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Abstract

A methodology is proposed to estimate loss givefaude (LGD), which is applied to micro-data of
loans to SME and corporations of an anonymous cawiaiebank from Central Europe. LGD
estimates are important in pricing credit risk, swgang bank profitability and solvency. The Badel |
Advance IRB Approach requires estimates of LGD dirwuate risk-weighted assets and to estimate
expected loss. We analyse the recovery rate dyadlgnmver time and identify the efficient recovery
period of a workout department. We focus on chapsive appropriate discount factor using a risk
premium based on a risk level of collaterals. Warete LGD and test empirically its determinants.
Specifically, we analyse generalised linear modslag symmetric logit and asymmetric log-log link
functions for ordinal responses as well as fortiomal responses. For fractional responses we gmplo
two alternatives, a beta inflated distribution anduasi-maximum likelihood estimator. We discover
that the main drivers of LGD are the relative vatiecollateral, the loan size, and the year of loan
origination. Different models display similar resulln more complex models, log-log formulations

sometimes perform better, implying an asymmetrspoase in the dependent variable.
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1. Introduction
The New Basel Capital Accord (Basel Committee onkag Supervision, 2006) has been created

with an objective to better adjust regulatory capiwvith the underlying risk in a bank’s credit
portfolio. The new Accord requires internationahks to develop and use internal risk models for
calculating credit risk capital requirement. Itoalls banks to compute their regulatory capital io tw
ways: (1) using a revised standardised approackdbas the 1998 Capital Accord which uses
regulatory ratings for risk weighting assets ory8ng an internal rating based (IRB) approach wher
banks are permitted to develop and use their ovenrial risk ratings.

The IRB approach is based on three key parameseid to estimate credit risk: PD — the probability
of default of a borrower over a one-year horizoGOL— the loss given default, the credit loss
incurred if a counterparty of the bank defaults &#&D — exposure at default. These parameters are
used to estimate the expected loss, which is auptaif PD, LGD and EAD. There are two variants of
IRB available to banks, the foundation and the aded approach. The difference is in estimation of
the parameters. In the foundation approach onlysP&timated internally, LGD and EAD are based
on supervisory values. In the advanced approagieadimeters are determined by the bank.

Most of the banks are prepared to use the foundatiproach, since they have already built internal
models to estimate PD. However, many banks areaeaagty to implement fully the advanced IRB
approach for the non-retail segment. This is bezaasmove from the foundation approach to the
advanced approach requires banks also to modeletedmine LGD.

Banks need to understand LGD, its components amtug associated issues. This research
contributes to propose a methodology to estimage ¢pven default and then apply it to a set of micr
data of loans to small and medium sized enterp(lSkHES) and corporations. The data were provided
by an anonymous commercial bank from Central Eur@ipe “Bank”). The access to a unique
database of loans enables us to show empiricatlyniag of defaulted loans recovery, cumulative
recovery rates and economic determinants of LGD.

The first contribution of our paper is hence thepmsition of a methodology for the advanced IRB
modelling of corporation and SME LGD. The majoritiybanks still do not possess advanced models
to assess riskiness of their credit portfoliosmariily due to lack of quality data. Additionally,
important assumptions about costs, discount facttianturn aspects and regulatory requirements
have to be made. The paper presents answers toitjnajbthese issues; it gathers currently used
methodologies, assesses their performance andstsgmressary details. The devised advanced IRB
methodology with possible options is useful for kmmo measure more accurately the riskiness of
their credit portfolio.

Specifically, we have focused our attention onaheice of an appropriate discount rate, which has a
critical impact on the ex-post observed LGD. Thisrao agreement about which rate to choose. We

discuss possible alternatives and state the mpsbppate options. Additionally, we have perfornsed



dynamic analysis of workout LGD in order to undeanst the timing and the process of distressed
loans recoveries. This information helps to inseethe bank’s internal workout process efficiency
what leads to a lower LGD. We are going one stejnéu beyond the requirements of Basel Il and we
analyse not only the ultimate result of the recgyepcess but also how this process evolves in.time
The second purpose of our paper is an empiricalysbased on the set of micro-data received from
the Bank. Based on the literature, we have propasedapplied three different statistical modelling
techniques in order to estimate determinants of UG® — (1) generalised linear models using
symmetric logit and asymmetric log-log link funet® for ordinal responses as well as (2) for
fractional responses using beta inflated distrdoutand (3) quasi-maximum likelihood estimator.
Moreover, several ways how to measure predictivBbpeance are suggested.

Our paper is organised as follows; the second@eds a brief literature review, the third section
tackles the issue of an appropriate discount th&efourth section focuses on characteristics 0DLG
from a modelling perspective and on a descriptibdata, the next section depicts the methodology
used, while the last three sections provide resytodness-of-fit performance measures and

conclusions, respectively.

2. Literature Review
Banks using the advanced IRB approach need to demsiommon characteristics of losses and

recoveries. These basic characteristics are bintpdseniority and type of collateral, businesslegc
industry and size of loan. The following studieplexed these characteristics for both bonds and
loans.

Recovery raté's defined as a percentage of recovered exposuigegdiite workout process tend to
have a bimodal distribution. Bimodality implies thmost of the loans have recovery close to 100%
(full repayment) or there is no recovery at allnkauptcy). Bimodality makes parametric modelling of
recovery difficult and requires a non-parametriprapch (Renault and Scaillet, 2004).

The second important issue is collateral of degalitlaims and their place in capital structure.lBan
loans are typically at the top of the capital sinoe implying generally higher recovery rates than
bonds. Recovery rate tends to be higher (i.e. L&kl¢ to be lower) when the claim is secured by a
collateral with high quality. Asarnov and Edward®95), Carey (1998) and Gupton et al. (2000)
confirmed that seniority and collateral matter. yrased primarily data from Citibank and Moody’s.
There is strong evidence that recoveries in regassare lower than during expansions, for instance
according to Carey (1998) and Frye (2000). Emplpyioody's data they showed that during
recessions recoveries are lower by one third.

