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Summary: The paper refers to the probability of default model validation procedure in retail
banking. The author presents the idea of backtesting analysis focusing on sensitivity analysis
of capital requirements under stress scenarios. The paper addresses statistical methods
which can be applied in credit risk management under the backtesting exercise in retail
banking. The advantages and drawbacks of specific approaches are discussed. Furthermore,
the outcomes of the empirical implementation of selected methods are presented. The author
considers the impact of positive asset correlation on various validation approaches, where no
correlation is assumed, and proves that the zero-correlation assumptions may result in a more
prudent approach. This finding was confirmed by the empirical analysis performed for retail
portfolios. The research concerned PD parameters calculated for car and mortgage loans.
The backtesting results revealed that PD forecasts created for mortgage portfolios
underestimated credit risk during the crisis period which started in 2008. However, car loan
portfolio credit risk predictions appeared to be robust.
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Streszczenie: W niniejszym artykule odniesiono si¢ do zagadnienia weryfikacji jakosci mo-
deli stuzacych do szacowania prawdopodobienstwa niewyptacalnosci w bankowosci deta-
licznej. Autor przedstawil koncepcje analizy backtesting w $wietle wrazliwosci wymogow
kapitatlowych w odniesieniu do testowania warunkow skrajnych. W artykule odniesiono si¢
do zagadnienia weryfikacji jako$ci prognoz modeli stuzacych do szacowania prawdopodo-
biefistwa niewyptacalno$ci. Przedstawiono i oméwiono wyniki wybranych metod. Autor
omoéwit rowniez wpltyw dodatniej korelacji aktywow na uzyskane wyniki. Wykazat, ze zato-
zenie zerowej korelacji moze skutkowa¢ bardziej konserwatywnymi wynikami. Ustalenie to
potwierdzono przez analize empiryczng przeprowadzong dla portfeli detalicznych. Badanie
dotyczylo parametrow PD szacowanych dla portfeli kredytow samochodowych oraz hipo-
tecznych. Otrzymane wyniki wykazaty, ze prognozy PD opracowane dla portfela kredytow
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hipotecznych niedoszacowuja ryzyko kredytowe. Prognozy ryzyka kredytowego dla portfela
kredytow samochodowych okazaty si¢ trafne.

Stowa kluczowe: ryzyko kredytowe, prawdopodobienstwo niewyptacalnosci, PD.

1. Introduction

The Basel Committee on Banking Supervision is known as the primary global
standard setter for the prudential regulation of banks. Their recommendations
impacts the world banking system substantially. One of the main goals of the BCBS
is to improve the financial market stability. The first fundamental regulation was
Basel I [Basel Committee on Banking Supervision 1988] which incorporated
principles regarding the methodology of capital requirements calculation. The
recommendation was to protect the banks against bankruptcy caused by the
uncontrolled growth of credit risk. However despite this big leap in applied
methodology, the so-called ‘basic method’ did not include a statistical approach for
credit risk prediction. For this reason, there was still no compliance between the
bank’s economic capital and the actual credit risk. This has changed along with the
implementation of Basel II [Basel Committee on Banking Supervision 2006]. Within
the framework of Basel 11, banks were allowed to estimate capital requirements for
credit risk using statistical models. Nowadays, depending on the applied approach
(foundation or advanced), the banks rely on advanced techniques dedicated to risk
management process.

One of the fundamental elements affecting the credit risk capital requirements
is the probability of default (PD). This is calculated within a 12-month horizon
[Basel Committee on Banking Supervision 2006] and should reflect the long-term
expected value of portfolio default rate. Hence, unlike the IFRS9 (International
Financial Reporting Standards) standards where PD is estimated using the Point-In-
-Time [ISAB 2014] approach, capital requirements are based on the Through-The-
-Cycle methodology giving a long-term risk estimate. The validation process of PD
models refers in particular to the verification of discrepancies between actual and
forecasted PD values. This kind of ex-post procedure is called backtesting analysis
and according to the Basel Committee should be a vital component of any efficient
credit risk system.

