Corporate loan PD modelling using external data

Dimitris Papanastasiou, Kah Guan Mok"

Abstract

Basel Il IRB framework requires the Probability D&fault (PD) rating
system, and its reaction under a stressed scenarime supported by a
long history of data. Irrespective of the caliboatimethodology, the
underlying data is clearly the major factor in emnsy a robust approach is
adopted. Addressing the issue from a corporatdrigrizthnk's perspective,
this paper demonstrates in practice how an exteaialset can be used to
complement the internal information in three maieaa: estimation of
forward looking PD, forecasting of PD in a stresssxknario, and
modelling of the rating transition dynamics.

1 Introduction

Financial institutions primarily employ PD model® tsatisfy regulatory
requirements with additional uses including measrd of obligor creditworthiness
and risk based pricing. Traditionally PD modelling corporate lending adopts a
"fundamental” approach whereby the probability @fadilt is modelled on the
obligor's performance reflected in the financiatsiments. Ratios are constructed
from financial statements to capture different aspef an obligor's creditworthiness
and the model output will be a credit score. Theglitrscore is then transformed into a
PD through a calibration process giving a more wstdadable rating that can be
interpreted by business users.

The credit score can be calibrated to Point-in-T{{g&) or Through-the-Cycle
(TTC) PD ratings but in either case the long ruerage default rate (LRDR) of the
portfolio needs to be estimated. Most financiatitnsons do not have adequate data
covering the full economic cycle required to estenaBRDR and therefore need to
rely on external data. There are a number of cdoeéghallenges in using external
data to infer historical internal portfolio perfoamce. Several adjustments are
required to reconcile external data to the intep@ifolio in order to estimate the
historical portfolio composition and subsequentig tRDR. This paper presents a
practical example of the steps that may be takeathdeve this reconciliation as well
as the modelling techniques to forecast the PDratidg transition dynamics. The
methodology can be augmented to suit other corpgrattfolios to satisfy business
use and regulatory requirements.

The paper is structured as follows. The data sedirst defines the data sources
and assumptions and then proposes a PD ratingnsytstdbe used throughout this
paper. The methodology section discusses the agipré@ derive the internal
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portfolio’'s dynamics based on external data, arsgrdees the PD forecasting model
and rating transition model. The results of theppsed methodology are presented
and discussed in the last section.

2 Data

2.1 Data sources
Two principal data types, financial and macroecoiecpare employed in this study as
described below.

Financial Data

Financial filings and default information comes nrahe Jordan's Companies
House database that contains financial informatowr3,044,577 companies, with a
total 11,837,130 annual observations. We approxardataults by insolvency related
events, which are captured by the filing typeswaamarised in Appendix 1. This is
an assumption in relation to default recognitiod mould need to be accounted for as
described in the following section.

A cohort based approach is adopted for default minge We only include
companies in a given cohort (either semi-annuaroral) if they have not filed for
any of the insolvency types (Appendix 1) in anyvmas cohort, and if they have
financial information for up to 2 years prior toetlbohort's starting date. The 2 years
period allows for any possible changes in the figear reporting dates or any late
submission that is not yet updated in the datab&se.excludes companies that miss
reporting deadlines regularly, or report incomplatzounts, and therefore can be
classified as having less reliable data. A defesutecorded in the first instance when
a company files for any of the insolvency typed\ppendix 1, given that it is live at
the start of the given cohort.

For the purpose of this study, a subset of obliglansm Companies House is also
used as the development sample to parameterigttimeodel.

Macroeconomic Data
Macroeconomic data is mainly sourced from Data8trear alternatively from
public sources such as the Office of National Stiag (ONS).

2.2 Portfolio Definition

External Portfolio
To illustrate the concept of using an external skettéo forecast and stress test the

performance of a bank'’s historically limited cogerportfolio (thereafter thaternal

portfolio), we restrict the scope to medium to large UK cam@s. To exclude the
small SMEs from the Companies House dataset, welef&ted £50m turnover cut-
off point as a proxy of size classification. Thigset of the full database defines the
external dataset

The following data assumptions are made to endwatethe external dataset can
be used to model the internal portfolio:

— Data Assumption 1The external portfolio covers both contracting ammbming
economy periods and therefore is suitable to deaveng run average default
rate (CEBS 383)Under Basel Il framework banks are required to aseng
history of default data to build PD models. Wheneatternal dataset is used, it
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should contain the peak and trough of an economdecin order to fulfil
regulatory modelling requirements.

— Data Assumption 2The internal portfolio is a subset of the exterhalarket”
portfolio, both in terms of companies' size and @den An external dataset can
only be used if it has similar characteristics ke tinternal dataset. If the
underlying companies' characteristics are diffeemmdss the two datasets, another
external source should be sought. This assumptigplies that the internal
portfolio should contain UK based companies witimtwer of more than £50m.

— Data Assumption 3Insolvency related events are reliable proxies Basel I
definition of defaultThe external dataset contains only insolvencytedldilings
which does not necessarily match the Basel Il dedmof default. If the default
definition is materially different across the twatdsets the default rates will be
either under or over-stated. For simplicity we assuhe insolvency filing types
approximate the Basel Il definition of default,haligh this might not be true in
reality and additional adjustments are requiredetmncile any difference in the
definition of default.

