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Credit Scoring models with truncated samples and their Validation
By Ver—nica Balzarotti, Mat’as GutiŽrrez Girault and Ver—nica VallŽs

I. Introduction
The main object of this paper is to develop a credit scoring methodology for Argentine bank
commercial obligors based on information available in the Public Credit Registry of the Central
Bank of Argentina (Central de Deudores³&'´ DVDUHIHUHQWLDOWRROWRDVVHVVFUHGLWULVNLQORFDO
banks. Previous experience in this field has shown promising results1 ; in this paper, we focus on
two innovative aspects: firstly, the potential bias introduced by the fact that a considerable
number of obligors are removed from the database for no traceable reason, and secondly, the
application of validation techniques to the resulting models as proposed by the document
recently published by the BCBS2 .
The credit bureau is a rich source of information to assess credit risk. However, it imposes some
limitations. In particular, the database comprises those obligors who are already bank clients,
while data on potential clients are not recorded. Thus, any credit scoring system developed using
the CD database is subject to the effects of this truncation. The resulting bias is well-known in
WKHOLWHUDWXUHDV³VHOHFWLRQELDV´3. In the context of this study, however, such a bias is not of great
concern, as long as we are aiming at the estimation of credit risk on bank portfolios from a
regulatory point of view, in contrast to the case in which the objective was to develop a system to
make loan-granting decisions. There is another limitation in the database of particular interest to
us in this paper, which is the fact that a group of obligors regularly disappears from the CD for
no traceable reason. In consequence, it is impossible to know with certainty if obligors have
been removed because they have settled all their debts or because the bank has ceased actions to
collect. That is, two opposed reasons may be behind the removal of an obligor from the
database, besides the possibility of a straight data flaw. If the amount of removals is considerable
and the removal process is not random, there may be a bias in the estimation model. We will try
to prove if this bias exists and its impact in the Argentine case. Accordingly we will formulate a
proposal to introduce some changes to the Argentine database, while we explore some
methodologies to correct the bias.
Additionally, there had been a certain lack of consensus in the literature as to the validation
methodologies to be applied to credit scoring models and rating systems, until this gap was to
some extent filled by the publication of the BCBS working paper Studies on the Validation of
Internal Rating Systems4 . We apply some of the methodologies proposed in that paper to our
models to examine discriminatory power and validation.
A wide range of statistical models have been developed to aid the credit granting decision. These
PRGHOV FDQ EH XVHG QRW RQO\ IRU WKLV SXUSRVH EXW DOVR WR HVWLPDWH REOLJRUV¶ SUREDELOLWLHV RI
default. 7KHVH³3'V´DUHGHPDQGHGE\WKH5HYLVHG)UDPHZRUNRI,QWHUQDWLRQDO&RQYHUJHQFHRI
Capital Measurement and Capital Standards (Basel II) to calculate capital requirements within
the framework of Internal Ratings Based (IRB) approaches. Consequently, credit scoring models
and their quality have received much attention lately.
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Balzarotti, V., C. Castro and A. Powell (2004) and Balzarotti, V., C. Castro and A. Powell (2002).
%DVOH&RPPLWWHHRQ%DQNLQJ6XSHUYLVLRQ³6WXGLHVRQWKH9DOLGDWLRQRI,QWHUQDO5DWLQJ6\VWHPV´:RUNLQJ3DSHU
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Crook, J. (2002); Banasik, J. and Crook, J (2004); Hand, D. J. and Henley, W. E. (1997); Verstraeten, G. and Van
den Poel, D. (2004) and Greene, W. (1992).
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In this document we are not trying to construct a credit scoring model as a tool to be used in the
administration of credit risk within a bank, nor to discuss pros and cons of different models.
Instead, we apply a probit model, which has proved to work well in previous studies5 , and prefer
to focus on the innovations of this paper, namely the correction of the abovementioned bias and
an exploration of validation techniques.
In what follows, section II describes the CD and states the definition of default used in the
estimation of the probit model, while section III describes the theoretical model, explains the
difference between truncation, censoring, selection bias and the problem of removed-obligors.
Section IV describes the different estimated models that attempt to correct this last problem and
section V presents their validation (discriminatory power and calibration). Finally, section VI
contains the conclusions.
II. Argentine PuEOLF&UHGLW5HJLVWU\³&HQWUDOGH'HXGRUHV´
7KH%&5$KDVGHYHORSHGDGDWDEDVHQDPHG³&HQWUDOGH'HXGRUHV´ &' LQZKLFKFRQVXPHUDQG
corporate debts with financial institutions, credit card issuers and financial trusts are recorded if
the outstanding claim is above Arg.$50 (this amount was equivalent to USD50 before the
devaluation in 2002 and is now equivalent to approx. USD17). Any debtor data is freely
DFFHVVLEOH RQ WKH %&5$ ZHE SDJH E\ VXEPLWWLQJ WKH REOLJRU¶V WD[ LGHQWLILFDWLRQ QXPEHU
Institutions send the information to the BCRA monthly.
Records in the CD cover loans, claims stemming from financial intermediation, leasing and other
claims, as well as contingent claims (guarantees, agreed overdrafts in current accounts and other
pre-agreed lines, etc.). Positive and negative information is recorded. For each obligor in each
institution, the database records the tax identification number, name, whether the obligor is an
individual or corporation/institution, outstanding claims in each credit line, interest rate,
maturity, guarantees (as recognized by the BCRA), rating grade and provisions. There is no
demographic data nor information on arrears. The information for some variables show low
quality, such as interest rate and maturity.
The creation of this database pursued a number of objectives. These can be briefly summarized
as: (i) to foster credit accessibility, (ii) to strengthen supervision, (iii) to promote competition,
(iv) to strengthen willingness to pay and (v) to supply useful information for economic and
financial risk research, macroeconomic policy making and banking regulation.
)RUULVNFODVVLILFDWLRQSXUSRVHVWKHSRUWIROLRRIFODLPVLVGLYLGHGLQWRWZRJURXSV³&RQVXPHU
DQG +RXVLQJ /RDQV 3RUWIROLR´ FRYHUV ORDQV DLPHG DW FRQVXPSWLRQ Iinancing, home mortgages
DQGDWWKHEDQN¶VRSWLRQFODLPVWRIXQGFRPPHUFLDODFWLYLWLHVRIOHVVWKDQ$UJ6 . The
³&RPPHUFLDO3RUWIROLR´LQFOXGHVWKHUHVW
The present layout of the CD dates back to 1997, when the BCRA merged in a single database
two former, partial databases. Today, it contains information on 5.36 million individuals and
96,500 corporate obligors, which together account for 7.4 million claims in the banking sector.
As of the end of 2005, and considering private sector obligors only, the consumer portfolio
(including SMEs) amounted to $35.8 billion (with 7.5 million obligors) and the commercial
portfolio to $43.6 billion (19,600 obligors).
5
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Balzarotti, V., C. Castro y A. Powell (2004) y Balzarotti, V., C. Castro y A. Powell (2002).
This threshold was increased from Arg. $200,000 in March 2005.
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At the origination of the credit, all debtors must be rated into five grades (1 being the best)
DFFRUGLQJWRWKH%&5$¶VVHWRIUXOHVZKLFKIXQGDPHQWDOO\FRQVLGHUWKHSUREDELOLW\RIKRQRULQJ
the contractual terms of the claim, on the basis of an individual assessment of the future financial
situation. A provisioning percentage is established for each rating and there is a 50% reduction
of provisions on secured debt. Obligors whose debts are totally covered by the best type of
collateral (such as cash, term deposits, etc.) are not rated and are reported to the CD in the best
grade.
Commercial oEOLJRUV¶UDWLQJVPXVWEHUH-assessed according to their projected financial situation,
insolvency legal status and, when the claim has been restructured, according to the progressive
cancellation of the outstanding principal7 . The regulation enumerates a set of criteria to analyze
the financial situation, including timely balance-sheet information, economic sector prospects,
arrears, etc. On the other hand, consumer obligors are re-rated only according to arrears and
insolvency legal status. Rules set by the Central Bank establish that arrears of 90 days or longer
IRUFH D ³´ JUDGH UDWLQJ IRU FRQVXPHU REOLJRUV ZKLOH WKH VDPH  GD\-arrear suggests such a
rating in the case of a commercial obligor (as the other criteria must also be considered). Another
paragraph in the regulation makes a bank change its rating if there is a difference greater than
one grade between its rating and those assigned by at least two other institutions whose claims
account for at least 40% of the claims of the obligor in the banking sector.
Definition of Default
As indicated, there are five grades under the standardized rating system8 . In deciding which
JUDGHVPHDQ³GHIDXOW´ZHKDYHPDLQO\FRQVLGHUHGWKH³FRQVHQVXV´GHILQLWLRQVHWRXWLQ%DVHO,,
In that framework, default takes place when either or both of the following events have taken
place:



The bank considers that the obligor is unlikely to pay its credit obligations to the
banking group in full, without recourse by the bank to actions, such as realizing
security.
The obligor is past due more than 90 days on any material credit obligation to the
banking group9 .

Thus, we classify credits in grades 3 to 5 as defaults. Again, grade 3 means that an obligor in the
consumer portfolio is past due more than 90 days, and the same is true for commercial credits,
except for the fact that in this case the criterion is only indicative and could be overridden by
other criteria (although this is not usual).
Removed obligors
On a regular basis groups of debtors cease to be recorded in the CD. For example, 16 % of the
initial sample of commercial credits used for the present study (see characteristics of the sample
below) was not present in the CD one year later, and the same happens with 24% of the obligors
7

These rules were repeatedly changed after the crisis in 2002 and this is one of the reasons to choose 2000 as the
base year.
8
$UDWLQJFDWHJRU\QXPEHU³´LQFOXGHVDVPDOOQXPEHURIQRQ-performing credits of liquidated banks. We decided
not to consider these loans in the analysis.
9
For retail and Public Sector Entity (PSE) obligations, and as long as the national supervisor considers it appropriate
due to local conditions, 180 past due days can be used instead of 90 days.
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in the consumer credit segment (Table 1). Moreover, the removals take place from all the rating
grades, as shown in Annex 110 . Even for monthly horizons, there are removals taking place from
all the rating grades.
Table 1: Missing values in commercial and consumer credits
Default variable
Frequency
Percentage
Non Default (0)
12,632
76%
Commercial
Default (1)
1,352
8%
Missing (.)
2,668
16%
Total
16,652
100%
Non Default (0)
3,352,717
68%
Consumer
Default (1)
364,956
7%
Missing (.)
1,188,773
24%
Total
4,906,446
100%
Total sample
4,923,098
Total population
6,153,873

The reason for these removals is not recorded, therefore these missing debtors cannot be
classified as default or non-default at the end-point11 . A priori, there are two opposed reasons for
a removal:
1) Total settlement of the claims. These debtors should be classified as non-defaults
2) The bank writing off the claims. These obligors should be classified as defaults.
%&5$UHJXODWLRQVVWDWHWKDWDUUHDUVRIGD\VRUPRUHDUHLQGLFDWLYHRID³ORVV´LH³JUDGH´
rating for a commercial loan, and must be fully provisioned (except when there is collateral or
JXDUDQWHHV LQZKLFK FDVH WKH OHYHOV RI SURYLVLRQLQJ DUH ORZHU   /RDQV FODVVLILHG DV ³ORVV´DQG
totally provisioned must be transferred to off-balance sheet accounts after being seven months in
that situation. Loans with guarantees lose the benefit of reduced provisioning after remaining
two years in categories 4 or 5 (in general). Thus, the existence of guarantees may delay the final
migration to off-balance sheet accounts. A claim can remain in these accounts as long as the
institution continues to carry on with collection efforts.
Claims in off-balance sheet accounts must also be reported to the CD. Therefore, if a commercial
ORDQRULJLQDOO\UDWHG³´RU³´ LQGLFDWLYHPD[LPXPDUUHDUVRIGD\V GRHVQRWDSSHDUDWDOOLQ
WKH&'LQRQH\HDU¶VWLPHDQGDVVXPLQJLWLVGXHWRWKHZULWLQJRIIRIDGHIDXOWLWZRXOGLPSO\
that the bank has applied very strict writing off procedures, much stricter than those demanded
by the BCRA. This is not very likely, although not impossible, considering that the amount of
any commercial loan is relatively important for local banks. In this line, it can be observed that
VRPHREOLJRUVFODVVLILHGDV³´RU³´LQ'HFHPEHUDUHFODVVLILHGDV³´LQ'HFHPEHU
in our sample (see Table 2).

10

The scoring model works with obligors that are rated 1 or 2 at the starting point, however, the fact that some
obligors are removed from all the rating grades may be informative and that is why it is pointed at.
11
There is a separate database where write-offs should be recorded, but the information available has low quality.
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Table 2: Rating of Commercial credits December 1999-2000
Rating in
December
1999
1
2

Rating in December 2000
0

1

2,533
16%
135
15%

2

11,785
75%
137
15%

449
3%
261
29%

3
282
2%
104
12%

4

5

Total

572
4%
179
20%

143
1%
72
8%

15764
888

A third possible reason for removals is the sale of the claims to another institution or to a fund.
The claim will continue to be furnished to the CD unless the buyer is a fund that is not obliged to
inform (financial fiduciary funds are the most common type of buyer and they must report).
Even if the buyer is not a financial fiduciary fund and the selling bank, or another bank, provides
collecting services, then this institution must report the claims to the CD. However, as our
analysis is at an obligor-bank level, a change of holder will be taken as a removal. Only at a
systemic level could transfers be inferred. Additionally, there is an operational reason that may
lead to a temporary loss of transferred claims from the database, which is originated in the fact
that new funds can report only when they have completed certain authorization procedures,
which take a couple of months. If this delay coincides with the end-point observation, some
claims may be missing for this reason.
A fourth, final reason for the disappearance of an obligor from the CD is a direct data error,
which would be random.
While four reasons can therefore be found for a removal, it can be argued that repayments, sales
or mistakes are more likely to be behind them. In order to gather more clues, the set of
disappearing obligors can be described and compared to obligors who remain in the database. It
can be seen (Annex 1) that both groups are highly similar. There is only a clear discrepancy in
the percentage of foreign-incorporated obligors, which is higher in the set of disappearing
obligors. This also points in the direction of repayment, sales or errors, rather than defaults and
total ceasing of collection efforts.
Another useful hint may come from the analysis of outstanding debt in the system of the obligors
who are removed from one bank but still have credit (commercial or consumer) in the financial
system (remember the data enters the model at obligor-bank level). Both amount and rating can
EHHQOLJKWHQLQJDQGDUHSUHVHQWHGLQ7DEOH,QJHQHUDOWKHVHREOLJRUV¶WRWDOFUHGLWLQWKHV\VWHP
has decreased due to the disappearing of some credits with certain banks.
Table 3:Change of outstanding debt in the system, December 1999 to December 2000, and
worst rating in December 2000 for disappearing debtors
Debt change in
the system
Increase
Decrease
Disappear
Total

