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Abstract

Why do virtually all firms—even the wealthiest—borrow from their suppliers? And
why do financially constrained firms borrow substantially more? Data comprising 21 mil-
lion invoices from 46 suppliers to 126,000 different corporate customers reveal that con-
tracted trade credit duration is independent of the customer’s creditworthiness, and that
overdue payments only account for a sixth of the variance in customers’ trade debt. We
therefore hypothesize that financially constrained firms choose “buying” over “making” to
increase their overall funding. As predicted, firms’ labor share is increasing in their credit
rating, and within-industry purchases respond more strongly to financial constraints than
do between-industry purchases.
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1 Introduction

Trade credit has long been an essential part of corporate funding. At its inception in 1782,
the sole purpose of the Bank of North America, the first commercial bank in the U.S., was
to produce liquidity by discounting trade bills. It actively resisted direct lending (Hammond,
1934). To this day, U.S. firms owe more money to their suppliers than to their banks (Figure
1, Panel A).! Yet, there is no generally accepted answer to the following simple question: Why
do virtually all firms—even the wealthiest—borrow from their suppliers? For example, Murfin
and Njoroge (2015) document that Wal-Mart borrows extensively from suppliers whose cost
of funds appears much higher than Wal-Mart’s.?

To say that all firms rely on trade credit is not to say that they do so to the same extent.
There is a robust negative correlation between firms’ creditworthiness and their accounts
payable. Panel B of Figure 1 depicts the relationship for the large sample of Swedish firms
that we consider here.

Arguably, this correlation constitutes the central regularity of trade credit research; see,
e.g., Petersen and Rajan (1997). Most, if not all, interpretations of the regularity are variants
of the following pecking-order theory: Firms of worse credit quality are forced to take more
trade credit for the purpose of paying for inputs, as they have run out of other funds, such as
bank credit. More precisely, financially constrained customers are hypothesized to pay their
suppliers later, either by forgoing early-payment discounts, negotiating longer payment peri-
ods, or by delaying payment beyond the due date. Whatever the reason for the later payment,
the customer will end up paying more for this trade credit than for the bank credit that the
customer is denied access to. This interpretation goes back at least to Meltzer (1960), and a
version of it is built into most of the formal models of trade credit, including Biais and Gollier
(1997), Burkart and Ellingsen (2004), and Cunat (2007). But despite its widespread accep-
tance, there is hardly any direct empirical evidence supporting this version of the pecking-
order hypothesis, as few researchers have had access to transaction data.’

In this paper, we analyze a unique Swedish source of detailed data on trade credit con-

!The data in Panel A of Figure 1 concern nonfinancial corporate businesses in the U.S., but available evidence
suggests that trade credit if anything is an even more important funding source in other developed economies
(Rajan and Zingales, 1995; Giannetti, 2003).

%For related observations and discussions see Klapper, Laeven and Rajan (2012), Breza and Liberman (2017),
and Giannetti, Serrano-Velarde and Tarantino (2020).

$Meltzer based his conclusions largely on variation in the ratio of receivables to sales during a tight-money
episode 1955-57. However, without contract-level data it is difficult to say what actually happened, as he himself
acknowledges. For example, it is possible that receivables rose relative to sales because sales to final customers
dropped relative to inter-firm sales.



Figure 1: Trade credit in the aggregate and in the cross-section of firms

A. Debt composition, US non-financial firms B. Trade credit use and creditworthiness
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Panel A shows trade payables, bank loans, and corporate bonds, respectively, as a share of total debt for nonfi-
nancial corporate businesses in the United States, where total debt is defined as the sum of ‘debt securities and
loans’ and trade payables (the shares do not sum to 100 percent as some debt classes are omitted from the figure).
Panel B shows the average ratio of accounts payable—received trade credit—to total assets (AP;:/T A;+) across
bins of the probability of default distribution for the firms in our sample. The rating variable is described in detail
in Section 3.3.

tract terms. The data comprise the whole history of virtually every invoice issued by 46
Swedish suppliers to their 126,000 domestic corporate customers over the period 2005-2008,
altogether 21 million invoices. For every customer, we have access to detailed financial ac-
counts data, as well as the credit rating assigned to them by the leading Swedish credit bu-
reau. Thanks to our granular data we are able to examine the pecking-order hypothesis di-
rectly. Contrary to conventional wisdom, we find the contracted duration of trade credit to be
independent of the customer’s creditworthiness. The actual duration of trade credit is nega-
tively related to creditworthiness, but differences in overdue payments account for less than
a sixth of the variation in payables. The remainder is instead due to differences in contract
volumes—that is, relative to their assets, less creditworthy firms make larger input purchases.

Does the desire to obtain more trade credit make firms buy more inputs from their suppli-
ers? If so, theories of trade credit need to allow for firms’ choice of input mix. To begin to ad-
dress the question formally, we generalize the in-kind finance model of Burkart and Ellingsen
(2004).

The in-kind finance model centers around the idea that purchase of illiquid inputs mit-
igates borrower moral hazard by making resource diversion less attractive than when credi-
tors supply liquid loans . Therefore, access to trade credit is particularly valuable to borrowers

whose moral hazard problems are large, and who therefore face tighter financial constraints.

2



To address the input-mix question, we generalize Burkart and Ellingsen (2004) as follows.

Instead of a single input, say a uniform type of labor, we say that the production pro-
cess takes two steps, and that the firm only needs to hire labor for the last step, say because
this step is harder to monitor. For the first step, it can rely on external production; think of
this as being conducted by incorporated (i.e., outsourced) labor.* The key assumption is that
employed labor cannot be bought on credit to the same extent. The reason is this: When
incorporated labor is promised a payment, the corporation can take that promise (to the cor-
poration it is a receivable) and borrow against it. If the corporation subsequently defaults, the
bank granting the loan will simply take over the receivable.

By contrast, a worker who gets a job and is offered a payment at the end of the month
cannot as easily go to the bank and ask for a loan against the promised paycheck, because
the bank cannot merely take over the wage in case the borrower defaults.® Thus, when an
employee gives credit, it is making a sacrifice in a way that an incorporated worker is not. As
employees are less willing to offer credit, the firm must look for other and potentially more
limited sources of funds when using employed labor.

Having designed a theory to fit the observed evidence, the final step of our analysis is
to probe the theory’s new predictions. The first prediction is that creditworthiness will be
positively correlated with the use of employed labor. The correlation is readily available, since
firms are required to report both their labor cost and their cost of goods sold. As it turns out,
labor’s cost share indeed correlates positively with creditworthiness, and the magnitude is
sizeable. Compared with firms in the best rating class, the average labor share in the lowest
rating class is 17 percent lower.

The second prediction is that financial constraints will lead to greater substitution be-
tween employees and external inputs when the external input supplier is in the same indus-
try (and thus offers closer substitutes to what can be produced in-house). Here too, the data
offer support. The input distortion is about twenty-seven percent more sensitive to financial

conditions when the input seller is in the same industry as the buyer.

*Below this is called capital. That will change in the future.

There are virtually always restrictions on wage garnishments, and in many places they are prohibited alto-
gether. In the United States, wage garnishment in connection to private debts are presently prohibited in Penn-
sylvania, North Carolina, South Carolina, and Texas.

®Although we cannot demonstrate conclusively that the correlation is causal, we think that the risk of reverse
causality is modest. In particular, we note the following two facts, which contradict the most immediate reverse
causality stories: First, our empirical creditworthiness measure takes account of firms’ total indebtedness, but
does not directly penalize trade debt. Hence, there is no mechanical correlation between creditworthiness and
trade credit use. Second, we find that labor adjusts more slowly to negative shocks than input purchases do.
Sluggish adjustment to shocks would therefore predict the opposite pattern of what we find.



As far as we know, we are the first to identify a link between financial constraints and
a distortion of labor input. In the empirical trade credit literature, Fisman and Love (2003)
is the most closely related paper. They find that countries with poorly developed financial
markets experience better performance of firms in industries that are more reliant on trade
credit. However, their cross-country finding is of a different nature than ours, as it does not
require that individual firms choose distorted technologies—it is sufficient that a country’s in-
stitutional environment facilitates some industries more than others for their result to arise.
By comparison, our within-country study controls for narrowly defined industry categories.
Thus, what we document are firm-level distortions. In the financial frictions literature, several
papers study the link between frictions and firm-level technology distortion more generally.
For example, Gopalan, Mukherjee and Singh (2016) demonstrate that better credit availability
due to improved contract enforcement is associated with borrowers holding more long-term
assets. There is also a long line of work studying the role of credit market frictions for intan-
gible investment (e.g., Hombert and Matray, 2016, and the references therein). Others have
mentioned the related idea that firms might skew investments toward fixed capital in order
to attract funding (e.g., Almeida and Campello, 2007).

Beyond the contribution to corporate finance theory, we therefore think that our findings
are relevant for the broader literature on financial frictions as a barrier to firm growth. It is
widely accepted that much more output could have been produced if it were possible to relax
firms’ financial constraints; see, for example, Banerjee and Duflo (2014) and Besley, Roland
and Van Reenen (2020) for recent contributions. According to received wisdom, the main
problem is either that small firms are unable to fund fixed investment or that many firms are
just generally too small. According to our analysis, constrained firms are not only too small

in general, but their size deficiency is particularly pronounced in terms of employees.

2 Data and Institutional Setting

2.1 Institutional setting

Accounts payable—received trade credit—is the single largest short-term liability item on
Swedish non-financial firms’ balance sheets. In 2007, accounts payable amounted to 11.1
percent of total assets for the average Swedish firm, while short-term bank funding on aver-
age amounted to only 2.3 percent of total assets; for the aggregate corporate sector, payables

were almost three times as large as short-term bank funding. Virtually all inter-firm trade
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is conducted using trade credit: a recent inquiry commissioned by the Swedish government
estimates that around 96 percent of the sales of Swedish firms involve trade credit (Pdrlhem,
2016). Only exporters and retail firms appear to use cash transactions with any regularity,
but trade credit transactions predominate even for these firms. The suppliers appearing in
our sample confirm in interviews that close to all sales are made on trade credit; the excep-
tions being transactions with first-time customers, and with customers that have recently
defaulted on trade credit commitments.

The vast majority of trade credit contracts issued by Swedish firms are of the net days
variety, which consist of two key contract terms: the amount to be paid and a due date,
which defines the maturity of the loan.” The modal maturity for the contracts in our data
is 30 days; several firm surveys confirm that this is representative for the Swedish economy
more broadly (see, e.g., Parlhem, 2016, and Intrum Justitia, 2017). Contracts featuring early
payments discounts—such as the often discussed “2/10 net 30” contracts, which require that
buyers pay within 30 days, while offering a discount of two percent for payments made within
ten days—are thus uncommon in Sweden.

