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Abstract

This paper discusses three different statisticpr@gches to estimate thpeobability of default (PD),
which represents the likelihood of a company toolbee insolvent within a certain future time, andis
essential component when evaluating the creditbéatked by a credit institute: due to the preserice
information asymmetry, when a bank lends moneig, likely that the debtor will not pay back its pas
due debt; one of the reasons of such a possislitiyat the company-borrower becomes insolvent. The
three approaches are the linear discriminant aisalyisDA), the logistic regression, and the
classification tree: each model is applied usingieical data from Italian food industry. The stétal
methods discussed in the paper belong to the ecetniermodels’ family, since they attributeseore to
each firm: thanks to a dimensionality reductiongess, balance sheet indexes are transformed into a
value, which is used by the bank in order to knéwhé firm-client has the right characteristics to
receive the loan. The value corresponds to theghibty of default in the case of logistic regressi
and classification tree models. Empirical analya®sconducted using the softwé&and show that the
statistical models lead to quite similar resultd)augh they have many differences from the thécakt
point of view. Eventually, a comparison betweenrtiaels shows that the classification tree is &t b
one. But is it alwaybetter than the other two approaches? The answegitive.
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1 Introduction

Banks are exposed to a variety of financial ridk#, the most important is the credit risk, since
loans are banks’ principal product. This risk priee® several economic disasters in the last decades:
one of the main reasons of these recessions iscthdit institutes held a too large fraction of non
performing loans and they had underestimated thmitance of the relative risk (Naili & Lahrichi,
2020). So, correctly assessing the real importaficeedit risk is fundamental, not only for the glim
bank, but also for the entire economic and findreyatem. In fact, credit institutes are intercaeted,
thus a single collapse could produce a “dominocgffeshose entity might be so important that the
global financial system will fall apart (BadarauL&pteacru, 2020; Naili & Lahrichi, 2020).

This paper aims to analyse, from a statistical gesve, how the management of credit institutes
can assess if a client (i.e. a company that regu@elstan) is reliable and how much it is reliable.

It is assumed that the legal representative oEtlmepany set his or her foot in the credit institiote
the first time. The presence of information asymmnet the main problem in this case: the creditbe (
bank) does not know a priori all the informatioattthe debtor (the client) has and does not kndieif
debtor will act in line with the creditor’s inteteso evaluating the firm’s reliability becomesamsk
harder than the case when there is a long termiaeship between bank and client (Puri et al., 2011

However, assessing the trustworthiness of the tclepends on the reliability of the model. The
perfect model does not exist, so another concésasaris this reliability high enough to correctlysess
that of the client? There are some tests to betausmswer this question (Coolen-Maturi & Coolen,
2019; Witzany, 2017).

In statistical jargon, the probability of defauRl}) is the key argument of this paper: it explains
how likely the counterparty will become insolventhin a certain future date; moreover, it is a ¢calic
part of the credit risk’s evaluation process, akidg with the “loss given default” and the “expasat
default” (Zamore et al., 2018), which will not breated in this article.

To start with, Zamore et al. (2018) and Witzanyl(2Qillustrate various models to assess this risk:
in particular, Zamore et al. (2018) distinguishvietn two “families”, i.e. qualitative and quantitat
models. The first group focuses on formulating hjesttive judgement, while the second one aims at
producing a score, i.e. a synthetic evaluatiorhefdreditworthiness, useful to estimate the PD. @am
et al. (2018) and Witzany (2017) briefly describ#fedent quantitative models: econometric models,
neural networks, optimization models, expert systehybrid systems, structural and reduced-form
models, shadow rating models, linear programming) Snpport Vector Machines. In particular, the
approaches that will be discussed in this papeedli discriminant analysis, logistic regression and

classification tree) are included amongst the eswidc techniques (Witzany, 2017). They “estimate
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the probability of default as the target (explanedriable by a set of explanatory variables inaigd
financial ratios, categorical variables, and alsoalgative assessment indicators. The models’
parameters are estimated based on historical déitainformation on defaults and the explanatory
variables values” (Witzany, 2017, p. 37). In thedfic case of this article, only some economic and
financial indicators will be taken into account.