Frequency
537
1,531
600
2,668

Average
Average
change rate max rating

%
20%
57%
22%
100%

5

118%
-52%

1.30
1.68

III. The Credit Scoring Model and Calculation of PDs
There are several established statistical methods to construct a credit scoring. The most popular
methodologies are discriminant analysis, neural networks, decision trees and traditional
statistical methods such as Logit and Probit regressions. There is a considerable amount of
research comparing the performance of these credit scoring models and the main conclusion is
that results are relatively similar. The technique used in the present document is a Probit
regression with a binary explained variable for the default of the obligor. We have selected this
model because of its simplicity and because the influence of the explanatory variables on the
probability of default is quite easily obtainable12 . It has also proved to work well in previous
studies and has the advantage, together with logit models, that rating scores can be easily
WUDQVODWHGLQWRWKHERUURZHU¶VSUREDELOLW\RIGHIDXOW 3' 
In the Probit model the binary explained variable is the situation of default and can be
represented as:
1 if X i' b + e i > 0
Di = ®
'
¯0 if X i b + e £ 0
Where X i  is the matrix of explanatory variables of each obligor i and e i is the regression error.
The - X i b i of these estimations is used as the scores of the debtors, a greater score means less
probability of default. The PD can be calculated from the Normal Cumulative Distribution
function for Probit models together with the score. Therefore, the probability of default can be
estimated as:
P ( D i = 1 / X i ) = F ( X ’ b )
l

We have worked with private, non-financial debtors13 and have distinguished between
commercial and consumer loans14 . The estimation of the consumer loan model deserves further
research since it would be more accurate to make a distinction according to consumer credit type.
This would be more in line with Basel II, as IRB banks must group retail debtors according to
their characteristics (such as type of credit, days past due, etc.) and estimate pooled PDs shared
by all credits within each segment.
Basel II has also established that the pooled PD of each grade in a rating system must be a long
run average of yearly default rates within each grade, or of individual PDs of the borrowers
assigned to each grade. In this document we have restricted our analysis to the estimation of
unstressed annual PDs, that are an input in the construction of Point-in-Time (PIT) rating
systems, and that constitute a starting point for further research that considers stressed PDs and
Through-the-Cycle (TTC) rating systems.

12

Among the requirements of Basel II, the understanding and use of internal rating model as a methodology to grant
credits is highlighted. Banks should use simple and comprehensive models to estimate PDs, so people working in
the commercial department can understand how these models work and how explanatory variables influence PDs.
13
Including domestic and foreign obligors.
14
This distinction could not be obtained directly from the database for the months in the study since the category
variable indicating commercial or consumption credit is not available. Thus, it was constructed applying the limit of
Arg$200.000 outstanding debt, which, in the regulation, is the greatest commercial loan that can be treated as a
consumption loan, at the option of the bank.
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The horizon of the model is one year, in order to obtain annual PDs, and we have chosen to work
with the period December 1999 - December 2000. The estimated PDs represent the probability
that a debtor rated as non-GHIDXOW JUDGHV³´RU³´ LQ'HFHPEHUFRXOGEHUDWHGDVGHIDXOW
JUDGHV³´³´RU³´ LQ'HFHPEHU7KRXJKWKHUHZDVDUHFHVVLRQJRLQJRQLQWKDW\HDU
it was still previous to the very serious crisis of the banking sector that accelerated in late 2001.
While we are of the view that the levels of risk arising from the model may probably be above
those arising from a long run average, still the conclusions drawn on topics such as the existence
of the bias due to removals and the application of validation tools are of great interest and
relevance.
The model works at a debtor-bank level, i.e. one obligor might obtain different ratings in two
banks (subject to the restriction of maximum difference between material debts, stated above).
While the CD contains the whole population of debtors, a sample was taken to test the
performance of the credit scoring model in-sample and out-of-sample. A sequential sampling
method was used to take 75% of the observations controlling for the main variables (rating
grades of obligors in December 2000 and outstanding debt in each institution). A Probit model
was estimated with correction of outliers considering dfbetas or dcook of observations.
The sample of commercial obligors used in the estimations has 16,652 debtor-bank observations,
although the number of debtors consolidating across banks is 10,343 (the same firm may be
obligor in more than one bank; on average each debtor has credits with 1.6 banks). Banks have
on average 152 commercial claims, but these are not equally distributed among them: out of 109
institutions, 81 have less than 100 commercial claims each.
The explanatory variables used in the models have been constructed with the limited information
of the CD, whose variables have an uneven quality. Therefore we have used those which show
relatively good quality. These variables mainly refer to the rating grade of the debtor in different
periods, the worst grade recorded, outstanding debt of the obligor with a bank and with the
system, guarantees and obligations in default compared to total obligations (for further details
see Annex 2).
Tentative treatment of removals
The treatment of removals (borrowers that disappear from the sample between December 1999
and December 2000) will determine different versions of the scoring model.
Before looking into the models, it is worth giving some detail about the difference between
WUXQFDWLRQFHQVRULQJ³VHOHFWLRQELDV´DQGWKHSUREOHPRIGLVDSSHDULQJREOLJRUV7KLVLVGRQHLQ
an attached box.
The difference between truncation, censoring, selection bias and the removed-obligors problem
The effect of truncation occurs when sample data is
drawn from a subset of a larger population of
interest. Censoring is essentially a defect in the
sample data. When the dependent variable is
censored, values in a certain range are reported as a
single value. This introduces a distortion into
statistical results. The sample selection problem is a

form of truncation, but arises when the truncation
process is not random.
The following graphs illustrate truncation and
censoring problems for a Normal distribution.
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Truncated Normal Distribution (at ±1)

credit applied by a bank, it is still quite intuitive.
Thus, the distribution of defaults and non-defaults
will be observable for the censored scores, as
illustrated by the next graphs. The first graph shows
complete densities of defaults and non-defaults,
according to scores, and the second, the densities of
defaults and non-defaults with sample selection,
where the right tails of the densities are not observed
(the areas under both truncated curves add up to 1).
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Whether the effect of truncation on the coefficients
is of interest depends on the intended inferences of
the study. If the analysis is to be confined to the
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entire population, then the unbiased coefficients are
actually of interest.
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The potential bias of the coefficients arises when the
selection mechanism proxies are omitted in the PD
equation. Some corrections have been studied in the
literature and applied in practice.
In the case the present study, a kind of truncation
arises from the fact that some obligors who are
present in the CD in Dec. 1999 are removed by a
non random process in Dec. 2000. Not considering
these group may also lead to biased estimations.

When there is sample selection, sampling is nonrandom. Recent literature has studied the effects of
this drawback on the properties of conventional
estimators. In the case of banks assessing credit
risk, sample selection is a common problem. Banks
usually keep records only for applicants that get
credit and not for rejections. In those cases, as
opposed to the bias we study in this paper, the
truncation is one-sided and there are a number of
proposals in the literature to correct its effects.
Sample pre-selection can be represented by a
condition of acceptance of an application equal to
the score being smaller than a threshold. Although
this is a simplification of the criteria for granting

The bias due to obligor removals, however, has no
aprioristic side or is both sided. Removals may be
due to total cancellation and sales or, at the other
extreme, to total writing-off and removing from
balance-sheet, as well as to data errors.
Not only does the existence (or non-existence) of
removed obligors affect model estimation, it also
influences the assessment of the performance of
rating models.