Figure 1 shows the external default rates for ahwoohorts formed between
January 1991 and December 2008. The default ratesvfa pattern reflecting the
early 1990s recession, the deterioration in crgdlity starting late in 2000, and the
gradual movement to a downturn in 2008. It broadigports Data Assumption 1 with
a mix of booming and contracting years in the daséory.

Figure 1 External Annual Default Rate$ 1991-2008
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Internal Portfolio Definition

For illustrative purposes, the internal portfolie $elected from the external
dataset, thus fulfilling Data Assumption 2. To aldr Data Assumption 3, we use the
same definition of default as the external portfdlie. insolvency events). To define
the selection process for the internal portfoli@ require a number of conditions to
be met regarding the portfolio characteristics:
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— Portfolio Characteristic 1:The internal portfolio has constant number oblgjor
per year.We choose to maintain equal portfolio size overphbriod to negate any
portfolio size effects.

— Portfolio Characteristic 2: The majority of companies are retained over
consequent year3his implies that the portfolio is not recyclecckgear.

— Portfolio Characteristic 3:The portfolio risk profile over consequent yeacesl
not exhibit extreme movemeniBhis is consistent with a bank that does not
change its strategy and risk appetite radicallpa gear-to-year basis.

— Portfolio Characteristic 4:The internal portfolio is riskier than the extetna
"market" portfolio, which is an indication of a baiseeking a higher return than
the market.The analysis can be performed in portfolios bedsland more risky
than the market. We have chosen a riskier portfolithis paper for illustration
purpose.

To create the internal portfolio, we use a semdoanly selected sample of 5000
obligors from the external dataset, covering theogefrom 2000 to 2004. To satisfy
Portfolio Characteristic 1, the obligors are equalbanned over the 5 years period,
resulting in a 1000-obligor cohort per year.

We impose some restrictions to the random naturéh@fselection process to
avoid extreme changes in risk profile on a yeayear basis: after sorting companies
by their Registration Number in an increasing ordempanies ranked between 4501
and 5500 (the average total number of companiegqzeris approximately 6475) are
selected. The Registration Number is an indicatdhe Date of Incorporation, with
higher Registration Numbers corresponding to mecemtly formed companies. This
selection process may appear to be arbitrary bueatity it adheres to portfolio
characteristics 2-4 for the following reasons:

» The majority of the companies will be retained dhe risk profile will not be
changed significantly over subsequent years. Sanganies will drop out from
the portfolio in each year due to either defaultamk of financial data but this is
expected to constitute only a small proportionhef dataset.

* Age of business is usually considered as a goauligigmatory factor of credit risk
although not perfectly correlated with defaults. wNe formed companies
normally have higher leverage (higher proportionfigéd costs to total costs
poses considerable challenges to operate abové& brem point), price setting
limitations and higher barriers to funding. On tbéher hand, we expect well
established companies to be more resilient to ttefek. The chosen internal
portfolio corresponds to companies that were ino@aged between 1993 and
2000, and can therefore can be considered as rewhed. Consequently, the
hypothetical internal portfolio will be riskier thahe market portfolio riskier than
the market average.

Table 1 contains a high level summary of both maéand external portfolios for
the period 2000-2004, covering Good/Bad frequenraigkincorporation date ranges.
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Table 1 Summary of internal and external portfolios

Internal Portfolio External Portfolio

Cohort Goods | Bads Default Incorporation Goods | Bads Default | Incorporation

Rate Dates Rate Dates
avzooo | % | 9 | 09% | Ghngen | 6091 | 28 | 046%) oo
avzoor | %82 | 18 | 18% | Ggngen | 6273 | S6 | 088% o
avzoop| 94 | 1 | 16% | Guigeo | 6415 | 45 | 070%| g
atzoos| 078 | 22 | 22% | Ggnges | 69 | 63 | 05%) o0
otz s | a5 | asw| mm | | s | omew] e
overal | 4920 | 80 | 16%| 90N | a0130 | 246 | 076%| oneos

2.3PD Rating System

An illustrative PD rating system, which will seras proxy for a typical corporate
bank PD model, is built on the hypothetical intéqmartfolio. A typical corporate PD
model is likely to incorporate the quantitative @sg but also qualitative questions
and possibly expert judgement-based overrides. Waad intend to replicate a full
corporate PD model and therefore only a small 6atoounting variables are use for
model build. The full set of variables considered model development, along with
their derivations, is shown in Table 2.

Table 2 Accounting variables for model development

Accounting Variable Derivation
Current Ratio Current Assets / Current Liabilities
Quick Ratio (Current Assets — Stock & Work In Prexgg) / Current Liabilitieg
Cash Ratio Cash & Bank Deposits / Current Lialeiiti
EBIT To Turnover Profit Before Interest Paid / Tover
Debt Ratio Total Liabilities / Total Assets
Interest Cover Profit Before Interest Paid / Ins¢feaid
Debt To EBIT Total Liabilities / Profit Before Intest Paid
Return On Assets Turnover / Average Total Assets
Return on Equity Turnover / Average (Total Assef®otal Liabilities)
Net Worth Total Assets-Total Liabilities
Z-Score Variable 1 (Current Assets — Current Litibg) / Total Assets
Z-Score Variable 2 Retained Profits / Total Assets
Z-Score Variable 3 Profit Before Interest Paid tal d\ssets
Z-Score Variable 4 (Total Assets — Total Liabikiié Total Liabilities
Z-Score Variable 5 Turnover / Total Assets

All nominal amounts are deflated using the Retaitd’Index (RPI) sourced from
ONS. All variables were winsorized t6' and 99' percentiles, except fdbebt To
EBIT (winsorized at values 1 and Mterest Coverwinsorized at values -1 and 10),
and Net Worth insorized at values 0 and 25). Monotonic transiiroms, such as
logarithms, square roots and squares were alsedtést all variables.