To understand the definition of the term “defaw@tiopted in this paper, it is necessary to say what
is established by the Article 5 of the Italian Banycy Law (Regio decreto 16 marzo 1942, n. 267).
According to it, the insolvency arises through rolfilments and other exterior facts which provatth
the borrower can't regularly satisfy its obligatsoriut one single non-fulfilment does not implyrzgi
defaulted. The concept of insolvency, as statethbyArticle 1 of the same Law, is not applied tost
businesses that satisfy simultaneously certainirements.

However, this definition of default is too narrowar fthe purpose of this article: it would cost the
exclusion of many small firms and the results wdwddome distorted. Because of this problem and the
lack of information, when it is not clear whethbetdefault has effectively happened, it is presumed
that it happened; so, the definition of “defaultiopted includes the following situations: insolvetirc
the strict sense, bankruptcy, liquidation (not waduy), controlled administration, total terminatjo

debt reorganization agreement, composition witklitoes, and dissolution.

2  Some theoretical aspects

Three methods are discussed in this article: theali discriminant analysis (LDA), the logistic
regression, and the classification tree. They hrdassification methods, since the response tigis
categorical; the aim is to distinguish amongstsibilonging to two different groups, i.e. there tare
labels: “defaulted” and “non-defaulted” busines@&&zany, 2017; James et al., 2013).

Why these three approaches? LDA is a frequentld nsethod (Witzany, 2017; Adnan Aziz & Dar
Humayon, 2006), alongside with the logistic regi@msswhich is the most widely used model in
banking practice (Witzany, 2017). Then, decisime# are becoming increasingly popular (Jiao et al.,
2020); moreover, they are easy to explain and tierpnet, and they are considered to be close to the

human'’s decision-making process (James et al.,)2013

! There are two categories of decision trees: tlassdication trees are used when the responseblaria
categorical, meanwhile the regression trees arm fase¢he other circumstances (James et al., 2013).
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LDA (Fisher, 1936) was used for the first time iankruptcy prediction of companies by Altman
(1968). It seeks for a linear function such thatdistance between these groups is maximum (Witzany
2017); consequently, a threshold is calculatedckvhilows to predict what label an out-of-samptenfi
has, and to compute the probability of default (Ré& Sironi, 2008). Thus, in this case the
dimensionality reduction process transforms balaheet indexes into a “score” that does not reptese
the PD, but a further formula should be appliedlitain the probabilities (Resti & Sironi, 2008).tBu
order to apply this transformation, LDA lies ondglrassumptions (James et al., 2013):

e Input data, conditionally to each group, distrilsut@rmally.

e The variance-covariance matrix is the same betwheegroups.

e The variables (i.e. balance sheet indexes) argantient from each other.

These assumptions can make LDA difficult to apisénbeis, 1977), and Zavgren (1985) warns
against using this method when the assumptionsiatated (Mihalové, 2016). Nevertheless, Kim et
al. (2011) claim the benefits of LDA, while Hasgeal. (2009), based on their experience, stateliisa
method and the logistic regression give similaultsseven if the assumptions are not matched.

The logistic regression model (Cox, 1958) is utitizin many fields, e.g. epidemiology, medicine,
modelling income, and also in finance (Whitakealet2019). Ohlson (1980) was the first who applied
this approach to predict the default event (Mihalp2016).

In comparison with linear regression, logistic eggion has better properties, since it estimates an
exponential function that gives back values witthia [0,1] interval, so that they can be interpreasd
probabilities of default (James et al., 2013; Witza2017). The maximum likelihood method is used to
fit both LDA and logistic models (Hastie et al.,(®).

The classification tree looks for some regressbas best separate the observations into the two
groups, using a specific algorithm. The probaktitof default are carried out for each node ofithe
(James et al., 2013).

LDA and the logistic regression work in the follawgi way: they compute the scores at first, and
then they allow the creation of the two groups,cading to a classification rule. Instead, the
classification tree produces the scores (actutiigy coincide with the PDs) after having gathetesl t
units (Giudici & Figini, 2005).