Other studies by Grossman et al. (2001) and Achatyal. (2003) argue that industry is another
important determinant of LGD. Results of Altman akidhore (1996) provide evidence that some

industries such as utilities (70% average recoveoyhetter than others (e.g. manufacturing 42%).

* The same applies to LGD defined as 100% minus@vegy rate percentage.



The most ambiguous key characteristic is the siz loan. Asarnov and Edwards (1995) and Carty
and Lieberman (1996) found no relationship betwe@&D and size of loan on the U.S. market.
Thornburn (2000) obtained similar negative resoitt$wedish business bankruptcies. However, Hurt
and Felsovalyi (1998) show that large loan defexitibit lower recovery rates. They attribute ithe

fact that large loans are often unsecured, and &heyprovided to economic groups that are family
owned.

The most important studies focusing on the bank losrkets are the following. Asarnow and
Edwards (1995) analysed 831 defaulted loans dbdlik over the period 1970-1993 and show that the
distribution of recovery rates is bimodal, with centration of recovery rates on either the lowighh
end of the distribution. Their average recoverg iiat65%. Carty and Lieberman (1996) measured the
recovery rate on a sample of 58 bank loans foipreod 1989-1996 and report skewness toward the
high end of price scale with the average recovérgl®s. Gupton et al. (2000) report higher recovery
rate of 70% for senior secured loans than for unsecloans (52%) based on 1989-2000 data sample
consisting of 181 observations. The above studieasied on the U.S. market. Hurt and Felsovalyi
(1998) who analysed 1,149 bank loan losses in Latirerica over 1970-1996 find average recovery
rate of 68%. Another study by Franks et al. (206d)culate recovery rates of 2,280 defaulted
companies whose data was taken from 10 banks ée ttountries over the period 1984-2003. They
find country specific bankruptcy regime, which icalies significantly different recovery rate. Avezag
recovery rates are 53% for France, 61% for Gernaaualy75% for UK.

None of the above studies provide information anttiming of recoveries. Paper written by Dermine
and Neto de Carvalho (2006) is the first study molr authors take into consideration the timingias
important factor. Furthermore, this paper is thsttudy to apply the workout LGD methodology on
a micro-data set from Europe. They estimate LGDaf@ample of 374 corporate loans over period
1995-2000. The estimates are based on the discbvalige of cash flows recovered after the default
event and the estimated average recovery is 71®y fiid that beta distribution does not capture the
bimodality of data and using multivariate analythey identify several significant explanatory

variables.

3. Discount rate
In order to calculate LGD for a particular clientgost realised cash-flows have to be discounte# ba

to the time of default. There is no agreement alwhith rate to choose hence in this section we
discuss the possible alternatives and state thatsens which we believe are the most appropriate an
are used in our calculation of LGD.

A pre-defaultrequired ratek)® (a contract rate) to discount a stream of cashsflsuch as interest and

loan repayments can be decomposed into three canson

® ‘Discount rate’, ‘required rate’ and ‘expectederare usually used interchangeably and this is#se also in
this paper.



» arisk-free raterf),

« adefault premiumdgy),

* arisk-premiumd).
A risk-free rate represents a risk-neutral meaefieetime value of money and is typically represent
by a yield of government security such as a Tragabill or a Treasury bond. A default premium
included in the contract rate is a compensatiorefgrected reduction in received cash-flows due to
expected default and less than full recovery ofnpayts from some clients. For a specific pool of
clients with similar risk characteristics a bankreates a probability of default) and a recovery rate
(rr) to arrive at a default premium. A bank receivegeeted cash-flows which under risk-neutrality
are discounted by the risk-free rate to arrive het present value. A risk-averse bank, however,
demands compensation for the volatility of actuasteflows from expected ones, hence a risk-
premium is added to the discount rate. While thfawdepremium ensures that the return is at thellev
of risk-free rateon averageadding the risk-premium provides an additionahpensation (above the
risk-free rate) for the fact that the return mayldger inan individual caseThe intuition behind the
different risk components can be formalised by raylsiperiod case (e.g. Jorion 2007). Using the
notation already defined and assuming a loan witimgle cash-flow (full repayment) in one year, the
present value equals:

_$100 _ $100 _ $100 rr x$100

= = = x(Q-m+————m 1)
1+k 1+r,+9,+9,, 1+r,+9, 1+r1, +9,

The present value of the loan is simply a probighilieighted average of non-default and default €ash
flows. Please note that the full cash-flow is disted by the full discount rate (including the ddifa
premium), while the reduced (expected) cash-flowgsalint is without the default premium as the
default risk is already reflected in the parametemsnd rr. With 0% default probability or 100%
recovery rate, there is no default risk and thawakepremium term cancels out.

By rearranging the equation (1) and dropping-oatdcond order terms, the full discount rate can be
alternatively defined as the sum of the risk-fraee ra default probability multiplied by a loss v

defaulf and the risk premium:

k:rf-'-a-dp-'-a-rpzrf-'-ﬂ-(l_rr)-'-a-rp (2)

While the risk-free rate is directly observables tither parameters have to be inferred. Risk pmamiu
is of particular interest, as it is needed to daleuLGD (1-rr) from ex-post realised cash-flowsisl
determined by the level the risk-aversion of ingesti.e. how much they require for a specific leve

of risk. Maclachlan (2005) lists various proposaisvhich discount rate to use to calculate LGD from

® As already defined, loss given default = 1 — retpvate.



ex-post realised cash flolyswe briefly summarise the pros and cons of the tnmsmising
alternatives:

Original contractual loan rate — It is argued thatthis rate reflects the opportunity cost of Igsin
future payments and the risk of the client, hehoaight to be used. The problem with this appraach
threefold. Firstly, the risk (as reflecteddp) typically changes from the date of loan origioatto the
point of default and the original premium mightloager be representative. Secondly, if the expected
inflation reflected in the risk-free rate is sigo#ntly different, using contractual rate is not
appropriate. Thirdly, the contractual rate includles default premiumd(y) which must not be used
(as we have already discussed) to discount castsflinat have been already reduced by the
realisation of a default risk.