8

IV. The 5 models
Model 1 : ³,QFRPSOHWH6DPSOH±1R&RUUHFWLRQ0RGHO´ A first approach is to proceed with the
estimation of the model restricting the database to the group of obligors that are
present both in December 1999 and in December 2000, ie., with no attempt to correct
the eventual bias. This is going to be the benchmark model and it is also the
approach used in previous research in Argentina and other Central Banks.
0RGHO   ³,QFRPSOHWH VDPSOH - Heckman type correction´. The same truncated sample as
Model 1 is considered but fits a Maximum-Likelihood Probit model with sample
selection. Thus the method used to correct selection bias in Model 2 is similar to the
Heckman method, but with a binary explained variable (default), as follows:
Let X t be the matrix with the explanatory variables (financial information about
obligors). Let Y t be a dummy variable that indicates whether a specific obligor
remains in the system or not (this is the variable that considers the selection process).
This variable assumes value 1 if a debtor is present at the end-point and 0 otherwise.
D t is a dummy variable that indicates default. Hence, Dt is observable only in cases
where Yt =1, ie, when the obligor remains in the CD, but it is unknown for those that
are removed (Yt =0). The matrix of financial information, X t combines the
probability of remaining in the CD and the probability of defaulting. The chain
determining events is:
X i -> Yi ( X i ) -> Di ( Yi , X i )
If Y t was established at random, the second step would not add additional
information and there would be no need to consider the selection process. In that case
Model 1 would be suitable to estimate PDs. But if Yt contains additional information,
the selection process determining permanence in the CD should be considered in
order to avoid a bias. Model 2 assumes that Yt adds information and therefore tries to
model the selection process.
Models 3 to 5 : Another approach that is going to be explored is the re-incorporation of missing
obligors, assuming their behavior (default or not) at the end point. This methodology
resembles that of Hand and Henley15 . To proceed in this way, it is necessary to
decide how a default or non-default tag will be assigned to obligors in order to
reincorporate them to the sample. The default classification rule for removed obligors
defines models 3 to 5.
0RGHO³*OREDO5HLQFRUSRUDWLRQDV&DQFHOODWLRQV´Following the a priori rationalization that
has been put forward above, there are many arguments supporting that most of
removed obligors are in fact settlements or sales (or may be errors). From the point
of view of risk, sales represent realizations of claims and are similar to getting the
credits paid back. Thus, one extreme assumption will be that all disappearing
obligors have indeed paid off. Thus, under this rule all of them will be
reincorporated with a non-default tag. This seems to be an extreme approach, but in
the right direction.
15

Hand D.J. and Henley. W.E. (1993) and Hand D.J. and Henley. W.E. (1994)
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0RGHO   ³5HLQFRUSRUDWLRQ DFFRUGLQJ WR DYHUDJH VFRUH RI GHIDXOWHUV´  Observing that the
features of the set of removed obligors are in fact very similar to remaining obligors
(which is later on confirmed by the scores estimated for both groups), an exercise can
be done in which, first, a scoring is estimated using the truncated sample of obligors
that are present in both periods, December 1999 and December 2000 (similar to
Model 1). Then removed obligors get a score using the parameters obtained with that
model. After that, two rules can be thought of to discriminate defaulters and nondefaulters, using these estimated scores: The first rule is to assign a default tag to
those cases whose scores are lower than the average score of defaulting obligors of
the remaining obligors set. Finally, after classifying removed obligors they are
integrated into the sample and PDs are estimated again using a Probit model, this
time with the increased sample.
This approach is similar to that of Hand and Henley. They analyze the selection
problem in the decision process of credit granting. In their case they cannot follow
people LQ WKH µUHMHFWHG¶ UHJLRQ DV WKH\ ZHUH QRW JUDQWHG D FUHGLW :LWK D VLPLODU
process they re-include the rejected people in the sample, although they find that this
appears to have little additional information.
The second rule would be to assign a default tag to a percentage of the removed
obligors who get the lowest scores with Model 1, so that this percentage is equal to
the default rate obtained from the remaining obligors set. In practice, this rule is
almost exactly the same as the previous rule (i.e., according to average score of
defaulters) and estimated parameters are also almost identical. For this reason, it is
not presented as another model.
0RGHO³8QVSRWWHGREOLJRUVKDYHUHSDLGWKHUHVWKDYHEHHQZULWWHQRII´Removed obligors
are assigned a non-GHIDXOWWDJRQO\LIWKH\KDYHD³FOHDQ´UDWLQJWUDFNLQWKHEDQNDQG
LQWKHV\VWHP7KLVPHDQVWKDWRQO\REOLJRUVZLWKDJUDGHJUHDWHURUHTXDOWR³´LQ
the maximum rating of the system or in the previous rating (June 1999) are
considered defaults, the remaining obligors are considered non default. Other
variables such as outstanding debt, guarantees, etc., are not considered in order to
discriminate assumed defaulters. The model is run on the increased database.
Model
Models 1 and 2
Model 3
Model 4
Model 5

Table 4: Statistics of the 5 models

Default or not
Non-default
Default
Non-default
Default
Non-default
Default
Non-default
Default

Frequency
12,626
1,350
15,294
1,350
15,079
1,565
15,090
1,554

Default rate
10.69%
8.83%
10.38%
10.0%

Results of the models
Table 5 shows the parameters estimated by the five models. There are differences in the
estimated values of the parameters and even coefficients of different sign. Coefficients in
Models 1 and 3 to 5 are the most similar and results of Model 2 are markedly different. In
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general, coefficients have the expected signs. Annex 2 shows a priori univariate relationships
between explanatory variables and default rates.
The coefficients for rating grades have the expected signs: lower rating grades decrease the
probability of default. There is a positive relationship between the number of creditor banks that
an obligor has and the probability of default, although obligors with one creditor institution are
riskier than those with two.
Table 5: Default is the explained variable
Explanatory Variables

Intercept

Previous_Rating 0

Model 1

Model 2

Model 3

Model 4

1.76***

0.35

2.36***

2.15***

-0.44**

-0.04

-0.29*

-0.19

-0.26

-0.13

Worst_rating 2

-0.49***
0.14

-0.25***
0.13

-0.18**

Rating 1

-0.66***

-0.63***

Banks 1

-0.56***

0.14*

Previous_Rating1

Previous_Rating 2

Previous_Rating 3, 4 y 5
Worst_rating 1

Worst_rating 3, 4 y 5
Rating 2
Banks 3

-0.73***

Banks 5
Banks 9

Banks 10

Institution_type: National public banks

-0.6***

-0.57***
-0.8***

-0.45***
-0.23

-0.42**

-0.59***

-0.93***

0.07

-0.31***

-0.56***

-0.83***

-0.59***

-0.74***

-0.65***

-0.61***

-0.64***

-0.66***

-0.58***

-0.81***

-0.49***

-0.16***

-0.49***

-0.1

0.01

-0.12*

-0.1*

-0.23**

-0.22***

-0.37***
-0.46***
-0.23*

-0.38***
-0.14
-0.43

-0.29**

-0.2***

-0.8***

-0.52***

-0.38***
-0.2

0.24***
-0.21**

-0.48***
-0.15

Institution_type: National private banks

-0.47***

-0.24***

-0.45***

-0.51***

-0.09

-0.09

-0.04

-0.14

Institution_type: Public local banks

Institution_type: Banks branches of foreign fi

-0.34***

Guarantee

0.16***

Institution_type: Other financial institutions
Ldebt_bank

0.61***

0.28***

Pseudo R

Media estimated PD

% of sample defaulters

-0.04

0.51**

Ndefault_lines
2

-0.32***

-0.11***

-0.12***

Ndefault_previos_lines

-0.02

-0.05*

Ldebt_system

Default_percentage

-0.42***

-0.2

Institution_type: Local banks with foreign capital
Institution_type: Private cooperative banks

2.1***

-0.57***

-0.11

-0.62***

Banks 7

-0.8***

Model 5

0.43***

-0.72***
-0.47***
-0.1
-0.27**

-0.04

-0.43***

-0.32***

0.18***

0.2***

0.19***

-0.02

-0.05*

-0.05*

0.08***

-0.16***

-0.14***

-0.11***

0.27***

0.02

0.28***

0.23***

0.37***

0.48**
0.12**

0.63***
0.47***

0.47**
0.4***

0.21

0.072

0.194

0.2684

0.2562

10.64%

22.86%

8.79%

10.31%

10.25%

10.69%

10.69%

8.83%

10.38%

10.30%

Notes: ***, ** and * are used for 99%, 95% and 90% respectively confidence levels.
Missing values or dummy variables are the base variables of the models

