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Abstract

We demonstrate improvements in predictive power when introducing spline
functions to take account of highly non-linear relationships between firm fail-
ure and leverage, earnings, and liquidity in a logistic bankruptcy model. Our
results show that modeling excessive non-linearities yields substantially im-
proved bankruptcy predictions, on the order of 70 to 90 percent, compared
with a standard logistic model. The spline model provides several important
and surprising insights into non-monotonic bankruptcy relationships. We find
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1 Introduction

Bankruptcy is an event of fundamental economic importance. The recent recession has
shown that its rate of occurrence in the aggregate have profound influence on the outcomes
of economic growth and unemployment, as well as financial stability through the effects
on banks and financial markets in general. At the micro level, bankruptcy can be seen as
the main driver of credit risk and is hence a primary concern for banks and investors that
screen firms and monitor firms’ efforts. In spite of its importance, our empirical under-
standing of the determinants of bankruptcy still has remarkable shortcomings despite the
enormous volume of this literature. One such shortcoming, and the focus of this paper,
is an empirical exploration of non-linear relationships between firm-level bankruptcy and
key financial ratios such as firms’ leverage, earnings, and liquidity. For this purpose we
employ a recently compiled and extensive panel data set with detailed firm-level infor-
mation on all incorporated Swedish businesses, both private and public, over the period
1991 — 2008. The panel comprises around 4 million firm-year data points, with an average
of over 200,000 firms per point in time. Our aim is to demonstrate the substantial gains
in explanatory and predictive power that can be achieved by introducing straightforward
spline functions into an otherwise standard multi-period logistic modeling framework, as
used by Shumway (2001), Chava and Jarrow (2004), Campbell, Hilscher, and Szilagyi
(2008), and others. Introducing splines into a logistic regression is a flexible and compu-
tationally efficient method for exploring non-linear relationships. It can be described as
a simple transformation of the set (or subset) of explanatory variables into an extended
covariate set, similar to a plain polynomial extension. In comparison with other flexible

approaches, the spline method has the advantage of preserving linearity in the parameters,



and the extended model can therefore readily be estimated using maximum likelihood and
standard software.!

There are good reasons to presume that relationships between firms’ financial ratios
and bankruptcy risk are non-linear, or even non-monotonic. The functional form of the
probability of default implied by Merton’s (1974) distance-to-default model suggests that
a firm’s debt level only yields a modest impact on bankruptcy risk for low debt levels,
whereas a substantially enhanced impact occurs when the value of debt approaches the
market value of the firm.? The economic intuition is straightforward: there is no reason
why a debt reduction should have an impact on a firm’s bankruptcy risk when solvency
is high, while the marginal benefit of a same-sized reduction should be much larger when
the firm is indebted close to insolvency. Bharath and Shumway (2008) study the empirical
relevance of Merton’s bankruptcy probability within a multi-period logistic framework.
They do so by including a proxy of the probability measure together with the variables
used to construct the proxy jointly in the empirical model and conclude that the statistical
significance of the proxy suggests that the non-linear transformation implied by Merton’s
model leads to enhanced bankruptcy predictions. In other words, their result lends sup-
port to the view that the relationship between firms’ capital structure and bankruptcy
risk indeed is highly non-linear.

In addition to firms’ capital structure, other key variables such as firms’ earnings ratio

1 As a point of clarification: the standard logistic model is non-linear in the probability, but linear
in the log odds. The spline model, that we propose to use, is non-linear also in the log odds, and will
thus allow for more general non-linearities and non-monotonicities. In fact, the logistic model offers a
rather restricted functional form that may not necessarily yield a good approximation of the empirical
relationship.

2 See Bharath and Shumway (2008) for a detailed outline of the probability of default implied by
Merton’s model: PDyserton = N(—((In(V/F) + (p—0.50%) T) /(o V/T))), where N(-) is the standard
normal cdf, V' is the market value of the firm, D is the face value of the debt, u is the return on V, 0%
is the volatility of V| and T is the forecast horizon. The term In (V/F) jointly with the standard normal

cdf implies that the impact of a firm’s leverage ratio, F/V, on its bankruptcy risk is enhanced as the
debt level approached the market value of the firm.



and liquidity holdings are also likely to display non-linear relationships with bankruptcy
risk. That is, increased earnings are likely to reduce firms’ risk of failing on debt payments
and ongoing expenditures. However, excessive positive earnings may be the outcome of
risky strategies resulting in high cash-flow volatility, which could induce an increased risk
of encountering financial distress and bankruptcy (see e.g., Nance, Smith, and Smithson
1993). Furthermore, it is intuitive to assume that increased cash holdings yield a sig-
nificant impact on firms’ bankruptcy risk if their initial cash position is weak, but will
be of minor importance for already cash-rich firms. Taken together, these observations
motivate a systematic exploration of non-linear relationships between financial ratios and
firms’ bankruptcy risk. Thus, the focus of this paper is to explore non-linear relationships
beyond those imposed by the logistic link function.

Earlier contributions have demonstrated that flexible bankruptcy risk modeling with
generalized additive models (GAM) yields significantly improved risk-ranking proper-
ties as compared with the standard logistic bankruptcy risk model (see Berg 2007; and
Dakovic, Czado, and Berg 2010). This paper contributes to the existing literature by
documenting three important features of non-linearities in bankruptcy risk modeling.
Firstly, we show that allowing for non-linearities substantially improves both the model’s
risk-ranking ability and the accuracy of the absolute bankruptcy risk estimates. In terms
of a statistical fit-measure, a pseudo-R2, the improvement in-sample is on the order of 70
to 90 percent which is remarkable given that our approach leaves the information set un-
changed. In addition to the improved fit-measure we show that the obtained bankruptcy
predictions are unbiased across risk levels. Secondly, thanks to the size of our panel data

set, we are able to estimate corresponding spline models for each of the 18 years in our



sample period 1991 — 2008. The resulting relationships are found to be remarkably sta-
ble over this time period, suggesting that a non-linear model provides a superior tool
for forecasting bankruptcy risk. This is also verified in out-of-sample evaluations of the
logistic and logistic spline models. Finally, the estimated non-linear relationships provide
important economic insights on the relationships between key financial ratios and bank-
ruptcy risk. More specifically, we document both threshold effects and sign inversions in
the relationships between financial ratios and bankruptcy risk. For instance, in line with
Merton’s model, we observe threshold effects for the relationship between the leverage
ratio and bankruptcy risk. The impact of firms’ debt levels on their bankruptcy risks is
moderate and close to constant for leverage ratios (total liabilities to total assets) in the
30 — 60 percent region. However, the risk more than quadruples in the 60 — 100 percent
region, and, less intuitively, risks also increase as the leverage ratio decreases towards 0
in the 0 — 30 percent region. Moreover, we observe sign inversion for the relationship be-
tween the earnings ratio (earnings to total assets) and bankruptcy risk. The bankruptcy
risk is decreasing in the earnings ratio until the ratio reaches 15 percent and increasing
thereafter.

Accounting, or financial ratio, analysis for predicting business failures and bankruptcy
risk has a century long tradition and its modern era began in the 1960s with work by
Beaver (1966) and by Altman (1968).> In an influential paper, Shumway (2001) outlines
what has become the dominating method for estimating firm bankruptcy risk. Shumway

points to the bias and inconsistencies that arise in static models of bankruptcy due to

3 Altman’s multivariate approach, the seminal Z-score model, which continues to be a benchmark-
model widely applied in academia and by the rating industry. Altman (1971,1984,2000) has further
examined accounting-based modeling, and numerous follow-up papers have been written, noteable ones
are Ohlson (1980) and Zmijewski (1984). Altman and Narayanan (1997) and Altman and Saunders (1997)
provide surveys of the bankruptcy litterature.



such models’ neglectance of ultimately failing firms non-failing behavior in periods prior
to bankruptcy.? Shumway goes on to show that a multi-period logistic model avoids the
bias and inconsistencies in static models, and the approach has since then been a bench-
mark. He also argues that the significance of many of the financial ratios found by earlier
papers does not survive in a multi-period model, in particular if up to date market-driven
variables are included. Chava and Jarrow (2004) confirm the superiority of Shumway’s
approach, and suggest further improvements by controlling for industry effects and by
considering a monthly frequency instead of the pre-dominating annual data frequency.
Furthermore, Campbell et al. (2008) also applies the Shumway model specification and
contributes by considering a wide range of financial ratios as well as market-driven vari-
ables in search of optimal models for given forecast horizon. Summing up, it is clear
that multi-period logistic models dominate the static approaches. Market-driven variables
clearly contribute over-and-above the financial ratios based on firms’ financial statements.
However, the latter have not entirely played out their roles in bankruptcy modeling, not
even for samples of public firms as in the papers mentioned above. For bankruptcy risk
in private firms, which is the concern in this paper, financial ratios remain the important
information source, since market-driven variables are typically not available.’

A large set of various financial ratios have been proposed for modeling bankruptcy

risk. We have selected three ratios based on what we judge are frequently used variables

4 The traditional, static models typically only make use of the last financial statement before a firm
goes bankrupt. Or, alternatively, e.g., the next to last financial statement before failure, but in that
case discarding the information contained in the last statement. By means of a simple 2-period example
Shumway demonstrates how the bias of the maximum likelihood estimator of the probability of default
arises in a static model.

5 Bharath and Shumway (2008) evaluate the out-of-sample accuracy of the Merton (1974) model and
find that the distance-to-default measure is not a sufficient statistic for the probability of default in the
sense that its accuracy can be surpassed by means of a reduced form model. Hence, suggesting that
financial statements contain default-relevant information over-and-above that provided by market-driven
variables.



in the literature, reflecting firm characteristics in key areas such as capital structure,
performance, and liquidity. The ratios are: total liabilities over total assets (leverage
ratio); earnings before interest and taxes over total assets (earnings ratio); cash and
liquid assets in relationship to total liabilities (cash ratio). As we will demonstrate,
these variables are close to being monotonically related to firm failure for large segments,
which explains their long-standing popularity in the bankruptcy risk literature. However,
substantially more information about firms’ riskiness can be gained by accounting also
for non-linear aspects of these variables’ relationships with firm failure. Furthermore,
in a recent paper, Jacobson, Lindé and Roszbach (2011) examine the empirical role of
macroeconomic factors for bankruptcy risk modeling using the same longitudinal data set
as in this paper. Their results suggest that macroeconomic factors shift the mean of the
bankruptcy risk distribution over time and thereby are the most important determinants
of the average level of firm failure. Therefore, in addition to the set of financial ratios,
we include two macroeconomic variables in order to capture the important time-varying
mean of the failure risk distribution. We also include variables that control for the size
and age of the firm.

The remainder of this paper is structured as follows. In the next section, we present
the Swedish firm data set. In Section 3 we provide a brief introduction to the statistical
framework, and in particular how to introduce spline functions. The empirical results are
reported in Section 4 for two versions of the models, one where only the lagged levels of
the financial ratios and control variables are included and then another where the model
is augmented with spline functions. We undertake in-sample, as well as out-of-sample

comparisons of the estimated models along three dimensions: (i) the fit of the models in



terms of an adjusted R?, (ii) the accuracy of the bankruptcy risk ranking, and (i77) the

accuracy of the absolute bankruptcy risk estimates. Finally, Section 5 concludes.

