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Abstract

Within the commercial client segment, small bussnlending is gradually becoming a major target
for many banks. The new Basel Capital Accord hdeakethe financial sector to recognize small and
medium sized enterprises (SMES) as a client, disfrom the large corporate. Some argue that this
client base should be treated like retail cliemsrfa risk management point of view in order todow
capital requirements and realize efficiency andifaoility gains. In this context, it is increasigg
important to develop appropriate risk models fag targe and potentially even larger portion oflban
assets. So far, none of the few studies that haugséd on developing credit risk models specifycall
for SMEs have included non-financial informatias predictors of the company credit worthiness.
For the first time, in this study we have availahtn-financial, regulatory compliance and ‘event’
data to supplement the limited accounting data laie often available for non-listed firms. We
employ a sample consisting of over 5.8 million seftsaccounts of unlisted firms of which over
66,000 failed during the period 2000-2007. We findt qualitative data relating to such variables as
legal action by creditors to recover unpaid debtanpany filing histories, comprehensive audit
report/opinion data and firm specific charactetistinake a significant contribution to increasing th
default prediction power of risk models built sgeailly for SMEs.
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1. Introduction

The Basel Capital Accord and the recent financri@i< have provided renewed impetus for lenders to
research and develop adequate default/failure giedimodels for all of the corporate and retadtees of their
lending portfolios. The Basel Il definition of finaial distress, 90 days overdue on credit agreepeyments, is
the operational definition for major lenders. Thierhture on the modeling of credit risk for lardisted
companies is extensive and gravitates between ppwoaches (1) the z-score approach of using histori
accounting data to predict insolvency (e.g. AltmE@68) and (2) models which rely on securities miarke
information (Merton, 1974). In retail lending, riskodeling can be undertaken using very large sagfldigh
frequency consumer data and combinations of indqaestfolio data (e.g. payment history) and burdata
from the credit reference agencies to develop petgry models.

In the past, retail lending was mainly synonymouthwonsumer lending. More recently, following the
introduction of Basel Il, an increasing number ahks have started to reclassify commercial cliéms the
corporate area into the retail one. Although thgsision may have been originally motivated by expeécapital
savings (see Altman and Sabato (2005)), finanniitutions have soon realized that the major benekre on
the efficiency and profitability side. Banks aresa@lrealizing that small and medium sized compaaresa
distinct kind of client with specific needs and pkarities that require risk management tools ardhmdologies
specifically developed for them (see Altman ande&al§2007)).

Indeed, small and medium sized enterprises ar@ridominant type of business in all OECD economies
and typically account for two thirds of all emplogmt. In the UK, unlisted firms make up the majonfyfirms
which ultimately fail. Of the 1.2 million active ogpanies that are registered, less than 12,000stee lon the
stock market. In the US, private companies conteitaver 50% of GDP (Shanker and Astrachan, 200dg. T
flow of finance to this sector is much researchedtas seen as crucial to economic growth and esgdbut,
from the lending perspective, research on cresglit management for small companies is relativelycgcarhe
most likely way to ensure a flow of finance to SME$y improving information and developing adeguask
models for this sector.

Techniques for modeling corporate insolvency hawegl been applied as a means of assessing and
quantifying the risk of listed companies and thsesxch into failure rate prediction has focusedoatm
exclusively on listed companies. Much of the piomeework on bankruptcy prediction has been undeaby
Altman (1968) and (1993) These earlier works were undertaken primarilyirdy the 1960s, although
extensions of this work to developing countriesesgppd during the 1990s (see Altman and Narayar@9vjL
Early work into corporate failure prediction invely determining which accounting ratios best prefgiidtre,
employing primarily multiple discriminant analysis logit/probit models. In most of these accountnagjo
based studies, ratios are calculated at a prerdeted time before bankruptcy (usually one year) asdsuch
these models are often referred to as static moBatseptionally, these studies focus on the usdatd other
than accounting data, for example von Stein and|&ig1984) examine the impact of managerial behavbn
failure. Invariably, this earlier work suffers froomly a small sample of failed firms being avaifdr analysis.

Recently, Altman and Sabato (2007) apply, with s@uecess, a distress prediction model estimated
specifically for the US SME sector based on a defirmncial ratios derived from accounting data.eyh
demonstrate that banks should not only apply diffeprocedures (in the application and behavioratgss) to
manage SMEs compared to large corporate firmsthmge organizations should also use scoring atgrat
systems specifically addressed to the SME portfdltee lack of any non-financial and compliance infation
about the companies in their sample presents afisart limit forcing them to exclude a relevantrpon of
small companies without accounting data.

In practice, building credit risk models for prigatompanies are necessarily limited by data avhilab
Of course, market data are not available for usdigirms. Further, many unlisted firms are grardedcessions
regarding the amount of financial statement datg tire required to file, meaning that data requicecalculate
some of the accounting ratios employed in studfghefailure of listed companies are not availdoieSMEs.
In recognition of the paucity of data available foany non-listed firms, a paper by Hol (2007) ase$/the
incremental benefit of employing macroeconomic datpredict bankruptcy on a sample of Norwegiaristed
firms. Other studies focus on specifying altermatbutcome definitions. Peel and Peel (1989) uselsi-logit
approach to modeling financial distress in prefeeeto the usual binary outcome. Peel and Wilsor8¢)L9
estimate a multi-logit model that identifies ‘destsed acquisitions’ as an important outcome fronktgtcy
situations. Fantazzini and Figini (2008) proposgoa-parametric approach based on Random SurvivasE
(RSF) and compare its performance with a standsyid tnodel.

Recent literature has highlighted the utility ofluding variables, age and type of business, im@ist
sector etc, in combination with financial ratiosr(@et et al, 2004). Peel and Peel (1989) and Rex! £986)

! The 1993 publication is the second edition of Atm(1983). A third edition, co-authored by Edithtétkiss,
was published in 2005.



provide evidence from a UK sample that the timedef financial reporting is a potential indicatdrfinancial
stress. However, these studies do not focus on SMihts and a very limited amount of non-financial
information is analyzed and used for modeling pagso

In this study, we update the current literatureséveral ways. First, we test the Altman and Sabato
(2007) SME model on a geographically different skEnfdK companies) including an extremely high numble
small companies (5.8 million) covering a very rdceconomic period (2000-2007). By doing so, we évalty
prove the substantial soundness and significamligtien power of our SME default prediction model.

Then, based on earlier work by Hill and Wilson (2Z))0ve are able to explore the value added by non-
financial and compliance information specifically fSMEs. We find that this information, when avhi& is
likely to significantly improve the prediction acgagy of the model. Last, using the availablenomdiicial
information, we develop a default prediction moadédo for that large part of SMEs for which finarcia
information is very limited (e.g. sole traders, fessionals, micro companies, companies that chsiosglified
accountancy or tax reporting). In the existingréitare, solutions to address credit risk managerfuenthese
clients have never been provided.

