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Abstract
In credit risk statistical models are usually chosen according to a model
selection procedure that aims at selecting the most performing structure.
The chosen model is, once selected, taken as the basis for further actions,
such as parameter estimation, default prediction and predictive classification. Relying upon a single model may not be the best strategy. In
this paper we investigate whether the usage of more models, in a model
averaging perspective, improves the performance of credit risk models. To
achieve this aim we propose, starting from the most employed credit risk
model - logistic regression - to average results obtained from a collection
of models, using either bootstrapping or a Bayesian perspective.
In order to compare the results obtained by single models and model averaged ones, we propose a set of performance measures , some of which
are known in the statistical literature, and some others that are newly designed to fit the application needs present in credit risk modelling. Our results show that model averaged models perform better than single models
and that the choice between bootstrapped averages and Bayesian model
averages depends on the performance measures that are considered.
In order to show how our proposal works, we have used a real data set
provided by a credit rating agency composed of small and medium enterprises, that has already been considered in the statistical literature.
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Introduction

Credit risk models can be included in a more general class of statistical models
aimed at explaining a binary target response variable as a function of a set of
explanatory variables.
There have been several methods proposed in the literature, to predict a binary
∗ silvia.figini@unipv.it
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target as a function of a set of covariates, such as logistic regression, classification trees, neural networks, Bayesian networks (see, for a review of these
models, Figini and Giudici, 2009), support vector machines (Crook et al. 2006),
multivariate adaptive regression splines (Taylan et al. 2007, Hastie et al. 2001).
The main focus of all these methods is to predict a dependent (response) variable from a set of independent variables (predictors).
In the above context, statistical models are usually chosen according to a
model selection procedure that aims at selecting the most performing structure.
The chosen model is, once selected, taken as the basis for further actions, such as
parameter estimation, default prediction and predictive classification. However,
relying upon a single model may not be the best strategy, as the uncertainty over
model is not adequately taken into account. In our opinion, Bayesian Model
Averaging (BMA) provides a coherent way to form a weighted average of a class
of possible models using the relative likelihood of each model (see e.g. Hoeting
et al. 2001).
Few papers have investigated the comparison between single selected models and
model averaging. Among them, we recall the paper of Hayden et al. (2009),
which presents a comparison between stepwise selection in logistic regression
and BMA for credit risk models. An other reference is Tsai et al. (2010) that
show a statistical criterion and a financial market measure to compare the forecasting accuracy of different model selection approaches: Bayesian information
criterion, model averaging and model mixing.
The main objective of this paper is to extend the previous contributions, evaluating the relative performance of logistic credit risk models and that of averaged
models constructed by means of Bootstrap and Bayesian model averaging. In
order to carry out such comparison we propose different kind of measures aimed
at measuring the predictive ability, the stability, the discriminant power and the
selectivity of each model proposed. Some of these measures are known in the
statistical literature (see e.g. Hand et al. 2010, Hand et al. 2008 and Figini and
Giudici 2009); others are more known in credit risk practices. The comparison
will be based on a real data set that concerns credit repayment behaviour of a
sample of German small and medium enterprises.
The paper is structured as follows: Section 2 describes the statistical models
most employed in credit risk as well as the model averaging procedures that will
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be employed. It also contains a description of the performance measures that
will be used to compare models of interest to select the best model in a cross
validation exercise.
Section 3 reports and compares the empirical evidences achieved on the described real data set.
Finally, conclusions and further ideas of research are reported in Section 4.

