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l. INTRODUCTION

The private corporate sector is the primary debtor in the Colombian
financial system (commercial loans account for 54.9% of thetotal gross
portfolio). Consequently, it isextremely important to measure and moni-
tor therisk this sector of the economy might poseto thefinancial system.
Ever sincethecrisisin thelate nineties, Colombian companies have not
experienced acomparable situation. Today, the quality indicatorsfor the
commercial |oan portfolio areat historiclows, and the portfolio hasbegun
to grow, following the standstill in 2003-2005. The non-performing/total
loan ratio for companieswas 1.63% at June 2006, whilereal growthin
the private commercial loan portfolio was 18.3%.

Coupled with agood economic situation and good corporate performan-
ceinrecent years, theforegoing posesnoimminent risk tofinancia stability.
However, the mid-termrisksare still out there, which meansthistype of
risk must continue to be measured and monitored. For example, ahefty
increasein commercia loansisgood, asit helpsto fund investment projects.
Nonethel ess, an unexpected shock to corporate creditworthiness might
beasourceof risk to thefinancial system, because of possible deterioration
intheloan portfolio.
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Board of Governors. The useful comments from Dairo Estrada, Carlos Amaya and Andrés
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Theobjectiveof thispaper isto discover the primary determinantsof therisk
rate*or conditiona probability of default onfinancia obligationsby companies
in the Colombian private sector.? Estimates of maximum partial
verisimilitude were done with aduration model, using the Camel® model
variablesasinput.

Theresultsindicatethe size of thedebt isthe main determinant of conditional
probability of default on corporate obligationsto thefinancial system:
specifically, thelarger the corporate debt the greater the probability of
corporate default. Profitability, size and belonging to certain sectors of
the economy are other variablesthat determinethis probability. Finally,
probability of default onfinancial obligationswasfound to be negatively
dependent on duration; that is, thelonger acompany’stimeto default, the
lessitislikely to default.

Thispaper isdividedintofour parts, including thisintroduction. The second
part containsatheoretical review of theduration mode, with emphasisonthe
risk function proposed by Cox (1972), and adescription of the estimation
procedure. Thefiguresand results of the estimate are presented in thethird
section and the conclusions, inthefourth.

I1. THE DURATION MODEL

The duration model used to estimate the probability of major corporate
borrowers defaulting on loans from the Colombian financial systemis
described in this section, asisthe procedurefor arriving at that estimate.
A duration model was used to analyze the time it takes companies to
default. The particular question to be answered with amodel of thistype
is: what isthe probability that acompany will default onitsfinancial
obligationsat moment t, given that it has not done so up to that point?

Duration model s have been used widely in labor economicsto determine
how long agents remain unempl oyed and how this variable changeswith
the economic cycle. Recently, these modelswere applied in studieson
financial economics, such asthe one by Gomez and Kiefer (2006), where
the authors used a duration model to estimate the amount of time before
credit institutionsin Colombia’ sfinancial system fail inthe wake of a
negative economic shock.

1 In this paper, the term risk is equivalent to the concept of hazard in duration models.

2 The probability of default is conditioned by companies not having defaulted on obligations to
the financial system up to moment t.

8 Camel is the acronym for capital protection, asset quality, management efficiency, earning
strength and liquidity risk.



Themode! appliedin the present study isthe one
most widely used in literature: Cox’s semi-
parametric proportional risksmodel (1972). The
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theonesinthis paper, isthat they do not imply assumptionsof thistype. This

allowsfor amore adequate and reliable estimate of the coefficientsinthe
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A. Risk Functionsand Survival®

The probability distribution of thedurationsisdefined as:

() F()=Prob(T<t)

Itis, however, commonto definethe” surviva” functioninmode sof thistype:

@ SH=1-F@)
St) =Prob (T>1)

Theequation (2) isdefined asthe probability that random variable Tisequal
toor greater than acertainvauet. Workingwithasurviva functionisequivaent
to working with aprobability function, whatever it may be.

Themost useful functioninaduration model anaysisistherisk function that
determinestheconditiona probaility of acompany defaulting onitsobligations,
giventhat it hasnot defaulted sofar. Itisdefined as:

4 Exponentia distribution and Weibull's distribution impose a certain parameterization of the risk
function. The former assumes it should be constant over time; the latter assumes it should grow
continuously, decline or remain constant.