Hunt (1962) proposed some basic concepts of thisidedrees, but the first regression tree model
was proposed by Morgan & Sonquist (1963), then Elegsr & Mandell (1972) extended the ideas of
Morgan & Sonquist to classification. However, ially these proposals had not been seen as intagesti
(Loh, 2014). Only a decade later, Breiman et 8@8¢) regenerated the interest in the subject thamks
their CART (Classification And Regression Treeg)oaithm: for the first time, continuous variablas a

used to build a tree (Jiao et al., 2020). Theremamay other algorithms illustrated in Loh (2014)¢ls
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as CHAID (Kass, 1980), FACT (Loh & Vanichsetaku$88B), C4.5 (Quinlan, 1993), QUEST (Loh &
Shih, 1997), CRUISE (Kim & Loh, 2001), CTREE (Hothet al., 2006), and GUIDE (Loh, 2009).
This paper focuses on the CART algorithm because the most popular among statisticians
(Alharan et al., 2017; Giudici & Figini, 2005; Wu al., 2008): the predictor space is divided into
several regions using a recursive approach; theritdgh grows a large tree, then the tree is prusted

some point where a cost function is minimised (L2014).

3 The linear discriminant analysis (LDA)
3.1 Preparing the dataset

As basic notation, leY be the variable, representing the default eveith two levels: it is equal to
0 if the default has not happened yet, 1 otherwiseGo be the group of “good” (or “healthy” or “non-
defaulted”) companies, ar@ the group of “bad” (or “unhealthy” or “defaultedBusinesses.

The dataset, updated to'®Barch 2020, is extracted from “Aida”, a data warese of the society
Bureau van Dijk and contains all the companies of the Italiandfandustry, whose output is every
kind of food for humans and animals. Accordingtie European classification of economic activities
(NACE Rev. 2), these firms belong to the sectiond®jsion 10, named “Manufacture of food
products” (European Communities, 2008).

Data have been collected with reference to the 2848, while information about the insolvency is
referred to the year 2020; therefore, the purpdsbepanalysis is to assess the probability of uléfa
2022. Obviously, PDs may result higher due to tbes global crisis unleashed by the virus SARS-
CoV-2.

In the first place, the number of balance shedbsatontained in the dataset have been shrunk
picking those which have the least number of encptls inside the dataset. Here is the complete list
with their definitions given by “Aida™
Total fixed assets

e Fixed assets coverageratio: ;
Equity

It indicates the equilibrium between fixed and assets; fixed assets are normally funded by

equity, so this ratio should be approximately edodl (Cerved, n.d.);

2 https://www.bvdinfo.com/en-gb
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Current assets—Inventory

Quick ratio:

Current liabilities

It shows the solvency capacity of a company; ae/aloser to 0 rather than 1 indicates that the

business is potentially unable to pay its debtk lm¢he short-run (Cerved, n.d.).

EBIT
Total assets

Return on assets (ROA):
It represents the yield rate of the equity; EBITfas Earnings Before Interests and Taxes

(Cerved, n.d.);

. Total assets
Indebtedness ratio; ————
Equity

It indicates the amount of assets funded by equatyhigher value represents a higher

indebtedness level,

Current debts
Total debts

It shows the proportion of debts that the firm teapay back in the short-run;

Short-term indebtedness ratio:

Bank debts

Current assets

Bank debts on current assets:

It represents the degree of current assets hedgedgh bank loans; a value close to 1
indicates the optimal situation, otherwise, if stdmaller than 1, a part of current assets is
funded using the equity, while if it is greater iha, the firm supports its fixed assets using
short-run debts (Cerved, n.d.);

Financial charges

Financial charges on EBITDA:
EBITDA

It corresponds to the degree of absorption of ewanoesources (generated by the company’s

core business) due to financial charges; a valeatgr than 1 represents a bad health status
(Cerved, n.d.);

. T
Assets turnover ratio; ——°"_
Total assets

It expresses the mean return per unit of investrf@ertved, n.d.);

. T
Current assets turnover ratio; — >

Current assets

It shows the mean return per unit of current agg$atsved, n.d.);
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Current assets _ Total fixed assets

e Rigidity ratio: 1 —

Total assets  Total assets

It indicates the allocation of total assets betwfesd and current assets; a value closer to 1
depicts high rigidity, since the company must haaildt of money for amortisations (Biggeri
etal., 2012);

Financial charges
Total debts

e Return on debts (ROD):

It corresponds to the mean interest rate on adtxs (Biggeri et al., 2012);

Total debts

e BETA: -
Equity

It compares two types of liabilities: third partycaown resources (Biggeri et al., 2012).