There is a difference in the risk of debtors of different groups of banks, classified by capital
ownership (e.g. foreign capital banks, domestic banks, branches of foreign financial institutions
and national private banks): domestic private banks get the most favorable coefficient.
The percentage of credit that is backed by collateral or guarantees (home mortgages and pledges)
has a positive and significant coefficient in two of the models, indicating that more backing leads
to higher default probabilities. Aspects such as relationship lending may be present16 or banks
16

see Berger A.N and G.F. Udell (1995) and Berglof E. and Gollier, C. (1997)
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may be asking for guarantees to counterbalance increased perceived risk in order to increase
recovery amounts, while the existence of guarantees may be lowering the default behavior only
partially17 . The relationship a priori between the frequency of defaulters and guarantees is weak
(see Annex 2)18 .
The estimated probability of default decreases with higher amounts of outstanding debt with a
bank as well as with the amount of debt in the system. On the contrary, estimated risk increases
for obligors showing higher percentage of their total debt in default or more defaulted lines.
The Goodness of Fit is measured with the Pseudo R2 statistics (Lagrange Multiplier) adjusted by
the number of explanatory variables. Model 4 shows the best fit.
V. Validation: discriminatory power and calibration
%&%6¶V SXEOLFDWLRQ ³6WXGLHV RQ WKH 9DOLGDWLRQ RI ,QWHUQDO 5DWLQJ 6\VWHPV´  suggests
some statistical tools to validate rating systems. In the present section we show the results of
applying the most widely used techniques described in that document to evaluate different
aspects of our estimated scoring models.
As indicated, the data provided by a CD to estimate a rating system is necessarily deficient, as
banks have access to information of borrower characteristics that are not recorded in the CD.
Nevertheless, it is important to test the merits of such models for methodological interests as
well as to assess if this kind of model could be developed by supervisors and used as a sort of
risk benchmark or to calibrate prudential regulation.
Rating systems and score functions may be seen as classification tools that provide indicators of
the future situation of the obligor. There are two aspects to be evaluated about them:
discriminatory power and calibration.
The set of obligors that gets better grades by a good rating system will show low frequencies of
default and the group that is allocated to worse grades will show higher frequencies of default.
Thus, a rating system has more discriminatory power the more discrimination or greater
difference is found between the distribution of scores for non-default and default obligors
(ability to discriminate good obligors from bad ones).
We present some statistical measures of discriminatory power. Absolute measures of
discriminatory power of a rating system have a limited meaning. Rather, they are used to
compare among rating systems and to get an idea of the adjustment of the model, for example, to
GHWHFWVWDWLVWLFDO³QRLVH´
The measures used in the present document, namely the Accuracy Ratio, Receiver Operating
Characteristics and Pietra Index are those frequently used by banks to evaluate the
discriminatory power of rating systems.
Checking the calibration of a rating system is different from checking its discriminatory power.
To assess calibration, obligors must be separated into rating grades considering their scores. A
17

A similar result was obtained by Schechtman et al (2004) when they estimated PDs for corporate debtors in Brazil
DQGERUURZHU¶VJXDUDQWHHVUHVXOWHGVWDWLVWLFDOO\LQVLJQLILFDQW
18
In the case of smaller consumer credits the relationship between the secured portion of the credit and the
frequency of default is clearly negative.
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system with a correct calibration would show similar forecast PD and default rate for obligors
belonging to the same rating grade.
In practice, estimated PDs will differ from observed default rates. These deviations may be due
to random factors or they may occur systematically. The second case indicates that the model
needs improvement. In the present document the Binomial test and Chi-squared test are
considered to evaluate the quality of PDs estimated from the rating system.
We will choose a model according to discriminatory power and then test calibration for that
model only.
Discriminatory Power
 The Cumulative Accuracy Profile (CAP) and the Accuracy Ratio (AR): The
Cumulative Accuracy Profile is also known as the power curve or the Lorenz curve. It shows
the cumulative percent of observed default obligors attributed to a ranking of observations
ordered by their scores. Graphically, the CAP curve is determined by plotting the cumulative
percentage of all borrowers on the horizontal axis, from riskiest to safest according to their
score, and the corresponding cumulative percentage of defaulters on the vertical axis.
Ideally, the rating process would give all defaulters the lowest scores, then, the CAP curve
would rise linearly at the beginning before becoming horizontal. Thus, the steeper the CAP
curve at the beginning, the more accurate the rating process.
The other extreme would be a purely random model, which would not have any discriminatory
power. The expected CAP curve would, in this case, be the diagonal, as a fraction X of debtors
will contain X percent of defaulters. The more concave the CAP, the better the discriminatory
power of the rating model, as a more concave curve would be closer to the ideal model.
Graph 1: Cumulative Accuracy Profile (CAP)

The summary index of the CAP is the Accuracy Ratio (AR), which is based on the Gini
coefficient of the CAP. In this ratio the numerator is the area between the CAP curve and the
diagonal (the random model) and the denominator is the area between the ideal model and the
diagonal (see Annex 2). A rating system is more accurate the closer the AR is to one.
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Comparing the rating models estimated in the present document, the CAP curve of the rating
system derived from Model 4 is the most concave and has a higher AR. We will make some
qualifications on these results below.
 Receiver Operating Characteristics (ROC): One of the features of a good rating
V\VWHP LV WKDW LW KDV DV KLJK D ³KLW UDWH´ DV SRVVLEOH FRUUHFW FODVVLILFDWLRQ RI D ERUURZHU DV D
SRWHQWLDO GHIDXOWHU  DQG DW WKH VDPH WLPH DV ORZ D ³IDOVH DODUP UDWH´ DV SRVVLEOH LQFRUUHFW
classification of a creditworthy borrower as a potential defaulter). The ROC curve is a concept
related to these two rates and also related to the CAP curve. To construct the ROC curve, the hit
and false alarm rates are calculated for every score, taking each level of score as a cut off value
for granting credit (see Annex 2). A rating system performance is better the steeper the ROC
curve and the closer to the point (0;1). The ROC curves for the models are presented in Graph 2.
Using this criterion, the rating system derived from Model 4 has the best performance. We will
make some qualifications on this result below.
Graph 2: Receiver Operating Characteristics (ROC)
(1,0)

Perfect Model

The area under the ROC curve is measured by the ROC index. The value of this index ranges
from 0.5 for a random model (the ROC curve is the diagonal) to 1 for an ideal model.
 Pietra Index. The Pietra index considers the greatest triangle area that can be drawn
between the ROC curve and the diagonal (Annex 2).
These metrics for the discriminatory power of the estimated models are presented in Table 6.
The rating system estimated by Model 4 shows the best performance considering these three
indices. In particular, it is clearly better off than Model 2, which also tries to correct the bias
arising from removed obligors. We make some qualifications about these results next.

14

Table 6: Statistical measures of discriminatory power considering all the obligors
Accuracy Ratio (AR)

Receiver Operating
Characteristic (ROC)

Pietra Index

Model 1
Model 2
Model 3
Model 4
Model 5
Max (greater discriminatory power)
Min (less discriminatory power)
References

62.3%
47.4%
62.7%
68.8%
68.1%
100%
0%

81.2%
73.7%
81.4%
84.4%
84.0%
100%
50%

0.168
0.136
0.169
0.190
0.188
>
<

Studies on the Validation of IRB (Basel Committee)

50-80%

Benchmarking Quantitave Default Risk Models: A
YDOLGDWLRQPHWKRGRORJ\ 0RRG\V

50-75%

Commercial Debtors

Qualification on the results for Model 4
To estimate Models 4 to 6 we have reincorporated removed obligors, DVVLJQLQJ D ³GHIDXOW´ RU
³QRQ-GHIDXOW´ FODVVLILFDWLRQ WR WKHP IROORZLQJ GLIIHUHQW UXOHV  ,Q GRLQJ VR ZH DUH DFWXDOO\
affecting performance indicators. For Model 4, performance indicators are improved as a result
of assigning default tags to those obligors that get the lowest scores with Model 1. Graph 3
shows the division made with Model 1 (obligors that get a default tag are those with Model 1
scores lower than the average score of defaulters that remain in the CD).
Graph 3: Rule of assignation of default and non-default classifications to removed obligors
according to scores using Model 1