5 See Kiefer (1988) for a more detailed explanation of duration models.
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(3)  h(t) =1(t) / Xt)

Wheref(t) isthe probability density function. Inthe case of the Cox model
(1972), the specific risk functionis provided by:

(4)  h(t) =h,(t) v (x. B)

Whereh (t) isthe baselinerisk function (namely, an unknown parameter
that has to be estimated), and v (x. B) = exp (X'B) is a vector of
explicative variablesand unknown coefficients. It isconvenient to assume
that theform of function y (x. B) isexponential, asthisensurestherisk
function isnot negative, without imposing sign constrains on theinterest
parameters.

B. Maximum Likelihood Estimation

This method, developed by Cox (1972), allows us to estimate the 8
parameters without having to specify aparticular baselinerisk function
formh, (t) . Thecrucial point of thisestimateisthat the contributionto the
partial verosimilitudefunction of durationi isprovided by:

ht.. x. B)
®
g,lh(ti D)
Thisimpliesthat:
hit.x.B) h® vx.p) v (x.P)
(6) =

glh(ti. x. B ho(t)gll//(x] B ]zll,/(xj . B)
And, therefore, thisdoes not depend on the duration.

Theverisimilitude function is constructed asthe product of theindividual
contributionsgiveninequation (6). Thelogarithm of thisfunctionisprovided

by:
™ 1B =2{Iny (x. B) - In[glvf(xj- B}
Asequation (7) shows, given the absence of the baselinerisk function, the

order of thedurations contai nsinformation on the unknown coefficients, which
areobtained by maximizing that function.



I1l. EMPIRICAL EXERCISE
A. Dataand Variables

Figures on thetwo thousand primary debtorsin the Colombian financial
system were used for thisexercise. They contain the history of each firm's
loan portfolio classifications, are quarterly and extend from 1997-1V to
2006-1.5 After some weeding, the total number of companies comesto
989.7

A Camel-type model® was chosen as the base model for the estimate.
Although generally used in bank assessment and ranking exercises, some
of itsvariables can be regarded as possible determinants of the probability
of company default; others can be eliminated or substituted with better
indicators.

Capitaization, asset quality, management or efficiency, profitsand liquidity
are the variables that represent the Camel model. According to the
Financial Sability Report, particularly itsregular review of stylized events
in Colombia’s private corporate sector, two variablesin thismodel are
irrelevant to explaining thefinancid difficultiesof Colombianfirms, or are
not equivalent for the case of banks, which is precisely where the
applications of thismodel are concentrated. For example, asset quality is
not adeterminant variable of corporate difficulties; in the case of banks,
theloan portfolio quality index is. Moreover, the variable generally used
to measure efficiency istheratio of administrativeand labor coststo assets.
Inthe case of companies, thisismoreasizevariable, than one of efficiency
or management.

Thevariablesincluded in the model and several statistics descriptive of
these variablesare presented in Table 1. Thetimeto failurevariableis
equal to the number quarters before acompany’sloan portfolio rating
changesfromA/B to C/D/E, or what is considered herein asfailure or
default. Two important aspectswith respect to thisvariable are shownin
Table 1. First, the companiesin this sampletake 15 quarters, on average,
to default on their obligationsto thefinancial system. Secondly, the sample
contains companiesthat defaulted and companiesthat never defaulted.

6 Data as of 1997 were used to cover the period prior to the crisis in the late nineties.

7 The simple was trimmed several times before the estimate was made. The initial quarter is
1997-1V, which is considered the base period. With this assumption, the companies that
defaulted on loans during the base period were the first to be eliminated, followed by those with
no available information for the next quarter (1998-1). The final criterion for remaining in the
sample was having balance sheet and earning statement data for the base period.