The unique database available to us, covers thalatign of UK companies that have filed accounts
during the period 2000 to 2007. The data consists/er 5.8 million records of accounting and otpablically
available data for companies active in this peridde incidence of insolvency in the data covers388,
companies (1.2% of the total). Moreover, a subSsnmll and medium-sized companies based in theRdke
account filing exemptions which mean that the amafiraccounting data available for these compaisieglite
limited. These companies usually represent more @@ of the total SMEs. Thus, small compaagcounts
include an abbreviated balance sheet and no panfit loss account, and medium-sizedmpany accounts
include a full balance sheet but an abbreviateditpaod loss account. We have access to some aoditloss
account data for around 40% of our unlisted congzmni

The remainder of our paper proceeds as followsSdantion 2, we provide an overview of the SME
definition, failure definition and of the extantdiature on failure prediction. In Section 3, weyide details of
our UK sample, and we undertake a detailed exainimatf the data available to us to predict smakibess
failure among unlisted firms. In Section 4, weganet a failure prediction model for SMEs for whjmtofit and
loss data is available. In particular, we are dblestimate the Altman and Sabato model on the Biikpde
(SME1). We test for the impact of adding non-finahand ‘event’ data to the models estimated intiact. In
addition, we present a failure prediction model $arall firms which do not file profit and loss &atent data
(SME2). In Section 5, we employ our models to utade out of sample forecasts. Section 6, provies
concluding discussion.

2. Review of the relevant research literature on SM  E’s

Small business lending has been under the atteofioesearchers and practitioners mainly over &sé |
ten years. Several aspects have been analyzed. thewa studies, the definition of small and medgined
enterprises, the definition of SME failure and timedeling techniques that can be applied to preshaall
business failure are the most relevant for the scopthis study. This Section reviews some of thestm
important works on these subjects.

2.1 SME definition

We find that there is no common definition of tlegent of small and medium sized enterprises across
different countries. The definition varies from oty to country, taking into account different qgtitative® and

2 UK companies are required to file accounts at ‘Games House'. The Companies House website defines
small company as one for which at least two of fhilowing conditions are met: (i) Annual turnoves £5.6
million or less; (ii) the balance sheet total is&illion or less; (iii) the average number of dayges is 50 or
fewer. For financial years ending before 30 Jan2a&g4 the exemptions thresholds are £2.8 milliortdonover
and £1.4 million for the balance sheet total.

3 The Companies House website defines a medium-sizeghany as one for which at least two of the feiig
conditions are met: (i) Annual turnover is £22.8liom or less; (i) The balance sheet total is £in#édlion or
less; (iii) The average number of employees is @5fewer. For financial years ending before 30 3an2004
the exemptions thresholds are £11.2 million fonéwer and £5.6 million for the balance sheet total.

* The most commonly used are: annual turnover, taéts, number of employees, average annual teceip
capital.



firm characteristic® variables. Considering the scope of this paper,restrict our focus to two important
economic zones (U.S., E.U.).

The European Union has had a common definitioresif896 that was updated in 2608robably to take
into account also the new Basel rules. The numbemployees and the annual turnover of a firm heecriteria
considered (less than €50 million in sales or tkas 250 employees).

In the United States there is a special organimat®mall Business Administration, or SBA) that deal
with the politics relating to SMEs and also witheith definition based on the North American Industry
Classification System (NAICS). Four criteria arediso identify small business firfaghree generic qualitative
rules and one quantitative requirement linked te thdustry type. In general, the maximum number of
employees is 500 and the average annual receiptsdshe less than $28.5 million, but these limits different
for each industry.

Facing all these different criteria, the Basel Cattea has mainly chosen to follow the annual tuerov
definition, setting the same general rules to dateuthe capital requirements for all the firmsdl medium
and small), but ensuring a lighter treatment foalkrand medium ones (with annual turnover less t8a0
million). We believe that this decision is based the assumption that small firms have a lower defau
correlation with each other and not because theycansidered less risky, in terms of lower expedbsdes,
than the larger firms. Moreover, a part of SMEs banclassified as retail, but in this case the Siénition
does not play any role. The only criterion consdeis the bank’s exposure (less than €1 milliong &nclude
that, with this rule, banks are motivated to wdliautomatic decision systems to manage clients hitker
exposures, regardless of whether they are firmgrivate individuals, in order to improve their imal
efficiency.

2.2 SME failure

SME failure rates are very often difficult to trapkoperly. However, in the past few years, consiker
research (e.g., Phillips and Kirchhoff (1989), Véatand Everett (1993), Everett and Watson (199&gdd
(2003)) has been conducted to determine the ratbsausation of such failures.

Two of the principle reasons businesses suffer peeted closures are insufficient capitalization kaud
of planning. In the venture capital (VC) communityhas been found that few, if any, VC’s investithfunds
into any company which does not have a plan angoint of fact, usually, they require a businesmpb begin
the investment process. It is largely becauseisftttat companies in VC portfolios have a much éigéuccess
rate than those which were financed by banks. Siiyil when investment banks consider a company the
promptly look at all the planning documents an@ficial models for the firm before agreeing to harttht firm
as a client. Rather, the bank requires three yafaexes, current proof of any income, a finansiatement and,
if the company is already operating, financialstfoe company for at least two years. As such, baaikes into
account only a snapshot of the firm's current ecoypobut do not consider the ability of the applicembring
the loan to maturity.

When analyzing business failure, it is extremelpamant to distinguish between failure and closure.
Watson and Everett (1996) mention that closingdicauld have been financially successful but cldeedther
reasons: the sale of the firm or a personal detibypthe owner to accept employment with anothen,fito
retire, or the like. To define failure they creafea categories: ceasing to exist (discontinuaioceny reason);
closing or a change in ownership; filing for baniay; closing to limit losses; and failing to reafthancial
goals. Brian Headd (2003) finds that only one-tlofdhew businesses (33%) closed under circumstaiheds
owners considered unsuccessful.

We believe that this kind of analysis is esserttigfiore starting a development of a default preaiicti
model on a sample of small firms. Separating treesaf closure from the ones of failure would inwerdhe
quality of the available information and the préidic power of the model helping to exclude possildiers
from the sample and avoiding biases. In this pawerhave taken into account only small businesasfithat
entered into liquidation, administration or re@ship between 2000 and 2007.

® Usually no attention is given to the legal forrat independence from big enterprises, work orgaicizaand
industry type are often considered.

® Commission Recommendation 96/280/EC of April 39@,9updated in 2003/361/EC of May 6, 2003, that
replaced the old one from January 1, 2005.

" A small business is one that: 1) is organizedpiafit; 2) has a place of business in the US; 3kesaa
significant contribution to the US economy by paytaxes or using products, materials or labor;4ndioes not
exceed the numerical size standard for its industoy the specific table, see http://www.sba.gaelsummary-
whatis.html.
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2.3 Default prediction methodologies

The literature about default prediction methodadsgs substantial. Many authors during the lasgeHls
have examined several possible realistic altereatito predict customers’ default or business failurhe
seminal works in this field were Beaver (1967) &itnan (1968), who developed univariate and multiatz
models to predict business failures using a seffimdncial ratios. Beaver (1967) used a dichotomous
classification test to determine the error ratgoi@ntial creditor would experience if he classiffems on the
basis of individual financial ratios as failed amrfailed. He used a matched sample consisting8ffitms (79
failed and 79 non-failed) and he analyzed 14 fir@natios. Altman (1968) used a multiple discriani
analysis technique (MDA) to solve the ambiguity ldemn linked to the Beaver’s univariate analysis amd
assess a more complete financial profile of firfdss analysis drew on a matched sample containing 66
manufacturing firms (33 failed and 33 non-failebatt filed a bankruptcy petition during the peric@46-1965.
Altman examined 22 potentially helpful financiatios and ended up selecting five as providing immation
the best overall prediction of corporate bankruptdhe variables were classified into five standeatios
categories, including liquidity, profitability, levage, solvency and activity ratios.