Then, the definition of default has been applieddparate the enterprises: as a result, the group o
defaulters ¥=1) has 549 observations, while there are 11419dadaulters Y=0) in the dataset, so
extracting a sample has been necessary.

From the entire population, a stratified sample basn extracted using regions and dimension
classes as strata. Region classes correspondetoll®f NUTS (Nomenclature des Unités Territoriales
Statistiques) classification, while dimension céssgmicro, small, medium-sized and big) have been
made from the “Small and Medium-sized EnterprisSME) definition adopted by the European
Commission (n.d.).

The stratified sample that has been extracted artit@good borrowers is 10% of them. Then, the
entire sample (containing both defaulters and nefiatdters) has been split between training and test

sets; at the same time, data has been standardised.

3.2 Selecting the independent variables

It is necessary to seek for the variables with lighest discriminative capacity. The backward
elimination is the procedure that has been chagethe aim is to remove the variables with the é#gh
p-value for the F-to-remove test (Resti & Sirord08).

In R, these three functions have been written: they needed to compute, in order, the Wilk's
Lambda (Resti & Sironi, 2008), the F-to-remove temtd to suggest which variables should be
removed.
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The latter function is the most important: it triesidentify, one by time, which is the independent
variable that produces the highest p-value (orddkest value of the statistic) when running theof-t
remove test.

After some steps, the tests on the following reingireight variables say that they should not be

removed because they are statistically significginen a confidence level of 5%.

Table 1 - p-values from F-to-remove test

Variable p-value
Bank debts on current assets 0.03142
ROD 0.00981
Indebtedness ratio 0.00698
Quick ratio 2.24375e-05
Current asset turnover ratio 2.67355e-07
Asset turnover ratio 1.48241e-10
ROA 7.80424e-12
Fixed assets coverage ratio 4.82711e-20

Source: our elaboration

3.3 Fitting the model

Now the linear discriminant analysis can be rurd anTable 2 are stored the estimates for each

input variable.

Table 2 - Estimated coefficients from fitted LDA model

Variables Estimates
ROA -0.4157480
Quick ratio -0.3001004
Fixed assets coverage ratio -0.3518421
Indebtedness ratio 0.4481402
Asset turnover ratio -0.5155876
Current assets turnover ratio -0.4316197
Bank debts on current ratio 0.1094183
ROD -1.2106993

Source: our elaboration
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Frequency histograms are plotted and then a limkicating the theoretical standard normal
distribution is added. Figure 1 and Figure 2 shbat there are both skewness and heavy tails in the

case of bad companies, instead the other distoibbugi quite normal.

Figure 1 - Frequency histogram of the scores obta@u by healthy companies
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Figure 2 - Frequency histogram of the scores obtaétl by unhealthy companies
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Normal Q-Q plots are depicted in Figure 3 and FégurThey are the most powerful tool to assess
normality (Yap & Sim, 2011). In the specific caslee scores’ distribution for the group is more

skewed and more heavy-tailed than the one for tter @luster, which seems to be close to a Gaussian

Figure 3 - Q-Q plot for good companies’ scores
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Figure 4 - Q-Q plot for bad companies’ scores
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Using the test set, the next step consists of sipitie ROC curve and computing its AUC vdlue
The latter, which can be interpreted as the lilagith of correct classification (Witzany, 2017), domf
that the model has a good discriminative power.