In the literature there are many studies referring to the problem of PD model
quality assessment [Jackson, Perraudin 2000] as well as the problem of PD model
implementation. Kupiec [1995] presented one of the leading approaches based on the
binomial test. However, he pointed out that this particular method may not be the
most efficient due to stringent assumptions made by its author. Coppens [Coppens,
Gonzalez, Winkler 2000] referred to the impact of borrower’s asset correlation on
backtesting analysis outcomes. He underlined that dependencies between borrower



232 Pawet Siarka

defaults may significantly affect the loss distribution function. Hence, conclusions
drawn based on binomial statistical tests may not be valid any more. Tasche and Pluto
[2005] also addressed this problem. An overview of the statistical methods which
can be leveraged for asset correlation estimation was presented by Siarka [2014].
Tasche [2003] presented a general form of PD model validation using the traffic light
approach. Similarly, Blochwitz [Blochwitz et al. 2005] focused his attention on the
problem of the graphical presentation of forecast quality. Engelman [2006] has also
significantly contributed to the area of backtesting analysis. He presented a series of
statistical methods which can be used to assess the PD forecasts.

The main purpose of this paper is to verify whether the proposed methods can
be leveraged for the quality assessment of PD models in the field of retail banking.
The author referred to the Basel Committee regulations which underline the necessity
of backtesting procedure implementation. He also showed that underestimation of
PD may lead to severe consequences. The other purpose of this paper is to present the
empirical outcomes achieved for the implemented methods based on data acquired
from a retail bank.

The paper starts with an introduction. In the next part the author presents the
one-factor model recommended by the Basel Committee. The model is shown on the
basis of a minimum capital requirements calculation. The role of the PD parameter
in the process of unexpected losses estimation was also emphasized. A further
part of this paper includes a review of the statistical methods leveraged for the PD
models’ quality assessment. The final part of this paper contains the empirical
study, conclusions and some remarks concerning the implementation of backtesting
procedures in the banking industry.

2. Probability of default and capital requirements

The Basel Committee in its consultative documents underline the key role of the
probability of default. The recent economic downturn which started in 2008 revealed
that the underestimation of PD may lead to spectacular bankruptcy under severe
macroeconomic conditions. The crucial role of the PD parameter can be clearly
explained in terms of the one-factor model proposed by Merton [1974] and then
recommended by the Basel Committee in 2006. According to this approach,
the value of borrower assets triggers an event of default. The lower the value of the
company’s assets, the lesser the incentive for the shareholders to continue the
business. Under the one-factor model the value of the borrower assets depends on
two factors:

X, =Y p+Z-1-p. (1)

where Y is a market factor common for all borrowers, therefore affects each individ-
ual assets value (X)).Unlike the market factor, Z is a variable relevant only to a given
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i-th borrower, hence it represents idiosyncratic risk. The coefficient p reflects vulner-
ability of borrower assets to the changes of market factor (\/; ) and idiosyncratic
factor (\/:;) respectively.

Assuming that the default is triggered always when the value of borrower assets
drops below a certain threshold limit, a conditional probability of default (conditional
on market factor) can be derived. However, the asset threshold limit needs to
be estimated first. This value is derived based on an inverse normal cumulative
distribution function applied for the portfolio’s expected probability of default. There
are many techniques for the estimation of the PD’s expected value, while the most
popular in the banking industry are based on historical default rates. However Pluto
and Tasche [2005] show that a simple average may often underestimate its value.

It is convenient for further considerations to define auxiliary variable Z, which
takes one in the case of the default of i-th borrower and zero in other cases. Then,
conditional probability (conditional on the market factor) of default can be presented
in the following form [Vasicek 1991]:

N'(PD)+Y./p ]
P(L =1Y)=N , (2)
[ Ji=p

where PD is the expected value of the unconditional probability of default. N"'(PD)
is an inverse function of normal cumulative distribution.

For the portfolio which consists of n borrowers, one can define variable L as
the average rate of defaulted loans: [, :%Zf’_l L. Thus, assuming that default

probabilities of all loans are equal to PD, we can estimate the probability of any loss
(portfolio loss) i.e. the probability that L will not exceed x:

1-pN'(x)-N"'(PD)

P(LSx):N[ N ] €)

Under the New Basel Capital Accord, the above-mentioned formula is
recommended for the calculation of minimum capital requirements. The bank’s
capital K should cover at least the unexpected losses estimated according to the
following formula [Basel Committee on Banking Supervision 2006]:

N'(PD)+ N~ (0.999

K=|N (PD) ( o - PD |LGD, 4)
Ji=p

where LGD (Loss Given Default) is an expected value of the unrecovered part of the

defaulted portion.

