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1

2

3

Denis FOUGÈRE , Cécile GOLFIER , Guillaume HORNY , Elisabeth KREMP

4

Very preliminary version
(Please do not quote)

Communication at the Conference on
“Firms’ Financing and Default Risk during and after the Crisis“
(Banque de France, February 10, 2012)

1. Introduction

The purpose of this study is to quantify the impact of the recent economic crisis on the failure rate of
French firms. As there was acceleration in the firms’ birth process in France after years 2003 and
2004, the aim here is to distinguish the failures which mechanically result from this acceleration in the
birth process before the crisis and the failures due to the crisis itself (see graph 1). 5
To conduct this study, we use a very large dataset available at the Banque de France. Our sample is
constituted of firms created during a nine year period, i.e. between January 1, 2000, and
December 31, 2007, and observed until August 31, 2010.
The originality of our study stands in both the very large size of the dataset we use and the diversity of
the statistical sources. Beyond information about births and failures and descriptive information about
these firms, we have access to very precise information on the dates of payment incidents on trade
bills concerning each firm.6
The impact of the recent economic crisis on the failure rate is identified by the temporal variations of
this rate between May 2008 and August 2010. These variations are separately estimated from the
effects of the firm’s age (i.e. the time already elapsed since its birth), of its size, its industry, or of its
financial situation, thanks to the joint observation of several firms’ cohorts which are characterized by
different ages and other covariates during the 2008-2009 crisis.
To conduct such an analysis, we use duration models, which have been frequently estimated in the
literature to analyze the determinants of firms’ failures.7 To be more precise, we use stratified
semiparametric Cox models which are very flexible, and especially more flexible than discrete choice
models, such as the Logit model, which specify the failure via a binary variable whose value is equal to
one when the firm goes bankrupt during the observed period (the year, the quarter or the month),
otherwise zero. In particular, we estimate through a penalized partial maximum likelihood procedure a
1 CNRS, CREST and Banque de France (Paris), CEPR (London), IZA (Bonn). E-mail: fougere@ensae.fr
2 Banque de France (Paris). E-mail: cecile.golfier@banque-france.fr
3 Banque de France (Paris). E-mail: guillaume.horny@banque-france.fr
4 Banque de France (Paris) and NBER (Cambridge, U.S.A.). E-mail: elisabeth.kremp@banque-france.fr
5 40% of the failing firms are less than four years old
6 Aghion et al. (2008) have shown that payment incidents are relevant indicators of credit constraints on firms
which are not directly observed in the dataset provided by the Banque de France.
7 Among the most relevant references published in the last ten years, we can quote the articles by Shumway (2001), Carling et
al. (2007), Duffie et al. (2007), Jacobson et al. (2008), Duffie et al. (2009), Geroski et al. (2009). All these articles use duration
econometric models, from their simplest version (Shumway, 2001) to the most elaborated one (Duffie et al., 2009).
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bivariate semiparametric Cox model with unobserved heterogeneity to deal with the potential
endogeneity of payment incidents.

Graph 1: Numbers of firms’ births and failures
from December 1993 to December 2009
(in thousands, over the last twelve months)
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Sources: Banque de France, FIBEN data base for failures/ INSEE for births
Definition. Firms’ failures correspond to judgments associated with the beginning of either judiciary recovery or judiciary
liquidation. They do not take into account the end of the recovery procedure (either by a continuation or by a takeover).
A failure is not equivalent to the complete closure of a firm. This definition is in line with the one used by INSEE (Paris).

The flexibility of duration models results not only in the possibility to estimate them through semiparametric methods (namely, Cox proportional hazards models), but also in the possibility to specify
the direct or combined effects of the different covariates which can influence the failure rate. The
failure rate is here defined as the hazard function of the duration between the firm’s birth date and the
failure date.

2. The dataset
The dataset used in our study results from merging different datasets which are parts of the FIBEN
files (Fichier Bancaire des Entreprises). The Banque de France construct these files by gathering
information coming from different administrative sources (commercial courts, higher civil courts, legal
8
announces). This merging procedure yields a very rich but complex dataset as each dataset has its
own characteristics in terms of selection of variables and observation frequency. The FIBEN files
include:
• Firms whose yearly sales are at least equal to 750,000 euros or bank liabilities are at least
equal to 380,000 euros;
• Firms which have obtained from a bank agency a credit at least equal to 76,000 euros before
January 1, 2006, and to 25,000 euros after January 1, 2006;
• Public limited companies with an issued share capital which is at least equal to 74,000 euros.
Our dataset includes information on general characteristics of firm (including its birth date, its industry,
its initial size, its localization, and a dummy variable indicating whether it is independent or part of a
group), the date of its first default (i.e. failure), and the dates of its payment incidents on trade bills.9
These dates are known on a monthly basis.

8

Firms subject to a judiciary procedure are identified thanks to the exhaustive collecting of judiciary events by Banque de
France.