The accounting variables are regressed againstahmi@fiaults using a simple
logistic regression. The model's likelihood is nmaized by Fisher Scoring. The
model can be summarized as follows:
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D, | X, ~ Bernoulli(PD,),

Log( PD, j:Zi =bX,,
1-PD

where D, is the vector of default indicatorsX; is the matrix of explanatory
variables,b is the vector of the coefficients to be estimatujZ, is the vector of
the scores (log odds). MatriX; is augmented to include a column of ones for the

intercept.

To choose the best model we use a mix of stepwabection and manual
exclusion of variables where coefficient signs ewanter-intuitive. Four explanatory
variables emerged from the selection, namebg Cash Ratio (CR)which is a
measure of liquidityInterest Cover (IC)which measures the ability to meet the
financial obligations].og Net Worth (NW)which is a proxy for size and@BIT To
Turnover (ET) which is a measure of profitability. The final de is shown below
with standard errors reported in brackets:

Z, =1.4735- 0.3154CR- 0.0451IC - 0.1992NW - 2.5292ET

(0.5264) (0.0679) (0.0137) (0.0281) (0.4261)

The discriminatory power of the model, as measurgdsomers' D, is 35.2%.
Once the model is estimated we calibrate it to 20€kult experience by rerunning a
logistic regression with the scorg as the independent variable. The calibration

parameters are:
Z% = -2.050% 054687,

(0.2356) (01413

The rating scale is built by considering the calibd rating distribution of the
internal portfolio and external portfolios in order determine the range and grade
boundaries. Summary statistics for the scores footh datasets are shown in Table
3.

Table 3 Score Summary Statistics

Summary Statistics Internal Portfolio External Portfolio
Mean -2.97460 -2.98947
Median -3.02066 -3.05351
Mode -3.40914 -4.37918
Std Deviation 0.50903 0.52861
Inter Quartile Range 0.62290 0.64337
Max -0.32891 -0.32891
Min -4.69247 -4.91905

We split scores from -4.82 (corresponding to a PDO0@®0%) to -0.8473
(corresponding to a PD of 30%) into 9 equidistamgnvals, with scores falling either
below (low risk) or above (high risk) this rangeftosm two extra rating grades. The
final numbers of 11 rating grades (RG) are largeugh to provide sufficient
diversification and small enough to give well pagatl grades. The complete rating
system is shown in Table 4.
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Table 4 Rating Grade Scale

Rating Grade S(?ores. : .PDS. -
Low Mid Point High Low Mid Point High

1 -Inf -5.03 -4.82 0% 0.65% 0.80%
2 -4.82 -4.59 -4.37 0.80% 1.01% 1.25%
3 -4.37 -4.15 -3.93 1.25% 1.55% 1.93%
4 -3.93 -3.71 -3.49 1.93% 2.39% 2.96%
5 -3.49 -3.27 -3.05 2.96% 3.67% 4.53%
6 -3.05 -2.83 -2.61 4.53% 5.58% 6.86%
7 -2.61 -2.39 -2.17 6.86% 8.41% 10.27%
8 -2.17 -1.95 -1.73 10.27% 12.48% 15.09%
9 -1.73 -1.51 -1.29 15.09% 18.13% 21.63%
10 -1.29 -1.07 -0.85 21.63% 25.59% 30%
11 -0.85 -0.41 Inf 30% 40% 100%

3 Methodology

A rating system can be Through-The-Cycle (TTC),nRm-Time (PiT) or fall
somewhere in between and be referred to as hybridTC systems there is no
migration between RGs and the state of the econiemgptured by the volatility of
default rates within each of the grades. On theroffand, the PiT system has stable
default rates within each of the RG and the statéhe@ economy is captured by the
migration of obligors to a higher or lower gradeisl common practice to adopt a
hybrid rating system given that in practice it iry difficult to maintain either of
those extreme cases due to the nature of the nmaglédictors. We choose a hybrid
rating system to illustrate the methodology anddfoee expect both migrations and
fluctuations in default rates between RGs.

For the purpose of this paper, we assume all infoutee internal rating system
are available for the external portfolio. In praeti practical limitations may restrict
the extent to which the scoring model can be raf#it in external portfolio. For
instance, financial ratios might not be well popethor the PD model may include
gualitative factors which are not available in exé&d dataset.

The scoring system can be characterised by thelltleédes in each RGs as well
as the migration between RGs. To reconcile thegamtfolios we rely on the general
assumption that the migration of the scoring systethe same between the internal
and external portfolio, whilst the grade specifiefalilt rates can be different. The
external dataset is used to proxy the dynamicshef ihternal portfolio and the
reconciliation process involves the following steps

Step 1. Define the dynamics for the transitionsMeen RGs in the external
dataset

Step 2: Use the transition dynamics to approxintaebehaviour of the synthetic
"historical" internal portfolio

Step 3: Adjust for the differences in the defaates between internal and external
portfolios

Step 4: Model the approximate default rates foritiernal portfolio.