Lender’s cost of equity — Cost of equity of a basmk sum of a risk-free rate and a risk premiuraso
such it meets the definition of the rate in the atqun (1) to discount expected risky payments.
However, in general it is defined as one numberesgnting overall required rate of the bank
averaging out the risk of all future cash-flows. m®asure the LGD more reliably, we have to
distinguish between the risks and hence have diftaates to discount cash-flows with differenksis

Ex post defaulted bond and loan returns — Bradgl.e(2007) conducted a study using recovery
information of 1,139 defaulted bonds and loans filt®87 through the second quarter of 2005. The
database they used contained the information alpoatket prices of defaulted instruments,
information about recovered cash-flows and varicharacteristics of instruments such as presence of
collateral, S&P rating, industry code, debt stroetand instrument type. By equating 30 day average
price of the defaulted debt with recovery valudweyt calculated “the most likely estimates” of
discount rates. The factors found to be determitivegrisk premiuthwere obligor’s initial rating,
whether or not the industry is in a stressed cardét the time of default, relative seniority tther
debt and an instrument type. Regarding the instntitypes, point estimate of risk premium for bank
debt was 9.4%, in between of the range of otheegyfsenior secured bonds 4.1%, senior unsecured
bonds 23.1, senior subordinated bonds -1.1%, sutaded! bonds 0.6%). Bank debt sub-divided based
on other factors considered was not found signifigadifferent from the overall figure. However,
there is an important limitation of the data usselgured debt was not distinguished based on the
actual level of collateral (full or partial). Thergmium can serve as a useful benchmark in the
calculation of appropriate discount rate and &l used in this paper.

Systematic asset risk class — The next option (dMdthn 2005) proposes to use a systematic risk of
the asset class under risk. If the defaulted debecured by a collateral independent of the compan

the systematic risk of the collateral is to be useddetermine the discount rate. If the debt is

" For a large enough sample, under rational expentatex-post realised cash-flows are on averagesd
approximation of ex-ante expected cash-flows @tgdy, et al. 2007), hence these cash-flows abeto
discounted by ex-ante expected rate.

8 Risk premium is the difference between the computest likely discount rate and the average rigle-frate
for that period.



unsecured, the overall risk of company assets s etased. For calculation of the required premium
standard CAPMis used. This enables to distinguish between wariisks (discount rates) based on
different sources of net cash flows. Five levelslistount premiums were recognised, 0 basis points
(bps) for liquidation of cash collateral, 240 bps fiquidation of residential mortgage, 420 bps for
liquidation of small SME, 480 bps for liquidatiori lmrge SME, 600 bps for liquidation of high-
volatility commercial real estate (HVCRE), contitioa of the original contract and re-negotiation of
contract and the highest premium of 990 bps foua@ntee payment. We are going to use these
premiums to calculate different discount ratesther calculation of LGD. Compared to the previous
approach with flat 940 bps premium, this approaséns much less conservative as only the last
category has a higher risk premium. As one cliamtegally has more than one type of collateral, we
weight the risk-premiums based on the percentageadicular collateral out of the exposition at
default (EAD) to arrive at a composite discouneffatr a particular client.

In our calculations we tested flat LGD premiume3% (each time increased by 1%) and the 9.4%
premium. Increasing the premium by 1% resultedninngrease of LGD by approximately the same
percentage point. This relatively small effect isedo relatively short average workout period and
significant portion of payments received in eargays of workout periods. Additionally, LGD was
calculated using different premiums for each askests of collaterals. The resulting average LGD is
similar to the flat premium of 5% which is in thenge of currently accepted equity risk premiim
reflecting average risk premium required by investé\s we consider using asset class premiums as
the most plausible approach, LGD calculated by dpigsroach was used in further calculations. The
effect of application of this discount rate is simowFigure 1below.

40%

30% -

20% -

10% 1

0% -

LGD1 LGD 2 LGD 3 LGD 4 LGD5 LGD 6

B Without a discount factor M With asset class discount factors

Figure 1 —The effect of a discount factor on LED

4. Determinants and Modelling Issues of LGD
In this part, we describe the portfolio that is lgsed in the paper and discuss determinants and

modelling issues of LGD.

® CAPM — Capital Asset Pricing Model.
19 Equity risk premium is the difference betweenrirn of stocks and risk-free government bonds.
" LGD grades 1 to 6 are based on Moody’s gradesiasdribed in the next chapter.



Data sample
The original data sample is based on all availaidrical closed files for 1989—-2067nd all open

defaulted issues. In the first step we used afieddiles. Secondly, we decided to enhance theelata
and we included those non-closed files whose reggweriod was currently longer than the effective
recovery period. After twelve quarters of the warkprocess recovery increases only slightly. Hence,
in these cases we do not expect significant ineredsrecovery rate in the remaining part of the
workout process. We are aware of the fact, thategtimation of LGD could be overestimateds a
result of inclusion of non-closed counterparties.