2

Credit risk models

Most rating agencies usually analyze each company on site and evaluate the
probability of default (PD) on the basis of different quantitative financial criteria considered in a single year, or over a multiple-year time horizon. However,
this kind of evaluation does not take into account unstructured and qualitative
information for PD estimation. In our opinion, unstructured information - such
as business knowledge and expert opinions - is relevant and should be considered
for rating measurement.
The problem of data integration can be solved in a two step approach or in a
one step approach (see e.g. Figini and Giudici, 2011).
In a two step approach the integration problem could be formalised as follows.
For a common set of n statistical units, that will be in our running example,
Small and Medium Enterprise (SME for short), let X1 , ..., Xk be a set of k
quantitative financial ratios and let X1∗ , ..., Xp∗ be a set of p categorical variables derived from opinions and business knowledge. Finally, let Y a target
binary variable that describes whether the company has defaulted (Y = 1) or
not (Y = 0).
On the basis of the information collected as above, our aim is to estimate, for
each SME, the probability of default that represents a measure of relative risk
for the lenders.
For each observation i, (i = 1, ..., n), let Yi denote the default response variable;
let X1i , ..., Xki denote a set of k quantitative candidate predictors, and, finally
∗
∗
let X1i
, ..., Xpi
a set of p qualitative candidate predictors.

In a two step approach the elements of Yi = (Y1 , ..., Yn )0 are modelled as conditionally independent random variables from an exponential family separately
for the quantitative and qualitative explanatory vectors:


yi θi − b(θi )
π(yi |X1i , ..., Xki ) ∝ exp
+ c(yi , φ) ,
ai (φ)
3

(1)

∗
∗
π ∗ (yi |X1i
, ..., Xpi
) ∝ exp




yi θi∗ − b0 (θi∗ )
0
∗
+
c
(y
,
φ
)
,
i
a0i (φ)

(2)

where θi is the canonical parameter functionally related to the linear predictor
ηi = Xi0 β, with β a k × 1 vector of fixed effects regression coefficients, φ a scale
0

0

parameter and ai , a0i b, b , c and c are known functions. For the sake of inter0

0

pretational simplicity, we assume that ai = a0i b = b , c = c .
According to generalised linear modelling theory (see e.g. Dobson, 2002), we
assume ai (φ) = a0i (φ) =

φ
ωi ,

where ωi is a known positive weight.

The logitnlink is appealing because
it produces a linear model n
for the log of the
o
o
∗
∗
π ∗ (yi =1|X1i
,...,Xpi
)
π(yi =1|X1i ,...,Xki )
odds, ln 1−π(y
for
the
quantitative
data
and
ln
1−π ∗ (yi =1|X ∗ ,...,X ∗ )
i =1|X1i ,...,Xki )
1i

for the qualitative data, implying a multiplicative model for the odds themselves
(for more details, see e.g. Dobson, 2002). As a results we derive the corresponding πi (probability of default estimated following Equation 1) and πi∗ (probability of default estimated following Equation 2) for each SM E i = 1, ..., n. When
the models in Equation 1 and 2 are applied to the data at hand, two distinct
estimates of the probability of default are obtained according to generalised linear modelling theory (see e.g. Dobson, 2002): πi which is the probability of
default estimated using the quantitative explanatory data set and πi∗ which is
probability of default estimated using the qualitative explanatory data set.
In a two step approach, in order to obtain an integrated estimate of the
probability of default, one can employ the proposal of Figini and Giudici, 2011,
that is essentially a weighted linear combination of the default probabilities obtained separately with the qualitative and quantitative exploratory data sets.
The advantage of the two step approach that we have described so far is
the ability to underline separately the contribution of each of the two data
components that often lead to different evaluations. However, from a statistical
view point, such approach is a less efficient usage of the data, with respect to
a one step approach, that puts all explanatory variables together in a single
model, as follows:
∗
∗
π(yi |X1i , ..., Xki , X1i
, ..., Xki
)


∝ exp


yi θi − b(θi )
+ c(yi , φ) ,
ai (φ)