Step 5: Build a rating transition model

Step 6: Use both the transition dynamics and medetlefault rates for PD
forecasting and stress testing
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Semi-annual cohorts are chosen to increase thellgrég of the historical default
rate time series and improve the link with macroeeoic variables. The analysis can
be also performed on annual or quarterly basissigipg on data availability.

Step 1: Transition Dynamics

The first step is to identify the transition dynaspf the rating system. We allow
the transition matrix to evolve both forwards arathwards as a*lorder Markov
Chain. The forward process is used to forecasteathié backward process to weight
the external portfolio, as shown below. THeotder Markov process is widely used in
the finance industry to describe rating transitioatrices and simplifies many of the
calculations. Nevertheless, the methodology canalse applied to higher order
processes if necessary. We also make the assuntp@ibnompanies belonging to the
same RG form a homogeneous group in respect tee sood that the transitions
between RGs are conditionally independent.

The transition matrix can be decomposed into asteat and an absorbing part.
The transient part captures the migrations from aefault states to non default states
(good book), while the absorbing part refers toadi#§. The transition matrix
decomposition can be written as:

TR ABS |

Po o P PD,

Prans | TR
Pll,l ..... Pll,ll PD]_]_

ABS ABS

ABS [0 .. o 1 |

In practice there is another absorbing state fonpamnies that are included in the
cohort but are lost during the course of the coperiod. We assume the run off is
distributed evenly across the other states, thushanging their relative proportion.

The transitions from RG5, =i attimet to RG S,, =] attimet+1, given the
conditional independence assumption, can be redasieealizations from a binomial
distribution:

TS =01, ~ Bino”(Pijt,rtans’ Ni,t)

whereT, , are the transition fron§, =i to S, = j, B'T™ = (Sm =[S =]l ’t) is
the conditional migration probabiliti{, , is the number of companies at tihgand
l;. is the information set for any particular trargiti Similarly the reverse chain

transitions can be written as:
—_ H trans
Tij it | Sﬂ =1, Iij L - BanfT(Pij LY Ni,t+l)

The information set for the forward and backwardich can differ. Its inclusion
makes both chains time inhomogeneous.

Step 2: Historical rating distribution of interr@drtfolio
The second step is to form the synthetic historicaéérnal portfolio. Data
Assumption 2 states that the internal portfolia isubset of the external portfolio, and
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given that the internal portfolio is large enoughrépresent a significant proportion of
the market, we make the additional assumption that forward and backward
migrations between grades are proportionally teeshetween internal and external
portfolios. In other wordsP(S,|S.!,) and P(S, | S.,.!,.;) are assumed to be the
same for both internal and external portfolios.

The historical backwards migration probability isst derived from the external
portfolio, shown as the dotted line moving backwgaid Figure 2. The implied
historical composition §,,...5,) for the internal portfolio is derived by

recursively applying the observed backward tramsiprobabilities from the external
portfolio to the initial stateS,,, of the internal portfolio, as shown in FigureThe

historical forward migration probability is calctéal based on the same principle
using S, ; as the initial state of the Markov Chain.

Figure 2 Backward and forward migration of external portfolio

P(SH-I ISt’It)
//a"*\\ ,”—_\\\,”—-\\\ ’,—"‘\\ ///'-‘\\\
\\s _a’/ S e 4’, \\\ —’I S~o _,’/ S o _”I
P(St |St+l’ It+l)

Figure 3 Backward and forward migration of internal portfolio

P(St+l | St'lt)

P(St | St+1’ It+1)

The initial states for the backward chains are ofad®e for both the internal and
external portfolio. However, the initial state ftive internal portfolio is derived by
first running the backward chain although it isedity observable in the external
portfolio.

The historical internal portfolio compositi@, , as well as the forward migration

probabilityP(S., |S.!,), is used in later sections to estimate the PDchstng

model and rating migration model respectively. Stsp 4 and 5.

The calculated historical internal portfolio comjtios is shown in Figure 4. The
PD risk rating resembles a bell shape distributaatih majority of the obligors fall
within risk rating 5 and 6 and relatively stableaighout the observation period. The
lack of volatility suggests that the PD rating gystleans towards TTC in the TTC-
PiT approach.
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Figure 4 Historical internal portfolio rating distr ibution
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Step 3: Default Rate Level Adjustment

If the model has the same discriminatory powerrivelly and externally, under
the RG homogeneity and conditionally default ocence assumptions, we expect to
see the same default rate for the two portfoliosweler, given that the scoring
model is built on the internal portfolio, we expécto better discriminate credit risk
for companies that belong to this portfolio. Theref the homogeneity in respect to
scores does not imply a consistent homogeneity eéfaudt risk across the two
portfolios and we expect to see differences inulefates.

We use the overlapping period of 5 years (20008420 align the default rates
in the two portfolios. For each of the RGs with rmar0 default rate, we assume a
linear relationship in log odds space between ivateand external portfolio. Default
rate is aligned by adjusting both the intercept #aedslope of the log odds ratio.