These characteristics of trade credit usage in Sweden are similar to those in other devel-
oped countries, as can be appreciated by considering the following facts. Firstly, Amberg,
Jacobson, von Schedvin and Townsend (2016) show that the ratios of accounts payable and
accounts receivable to total assets for Swedish non-financial firms are very close to the cor-
responding ratios for U.S. Compustat firms. Secondly, Intrum Justitia (2017) presents cross-
country survey evidence showing that the average maturity of trade credit contracts in Swe-
den is very close to the average across all EU/EFTA countries. Moreover, the average number
of net days in the contracts in this paper is very close to the average number of net days in the
contracts issued by the sample of American firms studied by Giannetti, Burkart and Ellingsen
(2011).8 Thirdly, Ng, Smith and Smith (1999), Giannetti, Burkart and Ellingsen (2011), and
Klapper, Laeven and Rajan (2012), among others, show that early payments discounts are
fairly uncommon in trade credit contracts issued by American firms; hence, the dominance

of net days contracts over contracts with early payments discounts is also a feature shared

"Trade credit contracts may also stipulate a penalty interest rate to be charged should the customer fail to pay
on time, but such clauses are not mandatory. If consequences of default have not been explicitly agreed upon,
the Interest Rate Act of 1975 stipulates that suppliers have a right to charge a penalty interest rate amounting to a
reference rate set by the Swedish central bank plus eight percentage points. If a due date has not been contracted,
suppliers can charge the penalty interest rate starting from 30 days after notice of payment has been given.

8The contracts in Giannetti, Burkart and Ellingsen (2011), drawn from the National Survey of Small Business
Finances (NSSBF), have an average maturity of around 25 days with a standard deviation of 12 days. The cor-
responding mean and standard deviation in our sample are 30 and 10 days, respectively, when measured at the
contract level, and 25 and 8 days when measured at the level of customer-supplier pairs (cf. Table 3).



with other countries.

2.2 Data sources

The empirical analysis in this paper is based on three main data sets, which we merge un-
ambiguously by means of the unique identifier (organisationsnummer) attached to each
Swedish corporate firm. Firstly, we obtain contract-level data from UC AB (UC), the lead-
ing credit bureau in Sweden. The contract-level data contains detailed information on all
completed trade credit contracts issued by a sample of Swedish suppliers during the period
2005-2008. For each contract, we observe the identities of the supplier and the customer; the
date when the contract was issued; the amount to be paid; the agreed maturity date; and the
date of actual payment.

The contract dataset originates from a project launched by the credit bureau in 2003, with
the purpose of collecting an entirely new type of input data for their monitoring of trade credit
risks in the Swedish economy. The credit bureau recognized the importance of timely input
data, and the new project aimed at enabling monitoring of firms’ cash flows on a continuous
basis—if notin proper real time, at least with a much smaller lag than the six quarters typically
associated with financial statements. Representative firms—chosen to reflect a cross-section
of suppliers in the economy—were invited to participate in the project by submitting monthly
reports on the details of every invoice issued for payment of inputs delivered to customers. In
return for this cumbersome undertaking, the credit bureau offered analyses of credit risks in
the firms’ customer pools using their PD-scoring model. Thus, the project was not run on a
strictly commercial basis, but rather as a concern of mutual interest. We interpret the format
and the design of the project as attenuating threats of potential selection bias in the set of
suppliers, but we nevertheless undertake an evaluation of differences between the suppliers
and their industry, age, and size peers, to confirm that view.”

Secondly, we obtain firm-level data at annual frequency from the database Serrano, which
covers the universe of corporate firms in Sweden. Serrano is constructed based on data from
several official sources—most importantly the Swedish Companies Registrations Office, to
which all Swedish corporations are required to submit annual financial accounting state-

ments in accordance with EU standards—and comprises detailed accounting data, as well as

9The project of systematic collection of invoice data was terminated around 2015, since over time many par-
ticipating firms chose to discontinue invoice submissions. In a sense the project idea was in 2003 much before its
time, amounting to Big and Real time data ideas before the concepts were widely known. With the advancement
of IT technology, for efficient data storage and transfer, the likelihood of success has increased and, indeed, a new
effort to collect invoice data has recently been launched by the credit bureau.



demographic data, such as a firm’s industry, location, and age. Finally, we use an additional
data set from the credit bureau UC, which comprises firm-level credit ratings and probabil-
ities of default for the universe of Swedish corporate firms. Taken together, these data sets
provide us with rich and detailed information about the trade credit contracts and the char-

acteristics of the contracting parties.

2.3 Sample properties

Our final sample consists of 21.0 million trade credit contracts, issued by 46 suppliers to
126,488 unique customers over the four-year sample period 2005-2008.1° The customers in
the sample are a large and diverse set of firms that jointly make up around half of all non-
financial corporations that were active in Sweden during the sample period. The set of sup-
pliers, on the other hand, is rather small and also self-selected, since it consists of firms that
actively chose to subscribe to the credit risk monitoring service described in the previous
section. In what follows, we describe the characteristics of suppliers and customers in more
detail.

We begin with a comparison of the industry, size, and age distributions of sample cus-
tomers and suppliers, respectively, with the corresponding distributions pertaining to all
firms in the Swedish non-financial corporate sector. The results are reported in Table 1.
The size and industry distributions of sample customers track the population distributions
closely, which is expected given that sample customers constitute roughly half of all firms in
the Swedish economy. The set of sample suppliers, on the other hand, is heavily dominated
by larger and older firms; for example, firms with more than 1,000 employees make up around
22 percent of the suppliers in our sample, but only 0.1 percent of firms in the population. The
industry distribution of sample suppliers tracks the population distribution more closely, al-
though some industries, most notably manufacturing and trade, are over-represented, while
other industries, such as real estate and utilities, do not appear at all.

In Table 2, we report descriptive statistics on a broad set of financial and demographic
characteristics for four groups of firms: sample suppliers, sample customers, and one com-
parison group each for suppliers and customers. The comparison groups are constructed
by weighting the population of non-financial corporations so that the industry-size-age dis-

tribution of the population matches those of sample suppliers and customers, respectively.

1%We describe the sample screens that we use to construct the final sample in Section B1 in Appendix B. Table B1
in the same section details how the sample size and composition changes with the application of each selection
screen.



Table 1: Size, age, and industry distribution of customers and suppliers

Customers Suppliers All firms
A. Size distribution
Micro (EMPL < 10) 0.718 0.000 0.823
Small (10 < EMPL < 50) 0.227 0.119 0.147
Medium (50 < EM PL < 250) 0.045 0.301 0.025
Large (250 < EM PL < 1000) 0.008 0.357 0.004
Very large (EM PL > 1000) 0.002 0.224 0.001
B. Age distribution
AGE <2 0.047 0.000 0.089
2<AGE <5 0.122 0.014 0.149
5 < AGFE <10 0.176 0.028 0.183
10 < AGE <15 0.163 0.028 0.156
AGE > 15 0.492 0.930 0.424
C. Industry distribution
Agriculture and mining (A-B) 0.020 0.000 0.030
Manufacturing (C) 0.162 0.280 0.116
Utilities (D-E) 0.007 0.000 0.005
Construction (F) 0.173 0.021 0.132
Wholesale and retail trade (G) 0.262 0.455 0.242
Transportation and storage (H) 0.055 0.084 0.062
Hotels and restaurants (I) 0.035 0.000 0.042
Information and communication (J) 0.048 0.056 0.056
Real estate (L) 0.035 0.000 0.038
Professional, scientific, and technical activities (M) 0.121 0.042 0.170
Administrative services (N) 0.035 0.063 0.035
Other industries (O-S) 0.047 0.000 0.072
Number of firms 126,488 46 216,423
Number of firm-years 335,757 143 666,541

This table reports the size, age, and industry distributions for sample customers and suppliers, as
well as for the Swedish corporate sector as a whole. The letters denoting industries correspond to
SNI/NACE sections.



Table 2: Sample representativity

Panel A. Customers Population Normalized
Mean SD Mean SD difference
APy /T Ai 0.142 0.137 0.134 0.048 0.079
AR;;/SALES;: 0.107 0.093 0.103 0.031 0.052
T A;: (MSEK) 19.187 54.198 17.824 40.911 0.028
EMPL;: 12.526 23.482 12.046 22.027 0.021
AGE; 17.796 13.663 17.619 10.586 0.014
RATING;+ 3.889 1.075 3.896 0.507 -0.009
DIV /T A 0.031 0.061 0.031 0.012 -0.003
DEBT;: /T Azt 0.611 0.265 0.606 0.088 0.026
CASH; /T Az 0.220 0.228 0.233 0.079 -0.078
EBITDA; /T Ay 0.117 0.189 0.115 0.033 0.020
Number of firms 126,488 216,423
Number of firm-years 335,757 666,541
Panel B. Suppliers Population Normalized
Mean SD Mean SD difference
AP;,/TA;, 0.173 0.118 0.146 0.040 0.312
ARj:/SALES;: 0.107 0.052 0.098 0.026 0.215
T Aj (MSEK) 254.733 111.436 226.434 116.713 0.248
EMPL;; 116.790 35.810 106.984 37.961 0.266
AGEj; 42.825 19.509 38.461 10.421 0.279
RATING; 4.448 0.766 4.351 0.326 0.164
DIV;,/TAj, 0.029 0.061 0.027 0.011 0.041
DEBT;:/TAjt 0.590 0.159 0.623 0.061 -0.270
CASH; /T Az 0.067 0.094 0.099 0.050 —0.428
EBITDA;;/TAj+ 0.135 0.115 0.126 0.034 0.108
Number of firms 46 216,423
Number of firm-years 143 666,541

This table reports descriptive statistics for four groups of firms: sample suppliers, sample customers, and one
comparison group for each. The comparison groups are constructed by weighting the population of Swedish
non-financial firms so that the industry-size-age distribution of the population matches those of sample sup-
pliers and customers, respectively. The variables included in the comparison are the following: payables over
assets (AP;; /T A;¢), receivables over sales (AR;;/SALFES;;), total assets in millions of SEK (7'4;,), number of em-
ployees (EM P L;;), years since incorporation (AGE;,), credit rating (RATING,;), dividend payments over assets
(DIV;i/T As), total debt over assets (DEBT;: /T A;:), cash holdings over assets (CASH; /T As), and operating
cash flow over assets (EBITDA; /T Ast).