8 See Gilbert, Meyer and Vaughn (2000) for a more detailed explanation of this model.
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DESCRIPTIVE STATISTICS OF THE VARIABLES INCLUDED IN THE MODEL

Average Deviation Minimum Maximum
Time to failure 15.341 12.681 1.000 33.000
Debt 0.334 0.182 0.000 1.314
Liquidity 2.015 7.021 0.058 204.356
Size 16.602 1.480 7.631 20.876
Capitalization 0.437 0.223 -0.898 0.989
Dummy profitability 0.497 0.500 0.000 1.000
Dummy industry 0.434 0.496 0.000 1.000
Dummy construction 0.131 0.338 0.000 1.000

Source: Office of the National Superintendent of Financial Institutions, National Superintendent of Corporate Affairs, and the authors'
calculations.

Thedebt isthe debt over assetsratio. It was 33% on average. Theliquidity
indicator istheratio of liquid assetsto liquid liabilities. On average, it
shows the companies’ short-term assets covered more than twice the
liabilities nearest to maturity. The size measure was constructed asthe
saleslogarithm, and capitalization isequal to equity over assets.

Threedichotomic variableswereincluded in the estimate; profitability was
constructed as profit before taxes over assets, and the respective dummy
variableisequal to 1 when the company has negative profitability. Onthe
basisof Table 1, we caninfer that approximately half the companiesinthe
sampl e showed negative profitability in 1997. Two sector variablesfor
industry and construction were devel oped the same way. They are equal
to 1, if the company belongsto these sectorsand to O if it doesnot.®

B. Estimateand Results

The results of the estimate are presented in Table 1. To facilitate
interpretation, it shows the coefficients and not the risk rates.® The
combined significancetest indicatestheincluded variablesarerelevant to
explaining duration. All the variabl es show the expected sign, except the
liquidity variable, but it isnot significant. Therefore, one can assumethat
itseffect ontherisk rateisO.

9  The intention of these dichotomic variables is to control sectoral effects. The industrial sector
was chosen because it is the most representative of the sample, and the construction sector,
because it is one of the most fragile throughout the period in question.

1 The estimate shows the hazard ratios rather than the coefficients. The hazard ratios logarithm
is calculated to obtain the coefficients.



ESTIMATE BY MAXIMUM PARTIAL VEROSIMILITUDE

Variable Coefficient Standard Error
Dummy Profitability 0.375242 ™ 0.0993396
Debt 1.314651 ™ 0.3511115
Liquidity -0.000951 0.0052542
Size -0.076329 *~ 0.0347549
Capitalization -0.246420 0.3022769
Dummy Industry -0.277751 0.1104563
Dummy Construction 0.513085 ™ 0.1334809
Number of Observations 989

Likelihood Log -3049.3886

LR chi2(7) 151.2

Prob > chi2 0.0000

** 059% significant.
*** 99% significant.

One of the most important resultsisthe effect of the debt. It hasthe
largest coefficient and indicatesthat, all else being constant, anincrease
inthe companies' debt spellsgreater conditional probability of default
during the period analyzed. With the profitability variable coefficient,
theindication isthat acompany’slossincreasestherisk rate. The size
variableindicatesthelargest companiesarelesslikely to default, since
they areregarded asfirmsin ahigher category, where default on debts
can be more costly.

Finally, belonging to certain sectors of the economy can influence the
risk rate. For example, being part of theindustrial sector istantamount
to being part of alessvolatile sector in termsof income. Thisimpliesa
lower risk rate. However, all things being constant, being part of the
construction sector involves ahigher probability of default. Thisresult
has been a constant in other exercise used to estimate corporate
probability of failure (beit based on bankruptcy or default).?

Proportiond risksarethe primary assumptionin Cox’smodel (1972); hence,
theimportance of validatingit. Theresultsof the proportional riskstest are

Approximately 50% of the sample belongs to the industrial sector.