(3)

where ai , b, and c are known functions as before.
The aim of this paper is to propose an efficient model that, however, maintains
the interpretational advantage of the two step model, namely a model that is
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able to enucleate the separate contribution of quantitative and qualitative variables.
Integrating qualitative information such as expert opinions with quantitative
information such as financial ratios, in a one step statistical model is a difficult
task, especially because the databases are different, and may lead to different
conclusions in terms of estimated default probabilities, increasing considerably
model uncertainty. A possible solution to this problem is take a collection of
subsamples from the data, replicate model selection and estimation for each subsample and, finally, average the result obtained, in a bootstrap approach (see
e.g. Efron et al. 1994). The disadvantage of this latter approach is, besides the
computational burden, the need to have an adequate number of observations
to make the bootstrap subsamples representative. Another possible solution is
Bayesian Model Averaging (BMA, for short) (see e.g. Hoeting et al., 2001) that
provides a coherent mechanism to account for model uncertainty.
Both the bootstrap and the Bayesian model averaging perspectives provide appealing ways to integrate quantitative and qualitative estimated default probabilities in a one step model that makes explicit the contribution of each component.
We claim that Bayesian Model Averaging provides more efficient estimates of
default probabilities with respect to the bootstrap method: this result that shall
be shown in the next section derives from the fact that Bayesian Model Averaging considers only the models with the highest posterior probability in an
Occam’s Razor paradigm (see e.g. Hoeting et al. 2001).
We now formalise the expression of BMA in our context. Suppose that Yi is a
dependent variable and that Xi is a data matrix composed of p and k qualitative
and quantitative variables respectively, for i = 1, ..., n.
A one step generalised linear model M1 is defined for both subsets of variables
by specifying P (Yi |Xi , ) in such a way that E(Yi |Xi ) = µi , V (Yi |Xi ) = σ 2 ν(µi )
and g(µi ) = Xi , where (1 , . . . ,p )0 and (1 , . . . ,k )0 are the parameters estimate for
the qualitative and quantitative variables and g is the link function. Raftery
(1996) describes a useful parametric form for the prior parameters distributions
that will be adopted here.
Concerning the prior over the model space, in our proposal, since there is little
prior information about the relative plausibility of the models, the assumption
that all models are equally likely a priori is a reasonable choice.

5

We now briefly describe our proposed bootstrap model averaging algorithm for
logistic regression models.
We consider 1000 bootstrap samples each of which is further split into two subsamples. The first subsample contains 70% of the observations and is used to
construct logistic regression models for the estimation of the default probabilities. The second subsample contains 30% of the observations and is used for
model validation. An important aspect of our bootstrap algorithm is that we
assign the observations to the two subsamples such that the fraction of defaults
is held constant as in the observed sample.
In order to evaluate the proposed models, in the next section we shall compare them with classical logistic regression on a real data set. The models will
be compared using out of sample performance, that is, their performance in
predicting defaults in the validation sample. Models will also be compared in
terms of discriminant power and stability. More precisely, We now discuss the
issue of model performance measure specification. In order to compare different models, the empirical literature typically uses criteria based on statistical
tests (see Burnham et al., 1998), criteria based on scoring functions (see Akaike,
1974, Schwarz, 1978, Vapnik 1998), computational criteria (see e.g. Hastie et
al., 2001) and criteria based on loss functions (see e.g. Kohavi et al., 1997).
In our opinion, taking credit risk practices into account, a predictive model
should be evaluated not only using predictive performance, but also discriminant power and stability.
In order to detect the predictive ability of a model, a clear comparison can be
derived using the confusion matrix and related measures of interest (see e.g.
Kohavi et al., 1997). Let A denote the credit decision variable, and Y be the
variable denoting the status of a statistical unit of interest. A is equal to 1 when
credit is not granted to the customer; and it is 0 otherwise. Likewise, Y is equal
to 1 when credit of the customer goes into default; and it is 0 otherwise. Let
NAi Yj denote the number of borrowers with the states of A = i, Y = j. Then,
the contingency table in Table 1 shows the number of statistical units depending
on their credit decisions and status. The first diagonal in the contingency table
reported in Table 1, express the correctly classified borrowers, and the second
diagonal shows the wrongly classified borrowers.
On the basis of Table 1, the percentage of correct classifications (PC) of good
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Y /A
Y =0
Y =1