The purpose is to assess whether the suppliers and customers are representative of firms of
similar size and age operating in the same industry. The key statistic in the comparison is
the normalized difference in means, which measures the difference in means between two
groups for a given variable, expressed in terms of standard deviations.!!

Consider first the comparison of suppliers with their peer firms, reported in Panel A. The
normalized differences are overall small—only two out of nine differences substantially ex-
ceed 0.3 in absolute value—which suggests that the sample suppliers are reasonably similar
to other firms belonging to the same industry-size-age classes.'? To the extent that the sample
suppliers differ from the firms in the comparison group, they appear to be somewhat larger,
older, and more creditworthy, but even these differences are rather modest. Importantly, the
difference in trade credit issuance between sample suppliers and their peers is small; the
average ratio of accounts receivable to sales is 0.107 for sample suppliers and 0.098 for the
comparison group. The corresponding comparisons between sample customers and their
peer firms, reported in Panel B, show that they are very similar on all characteristics.

In sum, the customers in our sample are representative of the corporate sector across a
broad set of demographic and financial characteristics; the suppliers, on the other hand, are
substantially larger than the average firm, but reasonably representative of firms belonging to
the same industry-size-age group when it comes to financial characteristics and trade credit

issuance.

3 Empirical Approach

This section provides the groundwork for the empirical analysis. We begin by demonstrating
how accounts payable can be decomposed into its constituent parts in a way that allows us to
unveil the underlying drivers of the relationship between financial constraints and accounts
payable. We then present the set of dependent variables emanating from the decomposition
exercise as well as the independent variable capturing firms’ financial constraints. Finally, we
discuss the empirical specifications with which we model the variation underlying accounts

payable by means of the granular and rich contract data set.

""More specifically, we use the measure of normalized differences proposed by Abadie and Imbens (2011),
which is defined as (X1 — Xo) /+/(Sf + 53) /2, where X; and S; are the means and standard deviations of the
comparison variable and ¢ indexes the two groups two be compared. The industry-size-age categories are con-
structed using the size and age classifications listed in Table 1 combined with two-digit SNI/NACE codes.

'2We follow Imbens and Rubin (2015) when assessing the size of the normalized differences. More specifically,
in an evaluation of the experimental LaLonde (1986) dataset, Imbens and Rubin observe a maximum normalized
difference of 0.30, which they judge to be excellent covariate balance.
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3.1 Conceptual framework: Decomposing accounts payable

The daily average ratio of accounts payable to total assets on firm i’s balance sheet in year ¢

can be expressed as:

N;
AP _ zt: DPAYijet IPVijer 1)
TAiy 4~ 365 TAw '

where I PV is input purchase value, the value of the inputs purchased by firm i from sup-
plier j in transaction ¢; DPAYjj. is days to payment, the number of days between delivery
and payment for transaction ¢, with zero corresponding to a cash transaction; and N, is the
number of input purchase transactions undertaken by firm i in year ¢.!3 Days to payment and

input purchase value can, in turn, be expressed as follows:
DPAYVZ'jct = NDAYSith + DOVERith (2)

and
IPVijet = Pijet - Qijet, 3)

where NDAY S;j. is net days, the contracted duration of the trade credit extended in trans-
action ¢; DOV ER;; is days overdue, the difference between actual and contracted duration;
and P;;.; and Q. are the unit price and the quantity, respectively, of the input purchased by
firm i in transaction c.

Equations (1)—(3) make it clear that there are several possible sources of observed varia-
tion in the aggregate amount of accounts payable on firms’ balance sheets: (i) variation in
input purchase value, due to variation in unit prices or quantities of inputs purchased, or
both, (ii) variation in contracted duration, and (iii) variation in the deviation from contracted
duration due to either early or late payments. A log-additive decomposition of APZ/T A;;,
based on equations (1)-(3), provides a framework for isolating individual components’ bear-

ings on the variation in accounts payable. It is easily verified that (1) can be rewritten as

AP} _DPAYy 30 IPViju
T Ay 365 TAy

4)

where DPAY ;; is the value-weighted average days to payment across all input purchase

3Note that accounts payable as defined in (1) may differ from accounts payable as observed on firm i’s balance
sheet in year ¢, since the latter measures the amount of payables outstanding on the last day of the fiscal year. To
distinguish between these measures, we use AP;}/T A;; to refer to the daily average of accounts payable in year ¢,
and AP;: /T A to refer to accounts payable as observed on the balance sheet in year ¢.
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transactions c undertaken by firm in year ¢, DPAY ;; = Zévz”l DPAYjjet - wijer, and the weight
is defined as wjjct = IPVjjet/ Zévjl IPV;;. Now, taking the log of (4) yields:

AP¢ DPAY SNt TPVijes
1 ) —n ( ) o [ Ee=lt T ) 5
. <TAZ-,5) . < 365 ) i ( T Ay ()

The log-transformation of AP¢/T A;; thus allows us to express the transformed variable as
the sum of its two main components: average days to payment and the total value of input
purchases during the year in relation to total assets. It is straightforward to further decom-
pose the latter into the quantity-weighted average unit price and the total quantity of input

purchases during the year, respectively, in accordance with (3):

> TPVijer - >0 Qijet
' < TAy n( zt) o T Ay ©)
where P;; = Zi\fl Pijer - Wg‘ct and Wg'ct = Qijet/ Zivjl Qijct- The term capturing average days

to payment, In (DPAYit / 365), cannot readily be decomposed further within (5), however,
since DPAY ;; is defined as the sum of its two component parts. Average days to payment is

therefore decomposed separately as follows:

DPAY ;; = NDAY Sy + DOV ERy, (7)

where NDAY Sy = SN NDAY Sijet - wijer and DOVERy; = SNt DOV ERyjet - Wijet-

3.2 Dependent variables

The dependent variables in the empirical analysis are constructed based on the log-additive
decomposition of APg /T A; described above. It is important to note, however, that we
empirically construct our dependent variables by aggregating the contract-level data up to
the match-year level—rather than to the firm level, as in equations (5)-(7) in the previous
subsection—since our main empirical models are estimated at the match-year level.
Realized credit—Our first dependent variable is the log of the ratio of realized credit—the

average amount of credit granted from supplier j to customer i on any given day in year t—to
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customer 7’s total assets:

Nijt
RC;; . DPAY;; IPV;;
| gt _ 1 ijet ijct 8
Yiit T Ay . Zl 365 TAy | (®)

where N;;; is the number of input purchase transactions between customer i and supplier j
during year ¢, and the remaining variables are defined as before. The variable realized credit
is thus the match-level correspondent of accounts payable, in the sense that if realized credit
is aggregated over all suppliers j of customer i, one obtains the value of customer i’s accounts
payable as specified in (1): Y, RCyj; = AP,

Days to payment.—Our second dependent variable is the log of the weighted average days
to payment across all input transactions between customer ¢ and supplier j in year ¢:

Nijs

y% =In (DPAY i) =In | Y DPAYijer - wijer | . ©)
c=1

where wije; = IPVijer/ Zivjf IPVij.. Note that we can drop the denominator that appears in
the expression in (5), since this is simply a constant that does not affect the estimation results.
Input purchase value—Our third dependent variable is the log of the total value of the

inputs purchased by customer i from supplier j in year ¢, divided by customer i’s total assets:

Nijt

. 1PV, 1PV,
3.~ L et 10
yZ]t n TAZt n Czl TArLt ’ ( )

where IPV;j; = Zivjf IPV;;. Note that since we only observe transactions involving trade

credit in our data, /PV;j; will understate the true value of input purchases to the extent that
cash transactions occur; as discussed in the previous section, however, virtually all inter-firm
trade in the Swedish economy involves trade credit, so we deem this a minor concern for the
analysis.

Unfortunately, we do not observe unit prices and quantities separately in our data and
can therefore in practice not undertake the further decomposition of the value of input pur-
chases outlined in (6)."* We will nevertheless be able to say something about the extent to

which the results regarding input purchases values are accounted for by prices and quanti-

4Note, however, that in many industries it is in practice often hard to separate the total value of a transaction
into a clearly defined unit price and a quantity purchased; this is, for example, likely to be the case in many service
industries.
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ties, respectively; we will return to this issue when discussing the empirical results in the next
section.

Contract maturity—Our fourth, fifth, and sixth dependent variables are the weighted av-
erages of days to payment, net days, and days overdue, respectively, across all transactions ¢

between customer i and supplier j in year ¢:

Nijt

ygljt = Wij‘t = Z DPAYijet - wijets (11)
c=1
Nijt

Y3y = NDAYS;js = > NDAY Sjjet - wijet, (12)
c=1
Nijt

y%t = DOVERijt = Z DOVERZ'th " Wijct - (13)

c=1
Recall that net days is the contracted maturity of the trade credit extended in a given trans-
action, days to payment is the actual time to payment, and days overdue is the difference
between the two. As in the case of 1 PVj;;, cash transactions would have been problematic for
the measurement of DPAY ;j;, NDAY S,;;, and DOV ER;;; had they been common—since

these variables all take the value zero in cash transactions—but since cash transactions are
rare in inter-firm trade, this is not a cause for concern.
We will also consider a version of the days overdue variable that only takes non-negative

values:
Nijt

yly = DOVERS, = 3" DOVER}, - wije, a4

c=1

where DOV ER;

ijct
Table 3 provides descriptive statistics for the contract variables, measured at the level of

= max (DOV ER;j,0).

individual contracts as well as at the level of customer-supplier pairs.

