Table 2 for variable definitions. The Creditgr is 
the annual growth of bank credit to the private sector scaled by GDP,  for each country-year.  This table shows the 
interactions of Creditgr  with the Crisis, Post12 and Post3 dummies.   Estimated with firm-fixed effects (see model (3) 
in the paper) using a balanced 7 sample. The standard errors were obtained using  clustering on country and time as 
explained in the paper.  ***, ** and * represent coefficients significant at the 1%, 5% and 10% level.  Absolute value 
of robust t-stats in brackets.   

 
 (1) (2) (3) (4) (5) (6)

Dep. Variable Trectos Tpaytoc Ntcs Trectos Tpaytoc Ntcs 

Crisis -3.45 2.08 -4.28 -7.81 3.87 -9.99 
 [0.56] [0.36] [0.86] [1.01] [0.57] [1.53] 
Post12 -7.94* -0.34 -8.87** -10.92** 0.09 -11.67** 
 [1.95] [0.19] [2.00] [2.18] [0.04] [2.33] 
Post3 -19.17*** -0.52 -19.01*** -19.32*** -0.33 -18.88*** 
 [4.72] [0.12] [6.54] [4.27] [0.08] [4.82] 
Creditgr -35.31 -12.41 -28.21 -60.34 -16.23 -48.89 
 [1.14] [0.77] [1.09] [1.42] [0.63] [1.34] 
Crisis X Credgr 128.54** 55.85 84.42* 161.09** 40.84 130.68** 
 [2.38] [1.48] [1.70] [2.40] [0.87] [2.11] 
Post12 X Credgr 54.09* 26.90* 36.32 74.85* 32.82 52 
 [1.79] [1.69] [1.49] [1.86] [1.31] [1.49] 
Post3 X Credgr 0.04 15.65 -11.34 31.98 20.15 20.36 
 [0.00] [0.59] [0.37] [0.69] [0.61] [0.51] 
Cfw    8.78 -17.14** 25.89*** 
    [0.78] [2.42] [2.58] 
Growth    -2.37 -4.93* 2.7 
    [0.59] [1.85] [0.81] 
Cashta    -1.93 8.04 -7.63 
    [0.23] [0.83] [0.55] 
Exchrgr    7.97 -8.86** 12.81** 

    [1.35] [2.11] [2.52] 
Observations 3560 3513 3421 3067 3018 2949 
R-squared 0.74 0.64 0.71 0.77 0.68 0.74 
N Firms 535 530 532 533 529 528 
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Figures 

Figure 2.1: Evolution of FINDIST over Time 

The Graph in Figure 1 shows the evolution of FINDIST over time.  FINDIST is a dummy variable that 
identifies firms in financial distress. 
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Figure 2.2:  Evolution of TCCGS and TRCA over time 

The first graph in Figure 2 shows the evolution of TRCA and TCCGS (Trade Credit on Assets and Trade 
Credit on Cost of Goods Sold) over time.  The second graph shows the evolution of the level of total assets 
and net sales of the firms over time.  The time span is the same used in the regressions. 
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Figure 2.3: Evolution of the rate of growth of Assets and Sales 

The Graphs in Figure 2.3 show the evolution of the growth rate of sales and assets and the TIMELINE.  
The growth rate of assets and sales are calculated using CPI-Adjusted levels of assets and sales.  The 
horizontal line in the graphs represents the mean of the plotted variable in a sub-sample of firms that have 
TROUBLE=0.  The vertical line represents the moment in which the firm entered in financial distress.  
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Figure 2.4: Evolution of the rate of growth of Assets and Sales 

The Graphs in Figure 2.4 show the evolution of the mean of TCCGS and TRCA and the TIMELINE.  
TRCA is trade payables on total assets and TCCGS is trade payables on cost of goods sold.  The horizontal 
line in the graphs represents the mean of the plotted variable in a sub-sample of firms that have 
TROUBLE=0.  The vertical line represents the moment in which the firm entered in financial distress.  
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Figure 3.1: Sales Growth rate and Assets Growth Rate in the Window 
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Figure 3.2: TCCGS and TRCA in the Window 
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Figure 4.1: The evolution of TRRSALES over time 

This graph shows the evolution of trade receivables from 1978 to 2000.  Each dot in the graph represents 
the average level of trade receivables over daily sales (TRRSALES) for all the firms in the sample every 
year. 
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Figure 4.2: The evolution of TRRSALES over time 

This figure shows the average days of trade receivables for firms that will enter in financial distress at some 
point during the sample time.  The horizontal axis measures the TIMELINE; at TIMELINE=0 the firm 
enters in financial distress under the FINDIST measure.  Negative values represent the number of years 
before financial distress, and positive values represent the time that the firm has spent in financial distress.  
The vertical axis measures the number of days of trade receivables measured by TRRSALES.  Each point 
in the graph represents the average number of days of trade receivables that firms show at each point in the 
TIMELINE.  The vertical line drawn at TIMELINE=0 shows the moment in which the firms enter in 
financial distress and the horizontal line drawn at TRRSALES = 51.46 represents the non-time varying 
average of TRRSALES for those firms that are in the sample but do not enter in financial distress during 
the sample period of this study. 
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Figure 5.1: Median Trade credit and Bank Credit Growth 
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