Step 4: PD Forecasting Model

We derive the time series of theoretical defaulinte (split by RG) by adjusting
the difference in default rate in each RG of thetlsgtic historical internal portfolio.
This long history of defaults forms the basis farilting a predictive model to
forecast the grade specific and aggregate portRildevel.

Default is a complicated process that may not tsastaightforward link with the
real, monetary or financial markets economic vdesbTherefore, a latent factor is
included to capture movements in default ratesdhanot reflected in the observable
variables. Latent factors are widely used in defenddelling (Tasche (2006), McNeil
and Wendin (2006), Koopman and Lucas (2008), Duffie al (2007)). The
Generalized Linear Model (GLM) model is extendedriclude latent variables and
becomes known as Generalized Linear Mixed Model M@L).. Furthermore, we
allow the unobservable factor to follow & drder stationary autoregressive process to
capture any autocorrelation effect. The model easummarized as follows:

D, |1¢ ~ Binomia(PD, ,N, )
PD,,
Logg ————— |=a, +b, X, +u,
1-PD,,
u=¢_+e, g ~ N(O,JZ)
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where D, , is the number of defaults for RKzat timet, PD, , is the grade and time
specific probability of defaulty,, is the number of companies in gradat timet,
ais grade specific average default intensitf, is the vector of observable
macroeconomic variables at timheb, is the sensitivity of the probability of default
for gradek to the macroeconomic variables, is the unobservable factoké| <1
measures the mean reversion rate of the latenbrfaatd e are iid normally

distributed disturbances with zero mean arfdvariance.

A number of observable macroeconomic variablesas@ used to predict defaults
and these can be broadly classified into 4 grolpsiness cycle, interest rate,
financial markets, and corporate market conditigkisvariables are measured on a
guarterly basis; however, if a variable is obsermeate frequently then the average
across the quarter is taken. The variables are suiseal in Table 5:

Table 5 Macroeconomic covariates

Variable Type Description
GDP Growth Business Cycle Log Real GDP Change agsl
Trailing Log Real GDP Change (TrGDP
0-2 Lags
Inflation Business Cycle Log GDP Deflator Change Dags
Unemployment rate Business Cycle 0-2 Lags
(ILO) Log Change 0-2 Lags
Capital Utilisation Business Cycle 0-2 Lags
Gap, % GDP
3M LIBOR Interest Rate 0-2 Lags
2Y Swap Rate Interest Rate 0-2 Lags
10Y Swap Rate Interest Rate 0-2 Lags
Short-Long Spread Interest Rate 3M-10Y Differeneézl0ags
Short-Medium Spread Interest Rate 3M-2Y Differefie® Lags
Commaodities Index Financial Markets Log Changelgs
Trailing Log Change 0-2 Lags
FTSE 100 Index Financial Markets Log Change 0-2sLag
Trailing Log Change 0-2 Lags
Dow Jones Index Financial Markets Log Change O¢gsLa
Trailing Log Change 0-2 Lags
Nikkei Index Financial Markets Log Change 0-2 Lags
Trailing Log Change 0-2 Lags
S&P 500 Index Financial Markets Log Change 0-2 Lags
Trailing Log Change 0-2 Lags
DAX Index Financial Markets Log Change 0-2 Lags
Trailing Log Change 0-2 Lags
Relative Return On | Corporate Market Conditions 0-2 Lags
Investment
Corporate Gearing Corporate Market Conditions g
Real Corporate Profits  Corporate Market Conditions Log Change 0-2 Lags
Trailing 0-2 Lags

The selection process involves 3 steps. First|eifagtor regression is employed
to check whether the lag or the quarterly changeach variable is significant against
defaults. The combinations of variables that previde best fit to the data are then
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chosen using stepwise regression. The last st&vies checking the coefficient signs
for counter-intuitive results. The procedures yitd following model:

- - [-5.8163] [-814683 -99.4897]
PD4,t (0.4906) (22.8839) (26.1877)
PD —-4.2848 —-47.7586 421413
5t (0.2135 (4.4073 (82913
Py, |_ ||~ aagY | 7188253 133008 [ETrGDPGrowtht,l} +u
—_ t
PD,, 3.1%;44)34 0 18;;2?7)51 SLSpread,
PD;, - 40643 0 101551
PD,, —-3.9467| |-335506 10.1551
- - | (0286) | | (95717 (58277) |

u, = 073510, , +e, & ~ N(0,0.1708)

(0.1758 (0.1079

where F(x) = Is the logistic function, TrGDP is 12 months tiregl GDP

1+exp ™
and SLSpread is Short minus Long Spread. RG 1 add Aot have any defaults

historically where PD cannot be derived empiricalhd therefore is assumed to be 0
in this study. RG 3 has only two observation pesiodth default and an average
default rate of 0.128% for the whole period. Fangicity, we retain 0.128% as a

constant for RG 3 in subsequent analysis, althaughe sophisticated treatment of
low default portfolio are also widely discussedather papers (Pluto and Tasche
(2006), Forrest (2005), Benjamin, Cathcart and RZ&06)).