9

The dataset contains only information on payment incidents on trade bills whose amount is higher than 1,524 Euros.
2

In order to work with homogeneous statistical information, we have built a dataset including all firms
newly created between January 1, 2000, and December 31, 2007. We observe the eventual failure of
each of these firms up to December 31, 2010. Table 1 illustrates the lengths of the observation periods
both for firms’ creations and failures. The resulting dataset contains approximately one million firms.
Among them, 186,000 firms failed at least once over the observation period, which makes roughly
16,000 failures per year. During the same period, the average number of failures for all firms
established in France was estimated to be equal to 50,000 failures each year.
Table 1: The observation periods
Births
Beginning

End

Jan. 2000

Dec. 2007

Failures
Beginning

End

Jan. 2000

Dec. 2010

Incorporating financial variables into our analysis would greatly reduce the sample size, since these
variables are only collected for the largest firms (cf. Table 2). Each year on average, among the
183,000 failing firms observed in the sample, 36,000 firms declare outstanding credits (for more than
76,000 Euros) to the central credit register, while the FIBEN files report information on balance sheets
for 3,000 firms only.
Table 2: Information available in the different sources
1,021,465 firms created during the period January 1st 2000 to December 31st 2007
With at least one financial link
45,292

4%

With at least one balance sheet
64,044

With at least one credit declared to the Central
credit register on 1999-2009 (monthly)

6%
with restriction
to credits > K€ 76

42%

252,170

25%

Both balance sheet and credit declared
57,740
6%

Both link and balance sheet

32,444

426,495

3%

with restriction
to credits > K€ 76

52,260

5%

of which 182,556 failures during the period January 1st 2000 to August 31st 2010
With at least one financial link
3,151

With at least one balance sheet
5,311

2%

With at least one credit declared to the Central
credit register on 1999-2009 (monthly)
65,732 6%

2%
with restriction
to credits > K€ 76

Both link and balance sheet

1,915

0.2%

36,237

4%

Both balance sheet and credit
4,880 0.5%
with restriction
4,587
to credits > K€ 76

0.4%

Source: Banque de France, Companies division, FIBEN data base

Note: Percentages in parenthesis are proportions calculated with respect to the size of the whole subsample, i.e.
1,021,465 firms.

3

3. Nonparametric analysis
a. Definitions
The failure rate (also called the default rate) of a firm is defined as the hazard function ℎ . of the
duration T between the creation date of the firm and the date of its first default. Thus the failure rate is
mathematically defined as:
ℎ

= lim

The survival function . of duration
experienced no default before date t:

→

1
Δ

∈
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≥

calculated at date t is defined as the probability that firm i has
=

≥

The survival function depends on the hazard rate (or failure rate) through the following relationship:
%
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In presence of an exogenous right-censoring random variable ' , the survival function S can be
nonparametrically estimated by the well-known Kaplan-Meier estimator. For instance, let us consider a
sample () , ⋯ , (+ of n potentially right-censored i. i. d. durations. Let us then denote ( ) < ⋯ < ( .
/ ≤ 1 the k distinct ordered values of these observations, from the lowest to the highest one. Let 2
be the number of non-censored durations which are just equal to the i-th lowest observation ( , and
let 1 = ∑+57) 14(5 ≥ ( 6 be the number of observations corresponding to durations (either rightcensored or complete) whose value is equal to or greater than ( . With these notations, the KaplanMeier estimator of the survival function of duration T at date t is:
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The indicator variable D takes value 1 if the observation ( is not right-censored, 0 otherwise. It is
then possible to deduce a nonparametric estimator of the hazard function (or failure rate) whose
formula is:

In this expression, F8
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is the following kernel estimator of the density function of duration T:
F8

=

+

1
−(
D
8 J( K
HI<
>
1ℎ+
ℎ+
1 − 1 + 1 9:
7)

where K is a kernel function and ℎ+ is the optimal bandwidth associated with this function K.
b. Nonparametric estimates of firms’ survival functions
Graph 2 reports Kaplan-Meier estimates of firms’ survival functions, according to the industry and the
size of the firm. In most industries, the firms’ survival probability is still greater than 70% after 10 years.
Studies using either French data (see, for instance, Cabannes and Fougère, 2012) or international
data (see, for instance, Morris, 2009) find generally that firms’ survival rates after 5 years are roughly
equal to 50%. This gap may stem from the different selection criteria inherent to the construction of the
FIBEN files managed by the Banque de France.
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Graph 2 : Survival function, by industry, according to the age of the firm

c. Nonparametric estimates of firms’ failure rates
Graph 3 reports nonparametric estimates of the firms’ failure rates by industry. Three main groups
appear, characterized by failure rates which have similar values and similar profiles:
• construction is characterized by a sharp and high pick (near 30 for 100,000 firms after two years
and a half);
• for transportation, manufacturing, trade, services to households, food industry and services to
firms, the maximum looks like a plateau, between 10 for 100,000 and 20 for 200,000; the profile is
intermediate for manufacturing, with a maximum more like a pick, hence different from the
previous six industries;
• education, health, administration, real estate activities and financial activities exhibit a relatively
flat hazard function which rarely exceeds 5 for 100,000.
Graph 3 also shows that four industries have systematically higher failure rates: construction,
transportation, manufacturing and trade. In the next sections devoted to semiparametric analysis, our
study will concentrate on these four industries. Among these four industries, trade (more specifically,
retail trade) and construction are characterized by the greatest numbers of births and the sharpest
acceleration in births in 2003 and 2004.
Graph 4 plots the nonparametric estimate of the failure rate for firms which have been created a given
year. This stratification yields nine distinct cohorts, corresponding to the nine possible years of
creation (2000, 2001… 2007). The objective is here to know whether the failure rates of the most
recently created firms have been affected by the 2008 crisis. First, we observe that the rate is
increasing until a peak which is reached roughly two years after the firm’s creation, and then
decreasing. But this peak is higher for the first cohorts (firms created in 2000, 2001 and 2002), which
have been impacted by the 2001 crisis, and the most recent ones (firms created in 2006 and in 2007),
which have been impacted by the 2008 crisis.
More precisely, firms created between 2000 and 2002 exhibit the highest failure rates during the first
nine quarters. 2003 and 2004 cohorts exhibit the lowest failure rates, although they correspond to
years in which the number of births increased significantly. This is an important result since our paper
aims to distinguish failures which result from this acceleration in creations which occurred before the
crisis, from the failures due to the crisis itself.
This general result is not always verified when we consider separately the four industries exhibiting the
highest failure rates. It is only valid in construction and in transportation (cf. Graph 5). Failure rates in
manufacturing and trade exhibit a somewhat different pattern. In manufacturing, the highest maximum
is reached by the oldest cohorts (2000 – 2002). In trade, failure rates do not appear to be significantly
different across cohorts.
5