See the work by Arango, Zamudio and Orozco (2005) in the case of bankruptcy. See Chapter 1V
of this report in the case of default. The reason for this result is that the exercises consider a
company's entire history. Therefore, although the construction sector has recovered and is in
better situation, it faced adverse circumstances during the crisis in the nineties. The exercise
includes those circumstances.
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PROPORTIONAL-HAZARDS ASSUMPTION TEST

Rho X2 Degrees of Freedom Prob > »?
Dummy Profitability 0.029 0.430 1 0.514
Debt 0.007 0.020 1 0.891
Liquidity 0.029 0.480 1 0.490
Size 0.047 1.090 1 0.297
Capitalization 0.041 0.680 1 0.408
Dummy Industry -0.061 1.810 1 0.178
Dummy Construction -0.007 0.030 1 0.871
Global Test 3.5 7 0.835

CoX PROPORTIONAL-HAZARDS REGRESSION
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shownin Table 3, wherethe null hypothesisisthat
the dlope of the coefficientsisequal to 0. In other
words, the coefficientswould not vary over time.
The test shows the individua results for each
coefficient and for theglobal test. In each case, we
cannot ruleout thenull hypothesis, whichmaintains
the coefficientsdo not vary over time. Therefore, it
ispossibleto concludethat the Cox proportional -
hazardsassumption isadequateinthiscase.

The estimated risk function of the model can be
obtained once the estimate and the proportional -
hazards test have been done. This function is
presented in Graph 2 for the average values of the

variables. Their patternissimilar to therisk function shownin Graph 1.2
Conditional probability increasesto amaximum point, then declinesand is
now at itslowest level, indicating anegative correl ation between probability
of default and duration. In other words, the longer it takes a company to
default, thelessitsprobability of default.

Graph 3 showstherisk function estimated for three types of situations. In
the upper panel (A), the function is divided between companies with
negative profitability and those with above-0 profitability. Both groups
follow the sametendency; however, thereisamajor differencein level;

B3 Graph 1 is the non-parametrically estimated risk function and pertains to the instantaneous
conditional probability of default (in other words, it does not depend on the model's exogenous
variables). Graph 2 shows the estimated risk function, where the risk function is expected to be
similar to the one obtained non-parametrically, as is the case. This indicates the estimated
model adjusts appropriately to the non-parametric model, which is closest to the empirical
distribution of the duration.



the estimated conditiona probability isgreater for
the group with lossesin 1997, although the gap
has been closing recently.

The estimated risk function for companiesinthe
industrial sector isshowninthemiddle panel (B),
compared to thosein the other sectors. Thelower
panel (C) showsthe conditional probability for
companiesin the construction sector compared
to companiesin the other sectors of the economy.
The graphs show thetendency for all the groups
isthe same, but there are some differencesin
level. In particular, compared to the other sectors,
being part of the industrial sector implies|ess
conditional probability of default. Onthe contrary,
being in the construction sector leadsto ahigher
risk rate. Aswith profitability, these differences
are becoming less and the gap is closing
steadily.!4

IV. CONCLUSIONS

Using aduration model, thiswork estimatesthe
conditional probability of loan default by firmsin
the private corporate sector. Specificaly, it uses
the Cox proportional-hazards model (1972) and
develops an estimate of maximum partial
verismilitude, wherethevariables used originate
initially with aCamel model adapted for the case
of Colombian companies.

Theresults show the extent of corporate debt is
the primary determinant of conditiona probability
of default. Other less important variables are
company size and profitability. The impact
bel onging to certain sectors of the economy has
on conditional probability of default is an
interesting result. In particular, being part of

“  The reduction in the gap between company groups also might
be due to the convergence of non-conditional probability of
default towards 0.

0.05

0.04

0.03

0.02

0.01

0.00

0.05

0.04

0.03

0.02

0.01

0.00

0.08

0.06

0.04

0.02

0.00

GRAPH 3

CoX PROPORTIONAL-HAZARDS REGRESSION
FOR PROFITABILITY

2

0

Dummy earnings = 1

20
Analysis Period

30

Dummy earnings =

CoX PROPORTIONAL-HAZARDS REGRESSION

FOR THE INDUSTRIAL SECTOR

CoX PROPORTIONAL-HAZARDS REGRESSION

FOR THE CONSTRUCTION SECTOR

101



industry generates|ess probability, while being part of the construction
sector translatesinto higher probability.

Oneimplication of theresultsisthe negative correl ation between probability
of default and duration. In other words, thelonger acompany takesto default
thelessitsprobability of default. Finally, considering theexcellent economic
Stuation and good business performanceinrecent years, the private corporate
sector clearly impliesno imminent risk to financial stability at thistime.
Neverthel ess, the mid-term risks continue, which means effortsto measure
and monitor them must continueaswell.
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