3.3 Independent variable

The independent variable in the empirical analysis is financial constraints, measured by
means of the firm-specific credit rating (RATING;;) assigned to each Swedish corporate firm
by the leading Swedish credit bureau, UC AB. UC’s rating system comprises five risk classes, 1-
5, where higher risk classes are associated with lower credit risk. Firms are assigned to one of

the five risk classes based on their firm-specific probabilities of default (PD), estimated by UC
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Table 3: Contract characteristics

Mean Std. dev. 10th pct. Median 90th pct.
A. Contract-level characteristics
IPV;jet 10.007 273.358 0.160 1.427 15.144
NDAY Sijct 28.842 9.890 14.000 30.000 34.000
DPAYje 30.409 11.872 15.000 30.000 42.000
DOV ER;je 1.568 7.776 -2.000 0.000 6.000
B. Match-level characteristics
1PV 345.784 6,040.893 2.202 17.344 377.916
IPV;j /T Air (%) 2.963 9.288 0.015 0.327 5.960
In (IPV;j¢ /T Air) -1.192 2.364 -4.188 -1.118 1.785
RC;ji /T Air (%) 0.227 0.785 0.001 0.021 0.420
In (RC;j1/TAj) -3.925 2.425 -7.024 -3.854 —-0.868
DPAY; 25.927 10.760 12.367 28.667 35.332
In(DPAY;j:) 3.167 0.441 2.515 3.356 3.565
NDAY S, 23.767 8.524 11.335 29.187 31.000
DOV ER;j; 2.160 7.323 -2.000 0.524 7.876
DOVERjjt 3.121 6.637 0.000 1.000 8.097
NCONTRACTS;j, 34.555 568.209 2.000 10.000 54.000
Number of contracts 20,982,287
Number of customers 126,488
Number of suppliers 46
Number of match-years 607,215
Number of unique matches 285,631

This table reports descriptive statistics for the contract variables used in the empirical analysis. Panel A reports
statistics at the level of individual contracts, while the statistics in Panel B refer to variables measured at the
match-year level, where a match refers to a given customer-supplier pair. Note that the statistics for the ratios
IPVi; /T Ay and RCyj. /T A, are expressed in percentage terms, rather than in decimal form. Definitions of all
variables are provided in section 3.2 of the text.
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by means of a scoring model, where the intervals are as follows: above 8 percent, 3-8 percent,
0.75-3 percent, 0.25-0.75 percent, and below 0.25 percent. Hence, RATIN G}, is a categorical
variable constructed through a discretization of the underlying, continuous PD variable. The
scoring model generating the PDs is based on very rich input data from four main sources:
balance sheet and profit-and-loss data from the firm’s financial accounts; data on injunctions
for settlement of payments that the firm has defaulted on, issued by the Swedish Enforcement
Agency; information on the private financial status of the firm’s board members, such as in-
junctions regarding defaulted debt; and demographic information, such as age and industry,
as well as the firm'’s bank credit history.!®

There are several reasons to consider UC ratings an accurate measure of financial con-
straints. Firstly, the ratings are external, consistent, and universal appraisals of Swedish firms’
one-year failure risks.'® Secondly, UC ratings are widely used to evaluate counterparty risks
in inter-firm trade, as well as by the Swedish commercial banks when screening prospective
borrowers and monitoring granted loans. For the latter purpose, UC ratings (as opposed to
ratings from competing credit bureaus) are almost exclusively used, since UC was originally
set up in the 1970s as a joint venture by the majority of Swedish banks to provide them with
structured data on the credit risks of households and firms.

More generally, Besley, Roland and Van Reenen (2020) show that a firm’s probability of
default is a sufficient statistic for the extent to which it is financially constrained in a model of
credit contracts with moral hazard. We develop a similar argument based on our theoretical
model in Section A2 below. Hence, our empirical measure of financial constraints is well-

grounded in theory.

3.4 Empirical specifications

We consider a set of models in which the dependent variables, yfjt, correspond to the vari-
ables defined in equations (8)-(14). The model specifications take the following form:
4

Yo =i+ Y Be  {RATING; =k} +of + o +of +ey, £=1,2...,7 (15)
k=1

15As noted above, accounts payable does not enter the scoring model directly, but only indirectly as a compo-
nent of total indebtedness, which is included in the model. However, according to the credit bureau, the real-time
information on injunctions of payment of defaulted debt—both on part of the firm itself and its board members—
is the strongest predictor of future default in the scoring model and thus outweighs the more dated information
from financial statements, including indebtedness.

1$Jacobson and Lindé (2000) discuss the accuracy of failure predictions offered by UC ratings, and in particular
how they fare over the business cycle.
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where subscripts i, j, and ¢ index customers, suppliers, and years, respectively. (2;; denotes a
supplier-year fixed effect; RATIN G, refers to customer i’s credit rating in year ¢ (the omitted
rating classis RATING;; = 5, which comprises the most creditworthy firms); and af , a;“, and
af are fixed effects capturing customer i’s size, age, and industry, respectively, the former two
of which are based on the size and age categories listed in Table 1, and the latter on five-digit
SNI/NACE codes. Standard errors are two-way clustered at the customer and supplier levels,
respectively, to account for potential correlation of the errors within supplier and customer
clusters.

The design of the models specified in (15) is guided by the following considerations.
Firstly, since the analysis deals entirely with the demand side of trade credit, we can include
supplier-year fixed effects in the models and thereby absorb all supplier-specific variation
in trade credit supply, which alleviates the concern that the results could be driven by some
form of endogenous matching between customers and suppliers. Our empirical approach
thus resembles Khwaja and Mian'’s (2008) strategy for isolating bank credit supply shocks—
with the difference that whereas Khwaja and Mian use borrower-year fixed effects to isolate
variation in supply, we employ supplier-year fixed effects to isolate variation in demand.

Secondly, we do not employ customer or match fixed effects in the models—even though
this would be feasible given the structure of the data—since they would absorb a key source of
variation in the data, namely, the between-customer variation. The importance of between-
customer variation comes from the fact that both the main explanatory variable and several
of the dependent variables are quite persistent over time, which implies that there is relatively
little within-customer variation in the data to exploit.!” Hence, a model with customer or
match fixed effects would to a large extent be identified by means of variation stemming from
small and transitory changes in the underlying PD estimates for customers close to the rating
category thresholds, and possibly also by means of measurement error in the data. Instead
of customer or match fixed effects, we include customer industry, size, and age fixed effects
in the models, which control for several potentially important sources of omitted variable

bias, while leaving sufficient variation in the data to properly assess the relationships we are

"For example, customer-level regressions with In (AP;; /T A;;) and RATING, as dependent variables, and a
full set of customer dummies as independent variables, yield R?s of 0.86 and 0.75, respectively, when estimated
using the same set of customers and years as in our baseline specification. With a longer panel, one could obtain
slightly more within-customer variation in these and other variables, but the difference would not be that large:
when we estimate the same regressions on the period 1998-2015, the longest period available in our accounting
and credit rating data, the corresponding R?s are 0.72 and 0.60, respectively. Hence, similar considerations would
apply even with a longer panel.
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interested in.!8
In addition to the main empirical models specified in (15), we consider the following

customer-level model:

4
In <;§i> =+ ; By - I{RATING;; = k} + of + af* + ol + ¢, (16)
where In (AP;;/T A;:) is the log of the ratio of accounts payable to total assets on customer
i’s balance sheet in year ¢; oy is a year fixed effect; and the remaining variables are defined as
before. Standard errors are clustered at the customer level. As noted above, the models in (15)
and (16) differ in that the former are estimated at the match level using contract data, while
the latter is estimated at the customer level using accounting data. The purpose of estimating
(16) is to assess the generality of the baseline results obtained with the contract-level model

in (15); we will return to this issue when presenting the results in the next section.

4 Empirical Results

Our empirical results concern the relationship between trade credit use and financial con-
straints; in particular, we demonstrate how the constituent parts of accounts payable interact
to yield the stylized feature of a negative relationship between trade credit use and creditwor-
thiness. The analyses are conducted for the outcome variables realized credit, input purchase
value, days to payment, net days, and days overdue, in accordance with the decomposition
described in (1)-(3), and by means of the baseline specification (15) applied to the contract-

level data.

4.1 Baseline results

Table 4 reports estimation results for the contract-level model with realized credit, input pur-
chase value, and days to payment, respectively, as outcome variables. Firms in the highest—
least risky—rating class (RATING;; = 5) constitute the reference category; hence, the coef-

ficients capture the estimated difference in the outcome variable for firms in a given rating

18Including a customer-size fixed effect in the models is not an obvious choice. On the one hand, we want
to control for, among other things, size-related technology differences across firms. On the other hand, if firm
size and credit rating are jointly determined, then the size fixed effect may distort the estimates. Fortunately, in
practice it matters very little for the results whether or not the size fixed effect is included. Results corresponding
to those in Tables 4-7 below, but estimated using models without customer-size fixed effects, are available from
the authors upon request.
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Table 4: Baseline results

ey ay (1)
In (%) In (%) In (DPAY;j,)
RATING;; =4 0.468 0.427 0.041
(0.028) (0.027) (0.002)
RATING;; =3 0.569 0.470 0.099
(0.039) (0.037) (0.005)
RATING;; =2 0.733 0.546 0.187
(0.073) (0.068) (0.013)
RATING; =1 0.959 0.617 0.343
(0.127) (0.117) (0.026)
Year FE Yes Yes Yes
Customer controls Yes Yes Yes
Supplier-year FE Yes Yes Yes
R? 0.445 0.440 0.500
Number of customers 126,488 126,488 126,488
Number of suppliers 46 46 46
Number of observations 607,215 607,215 607,215

This table reports the results of estimations of the contract-level model specified in (15) with realized
credit, input purchase value, and days to payment as outcome variables. The omitted rating class in
all columns is RATING;: = 5, which comprises the most creditworthy firms. The set of customer
controls consists of age, size, and industry fixed effects, the two former of which are based on the
size and age categories listed in Table 1, and the latter on five-digit SNI/NACE codes. The estimation
period is 2005-2008 in all columns. Standard errors two-way clustered at the customer and supplier
levels, respectively, are reported in parentheses.

class compared with firms in the highest rating class. The results in Column (I) show that re-
alized credit decreases monotonically in credit rating, i.e., firms with worse credit ratings use
more trade credit. The magnitude of the relationship is substantial: for example, the average
ratio of realized credit to total assets for firms in the lowest rating class is twice as large as for
firms in the highest rating class. The estimated negative relationship between creditworthi-
ness and received trade credit is consistent with previous findings in the empirical literature,

notably Petersen and Rajan (1997).

19



Next, we assess to which extent the negative relationship between credit rating and real-
ized credit in the contract-level model is accounted for by input purchase value and days to
payment, respectively. Since these two variables emanate from a log-additive decomposition
of realized credit—as discussed in Section 3—the coefficients from these separate regressions
will, for given rating class, sum to the corresponding coefficient in a regression with realized
credit as outcome variable. The exercise thus enables us to directly assess the relative impor-
tance of the two components that jointly determine realized credit. The results, reported in
Columns (II) and (I1I), show that both input purchase value and days to payment are mono-
tonically decreasing in rating class, i.e., firms with worse credit ratings buy more inputs on
credit and take longer to pay, in comparison with better rated firms. However, the relative im-
portance of the two components differ across rating classes. Input purchase value accounts
for most of the relationship between creditworthiness and realized credit in all rating classes,
but we find that days to payment is relatively more important for firms in the lower rating
classes. The share of the relationship between creditworthiness and realized credit accounted
for by days to payment is monotonically decreasing in rating class, falling from 35.8 percent
when comparing rating classes 1 and 5, to 8.8 percent when comparing rating classes 4 and

5; the weighted average across all rating classes is 15.6 percent, or slightly less than one sixth.