2 Data, Institutional Setting, and Descriptive Statis-
tics

The firm data set underlying this paper is an panel consisting of 4, 039, 183 yearly observa-
tions on the stock of (on average) roughly 200,000 Swedish aktiebolag, or corporate firms,
as recorded between January 1, 1991, and December 31, 2008, hence covering a period of
18 years. Some firms enter or exit the data set within the sample period, which makes
the panel unbalanced. Aktiebolag are by approximation the Swedish equivalent of corpo-
rations in the US, or limited liability businesses in the UK. Swedish law requires every
aktiebolag to hold in equity a minimum of SEK 100,000 (approximately USD 15,000) to
be eligible for registration at Bolagsverket, the Swedish Companies Registration Office
(SCRO). Swedish corporates are also required to submit an annual financial statement
to the SCRO, covering balance-sheet and income-statement data in accordance with the
European Union standards. The financial statements, provided to us by Upplysningscen-
tralen AB, the leading credit bureau in Sweden, constitute the backbone of the panel data
set analysed below.

In Sweden, as in many other countries, firms have considerable discretion in choosing
a fiscal year period for their financial statement. Thus, the fiscal years for Swedish corpo-
rates are allowed to vary between a minimum of 6 and a maximum of 18 months. Only

for about half of the firm-year observations in our sample does the fiscal year coincide



with a calendar year. Intuitively, in a multi-period framework, where dynamic behavior
is modeled, it is crucial that the financial statements actually cover the time period for
which they are supposed to pertain. In the papers above, or elsewhere to the best of our
knowledge, this problem has not been acknowledged, presumably because the bankruptcy
literature has mostly dealt with samples of large, listed firms for which fiscal and calendar
years tend to coincide. We have standardized the financial statements by first transform-
ing them to quarterly observations and then by aggregating over the four quarters of a
given year.

The design of the input data set for a study on bankruptcy determination requires
deliberation on a number of issues: (i) A definition of the population of corporate firms
that in a given year are at risk of failure, or alternatively, actually fail that year; (i7) A
definition of the dependent variable, i.e., the status of bankruptcy; (iii) As noted above,
Swedish corporates have substantial discretion in their choices of calendar periods for
their fiscal years, hence the financial statements need to be suitably standardized prior
to estimation; (iv) A choice of the set of financial ratios, as well as the treatment of
outliers. We also need to determine other control variables to include. As most studies
on financial ratios and firm failure deal with samples of publically traded firms, attention
has primarily been given to the last item on this list. Since we want to model the universe
of Swedish corporates, all four issues become important for our data set.

In defining the population of existing firms in a given year ¢ we include the firms that
have issued a financial statement covering that year and are classified as “active”, i.e., firms
with reported total sales in excess of 10,000 SEK (roughly USD 1, 500). Unfortunately the

resulting sample does not amount to all active firms because some firms fail to submit their



compulsary financial statements. This is particularly common for firms in distress, which
is quite intuitive. A typical outcome in our data is a firm that ceases submissions of their
financial statements and ultimately—could be many years later—enters into bankruptcy.
Hence, there are two additional groups of firms that rightfully belong to the population
that we wish to make inference about, but due to their lack of financial statements prove
difficult to include in the sample. The first group is made up by firms that do not submit
statements, nor do they fail. These firms exist, but we have no record of them and must
therefore abstract from them. The second group consist of firms that have neglected to
submit their statements, but by de facto failing in ¢ leave evidence of their existence.
In this paper, where the focus is on non-linearities in the relationships between financial
ratios and bankruptcy, we have chosen to discard all incomplete data and hence estimate
the models on a sample of submitting firms only.

In order to construct a reasonable dependent variable for firm failure events we have
obtained from the credit bureau records of corporate firms’ payment remarks. These are
systematically collected data on events related to firms’ payment behaviour from vari-
ous relevant sources, e.g., the Swedish retail banks, the Swedish tax authorities, and, in
particular, the juridical institutions that deal with the legal formalities in firms’ bank-
ruptcy processes. We have adopted the following definition of a firm failure from the
credit bureau. A firm has failed if any of the following events has occurred: the firm is
declared bankrupt in the legal sense, has officially suspended payments, has negotiated
a debt composition settlement, is undergoing a re-construction, or, is distrain without
assets. In total, 96,091 firms in the panel enter into bankruptcy, an average failure rate

of 2.38 percent. An overwhelming majority of these are due to bankruptcy in court,



around 89 percent. For the remainder this event will almost always ultimately occur,
but with a lag, hence the practise of using an extended definition of failure, beyond that
of legal bankruptcy. The idea is to include events—and their timing—that capture the
point-of-no-return for failing firms. In a loose sense, one can think of this definition as
corresponding to the union of US Chapter 7 and Chapter 11 (liquidation) filings for bank-
ruptcy. The included events are all reported on a daily frequency, but for this study we
will simply set the bankruptcy indicator y;, to unity if firm ¢ fails on any day in year ¢,
and to zero otherwise.

Since we are interested in modeling effects from financial ratios on bankruptcy in a
multi-period model, it is imperative to make the financial statements temporally aligned
with the dependent variable. The first step in this process involves safeguarding against
partly, or wholly, overlapping fiscal years for a given firm over time. What we want to
observe is a string of non-overlapping financial statements. In the second step we construct
artificial, standardized financial statements, all for fiscal years beginning on January 1 and
ending on December 31. This is achieved by first working out monthly statements and then
aggregating these to yearly statements.’ In the case where two consecutive statements
share a month we interpolate linearly. The flow and stock variables of the financial
statements have been separately and accordingly adjusted. This problem of divergence
between fiscal and calendar year is a non-trivial problem for Swedish corporates, since on

average over time close to 10 percent will submit a statement for a period other than a

6 Suppose a firm has two financial statements pertaining to one given calendar year t. Let N;, and
N;, be the lengths of the accounting periods (in months) of each statement, and let n;, and ny, be
the number of coverage months for the two statements in year ¢ (where n;, +n., = 12), and let Vary,
and Var;, be the values of the financial ratios obtained from each statement. We then calculate the
artificial statement for year ¢ according to: (ny /Ny, ) X Vary + (n,/Ni,) x Vary, for flow variables
and (ny, /12) x Vary, + (n,/12) x Var, for stock variables. Thus, the artificial statements are weighted
averages of the original ones. The same principle is easily applied to the fewer cases where three statements
pertain to one given calendar year.

10



calendar year.”

The three financial ratios included in our empirical analysis are frequently used ratios
in papers on bankruptcy risk and are chosen to reflect firms’ capital structure, profitability,
and liquidity. They strongly correlate with our definition and measure of failure and are:
total liabilities over total assets (leverage ratio); EBIT over total assets (earnings ratio);

8 By including the

cash and liquid assets in relationship to total liabilities (cash ratio).
leverage ratio we control for events where firms fail due to balance-sheet-based insolvency
(economic distress), i.e., the value of the liabilities exceeds that of the assets. Furthermore,
the earnings- and liquidity ratios provide important information related to whether a firm
is at the risk of cash-flow-based insolvency (financial distress), i.e., a shortage of liquid
assets to cover debt payments and ongoing expenditures. Hence, these financial ratios are
important determinants of firm failure risk.

In addition to the financial ratios we also include a set of control variables. These are:
firm size as measured by real total sales (deflating by means of consumer prices, with year
2000 prices as base-line); firm age in years since first registered as a corporate; the yearly

GDP-growth rate; and the repo-rate, a short-term interest rate set by Sveriges Riksbank

(the Central bank of Sweden). The two firm-specific control variables are included to

" The annual number of financial statements increases from about 200,000 in the beginning of the
sample period, to well over 300,000 in the final two years. The shares of shorter (less than 12 months)
and longer (longer than 12 months) statements are both around 5 percent. Whereas shorter than the
stipulated 6 months happen, statements covering a longer period than the allowed 18 months are very
rare. Over time, the annual shares of shorter/longer statement periods have come down from about 8
percent to currently around 4 percent. Thus, an overwhelming majority of statements concern a period
of 12 months. However, out of the 90 percent of the total number of statements, only 48 percentage
points coincide with a calendar year, and hence 42 percentage points refer to other 12 month periods. In
these calculations we have allowed for a given calendar year to begin in mid-December the previous year,
and end in mid-January the following year. Hence, if anything the 48 percent is an exaggeration. Over
time, this share of calendar year statements has increased from 45 to 50 percent.

8 We also considered an alternative definition of the cash ratio by taking cash and liquid assets over
total assets. However, we found that the current ratio, where cash and liquid assets are scaled by total
liabilities, adds more explanatory power to the model by reflecting additional information related to the
firms’ net-debt position.

11



take account of the well-documented results that smaller and younger firms are, ceteris
paribus, riskier than older and larger ones. The two aggregate variables were found
to be important determinants of average bankruptcy rates in Jacobson et al. (2011).
Hence, by including them here we are able control for business cycle fluctuations and
avoid their confounding effects on the estimated relationships between financial ratios
and bankruptcy. Following Chava and Jarrow (2004) we could also consider controlling
for industry effects, but according to the conclusions in Jacobson et al. (2011) industry
effects do not appear to be of first order importance for the Swedish corporate sector,
hence we leave those out in the interest of simplicity.

When working with data sets of this size, it is quite evident that a portion of the
observations is made up of severe outliers. Such observations would distort the estima-
tion results if they were to be included in a standard logistic model, thus winsorization
is common in the literature to avoid outliers that are created by near-zero denominators.
However, our spline approach is by construction robust towards inclusion of outliers, and
therefore makes winsorization less necessary. Nevertheless, in order to make compar-
isons with the standard logistic model meaningful we treat the data in accordance with
Shumway (2001) and Chava and Jarrow (2004) by winsorizing the top and bottom one
percent of the financial ratios. Hence, for each financial ratio we set all observations taking
values smaller than the 1% percentile equal to the value of the 1°' percentile and equiva-
lently for values larger than the 99" percentile. Table 1 reports the empirical distributions
for the winsorized data set. The table distinguishes between bankrupt and non-bankrupt

firm-years, for the period 1991 — 2008.

[Insert Table 1 about here.]
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The picture emerging from Table 1 is that there is a clear difference between failing
and non-failing firm-years for these variables. On average, non-failing firms are substan-
tially less leveraged, 66 percent as compared to 101 percent. Non-failing firm-years have
substantially larger earnings and exhibit higher cash holdings as compared with failing
firm-years. The average earnings ratio is 5.2 percent for non-failing firms, compared to
a mere —10.4 percent for failing firms. The table also shows that uncondionally, smaller
firms are riskier than larger ones. The average sized failed firm has total sales of SEK
6,175,000, whereas the average sized healthy firm has total sales of SEK 18,562,000. The
same conclusion applies to firm age where the average age for failed firms is 9 years, while

the average non-failed one is 11 years.