As estimates for Model 4 are different from those for Model 1, after running Model 4 the
distribution of scores for defaulters and non-defaulters in the group of removed obligors also
changes. This is shown in Graph 4.
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Graph 4: Distributions of Defaults and Non-Defaults in the group of removed obligors,
according to their scores using Model 4

The separation between both distributions is not exact now, as a consequence of the difference
between Model 1 and Model 4. It can also be seen that re-incorporated obligors tend to get
higher scores (indicating less risk) in Model 4 than in Model 1. This, we argue, is a result of the
rule being too conservative. As we have explained earlier, there are reasons to believe that
removed obligors are mostly repayments, sales or errors, rather than losses. In other words, we
believe that the rule assumes a higher default rate than the real one for removed obligors, and
thus such rule means a higher probability of assigning a non-default tag to a defaulter than the
contrary (assigning a default tag to a non-defaulter), which is acceptable from a supervisory
point of view although it is not so good for the sake of the model
As described, participating and disappearing obligors have similar characteristics (Annex 1).
Hence re-incorporated obligors in Model 4 will tend to be ranked almost in the same order as in
Model 1. Then the technique implies incorporating a sub-set of observations that, by
construction, have a close-to-perfect accuracy ratio, even after estimating Model 4. Thus, we are
most probably increasing the accuracy ratio and other discriminatory power statistics for the
whole sample. This is not clear at all with other rule assumptions.
Trying to take account of this effect is a challenge. In the traditional case of selection bias it can
be shown that (i) the bias is considerable when testing discriminatory power, and (ii) the bias
might be positive or negative, i.e., there is no simple rule to take account for this bias19 . In our
case, when the bias has no side or is both sided, it would be even more difficult to find such a
correcting rule, especially taking into account the low quality of explanatory variables to model
the selection process .
7KXV ZH KDYH FDOFXODWHG ³KDUG´ GLVFULPLQDWRU\ SRZHU VWDWLVWLFV IRU WKH GLIIHUHQW PRGHOV XVLQJ
only the set of observations of obligors that are present at both points in time. If these statistics
improve, most probably the whole power of the model has improved. If the hard statistics do not
show any improvement, the difference between the estimated parameters should be measured in
order to evaluate if it is worth re-incorporating obligors that disappear.

19

.UDIW.URLVDQGWDQG0OOHU 
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Table 7: Statistical measures of discriminatory power considering obligors
present in Dec-99 and Dec-00.
Commercial Debtors

Accuracy Ratio (AR)

Model 1
Model 2
Model 3
Model 4
Model 5
Max (greater discriminatory power)
Min (less discriminatory power)
References

62.3%
47.4%
61.7%
62.2%
62.0%
100.0%
0.0%

Studies on the Validation of IRB (Basel Committee)

50-80%

Benchmarking Quantitave Default Risk Models: A
YDOLGDWLRQPHWKRGRORJ\ 0RRG\V

50-75%

Receiver
Operating
Characteristic
81.2%
73.7%
80.8%
81.1%
81.0%
100.0%
50.0%

Pietra Index
0.168
0.136
0.167
0.168
0.167
>
<

Again, discriminatory power statistics show that Model 2 looks like a poor solution to take
account for the bias due to removals, as values deteriorate markedly. Among the other models,
WKH ³KDUG´VWDWLVWLFV FDOFXODWHG XVLQJ RQO\ REOLJRUV ZKR UHPDLQ EXWZLWK WKH PRGHOVHVWLPDWHG
with the increased samples) show that Model 4 is able to keep the same values of Model 1, while
WKH UHVW VKRZ D VOLJKW GHWHULRUDWLRQ  $V H[SHFWHG ³VRIW´ VWDWLVWLFV PHDVXUHG RQ WKH LQFUHDVHG
sample) are clearly better for all Models but Models 2 and 3, always in comparison to Model 1.
Therefore, Model 4 is chosen to classify the obligors into grades and test its calibration as well
as to conduct out-of-sample tests.
If the hard statistics did not show any improvement in any of the models, the difference between
the estimated parameters should be measured in order to evaluate if it is worth re-incorporating
REOLJRUV WKDW GLVDSSHDU ,Q WKH FDVH RI RXUVHOHFWHG0RGHO HYHQ ZKHQWKH ³KDUG´ YHUVLRQ RI
discriminatory power statistics are very similar to those of Model 1, still the parameters show
that the characteristics of the obligor receive different consideration under the two models. For
example, an obligor in a foreign bank branch whose previous rating was 3 (six months ago), but
is rated 1 at the starting point and is also rated 1 in other banks (two other banks have claims
with her), has no guarantees, the outstanding debt with the bank is $500,000 and $700,000
overall in the system, will get an estimated 0.3% probability of default according to Model 1 and
a third of that, 0.1%, according to Model 4. On the other hand, let us consider an obligor in a
cooperative bank, whose rating 6 months ago was 2 with the bank, as it is at the starting point,
while the worst rating is 4 in the system, has eight other creditor banks and one line of credit has
been reported as defaulted in the system (at the starting point and 6 months earlier). There are
guarantees covering 100% of the claim, outstanding debt with the bank is $ 50 million and with
the system $ 75 million. This obligor will get an estimated PD of 23% with Model 1, while it
will be of 30% with Model 4 (30% increase).
Calibration
The rating system estimated by Model 4 has been selected due to its econometric fit and its
discriminatory power. Calibration should be checked to have a complete validation of the model.
A rating system is calibrated when its forecast PDs are similar to realized defaults rates for each
rating grade. A borrower grade is defined as an assessment of borrower risk on the basis of
rating criteria from which estimated PDs are derived.
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Basel II establishes minimum requirements for the design of a rating system. Among the
requirements for the rating structure of corporate, sovereign and bank exposures it is indicated
that banks must distribute their exposures across grades with no excessive concentrations. In
order to meet this requirement it must have a minimum of eight grades: seven for non default
debtors and one for default.
Hence, we have established eight rating categories based on the results of the scoring Model 4.
As this model uses a Probit statistical method, PDs associated to each borrower are directly
calculated. At this stage, we do not consider different types of credit, so the PDs represent
ERUURZHU¶VULVN20 . We have constructed rating grades with the results for commercial debtors of
the whole financial system, not with borrowers of a particular bank.
Thus, commercial debtors with similar probabilities of default (or scores) were grouped into
eight rating grades. The technique to determine the ranges for each grade was mainly based on
graphical comparison of moving average realized default rates and estimated PDs.
Calibration tests
The document Studies on the Validation of Internal Rating Systems (2005)21 puts forward
different tests to evaluate the calibration of a rating system. The most widely used, the Binomial
and Hosmer-Lemeshow (H-L) tests, assume that default events are independent. While the
Binomial test examines each rating category separately, the H-L test considers the quality of all
rating categories at the same time (Annex 3).
The mentioned document indicates that the Binomial test is the most powerful test at a fixed
level for testing the adjustment of PDs. Also, it is pointed out that independence of default
events is a powerful assumption and that, empirically, some small correlations are usually
observed. For the present study we have decided to take a conservative approach and apply the
Binomial test. By not considering that default events are correlated we are increasing the
probability of unjustifiably rejecting the null hypothesis (Ho= estimated PDs are correct). So if
the Binomial test indicates that rating grades are correct, this is a robust result.
In the Binomial test, the observed number of defaulters in each rating grade, N D, must be
compared to the k* statistic related to a certain confidence level. If ND < k* the null hypothesis
of correct PDs cannot be rejected at that confidence level.
Table 8 shows that the rating categories constructed with estimated PDs are correct according to
the Binomial Test.
Assuming again independence of default events, the Hosmer-Lemeshow statistic is calculated.
The result is a non rejection of the null hypothesis that the average PDs of the rating grades are
the true probabilities.22