For many years thereafter, MDA was the prevaleatissical technique applied to the default predicti
models. It was used by many authors (Deakin (19¥@mister (1972), Blum (1974), Eisenbeis (1977)fléa
and Tisshaw (1977), Altman et al. (1977), Micha84® Gombola et al. (1987), Lussier (1995), Altn&ral.
(1995)). However, in most of these studies, autlpmigted out that two basic assumptions of MDA aiten
violated when applied to the default prediction hjemns. Moreover, in MDA models, the standardized
coefficients cannot be interpreted like the slopka regression equation and hence do not indibateelative
importance of the different variables. Considerthgse MDA'’s problems, Ohlson (1980), for the fitishe,
applied the conditional logit model to the defaptediction’s studlf. The practical benefits of the logit
methodology are that it does not require the mstd assumptions of MDA and allows working with
disproportional samples.

From a statistical point of view, logit regressiseems to fit well the characteristics of the dafaul
prediction problem, where the dependant variableimary (default/non-default) and with the groupsing
discrete, non-overlapping and identifiable. Theitlomodel yields a score between zero and one which
conveniently gives the probability of default othlient™. Lastly, the estimated coefficients can be intetgni
separately as the importance or significance oh ezicthe independent variables in the explanatibrihe
estimated PD. After the work of Ohlson (1980), mofsthe academic literature (Zavgren (1983), Geetryl.
(1985), Keasey and Watson (1987), Aziz et al. ()9B&tt and Platt (1990), Ooghe et al. (1995), 8/faen et al.
(1998), Charitou and Trigeorgis (2002), Becchettd &ierra (2002)) used logit models to predict diefa
Despite the theoretic differences between MDA agit lanalysis, studies (see for example Lo (198Byw that
empirical results are quite similar in terms ofsslification accuracy. Indeed, after careful consitien of the
nature of the problems and of the purpose of tiidys we have decided to choose the logistic regrasas an
appropriate statistical technique. In order to eatd the performance of the models we report receiperating
characteristics (ROC). The ROC curve plots the paositive against the false positive rate as thestiold to
discriminate between failed and non-failed firmisanges. The area under the ROC curve (AUC) is auneaf
the prediction accuracy of the model, with a vabfid representing a perfect model. The Gini Cogffit and
Kolmogorov-Smirnov statistics (K-S), commonly udgdscoring analysts to evaluate both in-sampleraoid-
out tests of predictive accuracy, can both be ddrifrom AUC? We present, in addition, the classification
accuracy of our best fitting models within sampte an the hold-out sample.

8 The original Z-score model (Altman, 1968) usedefivatios: Working Capital/Total Assets, Retained
Earnings/Total Assets, EBIT/Total Assets, MarketuéaEquity/BV of Total Debt and Sales/Total Assets.

® MDA is based on two restrictive assumptions: 1& ihdependent variables included in the model are
multivariate normally distributed; 2) the group pission matrices (or variance-covariance matriees)equal
across the failing and the non-failing group. SeenBs (1982), Karels and Prakash (1987) and Mclagaly
Omar (2000) for further discussions about thisdopi

10 Zmijewski (1984) was the pioneer in applying ptaalysis to predict default, but, until now, fbghalysis
has given better results in this field.

1 Critics of the logit technique, including one dfetauthors of this paper, have pointed out theifipec
functional form of a logit regression can lead bmddal (very low or very high) classification antbpabilities

of default.

2 The area under the ROC Curve (AUC) and the eqmivahdex the Gini Coefficient are widely used to
measure the performance of classification rulessise-steps the need to specify the costs of éifitekinds of
misclassification. The AUC is a measure of theaetdhce between the score distributions of failed aon-
failed companies and the Gini Coefficient is andex which can be calculated as (( 2*AUC)-1) and Kh8
statistic measures the distance between the twobdiSons at the optimal cut-off point and is apxmately
0.8*Gini.



3. Small Business failure prediction model

3.1 Data sample

Our database consists of 5,749,188 sets of accémmtompanies that survive in the period 2000-2007
and 66,833 companies that fail in this time periégée retain data from 2006/7 as a test sample (botd-
sample). The accounts analyzed for failed compaaiesthe last set of accounts filed in the yeaceug
insolvency. For live companies, we include theitamts for each of the surviving years and estiraatezard
function. In line with other studies, we definerparate failure as entry into liquidation, admirasion, or
receivership (see Section 2.2). We employ accogntwent, audit and firm characteristic data todjmtethe
probability of corporate failure of unlisted firmand we discuss these data in the next sectioresbigakdown
of the sample by data availability is given in Tegbll, Panel A (financial statements) and Paneiniitdd data
firms). We refer to models using full accountingadas the ‘SME1 models’ and models built using aemo
limited set of data as the ‘'SME2 models’.

Insert Table 1 here

We have full profit and loss account data on cl@,000 companies in each year with between 6 to 7
thousand failures occurring in each year. The gbskmple gives 2,327,146 non failed companies &m258
failed companies. For companies submitting abridgedounts we have a total of 3,422,042 non-failed
companies and 40,577 failed.

3.1 Accounting ratios: SME1 model

Altman and Sabato (2007) estimate a model for UESMsing 5 financial ratios reflecting dimensions
of company profitability, leverage, liquidity, coage and activity. The final specification, estigthtusing
logistic regression, is reported in Table 2.

The UK data set contains the ratios reported bynait and Sabato and, although we have a wide choice
of possible financial characteristics, we are ie$éed to test whether this model can be appliédkit@ompanies
using both the US coefficients (Table 2) and résesions based on the UK sample (see Tables 3)and 4

Insert Table 2 here

3.2 Accounting ratios: SME2 model

Companies that take advantage of reporting exempsoabmit ‘abridged’ accounts to the public records
The reporting consists of a modified balance shedtno profit and loss or turnover information. Thage of
financial ratios available to model insolvency risk therefore, quite restricted. We examine thpaiat of this
lack of accounting data on failure prediction ahe tole played by non-ratio data in predicting bapkcy. As
noted above, the sample of smaller companies ceng#22,042 non-failed companies and 40,577 failed

Our accounting ratios are selected in the followonder. First, since our sample is taken from tike We
employ variables taken from prior studies into Uedls of UK companies as set out in the surveylastiof
Taffler (1984) and Altman and Narayanan (1997We supplement the variables from UK studies wita t
variables from the models of Altman (1968) and 2wgki (1984), and the variables from the model bfson
(1980) as analyzed by Begley, Ming and Watts (1388) Hillegeist et al. (2004§. Our variable selection also
reflects the importance of working capital for thevival of small firms. The literature on tradedit suggests
that smaller firms both extend more credit to coscs and take extended credit from suppliers wiaemd
decline and financial stress. Hudson (1986) arthestrade credit forms a large proportion of enf liabilities,
especially for small firms. He proposes that srfiath bankruptcy is mainly influenced by trade cteds rather

13 Only one peer reviewed article surveyed by Tafiferelated to unlisted UK companies, with the remer
being related to listed companies (Taffler (1982)).