On the whole, graphs 3, 4 and 5 show that failure rates corresponding to different industries and to
different cohorts are not proportional. This implies that the semiparametric Cox model to be estimated
should be stratified with respect to the industry and the date of creation of the firm, in order to be
flexible enough.
Graph 3: Failure rate by industry
except agriculture, energy and administration – 1,017,000 firms
(the rate is expressed for 100,000 firms)

Graph 4: Failure rate by cohort for all industries
except agriculture, energy and administration – 932,000 firms
(rates are expressed for 100,000 firms)
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Graph 5: Failure rates by cohort (in four distinct industries)
Construction (148,000 firms)

Trade (216,000 firms)

Manufacturing (49,000 firms)

Transportation (23,000 firms)
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To sum up, the previous nonparametric analysis confirms the importance of at least three
determinants of failures: the date of creation of the firm, its industry, and its size. The estimation of a
semiparametric Cox model will help us to measure the relative magnitudes of the effects of these
different factors, as well as to evaluate their interactions and to measure the impact of other factors
which have not been yet examined because they vary over time. Among these factors, a particular
attention will be paid to the firm’s financial situation represented by the sequence of payment incident
on trade bills, since such incidents are likely to amplify the firm’s difficulties.10 Graph 6 shows that the
evolution of payment incidents on trade bills (TBI) appears to be a potentially good predictor of the
evolution of firms’ failures.
Graph 6
Trade bills payment incidents (TBI) for unability to pay and firms' failures
Whole Economy
Year-on-year variation of the 12-month cumulated number, in %
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Source: Bank of France, Companies Directorate, FIBEN database

4. The statistical model
a. The benchmark model
Our first model is a one-equation model which estimates the firm’s failure rate by using a stratified Cox
model whose form is:11
ℎ |(% , ' = L = ℎ

•
•
•

M

(%N O

where ℎ M
is the baseline hazard function, which is assumed to be specific to cohort c,
(% is a covariate vector whose value may vary over time,
and O is a vector of parameters associated with (% .

The stratified model allows the upper bound of the duration support to vary across cohorts. For
instance, the support is equal to 10 years for firms created in January 2000, 9 years for firms created
in January 2001, 3 years for firms created in January 2007, etc. As already underlined, the baseline
failure rates are not proportional, since they are cohort-specific. Each cohort is composed of firms
st
created during a given quarter, from the 1 quarter of year 2000 to the last quarter of year 2007. On
the whole, there are 32 cohorts (i.e. quarters).
The model incorporates covariates ( which are fixed through time, mainly size dummies, while other
covariates vary over time. The past number of payment incidents when firm has reached age t is
represented by a time-varying counter which is denoted (%) . Time-varying covariates include also
dummy variables (%P indicating whether the failure occurs in years 2008, 2009 and 2010, which are
divided into four-month intervals. On the whole, the vector of covariates is denoted (% = ( , (%) , (%P .
10

Aghion et al. (2008) have empirically shown that payments incidents on trade bills are a relevant indicator of the firm’s
financial fragility.
11
In econometrics, stratified Cox models have been introduced by Ridder and Tunali (1999).
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More precisely the dummies indicating these four-month time spans are denoted:
0 when ∉ jan08, apr08] P,P
0 when ∉ may08, aug08]
0 when ∉ sep10, dec10]
(%P,) = Q
,( =Q
,…, (%P,)P = Q
1 when ∈ jan08, apr08] %
1 when ∈ may08, aug08]
1 when ∈ sep10, dec10]
With these notations, the failure rate equation can be written:

ℎ |(% , ' = L = ℎ

M

( N O + Ψ (%)N + (%PN OP ]

(1)