A=0
NA0 Y0
NA0 Y1

A=1
NA1 Y0
NA1 Y1

Table 1: Theoretical confusion matrix
and bad borrowers is a first index which can be employed. However, considering
credit risk, a loss from a bad applicant is expected to be larger than profit obtained from a good borrower. Hence, in our evaluation, we use different weights
for NA0 Y0 and NA1 Y1 , such as 1:2, differently from other researchers that take
them as equal (see e.g. Parnitzke, 2005; Crook and Banasik, 2004). Under this
assumption a performance indicator (PI) can be formulated as follows:
PI =

NA0 Y0 + 2NA1 Y1
NY0 + 2NY1

(4)

The above formulation implies that the true positives NA1 Y1 , that is, the bad
SME classified as bad, weight twice the true negatives NA0 Y0 , that is the good
SME classified as good.
Note that both PC and PI depend on the chosen cut off threshold. In
our application we select the best models using different choices of cut off and
compare the results.
We remark that the cut-off point could also be selected optimising performance measures as the one described before or by maximising the statistic
Kappa (see e.g. Cohen, 1960). Although we shall not pursue this issue in
the paper, we refer the reader to what shown in Figini et al. 2009. A third
predictive performance measure that we shall consider the Receiver Operating
Characteristic curve (ROC) and the area under it (AUC) (see e.g. Hand et al.
2010).
A last measure of predictive performance is represented by the Breir score
(Breir, 1950) which combines the quality of the ranking with the accuracy of the
estimated probabilities of default. The Breir score (BS) is defined as follows:
n

BS =

1X
(P Di − I(Def aulti ))2 ,
n i=1

(5)

where P Di is the estimated default probability and I(Def aulti ) is an indicator
variable that takes the value 1 if the SME i defaults and zero otherwise. Thus,
the Breir score is the mean squared error of the observed PDs. Note that the
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BS is an inverse measure of performance: a smaller score indicates better performance.
So far we have discussed the issue of predictive performance. Another important characteristic that a model should have is discriminant power. The
discriminant power of a predictive model can be measured by the lift and the
captured response. As described in Figini and Giudici 2009, the lift puts the
observations in the validation data set into increasing or decreasing order on the
basis of their score, which is the probability of the response event (default), as
estimated on the basis of the training data set. It subdivides these scores into
deciles and then calculates the observed probability of default for each of the
deciles classes in the validation data set.
The captured response shows for each decile the percentage of predicted defaults: if the model were perfect, this percentage would be higher in the fist
deciles.
Finally descriptive statistical measures of variability for the estimated probabilities of default as well as for some measures of performance give a simple,
but effective idea on the stability of the results for the considered models.

3

Application

Our empirical analysis is based on annual 1996–2004 data from Creditreform,
one of the major rating agencies for SMEs in Germany.
When handling bankruptcy data it is natural to label one of the categories
as success (healthy) or failure (default) and to assign them the values 0 and
1 respectively. Therefore, our data set consists of a binary response variable
(default) values Yi and a set of explanatory variables: X1i , ..., Xki that are
∗
∗
quantitative financial ratios and X1i
, ..., Xpi
that are qualitative features. The