3 Empirical Methodology

As we will illustrate in Section 4, our data set shows definite signs of strong non-linearities
in the relationships between bankruptcy risk and several of the most commonly used
explanatory financial ratios. There is a large number of non-linear models for binary
responses in the statistical literature, including neural nets, kernel regression, smooth
threshold models, generalized additive models (GAM), and regression trees. See Hastie,
Tibshirani, and Friedman (2009) for a general and accessible introduction. Berg (2007)
shows that GAMs outperform logistic regression and neural networks in predicting firm
bankrupcty in a single-period or static context. Most non-linear models are however
computationally impractical on a data set of our size, especially in a multi-period setting.
We therefore focus on the model which we believe has the largest potential for empirical

bankruptcy risk modeling: the additive spline regression model. This model is essentially
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a GAM model with a smaller number of knots and without regularization (see below).
Our aim here is to show that this powerful model: i) has manageable computational
complexity even for very large data sets, ii) can be estimated with standard software
packages, iii) is an easily interpretable model for non-linear data and iv) gives accurate
out-of-sample predictions. The model should therefore appeal to a broad group of applied
economists and is a strong candidate for inclusion in the standard econometric toolkit.
Let p;; be the probability of bankruptcy for firm ¢ in year ¢ given that the firm was
alive in year t — 1. The basic bankruptcy risk model for the binary responses is of the

form:
Yitlpie ~ Bern(pig),i=1,...,Nand t =2,...,T,
In <£) =a+ w1+ 21,

1-pi ¢

(1)
where y;; € {0,1} is the binary response variable recording the failure (y;; = 1) of firm
¢ at time ¢, x;,_1 is a vector of firm-specific variables and z;_; is a set of macroeconomic
variables at time t — 1.

The logistic model in (1) belongs to the class of Generalized Linear Models (GLM), and
everything in this section is directly applicable to other members of the GLM class, e.g.,
response counts following the Poisson distribution, or non-negative, continuous Gamma-

distributed response variables. It also applies to models with a more general link function:

9(pir) = a+ ﬁl%tq + 9 z-1, (2)

where ¢(+) is any smooth invertible link function. In GLM terminology, the model in (1)
is a Bernoulli model with a logit link.

A prominent feature of GLMs is that a transformation of the mean (p; ; in the Bernoulli
case) is linear in the explanatory variables. As we show in Section 4, our data set on firm
failures are highly non-linear in the log odds, showing a pressing need to go beyond

14



the plain logistic regression model. The most obvious way to introduce non-linearites is
by adding polynomial terms. Polynomials are well known to produce an unreasonably
global fit and to have poor behavior near the boundaries (see e.g. Hastie, Tibshirani, and
Friedman (2009)). After a period of intense research on kernel regression methods, c.f., Li
and Racine (2007), the attention has shifted towards the use of splines for non-linear/non-
parametric regression. Splines can be viewed as piecewise local polynomials with enforced
continuity and higher order smoothness (e.g., continuous first derivatives) at the dividing
points. Splines is a local model without the problems associated with global polynomials.
A spline model is implemented in the same way as the polynomial regression by extending
the covariate set with additional basis function covariates to model the non-linear effects.

A particularly popular set of basis functions is the truncated power basis of order S:

{L Tit—1, «751271:_17 ) :U;‘S;t—la (xi,tfl - kl)i, ) (mi,tfl - kM)f-}a (3)

where kq, ..., k) are the M dividing points of the local polynomials, usually referred to as

knots, and

(xi,t—l - k)i = { ( ! o=k : (4)

Tip—1 — k‘)s if x>k

The attraction of this type of basis is that it directly incorporates the continuity con-
straints so that the function and its S — 1 first derivatives are all continuous at the knots.
The logistic spline regression model is therefore of the form:

Yitlpie ~ Bern(pig),i=1,...,Nand t =2,...,T, )
In <1fil;ti,t) =t ZSS=1 Bsmit—l + 2%21 N (Tip—1 — km)i + 721
Note that the log odds remains linear in the parameters, and the logistic spline model can

therefore be fitted with standard methods, which is absolutely crucial for very large data

sets. We use the standard errors proposed by Shumway (2001).
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A drawback of the local basis is that the fit can be erratic at the boundaries of the
covariates space with ensuing poor extrapolation properties. A natural spline mitigates
this problem by imposing a linearity constraint beyond the boundary knots. This re-
striction reduces the variance of the approximating function in these regions, and can be
directly imposed on the basis itself. For example, in the case of a truncated power basis

the corresponding natural spline basis functions are given by the recursion:

hy (xi,t—l) = Tit—1, hl—l—m(xi,t—l) = dm<xi,t—1) - dM—1($z‘,t—1)a (6)

where

(xi,t—l - km)i - (%’,t—l - kM)i

dm(%’,t—ﬂ = Fear — K . (7)

To implement the spline regression model one needs to decide on the number of knots
(M) and their locations, ki, ..., ky. With a small, or moderately large, data set these
two choices are crucial and much effort in the literature is spent on developing statistical
methods to deal with them. With a large number of knots, sometimes even a knot at
every observation, it becomes crucial to impose some sort of penalty on model complexity
in order to not overfit the data. The most common approaches use either the L1 (||n]|) or
L2 (n'n) penalty on the spline coefficients and use cross-validation or Bayesian methods
to determine the optimal penalty, see e.g. Hastie, Tibshirani, and Friedman (2009) and
Ruppert, Wand and Carroll (2003). An alternative approach is to use Bayesian variable
selection to choose among the pre-determined knots, see e.g. Smith and Kohn (1996) and
Denison, Mallick, and Smith (2002).

In large data sets, such as ours, allowing for sharply estimated parameters, the exact
choice of the number of knot, their locations and optimal model complexity penalty is

of lesser importance, and the methods refereed to above are unnecessarily sophisticated.
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Moreover, these algorithms are very time-consuming when applied to a very large data
sets. We have therefore opted for the following simpler, but effective, strategy. The num-
ber of knots is determined by the Bayesian Information Criterion (BIC) as proposed by
Schwarz (1978). The BIC chooses the number of knots that maximizes the likelihood
function subject to a penalty for model complexity. After choosing the number of knots,
the location of the knots is usually fixed at predetermined quantiles of z;;_;, which gives
a more dense allocation of knots in regions with many observations. In our case some vari-
ables have many observations taking the same value, so that this strategy gives occasional
knot duplication or near-duplication, resulting in perfect or high multicollinearity. Rather
than eliminating the duplicates we chose to employ the well-known k-means algorithm to
determine the location of the knots. Our results are robust to changes in the number of
knots and to alternative knot location schemes.

While estimating a flexible mean curve using spline regression with a single covariate is
relatively straightforward, it is a substantially harder problem to estimate a flexible mean
surface with multiple covariates. The main complication is the curse of dimensionality:
any reasonably large number of knots will always be sparse in a high-dimensional covariate
space, see Hastie, Tibshirani, and Friedman (2009, p. 23) for an illustration. By far,
the most common way of dealing with the curse of dimensionality is to assume away all
interactions between covariates. The additive logistic spline model with natural quadratic
spline basis functions is then of the form (Hastie and Tibshirani 1990):

Yitlpie ~ Bern(p;y), i =1,..,N and t =2,....T,
i M;
In (25 ) = @+ S0y oo Mynemhiim (Trae1) + 7201,

(8)

where hj1ym(x;::-1) is the natural spline function for the j™ covariate and m™ knot.

Experiments showed that for our data set, the restriction M; = ... = M, = M did not
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degrade the in-sample fit or the out-of-sample predictive performance. The assumption
of additivity also simplifies the interpretation of the model since the marginal effect (the
partial derivative) of a covariate is not a function of the other covariates.

In summary, our model is a logistic additive spline model with natural quadratic spline
basis functions (S = 2) and an equal number of knots for each covariate (henceforth
referred to as the logistic spline model). The number of knots is determined by the
BIC, and the knots are deployed by separate k-means clustering of each covariate. Given
the knot locations, the spline basis functions are computed and used as covariates in a
standard logistic regression model. The basis expanded logistic regression is fitted with

standard methods, available in almost any statistical software package.

4 Empirical Results

In this section we report empirical results for the logistic and logistic spline models. In
particular, we first show the univariate relationships between the firm-specific variables
and bankruptcy risk. Secondly, we briefly report results for the standard logistic model,
corresponding to the ones reported in Shumway (2001), Chava and Jarrow (2004), Camp-
bell et al. (2008), and others. We then move on to the in-sample results for the spline
models. Finally, we document the year-by-year stability in the estimates obtained from
the logistic spline model, and evaluate the out-of-sample properties of the logistic and

logistic spline models.
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4.1 Univariate Relationships

The logistic spline models reported below can be justified by the highly non-linear re-
lationships between the accounting variables and bankruptcy risk that are documented
in Figure 1. The figure shows the observed bankruptcy frequency and the estimated
relationships obtained from a univariate logistic and a univariate logistic spline model,

respectively, for each of the financial ratios and control variables.

[Insert Figure 1 about here.]

From the figure it is clear why the leverage ratio, T'L /T A, and earnings ratio, EBIT /T A,
are extensively used in the bankruptcy literature. The heterogeneity in bankruptcy fre-
quency for the two variables spans between 0.5 and 12 percent and the relationships
are almost monotonic in the high density regions. Furthermore, the cash ratio, CH/TL,
exhibits a distinct monotonic relationship with bankruptcy risk, but the impact is less pro-
nounced as compared with the leverage- and earnings ratios. For the two control variables
we observe a decline in the risk with respect to total sales, Size, and a more challenging
non-monotonic relationship for firm age, Age, where risk is increasing for young firms and
starts to decrease for firms that have been active for more than four years.

The estimated univariate relationships suggest that the logistic spline model substan-
tially improves the fit with respect to all variables, especially in the regions characterized
by non-monotonic relationships with bankruptcy risk. Taken together, these results indi-
cate that a multivariate model that controls for these non-linear features is likely to yield

enhanced bankruptcy predictions.
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4.2 Logistic Models

The first model, which we call the Private Firm Model, incorporates the leverage- and
the earnings ratios only. This parsimonious model corresponds to the private firm model
reported in Chava and Jarrow (2004). The second model that we consider is an extended
version of the Private Firm Model and includes additional variables related to firms’ cash
holdings, total sales, age, and two macroeconomic variables. The explanatory variables z; ;
and z; enter the model lagged on year, hence they are observed at the time of prediction.
That is, the model is designed to capture relationships between a set of explanatory
variables describing the characteristics of a firm and its environment at time ¢t — 1 and the
event that the firm fails in period ¢. In order to get consistent and unbiased estimates of
these relationships, it is essential to have explanatory variables that pertain to year ¢t — 1,
and nothing else.” By means of our periodization procedure of the financial statements,

described in Section 2, we have made sure that this is the case here.

[Insert Table 2 about here.]

Models I and IT in Table 2 concern coefficient estimates for the Private Firm Model
and the Extended Private Firm Model. For both model specifications, the coefficients for
the financial ratios have signs according to intuition. That is, the leverage ratio, TL/T A,
has a positive coefficient, whereas the earnings ratio, EBIT/T A, and the cash ratio,

CH/TL, have negative coefficients. For the Extended Private Firm Model, the reported

9 Shumway (2001) provides a thorough discussion on requirements for consistency for the maximum
likelihood estimator of the intercept and slope parameters. In particular he demonstrates why the static
model of bankruptcy, i.e., a model that considers the last financial statement only, discarding information
on a firm for other years than the one preceding bankruptcy, will result in biased and inconsistent
estimates. It is straightforward to apply Shumway’s arguments to the case when fiscal years do not
coincide with calendar years so that a given firm has, e.g., submitted a financial statement covering a

fiscal year such that z;_; is in effect a linear combination of the standardized statements for x;, z;_1 and
Tt—2.
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marginal effects give that a one-standard-deviation increase in the leverage ratio leads,
on average, to a 34 percent increase in the bankruptcy risk, and a one-standard-deviation
increase in the earnings ratio and cash ratio leads, on average, to an 18 and 87 percent
decline, respectively. Thus, all three ratios exercise an economically significant impact on
bankruptcy risk.