Additionally, we decided to split the sample intgot parts; the first subsample includes the cases
closed within a year whereas the second part aontdefaults with longer recovery period.
Observations with a very short workout period §kedpresent special cases that are different from a
normal workout process. These might be either ‘et defaults” when a client falls in the defipiti

of default for temporarily having past due obligas (LGD close to 0%) or the cases of frauds with
LGD close to 100%. Possibly different determinasftt GD might be important for each subsample,
so we will analyse the whole sample and each otibsamples separately. The overall LGD is 52%,
for files closed within a year the figure is 16%hile for the second subsample LGD amounts to
6096,

The observations are aggregated at the level dieat,caltogether there are several hundred data
points®. For each default case the amount of cash flosesived from the workout proce8snd their
timing are available together with other data aée by the workout department such as exposure at

default, type and amount of collateral, type ohloa year of loan origination, etc.

Typical Risk Drivers
In general, features of our data sample are c@mistith the characteristics described in thedifare.

There is a signal that counterparties with largaDEand a longer workout period have higher LGD.
Counterparties operated in a particular industogaehave lower LGD; for instance in the machinery
sector there is two times lower LGD than in agtietd sector. The graphs also indicate that more
experienced counterparties result in a higher regorate and there is strong evidence that the Bank
has lower LGD on more secured counterparties.dstigrgly, the length of the performing loan period
has a negative effect on the bank recovery ratalllyj counterparties originated and defaultechin t

early years of the sample have significantly high®b than the more recent defaults. More recently,

121n the early years of this period, however, nbtlefaults were recorded and some of the informatias
misssing. Moreover, recent defaults are not cl@setithe workout period is short, so the data aténctuded in
our dataset. The majority of quality data is fag geriod 1995-2004.

13 0n the other hand, as we have noted, employisgaiproach is an indication of downturn LGD.

4 For comparison with some of the studies whichtdel only closed files, the second subsample can be
further divided into closed files (LGD of 34%) aaden files (LGD of 67%).

5 A more exact number of observations is not presetu preserve confidentiality of the Bank.

1% The cash flows from the workout process equalve amount minus direct costs of recoveries.



a defaulted counterparty has a shorter recoveripgexs it is shown in the figure, indicating that

workout process is getting more efficient.

5. Methodology
The following paragraphs describe how the data vpeoeessed before carrying out the regression

models. Missing data are handled in the followirays:

* Observations with missing data are excluded froendataset. This option was used in the cases
when data necessary for modelling is missing, sisch collateral value.

» Missing data are added, replaced by an averageediam value of the portfolio, replaced by a
lower or higher cut-off. The age of counterpartaisexample.

* Missing data are not replaced neither those obsenvare excluded. These data currently are not
essential for modelling and was kept as unchanidjaedtrative factor is related to the industry
where the missing industry was coded as one ldorfjawith data where the industry information
was available.

Outliers are detected based on the distributioa fafctor and an expert judgment. A specific issue i

the age of the firm for private persons. In theecak outliers, the appropriate conservative cut—off

value is applied, which is determined based onntleelian, quantiles and power statistiasf the
factor.

Different types of data need different transformatiand adjustment in order to receive a more

powerful model. For continuous factors normalisim@pplied after the elimination of outliers. Thss

useful when in the model variables like EAD areluded (with a wide range of O to hundreds of
millions in currency units) and factors like agecotinterparty (with a narrow range of 0-30 in ygars

For categorical factors transforming into dummyiafles is carried out, such as a year of default,

year of origination, number of collaterals. As dtermative for factors, collateral type or industry

grouping similar categories into one class is eygdlo The model should distinguish basic types of
collateral and industry.

We have used four collateral type classes basethemisk aspect of the collateral, similar to the

classes used in the calculation of the discoust rat

Class A: low risk — cash, land and residential esshte
Class B: lower average risk — movables and recgab
Class C: upper average risk — commercial realestat

Class D: high risk — securities and guarantees

In the datasets there are 30 industry groups, wapgd them into fewer categories based on two

classifications inrable 1

" The power statistic is measured as accuracy defioed in Sobehart and Keenan (2007).



Standard Industry Codes (SIC) Alternative industry classification

A | Agriculture, Forestry, And Fishing AAviation and Transport Services

B | Mining B | Business Services

C | Construction C | Consumer Business

D | Manufacturing D | Energy and Resources

E | Transportation, Communications, Electric, Gas &aditary Services| K Financial Services

F | Wholesale Trade F | Life Sciences and Health Care

G | Retail Trade G | Manufacturing

H | Finance, Insurance and Real Estate Public Sector

| Services | | Real Estate

J Administration J | Technology, Media and Telecommunications

Table 1 —Different industry classifications

Additionally, we “compressed” the alternative inttysclassification even further by having only two
groups, the first one containing the “new industriéFinancial Services, Life Sciences and Health
Care, Technology, Media and TelecommunicationsBuginess and Consumer Services) and the rest

being the “traditional industries”.

Explanatory variables used
From a statistical modelling point of view, fact@s divided into continuous factors (can be of any

value), categorical factors (can be of only certaimber of values) and dummy factors (can be of two
values — zero and one). However, from a practicattpof view factors are divided into four main
categories. We list the variables that are avaldbl our analysis and ifiable 2we show those
determinants of recovery which are actually usethenmodels.

Counterparty related factdfs industry classification, age of the company a tlefault, year of
default, year of company origination, year of l@aigination, and length of business connectiornat t
default.

Contract related factors type of the contract, exposure at default, irserate on the loan, tenure, and
number of different type of contracts.

Collateral related factors: collateral type, catal value by type, aggregate collateral valudataral
value relative to the EAD, collateral value as acpptage of aggregate collateral value, number of
collaterals, and diversification as a number dfedént collaterals.

Macroeconomic factof8are not analysed, because the dataset is relasiielt.

18 Other possible counterparty related factors degial form of the company, size of the companybphility
of default one year before default, length of tispent in default, intensity of business connecéismlistance
from the domicile, financial indicators such asftatility, liquidity, solvency, capital market iiat strucutre of
the balance sheet, stock return volatility.