Step 5: Rating Migration Model
We focus on the transition model for the forwaréiohgiven that the concept is
the similar for backward chain transition model. eTleonditional probabilities

R = (St+l =i|S = j,Iij’t) are modelled by a logistic function similar to the
logistic regression specification employed in thersxg model. There is an option to
model each of the paiiisj separately but we choose to build a generic madhglall

rating transitions tied to two factors: a downgraahel an upgrade factor. Given that

the information set only consists of the downgramte upgrade factorf,, the

ans

conditional probabilities can be rewritten BS™ = P(SHl =S =], ft). The model
can be expressed as:

Pijt‘rtans _ - -
Log( - J—Aij+,3ij f,, fori # j

[l i i<
L feifi>

where /; is the event specific average migration intensibd g; is the event
specific sensitivity to the upgra}gg or downgrad®da f, . In order to get a transition

matrix, each row of should sum to one, and therefore
trans trans trans H
P —1—§ P —E P —E PD,, for alli.
i<j i>] i
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To derive the factorf,, we aggregate downgrades and upgrades into tvgocoset
binary events modelled separately. The probalslitigor downgrade,
R =P(S,, > S,X"), and upgrade, B =P(S,, <§ |S,X/™"), are
modelled respectively as follows:

-I-tdown | St , Xtdown - BinOﬂ(Rdown, Nt)

Pdown B
LoQ(l_thOWnJ - ftdown = Adown + X doun.~ down ’ and
t

T®|S, X ~ Binon{R*, N, )

P B
Log — =fP =, +X®
1- P

where T T'*are the number of downgrades and upgrades resplgcti
Agown Ap@re the average downgrade and upgrade intensi¥es)", X ** are the

matrices of explanatory variables (which can befed#int for downgrades and
upgrades), and % v gre the coefficients vectors.

The semi-annual transition data exhibit a high degf seasonality. We choose to
include the seasonal dummiseasop (taking value of 1 if the cohort corresponds to

the second half of each year) to account for sedispim the estimation.
The information setl;, at timet is usually taken to be either observable

(macroeconomic) or unobservable (latent) variablBse use of macroeconomic
variables is intuitive and provides some clear athges in forecasting and stress
testing (see Nickell et al (2000), and Bangia €aD2)). Latent variables are proved
to capture movements that are not related to the@oeaonomic environment and in
some cases the effect is greater than that of wdisler variables (Gagliardini and
Gourieroux (2005), and Koopman et al (2009)). Thappsed rating system does not
exhibit any significant level of autocorrelation jstify the use of complex latent

factor structures. Therefore both®" and f" are modelled as functions of

observable macroeconomic variables on§ {""andX ** respectively). Furthermore,
to simplify forecasting and stress testing it iswmsed that the macroeconomic
variables that drive transitions are the same witghfactors that drive defaults. This
would |mp|y X down — yup — ytrans — y default,

Both aggregate factors and individual transitiome astimated by maximum
likelihood using Fisher scoring. The estimated nief@ the downgrade and upgrade
factor are:

f 4" = —3,3949+ 0.92561

(0.03609 (0.02229 July-December

f"*=- 328+0.92741

(003516  (0.02217) July-December

+14.9021TrGDP,,

(1.0447)

+9.9325IrGDR_, - 8.5121,SLSpreagl
(10263 (0.9622)

The interest rate spread is dropped from the doadeyrmodel due to non-
significant coefficient. It should be noted thatethraiing GDP growth has
directionally the same effect for both downgraded apgrades. This indicates that an
increase in GDP growth introduces more migratioitkiov each RG. The estimated
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model for the individual transition probabilitigdt" = P(S.,=i|S =], f) can be
found in Appendix 2.

Step 6: Forecasting and Stress Testing

To properly calibrate the rating model, we requiie 1 year forward looking
grade and portfolio level PD. The PD model has s@arces of forecasting power.
Firstly, coming from lagged values of observableialdes and secondly from the
stationary latent factor. Forecasting macroeconorartables is outside the scope of
this paper. Therefore, we use 2004 as the stapong to forecast defaults based on
the actual trailing GDP growth, short-long intereaste spread time series for the

period 2005-2008 and the MSE expected value folateat factor,u, = 0.73510, _,

For stress testing purpose, the bank would beyliteeintroduce a stress scenario
in the middle of the 5 years horizon in 2004. Bassplanning is usually focused on
horizons shorter than 5 years given the difficiittypredict the market conditions far
in the future. To form a synthetic stress scenagouse the autoregressive properties
of the two time series that affect default and mtigins, trailing GDP growth and
short-long interest rate spread. For both serissmgple AR(1) was fitted by least
squares and the estimates are shown below:

TrGDR = 0.979TrGDR,_, +£°, £ ~ N(00.016%)

(0.05543

— Spread Spread __
Spread = 0655635pread, + £, &, N(00.012899)

The downturn conditions are defined in terms ofiR@ease and therefore trailing
GDP growth percentiles correspond to the lower ehdhe distribution (due to
negative sign in PD forecasting model), while shong spread percentiles
correspond to the upper end of the distributiore(ttupositive sign in PD forecasting
model). The stress percentiles are chosen as feltovgimulate a stress scenario with
the worst year in the middle.