For the control variables included in the Extended Private Firm Model we see that
total sales, Size, has a negative impact and that firm age, Age, has a positive impact
on bankruptcy risk. The positive coefficient for firm age is counterintuitive, but serves
as an excellent illustration of the spurious results that a linear model can give rise to.
Furthermore, the impacts of the two macroeconomic variables are in line with Jacobson
et al. (2011). The signs of the macro coefficients are as expected: a negative one for
AGDP implying a reduced bankruptcy probability when growth is high in the previous
year, and a positive coefficient for the REPO-RATFE implying an increased bankruptcy
risk when interest rates are high.

The performances of the models are evaluated by means of McFadden’s pseudo-R?
and an additional measure that we denote by ROC (Receiver Operating Characteristics,
c.f., Hosmer and Lemshow (2000)). The ROC-measure is equivalent to the one reported
in Chava and Jarrow (2004) and quantifies the models ability to rank firms according to
their relative riskiness. It spans between 0.5 and 1, where 0.5 corresponds to a model
that randomly assigns bankruptcy probabilities to firms, and where 1 corresponds to the
perfect model where the highest bankruptcy probabilities are assigned to the firms that

de facto fail.
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Because of differences in the selection of variables and sample composition, it is not
straightforward to directly compare our results with earlier estimates in the literature.
In particular, Shumway (2001), Chava and Jarrow (2004), and Campbell et al. (2008)
are all concerned with listed firms and therefore also incorporate market-driven variables.
However, although our models do not incorporate any market-driven variables the pseudo-
R? coefficients of 6.3 and 8.4 percent are not far from the 11.4 percent that is reported
for a model with a one-year forecasting horizon in Campbell et al. (2008). Moreover,
the ROC values of 0.76 and 0.77 are in the same vicinity as the out-of-sample values
reported in Chava and Jarrow (2004). Thus, the performance of the logistic models are

re-assuringly close to the ones of models previously reported in the literature.

4.3 Logistic Spline Models

We now shift our attention to the logistic spline model in Eq. (8). Before reporting the
empirical results we will briefly outline how the number of knots and their placements
are determined. As outlined in Section 3, we have adopted a basic approach relying on a
standard information criterion and a clustering procedure to decide on these issues. The
transformation x;; ¢ 1 — hj14m(2ji:—1) is carried out for each number of knots, M. The
augmented model (where the extended set of covariates is based on an equal number of
knots for each variable) is then estimated and the BIC information criterion is calculated.
This is repeated for M = 0, 1..., M,.x, Where M., is set to 25, to make reasonably sure
that a global minimum is identified. In our case the combination of a very large sample
and what turns out to be highly non-linear functions, results in the BIC choosing 10

and 11 knots as the optimal number for the spline versions of the Private Firm Model
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and the Extended Private Firm Model, respectively. However, we noticed that a large
improvement in fit is obtained with a handful of knots, say 4 or 5, suggesting that this
approach need not be restricted to large sample sizes only.!

Models IIT and IV in Table 2 concern coefficient estimates for the spline models. Since
the models involve a large set of estimated parameters (1410 and 1411 for each of the
5 firm-specific variables) that in themselves offer very limited intuition, we summarize
the relationships by reporting parameter estimates that are averaged over the sample.!'!
Nevertheless, the average coefficient estimates are, albeit being a crude approximation and
certainly not sufficient to account for the full relationships, in line with the linear model
and offer some intuition. The three financial ratios have coefficient estimates with the
same signs as previously, but the magnitude of the estimates have increased considerably.
Furthermore, the coefficients for total sales, Size, is of the same magnitude as before and
the impact of firm age, Age, stays positive and increases in magnitude. The large positive
coefficient for firm age is counterintuitive, but this picture changes as we consider the
total effect reported below. Finally, the impact of the two macroeconomic variables is of
the same magnitude as for the plain logistic model.

Turning to the goodness of fit, it is striking that the pseudo-R? improves from 6.3
to 10.6 for the Private Firm Model, and from 8.4 to 16.2 percent for the Extended Pri-
vate Firm Model. These results indicate that a model that allows for flexible non-linear
relationships exhibit a substantially improved performance by assigning bankruptcy prob-

abilities to firms that more accurately correspond to the actual outcomes. The increase

10 The pseudo-R? coefficients for the Private firm model and the Extended private firm model with 5
knots are 10.5 and 16.0 percent, respectively.

! Following (8), we report the average coefficient: 5= ZZJ\LI Zle df; +/dxj for the logistic spline models.
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in the pseudo-R? is remarkable given that the underlying information set is unchanged.
Also, the ROC-measures indicate that the spline models ranking properties are enhanced.
However, this is most evident for the Extended Private Firm Model, which may be ex-
plained by the highly non-monotonic relationship between firm age and bankruptcy risk,

c.f., Figure 1.

[Insert Figure 2 about here.]

Next we make an assessment of the in-sample properties of the models in an absolute
sense. For a given model we sort all firms with respect to their estimated bankruptcy
probabilities into one hundred percentiles and then calculate the average bankruptcy
probability in each percentile. We then compare the average estimated bankruptcy prob-
ability with the actual failure frequency for the firms in each percentile. If the estimated
models were to perfectly predict the absolute riskiness of the firms within each percentile,
a scatter plot of the two variables would line up along the 45-degree line, corresponding
to a slope coefficient of unity and an intercept equal to zero. The two panels in Figure
2 show the accuracy of the bankruptcy predictions obtained from the logistic and the
logistic spline versions of the Private Firm Model and the Extended Private Firm Model.
Graph (I) in Panel A shows the relationship for the logistic version of the Private Firm
Model. The relationship indicates that there is a considerable divergence between the
estimated bankruptcy probabilities and the actual outcomes. This is also demonstrated
in Graph (II) illustrating the same relationship but on a logarithmic scale, which offers a
greater resolution of the left-hand tail of the distribution. On average, the graphs show
that the predictions obtained from the logistic version of the Private Firm Model tend to

overestimate the bankruptcy risk in the 1 —2.5 and > 11 percent intervals, and underesti-
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mate the risk in the < 1 and 2.5—11 percent intervals. The deviation is substantial where,
for example, the group of firms that is assigned a bankruptcy risk of 5 percent exhibit an
observed bankruptcy frequency of around 10 percent. In contrast, Graph (III) and (IV)
in Panel A show that the estimated risk obtained from the logistic spline version of the
Private Firm Model almost overlap the 45-degree line which indicates that the assigned
bankruptcy risks correspond remarkably well with the actual outcomes. Furthermore, a
similar message is given by the graphs in Panel B where the estimates obtained from the
logistic and logistic spline versions of the Extended Private Firm Models are evaluated.!?
However, the estimated bankruptcy probabilities from the Extended private models ex-
hibit a larger heterogeneity, which indicates that the additional variables included in the
extended model are important determinants of firms’ bankruptcy risk. Taken together, we
thus conclude that the accuracy of the bankruptcy predictions in an absolute sense sub-
stantially improves once we allow for flexible non-linear relationships. They now appear

unbiased irrespective of risk level.

4.3.1 Non-Linear Relationships

In Figure 3 we illustrate the estimated non-linear relationships between bankruptcy risk
and the firm-specific variables obtained for the spline version of the Extended Private
Firm Model, Model IV in Table 2. Each variable is displayed in two ways. Firstly, in
the left-hand panels, we illustrate the bankruptcy probability as a function of each of the
five firm-specific variables in a multivariate conditional setting where the other variables

are set to their sample means. Secondly, in the right-hand panels, we document the

12 To the extent that banks rely on a logistic bankruptcy model for screening and monitoring of
borrowers the biases in the estimated failure probabilities may lead to systematic errors. Moreover, if
banks’ buffer capital is calculated according to the IRB-approach, i.e., risks in loans are evaluated using
an internal risk model, then using a logistic model could yield inadequate buffer capital.
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derivatives of the logit function (df/dzx;, c.f., Eq. (8) above) across all segments of the
variables. The conditional mean function shows the relationship between each variable
and the level of the bankruptcy risk and the logit derivative complements by showing for
which segments the marginal impact of each variable is statistically different from zero.

The graphs also include confidence bands reflecting estimation uncertainty.'®

[Insert Figure 3 about here.]

Judging by Figure 3, the univariate relationships displayed in Figure 1 largely hold
for all the financial ratios. For the relationship between the leverage ratio, TL/T A,
and bankruptcy risk, illustrated in Panels (I.A) and (I.B) in Figure 3, we observe a
distinct non-monotonic relationship. The graphs show that both low and high leverage
levels are associated with a higher bankruptcy risk. That is, firms with a leverage ratio
below 30 percent exhibit increasing risks as the ratio decreases. In the other direction we
find that more leveraged firms display a straightforward and intuitive failure-relationship.
Hence, the 60 — 100 percent interval of the leverage ratio is characterized by a sharp
increase in bankruptcy risk; it more than quadruples from 0.7 to around 3 percent. The
maximum impact occurs at a leverage level around 95 percent, c.f., Panel (I.B). The
observed threshold effect is in line with the functional form of the probability of default
implied by Merton’s distance-to-default model. Thus, quite intuitively, the marginal
reduction in failure risk from reducing firms’ debts is larger for highly leveraged firms

that are close to balance-sheet-based insolvency.

[Insert Table 3 about here.]

13 The increased uncertainty around each knot in the confidence intervals of the derivatives of the logit
function is a consequence of the truncation of the quadratic splines, which produces discontinuous second
derivatives.
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The increased bankruptcy risk for low-leveraged firms may be driven by cases where
firms fail because lenders are unable to resolve asymmetric information problems and
therefore restrict their credit supply (Stiglitz and Weiss 1981). Limited access to external
financing makes firms more vulnerable to liquidity shocks which induce an increased
distress risk (see, e.g., Opler, Pinkowitz, Stulz, and Williamson 1999). In Table 3, Panel
A, we show that a low leverage level is likely to be supply driven. That is, the table shows
that firms with low leverage ratios on average are substantially smaller as compared with
firms having a medium, or a high, leverage ratio. Small firms are more likely to suffer
from information asymmetries, which make them more exposed to financial frictions (see,
e.g., Almeida, Campello, and Weisbach 2004). Furthermore, in the table we also show
that low-leveraged firms on average pay substantially higher interest rates. Higher interest
rates are likely to be driven by lenders limiting the credit accessibility by both contracting
the supply of credit, and by increasing its price.!* Thus, these results suggest that a low
leverage ratio is likely to be the outcome of limited credit supply which explains the
increased bankruptcy risk.!?