4.2 Days to payment

The two main components in realized credit can, as established in Section 3, be further de-
composed into their respective constituent parts: input purchase value into the unit price
and quantity associated with a given contract, and days to payment into the contracted ma-
turity and the deviation of factual maturity from contracted maturity. We will consider these
in turn, beginning with maturities. We conduct the decomposition of the relationship be-
tween days to payment and credit rating by again estimating the contract-level model, this
time with days to payment, net days (contracted maturity), and days overdue (deviation from
contracted maturity) as outcome variables. As explained above, we measure these variables
in number of days to be able to undertake an additive decomposition of days to payment.
Hence, we will begin by re-estimating the contract-level model with days to payment as out-
come variable, but now measured in levels instead of logs. The results, reported in Column
(D) of Table 5, confirm that days to payment measured in levels is monotonically decreasing
in credit rating: for example, the estimated difference in days to payment between firms in

rating classes 1 and 5 is over eleven days, but only one day when comparing firms in rating
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Table 5: Decomposing days to payment

@ (D (ID) Iv)
DPAY;j NDAY S, DOV ER;j, DOV ERf,
RATING; =4 1.013 -0.041 1.054 0.788
(0.098) (0.033) (0.074) (0.060)
RATING;; =3 2.610 -0.014 2.624 2.213
(0.193) (0.038) (0.172) (0.165)
RATING;; =2 5.371 -0.066 5.436 4.981
(0.408) (0.042) (0.400) (0.404)
RATING;; =1 11.180 -0.067 11.247 10.871
(0.995) (0.072) (0.977) (0.970)
Year FE Yes Yes Yes Yes
Customer controls Yes Yes Yes Yes
Supplier-year FE Yes Yes Yes Yes
R? 0.435 0.602 0.189 0.208
Number of customers 126,488 126,488 126,488 126,488
Number of suppliers 46 46 46 46
Number of observations 607,215 607,215 607,215 607,215

This table reports the results of estimations of the contract-level model specified in (15) with days to payment, net
days, days overdue, and non-negative days overdue as outcome variables. The omitted rating class in all columns
is RATING;; = 5, which comprises the most creditworthy firms. The set of customer controls consists of age,
size, and industry fixed effects, the two former of which are based on the size and age categories listed in Table 1,
and the latter on five-digit SNI/NACE codes. The estimation period is 2005-2008 in all columns. Standard errors
two-way clustered at the customer and supplier levels, respectively, are reported in parentheses.

classes 4 and 5. The difference in days to payment between high-rated and low-rated firms is
thus substantial, given that the mode maturity in our contract data is 30 days.

The results for the estimations with net days and days overdue as outcome variables are
reported in Columns (II) and (III), respectively. A clear pattern emerges: for net days, the co-
efficients are close to zero and statistically insignificant across all rating classes, whereas the
coefficients in the days overdue regression are statistically significant and essentially equal in
magnitude to the corresponding coefficients in the estimations with days to payment. Hence,

the negative relationship between creditworthiness and days to payment across rating classes
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is entirely accounted for by differences in days overdue. Note, however, that since the variable
DOV ER;;, takes both negative and positive values—i.e., it captures both premature and late
payments—we have not yet demonstrated that the findings just reported are driven by differ-
ences in late payments across rating classes. To do so, we estimate the contract-level model
with DOVER;;t, which only records late payments, as outcome variable. The coefficients, re-
ported in Column (IV), are very close to those in the estimation with DOV ER;;;, which shows
that the negative relationship between rating class and days to payment is due to differences
in late payments. We conclude that financially weak firms exercise a non-negligible amount
of overdrafting, or temporary defaulting, on trade credit debt. This finding highlights the in-
surance aspect of trade credit, as discussed by Cufat (2007), and more recently by Amberg,

Jacobson, von Schedvin and Townsend (2021).

4.3 Input purchase values

Consider next the question of the extent to which the negative relationship between input
purchase value and rating class is accounted for by variation in prices and quantities, respec-
tively. As noted, our contract data do not comprise prices and quantities and we are therefore
unable to provide direct evidence on this issue. Nonetheless, we can cast some light on the
roles played by prices and quantities in accounting for the negative relationship. In brief, we
argue that price differences can explain only a smaller fraction of this relationship, and con-
sequently that the negative relationship between creditworthiness and input purchase value
is primarily due to firms with worse credit ratings buying larger quantities of intermediate
inputs. Our argument considers two likely reasons for why the unit price of a given input
may vary between firms in different rating classes. The first is volume discounts; if suppliers
offer lower unit prices when customers buy larger quantities, and creditworthiness is posi-
tively correlated with firm size, then prices could be decreasing with the credit rating of the
customer because of volume discounts. However, the set of firm-level covariates in our re-
gressions includes firm size, which controls for the possibility that more highly rated firms
are more often offered volume discounts.

A second reason for unit prices to decrease in creditworthiness is that suppliers may incor-
porate the default risk of the customer into the price when selling inputs on credit.!® While

we believe that price effects may be present in our results, we find it unlikely that they ac-

' Amberg, Jacobson and von Schedvin (2020) provide empirical evidence showing that product prices in trans-
actions involving trade credit include a credit risk component; Jacobson and von Schedvin (2015) examine the
propagation of failure risk in trade credit chains.
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count for more than a fraction of the negative relationship between input purchase value and
rating class. The following example spells out the argument: what would be the difference
in the prices charged by a risk-neutral supplier when selling identical goods on 30-day credit
periods to customers with annual default probabilities of 20 and 0.1 percent??? The answer
is around 1.8 percent, which is not nearly large enough to explain the magnitude of the rela-
tionship between rating class and input purchase value; recall that the estimated difference in
input purchase value between firms in the highest and lowest rating classes is over 60 percent
(Table 4, Column II).2122 While this example is deliberately simplistic—many real life sup-
pliers are no doubt risk averse, which could motivate higher price differentials—it suggests
that even when allowing for the largest plausible differences in prices facing firms in different
rating classes, they still fall short of explaining more than a fraction of the differences in in-
put purchase value implied by our analysis. Hence, the negative relationship between input

purchase value and rating class is predominantly accounted for by variation in quantities.

4.4 Generality of findings

We turn next to an assessment of the generality—or external validity—of the baseline results.
Firstly, recall that we only observe a subset of the suppliers of each customer in the contract
data, which raises the question of whether these suppliers are representative of the rest of the
sample customers’ suppliers in terms of extending trade credit. We address this question by
estimating the firm-level model specified in (16) for the outcome variable accounts payable,
which comprises trade credit received from all of a customer’s suppliers, and comparing the
resulting coefficients with the corresponding coefficients from the estimation of the contract-
level model with realized credit as outcome variable. Since realized credit is the contract-
level correspondent of accounts payable, the results from these estimations should be similar
if the suppliers in the contract data are representative of the rest of the sample customers’
suppliers.

The estimations of the contract-level and firm-level models are reported in Columns (I)

2These annual default probabilities approximately correspond to the average values in rating classes 1 and 5,
respectively.

“ITo obtain the price difference, simply compute the monthly default probabilities implied by the annual de-
fault probabilities using the following formula: PDy; = 1 — (1 — PDy)'/'?; the difference between the two
monthly default probabilities is then equal to the price difference that the risk-neutral supplier would charge.
In this case, the 20 and 0.1 percent annual default probabilities correspond to monthly default probabilities of
1.84 and 0.01 percent, respectively, which yields a difference of 1.83 percent.

?We do not mean to imply that firm-level price differences driven by variation in default risks are therefore
economically insignificant in general; for example, a price difference of 1.8 percent between high- and low-rated
firms is substantial in the context of macro-level inflation dynamics.
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Table 6: Assessing the generality of the baseline results

@ (ID (1)
RATING;; =4 0.468 0.527 0.604
(0.028) (0.006) (0.005)
RATING;; =3 0.569 0.802 0.930
(0.039) (0.007) (0.006)
RATING;; =2 0.733 1.041 1.227
(0.073) (0.010) (0.008)
RATING; =1 0.959 1.328 1.583
(0.127) (0.013) (0.010)
Year FE Yes Yes Yes
Customer controls Yes Yes Yes
Supplier-year FE Yes — —
Estimation sample Contract data Contract data All firms
R? 0.445 0.297 0.308
Number of customers 126,488 126,488 216,423
Number of suppliers 46
Number of observations 607,215 335,757 666,541

Column (I) reports the results of estimations of the contract-level model specified in (15) with realized
credit as outcome variable, whereas Columns (II) and (III) report estimation results for the customer-
level model in (16) with accounts payable as outcome variable. The estimation sample comprises the
customers in the contract dataset in Columns (I)-(II) and all firms in the Swedish corporate sector in
Column (III). The omitted rating class in all columns is RATING;: = 5, which comprises the most
creditworthy firms. The set of customer controls consists of age, size, and industry fixed effects, the
two former of which are based on the size and age categories listed in Table 1, and the latter on five-
digit SNI/NACE codes. The estimation period is 2005-2008 in all columns. Standard errors two-way
clustered at the customer and supplier levels, respectively, are reported in parentheses.

6.23 The results show that received trade credit decreases mono-

and (IT), respectively, of Table
tonically with rating class in both models, and while the relationship is more pronounced in
the customer-level model—for example, the difference between the coefficients for the low-

est rating class is almost 40 percent—the coefficients are largely comparable across the two

ZNote that the estimation results reported in Column (I) of Table 6 refer to precisely the same estimation as in
Column (I) of Table 4—we simply reprint the results to facilitate the comparison of the two models.
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models. Hence, the contract-level model appears to generate findings of general applicability
for the sample customers, despite the fact that we only observe a subset of their suppliers.

A second question regarding the generality of the baseline results is whether the sam-
ple customers themselves are representative of firms in the Swedish corporate sector when
it comes to the relationship between received trade credit and creditworthiness. We address
this question by estimating the firm-level model in (16) for the universe of corporate firms
in Sweden. The resulting coefficients, reported in Column (III), are comparable to the corre-
sponding coefficients from the estimation based on the sample customers reported in Col-
umn (II), although the former are of slightly larger magnitudes. This suggests that the baseline
results apply more broadly, which is not surprising given that the sample customers consti-

tute a very large share of the population of Swedish corporate firms.

4.5 Summary of findings

The findings reported in this section can be summarized as follows. Firstly, we find a strong
negative relationship between creditworthiness and trade credit use, a relationship that holds
in estimations using contract-level data, as well as in more conventional firm-level estima-
tions based on accounts payable. Secondly, we use our contract-level data to document that
this relationship is primarily accounted for by lower input purchase values for financially
stronger firms, but that a non-trivial share is due to differences in the actual duration of re-
ceived trade credit. Thirdly, we argue that the likely explanation for the negative relationship
between creditworthiness and input purchase value is that firms with worse credit ratings
buy larger quantities of intermediate inputs, rather than paying higher unit prices. Finally,
we document that the negative relationship between creditworthiness and days to payment
is accounted for entirely by differences in late payments across rating classes, and not at all
by differences in contracted maturities.