Table 6 Stress scenario as the percentile of AR(distribution

Percentile 2005 2006 2007 2008 2009
TrGDP 20% 5% 1% 10% 15%
SLSpread 80% 95% 99% 90% 85%

Under a real world stress scenario correlationsveet GDP, interest rates and
other macroeconomic variables should be exploredl stress forecasts of those
variables are likely to be derived from structuwakeduced form VARSs. To illustrate
the concept, a simplified "factor-push” approacisttess scenario is employed in this
paper.
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4 Results

Based on the data observation period 2005-2008 awee lan actual 5-year
economic scenario leading to 2009, and an econshack showing TrGDP dropping
by around 1.85% in the last 6 months of 2008. Thethetic stress scenario,
according to the AR(1) model and confidence inteapgroach, shows the worst year
in the middle of the 5-year outlook and graduadyerts to mean level towards the
end of 5-year period.

Figure 5 GDP and Spread — actual and forecast from 2005 to 2009

4.0% - 3.0% - e Spread - Actual Scenario

3.0% 4 2.5% 4 —— Spread - Synthetic Stress Scenario

04 -
2.0% | 2.0%
1.5% A
1.0% -
1.0% A

0.0%
0.5% -

-10% 1 == GDP - Actual Scenario 0.0%
-2.0% 4 —— GDP - Synthetic Stress Scenario -0.5% 4 \

-3.0% - -1.0% -

2005H1
2005H2
2008H1
2008H2
2007H1
2007H2
2008H1
2008H2
2009H1
2009H2
2005H1
2005H2
2006H1
2006H2
2007H1
2007H2
2008H1
2008H2
2009H1
2009H2

# the H22009 data point of actual scenario is captid from 2009H1 data

Based on the actual scenario, the PD forecastindeimgelds stable PDs from
2005 to 2008, but a higher PD in 2009, as showfigure 6. The observed default
rate in 2005 falls within the 90% confidence inenof the PD estimates thus
validating the PD forecasting model. Given the maconomic forecast, the PD
forecast can be extended beyond 2009 to simulatpoakible outcomes. The PD
forecast in the stress scenario is also availapledéding the stress factor forecast into
the PD forecasting model.

Figure 6 PD forecast under actudl and stress scenarios

& PD Forecast (Actual Scenario)

8.0% 1 8.0% - ¢ PD Forecast
! A Obsened Default Rate (Stress Scenario) o
7.0% 4 7.0% -
6.0% 6.0% -
2 5.0% - £ 5.0%
o 24
35 4.0% £ 4.0% A
3 £ o
& 3.0% § & 3.0% - S <&
2.0% A 2.0%
1.0% 1.0% 4 <
0.0% : : : : : 0.0% : : : :
2005 2006 2007 2008 2009 2005 2006 2007 2008 2009
Year Year

# the error bar corresponds to 90% confidencevater

The risk rating distributions as modelled in acemck with the proposed
approach under both the actual scenario and thteetymstress scenario are presented
below.
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Figure 7 Transition for actual scenario
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Figure 8 Transition for synthetic stressed scenario
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The aggregated risk rating in Figure 7 and Figusé@w a very stable distribution
without any obvious migration throughout the 5-yéarizon. The raw data in the
stress scenario has shown circa 10% to 15% oflihgoos either migrate upwards or
downwards in each year, as shown in Figure 9. Altinothe individual risk rating
shows a moderate migration outwards, the net ef§eudt apparent at portfolio level.

Figure 9 Percentages of Risk Ratings with no migratin (stress scenario)
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One may expect to see a greater degree of migsatiod transitional dynamics in
the outcome. The stable results are likely attatub the following reasons:

- Stable underlying risk rating systemistorically the risk rating has exhibited
high stability throughout the data history, as shaw Figure 4. As a hybrid system,
the risk rating is more akin to a TTC calibratidman a PiT system. The lower
cyclicality has ensured low level of migrationsweén risk ratings even in a stress
scenario.

- Same economic factors driving PD rating systerd asting transition: the
rating transition model employs the same macroemindactors in the PD rating
system for simplicity. In reality, the PD ratingsségm and rating transition may be
driven by different factors. The sensitivity of theting migration model is reduced
for not having bespoke factors specific to the nhode

- Data coveragethis paper assumes that the external data cov&fifig to 2008
to be a full economy cycle. However given that daely 1990s UK downturn was
considered to include 1990 and 1991, the lack @& dia this period may cause
estimation bias in the model and yield a model Whecless responsive to downturn
scenario.

Some of the issues are addressed by default ifsoteeapply the methodology in
the real world such as adopting the actual PD gagystem with moderate cyclicality.
Several other issues need to be carefully managedgddesign stage, for instance
having separate model factors in forecasting PDratidg distribution. It should also
be noted that a real risk rating system is likelype more complicated than what is
presented in this paper which may pose challengesadopt the proposed
methodology.