Panels (II.A) and (IL.B) in Figure 3 show an apparent non-monotonic relationship
between the earnings ratio, EBIT /T A, and bankruptcy risk, where both low and high
earnings ratios are associated with increased risks. More specifically, bankruptcy risks
are high for earnings ratios below -40 percent, and then sharply decline for ratios in the
—40 — 10 percent interval. The impact is reversed for high earnings ratios, so that above

15 percent they exhibit a statistically significant positive impact on bankruptcy risk. A

14 The credit rationed firm has to rely on short-term and expensive trade credit as an alternative to
regular financing.

15 An alternative—or complementary—explanation for the increased risk for low-leveraged firms is
that leverage improves managerial incentives and reduces free cash flow that could be invested in low net
present value projects (see, e.g., Jensen 1986).
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negative relationship between the earnings ratio and bankruptcy risk is intuitive since
higher earnings decrease the risk of failing on debt payments and ongoing expenditures.
However, one explanation for the observed non-monotonic relationship could be that high
earnings are associated with high cash-flow volatility. Firms that exhibit high cash-flow
volatility are more likely to experience a cash-flow shortfall, which in turn may trigger
financial distress, see e.g., Nance, Smith, and Smithson (1993). In Table 3, Panel B, we
report the three and five year firm-specific cash-flow volatility for firm-year observations
associated with low, medium, and high earnings ratios. The table shows that low and
high earnings ratios (as opposed to medium) are associated with a substantially higher
volatility. Moreover, comparing failing with non-failing firm-years, we see that failing firms
overall have more volatile earnings ratios, and this feature is emphasized for firms with
high earnings ratios, i.e., above 15 percent. Thus, high earnings ratios are associated with
a higher volatility, which may be a factor that lies behind the observed non-monotonic
relationship between the earnings ratio and bankruptcy risk.

Financial frictions are an additional underlying factor that may play a role for the
non-monotonic relationship in the earnings ratio. In Table 3, Panel B, we show that
bankrupt firms with high earnings ratios on average are smaller and have higher interest
expenditures. That is, failing firms with a high earnings ratio pay an interest rate spread
twice that of similar non-failing firms, and four times larger than firms in the medium
earnings ratio segment.!® These results are in line with earlier findings in the literature,
showing that high cash-flow volatility is associated with lower investments, a greater need
for external financing, and higher costs for external financing (Minton and Schrande 1999).

Moreover, Table 3, Panel B, also shows that bankrupt firms with high earnings ratios tend

16 The spread is calculated as intertest expenditures over total liabilities minus the REPO-RATE.

28



to experience a reduction in their fixed assets (property, plants, and machinery). This
suggests that high earnings ratios may be a manifestation of asset redeployment, where
constrained firms sell fixed assets in a secondary market in order to generate funding when
such is unavailable, or expensive in capital markets (see Lang, Poulsen, and Stulz 1995).
Thus, bankrupt firms with high earnings ratios face limited or costly financing, which may
trigger a higher failure risk. Taken together, high cash-flow volatility in combination with
limited and costly financing are factors that potentially induce the documented positive
relationship between excessive earnings and firm failure.

Returning to Figure 3, the panels (III.A) and (ITI.B) show that the cash ratio, CH/TL,
features a clear threshold effect. We see that bankruptcy risks decrease sharply as the cash
ratio increases from 0 to 50 percent. For a cash ratio exceeding 50 percent we find that
bankruptcy risks are stable around 0.5 percent. The documented relationship is intuitive
and illustrates that the marginal benefit of increased cash holdings is large for firms with
low cash holdings and of less importance for cash-rich firms.

Finally, the two control variables Age and Size display relationships with bankruptcy
risk that closely correspond to the ones outlined in the univariate cases above, c.f., Figure
1. In Figure 3, panel (V.A), bankruptcy risk and Age display a distinct hump-shaped
relationship such that risk is increasing in Age until the firm reaches the age of 4 years
and then risks fall steadily beyond that age until around the age of 16 years where it
becomes constant. In the right-hand panel the derivative of the logit with respect to
Age is thus positive for ages up to 4 years, negative between 4 and 16 years, and then
impact is insignificantly different from zero for firm ages beyond 16 years. This result

is in agreement with the predictions in the classical work of Jovanovic (1982), where
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firms upon entry gradually learn about their efficiencies in operation and may, when
sufficient information has been accumulated, come to the conclusion that exit is the
rational choice.'” Turning to Size as a determinant of firm failure, panel (IV.A) suggests
an almost monotonically negative relationship, confirming intuition and common wizdom.
However, in panel (IV.B) the derivative of the logit with respect to Size reveals a very
modest impact overall, and it is only for the very largest firms that we find a negative
derivate that is significantly different from zero.

Taken together, the Figure 3 panels show both threshold effects and sign inversions
in the relationships between the three financial ratios and firm failure risk. Relation-
ship characterization by information asymmetries are likely to be more pronounced in
our sample—consisting mostly of small private firms, as opposed to larger public ones.

Nevertheless, information asymmetry presumably plays a role also for larger public firms.

4.3.2 Stability of the Non-Linear Relationships

The extensive panel data set allows us to examine the stability over time for the estimated
non-linear relationships documented above. Since the panel comprises around 4 million
firm-year observations, we can estimate the spline model for each of the 18 years in the
sample period and make use of more than 200,000 observations in each year. This is a
robustness check that renders credibility to the results outlined above, and potentially
demonstrates the time-invariance of the documented non-linear features. The specifi-

cations of the 18 yearly models coincide with that of Model (IV) in Table 2, but now

17 »Efficient firms grow and survive; inefficient firms decline and fail”, p. 469, Jovanovic (1982).
Agarwal and Gort (1996) estimate firm survivorship using data on manufacturing firms of new products,
and take into account the various maturity stages of the products’ life cycles. Agarwal and Gort find
similar hump-shaped hazard functions for all maturity stages as we do, cf., Figure 2, p 496. They argue
that firm survival is a function of both age and endowment, and over time effects of favorable endowment
will tend to vanish and result in increasing failure risks. This effect is manifested in the five stages of
maturity that Agarwal and Gort consider, but clearly absent in our model.
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without the macroeconomic variables included. To take account of time-varying average
bankruptcy risks the intercept is set to [—3.956 — 0.078 x AGDP;_; +0.057 x REPO;_4],
where the coefficients are estimated in a model where only the two macroeconomic vari-
ables are included.

Figure 4 documents the estimated derivative-curves for the five firm-specific variables
as given by the 18 yearly spline models. The overall picture is one of remarkable stability
in these variables’ effects on firm failure risk over the period 1991 — 2008. In particular,
we see that the yearly variation in the logit derivatives for the leverage ratio, TL/TA, the
earnings ratio, EBIT/TA, the cash ratio, CH/TL, and firm age, Age, are very small. The
yearly models’ logit derivatives closely coincide with the ones outlined in Figure 3. Given
the importance of the leverage- and the earnings ratios, in particular, for bancruptcy
predictions, this robustness feature is quite re-assuring. In the case of the Size variable,
we find that the logit derivative curves display somewhat larger variation over the years.

To further study the yearly logit derivative curves in Figure 4, they are divided into
two regimes, 1991 — 1995 and 1996 — 2008. On the whole, the effects in both regimes
coincide for all variables. However, during the Swedish banking crisis, occurring in the
first regime, 1991 — 1995, the bankruptcy relationship for firm size, and to some extent for
leverage, shift as manifested by the variables Size and T'L/TA in Figure 4. The banking
crises episode saw exceptionally many firm failures, and unusually large firms going under,

so it is not surprising to note the shifts in the derivative effects for these years.

[Insert Figure 4 about here.]

Overall, we conclude that the documented time-invariance in the logit derivatives sug-

gests that the non-linear relationships between the variables and the bankruptcy risk are
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a persistent feature. Thus, these results indicate that the observed in-sample improve-
ments obtained by allowing for flexible non-linear relationships in the logistic bankruptcy
model also are likely to hold for the forecasting properties of the model, which we further

document in the proceeding section.

4.4 Out-of-Sample Evaluation

We will next evaluate the forecasting accuracy of the logistic and logistic spline models.
The out-of-sample evaluation follows the same approach as the ones reported in Shumway
(2001) and Chava and Jarrow (2004). That is, we split the sample period in half and
estimate the models on data for the period 1991 — 1999 and use the subsequent period

2000 — 2008 to gauge the models’ forecasting performance.

[Insert Table 4 about here.]

Table 4 documents out-of-sample results for the logistic and logistic spline versions
of the Private Firm Model and the Extended Private Firm Model. The reported in-
sample pseudo-R? coefficients are slightly smaller as compared to the ones reported for
the full sample, but the relative improvement obtained by including splines is of the same
magnitude, or even slightly enhanced. Furthermore, the reported out-of-sample pseudo-
R? coefficients are calculated as 1 — Ly/Lg, where L; is the log likelihood obtained for
the out-of-sample period using the in-sample estimates and L, is the log likelihood for
an intercept model estimated for the out-of-sample period. As for the improvement in-
sample, it is striking that the out-of-sample pseudo-R? improves from 2.7 to 7.5 percent

for the Private Firm Model, and from 7.2 to 14.8 percent for the Extended Private Firm
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Model. These results imply that controlling for non-linear relationships substantially
improves the models’ forecasting accuracy.

Turning to our measure of relative risk, the reported ROC-measures assess the models’
ability to rank firms according to their riskiness in terms of ex post bankruptcy frequencies.
The documented values indicate that the spline versions of the models exhibit enhanced
ranking properties. However, similar to the results reported for the in-sample period,
the more striking improvement is observed for the logistic spline version of the Extended
Private Firm Model which has a ROC-value of 0.82. Furthermore, a similar message is
presented in terms of a decile test, where firms have been sorted into deciles according to
their predicted bankruptcy risks. The table shows that the spline version of the Extended
Private Firm Model is the best performing model classifying 48 percent of the bankrupt
firms in the riskiest decile, as compared to around 41 percent for the other models. These
results are close to the ones reported for a comparable private firm model in Chava and
Jarrow (2004), where the average ROC-measure spans between 0.72 and 0.77 and the
fraction of failing firms in the riskiest decile ranges between 31 and 44 percent.

Finally, we assess the out-of-sample properties of the logistic and logistic spline ver-
sion of the Extended Private Firm Model in an absolute sense by comparing the predicted
failure probabilities with the actual ex post bankruptcies (similar to Figure 2). In Figure
5, we present graphs of such predicted and realized failure frequencies on both a proba-
bility scale (left-hand side panel) and a logarithmic scale (right-hand side panel). If the
estimated models were to perfectly predict the absolute riskiness of the firms within each
percentile, all circles would line up along the 45-degree line, corresponding to a slope

coefficient of unity and an intercept equal to zero. As can be seen, on average, Graph
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(I) and (II) show that the logistic model tends to overestimate the bankruptcy risk in
the 0.25 — 2.5 and 10 < percent intervals, and underestimate the risk in the < 0.25
and 2.5 — 10 percent intervals. In contrast, Graph (III) and (IV) show that the logistic
spline version of the model almost overlaps the 45-degree line in the 0 — 4 and 12.5 <
percent segments, and shows very moderate deviations from the ideal 45-degree line in
the 4 — 12.5 percent segment. In sum, the out-of-sample exercise shows that allowing
for non-linear relationships in the logistic model leads to a substantial improvement in

forecasting accuracy.

[Insert Figure 5 about here.]

5 Conclusions

In this paper, we gauge non-linear relationships between financial ratios and firm bank-
ruptcy risk at the microeconomic level using a standard logistic model augmented by
natural quadratic splines. Our approach allows for an exploration of threshold and non-
monotonic effects beyond those imposed by the logistic link function and the theoretical
predictions given by Merton’s (1974) distance-to-default model.