4 We recognize that accounting policies and theitiniginal environment have changed since many ef th
studies from which we select our variables wereeutatken. We select from a wide range of studiesadindf
the variables taken represent the distillation ¢drger number of variables into those best suibeccorporate
failure prediction.



than bondholder¥. Therefore, the trade creditors’ decision to fase@kruptcy would depend on its customers’
cash position (the difference between cash asgswdstlae amount trade creditors are owed), its ctirren

indebtedness to the bank, its expected futuretpratfé liquidation value, and interest rates.

There is a large degree of overlap between thedinhfeatures of a firm being captured by somthese
variables and our modeling process, not the leasttd multicollinearity considerations, requirestasselect
between them. Interestingly, many of the workingitzd cycle variables are not strongly correlatethveach
other. These considerations lead us to the chditteedollowing accounting based variables to bwild models
and eventually to predict which firms will beconmsalvent and go into bankruptcy procedures.

Capital employed / Total liabilities

Quick asse@urrent assets

Current assets / Current liabilities

Total lialdg / Quick assets

Trade Creditors/Trade Debtors

Trade Creditors/Tiatdbilities

Trade Debtors/Total Assets

Inventory/working cdpita

Cash / Total assets

Net cash/Net worth

Retained Profit/Total Assets

Short-term debt/Netrivo

With respect to leverage variables, a fir@apital employed/Total liabilitiegicludes shareholders funds
plus long term liabilities divided by long termbidities and represents the book value of the eapitucture of
the company. Financially distressed firms wouldetipected to have larger liabilities relative to refwmlders
funds and will thus have lower values for this abté than healthier entities.

A number of variables reflect a firm’'s working ceghi Quick assets/Current assetstermines the extent
to which current assets consist of liquid assgtsh/Total assetsxpresses cash as a proportion of total assets.
Net cash/Net wortimeasures net cash as a proportion of net wortmyMiams fail owing to a lack of liquid
assets and thus financially distressed firms wdnddexpected to have lower values for these vasaliher
variables reflecting the working capital cycle dal liabilities/Quick assetdrade debtors/Total assets; Trade
creditors/Trade debtors, Trade creditors/Total liitkes and Inventories/Working capitalSmaller companies
often rely heavily on trade finance from suppliefsen bank finance is not available to them. Moezpgmall
companies extend trade credit to customers as ansmef gaining and retaining customers. The use and
extension of trade credit makes the business vaiiherto cash flow difficulties.

Retained profit/Total assets a measure of the cumulative profitability of tiven as
well as leverage and, finally, the age of the camypdirms that are unable to accumulate
profit from sales will have lower values of thisriadle. Short-term debt/Net Wortimeasures
the changes in net worth and retained profit/tatdets year on year. Financially distressed
firms are more likely to have a declining and/ogatéve net worth. The inclusion of these

variables allows us to control for both the leved @irection of net worth and profit.

3.3 The value of non-financial and non-accountin g information

A potentially powerful addition to annual financidéta available on SMEs is the occurrence of ‘évent
data, such as evidence of company default on cegtitements and/or trade credit payments or vasabl
representing operational risk and regulatory coamgiée such as whether the firm is late to file itaricial
statements. Some of these ‘default events’ aradle on a monthly basis from a government agearay will
enable our model to adjust risk scores more fretiypighan is possible with just annual accountingada
Examples of event data and other potentially ptagidnformation initially explored in Hill and Wslbn (2007)
are listed below:

County Court Judgments Late Filing Days

Audit Report Judgment (e.g. mild, severe, going

Audited accounts (y/n) concern, etc.)

Cash Flow Statement (y/n) Age of the Firm

Subsidiary (y/n) Sector

A County Court Judgmen(CCJ) arises from a claim made to the court folfmmhe non-payment of
unsecured debt (usually trade debts). Where thditoris claim is upheld by the court, a CCJ is e$uThis is
an order from the Court stating that the debt ningssettled. After being issued, a CCJ might besfeadi or
remain outstanding. The accumulation of CCJs and@¥s against companies that are already showgng sif

5 Trade creditors would probably act as bondholdsrshe Bulow and Shoven (1978) model having no
negotiation or controlling power unless there is targe trade creditor that can have an influenaketisions.



financial distress are likely to be effective padis of insolvency. In this study, we find that I3Care better
predictors of the likelihood of failure for smatfither than very large companies. This may be ddeetdact that
certain large companies often “abuse” their baiggipower and are slow payers, forcing creditoragply to
the courts. This is particularly the case wheris itelatively easy to dispute invoices arising franade credit
agreements that are ‘incomplete contracts’. Coantyt judgments for firms that have adequate chsh-&nd
liquidity may proxy ‘operational risk’. Nonethekesindividual creditor claims via the court do mepresent a
bankruptcy risk for very large companies. We alspley the variable capturing the real value of Qgu@ourt
Judgments within the previous 12 months at thecditkde accounting year for the last set of accaunts

The second type of compliance information that wepley relates to the timeliness of the filing of
accounts. This is represented by the variddée Filing Days.Unlisted companies have a period of 10 months
in which to file accounts following the financiatgr end. The variableate Filing Daysis the number of days
following this 10 month period and relates to n@mpliance with regulation. A number of reasons,allgu
quite negative, can cause these delays: the litg Hf accounts may be (1) a deliberate actiomatay the
publication of unfavorable information in the evehat companies face financial difficulties, (2)yrae a by-
product of the financial difficulties a firm facest (3) may be the result of the auditors and dineschaving
disagreements regarding a firm’s ‘true’ financiakjtion. In all cases, it is likely to be an indimaof financial
distress. We use the log of the number of daysitatapture any non-linear effects.

In audited accounts, the auditor may document ainiap regarding the financial position of the
company. We employ a series of dummy variablesdorporate the data contained in audit reports.firsieof
these is a dummy variable indicating that the antowere auditedAUDITED takes a value of 1 where the firm
has been audited, and 0 otherwise. To qualify faotal audit exemption, a company must be a snuatipany
with a turnover of less than £5 million and/or ass# less than £2.5 million. Accounts which ar¢ aodited
therefore belong to smaller firms. The informat@mmtained in unaudited accounts would be expectédxd less
reliable than information in audited accounts. Mwer, auditors are likely to be vigilant in idemtifg likely
insolvency and in preventing ‘technically insolvesampanies from continuing to trade.