The formula above (4) has a relevant interpretation in terms of possible economic
downturns. It implies that banks should be able to absorb unexpected losses with its
capital, which may occur once every one thousand years. Such an approach seems
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to be quite stringent and conservative to the banking industry, however further
research [Siarka 2015] revealed that stress test models disclosed some challenges
which are not addressed by the Basel 11 formula.

Figure 1 presents the relation between unexpected portfolio loss and the
probability representing the severity of market conditions; for example value 0.950
indicates losses which may appear five times every 100 years (1-0.950). Such an
exercise was conducted for various levels of portfolio PD ranging from 2% to 12%.

30.0% - = == PD=2%
——PD=5% :
25.0% - — PT)= 8% ,:
e | PD=11%
- 0
L 15.0% -
2
10.0% -
5.0% e = -
0.0% T T T T
0.550 0.650 0.750 0.850 0.950

"unexpected loss" definition - probability ofloss coverage

Fig. 1. Presentation of portfolio losses for various PD values

Source: own study.

The results presented in Figure 1 clearly show that unexpected losses rise along
with more severe market conditions, but what is more important, the growth rate
changes significantly for higher probabilities representing economic deterioration.
Hence a relatively small change in ‘conservativity’ level (e.g. from 0.99 to 0.999) has
a huge impact on portfolio losses and capital requirements. It also can be noticed that
the growth of PD value contributes to the more rapid increase of unexpected losses.
For this reason the Basel Committee strongly recommends the regular monitoring
of PD estimates.

3. Statistical methods under backtesting procedure

PD model validation is a fundamental procedure performed by banks to examine the
adequacy of credit risk forecasts. A statistical binomial test is a useful tool leveraged
for the quality assessment of PD estimates. This approach assumes that all defaults
within a loan portfolio appear independently. According to this assumption, the
number of bankruptcies in any portfolio consisting of N borrowers with a given PD,
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may be modelled with a binomial random variable. Within the framework
of a binomial approach, it is assumed that the observed default rates come from
the defined distribution function. In fact a statistical hypothesis is tested, where
the alternative hypothesis says that the observed actual values cannot be deemed
as generated by a random variable with the assumed distribution function. Hence
the model cannot be deemed as reliable.

In order to accept or reject the null hypothesis, the critical value shall be
calculated using the following formula:

{d Z_d( ]PD/l pD)"™" )Sl—a}, )

where a is the statistical test significance level. Under this approach always when d
(the number of empirically observed defaulted borrowers) is lower than critical
value d , there is no reason to reject the null hypothesis, so the forecasting model
should be considered as reliable.

The presented approach can be simplified by applying the CLT (Central Limit
Theorem). With respect to the CLT the critical value is calculated as follows:

d,=N-PD+®"'(a)-\/N-PD(1-PD), (6)

where @' is an inverse function of the standard normal cumulative distribution func-
tion.

As was emphasized above, the underlying assumption of the presented statistical
test was the lack of positive correlation among the events of defaults in a portfolio
(i.e. correlation equal to zero). However, many researchers deem that the value of
borrower assets correlation which directly impacts the default event is non-zero
(i.e. positive value). Some evidence supporting this thesis was presented by Rdsch
and Scheule [2004], Diillmann, Scheicher and Schmieder [2007], Lopez [2004],
Siarka [2012] and Crook [2009]. Furthermore, the Basel Committee also agrees with
this concept by implementing the asset correlation formula where its value depends
on PD. For retail exposures the formula is as follows:

_ ,—ssPD _ ,—ssPD
p=0.03 = |voa61-[ = ||. ()
- |

The positive assets correlation has a significant impact on the distribution
function of portfolio losses. For this reason, Coppens [Coppens, Gonzalez, Winkler
2007] considered the implementation of asset correlation into the process of assessing
the quality of PD forecasts. In his study he generalized the binomial test, which led
him to a new formula. Under his approach the critical value for the statistical test
was calculated as follows:
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PR b g(1-9)  (1-2p)@"'(1-a)-po® ' (PD) ®)
“ 2N @(W) 2N p(1- p) ’
where
g=o" (—fwrw) ©)

Another attempt at incorporating asset correlation into the backtesting procedure
was presented by Tasche and Pluto [2005]. They used a one-factor model to calculate
the probability of k£ defaults. According to their approach the probability of observing
less or equal to k defaults can be calculated according to the following formula:

0

K [N i N—i
P(Xsk)zIgo(y)zio(ijG(PD,p,y) (1-G(PD,p,y))""dy,  (10)

—©
where

G(PD, p,y) =52l (1)

The methods shown above can be applied to any loan portfolio where individual
PDs are equal for all the borrowers. However, banking professionals often struggle
with the problem of quality forecast assessment where few portfolios are analyzed at
the same time or just one portfolio, but with few forecasts created in time. Moreover,
internal rating systems provide borrower segmentation resulting in various PDs
assigned to selected segments. Then, the Hosmer-Lemeshow test can be leveraged
to handle the multiple forecast problem. Under this approach it is assumed that the
portfolio consisting of N loans is divided into separate K groups with given credit
risk PD,, hence the number of borrowers in group £ is denoted as N,. Assuming that
the default events are independent, one can use the following statistic for forecasts’
quality assessment:

Slz :ZK (Nk'PDk—dk)z ‘ (12)
N “'N,-PD, -(1-PD,)

When the number of elements in each group increases, the distribution of the
above-mentioned statistic converges to x> distribution function with k-2 degrees of
freedom. The backtesting analysis according to the Hosmer-Lemeshow statistical
test comes down to a comparison of the value of the test statistic with the critical
value derived from y? cumulative distribution function for given significance level a.
When the value of a test statistic is below the value derived from statistical tables,
there is no reason to deem that the credit risk system provides inaccurate PD
forecasts.
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Another method which handles multiple forecast problem is based on the
Brier Score statistics. According to this approach, the average difference between
forecasted PDs and the observed actual rates of default are analyzed. The Brier
Score value is calculated according to the following formula:

1l «—« 2
BL -0y, a3

where k indicates a segment.

A Brier Score is a measure of consistency between the forecasts and empirically
observed values. The credit risk rating system is deemed to be reliable when the B
value is small. The values close to zero indicate that the forecasts are robust.

Another powerful and easy to interpret approach is called the TLA (Traffic Light
Approach). This method was proposed by Tasche [2003] who applied the approach
for the credit risk forecast assessment process. Previously this method was known
as a popular tool for market and operational risk management. Tasche identified
distinct PD ranges separated by the ‘critical level’ values. Firstly he specified the
shape of the losses distribution function and then he derived the critical PD values
for the arbitrarily set probabilities «, ~and «, .. Within this approach the actual
default rate should not exceed d,, level ‘with the probablhty higher than a, and dhzgh
with the probability higher than a 4ign- 1asche proposed the limit values for PD based
on a quintile 0.95 and 0.999, respectively.

For the TLA approach where the binomial distribution function of the number of
defaults was assumed, the critical value can be derived using the following formula:

p, = PD+ @7 (a)| 252 (14)

N

The above-mentioned approach was improved by Blochwitz [Blochwitz et al.
2005] by the implementation of four ranges where each range was marked with
adistinctcolour. Every successive colourindicates ahigher deviation of the empirically
observed default rate from the expected value resulting from PD forecast. Therefore,
the green area corresponds to a high quality forecast. Yellow indicates a moderate
deterioration, but still acceptable forecast quality, While orange area signals some
quality issues which need to be examined. Red suggests that the statistical model is
not reliable as the forecasts generated by this model are of poor quality. Blochwitz
proposed the above-mentioned PD ranges based on arbitrarily set probabilities
of a wrong decision (considering the model as unreliable while it is still correct).
The following probabilities were suggested: 0.5, 0.3, 0.15, and 0.05. Figure 2 presents
the idea of four colours leveraged under the TLA approach.
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Fig. 2. Graphical presentation of the decision areas in accordance with the Traffic Light Approach

Source: own study.

Figure 2 presents the graphical implementation of the Traffic Light Approach
under the backtesting procedure. The ranges corresponding to an acceptable quality
of PD forecast are green and yellow, and the conditional acceptance range is marked
as orange. Always when the empirically observed default rate hit this area, it is
necessary to examine the reasons behind the relatively large inaccuracy. Once the
empirical value gets closer to the red area, immediate action should be taken by
credit risk managers, as it is the alarm zone. It should be deemed that PD forecasts
were too low in relation to the actual credit risk. For this reason, internal proceedings
should be initiated to explain the observed discrepancy. Such a proceeding needs to
be a part of the emergency plan within a comprehensive risk management system.