The findings are hard to reconcile with prominent theories of trade credit (e.g. Biais and
Gollier, 1997; Burkart and Ellingsen, 2004; and Cunat, 2007). These theories portray trade
credit as a costly and inferior alternative to bank credit, and thus predict that bank credit
should substitute for trade credit as firms’ financial constraints are relaxed. That is, average
contract duration should fall. The lack of an economically meaningful impact of creditwor-
thiness on contracted duration reject that prediction. While we do find a reduction in overdue
payments, most of the reduction in payables is instead driven by reduced input purchases. In

the next section, we develop the idea that trade credit is being used to expand overall borrow-
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ing, possibly at no additional funding cost, rather than to substitute for cheaper bank credit.

5 Theory

We initially generalize the model of Burkart and Ellingsen (2004) merely by letting the firm
use employed labor in addition to purchased inputs.

A firm’s output is given by the Cobb-Douglas technology
Y = K°LP,

where o + 5 = 7 < 1. We think of K, the (working) capital, as comprising the non-labor
inputs that are bought on a regular basis. Other long-term investments are sunk. Like the
entrepreneurial input they are compensated by the profit.

It takes one month to produce the output. Both the capital input market and the labor
market are perfectly competitive. Normalize the price of output and the price of L to 1, and
let p denote the price of K.

Let the firm be run by a penniless entrepreneur.?* Let workers be unable or unwilling to
lend to the employer. The entrepreneur is assumed to be perfectly patient, so we can neglect

discounting.

5.1 Unconstrained problem

Suppose first that contracting is frictionless and that funding is freely available from a com-

petitive credit market. Normalizing this interest rate to 0, the firm’s profits are
r=Y —pK — L.
As a benchmark, consider the familiar unconstrained problem:

max (K, L)
K,L

)

and its solution

*Introducing positive wealth does not change the qualitative conclusions, but makes it considerably harder to
express the conditions under which the firm is financially constrained. We postpone the introduction of receiv-
ables.
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Note that
pK*
Yk oy ° (17
and
L*
vy P (18)

In the unconstrained solution, capital input costs as a fraction of total input costs is

pK* o« (19)
pK* +L*  a+p3

5.2 Constrained problem with bank credit only

Suppose now that borrowing is constrained by the prospect of strategic default. That is, rather
than investing borrowed funds and inputs, the entrepreneur may divert them.

Consider first the case in which banks do all the lending. Denote the borrowed amount by
B. Diversion would allow the borrower to keep a fraction ¢ of the diverted amount. This cred-
itor vulnerability parameter drives credit rationing in the model. When comparing across ju-
risdictions, we think of variation in ¢ as reflecting differences in the strength of legal enforce-
ment. Within a jurisdiction, we think of variation in ¢ as reflecting differences in relationship-

strength. The constrained problem can be written:

s.t.
L+pK < B, (20)
Y(K,L)-B > ¢B. 1)

Call this Program BC (for bank credit). The first constraint says that the firm cannot acquire
more labor and capital than it can fund. The second constraint says that borrowing is poten-
tially limited by the moral hazard of diversion.

In order for the borrowing constraint to be binding, we must have

Y(K*,L*) — pK* — L* < ¢(pK* + L*).
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Inserting the unconstrained solution and simplifying—or simpler, dividing through by
Y (K*, L*) and then using (17) and (18)—we see that the borrowing constraint binds if and

only if
l—-a—-p

a—+p (22)

¢ >

That is, the firm is financially constrained if it is relatively easy to divert and if returns to scale
decrease slowly. If it is sufficiently easy to scale up the activity, the firm is always constrained
as long as ¢ > 0. According to the model, then, the deep determinant of financial constraints
is ¢.

A remark is in order: In the model, ¢ is our measure of (the inverse of) creditworthiness.
Yet, there is no actual default in equilibrium. In Appendix A we introduce uncertainty about
the ex post value of ¢ in order to connect the parameter to a positive equilibrium default risk.

Program BC has an analytical solution, which can be found straightforwardly using La-

grange’s method. When the constraint binds, the firm scales back both inputs proportionally,
1
(K, L) = [(1 + ¢) (e + B)]oF7=1 (K7, L7).

Note that the coefficient (1 + ¢)(« + ) is larger than 1 when (22) holds, so due to the negative
exponent, (K, L) < (K*,L*).

5.3 Inputilliquidity and trade credit

Suppose finally that suppliers can also lend. If their cost of funds is larger than that of banks,
they need to charge (explicit or implicit) interest on their loans. The price of inputs sold on
credit is thus denoted p, with p > p. (We partially endogenize p in Section 5.7.)

Like Burkart and Ellingsen (2004) we make three additional assumptions. First, it is more
difficult to divert capital than to divert cash; it costs an additional fraction 1 — § of the value
of the capital. We refer to § as the input liquidity. When the input is a service or a tailor-
made product with little second-hand value, the liquidity ¢ is close to 0; if the input is gold
or diamonds, the liquidity is close to 1. Second, unlike suppliers who automatically observe
customers’ input purchases, banks observe neither the input purchase nor the amount of
trade credit obtained. Thus, bank credit cannot be explicitly conditioned on either of these

two variables.2?

In reality, banks sometimes organize schemes that are based on close monitoring of input transactions, but
for brevity we leave the analysis of such supply-chain finance schemes aside here.
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Let K5¢ and K7 denote the capital that is paid with bank credit and trade credit respec-

tively. Then, the general problem takes the form

max Y(KPY 4+ K¢ L) - pKT¢ - B
KBC,KTC,L,B

s.t.

pKBC 4+ L B, (23)

<
Y(KPC + KT¢ L) - pKT™® - B >

¢(B + pK™) (24)
(together with non-negativity constraints). Call this Program TC (for trade credit). The first
constraint is familiar from Program BC; concerning inputs not bought on trade credit, the
firm cannot acquire any more of them than it can raise money in the bank. The second con-
straint is the central condition of the in-kind finance model, namely that the firm should not
buy from the input supplier and then divert both the inputs and the bank loan. Note that in
the case of diversion, the borrower purchases neither labor nor capital for the bank loan.?®
Whenever § < 1, the second condition implies that purchases paid with trade credit, K¢,
represent a smaller moral hazard than (the merely promised) purchases of L and K5¢.

Due to the asymmetry between L and K2¢ on the one hand and K7 on the other, Pro-
gram TC is much more mathematically challenging than Program BC. It does not generally
possess an analytical solution, and so must be solved numerically. Since the solution de-
pends on the technology coefficients o and 3, we estimate them before presenting the nu-
merical analysis. Specifically, we rely on the data to tell us the fractions pK/(pK + L) and
L/(pK + L), which we know correspond to a/(a + ) and 3/(« + ) for an unconstrained
firm. The data will also tell us the magnitude of heterogeneity in the factor proportions that

the theory is challenged to explain.

5.4 Empirical input distortion

We estimate a version of the model specified in (16) in which the outcome variable is the

share of labor costs in total input costs:

4

L.
L =+ ) Br H{RATING; =k} + of + of' + of + cir. (25)
k=1

L+ Ky

*The formulation presupposes that the firm either produces or diverts. As demonstrated by Burkart and
Ellingsen (2004) this assumption is without loss of generality: Diversion is never part of an optimal solution,
and any contract that deters the firm from diverting all resources also deters partial diversion.
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Table 7: Financial constraints and the labor share

@ ay
RATING;; =4 -0.014 -0.020
(0.001) (0.001)
RATING;; =3 -0.037 -0.050
(0.001) (0.001)
RATING;; =2 -0.058 -0.080
(0.002) (0.001)
RATING;; =1 -0.060 -0.084
(0.002) (0.002)
Year FE Yes Yes
Customer controls Yes Yes
Estimation sample Contract data All firms
R? 0.356 0.330
Number of customers 121,000 209,330
Number of observations 318,074 641,596

This table reports estimation results for the customer-level model specified in (25) with
the share of labor costs in total input costs as outcome variable. The estimation sample
comprises the customers in the contract data set in Column (I) and all firms in the Swedish
corporate sector in Column (II). The omitted rating class in all columns is RATING;; = 5,
which comprises the most creditworthy firms. The set of customer controls consists of
age, size, and industry fixed effects, the two former of which are based on the size and age
categories listed in Table 1, and the latter on five-digit SNI/NACE codes. The estimation
period is 2005-2008 in all columns. Standard errors two-way clustered at the customer and
supplier levels, respectively, are reported in parentheses.

We first estimate (25) on a sample comprising the customers in the contract data. The
results, reported in Column (I) of Table 7, show that labor costs increase monotonically as
a share of total input costs when firms’ creditworthiness improves.?’ For example, the labor
share is 6.0 percentage points higher among firms in the highest rating class than among firms

in the lowest rating class; with an average labor share around 36 percent for sample firms in

*Note that the number of firms is somewhat lower in the estimations reported in Table 7 than in the pre-
vious estimations. This is because some firms use the cost of sales method, an accounting standard in which
the cost of intermediate inputs is not reported separately. These firms thus lack data for the outcome variable
L/ (Lit + Ky¢) and therefore cannot be included in the estimation.
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the highest rating class, this corresponds to a difference of almost 17 percent.?® In Column
(IT), we report the results when estimating (25) on a sample comprising all corporate firms in
Sweden. The resulting coefficients, reported in Column (II) of Table 7, are comparable to the
corresponding coefficients in Column (I), which shows that the positive relationship between
creditworthiness and the labor share is not particular to the customers in the contract data.
Can the model match this magnitude of variation in the labor share? If so, can it still justify
that even the firms that have the highest labor shares prefer to pay high implicit interest rates

on trade credit rather than funding all input purchases through bank credit?

Figure 2: Funding as a function of creditor vulnerability

6 x107 ; ; ; ;
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The figure shows how the firm funds input purchases with trade credit and bank credit respectively for different
values of creditor vulnerability. It also depicts the amount of labor that the firm employs. The figure is drawn
under the assumption that the monthly interest rate on trade credit is one percent (p = 1.01) and that input
liquidity is § = 1/5.