Our contribution can be summarized in four main findings. Firstly, the accuracy in
the in-sample estimated absolute risk measure is enhanced in the logistic spline model.
Increases in model fit (pseudo-R?) is one manifestation, but perhaps more importantly,
our 45-degree plots reveal that the failure probabilities are unbiased over the entire risk
distribution, in contrast with the standard logistic case. Secondly, by using a very wide
panel data set we are able to estimate separate models for the 18 years in our sample period

and find that the estimated non-linear relationships are remarkably stable over time, i.e.,
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they are a persistent feature. This finding is important for two reasons. It suggests that
a model that accounts for non-linearities should be a superior forecasting device. It also
suggests that these relationships are of a structural nature and hence provide stylized
characterizations of financial ratios effects on firms’ bankruptcy risk. Thirdly, the out-of-
sample analysis confirms the spline model’s predictive abilities. Thus, it outperforms the
logistic model both in terms of relative risk ranking, and in the accuracy of the predicted
absolute risk estimates. Also, the unbiased property across the entire risk distribution
is preserved out-of-sample. Finally, our analysis document three interesting features for
the leverage ratio and earnings ratio. Consistent with Merton’s (1974) distance-to-default
model, we find that the marginal reduction in failure risk from reducing firms’ debts is
at its highest for firms that are on the edge of balance-sheets-based insolvency. We also
document that low-leveraged firms exhibit increased failure risk, possibly reflecting credit
rationing. Furthermore, firms reporting earnings ratios above 15 percent are associated
with higher failure risk and we find evidence suggesting that this is driven by high cash-
flow risk in combination with limited and costly external financing.

Our best-fitting model falls short of Shumway’s (2001) multi-period logistic model
in terms of explanatory power, since our sample, being almost exclusively composed of
private firms, cannot consider market determined variables. Nevertheless, we think that
the approach suggested here would improve any bankruptcy prediction model. There is
no reason, a priori, to not think that also market based information is non-linearly related
to firm failure. Hence, a non-linear approach is of general interest, well beyond private

firms and financial ratios.
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Figure 1: The graphs illustrate the realized bankruptcy frequencies (circles) and estimated
bankruptcy probabilities, obtained from univariate logistic (dashed line) and univariate
logistic spline models (solid line), for the five firm-specific variables over the full sample
period 1991-2008. For each variable the data has been sorted and grouped into 300 equally
sized groups. For each group, we calculate the realized bankruptcy frequency as the share
of bankrupt firms over all firms, and then an average of the observations of the firm-
specific variable at hand. The 300 group-data points are then plotted against each other
to yield the circles. For each variable the reported logistic spline fit is calculated based on
a univariate spline model incorporating 11 knots, and likewise, the logistic fit is based on
a univariate logistic model. The shaded areas in the graphs mark out regions containing
90 percent of the observations. The thicker tick marks on the horizontal axes indicate the
location of the spline knots. Size is log of total sales. Age measures log of firm age (4 1
year) in number of years sincefirst registrated as a corporate.
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Figure 2: The graphs illustrate in-sample estimated bankruptcy probabilities versus real-
ized bankruptcy frequencies for the period 1990-2008. The graphs correspond to, Panel
A: the Private firm model, and Panel B: the Extended private firm model, in Table 2. For
each model we sort all firm-year observations with respect to the size of their estimated
bankruptcy probability, and divide them into equally sized percentiles. We then calculate
the average probability of bankruptcy and the share of realized bankruptcies within each
percentile. The circles correspond to the pairs of estimated bankruptcy probabilities ver-
sus realized bankruptcy shares, and the 45-degree line illustrates a perfect fit. We have
graphed the relationships using a probability scale (left-hand side), and a logarithmic

scale (right-hand side).
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Figure 2 continued
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Figure 3: The graphs illustrate the conditional mean function (left-hand side panels) and
the derivative of the logit function (df/dz;; right-hand side panels), across all segments,
as given by the logistic spline version of the Extended private firm model in Table 2.
The conditional mean function for each explanatory variable is calculated by setting the
other variables to their sample means. The dashed areas correspond to the 95 and 99
percent confidence intervals. The intervals between the vertical dashed lines in the graphs
mark out regions containing 90 percent of the observations. The thicker tick marks on
the horizontal axes indicate the location of the spline knots. Size is log of total sales.
Age measures log of firm age (+ 1 year) in number of years since first registrated as a
corporate. The confidence bands are calculated using a sample-size adjustment for the
covariance matrix where the elements are scaled by the average number of firm-years per
firm, so as to account for the dependence over time in firms’ observations, c.f., Shumway
(2001).
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Figure 3 continued
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Figure 4: The graphs illustrate the derivative of the logit function (df/dz;) across all
segments, for each variable and year, in the period 1991-2008. The 18 years have been
divided into two regimes: the banking crises period in 1991-1995 (dashed lines) and then
the remaining period 1996-2008 (solid lines). The specifications of the 18 yearly models
coincide with that of Model (IV) in Table 2, except now excluding the macroeconomic
variables and setting the intercept to [-3.956-0.078+«+AG D PG;_1+0.057« RE PO,_1], where
the coefficients correspond to a model where only the two macroeconomic variables are
included, so as to take account of the time-varying mean bankruptcy risk. The number of
knots is optimally determined for each year, ranging between 3 and 7. Size is log of total
sales. Age measures log of firm age (+ 1 year) in number of years since first registrated
as a corporate.
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Figure 5: The graphs illustrate out-of-sample predicted bankruptcy probabilities versus
realized bankruptcy frequencies for the period 2000-2008. Predicted probabilities are
generated by the Extended private firm model, estimated for the in-sample period 1991-
1999 using the logistic and logistic spline approaches. For each model we sort all firm-
year observations with respect to the size of their estimated bankruptcy probability, and
divide them into equally sized percentiles. We then calculate the average probability of
bankruptcy and the share of realized bankruptcies within each percentile. The circles
correspond to the pairs of estimated bankruptcy probabilities versus realized bankruptcy
shares, and the 45-degree line illustrates a perfect fit. We have graphed the relationships
using a probability scale (left-hand side), and a logarithmic scale (right-hand side).

(I) Extended private firm model (logigic) (I1) Extended private firm model (logigic)
025 T T T T 0 T T T T T T T T T
b
°
0.20¢ g 2r o° °
) £ 3r
& &
> 4k
go,ls— § N
3 3 51
§ g ° ° °
£ o 8 6o © © 6o
Eoig ° ° >
E g 7
1 ° ]
< . § o
° Q
0.05F S 'rug ol
<
_10-
00 L L -11 L
0.00 0.05 0.10 0.15 020 025 i1 -100 -9 -8 -7 -6 -5 -4 -3 -2 -1 0
Estimated bankruptcy frequency Estimated bankruptcy frequency (logarithmic scale)
(111) Extended private firm model (logigtic spline) (IV) Extended private firm model (logigic spline)
025 T T T T 0 T T T T T T T T
b
T
020 B -2r
_U
> £ 3t
5] &
E] ab
50.15 g 4
> & 5t
g 5]
2 g 6 °
3 = o
Eoad o > .e ..?n
E Ed
g . £
° g -8 °
o
0.05- s°° "5 9l
<
-10F
00 . L 11 L
0.00 005 020 025 11 -10 0

0.10 0.15 -9 -8 -7 -6 -5 -4 -3 -2 -1
Egimated bankruptcy frequency Egtimated bankruptcy frequency (logarithmic scale)

44



160°96 LY0EV6'e SqQO#

01T 0 01 % G * 6 01T 0 er L T aby
LIS0T9'F 0T  €L0'€E &  8LG'T & GLT' 000°000'80T  OT  ¥€L'T9¢ €891  Z9G'ST 0218
L2LCT 0000 €060 % €200 4 TCTO LTLTl 0000 TGL'T 8020  T6L0 T.L/HO
19L°0 T6TT-  T6E0  x 0000 % FOTO- 19L°0 T6TT-  0ST0 1900 2S00 V.I/LIgd
z69°C 7600 9360 s  8C60 4  0I0T 269°C 7€0°0  99£°0 8990  £99°0 VL /1L
XeIN Ul pP1S URTPITA ueI XeIN urjy P1S URIPOJA  UROIA So[qeLIR A

sreoA-tniy jdnyueg

wE@W-SE ydnayjueq-uoN

"ToA[ %1

o1} Y@ JUOIOPIP ATJUedYIUSIS oIe SoNRA URIPOUL PUR -UedUW SUIPUOdSOLIOD oY) U0M)O( SOOUDIOPIP oY) IoYJoyMm SOJedIpUL (4 ) Ie)s
YT, "159) AQUJIYAN -UURTA-UOXOI[IA\ PUR 1S9)-} S JUIPNIG & SUISN Passasse are sread-tnry jdnisueq pue jdniyueq-uou jo sejdures
9} UOOMId( SUBIPOUI PUE SUBIUWI UI SIOUSIIPI(] 99e10dIod & se PajeI)sIiSol SIfj 90UlS SIBAA JO JIOQUINU UT 9Fe WLIY SoInseaul a6}/
"000°T MHS Ul sofes [ej0) st 9215 “(7.[/H,) ‘Olyel ysed) saljI[Iqel] (810} 0} UOIIR[AI Ul sjasse pmbip pue yseos :(/,/7.[ ‘O1jel
08RIOAD]) S1OSSE [RJ0) IOAO SOIIQRI] [®)0} (V. [,/ LI ‘O1yel sdurires) sjosse (@10} 10A0 T19H (V. [/7T.J ‘O1yel o8eIond]) sjosse
[©30% ISAO0 SOIJIIQRI[ 8)0} dIe SOTFRI YT, "R00Z-T66] “BYep WLIY PIZLIOSUIM 91} I0] so13s1ye)s oA1pdrosop syrodal a[qe) Sy J, :T 9[qR],

45



8CT'6£0'F SqQO#

160°96 sojdnoyued#
T 01 - - (IN) syousy#
G780 TLL°0 G9.°0 860 D0y
zoT’0 90T°0 780°0 €90°0 4 -0pnesq
(€TL11) (8°91)
G67'¢ 72070 0F8¥ ALVY-0dTY
(c01°6-) (1117
€G- L0T°0- 86'9- danv
(T'2)
L 1670 100°0 ¥90°0 aby
(1°2-)
i 6£0°0- 100°0- 70°0- 2218
(0'12-)
9 981°¢- L00°0- 0TS0~ TL/HD
(g°62-) (072-)
8 0v8'T- 8 019°¢- 110°0- 97L°0- €10°0- 699°0- V.IL/LIGd
(LcF) (9°99)
9 €9a'T L €9.°C 71070 626°0 €200 OLT'T V.I/1L
(9°¢-) (19-) (9727~ (9052~
67T~ 0697~ €107~ 8797~ 1doo.opur
f ubig# xp/op { ubig# zp/op zp/dp xp/op zp/dp zp/gp SO[qeLIBA

[PPOIN WL 9YALT] PIPULIXY (AT) [PPOIN WLf dYeartd (TI1) [PPOIN WLIL{ dYeALLd POPULIXY (1) [PPOIN WL ] dyeatid (I)

aurdg 21981307 O13S130]