The effect of the firm’s age is captured by the baseline hazard function ℎ M . , which is identified but
left unspecified L = 1,2, … ,32 . The impact of the 2008 crisis is captured by the parameters
associated with four-month interval dummies (%Ph i = 1,2, … ,12 over years 2008-2010. The age effect
captured by the baseline hazard function ℎ M . may vary across cohorts within a given industry, but
the crisis impact is supposed to be the same across cohorts. In the right-hand side of equation (1),
Ψ (%)N is a regression spline function of the number of past payment incidents at date t. This function
allows smoothing the effect of (%) . on the failure rate in a very flexible way. Ad noted by Therneau and
Grambsch (2000, p. 104), the fitted coefficients of function Ψ (%)N “are not particularly useful since
they do not correspond to the y-coordinates of the control points”.
Baseline hazard functions are left unspecified. We use the usual partial likelihood (PL) approach to
estimate proportionality coefficients β. These coefficients are estimated separately in a first step by
maximizing the PL function. These estimators verify the usual properties of the ML estimators
(consistency and asymptotic normality).
b. A bivariate model
Payment incidents on trade bills are potentially endogenous. They may be correlated with the failure risk through
a firm-specific random component which represents some determinants of the firm’s financial fragility, or
profitability, which we do not observe in our dataset. To take into account this problem, we introduce a twoequation model with unobserved individual heterogeneity.
The first equation specifies the occurrence rate of the k-th payment incident in firm i. Let us denote j ,. the
random variable representing the date at which the k-th payment incident occurs in firm i
J/ = 1,2, … , with the convention j , = 0K. Furthermore, let us denote u duration between the (k-1)-th and the k-th
payment incidents occurring in firm i. The occurrence rate of the k-th payment incident is then assumed to be
generated by the following hazard function:
n. J#o( , ( P , p ,% , j ,.q) − j ,.qP , r K = n

.

#

s( N t + t) p ,% + ( PN,% tP + tu Jj ,.q) − j ,.qP K + r v,
for / = 1,2, … ., and = = 1, … , 1

(2)

In the above equation, n . # is the baseline occurrence (hazard) rate for the k-th payment incident at time u,
where u is the time elapsed since the last payment incident which occurred at date j ,.q) . This function is left
unspecified and assumed to be common to all firms. The covariate vector ( including time-invariant regressors
for firm i is the same that the vector ( appearing in the failure rate equation. The vector ( P,% includes time
dummies indicating whether the payment incident occurs during one of the four-month intervals composing the
years 2008-2010. It is the same vector than the one appearing in the failure rate equation. Thus its associated
coefficients tP represent the effects of these time dummies on the intensity rate of payment incidents during the
recent crisis. The term x is a random variable specific to firm i; it is supposed to be normally distributed with mean
0 and variance yzP .
The predetermined regressor Jj ,.q) − j ,.qP K, which is equal to the duration between the two previous payment
incidents12 in firm i, captures something like an acceleration effect. In other terms, if the coefficient tP is positive, it
implies that, other things being equal, the instantaneous conditional probability of the k-th payment incident
increases when the two previous incidents are closer. A statistically significant estimate of the coefficient tP
would then correspond to an autoregressive effect in the payment incident process.
The exogenous covariate p ,% represents the relative variation in the number of payments incidents in the industry
of firm i over the last four months. If we denote {|@ ,} the number of payment incidents occurring in firms belonging
to the same industry ~ than firm i during month m, then:
12

By convention, we set Jτ€,•q) − τ€,•qP K = 0 if / = 1.
9

p ,% =

{|@ ,}q) − {|@ ,}q‚
{|@ ,}q‚

where 2 − 1 (respectively, 2 − 4 denotes the last month (respectively, the fourth month) just before the
occurrence date t of the k-th payment incident in firm i. In a sense, the coefficient associated with the variable
captures something like a contagion effect corresponding to the transmission (with some delay) of payment
incidents across firms belonging to a given industry. The two variables Jj ,.q) − j ,.qP K and p ,% are instrumental
variables which are assumed to affect the occurrence rate of payment incidents in firm i but not its failure rate.
These two instruments insure that our bivariate model is nonparametrically identified.
In presence of potentially endogenous payment incidents, the equation defining the failure rate of firm i becomes:

ℎ |(% , ' = L, = ℎ

M

( N O + Ψ (%)N + (%PN OP + Ou x ]

(3)

This equation is similar to equation (1), except that it includes now Ou x in the proportionality factor, Ou
being a scalar parameter to be estimated and x being the random effect affecting the occurrence rate
of payment incidents. Our two-equation model is thus a one-factor loading model, the sign and the
amplitude of parameter Ou representing the effect of this random effect on the failure rate. If Ou = 0,
then the two processes, namely the payment incident sequence and the failure risk, are conditionally
independent, given the observable covariates characterizing firm i. If Ou > 0 (respectively, Ou < 0 ,
firms which are more likely to experience payment incidents are also more (respectively, less) likely to
fail. As noted by van den Berg (2001, p. 3443), the one-factor loading specification (1) restricts the
number of unobserved random factors, which leads to a sparse specification, and (2) limits the
computational burden of the estimation of the model.
The two-equation model (2)-(3) is estimated through a two-step procedure. Equation (2) is estimated
by the penalized partial likelihood technique proposed by Ripatti and Palmgren (2000) for multivariate
13
frailty models with normally distributed unobserved heterogeneity terms. This procedure yields
P
consistent estimates of t , t) , tP , tu , r and yz . The first-step estimate of v€ , denoted ν†€ , is then used as
a regressor in equation (3) which is estimated by maximizing the corresponding stratified partial
ˆ
likelihood. This second-step gives consistent estimates of ‡J(%) K, OP and Ou . However, since we use
an estimate of r , rather than the true value of r , as a regressor in the semiprarametric estimation of
ˆ
equation (3), estimates of ‡J(%) K, OP and Ou are no more asymptotically normally distributed. Hence,
we implement a bootstrap method (with 400 replications) to estimate standard errors of partial
ˆ
likelihood estimates of ‡J(%) K, OP and Ou .
5. Results
a. The univariate failure rate model
Partial likelihood corresponding to equation (1) has been estimated separately for four distinct
industries (manufacturing, retail trade, transportation, construction), but for all the newly created firms
(created after January 1, 20000) in each of these four industries. The estimation has been done by
incorporating first the sequence of payment incidents on trade bills (TBI) truncated at December 31,
2007, in order to restrict the potential simultaneity bias during the years 2008-2010, then by
considering the whole sequence of TBI’s up to December 31, 2010. Parameter estimates (except
those for spline functions which cannot be directly interpreted; see the above remark in Section 4.b)
are reported in Table 3.
The failure rate does not monotonically decrease with the number of employees. Among firms whose
size is known (i.e. observed), those which are employing between 6 and 19 workers have the highest
13