20

This dimension is going to be considered in future research.
BCBS Publications No. 14, May 2005.
22
The null hypothesis is not rejected at a 95% confidence level, using the Hosmer-Lemeshow statistical with a
21

value of 15.36 (Pr( c 9 ) = 0.0815).
2
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Thus, the calibration of rating grades constructed from the rating system of Model 4 seems to be
acceptable, considering each category individually and all of them simultaneously.
Table 8: Calibration measures of Model 4
Rating Categories

Debtors

1

Range of PD
( %)

N

1
2
3
4
5
6
7
8

0-1.5
1.5-2.7
2.7-3.75
3.75-4.75
4.75-5.6
5.6-6.31
6.31-18.3
18.3-100

1686
3101
2618
1815
1254
859
3241
2070

Defaults
( %)

ND

ND/ N
(%)

10.13
18.63
15.73
10.90
7.53
5.16
19.47
12.44

10
55
75
64
78
64
322
897

0.59
1.77
2.86
3.53
6.22
7.45
9.94
43.33

Estimated
k*
media PD
( 99%
( %)
confidence level)
1.01
2.12
3.19
4.24
5.16
5.94
9.47
42.96

Calibration
Result

27
85
105
97
83
67
346
942

Correct
Correct
Correct
Correct
Correct
Correct
Correct
Correct

Performance of Model 4, out-of-sample test
To validate the use of a statistical model in a rating process, it is necessary to check its
SHUIRUPDQFHLQFOXGLQJ³RXW-of-WLPH´DQG³RXW-of-VDPSOH´SHUIRUPDQFHWHVWV7KXVWKHQXPEHU
of exposures in the sample used to estimate risk components must be sufficient to provide
confidence and robustness to the estimates while it is at the same time desirable to keep a
number of observations out of the sample to carry out these tests23 .
To estimate PDs a sequential sample of the 75% of bank-debtors was taken from the CD. The
out-of-sample test would be performed on the rest. The present out-of-sample test consists in
calculating PDs using the estimated coefficients from Model 4 and the explanatory variables of
out-of-sample bank-debtors. Then, the rating system of the out-of-sample debtors is constructed.
Table 9 presents the results of discriminatory power tests of the rating system on the out-of
sample exercise. In this case out-of-sample debtors have a lower performance in terms of
discriminatory power compared to in-sample debtors (AR is about 62% for out-of-sample
debtors while it was 68% for in-sample debtors). However, this performance is still acceptable
taking into account established practice and literature. Out-of-sample calibration is shown in
Table 10, where it can be seen that risk grades perform well also for out-of-sample debtors.
Table 9: Out-of-sample tests of discriminatory power
Commercial Debtors
Model 4
References

Accuracy Ratio (AR)

Receiver Operating
Characteristic (ROC)

Pietra Index

62.9%

81.4%

0.172

Studies on the Validation of IRB (Basel Committee)

50-80%

Benchmarking Quantitave Default Risk Models: A
YDOLGDWLRQPHWKRGRORJ\ 0RRG\V

50-75%

23

Basel 2 indicates this requirement as well, see International Convergence of Capital Measurement and Capital
Standards, Basel Committee (2004), paragraph 251.
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Table 10: Out-of-sample calibration statistics for Model 4
Rating Categories

Debtors

1

Range of PD
( %)

1
2
3
4
5
6
7
8

0-1.5
1.5-2.7
2.7-3.75
3.75-4.75
4.75-5.5
5.5-6.32
6.32-18.3
18.3-100

Defaults
( %)
4.13
13.94
16.62
12.90
8.56
7.41
24.55
11.88

1
16
29
18
19
29
124
270

N
230
777
926
719
477
413
1368
662

Estimated
k*
media PD
( 99%
( %)
confidence level)

ND/ N

ND

(%)

0.43
2.06
3.13
2.50
3.98
7.02
9.06
40.79

Calibration
Result

6
26
42
43
36
36
153
288

1.09
2.14
3.21
4.19
5.13
5.91
9.33
39.14

Correct
Correct
Correct
Correct
Correct
Correct
Correct
Correct

Finally, Graph 5 shows the distribution of PDs from in sample and out-of sample observations.
PD distributions are similar though the distribution of in-sample debtors with lower PDs is
slightly more concentrated on lower values (to the left).
In conclusion, the rating model has an acceptable performance considering out-of-sample tests.
Graph 5: Comparison of out-of-sample and in-sample PD distributions
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VI. Conclusions
The conclusions arising from this study concern three subject matters: (i) the uses of a model
like the one developed here, which is of interest mainly to regulators and supervisors; (ii)
technical conclusions concerning the problem of disappearing obligors or similar difficulties
with databases, which are of interest to regulators and the industry as well and (iii) a practical
application of validation methodologies.
The results of the model are very good in spite of the limited selection of explanatory variables,
which refer basically to outstanding amount of debt and its distribution (in the institution and in
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the system), guarantees and rating grades (at present, in other institutions or in the near past).
We have not used information on activity sector, financial ratios or other balance sheet
information, nor other variables in the CD which unfortunately show low quality. Clearly, a
bank could resort to a much broader set of data about its debtors; a model like the one
developed in the study is not a archetype to be used by the banks.
However, modeling credit risk on such a limited set of CD information seems to be a powerful
tool, especially for regulators and supervisors, according to the performance statistics obtained in
this study. We can foresee different uses:
(i)

(ii)
(iii)

To evaluate regulation and make informed decisions about it. For example, the level
of mandatory provisions could be compared to expected default rates (which can be
obtained from PDs, and recovery rates), the overall level of capital requirement for
credit risk could be evaluated by developing a portfolio model of credit risk that uses
the resulting PDs. It can also be used, in countries like Argentina where there is a
standardized rating system set up by Central Bank regulation, to assess changes to
that system. In our case, for instance, it can be concluded that the first rating grade
should be broken down into smaller, more precise grades, to avoid the concentration
of claims and to split up the wide range of risks that are assigned to the same bucket.
To use the results as a benchmark to compare bank models.
To make adjustments to credit bureaus, in particular, to avoid any loopholes referring
to the behavior of the individuals.

In relation to this last topic, we have analyzed the apparently innocuous decision of taking out of
the sample those debtors that do not remain in the database when the reasons for the removals
are not known and cannot be modeled. We have shown that this may introduce a bias that
cannot be ignored and is difficult to correct without distorting performing statistics. Thus, it is
of primary importance to ensure that credit risk databases rule out any possible loopholes.
This last point is of interest to the industry, to supervisors and to researchers, since it is frequent
to find models in which a group of obligors have been taken out of the sample because their
information shows some drawback such as incompleteness, poor quality, or any other difficulty.
7KLV FRXOG OHDG WR DQ XQGHVLUHG ELDV RU UHVXOW LQ ³FKHUU\ SLFNLQJ´ WKH EHVW REOLJRUV LQ RUGHU WR
improve the validation measures of credit scoring models used by banks. Thus, this practice
should be avoided for the sake of the precision of the model and should not be accepted by
supervisors.
Additionally, this study applies validation techniques as proposed by the BCBS regarding
calibration and discriminatory power. The performance statistics are very good in spite of the
limitations of the explanatory variables. The understanding of validation tools, such as those
presented in this document, is necessary for supervisors that would evaluate bank credit scoring
models.
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Annex 1: Table of Characteristics of participant and removed obligors
Number of
obs/percentage