TOAS YT oy Je () wogy jounstp Apurtof oxe ((8) bay ur VT4 - €4y T4 orqerrea L10yeuerdxo
oymeds-uwiy yoers Jo uoisuedxo siseq oul[ds oY) I0] PaUIRIO SJUSIDIFO0D O, ‘[OAS[ 94T 9} IR () WOIJ JOUIISIP A[[RIIISIIR)S OIe
S[epow 213SI80] Y[} I0J SHUSIIPE0d [V *(T00Z) Aemmunyg “J0 ‘SUOIIRAIOSQO IRIA-ULIY Uoom)a(q 2ouapuadop oY) I0] JUNodde 0} se
0s ‘uiry Jod SIeaA-ULIl JO ISqUINU 9FRIOAR 9} AQ PORIS SI XLIJRU 9OURLIRAOD J[) IoUM jusurisn(pe ozis ojdures ® Ia9)je poureiqo
SIOLI® PIRPUR)S [IIM POIJR[NORD IR SoN[eA-) PolIodoy] "oAIND DY 9Y) Iopun raIe o) sojousp HOY Pue (FL6T) USPpPeIoIN 0F
SurpIoooe pajernored st a7-opnasd oY, "d[qreLrea A1oyeurdxo [oed 10§ SHUSIOYFO0D dUI[dS JURIYIUSIS JO IUINU O} S9J0Up [ub1G#
"109j0 TeurSrewr ofeoae a1y sajousp xp/dp (‘xp/ E%HHMNJWNA LN/T)) o[eds sppo 80[ 8} U0 SJULSIJa0d adO[s pajeunIss oY)
SOJOULp ITP/gp ‘ue(q [RIJUSD YSIPOMG 9} AQ 39S 9JRI JS9I0JUI ULIO)-LI0YS oY) ST LV -Od ] Pue mdino s1semop ssoIs [eal
Ul IMOI3 ST J(7HT/ "91eI0dI00 © Sk PoJRIISISOI SIY 9OUIS SIROA JO IoquINU Ul (IeoA | +) ode WLy Jo 0] soInseswr 26} “sofes
[e109 Jo 30[ st 9z1g *(7.[/H D ‘O1Rl [sed) SoII[Iqel] [®10} O} UOIJR[aI UL Sjosse pmbi| pue yseo (V. 7,/ L1 ‘O1yel sSUlLIes) sjosse
1e103 1080 T19H (V.L/7T. ‘O1yel o8eIond]) s)osse [8)0) IoAO SOIYICRI[ [RJ0) oIe SOIjel [eUeUy o], ‘800¢-166]1 Ported ojdures
My o3 10§ ‘(0T = Jy Pue g = §) sepout aur[ds d1IsI80] pur dI9sI30] oY) I0J SOIRUIIISO JULIDIJo0d sp1odol o[qey SIYJ, :g ORI,

46



L50°0- 0200 ze0'0- 02070~ 010°0 €100 Ge0'0-  900°0- (Y —DXIAV
690°0- 910°0 9600~  9€0°0- 900°0 900°0 L20°0- 91070~ (1'c—1DXIAV
860°0 ¥10°0 Ze0'0 200 920°0 7100 €200 6100 poaudg
6L0'G 92S°L L6¥'C  GLT'O €0L'9T  96¥'Cc  LET'€T  TI9G'ST o718
9,270 10T°0 6£2°0 6610 LET0 080°0 L9T0 1210 (3'p—p)Vvi/Liddo
19Z°0 82070 9220  6LT°0 710 790°0 ¥ST0 9010 (2'g—p)VL/LIddo
09£°0 090°0 V0~ T01°0- 6620 L9070 20z'0-  €50°0 V.L/LIgd
> %G6T  %ST—0 %0 > v > %G1 %ST—0 %0 > v
‘VL/LIGH ‘VL/ LI
sreoA-unry jdniyueg sreo-uwry jdniyueq-uoN
m EE@Q
8T0°0 1700 8GT'0 %200 z10°0 L10°0 9900 61070 pooudg
899°9 erIr'e LG6C  GLT'O 106°0¢  TL9'8T  €6G°0T 99'ST 2718
1111 ILY0 9910 0101 z88°0 197°0 GLT'0 €990 V.L/ 1L
> %09 %09 —0& %0&> IV > %09 %09 —0& %0&> IV
‘ViL/1L ‘V.IL/TL
sreof-uniy jdnisueg sreaf-unry jdniyueq-uoN
< Eﬁﬁnﬁ

‘A[oA1)00dSalI ‘sTeak oAl pUR 991 I0A0 podeloae ‘(Amuryoewt pue ‘sjueld ‘Ayredord)
Ssjosse PaxIy Ul soduetD A[rea o) oIe (29 — 2) X[V PUR (20— 2) X[ A ueq [RIJUaDd oY) AQ 19S 9JRI )SoIojul ULID)-)I0YS o)
SNUTW SOTH[IQRI] [€10} JOAO SINJIPUadXo }SIUl WY ST ppaLdg "(000‘ T SMHS UL So[es [RJ0} ST 921G "A[oA1300dSo1 ‘SOT)I[I}R[OA OTjRI
sSurures oywoeds-wiy 1eak 9ATy pue oIy oY) oxe (7% — 3)VL/ LT pue (3 — 9)VL/ L0 1/ g5 ‘soryer surures ySiy
pue ‘wunipow ‘Mo[ 03 109dsor Y3m podnois oIe SUOIJRAISS(O IRIA-ULIY O} I9UM SO[(RLIRA JO 19S ® IOJ son[ea uweow syioder g
[Pued ‘V.[/7.1 ‘Sorel o3eloas] YSIY pue ‘WNIpewl ‘Mo[ 03 109dsor Yimm podnolsd ore SUOIIRAISSO IROA-ULIY O} 9I9YM SO[(RLIRA
JO 19s ® I0J sonfes weowl spI0dol Y [pPURd "Q00Z-T66] ‘BIRP ULIY POZLIOSUIM O} I0J sonfes ueow sjiodal s[qe) SIYT, ¢ ORI,

47



TTV'FIT'C sqO#

900°G¢ sopjdnayueg#
76070 8GT°0 IST°0 99T1°0 01-9
2500 6900 2900 L5070 q
cL0°0 980°0 980°0 8L0°0 id
PIT0 0210 0210 60T°0 ¢
88T°0 89T°0 0LT°0 ¢9T1°0 z
LL¥0 €070 1170 ¥r 0 T
UOEUOQ
028°0 G9L°0 cLL0 €9L°0 D0y
SFT0 zL0°0 GL00 L2070 A -opnosd
(800&-0008) ‘d1dwws-fo-no
9T1L%26'T SqO#
¢80°'19 sopjdnayueg#
01 - 01 - (IN) syousi#
1ST°0 100 660°0 960°0 A -opnasd
(6661-1661) @1dwos-ug

ourrdg o1st30] O1YSIS0T] ourfdg o1s130] O1ISIS0T]

[OPOIN UWLIT] 9)RALLJ POPUIIXH [PPOIN WLIT 9)RALIJ

"RJRP POYIOS O[] JO SO[IDSP JUSISPIP o) Ul sajdniyurq Jo Isqunu [ej0)
Jo uorjoej oy surndurod £q pur ‘IOpIO SUIPULISOP ®© UL ‘sariqeqord aInrej pojewr}se oY) SuIpIos Aq poure)qo oIr $3s93 9[10p
o[dures-jo-4no oy, OAIND-)()Y OY) Jopun eare 9} seyryuenb soinsesw-)Hy o[dures-jo-jno oy, porred ojdures-Jo-jno o) 10y
pojewr)se [opowt jdedIojur ue I0J POOYI[eyI[ S0[ oy} st 07 pue sojewur)se sjdures-ur o) Sursn porrod ojdures-Jo-jno o) I0J poureIqo
pooyrexi] 301 oY} st 77 o1oym ‘07 /Tr7-T se paje[no[ed daIe SJUsIIJood 17 -opnosd ojdures-Jo-4mo oy ], (L66T) UOPPRAIA 03} Surpiosoe
Paje[noed oIk SJURYe0d Li7-opnosd oidures-ut oy, ‘800¢ — 000 polred o[dures-Jo-jmo oY) 10§ PojeneAd oIe yey) seniqeqoid
aanyre;y 9otpaid 01 pasn us) pue 6661 — (661 PoLed sjdures-ur o) 10J POYeUIIISS dI€ SPPOUW S, [OPOW WLIY 9)RALId POPUSIXT O
puR [OpOoW WLIY 9)RALIJ 9} JO SUOISIoA aurds O11s130] pue O13s1307 oY) Jo Adeanoor ojduwres-Jo-no oy syrodar o[qey Sy, 7 S[qRL,

48



Earlier Working Papers:

For a complete list of Working Papers published by Sveriges Riksbank, see www.riksbank.se

Estimation of an Adaptive Stock Market Model with Heterogeneous Agents by Henrik Amilon ........ 2005:177
Some Further Evidence on Interest-Rate Smoothing: The Role of Measurement

Errors in the Output Gap by Mikael Apel and Per Jansson...............cccccooiviiioiiiiiiiiii i 2005:178
Bayesian Estimation of an Open Economy DSGE Model with Incomplete Pass-Through

by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani ......................ccccccooiviiiin. 2005:179

Are Constant Interest Rate Forecasts Modest Interventions? Evidence from
an Estimated Open Economy DSGE Model of the Euro Area by Malin Adolfson,

Stefan Laséen, Jesper Lindé and Mattias Villani .............cccccooviiiiiiiiiiiii i 2005:180
Inference in Vector Autoregressive Models with an Informative

Prior on the Steady State by Mattias Villani ... 2005:181
Bank Mergers, Competition and Liquidity by Elena Carletti, Philipp Hartmann

and Giancarlo SPAgNOIO ............cc.iiiiiiii i 2005:182
Testing Near-Rationality using Detailed Survey Data

by Michael F. Bryan and Stefan PalmqViSt ..............ccccoiiiiiiiiiiiiiii i 2005:183
Exploring Interactions between Real Activity and the Financial Stance

by Tor Jacobson, Jesper Lindé and Kasper ROSZDACH............c.ccccouiiiiiiiiiiiieiie e 2005:184
Two-Sided Network Effects, Bank Interchange Fees,

and the Allocation of Fixed Costs by Mats A. BErMaN .........cccccviiuiaieeiie e 2005:185
Trade Deficits in the Baltic States: How Long Will the Party Last?

by Rudolfs Bems and KriStian JONSSOM. ..........ccueiiiiee ettt 2005:186
Real Exchange Rate and Consumption Fluctuations follwing Trade Liberalization

DY KFISEIAN JONMSSOM ...ttt 2005:187
Modern Forecasting Models in Action: Improving Macroeconomic Analyses at Central Banks

by Malin Adolfson, Michael K. Andersson, Jesper Lindé, Mattias Villani and Anders Vredin............. 2005:188
Bayesian Inference of General Linear Restrictions on the Cointegration Space by Mattias Villani....... 2005:189
Forecasting Performance of an Open Economy Dynamic Stochastic General Equilibrium Model

by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani ..............cccccccooeivciiiiiiiiancnnnnnn. 2005:190
Forecast Combination and Model Averaging using Predictive Measures

by Jana EKIUNG and SUNE KAITSSON ..........ccuuiiiiii ittt 2005:191
Swedish Intervention and the Krona Float, 1993-2002

by Owen F. Humpage and JAViera RAZNAITZ ...........cc.ccueeieiiie et 2006:192
A Simultaneous Model of the Swedish Krona, the US Dollar and the Euro

by Hans Lindblad and Peter SEIliN .............c.ooviiiiiiiiiieei et 2006:193
Testing Theories of Job Creation: Does Supply Create Its Own Demand?