The estimation is based on a Laplace approximation of the likelihood function corresponding to equation (2). The
procedure consists in two iterated steps. First, for a given value of the variance yzP , estimates of γ , γ) , γP , γu and v€
are obtained by solving first-partial derivatives of a penalized fixed effects partial likelihood where the marginal
distribution of the unobserved heterogeneity term determines the penalty term. Then, for the values of
γ , γ) , γP , γu and v€ which have been obtained in the previous step, the tuning parameter of the penalty function,
i.e., the variance σP‹ of the unobserved heterogeneity term, is estimated by maximizing the approximate profile
likelihood. The two steps are iterated until convergence.
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failure rate, whatever their age. Those whose size is unknown have a significantly higher failure rate
than the others (see Table 3). Whatever the industry, the date of creation and the size of the firm,
failure rates are significantly lower in August, because of the reduced activity of administrative courts
during this month.
The estimated parameters associated with four-month time dummies begin to be significantly positive
after September 2008 (Lehman Brothers’ bankruptcy). They are still significantly positive over the
years 2009 and 2010, which means that the crisis had a protracted effect on firms’ failures. They are
highly significant and positive in manufacturing and construction. They are also positive, but lower, in
the retail trade industry. Their statistical significance and magnitude are much lower in transportation,
which has been thus the less affected industry among the four ones considered here.

Table 3 (beginning)
Parameter estimates of the failure rate (stratified univariate Cox model, stratified according to
the quarter of creation of the firm)
Industry
Manufacturing
Retail trade
Variable

Sequence of TBI’s
truncated at
December 31, 2007

Sequence of TBI’s up
to December 31, 2010

Sequence of TBI’s
truncated at
December 31, 2007

Sequence of TBI’s up
to December 31, 2010

-0.718*** (0.035)
-0.385*** (0.032)
0.062 (0.051)
1.723*** (0.034)
-0.910*** (0.057)

-0.664*** (0.035)
-0.394*** (0.032)
0.088 (0.051)
1.769*** (0.034)
-0.910*** (0.057)

-0.137** (0.042)
-0.035 (0.041)
0.043 (0.108)
1.932*** (0.042)
-0.885*** (0.044)

-0.081 ◊ (0.042)
-0.026 (0.041)
0.054 (0.108)
1.990*** (0.042)
-0.889*** (0.044)

0.397** (0.134)
0.346 ◊ (0.189)
0.615** (0.234)
0.975*** (0.263)
0.895** (0.288)
1.392*** (0.324)
1.774*** (0.349)
1.732*** (0.380)
2.321*** (0.420)

0.384*** (0.134)
0.312 ◊ (0.189)
0.566* (0.234)
0.908*** (0.263)
0.826** (0.288)
1.318*** (0.324)
1.704*** (0.349)
1.667*** (0.380)
2.231*** (0.420)

0.029 (0.094)
0.046 (0.131)
0.340* (0.167)
0.521** (0.189)
0.408 ◊ (0.210)
0.764** (0.237)
1.065*** (0.256)
1.034*** (0.277)
1.168*** (0.306)

0.001 (0.094)
-0.014 (0.131)
0.268* (0.167)
0.425* (0.189)
0.293 (0.210)
0.634** (0.237)
0.921*** (0.256)
0.880*** (0.277)
0.998*** (0.306)

15,924 (0.00)

17,838 (0.00)

21,597 (0.00)

25,371 (0.00)

17,934 (0.00)

20,628 (0.00)

25,087 (0.00)

28,823 (0.00)

26,002 (0.00)

31,021 (0.00)

33,381 (0.00)

39,464 (0.00)

Number of
employees :
- self-employed
- between 1 and 5 workers
- 20 workers and more
- unknown number

Month of August
Dummies for fourmonth intervals:
- Jan08-Apr08
- May08-Aug08
- Sep08-Dec08
- Jan09-Apr09
- May09-Aug09
- Sep09-Dec09
- Jan10-Apr10
- May10-Aug10
- Sep10-Dec10
Likelihood-ratio test
(p-value)
Wald test
(p-value)
Score test
(p-value)
Number of degrees of
freedom
Logarithm of the
partial likelihood
Number of firms

Remarks:

Source:

20
-70,128.45

20
-68,856.17

48,562

-124,948.2

-123,061.0
92,496

a) Symbols representing statistical significance of parameter estimates are the following:
◊
*** for a p-value < 0.001, ** for a p-value < 0.01, * for a p-value < 0.05, for a p-value <
0.10. The number between parentheses after the estimated coefficient is its estimated
standard error.
b) estimated coefficients of spline functions representing the effects of payment incidents
on the failure rate are not reported in this table, since they cannot be directly interpreted;
these estimated coefficients are always highly significant (at the 0.001 level) ; the
corresponding effects are represented on Graph 7.
Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.
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Tableau 3 (end)
Parameter estimates of the failure rate (stratified univariate Cox model, stratified according to
the quarter of creation of the firm)
Industry
Transportation
Construction
Sequence of TBI’s
truncated at
December 31, 2007

Variable

Sequence of TBI’s up
to December 31, 2010

Sequence of TBI’s
truncated at
December 31, 2007

Sequence of TBI’s up
to December 31, 2010

Number of
employees :
- self-employed
- between 1 and 5 workers
- 20 workers and more
- unknown number

Month of August
Dummies for fourmonth intervals:
- Jan08-Apr08
- May08-Aug08
- Sep08-Dec08
- Jan09-Apr09
- May09-Aug09
- Sep09-Dec09
- Jan10-Apr10
- May10-Aug10
- Sep10-Dec10
Likelihood-ratio test
(p-value)
Wald test
(p-value)
Score test
(p-value)
Logarithm of the
partial likelihood
Number of firms

Remarks:

Source:

-0.594***
-0.184***
-0.489***
1.600***
-1.029***

(0.048)
(0.041)
(0.079)
(0.046)
(0.085)

-0.509***
-0.145***
-0.455***
1.677***
-1.032***

(0.048)
(0.041)
(0.079)
(0.046)
(0.085)

-0.547***
-0.138***
-0.249***
1.725***
-1.076***

(0.019)
(0.017)
(0.056)
(0.018)
(0.031)

-0.456***
-0.108***
-0.241***
1.821***
-1.082***

(0.019)
(0.017)
(0.056)
(0.018)
(0.031)

-0.046 (0.184)
-0.274 (0.254)
0.611 ◊ (0.318)
0.982** (0.352)
0.697 ◊ (0.385)
0.770 ◊ (0.433)
0.989* (0.464)
0.646 (0.493)
0.721 (0.543)

-0.055 (0.184)
-0.295 (0.255)
0.576 ◊ (0.318)
0.937** (0.352)
0.640 ◊ (0.385)
0.692 ◊ (0.433)
0.914* (0.464)
0.572 (0.493)
0.636 (0.543)

0.263*** (0.058)
0.372*** (0.081)
0.922*** (0.105)
1.257*** (0.118)
1.356*** (0.129)
1.725*** (0.146)
2.010*** (0.157)
2.175*** (0.169)
2.488*** (0.188)

0.236*** (0.058)
0.317*** (0.081)
0.827*** (0.105)
1.134*** (0.118)
1.216*** (0.129)
1.571*** (0.146)
1.848*** (0.157)
2.010*** (0.169)
2.311*** (0.188)

5,486 (0.00)

6,433 (0.00)

56,021 (0.00)

67,996 (0.00)

6,860 (0.00)

8,041 (0.00)

64,151 (0.00)

75,299 (0.00)

9,422 (0.00)

11,396 (0.00)

87,870 (0.00)

108,023 (0.00)

-33,405.75

-32,932.14

-333,461.0

-327,473.5

23,195

147,260

a) Symbols representing statistical significance of parameter estimates are the following:
◊
*** for a p-value < 0.001, ** for a p-value < 0.01, * for a p-value < 0.05, for a p-value <
0.10. The number between parentheses after the estimated coefficient is its estimated
standard error.
b) estimated coefficients of spline functions representing the effects of payment incidents
on the failure rate are not reported in this table, since they cannot be directly interpreted;
these estimated coefficients are always highly significant (at the 0.001 level) ; the
corresponding effects are represented on Graph 7.
Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.

Payment incidents due to incapacity to pay have a highly significant positive effect on the
instantaneous failure rate (see Graph 7). For instance, in construction, this rate is multiplied by 2.77
(namely by exp(1.02)) after the first payment incident, by 7.61 (namely by exp(2.03)) after the tenth
incident. The effect of TBIs on the failure rate is concave: the first payment incidents have a higher
marginal impact on the failure rate than the subsequent ones.
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Graph 7
The estimated effect of payment incidents on the firm’s failure rate (by industry)

Remark: the x-axis of each graph represents the cumulated number of incident payments; the y-axis
is the estimated coefficient which is associated with this number, the failure rate being
multiplied by the exponential of this coefficient.
Source: Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.
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b. The bivariate model
For the moment, estimates of the bivariate model have been only obtained for two industries,
transportation and manufacturing. Parameter estimates of equation (2) for the intensity rate of
payment incidents in the firm are reported in Table 4, while parameter estimates of equation (3) for the
firm’s failure rate are reported in Table 5.
Taking into account the endogeneity of payment incidents does not result in a significant change in the
estimated parameters of the failure rate equation (the results reported in Table 5 for the two
considered industries must be compared with those reported in Table 3 for the univariate models
estimated with the complete sequence of payment incidents up to December 31, 2010). This result is
noteworthy. Payment incidents are not exogenous since the two instrumental variables affecting only
the intensity rate of payment incidents, namely the time interval between the two previous payment
incidents (TBIs) in the firm and the variation in the number of TBIs in the same industry during the last
four months, are statistically very significant (see Table 4), and that the estimated loading factor
associated with the unobserved heterogeneity term is also statistically very significant (see Table 5).