The model validation procedure outcomes depend on underlying assumptions
such as non-zero borrower asset correlation. This is why it is worth to compare the
results obtained under the zero correlation assumption and positive asset correlation.
This issue was already discussed by Coppens [Coppens, Gonzalez, Winkler 2007]
who examined statistical test critical values derived for various levels of correlation.
The results were than used for the verification of the null hypothesis, i.e. the model
provides high quality PD forecasts. His approach was the same as the one presented
in this paper i.e. the empirical values of credit risk below the critical value let him
accept the null hypothesis and consider the model as reliable. Coppens noted that
the critical values for non-zero asset correlation were always higher than those
derived for zero-correlated assets. Hence it turned out that the assumption regarding
independent defaults imposes more stringent quality requirements on PD models.
This results from the fact that the positive asset correlation means a higher dispersion
of the losses distribution function and higher critical value, therefore the higher the
asset correlation is assumed, the easier the model can pass the quality tests. Thus the



Backtesting analysis. How to assess the quality of PD models in retail banking 239

zero-correlation assumption may be considered as a conservative approach within
the process of PD models’ validation.

4. The empirical results of the backtesting analysis

In order to illustrate the above presented methods, a backtesting analysis was
performed for a Polish branch of a leading global bank specialising in consumer
finance. In Poland the bank was active in the car and mortgage loan fields, therefore
the credit risk forecast quality assessment process was conducted for these two
products. The mortgage portfolio incorporated 64,237 loans. For each month in
2008, PD forecasts were made by the internal credit risk team. The second examined
portfolio incorporated 20,000 consumer loans to finance car purchases. The vali-
dation period covered the year 2002, where twelve monthly forecasts were provided.

Table 1 presents the PD forecasts and the actual values for the mortgage portfolio.
It can be noted that except for December 2018, the PD forecasts were below the
actual values. Furthermore, the discrepancy increased during the second half of the
year.

Table 1. Comparison of PD forecasts and actual values — mortgage loan portfolio

Date
2008-01 | 2008-02 | 2008-03 | 2008-04 | 2008-05 | 2008-06 | 2008-07 | 2008-08 | 2008-09 | 2008-10 | 2008-11 | 2008-12
PD forecast 0.76% | 0.78% | 0.82% | 0.86% | 0.89% | 0.92% | 097% ]| 1.03% | 1.09% | 1.20%] 129% | 1.37%
PD 0.75% | 0.79% | 085% | 093% | 1.04%| 1.17%| 1.14%| 121%| 1.20%| 1.26%| 1.38%| 1.30%

Source: own study.

Table 2 shows a comparison of the PD forecasts and the actual values for the car
loan portfolio. This time the actual values were higher than its expectations only
during a few months of the second half of 2002.

Table 2. Comparison of PD forecasts and actual values — car loan portfolio

Date
2002-01 | 2002-02 | 2002-03 | 2002-04 | 2002-05 | 2002-06 | 2002-07 | 2002-08 | 2002-09 | 2002-10 | 2002-11 | 2002-12
PD forecast 1.80% | 1.85% | 1.90% | 1.92% | 193%| 196% | 1.99% | 2.04%| 2.06% | 2.10%| 222%| 241%
PD 1.66% | 1.70%| 1.62%| 157% | 1.76% | 198% | 195% | 2.14%| 2.20% | 221%| 220% | 2.28%

Source: own study.

Based on the data contained in Table 1, the backtesting analysis was performed
using a binomial statistical test. For the purposes of the analysis, the test significance
level was set at 5%. Figure 3 presents the backtesting analysis outcomes derived for
June 2008. The left part contains all the input data and assumptions necessary to
calculate the test statistic. The graph presented on the right side of the table shows
the theoretical distribution function of the number of defaulted loans (under the
assumption that the PD forecast was correct).
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Report: Backtesting Report Date: nnnsss Bank:  ****%* Bank Ltd
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Fig. 3. The results of the backtesting analysis for PD forecast — mortgage portfolio — June 2008

Source: own study.

The backtesting analysis applied for June 2008 revealed the PD forecast
(0.92%) was significantly below the actual value. According to the forecast, it was
expected that 589 loans would default within the given horizon. In fact 752 default
were observed. The statistical test critical value was estimated at 630 loans. As the
empirically observed number of defaulted loans appeared to be higher than the
critical value, the forecast needs to be deemed as not reliable.