Figure 5 - ROC curve for fitted LDA model
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Source: our elaboration

Once the scores have been computed, it is pogsiloi@culate the PD, using the formula in Resti &
Sironi (2008). The authors show also that, in orterassess if a company is defaulted (thus not
reliable), a cut-off value must be calculated, #nd the simple average between the mean scores of
each group (this will be called “solution 1"). Altatively, it is possible to set a threshold foe #D,
such that the bank should reject the loan reqfiist iestimated PD is greater; with this knowledbe,
cut-off value can be calculated considering thigghold (this will be called “solution 2”). Assungin
the threshold to be equal to 50%, Table 3 showgtbportion of firms that should receive the money,

according to each of the two solutions for the @ffit-

3 For details about ROC and AUC, see Witzany (2017gkample.
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Table 3 - Proportion of borrowers for each solution

Cut-off Proportion of borrowers (%)
Cut-off from solution 1 62.51
Cut-off from solution 2 79.23

Source: our elaboration

The latter two values assert that with the secarebff about 17% more companies should receive
the money from the bank, but this means that teditinstitute should lend the money even to some
firms that are currently already defaulted: in fabe original proportion of non-defaulters is elqua
68%.

4  The logistic regression
4.1 Fitting the model

The sample dataset and the predictors are the Haahédias been utilised in the context of the
discriminant analysis, since the purpose is to doraparison between both models, and this would not
make sense if datasets were different.

Table 4 illustrates the estimated coefficients led after having fitted the model.

Table 4 - Estimated coefficients from fitted logistiaegression model (1)

Coefficient Estimate Standard error p-value

Intercept -1.08470 0.10367 < 2e-16

ROA -1.51684 0.25120 1.56e-09

Quick ratio -0.29234 0.08092 0.000303

Fixed assets coverage ratio -0.39302 0.09072 158e-
Indebtedness ratio 0.80359 0.63446 0.205309
Asset turnover ratio -0.72629 0.21203 0.000614

Current asset turnover ratio -0.89909 0.22490 6(EDe-
Bank debts on current assets 0.71038 0.25706 0.00571

ROD -0.79658 0.72124 0.269396

Source: our elaboration
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The coefficients for the two variables “Indebtednd?atio” and “ROD” are not statistically
significant with the confidence level of 5%, soythman be removed and then the analysis is repeated.

At this point, all the regressors are statisticalynificant.

Table 5 - Estimated coefficients from the fitted logitic regression model (2)

Coefficient Estimate Standard error p-value

Intercept -1.11774 0.09265 <2e-16

ROA -1.37046 0.23239 3.69e-09

Quick ratio -0.29543 0.08045 0.000241

Fixed assets coverage ratio -0.37391 0.08746 091le-
Asset turnover ratio -0.68960 0.21201 0.001143

Current asset turnover ratio -0.96671 0.22406 10&e-
Bank debts on current assets 0.67841 0.25856 0.60869

Source: our elaboration
These values are obtained once the two variables have been excluded from the analysis

The ROC curve related to the reduced model is sHawéhe next figure. The fitted logistic model

is better than the previous one, since the AUCev&égreater.
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Figure 6 - ROC curve for fitted logistic model
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Source: our elaboration

5 The classification tree
5.1 Fitting the model

The data sample is the same of previous parageaphcludes only those variables that have been
selected to build the discriminant analysis model.

Figure 7 is interpreted as follows: each branchthan left of a node indicates that the splitting
condition of the node is true, whilst the oppositanch indicates that the condition is false. Tigisre
explains what the most important variables are:ahe that best divides the observations is “Current
assets turnover ratio”, so, if a firm has a veny lalue for that variable, the default will be akho

certain.
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Figure 7 - The fitted classification tree

CurrentAssetTurnoverRatio < -0.780459
T

IndebtednessRatio < -0.0881227| ROA <-0.118938
ROD <-0.111983| ROD < -0.116007| FixedAssetsCoverageRatio < -0.446873|
| ROA <-0.634787| ROA < 0.0867609
1 1 0 0
1 1 0 0

Source: our elaboration

An important fact has to be noticed: several teahimodes have the same predicted value, even
though they have the same parent node. Thus, whglit is performed? It is performed because it
increases the node purity: in fact, despite theespradicted value, the PDs change from node to node
(James et al., 2013).