To answer these questions, let us initially assume that firms differ only in their creditwor-
thiness, as measured by the creditor vulnerability parameter ¢. Let « = 1/2 and g = 3/10, so
that the optimal labor share is 17/45 ~ 0.378. This justifies the observed labor share of about
0.36 for the highest rating category in our data set (we consider it unlikely that about half of

all firms are entirely unconstrained). Furthermore, set input liquidity § = 1/5, to reflect that

?8In aggregate statistics, which measure the value added shares, the labor share is close to 2/3. The difference
reflects the number of processing stages, with the last firm in a production chain typically having a relatively low
labor cost, since it uses highly refined other input.
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Figure 3: Labor share and creditworthiness
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The figure shows how the firm’s labor share depends on creditor vulnerability. Parameters are the same as in
Figure 2

the capital input is difficult to divert, but not impossible. Suppose the supplier is somewhat
financially constrained, with an opportunity cost of funds of 1 percent per month above the
bank rate, i.e., p = 1.01. How large must the customer’s creditor vulnerability ¢ be in order
for there to be any trade credit? How large must it be for all supplies to be funded with trade
credit? Figure 3 depicts the answer.

Recall that the first-best outcome requires ¢ < (1—a—3)/(a+ ), which here corresponds
to ¢ < 1/9 (see (22)). For lower values of ¢, the customer takes no trade credit, because of the
extra cost that it entails. Once creditworthiness deteriorates beyond this point, i.e., ¢ > 1/9,
demand for trade credit increases rapidly, as the drop in bank credit supply forces the firm to
prioritize the purchase of labor input, which cannot be funded from other sources. Initially,
overall investment falls because of the higher marginal cost of funds, but the firm is still not
quantity constrained.

However, as bank funds become ever more scarce, the firm is forced to cut labor purchases
below the level that would be justified by marginal cost alone. Thus, the marginal return to
investment at the existing input mix rises above the marginal cost. Since capital suppliers

are still willing to lend, the firm accepts a less favorable input mix in order to prevent overall
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investment from falling too much. Figure 4 illustrates how the labor share drops as credit-
worthiness falls (i.e., ¢ increases). Under our choice of parameters, the drop in the example

matches well the six percentage point drop in the data.

5.5 Heterogeneity in the elasticity of substitution

Our theory predicts that the effect of changes in creditworthiness on the input mix—and ther-
fore also on the ratio of accounts payable to assets—should be stronger for firms with a higher
elasticity of substitution between labor and intermediate inputs. To test this, we estimate the

following variation on the baseline specification:

4 4
Vi =+ > B I{RATINGy =k} + Y v - I{RATINGy = k} - STy
k=1 k=1

+ ¢ Shiji +af +a + af +ei, (26)

where S1;;; is an indicator variable equal to one if buyer ¢ and supplier j operates in the same
two-digit industry in year ¢, and all other variables are defined as before. The idea is that the
substitution elasticity on average is higher when the buyer and the supplier operate in the
same industry and that the baseline result therefore should be stronger in these cases.

The estimation results are reported in Table 8. The results in columns (1) and (2) show
that the relationship between creditworthiness and trade credit use indeed is stronger when
the supplier and the buyer operate in the same industry. More specifically, the estimated
effect is between one-fifth and one-third larger for same-industry pairs. Columns (3) and (4)
demonstrate that this effect is entirely driven by the size of input purchases, in line with the
theory; the relationship between creditworthiness and days to payment, on the other hand,
is not at all affected by the supplier and the buyer operating in the same industry, as shown

in columns (5) and (6).

5.6 Competing explanations?

Let us finally consider two alternative explanations for why tighter financial constraints are
associated with a lower labor share.

First, adjustment costs might be higher for intermediate goods and services than for labor.
As firms are subject to negative shocks, they would then cut back on labor first. To assess

the relative adjustment costs for labor and intermediate inputs, we estimate the following

33



Table 8: Heterogeneity in the elasticity of substitution

n (752) (L) In (DPAYij¢)
1) 2 (3) 4) (5) (6)
gk Ak gk Ak gk Ak
RATING;; =4 0.681*** 0.117*** 0.659*** 0.114*** 0.021*** 0.002
[0.026] [0.043] [0.023] [0.042] [0.006] [0.005]
RATING;; =3 0.816** 0.172%** 0.748*** 0.1771%** 0.068*** 0.001
[0.032] [0.045] [0.027] [0.041] [0.008] [0.009]
RATING;; = 2 1.015%** 0.285*** 0.864*** 0.302%** 0.150*** 0.018
[0.065] [0.067] [0.057] [0.065] [0.012] [0.016]
RATING;; =1 1.273%** 0.422%*** 0.967*** 0.463*** 0.306*** 0.042
[0.120] [0.145] [0.105] [0.135] [0.021] [0.030]
Number of buyers 126,490 126,490 126,490
Number of suppliers 46 46 46
Number of observations 607,230 607,230 607,230
R? 0.364 0.339 0.482

This table reports the results of estimations of the contract-level model specified in (15) with days to payment, net
days, days overdue, and non-negative days overdue as outcome variables. The omitted rating class in all columns
is RATING;; = 5, which comprises the most creditworthy firms. The set of customer controls consists of age,
size, and industry fixed effects, the two former of which are based on the size and age categories listed in Table 1,
and the latter on five-digit SNI/NACE codes. The estimation period is 2005-2008 in all columns. Standard errors
two-way clustered at the customer and supplier levels, respectively, are reported in parentheses.

customer-level regression:
A[Lit/ (Lig + Kit)] = oy + B - ASalesy + af + i + af + ey 27)

where A [L;;/ (Lit + K;¢)] is the change in the labor share of input costs between years ¢t — 1
and ¢, and ASales;; is firm ¢’s sales growth in year ¢, measured using the symmetric growth
rate formula and with the sales figures adjusted for changes in inventories. The fixed effects
are as before. We only include firms in the highest rating class in the estimation. The estimate
(t-statistic) of g is -0.017 (-7.7), which implies that adjustment costs are higher for labor in-
puts than for intermediate goods and services. Hence, asymmetric adjustment costs cannot
account for the findings in Table 7.

Second, our analysis has focused on credit rationing due to problems of strategic default.
But could not similar input distortions arise for reasons of imperfect competition and non-

strategic default alone? The argument is that suppliers of capital inputs have more market
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power than workers and banks have. Therefore, they might potentially be willing to to take
on more credit risk, as suggested by Wilner (2000). As it turns out, this argument is not as
clear-cut as it may seem. In Appendix A, we consider the case in which banks (and the labor
market) are perfectly competitive, the capital input supplier is a monopolist, and the default
probability is independent of the scale of the firm. In this case, the default probability has a
symmetric effect on the interest charged by the bank and the price charged by the input sup-
plier. Therefore, there is no impact of the default probability on the input mix. In other words,
adding imperfect competition and non-strategic default will help to explain input price dif-

ferences, but does not immediately contribute to explaining technology differences.

5.7 The trade credit interest rate

Our analysis establishes that all firms like to receive trade credit if they can obtain it without
paying a penalty interest rate, and that many firms are even willing to take trade credit at a
considerably higher rate. But at what interest rate are sellers willing to supply credit? Will a
seller that is credit constrained ever be willing to offer trade credit at the bank rate?

Suppose the period starts with the firm making a sale of the previous period’s output. Let
the value of these sales be denoted w. Suppose the firm considers two options. Either it sells
the input at cash terms or it provides trade credit at zero interest rate.

If the firms sells for cash, the full problem becomes:

max  YV(KBY + KT¢ L) - pKkT¢ - B
KBC,KTC,L,B

S.t.

pKBC 4+ L B+ w, (28)

<
>

Y(KBY + KT L) — pKT° — B d(B + w + opKTY) (29)

(together with non-negativity constraints). Call this Program F1 (F denotes full). The firm
treats the own cash exactly as it treats the bank loan. It either uses all the cash to buy inputs
or it diverts it. (Again, intermediate outcomes can be neglected.)
If instead the firm provides credit, without charging any interest, the full problem be-
comes:
max YV(KPY 4+ K¢ L) - pKT¢ — B

KBC,KTC,L,B

35



s.t.

pKBC 4+ L B, (30)

<
V(KB + KT L) - pK™® = B+w >

(B + opKT®) (31)
(together with non-negativity constraints). Call this Program F2. Note how the previous pe-
riod’s sales revenues move from the right hand side of the constraints to the left hand side,
because the revenues are now tied up in receivables rather than being available as cash. Thus,
the firm cannot use its revenue to fund input purchases directly. It also cannot divert these
revenues, because receivables are collateralized. The firm only gets access to (what remains

of) last period’s revenues after it has repaid the bank loan B.

Proposition 1 The maximum profit associated with Program F2 is identical to the maximum
profit associated with Program F1. Thus, regardless of ¢ and 9, the firm is willing to offer trade

credit without charging interest.

The proof follows immediately from the observation that the two problems are isomorphic,
except B in F1 corresponds to B — w in F2. Thus, whatever the firm is able to borrow in
Program F1, it will be able to borrow w more in F2. That is, by refraining from cashing in
the receivables at the beginning of the period, the entrepreneur can raise exactly the same
amount in the form of an additional loan. Even if the firm charges no extra interest for its
trade credit, it has nothing to lose by offering it.

With hindsight, the result is as obvious: Since receivables cannot be diverted, and are as
valuable to creditors as to the firm, they constitute perfect collateral—even when not explic-
itly collateralized. Thus, lending to customers does not adversely affect the firm’s capacity to

make other investments.

6 Final remarks

In our detailed invoice data set, the standard pecking-order hypothesis of trade credit can
account only for a small fraction of the negative correlation between firms’ creditworthiness
and their payables. Most of the correlation arises because more creditworthy firms purchase

less inputs, not because they pay suppliers earlier. By investigating the customers’ account-
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ing data we go on to find that more creditworthy firms employ considerably more labor com-
pared to other inputs.

We show that these findings can be rationalized, both qualitatively and quantitatively, by
adding labor input to the production function of the in-kind finance model of Burkart and
Ellingsen (2004). As a firm becomes less creditworthy, the supply of bank credit diminishes
and hence the firm will seek to borrow more from suppliers even if it requires using an inferior
input mix. Thereby, we also identify the input mix as an indicator of financial constraints.

The model finally explains why trade credit is frequently offered with no explicit interest
rate: Even sellers that are otherwise tightly financially constrained will be able to fully fund
its receivables through loans from a well-informed lender.

An implication of the last finding is that only firms that lack such well-informed lenders
need to charge their customers extra for the trade credit. With practices such as early payment
discounts apparently vanishing from the scene, a natural direction for future research is to
investigate why. Are more firms developing bank relationships? Or do modern supply chain
finance practices, such as reverse factoring—where large customers help small suppliers to
fund their receivables—substitute for suppliers’ own bank relationships?