9 Other possible contract related factors are siépiof the loan, and size of the loan.

2 possible macroeconomic factors are default ratesest rate, GDP growth, inflation rate, industry
concentration.

10



Recovery rate determinants [ Type | Correlation
Counterparty related factors

Age of a counterparty Continous Positive

Length of business connection Continous ?

Year of default before 1995 Dummy Negative

Year of loan origination before 1995 Dummy Negative

New industries Dummy ?

Industry not specified Dummy ?
Contract related factors

Exposure at default Continous Negative

Number of loans Categorical ?

Investment type of loan Dummy ?

Overdraft type of loan Dummy ?

Revolving type of loan Dummy ?

Purpose type of loan Dummy ?
Collateral related factors

Collateral value of A relative to EAD Continous Rive

Collateral value of B relative to EAD Continous Rioe

Collateral value of C relative to EAD Continous fos

Collateral value of D relative to EAD Continous Rioe

Number of different collaterals Categorical Positiv

Table 2—Recovery rate determinants used in the models /pariable and expected correlation with recovezie)

Multivariate analysis
Three different generalised linear models are adgh order to estimate determinants of the LGD —

the first one uses ordinal responses of dependeidble, the other two employ fractional responses
either assuming beta inflated distribution or a engeneral model estimated by the quasi-maximum
likelihood estimator. In all three cases logit dnd-log link functions are used. As a benchmark,

firstly classical linear regression model was usefit the data.

Models with fractional responses using quasi-maxinm likelihood estimator
Since LGD is a continuous variable typically bouthdéthin the interval [0, 1], we need to map the

limited interval of LGD onto potentially unlimiteiterval of LGD scoresf(x). For this procedure a
Generalised Linear Models (GLM) with an appropriat& function can be used (McCullagh and
Nelder, 1989). Several link functions are possilie have applied the logit and log-log links, which
are the most common and enable us to capture dastymmetric (logit) and an asymmetric case (log-
log). The quasi-maximum likelihood estimator (QMdgscribed below does not assume a particular
distribution and it is hence more flexible to fietdata than a model using a particular distriloutio
If we denote the transformation function@s.), the logit link using the logistic function is

exp@ +p'x)
1+exp@+p'x)’

G(a +p'x) =

the log-log link using the extreme value distribuatifor dependent variable (the standard Gumbel’s
case) is

Gla+px)=e=""",
and the complementary log-log link is

Gla+px)=1-e"".

11



To estimate this GLM we use the non-linear estiomapirocedure which maximises a Bernoulli log-

likelihood functiorf*
L (a,b) = y[logG(a+b'x,)]+ @~ y)log[L- G(a+b'x,)].

wherea andb are an estimated value a@fandf.

Models with fractional responses using a beta distsution
A beta distribution has also been used to model L@D example in the commercially available

application LossCalc by Moody’s (Gupton and St@id02). This approach assumes that LGD has a
beta distribution. As the values of the distribatitself are bounded within the range [0, 1] a link
function has to be used to map LGD scores intoititeyval. Again, we have used the logit link and
the log-log links. As LGD of 0% or 100% are valwesich are normally observable and have hence
non-zero probabilitieg, andp,;, we have used the inflated beta distribuffomith the location, scale

and two shape parameteisg, v, andr respectively that allows for O and 1 defined by

Po
1 if y=0
f,(ylpov,r)= @-m-pJBw[”W“@-yV* fo<y<i,
' fy=1
P,

for 0< y<1, wherex = u(1 -6 /0% = (L —)(1 =6%) | %, po =v(1 +v + ), p1= (1 +v + 1) " soa
>0,8>0,0<py<1,0<p;<1-—po

The estimates @3 of this GLM model were produced using maximum litkebd.

Models with ordinal responses
As an alternative technique, we have modelled 6érelis LGD grades defined earlier using ordinal

regression instead of continuous dependent variaséel in the previous mod&lsThese models
might be more appropriate if we expect default sasde homogenouwsithin a LGD grade but being
different betweengrades, either by having a different responseattofs (differen§) or a different
likelihood of a default case to fall into a partenugrade (a different intercept). The ordinary
regression model using cumulative logit link fuoctis defined as:
: : PlY < j|x
logit[P(Y < j |x)]=|og1_ I(D(Ysj lj |)X)

7, (x) +...+ 71 (x)

7)o ()

=log

Ci=1...,3-1

2L For further technical details and practical agliins see Papke and Wooldridge (1996).

2 This definition of beta inflated distribution is$ed on (Stasinopoulos D. M. et al, 2008).

% Since LGD grades are a dependent variable in ardégressions, we have used recovery rates (nbf) L&
a fractional response to have the same sign ahastd coefficients in both cases.
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Each cumulative logit uses allresponse categories. A model for logifF{(j)] alone is an ordinary
logit model for a binary response in which categ®d tg form one outcome and categorjesl toJ
form the second. A model that simultaneously uiesimulative logits is
logit[P(Y < j Ix)]=a, +Bx, j=1..,3-1
Each cumulative logit has its own intercept. Thg &re increasing if, since PY{ < ]| X) increases i
for fixed x, and the logit is an increasing function of thislmability. This model has the same effegts
for each logit and we have used it since we considesame effects in each grade as appropriate; we
allow for different intercepts.
To fit this special case of the GLM, laty( ..., y;) be binary indicators of the response of the respo
for subject. The likelihood function (e.g. Agresti (2002)) is

Ill{ljilﬂj(xi)yu}z;_; Y<j|x (ng_1|xi))yij}
( expla, +B'x)  exda,, +Bx) ]yu
)

[t

1+ exr(crj +p xi) 1+ exda'j_l +B'X,

It is minimised as a function of different inter¢ep; and common slope coefficierifor each LGD
grade.
The complementary log-log link for ordinal regressimodel is defined as

log{-log[1-P(Y < j|x)}=a, +Bx, j=1..,3-1.