For modeling purposes, we identify whether the ant® of the company are audited and if so if the
auditor has expressed an opinion about the comipatine audit report (i.e. an audit qualificatioklje examine
the impact of a firm being either unaudited or hgva qualified or referred audit report relativetie base case
of companies that have no audit qualification. @aenmy variables which capture the information comd in
audit reports, in descending order of the qualitthe report, are as follow&QREFtakes a value of 1 where the
audit report is unqualified but referreflQSCOPHakes a value of 1 where the audit report is giedlibwing to
a scope limitation;AQMILD takes a value of 1 where the audit report is gedliowing to mild
uncertainties/disagreements; AQGC takes a valui& where the audit report has a going concern figation;
AQSEVERHakes a value of 1 where the audit report is €jadliowing to a severe adverse opinion or disclaime
of opinion.

Companies that submit a full set of accounts sonetimay submit a separate cash flow statement along
with the P&L account. We capture this informatiadummy variabl®&lo Cash Flow Statementhich takes
the value of 1 if no cash flow statement is prodidé/e suggest that companies submitting enhandsdo$e
accounts are likely to be lower risk.

Hudson (1987) conducts a survey to understand @aiooet the age, industrial, and regional structidire o
liquidated companies using a sample of 1,830 ligieid companies between 1978 and 1981 in the UKmidis
finding suggests that young companies form the ritgjof the liquidated companies and a company sesd
least around 9 years to be regarded as establ{skedower the default risk of a start-up). Howevkee also
points out that a newly formed company is mostlyike have a “honeymoon period” of around 2 yeagfole
being in real risk. He attributes this finding tetfact that successful firms would distance thévesefrom the
unsuccessful ones over time but even an unsuctdssfuvould need some time to build up debts andfzend
the initial investment before finding itself in imdncial crisis.

Following Hudson, we employ variables related te #ige of the firm as follows: (i) the age of thexfi
(AGE") at the date of the latest accounts, (i) dummyakdes representing firms at particular risk owingheir
age, that is, firms between 0 and 3 years of #&geERISK1= 1) and firms between 3 and 9 years of age
(AGERISK2= 1). We experiment with combinations of thesdaldes in the model estimation and find that the
log of age and AGERISK2 are strongly significant.

Our sample includes both non-group companies abdidiary companies. A subsidiary exists as a
separate legal entity and a parent company is geateby limited liability in relation to the lialiies of its
subsidiaries. We do not include the parent compahych submits consolidated accounts, since thiglaviead
to the double counting of financial data. Moreowesubsidiary company may fail as a result of patempany
failure. We are able to identify the parent compahgach subsidiary and remove from the failed saple
any subsidiary whose parent company has failedowilg Bunn and Redwood (2003), two dummy variables
related to a company being a subsidiary are cre&@alblsidiarytakes a value of 1 where a company is a
subsidiary company, an8ubsidiary Negative networttakes a value of 1 where a company is a subsidiary

% The variable AGE is the natural logarithm of tiye @f the company in years.
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company and has negative net assets, otheSubsidiary Negative Networthkes a value of 0. A subsidiary
company has access to a group’s financial and a#ssurces perhaps leading to a lower likelihoodadéire
than non-group companies. The group, however, rhay aubsidiary companies to fail as part of a wigeoup
strategy.

In our models, we control also for company sizengidbtal asset values. The relationship betweeet ass
size and insolvency risk appears to be non-lineiin wmsolvency risk being an increasing and dedneps
function of size (see Appendix C). The explanat®that companies with low asset values are unlikelbe
pursued by creditors through the insolvency pracess

Finally, its is important to control for the macecenomic conditions facing companies. Although the
economic conditions are quite stable over our egton period there is some sector level volatilitye are able
to control for sector level risk by calculating tfalure rate in the sector in the previous yeaathgr than
including industrial sector dummy variables we ¢ a ‘weight of evidence’ variable, which exes the
previous years’ sector failure rate as the log aafd®ilure in each of 51 industrial sectors (IND\WW This is
calculated for each sector using population datthemumber of insolvencies in relation to the nemdif active
companies in each sector and acts as a useful fwoxyacro-economic conditions.

4. Results

Models are estimated using data pooled from 20@%28 period of relative stability in the UK econpm
(see Chart 1). Insolvencies that occurred in 20 2007 are retained for hold-out tests. Finangtbs are
corrected for extreme values by restricting theyesnto between the 9@nd £ percentiles.
Insert Chart 1 here

First, we present the results from the applicatibrthe Altman and Sabato (2007) model to the UK
sample showing the impact of the addition of nowaficial information (SME1 model). In paragraph 42,
estimate a model (SMEZ2) for the companies thatpfiietial accountant information and rely on, predantly,
balance sheet ratios to predict insolvency. Thesapanies do not report profit and loss account Hatshave
information on retained profit. In paragraph 4.8, present hold-out tests on 2006-2007 data.

4.1 SME1 Model

We estimate the model based on the 5 financiadgatsed in the US SME model developed by Altman
and Sabato in 2007. The model is estimated usigiptlo regression with 1=failed; O=non-failed satthwe
expect that a negative coefficient indicates a ceduisk of insolvency and a positive coefficientiacreased
risk of insolvency'.

The model, reported in Table 3, is built on a samiptluding 2,237,147 non-failed and 26,256 failed
companies. The insolvency rate is around 1.2% whéghnesents the population failure rate for compsutiat
survive more than 1 year. The combination of finahatios specified by Altman and Sabato (2007)5ed to
model the probability of default. The variablegadt the expected signs and are all strongly saaif in the
equation. Thus companies with a high ratio of csliotal assets exhibit a lower propensity to sl also
companies that can adequately cover interest pagnman loans out of profits and show higher profida
retained profit to asset ratios do. Companies Witlher levels of short-term debt to equity are mprene to
fail.

Insert Table 3 Here

The model is re-estimated with the inclusion okeaaf non-financial and non-accounting variablee W
find that the addition of non-accounting data te Hasic z-score model significantly improves thassification
performance. This is shown by the improvementslassification accuracy and associated statistit® ih-
sample classification accuracy of the model inaesasf about 10% (from and AUC of 0.71 to 0.78 idahg
gualitative information) (see Chart 2). The fiwaaincial ratios retain their appropriate signs sigehificance.

Insert Chart 2 Here

" please note that in this study the dependenthier{defaulted/non-defaulted) is defined in the aspe way
than the Altman and Sabato study (2007). For tason, the signs of the coefficients are inverted.
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We find, as expected, that age of company is negjgtrelated to failure propensity, indicating thhaé
longer a company survives then the less likelg itoi fail. However, our dummy variable representigg 3-9
years is positive and significant. Thus, in linghnprevious studies, we find that companies inate bracket 3-
9 years are more vulnerable to failure.

The late filing of accounts is associated withigher probability of failure. The longer a compdakes
to file accounts after the year end, the more Yyikédat the company is encountering difficulties /and
disagreements with the auditors. The varididdeCash Flow Statemeist significant and positive confirming the
assertion that companies that submit detailed ftaghstatements, and therefore volunteer extrarinédion, are
generally lower risk. The occurrence of county ¢gudgments for the non-payment of trade debt soasted
with failure amongst SMEs with a decreasing sigaifice the bigger the size of the company. We med3Gd
activity for the SMEs in our sample and find tha& humber and the value of CCJs in the years prifailure
are likely symptoms of financial distress.