Table 4
Parameter estimates of the intensity rate of payment incidents
(stratified multiple events Cox model,
stratified according to the rank of the payment incident)
Industry
Transportation
Manufacturing
Variable
Number of
employees:
- self-employed
- between 1 and 5 workers
- 20 workers and more
- unknown

Month of August
Time interval between
the two previous TBIs
Variation in the
number of TBIs in the
same industry during
the last 4 months
Dummies for fourmonth intervals:
- Jan08-Apr08
- May08-Aug08
- Sep08-Dec08
- Jan09-Apr09
- May09-Aug09
- Sep09-Dec09
- Jan10-Apr10
- May10-Aug10
- Sep10-Dec10
Variance of the
unobserved
heterogeneity term
Logarithm of the
integrated likelihood
Chi-squared statistics
Number of degrees of
freedom
Number of firms

Remarks:

Source:

-0,507*** (0.042)
-0.122*** (0.035)
-0.289*** (0.067)
0.283*** (0.046)
-0.051 (0.043)

-0.167***
0.069***
-0.294**
0.419***
-0.004

(0.026)
(0.024)
(0.050)
(0.031)
(0.024)

-0.004** (0.001)

-0.008*** (0.001)

0.075*** (0.012)

0.025*** (0.003)

0.015 (0.062)
-0.066 (0.059)
-0.165** (0.062)
0.083 (0.066)
-0.133* (0.067)
-0.030 (0.068)
0.116 ◊ (0.069)
-0.071 (0.071)
-0.223** (0.081)

0.101** (0.035)
-0.028 (0.034)
0.002 (0.035)
0.159***(0.036)
0.046 (0.037)
0.003 (0.039)
0.208***(0.041)
0.020 (0.041)
0.046 (0.042)

0.132* (0.062)

0.157***(0.043)

-54,338.4

-182,652.5

506.77

1,246.10
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23,176

48,511

a) Symbols representing statistical significance of parameter estimates are the following:
◊
*** for a p-value < 0.001, ** for a p-value < 0.01, * for a p-value < 0.05, for a p-value <
0.10. The number between parentheses after the estimated coefficient is its estimated
standard error.
b) The estimation is based upon the sequence of TBI’s from December 31, 2000, to
December 31, 2010
Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.
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Table 5
Parameter estimates of the failure rate (stratified Cox model,
stratified according to the quarter of creation of the firm)
Industry
Transportation
Manufacturing
Variable
Number of
employees:
- self-employed
- between 1 and 5 workers
- 20 workers and more
- unknown

Month of August
Dummies for fourmonth intervals:
- Jan08-Apr08
- May08-Aug08
- Sep08-Dec08
- Jan09-Apr09
- May09-Aug09
- Sep09-Dec09
- Jan10-Apr10
- May10-Aug10
- Sep10-Dec10
Loading factor
(associated with the
unobserved
heterogeneity term)
Likelihood-ratio test
(p-value)
Wald test
(p-value)
Score test
(p-value)
Logarithm of the
partial likelihood
Number of firms

Remarks:

Source:

-0,545*** (0.049)
-0.169*** (0.042)
-0.458*** (0.078)
1.687*** (0.051)
-1.033*** (0.084)

-0.719***
-0.409***
0.087 ◊
1.789***
-0.906***

(0.036)
(0.035)
(0.055)
(0.041)
(0.060)

-0.052
-0.290
0.585 ◊
0.948**
0.654 ◊
0.709 ◊
0.934*
0.594
0.658

(0.172)
(0.249)
(0.323)
(0.359)
(0.401)
(0.454)
(0.480)
(0.510)
(0.572)

0.383** (0.124)
0.316 ◊ (0.181)
0.579* (0.229)
0.924*** (0.265)
0.847*** (0.297)
1.347*** (0.329)
1.737*** (0.354)
1.707*** (0.402)
2.284*** (0.443)

0.852*** (0.148)

1.159*** (0.085)

42.14 (0.002)

348.2 (0.000)

43.78 (0.001)

374.4 (0.000)

43.68 (0.001)

372.0 (0.000)

-32,819.61

-68,458.11

23,176

48,511

a) Symbols representing statistical significance of parameter estimates are the following:
◊
*** for a p-value < 0.001, ** for a p-value < 0.01, * for a p-value < 0.05, for a p-value <
0.10. The number between parentheses after the estimated coefficient is its estimated
standard error. The standard error estimate is obtained by using 400 replications of a
bootstrap procedure.
b) The estimation is based upon the sequence of TBI’s from December 31, 2000, to
December 31, 2010
c) Estimated coefficients of spline functions representing the effects of payment incidents
on the failure rate are not reported in this table, since they cannot be directly interpreted;
these estimated coefficients are always highly significant (at the 0.001 level).
Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.