With this link, P{Y <j) approaches 1 at a faster rate than it approdthes
The log-log link

log{-log[P(Y < j [x)} =a, +B'x, [=1..,0-1

is appropriate when the complementary log-log hiokds for the categories listed in reverse order.

Selecting the appropriate model
In order to select the most appropriate model, sam@monly used procedures are followed.

Continuous variables are plotted against LGD (agairest LGD grades for ordinal responses) to get
“a feel” of the underlying relationship. Similarlgategorical variables are tabulated to form an
expectation of a potential relationship. Moreovarfrequency table provides information whether
there are enough counts for each cell to estingligbty the effef. Thirdly, univariate regressions
using each explanatory variable separately is padd to see the effect of each variable independent
of the other effects. Then all potentially plausibblariables are put together in a regression model.
Afterwards, variables not contributing significantb the explanatory power of a model are gradually

eliminated from the model (backward eliminationgéa on Akaike (AIC) and Schwarz information

% This is important for ordinal regression as weehsix grades and we have to have enough obsevétions
each explanatory variable in each grade.
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criteria (SIC). For models where continuous depanhdariable is estimated and a specific distributio
is assumed, worm plot for residuals (van Buureal.e2001), and QQ-pldtswere utilised to have a

visual indication of normality of residuals.

6. Results
The results presented in the following sectionsigiginore conservative SiCreveals interesting

findings. As expected, collaterals of class A ankda@e a positive and strong effect on recoverysrate
These collaterals represent land, residentialesi@te, cash and commercial real estate; henaeither
no surprise to find a strong positive relationshifgher proportion of collateral as a % of EAD
increases recovery or likelihood of recovery. Ogr tither hand, a year of loan origination has a
negative effect. There are two categories of lotres]oans originated before 1995 and the loans tha
started later. It was much more likely to encoumigh LGD before 1995 than afterwards. Negative
sign for loans originating before 1995 indicatet thigher the workout process is getting more effiti

or recoveries improve in time per se. During 199D=ntral European economies experienced
economic transition and stabilisation in the sechald of the decade and later could be a factor for
this recovery improvement. EAD is the next variaBignificant in almost all the models. The
correlation with recoveries is negative, for higheans recoveries tend to be lower. The first
explanation from the literature could be a weak#t between the management and company results
in the case of big companies having high bank lodhss contradicts the assumption that a bank
intensifies the enquiry of the creditworthiness #mel monitoring of the borrower for high loans. The
second explanation could be high leverage of bigpamies and violation of the absolute priority rule

If a big company defaults, there are many creditmpeting for the company’s assets so the
recovery for a bank can be small. The effect okotariables is not so unambiguous and the results
are different for different models, the specifics discussed for each class of models.

There are different determinants of LGD for the tstdsamples and the whole sample. The main
reason is that subsamples contain different typeedfult cases so the important factors and the
estimated coefficients are different. Subsampladéfgults with longer recovery period than 1 year)
has a relatively high concentration of high LGDe tmost important factors are EAD, year of loan
origination, and collaterals of A and C class. @a bther hand, subsample B (default cases closed
within a year) observations concentrate close to E&D and there is a smaller number of significant
explanatory variables. These are EAD and a numbédifferent collateral types. Specific collateral
values are not so important for these cases, bedhese are mainly better clients with temporarily
problems and the problems are usually cured sodltateral is not realised. However, the preserice o

collateral is important.

% In the QQ-plots sample values are plotted ag#iesiretical values predicted by a distribution.
% AIC yields similar results but allows more varieblto be included in the models, we report onlyltedased
on SIC.
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For the whole sample, not all determinants of L&&nT each subsample are significant. This can be
explained by the fact that the whole sample hasnsodal distributioh” so some of the LGD
determinants from each subsample offset each athiae whole sample. The best fit for the whole
sample is achieved for models with ordinal respsnagich are able to capture the bimodafitior
subsample A the best results are obtained by tlearimodel, although the difference in performance
measured by the power statistic compared to ther otfodels is not significant. For subsample B, the
guasi-maximum likelihood estimator with the log-llogk function provides the best results due to the

ability to capture the asymmetric response.

Classical linear regression model
The linear regression model as the benchmark isithglest case in which a continuous recovery rate

variable is regressed on a linear combination gfiaaatory variables. The major drawback of this
method is that the predicted values can be outk@eange [0, 1].

Rather surprisingly, the simple linear model iseatib remove” bimodality of the whole sample as
shown by residuals which are inside the boundsoofidence intervals of the worm plot, close to
normal quantile in the QQ-plot as showrHigure 2below.

For the whole sample and subsample A there arentwe significant variables apart from the
common factors discussed in the previous subsedtiength of business relationship has a strong
negative effect on recovery rate. For clients vathg relationship lower recoveries can be explained
by a less prudent attitude to “familiar” clientsn @he other hand, a number of different collateral
classes of a client (a proxy for diversificatiorgsha positive impact, but the effect is weaker. For
subsample B, a number of loans and different lgpad are the additional determinants, but compared
to EAD their quantitative impact is rather weak tihe whole sample only the overdraft type of loan

remains significant.

Worm Plot Normal Q-Q Plot
w E)
p L o
© =
C
c - c
kel FNE B S
®O P ot i, o
S (@] - Sl oﬁ‘ m
[0 s L o @ |
[m)] - %F:
0 o] C}l B
o w o
1 T T T T T T
3 2 -1 0 1 2

-4 0
Unit normal quantile

4

Theoretical Quantiles

Figure 2 —Tests of normality of residuals for the linear mioglee whole sample)

2" Subsamples have rather unimodal concentratioereith the left side with zero LGD (subsample Bpoithe
right side with high LGD (subsample A).

