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ABSTRACT

We first outline a modelto assesshe bankruptg risk of an enterprisepasedon the Self-OmganizingMap (SOM). Then,we
useourmodelto find thosedatavectorsthatareatypicalor do notfit themodelwell. Theseatypicalobsenationsareremoved
from the data,so thata “cleaner” picture of the predictablebankruptciess obtained.The removed obsenationsarefurther
analyzedto identify whetherthey sharesomecommonpropertieshat could be usedto filter out similar obsenationsbefore
analyzingfuture datawith the model.

1. INTRODUCTION

Therisk of bankruptg is probablythe mostimportantsinglefactorthat a financinginstitution mustconsidey whensome
compaury is applyingfor a loanwith inadequater no collaterals. The estimatedbankrupty risk affectsthe pricing of the
loan, and when the risk grows too large, the financinginstitution usually decidesnot to grantthe loan at all. However,
estimatingthe risk is not a trivial task. Although several quantitatie techniqguesasedon analysisof financial statements
have beenproposed- Altman’s Z-analysis[1] beinga prominentexample— it may be arguedthatthey aresensitve to the
compary size,industryetc.andthusnot universallyapplicable.

In this paperwe focusonthefollowing question:.whenis our modelapplicableandwhennot, andwould it be possibleto
usethesdfindingsto betterclassifynew data?We startby outlining a methodto first estimatehe probability of bankrupty in
section2; then,in section3 we proposeasimpleschemeo filter outthoseobsenationsfor which ourmodelis notapplicable.
Thisis followedby analysisof theremoveddatain section4 anddiscussiorin section5.

2. SOM FOR BANKRUPTCY PREDICTION

The methodis we useto to estimatethe bankrupty probabilitiesis basedon a popularneuralnetwork model called the
Self-OmganizingMap (SOM). The SOM hasbeenwidely usedfor datavisualization but canalsobeappliedfor classification,
regressioretc.[5]. Forthelatterpurposesit resemblesectorcodingalgorithmssuchasLBG, whicharebasecn partitioning
the input spaceinto several cells and then building a separatenodel for eachof thesecells. In quantitatve models,the
adwantageof SOM over mostvectorcodingalgorithmsis thatit is a topographionapping,andthusthe metricin theinput
spacehasa counterparflsoon the outputspacej.e. on the lattice consistingof the units of the SOM. This, in turn, canbe
utilized in smoothingthe model,in analyzingtrajectorieqsystemstatesat several successie time instants) andin building
hierarchicaimodels.

We andanumberof otherauthorshave earlierappliedthe SOM onthebankrupty predictionproblem;seee.g.[7, 6, 3, 4].
Here,ourfirst stepfollows a similar stratgy asin theseearlierworks: we startby traininga SOM with the dataderivedfrom
the corporatefinancialstatementsThen,we mapthe dataontothe SOM, sothateachdatavectorrepresentinghe financial
statemenbf acompaly atagivenyeargetsmappedo oneunit of themap.Now, eachmapunit representa partof thewhole
dataset,a partthatconsistof financialstatementshataresimilar to eachother

Thenext stepis to estimatethe probability of bankrupty for eachmapunit, in otherwords,the conditionalbankrupty
probability of a compaly given thatits financial statemengetsmappedto that particularunit, P(bankrupty | unit). The



estimateP(bankruptg | unit) is formed simply by calculatingthe relative frequeng of bankruptciesamongall the data
mappedo the unit. Herewe labeleda financialstatementsgiven by a bankruptcompary, if the compaly did not survive
for longerthanthreeyearsafter publishingthatparticularfinancialstatement.

Notethatthe methodwe usehereto obtainthebankrupty probability estimatess asimplificationfrom our earlierworks,
in whichwe have smoothedherelative frequencieg$3, 4].

An exampleof a bankrupty probabilitymapis depictedin panelA. of Figurel. Herewe useathree-dimensiongbOM,
which sometimegaptureshetrue structureof the databetterthanthe morecommonlyusedtwo-dimensionaSOM [2].

3. CLEANING THE DATA

At this point, we alreadyhave amethodfor predictingbankruptciesgivenafinancialstatementwe mapit ontothe SOMand
take the bankrupty probability as P(bankrupty | unit the financial statements mappedo) we estimatedabove. However,
theseestimatesreblurredby two kinds noise:

e Someof the companieghathave gonebankruptmay have doneso “without their own fault”. For instancea compaty
may be a very well managedsubcontractoof a larger firm, andif this larger firm movesits operationsto another
country or goesbankrupt,a small subcontractomay not be able to find new customersor changeits productline
quickly enough. Anotherexampleis a compaly thatis very dependenbn its owner/manager for sucha compaly,
the health problemsof the owner/managemay be fatal. Although a skilled analysttakes this kind of factorsinto
accountthereis no way to infer themfrom the financialstatementsandthereforeit is not reasonabléo try to teach
thecorrespondingasego the neuralnetwork.

e Someof thecompaniesve consideredshealthymayactuallybegoingbankruptin the nearfuture,but we do nothave
knowledgeof this — mary companiesn our dataareknown for only a coupleof years,andthe averageis just sligthly
overfour years.