The instruments affecting the intensity rate have the expected signs. The higher the number of
payment incidents in the same industry during the last four months and/or the lower the time interval
between the two previous payment incidents in the firm, the more likely a payment incident in the firm
at the current date is (see Table 4). The process of payment incidents in the firm is thus subject to
contagion and acceleration effects. Table 4 shows also that the intensity rate of payment incidents
does not monotonically decrease with the firm’s size. Among firms whose size is known (i.e.
observed), those which are employing between 6 and 19 workers in the transportation industry, and
those which are employing between 1 and 5 workers in the manufacturing industry, experience more
frequent payment incidents.
In the transportation industry, payment incidents have been less frequent in the four last months of
2008 (after September 2008), but their intensity was not modified in years 2009 and 2010, at the
exception of the second quadrimester of year 2009 and of the last quadrimester of year 2010 during
which payment incidents were less frequent. Similarly, the intensity rate of payment incidents in firms
of the manufacturing industry was not modified between 2008 and 2010, except in the first
quadrimesters of years 2009 and 2010 during which payment incidents were more frequent.
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Finally, it is worthwhile to note that the estimated loading factor associated with the unobserved
heterogeneity term is statistically significant and positive (see Table 5), which implies that, all
observable factors being equal, firms which are subject to more frequent payment incidents because
of unobservable factors are also more likely to experience a business failure.
6. How many firms’ failures have been caused by the 2008 crisis?
The estimated models allow us to estimate the number of failures which could have been caused by
the 2008 crisis. This counterfactual number is obtained by setting equal to zero the coefficients OP
associated with the four-month dummies covering the years 2008 to 2010. Under this assumption, we
can estimate the counterfactual survival function for each firm, i.e., that would have prevailed in the
absence of the 2008 crisis. Then we estimate the aggregate counterfactual survival function for a
given cohort (i.e., firms which have been created a given year, from 2000 to 2010) by averaging the
individual counterfactual survival functions estimated for each firm belonging to this cohort. Knowing
the number of firms which have been created each year (from 2000 to 2007), we can deduce for each
cohort, from the estimation of its aggregate counterfactual survival function, the number of firms which
have failed over the years 2008-2010. Results of this exercise are reported in Table 6.
Table 6
Estimated numbers of failures caused by the 2008 crisis between 2008 and 2010
Year of
creation

2000

2001

2002

2003

2,289

2,419

2,251

2,642

126

158

127

45
(35%)
46
(37%)

42
(27%)
46
(29%)

39
(31%)
41
(32%)

5,605

5,766

5,476

5,868

294

257

265

408

99
(48%)
107
(52%)

115
(45%)
126
(49%)

107
(41%)
117
(44%)

178
(44%)
198
(49%)

11,570

12,888

12,726

15,414

2004

2005

2006

2007

Total

3,039

3,312

3,318

3,925

23,195

259

384

436

512

465

2,467

70
(27%)
72
(28%)

117
(30%)
119
(31%)

157
(36%)
163
(37%)

192
(37%)
185
(36%)

203
(44%)
190
(41%)

865
(35%)
862
(35%)

6,687

6,558

6,365

6,237

48,562

555

722

781

737

3,929

230
(41%)
236
(43%)

271
(37%)
285
(39%)

337
(43%)
356
(46%)

349
(47%)
346
(47%)

1,685
(43%)
1,770
(45%)

20,074

22,285

24,735

27,566

147,258

Transportation
Number of created
firms
Observed failures
in 2008-2010
Estimated effect of
the 2008 crisis:
- Univariate model
- Bivariate model

Manufacturing
Number of created
firms
Observed failures
in 2008-2010
Estimated effect of
the 2008 crisis:
- Univariate model
- Bivariate model

Construction
Number of created
firms
Univariate model:
- Observed failures
in 2008-2010
- Estimated effect
of the 2008 crisis

483

720

819

1,380

2,518

3,784

5,108

5,378

20,190

256
(53%)

354
(49%)

383
(47%)

632
(46%)

1,090
(43%)

1,497
(40%)

2,254
(44%)

2,729
(51%)

9,194
(46%)

7,723

8,185

8,729

10,774

13,695

15,348

14,149

12,893

78,603

262

307

386

649

988

1,449

1,730

1,754

7,725

87
(33%)

84
(27%)

117
(30%)

186
(29%)

240
(24%)

288
(20%)

501
(29%)

545
(31%)

2,049
(27%)

Retail trade
Univariate model:
- Observed failures
in 2008-2010
- Estimated effect
of the 2008 crisis

Source:

Bank of France, Companies Directorate, FIBEN data file; authors’ calculations.

Within each sector, observed numbers of failures are much higher in recent cohorts than in older ones.
Proportions of failures estimated as "caused" by the crisis differ from one cohort to another: they are
higher in recent cohorts (2006 and 2007) than in the previous (2004 and 2005). First let us
concentrate on estimates obtained from the univariate model. In manufacturing, between 2008 and
2010, 47% of failures among firms created in 2007 are estimated to be due to the crisis, against 37%
for firms created in 2005. A similar comparison gives 44% against 36% in transportation, 51% against
40% in construction and 31% against 20% in retail trade.
The estimated effect of the crisis on successive cohorts takes the form of a “U”-shaped curve: cohorts
which are proportionately the most affected ones are the oldest and the most recent cohorts.
Construction is the most affected industry; the least affected is retail trade.
The proportion of failures “caused” by the crisis varies greatly from one sector to another. All cohorts
16

combined, it is equal to 27% in retail trade, to 35% in transportation, 43% in manufacturing and 46% in
construction. Estimates obtained for transportation and for manufacturing by using the bivariate model
(i.e., with endogenous payment incidents) are very similar. The proportion of failures “caused” by the
crisis varies greatly from one sector to another. The proportion of failures “caused” by the 2008 crisis
is the same in transportation (35%), and slightly higher in manufacturing (45%).
(To be completed)
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