In the SME1 model, subsidiaries are less risky tham-subsidiaries. Generally, subsidiaries havesxc
to the financial and other resources of the patentpany and can survive poor financial performdncéonger
than non-subsidiaries. Moreover, the parent mag maasons (R&D, tax or other) for supporting thevisal of
a subsidiary with recurring negative net worth.

We also find that companies that are audited ane haudit qualifications’ (e.g. ‘severe’ or ‘going
concern’) are more prone to failure since the audé indicating that the long term viability ofetltompany is in
some doubt. The variable AUDITED, indicating whettthke company is audited or not, is positive and
significant. This suggests the companies that alogested to the scrutiny of an auditor are lesslyiko continue
to trade if the company is technically insolvent.

Turning to size, we find some interesting resuisere is clearly a non-linear relationship betwéssn
probability of insolvency and size, as measuredhsset values. Descriptive statistics (see AppeAdand B)
show an increasing and decreasing relationshipdmsatvasset values and failure propensity. Cleadginesses
with low asset values are less likely to be pursthedugh the legal process of insolvency sinceitsesiwould
have little to gain from the process and these saongpanies can opt to submit unaudited accountsmatel
the size relationship using quadratic terms in Ithge of total assets. The signs of the coefficiesttiew the
expected insolvency/risk-size relationship. Theultsssuggest a threshold level of assets (£350,0@@re
‘legal insolvency’ becomes attractive for creditdfgally, the control for industry sector is sificéint and picks
up the effects of the average sector level faitate on the companies probability of failure.

4.2 SME 2 Model

Companies that opt to submit ‘abridged accountsuliiment of their reporting requirements ardaage
and increasing proportion of the limited companpudation in the UK. For instance, in 2005, of th2 mnillion
accounts submitted 765,000 were abridged (60%).gEmeric models proposed by many researchers thicpre
insolvency rely on profit and debt ratios that baglly cannot be calculated for this large amourBMIEs. In this
Section, we examine the feasibility of buildingiasolvency risk model based on the limited inforimafiled in
‘abridged accounts’ (i.e. limited balance sheetiinfation only}®. After specifying a basic model, we then add
the range of non-financial and non-accounting dep@rted above.

The estimated model is based, again, on a conbigesample size consisting of 3,422,042 non-failed
companies and 40,577 insolvent and is reportedainiel4. The population failure rate of companiavising
more than 1 year is around 1.2% during the sam@ieg.

Insert Table 4 Here

As in the SME1 model, when we add non-financial aeadhpliance information to the basic accounting
model the core variables retain their signs andifogjince and the non-financial variables add valuehe
model (AUC of 0.80) with an improvement of over &émpared with the AUC of the model using only
financial information (0.74) (see Chart 3).

Insert Chart 3 Here

Retained profit to total assets is negative andifiggnt implying that small companies that can
accumulate profit from trading are less prone ftufa. Having liquidity and cash is associated withower
probability of failure, measured by various castiosa The Current Ratio can provide conflictingdanice. For
many small companies, we find that the currenbratitually improves in the financially distresset-sample.

18 Of course we are able to estimate the abridgecehfodall companies by excluding the P&L data frim
‘full account’ company sample but we find that tbises not improve the predictive accuracy of thelet®wand
we treat ‘full’ versus ‘abridged’ as distinct suarsples.
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However, this effect is almost entirely due to acréase in trade debt relative to short-term bamgwmongst
financially distressed small companies. Relategrdiure on trade credit appears to suggest thahdially
distressed small companies have higher levels tf trade debt supplied to customers and trade topbthined
from suppliers. The rationale is that small companhay try to boost sales by offering credit (engdatheir
larger competitors), but without the financial resme to back this strategy. Trade debtors may msease
because customers may avoid paying suppliers thahmwing signs of financial difficulty and/omitay be that
many small companies fail because of late paym@ntsistomers (large buyers taking extended credit).

Trade credit as a ratio of total liabilities is hég in the failed subsample than in the non-fagathple.
Small companies that are restricted in bank cradly substitute trade credit where possible takiohgaatage of
the fact that an individual supplier may be unawafr¢he total amount of trade credit that the conyphas
acquired from other suppliers. As expected, batbdrdebt to total assets and trade credit to liatalities are
positive and significant. We add three furthertooinvariables, the log of assets, and year on ghanges in net
worth and RETA.

We observe again the non-linear relationship betvwasset size and insolvency risk. The size dummies
are constructed differently for the SME2 model, the turning point is around the same value asSME1,
£350,000. Age is negatively associated with failowt, as in the SME1 model, the band 3-9 yearsiciira
positive and significant sign. Late filing of acedsl is associated with a higher probability ofdesl as are two
audit qualifications, severe qualification (AQ_SHYE) and going concern qualification. As in the poeg
model, AUDIT, is positive and significant. The twariables that measure legal action to recoversjdhe
number and value of CCJ, are both positive anahgtyosignificant.

The subsidiary variable is negative and significhnt the variable that indicates subsidiaries with
negative net worth is positive suggesting that nalbsidiaries are not supported by parent irsttiee way as
larger subsidiaries.

5. Model Validation

We retained data from 2006 and 2007 in order toettale hold-out tests for model performance. For
these tests, we take data from accounts submittéioki first half of 2006 and track all companieatthecame
insolvent in 2007 compared to those that are d@fille as at the end of 2007. For the model SME1ljdeatify
236,137 non-defaulted companies and 1017 that efeulded by the end of 2007. For the model SME2, we
identify 537,865 non-defaulted and 3040 defauliahganies.

Insert Table 5 Here

For the SME1 model, we generate ROC curves foothef-sample test and the classification accuracy
of the final models (Table 5). We report the parfance of Altman and Sabato’s model with the USfaments
applied to the UK data-set; the curve for the madetstimated on UK data and the ROC curve fomtioeel
inclusive of the full set of financial and non-fimdal data. The Altman and Sabato model estimated$
SMEs performs relatively well (AUC of 0.64) on pietthg the insolvent companies, but its overallfpenance
is affected by misclassification of non-defaultemmpanies. When the model is re-estimated on UK tleta
performance slightly improves (AUC of 0.67). The debenhanced with non-financial information impreve
even further, with an AUC of 0.76. Clearly, the gidah of these variables significantly improves theerall
classification accuracy of the model (13% incrdasgccuracy on the test sample).

Insert Table 6 Here

The models developed on ‘abridged accounts’ showngmessive out-of-sample classification accuracy
given the relative lack of information. Clearly teenaller companies submitting ‘abridged’ accounts lass
complex/more transparent than some of their lamgemterparts and we note that, although they rejess
information, insolvency is relativelky easier toegict. Again, however, we find the uplift in penfegince by
drawing the ROC curves for models with (0.75) andheut (0.71) non-financial information. This is
particularly important because in this sub-sampéeare more likely to encounter problems of misgata in
the financial statements.
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6. Conclusions

This study builds upon the previous research ofmAhl and Sabato (2007) that demonstrated that banks
should separate small and medium sized firms frargel corporates when they are setting their creslt
systems and strategies. In this article, we confinen main idea that SMEs require models and proesdu
specifically focused on the SME segment, but weaagpour analysis over a new geographic area (UKpus
considerable sample including almost 6 million MEs. Moreover, we are able, for the first time attd non-
financial information reflecting company charactdds and aspects of operational risk such as diahn
reporting compliance, internal audit and trade itredationships, as predictive variables of compdistress.
We improve upon existing models from the literatof SME distress prediction in various ways.