If we re-tuild the modelwith thedatawherethe noiseis removed,it seemgrobablethatthe bankrupty predictionaccurag
mightimprove.

To getrid of thefirst kind of noise,we first find those“non-bankrupty units” wherethe estimateP(bankruptg | unit)
is smallerthan somethresholdT;. Then,we look at the two last financial statement®f companieghat have failed, and
only if both of theseare mappedto the non-bankrupty units, all the financial statement$rom that compary areremoved
from the data. (Thereasorfor looking at two lastfinancialstatementspotjust the lastone,is thatit is rathercommonfor a
failing compaly to try to look goodat ary cost. It mayevenbeableto give onegood-lookingstatementftera badone,but
cannotdo this morethanonce;thereforethecompary doesnot publishany moreannualstatementandeventuallyentershe
bankruptg proceedings.)

To getrid of thesecondkind of noise theabove proceduras reversed We seta thresholdl’;, andselectthoseSOM units
where P(bankruptg | unit) > 7. Then,we look at the lastknown statement®f the (supposedlyhealthycompaniesand
whenthesegetmappedo the selected5sOM units, all the financialstatementérom the correspondingompaniesredeleted
from thesample.

Now we have muchlessnoisein our sample,andwe canre-esaluatethe estimates?(bankruptg | unit), improving the
accuray of themap. Still betterresultsareachieved,if we re-trainthe SOM from the start,andthenre-evaluatethe estimates
P(bankrupty | unit) onthenew map.

In panelB. of Figurel is displayedthe samemapasin panelA. but the bankrupty probabilitiesareevaluatedusingthe
cleaneddata.In panelC. the mapis alsore-trainedwith thecleandata,andfinally in panelD. there-trainedmapis evaluated
usingtheoriginal data.

4. ANALYZING THE RESULTS

The datawe have usedin the presenstudyconsistf the financialstatement®f the customercompanies- very smalland
startupcompaniesxcluded- of Finnveraltd, a Finnishrisk financingcompary. In the original sample therewere 30 593
financialstatementfrom 7 028 companiespf which 1 244eventuallyfailed;for this data the classificatiorerrorwas28.7%.
In the cleaneddata,with cleaningthresholdsT; = 0.1 and7, = 0.3, thereremained27 274 financial statementsandthe
classificatiorerrordecreasetb 23.5%with the original mapbut re-evaluatingthe probability estimatesandfurtherto 21.2%
with re-trainingthe map.



A. Theoriginal map B. ThemapA. evaluatedusingthecleaneddata
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C. ThemapA. retrainedusingthecleanediata D. ThemapD. evaluatedusingtheoriginal data
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Figurel: Thefour bankrupty probabilitymaps.On eachmap,thedimensionsf the SOM grid are12 x 9 x 4, but for better
visibility thefour layersof the maparepresentedheresideby side.Onthedarkareasf the mapthe bankruptg risk is high.

Next, we analyzedhosecompanieshatwentbankruptonthe“non-bankrupty region” of themapandwerethusremoved
from the dataset. A sampleof 32 bankruptcasesvasformed,on the basisof geographicalocation;of thesewe wereable
to examine29 casesThe mainreasongor eachbankrupty weredistributedin thefollowing way:

(a) 10casesunexpectedcircumstancedueto theeconomicdepressiomf the early90’s
(b) 4 caseshealthproblemsof theowner/manager

(c) 3 casessuddercrisiswithin oneindustrysectorin thelate80’s

(d) 2 casesinadequatdehaior of themanagement

(e) 1case:unsuccesfuthangeof themanagement

(f) 1caseifailurein amajorproductdevelopmentproject

(g9) 1case:unsuccesfuattemptto restartanenterpriseafterbankrupty

(h) 7 casesnoclearreason

Thusfar, we haven't beenableto carry out a correspondingnalysison the supposedhhealthycompanieghatwerein
the bankrupty region, andwerethusremovedfrom the data. However, aninitial examinationsuggestshatthesecasesare
concentrate@roundthe overheatec&conomyof thelate 80's.



5. DISCUSSION

Theresultsshaw that cleaningthe datagivesa clearerpicture of the bankruptcies.To someextent, it alsomalkesit easier
to recognizesusceptibleenterprisesalthoughmary atypical bankruptciesalso seemto be unpredictable- for instance,in

practiceit would be difficult to monitor the healthof the managerf a particularcompary, or to forecasta suddencrisis
within someindustrysector Still, removing thesecasedrom the datahelpsto improve the recognitionof the predictable
bankruptcies.
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