In order to prune the tree, it is necessary to neagéot of the number of leaves (that remains after
the pruning) against the number of misclassifiedeobations: this represents an impurity function
(Giudici, 2005). As Figure 8 shows, the number @gafassified units is minimum when the tree has 3
leaves.

62



Sustainable and Responsible Management

Figure 8 - The impurity function
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Figure 9 is very straightforward: a company is Ik default either if its value for the variable

“Current assets turnover ratio” is smaller tharv80or if the “ROA” is smaller than -0.12 when the

“Current assets turnover ratio” is greater thai@80.

Figure 9 - The pruned tree

CurrentAssetTurnoverRatio < -0780459‘

ROA < -0.118939

1 0

Source: our elaboration
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5.2 Comparing the Three Models

The comparison is possible thanks to Figure 10 ravttee ROC curve for the fitted LDA model is
below the others, so this is the worst model is ttase. On the other hand, the curve represemteng t
fitted tree is the closest to the theoretical parfaodel; overall, it is anywhere above the othven t
curves, except for a small range of values. Tabterirms that, in fact the AUC value related te th
fitted tree is the highest.

It is important to notice that the ROC curves foe tlassification tree and the logistic regression
(and their relative AUC) are really close to eatheo, so these two fitted models give basically the
same performance. However, the classification &qgaroach is simpler, more intuitive and easier to
communicate than logistic regression (Katsikopoetoal., 2018; Aikman et al., 2014).

To sum up, going back to the initial questionsipbssible to say that the fitted classificati@etis
the most reliable model, so bank’s management dhthdose this one when evaluating a request from

a company of the Italian food industry.

Figure 10 - Comparison of models
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Source: our elaboration
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Table 6 - AUC for each model

Model AUC
Logistic regression 0.8556209
LDA 0.8208069
Classification Tree 0.8691761

Source: our elaboration

6 Conclusions

This article has shown that, although the diffeemnin performance are little, the classificaticaetr
is the best model between the three analyzed himitibes not mean that classification trees arayaw
better than the other two approaches: two reasambe mentioned at least.

Firstly, the performance depends on the naturehef groblem, specifically on the kind of
relationship amongst the variables: if the variathave a linear relationship, a linear model (sash
LDA or logistic regression) should be preferredihié relationship is non-linear, building a deaisio
tree could be the best option to correctly fit tlata (James et al., 2013).

Secondly, there may be sample selection bias: dHhisle has analyzed only the Italian food
industry, thus credit institutes might not find ghépecific fitted model useful when assessing the
reliability of companies belonging to other indiesrand/or other countries. However, Witzany (2017)
mentions that Altman’s Z-Score (Altman, 1968) ha®rb criticized in many studies because of its
potential sample selection bias, but it is stiliseful tool in banking practice.

The approaches explained in this paper are thelsstpThere are others more complex, but
complexity comes with a cost: although model's perfance may increase with complexity, more
assumptions could be required, so the model cagdd b part of its predictive capacity and could
become less close to reality and less transpaférs. trade-off should be considered by the bank’s
management, who should opt for simpler models (Aiknet al., 2014; Katsikopoulos et al., 2018).
There is another concern to be considered, thdhdsbias-variandetrade-off: if the complexity
increases, bias will decrease but variance willdase (Katsikopoulos et al., 2018). However, vagan
seems to be more critical than bias (Brighton & &Bémzer, 2015). In particular, Katsikopoulos et al.

(2018) point out that simple models outperform moweplex models if only poor quality information

4 For the definitions of “bias” and “variance”, seatsikopoulos et al. (2018) for example.

65



Sustainable and Responsible Management

is available or it is not quantitatively sufficietlis problem may arise when the future is unprtadiie.
It seems that this may be the case: in fact, peanfermation about the default event was not aléd,
and the current pandemic unleashed by SARS-CoVs2niede the future more uncertain. Therefore,
the management should choose simpler modelsheelassification tree in this case.

Finally, it is very important to remember that dataere referred to a period before the current
economic crisis, so analyzing the differences e RDs before and after the current downturn may be

the topic of a future article.
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