by Mikael Carlsson, Stefan Eriksson and Nils GOTEIri@S........c..ccoueviiiiieiiiiiiesie e 2006:194
Down or Out: Assessing The Welfare Costs of Household Investment Mistakes

by Laurent E. Calvet, John Y. Campbell and Paolo SOdini ..............ccccouviiiiisiiiiiiiiieic i 2006:195
Efficient Bayesian Inference for Multiple Change-Point and Mixture Innovation Models

by Paolo Giordani and RObert KONN ............cccccooiiiiiiiiii i 2006:196
Derivation and Estimation of a New Keynesian Phillips Curve in a Small Open Economy

by Karolinad HOIMBEIG.............cciiiiiiiiie e 2006:197
Technology Shocks and the Labour-Input Response: Evidence from Firm-Level Data

by Mikael Carlsson and JON SMEeASAAS ............ccccuiiiiiiiiiiiii e 2006:198
Monetary Policy and Staggered Wage Bargaining when Prices are Sticky

by Mikael Carlsson and Andreas WeStermark ..............c.ccocueieoieieieieseseieeeeeee e 2006:199

The Swedish External Position and the Krona by Philip R. Lane 2006:200

Price Setting Transactions and the Role of Denominating Currency in FX Markets

by Richard Friberg and Fredrik WilaQNdEr ................ccoiiiiiiieiiiieeeee e 2007:201
The geography of asset holdings: Evidence from Sweden

by Nicolas Coeurdacier and Philippe Martin .................cccooiiiiiiiiiiiiiiiiec e 2007:202
Evaluating An Estimated New Keynesian Small Open Economy Model

by Malin Adolfson, Stefan Laséen, Jesper Lindé and Mattias Villani ...............ccccccocoviiivinonnicincnnnn. 2007:203
The Use of Cash and the Size of the Shadow Economy in Sweden

by Gabriela Guibourg and Bj6rn SEENAOIT ...........ccouiiioiiiiiiiie e s 2007:204

Bank supervision Russian style: Evidence of conflicts between micro- and macro-
prudential concerns by Sophie Claeys and KO€n SCHOOIS ..........cccoveciiviiiiiiiiiieee e 2007:205



Optimal Monetary Policy under Downward Nominal Wage Rigidity

by Mikael Carlsson and Andreas Westermark .................ccoccuiiiiiiiiciiiiiiciceeeee e 2007:206
Financial Structure, Managerial Compensation and Monitoring

by Vittoria Cerasi and Sonja Daltung ..............cccooiiiiiiiiiiiiiiic e 2007:207
Financial Frictions, Investment and Tobin's q by Guido Lorenzoni and Karl Walentin .......................... 2007:208
Sticky Information vs. Sticky Prices: A Horse Race in a DSGE Framework

DY Mathias Trabandlt.............ccooouoiieiiei ettt 2007:209
Acquisition versus greenfield: The impact of the mode of foreign bank entry

on information and bank lending rates by Sophie Claeys and Christa Hainz ............c.cc.cocoeceiovnccaenannn. 2007:210
Nonparametric Regression Density Estimation Using Smoothly Varying Normal Mixtures

by Mattias Villani, Robert Kohn and Paoclo GiOrdani ..............ccocceivaiiiiiiieiiie e 2007:211
The Costs of Paying — Private and Social Costs of Cash and Card

by Mats Bergman, Gabriella Guibourg and Bj6rn Segendorf..............cccccciviiiiiiiiiiiiiii i 2007:212
Using a New Open Economy Macroeconomics model to make real nominal

exchange rate forecasts by Peter Sellin............ccooiiiiiiiiiiiiii 2007:213
Introducing Financial Frictions and Unemployment into a Small Open Economy Model

by Lawrence J. Christiano, Mathias Trabandt and Karl Walentin..............cccccocuviiiiiiiiienienciee, 2007:214
Earnings Inequality and the Equity Premium by Karl Walentin ..............c.ccccoovvniiiiiiiiiniiiic 2007:215
Bayesian forecast combination for VAR models by Michael K Andersson and Sune Karlsson............... 2007:216
Do Central Banks React to House Prices?

by Daria Finocchiaro and Virginia Queijo von HeideKen...............c..ccoiouiiiioiioieiiii e 2007:217
The Riksbank's Forecasting Performance

by Michael K. Andersson, Gustav Karlsson and JOSEf SVENSSON ..........ccoovueieevesiieiiiie e 2007:218
Macroeconomic Impact on Expected Default Freqency

by Per Asberg and HOViICk SNARNAZAITAN ..........cc.coueiieiiiiiiieee et 2008:219
Monetary Policy Regimes and the Volatility of Long-Term Interest Rates

by Virginia QUEIO VON HEIAEKEN............coi it 2008:220
Governing the Governors: A Clinical Study of Central Banks

by Lars Frisell, Kasper Roszbach and Giancarlo Spagnolo ............c..cccccciuveiiiiiiiiiiiiieiieec e 2008:221
The Monetary Policy Decision-Making Process and the Term Structure of Interest Rates

DY HANS DIllEN ...t 2008:222
How Important are Financial Frictions in the U.S. and the Euro Area

by Virginia QUEIJO VON HEIAEKEN...........c.cociiiiiiiiieeiiee e 2008:223
Block Kalman filtering for large-scale DSGE models by Ingvar Strid and Karl Walentin....................... 2008:224
Optimal Monetary Policy in an Operational Medium-Sized DSGE Model

by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E.O. SVENSSON .........cccccuerciiieiieeiianeaieniins 2008:225
Firm Default and Aggregate Fluctuations by Tor Jacobson, Rikard Kindell, Jesper Lindé

aANd KaSPEr ROSZDACK ...ttt nee 2008:226
Re-Evaluating Swedish Membership in EMU: Evidence from an Estimated Model

o) VLU 1 Yo Ta [Ty o ]SS 2008:227
The Effect of Cash Flow on Investment: An Empirical Test of the Balance Sheet Channel

DY Ola IMEIANGET ...ttt bttt 2009:228
Expectation Driven Business Cycles with Limited Enforcement

DY KA WAIBNTIN ...ttt bbbttt et 2009:229
Effects of Organizational Change on Firm Productivity

by Christina HAKANSON ..o 2009:230
Evaluating Microfoundations for Aggregate Price Rigidities: Evidence from Matched Firm-Level

Data on Product Prices and Unit Labor Cost by Mikael Carlsson and Oskar Nordstrém Skans ........... 2009:231
Monetary Policy Trade-Offs in an Estimated Open-Economy DSGE Model

by Malin Adolfson, Stefan Laséen, Jesper Lindé and Lars E.O. SVENSSON .........ccccceriiiiiieiciaiiienins 2009:232
Flexible Modeling of Conditional Distributions Using Smooth Mixtures of Asymmetric

Student T Densities by Feng Li, Mattias Villani and Robert Kohn...............cccocevoviiiiiiiiiiciencaee 2009:233
Forecasting Macroeconomic Time Series with Locally Adaptive Signal Extraction

by Paolo Giordani and Mattias Villani...................c.......... 2009:234

Evaluating Monetary Policy by Lars E.O. Svensson 2009:235



Risk Premiums and Macroeconomic Dynamics in a Heterogeneous Agent Model

by Ferre De Graeve, Maarten Dossche, Marina Emiris, Henri Sneessens and Raf Wouters................. 2010:236
Picking the Brains of MPC Members by Mikael Apel, Carl Andreas Claussen and

PELrA LENNAIESAOTLLEN ...ttt ettt ettt ns 2010:237
Involuntary Unemployment and the Business Cycle by Lawrence J. Christiano,

Mathias Trabandt and Karl WalENTin ............ccccoueieoeiie ittt 2010:238
Housing collateral and the monetary transmission mechanism by Karl Walentin

AN PELET SEIIIN ... s 2010:239
The Discursive Dilemma in Monetary Policy by Carl Andreas Claussen and Qistein Raisland............. 2010:240
Monetary Regime Change and Business Cycles by Vasco Curdia and Daria Finocchiaro...................... 2010:241
Bayesian Inference in Structural Second-Price common Value Auctions by Bertil Wegmann

AN MALEIAS VITIANI ... 2010:242
Equilibrium asset prices and the wealth distribution with inattentive consumers

DY Daria FINOCCRIAIO ...........ceiuieeieieeee ettt 2010:243
Identifying VARSs through Heterogeneity: An Application to Bank Runs

by Ferre De Graeve and AlEXEi KarasS..........cuuiiiuiiiiii ittt 2010:244
Modeling Conditional Densities Using Finite Smooth Mixtures

by Feng Li, Mattias Villani and RObert KORM ...............ccoioiiiiiiiiiiiiiiiiiie e 2010:245
The Output Gap, the Labor Wedge, and the Dynamic Behavior of Hours

by Luca Sala, Ulf Séderstrom and Antonella Trigari .............cccoccoiiiiiiiiiiiiieeeeeeee e 2010:246
Density-Conditional Forecasts in Dynamic Multivariate Models

by Michael K. Andersson, Stefan Palmqvist and Daniel F. Waggoner.............ccccocivoevceaveieeieaenn 2010:247
Anticipated Alternative Policy-Rate Paths in Policy Simulations

by Stefan Laséen and Lars E.O. SVENSSOM ........ccccuiiiiiiiiii ettt 2010:248
MOSES: Model of Swedish Economic Studies by Gunnar Bardsen, Ard den Reijer,

Patrik Jonasson and RAZNAI INYITIOI ..........cuuiueieee ettt 2011:249
The Effects of Endogenuos Firm Exit on Business Cycle Dynamics and Optimal

FiSCal POlICY DY LAUIT VIl ...ttt ettt 2011:250
Parameter Identification in a Estimated New Keynesian Open Economy Model

by Malin Adolfson and JESPEr LINGE..............cooueieiiieieeeeee e 2011:251
Up for count? Central bank words and financial stress by Marianna Blix Grimaldi .............................. 2011:252
Wage Adjustment and Productivity Shocks

by Mikael Carlsson, Julidn Messina and Oskar Nordstrém SKans .............ccccceeeiviiiiiiiiiieiieeieae e 2011:253
Stylized (Arte) Facts on Sectoral Inflation by Ferre De Graeve and Karl Walentin ...............cc.ccocceeennnnn. 2011:254

Hedging Labor Income Risk by Sebastien Betermier, Thomas Jansson,
Christine A. Parlour and JOhan Walden ...............cccccociioiiiiiiii e 2011:255



RIKSBANK

Sveriges Riksbank
Visiting address: Brunkebergs torg 11
Mail address: se-103 37 Stockholm

Website: www.riksbank.se
Telephone: +46 8 787 00 00, Fax: +46 8 21 05 31
E-mail: registratorn@riksbank.se

E-Print, Stockholm 2011

ISSN 1402-9103



	WP front
	WP
	WP back