Participants
Previous_Rating
1,652
0
11.8%
1
2
3
4
5
1
2

3
4
5

590
22.1%

11,706
83.7%
502
3.6%

1,990
74.6%
81
3.0%

58
0.4%

5
0.2%

30
0.2%

1
0.04%

36
0.3%
Rating
13,231
94.6%
753

1
0.04%

5.4%

5.1%

83.1%

84.7%

Worse_rating
11,624
1
2

Non Participants

2,533
94.9%
135

2,260

1,377

209

9.8%
414
3.0%
338

7.8%
83
3.1%
74

2.4%
231
1.7%

2.8%
42
1.6%

Banks
1,652
11.8%
3,903

579
21.7%
541

27.9%
2,996
21.4%
1,837

20.3%
401
15%
315

10

13.1%
1,298
9.3%
2,298

11.8%
265
9.9%
567

16.4%

21.3%

Private Sectornational residents

Sector
13,979
99.96%

1
3
5
7
9

Private Sectorforeign residents

Total

Medias
colateral
ldeuban
ldeusis
porcdef
nlindef
nlinprevdef

2,391
89.6%

5
0.04%
13,984
100

277
10.4%
2,668
100

Participants
33%
6.39
7.48

Non Participants
19%
6.65
7.97

1.3%
7.6%
5.6%

1.7%
10.6%
5.6%
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Annex 2: Explanatory variables and a priori univariate relationships with default rates
The definitions of the explanatory variables are given below, in some cases together with scatter
plot graphs that illustrate the relationship between default frequency. These are a priori
univariate relationships, i.e., there is no control for other variables. To draw each graph, the
whole set of observations are first ordered by the x-axis variable. Then, observations are divided
into 20 quartiles and the average value of the x-axis variable as well as the default rate is
calculated, and plotted, for each quartile. In other words, each point in the graph accounts for
5% of observations. In this way, the graphs show not only the a priori relationship between the
variables and the default rate but also the distribution of the observations in different values of
the x variable.
Default: Class variable to identify the defaulting debtors. This variable assumes value 0 if the
debtor is rated in grades 1 or 2 and it takes value 1 if the debtor is in grades 3, 4 or 5 in
December 2000.
Rating: Class variable that records the rating grade of the debtor (at obligor-institution level). It
assumes values 1 or 2 if the obligor is rated 1 or 2, respectively, in December 1999.
0.5
0.45

Defaults frecuency

0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
0

0.5

1

1.5

2

2.5

Rating

Previous_Rating: Class variable that considers the rating grade at obligor-bank level. This
variable takes values from 0 to 5 representing the rating grade of the debtor in June of 1999. It
takes value 0 if the obligor was not registered in June 1999.
Worst_rating: Class variable that assumes values from 1 to 3 representing the worst (highest)
obligor-bank rating grade in December 1999. A value of 3 identifies debtors rated in grades 3 to
5.
Banks: Class variable that considers the number of creditor financial institutions of the obligor.
This variable assumes 1 if one institution has claims with the obligor, 3 if that is true for two or
three institutions, 5 for five institutions, 7 for six or seven institutions, 9 for eight or nine
institutions and 10 for ten or more institutions.
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0.16
0.14

D efaults frecuency

0.12
0.1
0.08
0.06
0.04
0.02
0
0

2

4

6

8

10

12

Banks

Institution_type: Class variable that classifies financial institutions according to capital origin.
This variable is broken down into 7 excluding dummies: national public banks, domestic banks
with foreign capital, private cooperative banks, national private banks, public local banks,
branches of foreign financial institutions and other financial institutions.
Ldebt_bank: the logarithm of the outstanding amount of the claims of a specific financial
institution with certain obligor as of December 1999.

0.14

Defaults frecuency

0.12
0.1
0.08
0.06
0.04
0.02
0
0

1

2

3

4

5

6

7

8

9

10

Ldebt_bank

Ldebt_system: the logarithm of the outstanding amount of overall claims of the banking system
with certain obligor as of December 1999.
Guarantee: Percentage of the claims that are guaranteed as of December 1999.
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0.16
0.14

Defaults frecuency

0.12
0.1
0.08
0.06
0.04
0.02
0
0

0.2

0.4

0.6

0.8

1

1.2

Guaranty

Default_percentage: proportion of the claims of the banking system with certain obligor that is
reported in default as of December 1999.
Ndefault_lines: Number of credit lines of the obligor classified as in default in the banking
system as of December 1999.
Ndefault_previous_lines: Number of credit lines of the obligor classified as in default in the
banking system as of June 1999.
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Annex 3: Statistical measures of discrimination and calibration
Accuracy Ratio (AR): It is defined as the ratio of the area a r between the Cap of the rating
model being validated and the CAP of the random model, and the area a p between the CAP of
perfect rating model and the CAP of the random model. This index takes values between 0 to 1,
the better that rating model the closer to 1.

a

ar

p

AR =

ar
ap

ROC Index: The construction of ROC curve considers the distributions of rating scores for
defaulting and non defaulting debtors. Distributions showed in the following graph should be as
separate as possible:

FAR(C)

HR (C)

Considering a cut-off score C, to classify debtors as potential default if their scores is less than C
and non potential default if their score is more than C. Given C, the hit rate and false alarm rate
that are measuring corrected and wrong predictions of defaulters.
The hit rated, HR (C), and the false alarm rate, FARC (C), are the following:
F (C )
H (C )
FARC (C ) =
HR (C ) =
N ND
ND
Where, H (C) is the number of defaulters predicted correctly from the cut-off C and N D is the
total number of sample defaulters. F(C) represents the number of false alarms, that is number of
non defaulters classify incorrectly as defaulters by using C as a cut-off score and NND are the
total number of non defaulters debtors.
The ROC curve is a scatter plot line constructed computing the hit rate and the false alarm rate
for the cut-off values contains in the range of the rating score estimated.
Pietra Index: Geometrically, this index can be estimated as the maximum area of a triangle
inscribed between the ROC curve and the diagonal. Equivalently, the Pietra Index can be
Pietra Index = 2 4 max c HR (C ) - FARC (C )
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calculated as the maximum distance between the ROC curve and diagonal. In the case of
concave curve it can be calculated as:
Binomial Test: This is a test that considers the calibration of each rating category established by
the banks from their rating system. This test is constructed with the assumption that default event
are independent so Binomial distribution is considered.
The null hypothesis (H0 ) is that PDs of the rating system are correct. For a confidence level q
(e.g. 99%), the null hypothesis is rejected if the number of default debtors in a rating category
N D is greater than the critical value k*.
k * = F -1 ( q ) nPD (1 - PD ) + nPD
Hence, Binomial test is simple but it is founded on the assumption of independent default events.
Empirically, it is known that defaults are correlated with small coefficient of correlation so the
statistic changes if that correlation is considered.
The presence of correlation means that large deviations of estimated PD and default rates are
probable. Therefore this makes it impossible even for large number of debtors to get estimated
PDs closer to observed default rate. The law of large numbers does not work because of the
existence of correlation.
However, as critical values of PD tests that incorporate correlation tend to be greater than critical
values of binomial test (with independence assumption), an application of the latter would be
conservative in presence of correlation. Binomial test leads to earlier rejection of H0 in a context
of correlation. The true size of type I error (reject H0 when it is true) will be higher than the
nominal level that the test indicated. Therefore testing the calibration of each rating category
with Binomial test, as is done in the present document, implied being conservative in the sense
that if there is a small correlation on default events we could be rejecting H0 when is true,
saying that estimated PDs are not correct when they really are.
Chi-squared test (or Hosmer-Lemeshow)
This test assumes also independence of default events, but it test all rating categories
simultaneously opposite to Binomial test that is a test for each rating category.
If the forecasted probabilities of default where: p0«Sk for k rating categories, n i the number
of obligors in the rating i and qi the number of default obligors in rating i, the statistic of the test
is defined as:
Tk =

(ni pi - q i ) 2

¦n
k

i=0

i

p i (1 - p i )

~ c k2 + 1

When n i ® ¥ , by the central limit theorem, the distribution of the Tk will converge to a c k2+1
distribution if all the pi were the true default probabilities.
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