sample size available is composed of 1000 SMEs. The observed probability of
default is equal to 12.5%.
There is a wide range of financial ratios that can be used to learn more about
a company. We have chosen the following based on Creditreform experience:
• Supplier target days: it is a temporal measure of financial sustainability
expressed in days that considers all short and medium term debts as well
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as other payables.
• Outside capital structure: this ratio expresses the capability of a company
to receive forms of financing other than banks’ loans.
• Cash ratio: it indicates the cash flows a company can generate in relation
to its size.
• Capital tied up: this ratio evaluates the turnover of short term debts with
respect to sales.
• Equity ratio: it measures the financial leverage of a company calculated
by dividing a measure of equity by the total assets.
• Cash flow to effective debt: it indicates the cash a company can generate
in relation to its debts;
• Cost income ratio: is an efficiency measure which is useful to assess how
costs are changing compared to income.
• Trade payable ratio: this ratio reveals how often the company payables
turn over during the year.
• Liabilities ratio: it is a measure of financial leverage calculated by dividing
a gross measure of long-term debt by the assets of the company.
• Result ratio: this is an index of how profitable a company is relative to its
total assets.
• Liquidity ratio: this ratio measures the extent to which a firm can quickly
liquidate assets and cover short-term liabilities.
As already pointed out, we also have qualitative opinions expressed by Creditreform business experts. These are:
• KdtUrt: this information is relevant in order to define if the business
relationship between an SME and Creditreform is acceptable or is not
recommended. This feature is based on past credit decisions and it shows
a value 0 if the relationship is acceptable and 1 otherwise.
• ZwsUrt: this variable summarises the payment history of each SME. The
levels are 0 if the payment is within time and 1 if irregular payments are
present.
9

• Entw : this variable describes information on the company in terms of
business development level. A level equal to 2 or 1 or 0 means respectively:
a positive company development, a stagnating company development and
a declining company development.
• Auft: it is a categorical variable that reports the order situation for each
SME. If the order situation is good, the variable is equal to 2; if the order
situation is declining or bad it is equal to 0 or 1.
• AnzMta: this feature is a grouped variable derived from a quantitative information. We have computed three groups composed of different number
of employees in relation to special company structures.
We now move to data modelling.
In a one step perspective, we have used the whole data set, putting together quantitative and qualitative variables. Classical logistic regression analysis (CLR) allows to select the best predictive model and to obtain parameter
estimates conditionally on such model. In order to assess predictive ability, we
have implemented a cross-validation procedure: we have used 70% of the observations as a training set and 30% as a validation set on which to calculate
predictive accuracy.
As discussed in the previous section, we have then tried to improve CLR
analysis by means of a bootstrap and a BMA approach.
The bootstrap analysis takes as input for each randomly chosen subsample,
the results obtained with the most predictive logistic regression model and the
corresponding performance measures. Such results and measures can then be
summarised to obtain bootstrapped mean estimates as well as corresponding
variability measures. In particular, here we report the mean of the performance
measures that give an indication of predictive accuracy of the bootstrapped
CLR method, the standard deviation of some of them that gives an indication
on the stability of the method and, finally, the relative incidence of each variable
calculated as the percentage of subsamples (out of the 1000 considered) in which
a variable appears in the final selected model. This latter measure is particularly
useful for interpretation purposes because it allows to see how different variables
impact on the estimated PDs.
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The BMA analysis has been conducted assuming that all models are equally
likely a priori and implementing the algorithm described in Hoeting et al., 2001.
We remark that BMA provides on its own the relative incidence of each variable
without recurring to the bootstrap analysis. However, in order to better compare
in terms of efficiency BMA with CLR we have carried out a bootstrapped version
of BMA following the procedure previously described for CLR.
We now move to model comparison of the four considered models: CLR,
BMA, Bootstrapped Classical Logistic Regression (BCLR) and Bootstrapped
Bayesian Model Averaging (BBMA). We first check if the different models are
different in terms of predictive ability. To reach this objective, on the basis
of the percentage of correct classifications (PC) and the performance indicator
(PI) described in Section 2, we have compared the models.
Table 2 reports the results obtained using a large set of cut offs.
Table 2 about here
From Table 2, note that, fixing a cut off equal to 0.1 or 0.2 the best model is
classical logistic regression; if the cut off is equal to 0.3 or 0.4 the best model
becomes the bootstrapped classical logistic regression. If the cut off is greater
than 0.4, the classical logistic regression and the bootstrapped classical logistic
regression are similar in terms of performance. Note also that bootstrapped
BMA logistic regression increases predictive performance in correspondence to
higher cut offs: for example if the cut off is greater than 0.5, this model becomes
the best one.
We have then computed for each model the percentage of correct classifications
(PC) as shown in Table 3.
Table 3 about here
From Table 3 we note that fixing a cut off greater than 0.4 the BBMA is the best
model in terms of correct classifications. We have then computed the AUC with
the relative confidence interval on the basis of a bootstrap percentile method
(see e.g. Hosmer et al, 2000). Table 4 shows for all models the AUC and the
correct classification rate.
Table 4 about here
From Table 4 the BBMA model shows the best performance. In addition we have
obtained that the AUC test based on the confidence intervals confirms that the
11