A final challenge for future research is to investigate the prediction of Proposition 1 em-
pirically. If banks lend more money on the back of receivables than the “receivables secured
lending” of about sixty to eighty percent that is frequently reported, how can we best measure

the actual bank lending that trade credit causes?
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Internet Appendix A: Default

In this section, we consider theoretical issues relating to equilibrium default.

Al Uncertainty and non-strategic default under imperfect competition

In this subsection, we neglect the possibility of strategic default in order to answer the follow-
ing question: Will there be an impact of non-strategic default risk on the technology choice
due to asymmetries in market power between input suppliers and banks?

The simplest possible case obtains when (i) there are only two states, one successful and
one unsuccessful (bankruptcy), (ii) the probability of bankruptcy and the bankruptcy payoffs
are both independent of the scale of the firm, (iii) the bank is competitive, and (iv) the capital
input supplier is a price-setting monopolist.

Therefore, let the problem be the same as in Section 5, except ¢ = 0 so strategic default
is not a concern, and that there is a non-negative probability that the firm goes bankrupt,
(1—h). As aresult of the bankruptcy risk, both the bank and the input supplier have reason to
change their prices. Under bankruptcy, the project returns a fixed amount f that will be too
small to repay the debts; for concreteness, let the bank have the senior claim on this amount
(in the absence of strategic default concerns, it ultimately does not matter who holds the
claim). Since the supplier is now a price-setting monopolist, we need to introduce a variable
to denote the supplier’s cost, ¢ (this can be production costs as well as interest costs.) We
revert to the notation p for the supplier’s price.

In order for a competitive bank to fund labor costs L, the repayment B in the non-default
state must satisfy L = hB + (1 — h) f. Thus,

L-(1-h)f

B =
h

Since the firm gets nothing in bankruptcy, the firm’s problem is
arf _ _
ma h (K°L? = B(L) - pK)

Using the first-order conditions and rearranging, the solution can be written

L* = 1—2—;3 li;fﬁhli;fﬁ 1—_0&—[3
=« B p ;
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Bhp
The next step is find p by solving the capital supplier’s problem

K*

max K*(p)(hp — ¢).
P

Using the first-order condition (and multiplying to get one of the exponents on p to be zero),

we find the unique solution
1-p
ho

p= c.

Note that the expected revenue per unit sold, ph, is independent of  and greater than the
unit cost ¢ (because « + 5 < 1). In other words, the supplier effectively treats all customers
the same. Default risk is neither subsidized nor penalized.

Finally, we can now compute the capital input cost share,

K* a?

K*+L* o2+ B(1-p)c

which is independent of the bankruptcy probability.

A2 Uncertainty and strategic default in the competitive model

We now extend our main (competitive) model to allow equilibrium default. To do so, it is

convenient to start with the deterministic problem

Y(K.L) —pK — L
max (K,L)—p

subject to
L < B, (A1)
Y(K,L)-pK ~L >  ¢(B+3pK). (A2)

Call this Problem STC (the simplified trade credit problem). This problem formulation takes
for granted that capital input purchases are funded by suppliers. (By our previous analysis
of Problem TC, we know that the solution to Problem STC will coincide with the solution of
Problem TC for relevant ranges of parameters.)

Let us now add uncertainty to Problem STC. Specifically, suppose that there is ex ante

uncertainty about what the value of ¢ will be; let f(¢) denote the probability distribution,
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with support ®. Let (K, L) denote the compensation for default risk that lenders require.
For any triple (K, L, 7) let ¢((K, L, r)) denote the largest ¢ (not necessarily in ®) for which the

firm would not default, i.e., for which
Y(K,L)— (14+7r)(pK + L) > ¢(B + 0pK). (A3)

For any profit-maximizing choice of (K, L), the left hand side is always non-negative and
bounded, so there is always a unique solution ¢((K, L, r). Accordingly, let ®(K, L,r) = {¢ €
®l¢p < ¢(K,L,r)} and B(K,L,r) = {¢ € ®|¢p > ¢(K,L,r)}. The more general version of

Program STC then becomes

max / V(K. L) — (1 +r)(pK + L)) f(¢)do + / O(B + 5pI) f(9)d
Q(K,L,T‘)

K.L $(K,L,r)
subject to
L < B, (A4)
a0 [ fede =L (45)
O(K,L,r)

where the second constraint ensures that the interest rate paid in the non-default states suf-
fices for competitive risk-neutral lenders to be willing to participate. Call this Program TCU
(trade credit under uncertainty).

Note first that when & is a singleton, Program TCU is identical to Program STC: The so-
lution to UTC entails ® = @, for if ® = & then (A5) is violated. Consequently, » = 0, and it
remains to maximize Y (K, L) — (pK + L)] subject to (A3) with = 0.

Suppose next that there is some small probability that ¢ takes a considerably higher value,
say ¢'. In this case, it is inefficient to reduce (K, L) enough to deter diversion in all states.
Instead, the optimal contract accepts that there will be default in state ¢’, but increases r so
as to compensate the lenders. As a result, K and L must fall somewhat in order to satisfy
(A3). But if we increase the probability of ¢’ enough, the optimal solution instead is to reduce
(K, L) until there in no default in any state. This example demonstrates that there does not
have to be a monotonic relationship between the degree of credit rationing and the default
probability. Is it a worrisome example?

We think not. If we instead confine attention to multiplicative transformations of a con-
tinuous function f, the relationship between the average ¢ and the default probability is in-

creasing. The intuition is simple: Consider an upward shift in a continuous distribution f;(¢)
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to a new distribution fa(¢) = f(r¢), with v > 1. Suppose there was a non-zero probability of
default, say d, at the original solution (K, L)*. Without any adjustment of (K, L), the proba-
bility of default will now go up. Consider adjusting (K, L) down to the level (K, L)' that gives
the same default probability d as before. This cannot be optimal, because a slight upward
adjustment of (K, L) generates a larger marginal return both in the no-default states (since
marginal returns are decreasing) and in the default states. Thus, in the new optimum, the
probability of default must be above d.

This argument, then, justifies using credit rating as a measure of the severity of financial

constraints, just as in Besley, Roland and Van Reenen (2020).

Internet Appendix B: Details on data and sample construction

B1 Sample construction

The initial contract data set contains 34.0 million contracts issued by 59 suppliers to 250,094
customers over the sample period 2005-2008. We apply the following sample selection
screens to construct the final sample. Firstly, the credit bureau required us to secure writ-
ten consent from each of the suppliers in order to use the data for research purposes; one
supplier did not agree and is therefore excluded from the sample. Secondly, we drop firm-
years for which financial accounts data is unavailable, which is primarily for banks, insur-
ance companies, and non-incorporated firms. Thirdly, we drop observations for which one
or several variables are likely to suffer from measurement error.B! Fourthly, we drop observa-
tions belonging to customer-supplier years in which the total trade value is below 1,000 SEK
(roughly 125 USD). Fifthly, we drop the remaining financial firms in the sample. Sixthly, we
drop inactive firms, defined as observations for which annual sales are less than 100,000 SEK,
or the number of employees is zero. Finally, we drop observations with missing values for
one or several variables, as well as observations that belong to singleton groups in the base-
line specification. Applying these sample screens leaves us with a final sample consisting of
21.0 million trade credit contracts, issued by 46 suppliers to 126,488 unique customers over
the four-year sample period 2005-2008. Table B1 shows in detail how the sample size changes

with the application of each sample selection screen.

BlThese are contracts for which the amount to be paid exceeds the buyer’s total input costs or the seller’s total
revenue for the year, as reported in their respective financial accounts; contracts where measured days to pay-
ment is negative; and contracts in which the agreed maturity exceeds 180 days. The latter are not obviously cases
of measurement error, but contracts with agreed maturities exceeding six months are nevertheless large outliers,
which motivates dropping them from the sample.
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Table B1: Sample construction

Suppliers Customers Contracts
1. Initial sample: All contracts 59 250,094 33,954,077
2. Keep suppliers that gave permission to use data 58 248,798 33,914,846
3. Drop firm-years without financial accounts 55 185,902 29,076,117
4. Drop anomalous contracts 54 180,595 27,449,778
5. Drop match-years with total trade value below 1,000 SEK 54 169,363 27,220,063
6. Drop remaining financial firms 47 150,044 23,665,143
7. Drop firm-years with annual sales less than 100,000 SEK 47 145,034 23,452,003
8. Drop firm-years with no employees 47 136,746 22,728,995
9. Drop observations with missing values 47 132,131 22,453,378
10. Drop observations that are singleton in baseline 46 126,488 20,982,287
Final sample 46 126,488 20,982,287

This table shows how the size and composition of the sample change with each of the sample selection screens
described in Section B1.

B2 Defaults on sample contracts

Our contract dataset comprises records of completed trade credit transactions—transactions
for which the supplier has received final payment from the customer—but does not include
contracts on which the buyer has defaulted. To assess the extent to which missing contracts
due to defaults may be a problem for our analysis, we make use of a data set from the Swedish
Enforcement Agency, which consists of all trade credit defaults reported by suppliers between
2005 and 2008.%2 For each supplier-customer pair and year during the sample period, we
compute the ratio of the default amount recorded by the Enforcement Agency to the total
transaction value during the year, defined as the sum of the amount of defaulted debt and
the total value of all completed contracts. We find that only 0.32 percent of the customer-
supplier pairs in our sample have non-zero default amounts in a given year and that defaults
on average make up 0.07 percent of the total annual transaction value, which suggests that
missing contracts due to defaults are quite infrequent and thus unlikely to be of concern for
the analysis.

It should be noted, however, that this exercise cannot account for defaults that suppliers

B2The Swedish Enforcement Agency (Kronofogdemyndigheten) is a public authority that coordinates the ad-
ministrative process of bankruptcy resolution in Sweden. It is also responsible for administrating the collection
of private and public debt, and in this capacity provides legal support to suppliers for the management of their
unsettled trade credit claims.
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choose not to report to the Enforcement Agency; it is therefore conceivable that the true level
of trade credit defaults is somewhat larger than our analysis suggests. On the one hand, sell-
ers have a strong incentive to report trade credit defaults to the Enforcement Agency, since
this is needed to establish a claim on the bankruptcy estate of a failed buyer. On the other
hand, sellers may be discouraged from doing so by the fact that the Swedish Bankruptcy Act
provides trade credit with junior priority status, which means that their chances of recov-
ering claims on failed buyers’ bankruptcy estates are very low (Thorburn, 2000). It is clearly
the case, however, that a seller’s incentive for reporting a default is increasing in the size of the
transaction on which the buyer has defaulted, so it is likely that primarily small-sized defaults

go unreported.
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