Report: Backteging Report Date: nnnes Bank: *#ker Bank Ltd

12%

PD forecast 1.96%

8%
Number of loans in portfolio 21542
Expected number of defaults (forecast) 2 6%
Empirically observed number defaults, 426 4% ‘|

Probability of wrong decision

385 (==

2% I
>
-

=
n
<

g
3

361
367
373
379
397
403
469 um
475 m
481
487
493
499

S ~
2 a
F <

433
439

<
I

) . number of defaults
Conclusions:

Based on the performed analysis (426 defaulted loans) the forecasting model is
deemed asreliable.

Fig. 4. The results of backtesting analysis for a PD forecast of car portfolio — June 2002

Source: own study.

The analogous analysis was performed for the car loan portfolio. The validated
forecast concerned June 2002 and the results are presented in Figure 4. According
to the PD forecast the credit risk should be observed at 1.96%, which gives 422
defaults. The empirically observed number of defaulted loans turned out to be four
loans higher. However this discrepancy appeared to be not statistically significant,
as the acceptable limit of the defaulted loans (critical value) was equal to 455, hence
much above the observed defaults. Therefore the forecast should be considered as
reliable at the confidence level a = 5%.
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Table 3 presents all the backtesting results performed for both the portfolios and
the given months. The validation outcomes were coded as “ok™ when the forecast
appeared to be reliable according to the binomial test. When the forecasts were
too low comparing to the actual values, the code ‘bad’ was assigned. The analysis
revealed that in 2008 the mortgage forecasts could be considered as reliable only for
five months (January, February, March, October, and December). For comparison,
all the car loan portfolio forecasts were assessed as accurate.

Table 3. The results of the backtesting analysis on the basis of the binomial test for a mortgage
and car portfolio

Date
2008-01]2008-02] 2008-03] 2008-04] 2008-05[2008-06] 2008-07 2008-08] 2008-09] 2008-10 [ 2008-11 [ 2008-12
Mortgage loans portfolio ok. ‘ ok. ok. ‘ bad ‘ bad ‘ bad ‘ bad ‘ bad ‘ bad ‘ ok. ‘ bad ‘ ok.

[2002-01]2002-02]2002-03] 2002-04] 2002-05[ 2002-06] 2002-07] 2002-08] 2002-09] 2002-10 [ 2002-11 [2002-12 |
Car loans portfolio ‘ ok. ok. ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok. ‘ ok.

Source: own study.

In the course of further analysis, the credit portfolios were subjected to
a complementary backtesting procedure using the Hosmer-Lemeshow test. Under
this approach it was assumed that the default rates in every month were independent.
The test statistic was calculated only for these months where the forecasts appeared
to be below the actual values. This approach was applied to provide a higher degree
of conservatism, as it focuses only on the risk underestimation events. The rationale
behind this method results in the assumption that any overestimation cases are not
that harmful for the bank.

Report: Backtesting Test Hosmer Lemeshow Report Date: e Bank:  ***#** Bank Ltd
orecast3
PD forecast 0.8% 0.8% 0.8% 0.8% 0.9% 0.9% 0.9% 1.0% 1.0% 11% 1.2% 1.3%
Number of loans in portfolio 64795 64318 64218 64716 64 838 64128 64237 64 389 64 429 64915 64825 64728
Expected number of defaults 493 489 504 531 555 570 589 624 665 708 779 834
Real (observed ex-post) number of defaults 839 482 505 551 606 668 752 736 781 771 817 891
Probability of wrong decision (o) 5.0% 100.0%
- & (N.PD,-d,)?
value of test statisctics 12167 S = N PD, 24 90.0%
~N,-PD, -(I-PD,) 80.0%
Critical value of test 15.51 g .
s | £ ow
5 60.0%
= itics test
Conclusions: 2 50.0% Crlm\ual statistics
3 40.0% value
Based on the perff)rmedanalysm the forecasting model is g 30.0%
deemed as not reliable. 20.0%
10.0%
0.0% ] <
0 20 40 60 80 100 120 140

Value of statistics S

Fig. 5 The results of the backtesting analysis — mortgage loan portfolio, the Hosmer-Lemeshow test

Source: own study.
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Figure 5 presents the results of the backtesting analysis performed for the
mortgage portfolio. The table in the figure contains the PD forecasts and the actual
number of defaults used for the test statistic calculation. The graph illustrates the
cumulative distribution function of the test statistic under the assumption that the
forecasts were accurate. The value of the test statistic was equal to 121.67, while
the test critical value for significance level of 5% was equal to 15.51. Therefore,
based on the Hosmer-Lemeshow test results, it can be deemed that at least one of
the examined forecasts was inaccurate. Hence, this method also confirmed that the
credit risk projections of the mortgage portfolio need to be assessed as poor quality.