AUCs computed are significantly different from 0.7. In business practice, this
means that the discrimination made by the corresponding model is acceptable.
For the sake of comparison, we have also compared our approach based on
one step integration with the results described in Figini and Giudici 2011 which
are based on a two step model. In the merged model proposed in Figini and
Giudici 2011, the obtained AUC is equal to 0.909 and the percentage of correct
classification using a cut off equal to 0.8 is equal to 0.915.
Therefore, our proposal leads to better results in terms of model performance.
The final measure of predictive performance that we consider is the Breir
Score. Table 5 shows for all the considered models the Breir score.
Table 5 about here
From Table 5, we remark that the best model is based on the bootstrapped
BMA logistic regression.
We now compare the discriminant power of each model proposed. Table 6
shows the lift and the cumulated response (CCR) calculated in the original data
on the validation data set.
Table 6 about here
As we can observe from Table 6, the BMA model performs better than classical logistic regression in terms of lift and cumulated captured response. It is
interesting to note that considering the first decile BMA captures 51.22% of the
defaults, while logistic regression only 39.66%.
In order to confirm this empirical evidence, we have computed the lift and the
CCR on 1000 bootstrapped data sets using 70% of observations and training
set and the rest as validation. Table 7 shows the results on the validation set.
Table 7 about here
As we can observe in Table 7 Bayesian approach yields models that tend
to outperform models selected through heuristics approaches. Considering the
first decile, BMA captures the 61.52% of the defaults, while logistic regression
captures only 51.69%.
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Finally, in order to compare the stability of the proposed models we have
derived statistical measures of location and variability for the PD estimated
under the different models. The results are in Table 8.
Table 8 about here
In Table 8 we report for each model the mean, the standard deviation, the
minimum and the maximum values for the PDs estimated. In terms of stability of the results, we note that classical and Bayesian models give similar results.
To conclude our analysis we compare in terms of variable inclusion, the
one step BBMA model with the two step model of Figini and Giudici, 2011.
Our result confirm that the significant variables in classical logistic regression
model are: Result ratio, Liabilities ratio and ZwsUrt. Table 9 reports for each
model the relative importance of each variable that describes how many of the
considered models contain that variable.
Table 9 about here
In terms of model complexity expressed by number of variables included in each
model, we note that classical logistic regression is the best one because it includes only 3 variables. The second best is the bootstrapped classical logistic
regression and finally the Bayesian models.
On the basis of the results achieved we think that Bayesian models lead better
results in terms of predictive performance, while classical approaches provide
an efficient and parsimonious method to select the most important variables.

4

Concluding remarks

In this paper we have presented a comparison between classical and model averaged models for credit risk estimation. Our results suggest that model averaged
models could be considered as an alternative to classical logistic regression. In
particular, we have found that, in comparison with classical logistic regression
models, Bayesian Model Averaging provides risk models with superior discriminatory power and comparable predictive performance. This conclusion has been
confirmed by the application of the proposed methods to other databases: in-
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deed, the superiority in performance is higher the more rare the default event is.
To conclude, if the aim of the research is to find a model able to discriminate
bad from good companies, BMA is the right answer; on the other hand, if the
aim is to find a simple and effective tool in terms of predictive accuracy, classical logistic regression and its bootstrapped version provides a solution that is
hardly beaten by Bayesian model averaged models.
We believe that more research should be conducted in this area, for example
considering other risk management problems and developing performance indicators suited for credit risk model comparison.