2 Alternatively, instead of using the whole sampeestimate the parameters, a model for the whatepka
could be constructed as a combination of two moldated on two subsamples. However, for such model i
necessary to estimate probability of counterpasiotging into one of the subsamples. Such estimato
beyond the scope of our paper.
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Models with fractional responses using quasi-maxinm likelihood estimator
Applying the asymmetric log-log link functi6hto regress continuous recovery rates estimated by

guasi-maximum likelihood yields better results titaa logit link function especially for subsample B
where there is a high concentration on zero LGD.

For subsample A, collateral of class A and C aloni a year of loan origination are the major
determinants of LGD. EAD which is strongly negalyveorrelated to the collateral classes appears
not to be a significant factdr In the subsample B, factor EAD with number off@fiént collateral
type are the main drivers. Strong negative effdcEAD for loans closed within a year can be
explained by the fact that defaults on high expesimndicate a real problem (possibly a fraud with a
very low recovery) whereas small exposures areerattchnical defaults which are cured with low
LGD.

Models with fractional responses using a beta distsution
The fit employing the inflated beta distributiondathe logit link is very similar to the log-log k#-

Logit reasonably fits the data, although the fivisrse for higher recovery rates.

Compared to the other models, collateral of clagse8idential real estate) is not significant fay a
subsample. The model for subsample B, identifyhasadditional important factors collateral of class
B (movables and receivables), age of counterpamty langth of business connection, as well as
different type of loans. Moreover, collateral ods$ C has a negative impact, offsetting the pesitiv
influence from subsample A and hence making it gim$icant in the whole sample. These
singularities can be explained by the assumptidretd distributed errors. The other factors afde

with the previous results.

Models with ordinal responses
This kind of models was not applied on the subsarBptlue not sufficient number of observations for

each LGD grad8. Increasing the length of business relationshimsueed as a period between the
date of bank account opening and a date of defi@giteases the likelihood of low LGD, similarly to
the classical linear model. Also consistent to jnas results, a higher number of different collaker

types and older counterparty increase the prolyabililow LGD. Loans types (apart from overdrafts)

and other variables proved not to be statisticgitipificant determinants of LGD.

% Determinants of recovery rates for the logit anthplementary log-log function are shown in the siamm
table in Appendix.

%0 However, a larger sample would enable to distisiytine effects of highly correlated factors beded we
expect EAD to have an impact.

3. The log-log and complementary log-log links araiaghown in the summary tableAppendix

32 Moreover, also results of log-log link model are available as only differently skewed complementag-
log link could be estimated. The complementaryllmgylink is again shown in the summary tablédppendix
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7. Comparing goodness-of-fit of the models
Goodness-of-fit summary measures offer an overalication of a model fit. Out of parametric

performance measures, mean square error (MSE), rabaolute error (MAD) and correlation

between observed and modelled LGD have been eedliuatcompare suggested models predictive

power. The outcomes from correlation are listed@able 3

Correlation
Model Subsample A | Subsample B| Whole samplg
Linear model 0.603 0.841 0.602
Fractional response Logit link 0.580 0.846 0.536
Fractional response Log-log link 0.557 0.829 0.574
Fractional response Complementary Log-log link 8.57 0.820 0.534
Fractional response Beta - Logit Link 0.540 0.755 .550
Fractional response Beta - Log-log link 0.541 0.784 0.543
Fractional response Beta - Complementary Log-lok i 0.511 0.647 0.550
Ordinal response Logit link 0.548 n/a 0.610
Ordinal response Complementary Log-log link 0.563 /a n 0.605

Table 3 —Parametric performance measure - correlation
MSE, MAD and correlation coefficient measure mopletformance parametrically and are sensitive

to a model calibration. In contrast, a power dfiatis a non-parametric measure that focuses on the
ability to discriminate “good” from “bad” outcomesithout being sensitive to the calibration. It
indicates a model’s power and ranges from zerameo ti provides information about different aspects
of model performance not registered by the abowvetioreed measures.

The Power statistit is commonly used for PD models, where there alg two possibilities — a
default or a non-default. However, in LGD modelp&®dent variable is continuous. In order to apply
power statistic, it is necessary to defined whatdesidered as “good” and what as “bad”. In this
paper we propose three different alternatives.hmn first, “bad” are those observations where the
observed LGD is higher than the average LGD. Sdgoridad” are those observations where the
observed LGD is higher than the"7percentile of the LGD. Finally, “bad” are thosesebvations
where the observed LGD is higher than th& @Brcentile of the LGD. Results for the first case
reported inTable 4%

Bad = above average LGD

Subsample A (> 1 year)| Subsample B (< 1 year) WhoSample
Model Power Power Power

Statistic SE Statistic SE Statistic SE
Linear model 62.4% 22.5% 61.6% 23.6% 72.0%  26.3%
Fractional response Logit link 57.89 21.8% 68.3p6 .692 69.3% | 24.9%
Fractional response Log-log link 55.2% 21.3% 69.2% 20.1% 67.7% | 25.0%
Fractional response Complementary Log-log link % .2 21.1% 68.3% 20.7% 69.09 25.006
Fractional response Beta - Logit Link 56.4% 16.8%| 9.7% 20.3% 68.4%| 20.9%
Fractional response Beta - Log-log link 59.9% 15.6%| 56.8% 21.2% 71.0%| 19.5%
Fractional response Beta - Complementary Log-loig li 53.7% 16.7% 52.1% 14.9% 68.5% 21.0%

Table 4—Binary power statistic (Accuracy ratio) of modeladb- above average LGD

Alternatively, ordinal power statistic can also &eplied for LGD models. This statistid gble §
measures the ability of a certain model to difféega between any numbers of rating categorieken t
correct order; hence it is particularly for the ioed response models. The results are similan dise
previous case.