First, we test the Altman and Sabato (2007) SME ehadh a geographically different sample (UK
companies) including an extremely high number ofalsmmompanies (5.8 million) covering a very recent
economic period (2000-2007). By doing so, we evahtuprove the substantial soundness and significan
prediction power of this generic SME default préidic model.

Then, for the first time, we are able to explore t#alue added by non-financial information speaific
for SMEs. We find that this information, when awile, is likely to significantly improve the pretn
accuracy of the model by up to 13%. In all modeés aentrol for macro-economic conditions by inclglia
variable that tracks, for each company, the inguséctor failure rate, for 51 industrial sectorsttie previous
year.

Using available information, we develop a defau#idiction model for that large part of SMEs for alhi
financial information is very limited (e.g. soletters, professionals, micro companies, compangsctipose
simplified accountancy or tax reporting). To thestbef the authors’ knowledge, in the existing kieire,
solutions to address credit risk management faettolients have never been provided.

Our findings clearly confirm for SMEs what has bdeuand in other studies for large corporations.(e.g
Grunet et al. 2004), that using qualitative vamiabas predictors of company failure significanthproves the
prediction model's accuracy. However, we believat this result is even more important for SMEs @bering
that for a large part of them financial informatiosm oftentimes quite limited. Moreover, non-accaooigt
information, such as the ones used in this study, lme updated frequently allowing financial ingtdos to
correct their credit decisions in a timely mann&hus, banks should carefully consider the resflthis study
when setting their internal systems and procedresanage credit risk for SMEs.
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Table 1. Panel A: Companies with Profit & Loss and Balance Beet Data

This table shows the composition of the developneample used to build the model for SMEs that
produce a balance sheet and a profit and loss trefpothe first column, the year when the financial
statement was submitted is shown. The second @adcthlumns show the number of non-failed and thile
companies for each financial year respectively. ftheth column presents the total number of SME for
each year. The last column shows the annual bad rat

Year Non-failed Failed Total Failed/Total
2000 376015 5343 381358 0.01401
2001 374385 4835 379220 0.01275
2002 379685 4502 384187 0.01172
2003 378094 4352 382446 0.01138
2004 384044 3902 387946 0.01006
2005 434923 3322 438245 0.00758

Table 1. Panel B: Companies with ‘Abridged’ Accounts

This table shows the composition of the developnsample used to build the model for SMEs that
produce a simplified tax report. In the first colunthe year when the financial statement was suéhis
shown. The second and third columns show the nuroberon-failed and failed companies for each
financial year respectively. The fourth column jer@s the total number of SME for each year. The las
column shows the annual bad rate.

Year Non-failed Failed Total Failed/Total
2000 433729 6377 440106 0.01449
2001 473776 6528 480304 0.01359
2002 501670 6580 508250 0.01295
2003 571468 6678 578146 0.01155
2004 652838 7877 660715 0.01192
2005 818357 7486 825843 0.00906

Table 2. Altman and Sabato (2007) US SME Model

This table shows the Altman and Sabato (2007) mdeletloped for US SMEs. In
the first column, the financial index taken intccagnt is shown. In the second
column, the regression coefficient is presented.

Variable Coefficient
Cash/Total Assets 0.020000
EBITDA/Total Assets 0.180000
EBITDA/Interest paid 0.190000
Retained Earnings/Total Assets 0.080000
Short Term Debt/Equity -0.010000
Constant 4.280000
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Table 3. SME1 Models: Z-score and full model

This table shows models developed for the SMEs pghatide balance sheet and P&L information. Thstfinodel
includes only the Altman and Sabato (2007) varilaled the second includes also the qualitativerimition. In the
first column, the variables entered in the modetsesented. The second and fifth column shovwctiedficient for
each of the variables that entered the model. fiing &nd sixth column provide the Wald's test vallibe fourth and
last column show the significance test value.

Variable Coefficient Wald Sig. Coefficient Wald Sig.

Cash/Total Assets -1.487360 2790.90 0.000000 -1.22627 1589.06 0.00000
EBITDA/Total Assets -0.001980 1046.34 0.000000 -0.00159 529.15 0.00000
EBITDA/Interest paid -0.002040 62.03 0.000000 -0.00254 102.55 0.00000
Retained Earnings/Total Assets -0.836940 781.56 0.000000 -0.36787 123.72 0.00000
Short Term Debt/E quity 0.142100 891.06 0.000000 0.06523 147.65 0.00000
AUDITED 0.56812 1030.61 0.00000
Audit Qualification- S evere 0.76862 157.74 0.00000
Audit Qulaification - Going Concern 1.03458 982.90 0.00000
Late Filing (log of days late) 0.07821 518.77 0.00000
No Cash Flow S tatement 0.05697 6.39 0.01148
CCJ Number 0.20760 463.03 0.00000
CCjReal Value 0.00232 4520.70 0.00000
Log of Age -0.15921 601.59 0.00000
Age 3-9 years 0.06233 21.77 0.00000
Subsidiary -0.36864 301.22 0.00000
Subsidiary Negative networth -0.07076 5.76 0.01641
Size (log) 0.33255 1056.74 0.00000
Size squared (log) -0.01122 637.77 0.00000
Industry Insolvency -0.56665 1628.88 0.00000
Constant -4.296258 309527.72  0.000000 -5.83933 5689.51 0.00000
Non-Failed = 2318764

Failed = 24384

Table4. SME2 Models: Z-score and full model

This table shows models developed for the SMEsphatide limited financial information. The firstadel includes
only financial variables and the second include® dhe qualitative information. In the first colurthe variables
entered in the models are presented. The secondifimdolumn show the coefficient for each of thariables that
entered the model. The third and sixth column gtevihe Wald's test value. The fourth and last colshow the
significance test value.

Variable Coefficient Wald Sig. Coefficient Wald Sig.