5 Conclusion

This paper has shown, using a synthetic risk raéind dataset, the concept of
utilising external data to inform the internal golib historical risk rating distribution,
PD forecast, rating migration and stress testirige ajor contribution of this paper
is to demonstrate a practical solution in PD maodglbiven a lack of internal data if
appropriate external proxy data and macroeconomiia dre available. Once the PD
forecasting model and rating migration model areltbthe ability to forecast
portfolio PD in any given macroeconomic scenariculdobenefit across the bank's
credit risk management practices including PD catibn, business planning, capital
and loss provisioning.
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Appendices

Appendix 1 Filing types to approximate default in @mpanies House dataset

Filing type

Admin Abstracts & Payments

F 1.14 Ending of Morator

Admin Progress Report

Lig Statement of Rec/Payments

Admin Receivers Report 3.10

Meeting of Creditorazétte)

Administration Notice Gazette

Move from Admin tosBolution

Administration Order

Move from Admin to Liquidation

Administrator App Gazette

Notice ceasing to actdiesr

Administrators Final Notice

Notice of Admin Order

App of Liquidator, Court Wind Up

Petitions Windingp (Gazette)

App of Official Receiver (F14)

Petitions Winding WWismissed

App of Provisional Liquidator

Receivers AbstractofP 3.6

App of Receiver by a Court

Receivers Report

App/Liquidator Compulsory (Gazette)

ReceivershipgcDioodged

App/Liquidator Creditors (Gaz)

Receivership Notgazette

Appoint of Liquidator (Gazette)

Resolution Credgé®ind Up

Appointment of Administrator

Resolution to Wind Up

Completion of Winding Up

Statement of Admin Profdesa

Constitution of Lig Committee

Statement of Admiroposals

Court Order Notice of Wind Up

VA Revocation of Saggion

Dis. Winding Up

Variation of Admin Order

Discharge of Admin Order

Vol Arrangement Completion

End of Administration

Voluntary Arrangements

F 1.11 Start of Moratorium

Winding Up Orders (Giek

F 1.12 Extension of Moratorium

Appendix 2 Transition probabilities estimates

The estimates and their standard errors for theavighehl

ftdown’ |f | <

transition model

o _J depending on whether the
foPaf 0>

event is a downgrade or an upgrade, can be foufidle 7. Coefficients which are
not significant at the 10% significance level arepped.

1 _ P_trans

ij,t

P.trans
LOQ(LJ = A + B, O, , wheref, ={

Table 7: Transition probabilities estimates

Transition Downgrade Transition Upgrade
Event A B Event A B
~ 0.7796 ; ] 1.605
2=>3 ) (0.07716) 3=>2 (0.06775)
~ 2.7809 ; 42015 1.1745
2=>4 (0.2661) ) 4=>2 (1.3725) (0.6107)
~ 3.3162 ; -2.0280 0.8401
2=>5 (0.3393) ) 4=>3 (0.3146) (0.1352)
~ 15931 ; 3.9765
2=>6 ) (0.1871) 5=>2 - (0.1663)
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Transition Downgrade Transition Upgrade
Event A B; Event A Bi
~ 4.8481 : -3.9650 1.0082
2=>1 (0.7099) ) 5=>3 (0.5698) (0.2489)
~ : -1.2060 0.7977
2=>8 ) J 5=>4 (0.1164) (0.0495)
_ 3 -9.8251 ]
2=>9 - - 6=>2 (0.7071)
~ 0.8283 : 4.7845 0.9847
3=>4 ) (0.02949) 6=>3 (0.9195) (0.3996)
~ 1.4031 : -2.3547 1.0682
3=>5 ) (0.05463) 6=>4 (0.3043) (0.1331)
~ 41245 : 0.2243 1.0209
3=>6 (0.1811) ) 6=>5 (0.0881) (0.0377)
~ 5.7797 : ] 45839
3=>7 (0.4089) ) 1=>2 (0.5261)
~ 3.4793 : ] 3.3559
3=>8 ) (0.5069) 7=>3 (0.1558)
~ : 25545 1.1990
3=>9 ) ) =>4 (0.6107) (0.2701)
P ] 0.8377 e -1.0780 0.9082
= (0.01092) = (02128) | (0.09099)
R 16861 0.9410 e 0.8216 1.1002
= (0.3155) (0.1348) 3 (0.1283) | (0.05524)
~ 2.0136 1.550 : ] ]
4=>1 (0.7865) (0.3547) 8=>2
~ 6.8720 : ] 42774
4=>8 (0.2583) ) 8=>3 (0.5080)
~ 45023 : 3.9208 0.9603
4=>9 ) (0.5249) 8=>4 (1.1715) (0.5064)
c o 0.2193 0.9313 oot -1.0986 1.0434
= (0.09069) (0.03831) - (0.3252) (0.1410)
e 1.9412 1.0082 5o ] 1.1490
= (0.2191) (0.09423) - (0.01932)
~ -3.1288 0.9639 : 1.0833
5=>8 (0.3721) (0.1597) 8=>7 - (0.0180)
~ 55163 0.8040 : ] ]
5=>9 (1.0043) (0.4248) 9=>2
~ 1.2190 : ] ]
6=>7 ) (0.01026) 9=>3
~ 1.4545 1.1440 : ] ]
6=>8 (0.2253) (0.09761) 9=>4
s o -4.4387 0.6462 o e 21512 0.9218
= (0.5348) (0.2217) = (1.0033) (0.430)
s 0.7121 0.9884 oo ] 13317
= (0.2057) (0.08724) 3 (0.04918)
B 25179 1.0617 o7 1.620 0.6759
= (0.5333) (0.2293) - (0.5866) (0.2449)
5o -1.3650 0.9419 oo ] 0.9555
= (0.3439) (0.1454) - (0.03277)
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