* The Power statistic is described for instance upt@n and Stei(R002)
3 The tables for the other two cases are presentédpendix
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Subsample A (> 1 year) Subsample B (< 1 year) Whole Sample
Model Power Power Power

Statistic SE Statistic SE Statistic SE
Linear model 64.4% 4.0% 87.29 8.8% 70.8Y 3.6
Fractional response Logit link 60.49 4.3% 88.5% %.7 66.5% | 3.9%
Fractional response Log-log link 57.7% 5.0% 89.5% .4% 65.5% | 3.5%)
Fractional response Complementary Log-log link 9.3 4.0% 88.7% 7.8% 66.694 4.2%
Fractional response Beta - Logit Link 58.6% 4.9% .97 16.8% 67.1%| 3.69
Fractional response Beta - Log-log link 58.5% 5.4% /| 69.0% 19.8% 66.8%| 3.8%
Fractional response Beta - Complementary Log-log li 55.7% 4.7% 55.79 21.5% 67.4% 3.6%
Ordinal response Logit link 58.3% 4.5% n/g n/a 92.0 2.8%
Ordinal response Complementary Log-log link 61.1P6 .898 n/a n/a 71.8%| 3.8%

Table 5—Ordinary power statistic of models

For both versions of power statistics, the lineardsi, fractional models using quasi- maximum
likelihood and ordinal response models perform Isirtyi and relatively well in absolute terms. Power
statistic is generally higher for the subsample hBwever, in the case of beta distribution the
difference compared to the whole sample is not igmifcant and it is even negative for

complementary log-log link.

8. Conclusions
In this paper, we analysed several aspects of tdomoenic loss. Particularly, we focus on an

appropriate discount factor and timing of recoveayes to identify the efficient recovery period.
Various statistical models are applied to test eicglly the determinants of recovery rates. We find
out that the main drivers are a relative valueaateral, a loan size and a year of the loan paton.
Different models provide similar results. As foettifferent links in more complex models, log-log
models in some cases perform better, implying gmeasetric response of the dependent variable. All
the models performed relatively well when the oltditzof the different models is assessed. However
models with the commonly assumed beta distribugiciieve slightly worse results and hence are not
deemed optimal for our data.

From a policy perspective, our paper provides awidethat workout LGD is a viable option in credit
risk estimation despite various methodological iclifities. In this study, we try to provide a
reasonable detail of various issues to be tackhedproposed methodological alternatives how cope
with these issues.

To account for different determinants of LGD foffelient workout period we split the sample into
two parts, the first one being the defaults clogadttiin a year while the second subsample are the
defaults with longer recovery periods. We show ttiffierent determinants are important for each
subsample and the effects are then aggregatedeirwhivle sample. For short recovery periods,
exposure at default is the most important factppteamented by existence of a number of collaterals
classes. For the longer recovery periods, the wéadioan origination and values of real estate
collaterals are the major determinants of LGD. Galhe other factors such as the length of business
connection or overdraft type of loan appear in sofrtbe models but their effect is weaker.

In this study we answer majority of issues in LGDdwlling of advance IRB approach. Nonetheless,

there are several ways in which our research campeved. Firstly, a similar study can be doneaon
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larger sample of data and hence some of the eftaxtkl be estimated more precisely. Secondly,
correlation of recovery rate and probability ofalgt, effects of macroeconomic factors and downturn

LGD should be thoroughly analysed for a complet®L@odel.

9. Appendix
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Linear model A -0.230 | 0.411 0.395] -0.19y  0.079 -0.283
Fractional response Logit link A 2.552 2.565 .2726 -1.62
Fractional response Log-log link A 1.802 1.599 -1.032
Fractional response Complementary Log-log link A .607 1.679 -0.939 -1.25¢4
Fractional response Beta - Logit Link A -1.426 968 -1.364 -0.725
Fractional response Beta - Log-log link A -0.730 0.716 -0.797| -0.424
Fractional response Beta - Complementary Log-loig lf A -1.230 -1.121) -0.611L
Ordinal response Logit link A -2.500 2.799 2.338 -1.208 | 0.581 -1.769
Ordinal response Complementary Log-log link A -B64 1.329 1.382 0.724 -0.943 0.367 -0.980 -0.507
Linear model B -2.250 0.211 -0.369 -0.097 0.1%4  0.1p5 0.143
Fractional response Logit link B -27.24D D14
Fractional response Log-log link B -15.950 58R
Fractional response Complementary Log-log link B 3.096 0.936
Fractional response Beta - Logit Link B -24.382 854 | -2.227 1.329 1.90d 2.984 1.718 0.909 43.
Fractional response Beta - Log-log link B -20.540 1.766 | -2.318 1.074 2.014 0.814 2.418 1.702 094.| 1.527
Fractional response Beta - Complementary Log-loig li B -9.435 0.456 0.581
Linear model A+B | -0.330 | 0.359 0.329 -0.17p  0.103 -0.2P8 0.186
Fractional response Logit link A+B  -2.873 €66 -1.567 1.008
Fractional response Log-log link A+B  -1.12 1.491 1.612 -1.128 0.825
Fractional response Complementary Log-log link Ar-B-2.254 0.471 -1.247 0.591
Fractional response Beta - Logit Link A+B  -1.94p 0.311 -1.390 -0.694% 0.84p
Fractional response Beta - Log-log link A+B  -0.989 0.191 -0.830 -0.44% 0.636
Fractional response Beta - Complementary Log-ioig If A+B | -1.504 0.237 -1.088 -0.454 0.500
Ordinal response Logit link A+H -3.471 2.242 1.802 1.202 | -1.348] 0.652 -1.796 -0.811 1.183
Ordinal response Complementary Log-log link AtB 218 1.144 1.050 0.724 -0.833  0.437 -1.402 9.16 0.632

Table 6 — Summary of significant determinants for all modaid samples
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