Retained Profit/Total Assets -0.093388 1144.08 0.000000 -0.089649 869.88 0.000000
Quick Assets/Current Assets -1.091555 3179.69 0.000000 -0.769366  1393.34 0.000000
NetCash/Networth -0.051342 216.52 0.000000 -0.042911 157.11 0.000000
Current ratio -0.095322 990.61 0.000000 -0.047062 316.65 0.000000
Trade Creditors/Total Liabilities 0.208167 150.26 0.000000 0.099292 30.41 0.000000
Trade Debtors/Total Assets 1.569317 7196.57 0.000000 1.316143  4498.88 0.000000
Stock/Working Capital -0.000046 2.21 0.136838 -0.000073 5.53 0.018708
Change in NetWorth -0.001057 768.13 0.000000 -0.000815 469.97 0.000000
Change in Reta -0.000273 133.71 0.000000 -0.000221 80.76 0.000000
Size (log) 0.303799 11497.97  0.000000 0.312841 341.16 0.000000
Size squared (log) -0.001292 2.66 0.102906
Audited 0.144033 88.09 0.000000
Account Qualification _Severe 0.856334 363.85 0.000000
Account Qualification _Going Concern 0.493064 50.50 0.000000
Log of Age -0.254680 2156.62 0.000000
Age 3- 9 years 0.024190 5.26 0.021820
Late Filing (log of days late) 0.094853  1252.32 0.000000
Subsidiary -0.476672 274.06 0.000000
S ubsidiary Negative networth 0.165492 15.31 0.000091
Industry insolvency -0.625116  2937.54 0.000000
Number CCJs 0.212898 903.54 0.000000
Real value CCJs 0.001197 7971.77 0.000000
Constant -7.554463 36879.93  0.000000 -6.092687  3760.99 0.000000
Non Failed = 3,422,042

Failed = 40,577
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Table5. AUC comparison of the different models

This table shows the Area Under the Curve (AUC) wated after plotting the Receiver
Operating Characteristic (ROC) of each one of theetldiferent models on the test sample. The
AUC can be interpreted as the average ability ofrtioglel to accurately classify defaulters and
non-defaulters. The values in the brackets resofhfthe application of the different models on
the development sample.

Type of model
SME1 SME?2

US weights 0.64 n.a.

Only financial variables

UK weights 0.67 (0.71)  0.71(0.74)

Adding Qualitative info UK weights 0.76 (0.78) 0.75 (0.80)

Table 6. Classification accuracy rates of the different modls
This table shows accuracy rates of the two diffeneodels applied to the test sample. The values
in the brackets result from the application of difeerent models on the development sample.

Percentage Correctly Classified
Failed Non-failed Overall
SME 1 Model 76% (76%) 73% (75%) 74% (76%)
SME 2 Model 77% (80%) 73% (76%) 75% (78%)

Chart 1. Corporate Insolvencies in the UK 1975-2007
This chart shows the number of insolvencies inUKecorporate sector in the period 1975-2007.
The total is broken down by insolvency type, corspty and voluntary liquidations.
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Chart 2. Receiver Operating Curves for Z-score and full mdels including qualitative information

The two charts plot ROC curves for within- and ousafple model performance. Within sample we plet rtitodel

performance of the basic z-score model and theectow the fully enhanced model. The gap betweentwee curves

shows the extent of performance improvement whelitiadal variables are added to the basic z-scihes improvement
is also reflected in the AUC (Area Under the Cumstalistic. The hold-out sample charts include tasidz-score applied
using the US weighting structure as well as théchmscore with weights re-estimated on the UK damp
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Appendix A: Univariate analysis of the SME1 model'ssariables

SME 1 Variables

Mean Std. Deviation
Cash/Total Assets Failed 0.1254 0.2291
Non Failed 0.2649 0.3415
EBITDA/Total Assets Failed -6.7501 99.1122
Non Failed 33.0589 131.2077
EBITDA/Interest paid Failed 0.7388 31.4972
Non Failed 3.6580 33.9341
Retained Earnings/Total Assets Failed -0.0421 0.2236
Non Failed -0.0021 0.1282
Short Term Debt/Equity Failed 0.3399 1.2717
Non Failed 0.1306 0.7741
Audit Qualification- Severe Failed 0.0145 0.1196
Non Failed 0.0022 0.0469
Audit Qulaification - Going Concern Failed 0.0528 0.2237
Non Failed 0.0087 0.0929
Late Filing (log of days late) Failed 1.5230 2.0312
Non Failed 0.8920 1.6183
CCJ Number Failed 0.4101 1.4117
Non Failed 0.0258 0.2454
CCj Real Value Failed 131.8824 291.8617
Non Failed 11.3063 89.5378
Age 3 -9 Years Failed 0.4326 0.4954
Non Failed 0.4092 0.4917
Subsidiary Failed 0.2542 0.4354
Non Failed 0.2242 0.4171
Log of Age Failed 7.5236 1.0835
Non Failed 7.5132 1.1303
Subsidiary Negative networth Failed 0.0873 0.2822
Non Failed 0.0566 0.2310
AUDITED Failed 0.5118 0.4999
Non Failed 0.3373 0.4728
Size (log) Failed 12.4052 2.8367
Non Failed 10.7611 4.0716
Size squared (log) Failed 161.9349 62.7984
Non Failed 132.3799 77.4382
Industry Insolvency Failed -0.1254 0.4816
Non Failed 0.0792 0.4485
No Cash Flow Statement Failed 0.8529 0.3542
Non Failed 0.9177 0.2749

Failed = 24384 Non Failed= 2318764

Appendix B: Univariate analysis of the SME2 model'sariables

SME 2  Variables

Status Mean Std. Deviation
Retained Profit/Total Assets Failed -0.3799 1.5458
Non Failed -0.1320 1.6297
Quick Assets/Current Assets Failed 0.7554 0.2993
Non Failed 0.7816 0.3498
NetCash/Networth Failed 0.4262 1.7691
Non Failed 0.7937 2.0760
Current ratio Failed 1.2853 2.6964
Non Failed 1.7458 3.3180
Trade Creditors/Total Liabilities Failed 0.8036 0.2776
Non Failed 0.7711 0.3601
Trade Debtors/Total Assets Failed 0.4241 0.3010
Non Failed 0.2912 0.3156
Stock/Working Capital Failed 55.2050 187.6354
Non Failed 31.7451 131.9738
Size (log) Failed 11.7055 1.8298
Non Failed 10.2344 3.2021
Size squared (log) Failed 140.3662 35.5128
Non Failed 114.9958 49.7453
Change in NetWorth Failed -18.4766 211.3981
Non Failed 19.0742 174.0944
Change in Reta Failed -56.9872 290.1041
Non Failed -3.2406 214.8130
Log of Age Failed 7.3660 1.0260
Non Failed 7.4480 1.0674
Age 3-9 years Failed 0.4339 0.4956
Non Failed 0.4218 0.4938
Late Filing (log of days late) Failed 1.5548 2.0200
Non Failed 0.8474 1.5711
Subsidiary Failed 0.0634 0.2437
Non Failed 0.0586 0.2350
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Subsidiary Negative networth Failed 0.0287 0.1669

Non Failed 0.0165 0.1272
Audited Failed 0.2170 0.4122
Non Failed 0.1228 0.3282
Account Qualification _Going C Failed 0.0174 0.1309
Non Failed 0.0026 0.0507
Account Qualification _Severe Failed 0.0073 0.0854
Non Failed 0.0010 0.0323
Industry insolvency Failed -0.2026 0.4547
Non Failed 0.0132 0.4524
Number CCls Failed 0.5225 1.5078
Non Failed 0.0304 0.2560
Real value CCls Failed 312.2595 609.6046
Non Failed 22.6622 175.0598

Appendix C: Relationship between asset size and migency risk

This chart shows the relationship between the Vesaly rate and size of company measured by
assets. The purpose is to highlight the non-limelationship between insolvency rate and size in
the corporate population. Companies with low asseted are less likely to be forced into
insolvency by creditors since creditors are unjikel benefit from the process. As the asset base
increases insolvency proceedings become more tatgacAfter a certain threshold point
insolvency risk declines with company size.
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