Figure 6 illustrates the results of the backtesting analysis performed for the car
loan portfolio. The value of the test statistic was estimated at 4.59 while the critical
value was equal to 5.99. Hence, it can be concluded that the forecasts are of high
quality which confirms the binomial test’s earlier findings

Report: Backtesting Test Hosmer Lemeshow Report Date: Bank:  *¥®*¥* Bank Ltd
PD forecast 1.8% 1.9% 1.9% 1.9% 1.9% 2.0% 2.0% 20% 2.1% 2.1% 2.2% 2.4%
Number of loans in portfolio 20106 22692 _ 21205 _ 22456 _ 21484 _ 21542 _ 22200 _ 21285 _ 22679 22176 21594 21839
Expected number of defaults 380 420 404 430 415 423 442 433 467 466 478 526
Real (observed ex-post) number of defaults 350 386 343 353 378 426 433 455 499 491 476 498
Probability of wrong decision () 5.0% ) . 100.0%
Value of test statisctics 4.59 S{ = ﬁ;% :z’z%
-PD, (1~ %
Critical value of test AN, D (B0, £ o
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Fig. 6. The results of the backtesting analysis — car loan portfolio, the Hosmer-Lemeshow test

Source: own study.

The backtesting analysis outcomes show that the results obtained with various
statistical methods are consistent. The PD forecasts made for the car loan portfolio
were deemed as reliable, while for the mortgage loan portfolio they appeared to be
much below expectations. In 2008, some forecasts were too low compared to the
actual values, and the discrepancy could not be explained by normal course PD
volatility. Facing such findings, the managers responsible for the risk management
process should thoroughly review the statistical model used for forecasting.
The review should cover the model assumptions’ verification, the coefficient
estimation process, the optimal model selection and its implementation. The reason
for the poor model accuracy could be an earlier change in the bank’s credit risk
policy or changes in the macroeconomic variables which were not considered by the
model’s developers. In 2008 a global financial crisis took place and many financial
institutions reported an uncontrolled spike in credit risk trends.
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5. Conclusions

The PD estimation process is one of the fundamental elements of any credit risk
management system in contemporary banking. Highly accurate forecasting allows
the banks to prepare for expected and unexpected losses. Any mistakes made at this
stage may lead to severe consequences such as the loss of control over risk and in
extreme cases — bankruptcy. Hence for this reason the backtesting procedure should
be performed on a regular basis.

In this paper it was proved that capital requirements calculated according to
the IRB approach recommended by the Basel Committee are highly sensitive
to changes of the probability of default. A relatively small underestimation of
PD or asset correlation may result in a significant decrease of minimal capital
requirements. Consequently, the bank may keep insufficient capital, which under
severe macroeconomic conditions may lead to insolvency.

One of the underlying assumptions of credit risk models refers to the borrower
asset correlation. The higher the asset correlation the larger the unexpected loss,
and therefore the capital requirements. However under the backtesting exercise,
the overestimation of asset correlation gives more space for incorrect model
assessment (e.g. the TLA approach). It was shown that when the correlation
coefficient is set to zero, the PD volatility is lower and therefore it results in a more
conservative approach. Finally, the PD confidence interval is narrower and also the
areas under the TLA approach are also narrower.

The example presented in this paper was used to illustrate the application of
the statistical methods under the backtesting exercise. The outcomes obtained
for the car loan portfolio revealed that forecasts can be deemed as accurate.
The mortgage portfolio forecasts turned out to be inaccurate showing some serious
underestimations. It also should be noted that the mortgage analysis concerns the
year 2008, which was the beginning of the global economic downturn. Therefore,
backtesting analysis may be considered as an early warning system giving signals
for statistical model recalibration.
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