5

Tables
cut off
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

CLR
0.8155
0.881
0.9126
0.9259
0.9316
0.942
0.9379
0.9316
0.9322
0.9322

BMA
0.0672
0.3707
0.473
0.5575
0.6293
0.7069
0.7851
0.8563
0.9006
0.9333

BCLR
0.0667
0.8586
0.942
0.9414
0.9333
0.9333
0.9333
0.9333
0.9333
0.9333

BBMA
0.076
0.456
0.876
0.906
0.934
0.936
0.937
0.937
0.954
0.957

Table 2: Performance indicator for different cut offs
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cut off
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

CLR
0.8168
0.8728
0.8987
0.9073
0.9106
0.9084
0.8901
0.875
0.8739
0.875

BMA
0.8125
0.8772
0.8944
0.9019
0.9084
0.8998
0.8847
0.8761
0.8739
0.875

BCLR
0.125
0.8545
0.9084
0.8922
0.875
0.875
0.875
0.875
0.875
0.875

BBMA
0.8127
0.857
0.899
0.912
0.912
0.912
0.9234
0.9238
0.938
0.938

Table 3: Correct classification for different cut offs
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Model
Classical Logistic Regression
BMA Logistic Regression
Boostrapped Classical Logistic Regression
Boostrapped BMA Logistic Regression

AUC
0.837
0.8916
0.913
0.945

Table 4: Model assessment based on AUC
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Model
Classical Logistic Regression
BMA Logistic Regression
Boostrapped Classical Logistic Regression
Boostrapped BMA Logistic Regression

Breir Score
0.0676
0.234
0.086
0.045

Table 5: Model assessment based on Breir Score

17

Decile
1
2
3
4
5
6
7
8
9
10

Lift BMA
5.12
2.07
1.13
0.81
0.32
0.25
0.25
0.06
0.00
0.00

Lift CLR
3.97
2.33
1.55
1.03
0.60
0.09
0.26
0.17
0.00
0.00

CCR BMA
51.22
71.94
83.20
91.30
94.46
96.97
99.45
100.00
100.00
100.00

CCR CLR
39.66
62.93
78.45
88.79
94.83
95.69
98.28
100.00
100.00
100.00

Table 6: Lift and cumulated captured response for the original data
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Decile
1
2
3
4
5
6
7
8
9
10

Lift BMA
6.15
1.71
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.13

Lift CLR
5.17
2.19
0.38
0.38
0.38
0.38
0.38
0.38
0.34
0.00

CCR BMA
61.52
78.57
81.45
84.33
87.20
90.08
92.96
95.84
98.72
100.00

CCR CLR
51.69
73.61
77.44
81.27
85.11
88.94
92.77
96.61
100.00
100.00

Table 7: Lift and cumulated captured response for the bootstrap data sets
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Mean
Standard Deviation
Max
Min

CLR
0.125
0.042
0.9709
0

BMA
0.123
0.04
0.9707
0

Boot CLR
0.166
0.006
0.4609
0.1049

Boot BMA
0.185
0.005
0.876
0.082

Table 8: Lift and cumulated captured response for the bootstrap data sets
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Variable
Supplier target days
Outside capital structure
Cash ratio
Capital tied up
Equity ratio
Cash flow to effective debt
Cost income ratio
Trade payable ratio
Liabilities ratio
Result ratio
Liquidity ratio
KdtUrt
ZwsUrt
Entw
Auft
AnzMta

BMA
12.5%
1.2%
0.8%
9.9%
40.4%
0%
7.8%
4.2%
64.8%
100%
0.2%
1%
100%
1%
0%
1.2%

BCLR
0.2%
5.0%
0%
11.7%
7.3%
2.6%
0%
0%
7%
30.4%
0%
2.4%
38.3%
0%
0%
0%

BBMA
15.7%
4.5%
0%
12.7%
10.7%
1.3%
10.3%
8.5%
80%
100%
1.3%
7.9%
100%
4.6%
0%
5.1%

Table 9: Incidence of each variable in the models
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