PARTICULAR ASPECTS OF FINANCIAL STABILITY

DETERMINANTS OF CORPORATE
FRAGILITY IN COLOMBIA

Oneof thebiggest threatsto any company isthat of
becominginsolvent. A threst of thiskindto corporate
financid gability isof rdevancenot only toinvestors
and employeeshbut d soto financia-sector lenders,
auditorsand regulators, among others. Hencethe
importance of a mode that helps to determine
sgnificant varigblesfor forecasting financia sressor
fragilityinColombianfirms toserveasatod for teking
preventiveor correctivemeasuresor Smply monitoring
the private corporate sector’scredit risk.

Thedownsdeof Colombia seconomiccycle, inthe
second half of the 1990s, was accompanied by
recessoninthered sector and biglossesinthefinencid
sector.! Corporate solvency wasnot proof against
thisdifficult gateof affairs, asevidenced by financid
indicatorsbetween 1995 and 2002.2 Balance sheets
ingenerd deteriorated, asindebtednessincreased,
asat pricesfdl andfinancing ratesrose®
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1 Both developments have been widely documented in recent
years. Among others, Villar and Rincén (2001) describe the
main factors that affected the Colombian cycle in the 1990s.
For more information on the macroeconomic environment
and credit behavior see Echeverry and Salazar (1999), Urrutia
(1999) and Urrutia and Zérate (2000).

2 Banco de la Republica (2002).
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This study aims to identify the determinants of
corporateinsolvency in 2001 onthebasisof financia
statements for 2000 reported by individual
companies* Giventheheterogeneity of ingtitutiona
structures, accounting practicesand movementsin
macroeconomic variablesover time, itisnot possible
togenerdizefromthefindingsof other countries. For
Colombia, only Rosillo (2002) has developed a
corporate bankruptcy prediction model, using
discriminent andysstechniqueswithalimitedsample
Sze

Toesimateasuitablefragility mode for Colombian
companiesin 2001, financid ratioswill beusedto
detect periods of operating and financial
difficulties In hispioneering study, Beaver (1966)
carried out an analysis to determine corporate
failure on the basis of financia ratios by using
univariate models. Altman (1968) conducted a
gmilar exercisebut usng multivaristemode s (adso
onthebadsaf discriminant andyss), which provide
aclearer interpretation of theeffect of eachvariable
inthe model. However, most studiesthat apply
thisdiscriminant-andys stechniquedo not meet the
assumptionsrequired by themaximum plausibility

3 Echeverry (2001) and Fedesarrollo (2003).

4 The year 2000 was chosen because the cycle at that point
presented a large number of fragile companies and also because
from 2001 the available information was about a smaller
group of companies.

5 Using financial ratios makes it possible to control for
company size and level of activity in the indicators analyzed.



estimation used.® Olson (1980), in hisstudy, was
thefirst to gpply techniqueswithfewer assumptions
about the distribution of explicativevariablesand
thefirst to take arepresentative popul ation sample
for esimation.

Likethe pioneering studies of Beaver (1966) and
Altman (1968) inthisfield, the present study has
andyzedthefinancia ratiosreported every year in
company balance sheets. But unlike studies
undertaken in other countries it did not use the
technique of discriminant multivariate analysis,
because of thelarge number of assumptionsthis
techniqueinvolves, whicharemoreover difficult to
meetin practice.” Instead, theanaysiswasdoneby
probit regression. Thistechnique, likelogit models
(origindly used by Ohlson (1980)), requiresfewer
assumptions. Estimationincluded heteroskedagticity
testingto avoid problemsof parameter specification
andincongstency (Greene, 2000).

I. SAMPLE AND DATA

Theinformation used wasdrawn fromthefinancia
statements at December 31, 2000 of companies
regulated by the Superintendency of Companies
and the Securities Superintendency. Some 9000

5  The distribution of X (matrix of explicative variables), given the
dependent variable (Y), should be norma multivariate ((X]Y)~N in
Y=f(X)), with a common variance-covariance matrix (Lo, 1986).
The randomness assumption is violated by working with balanced
samples of companies (similar proportions of healthy and fragile
companies).

7 Most of these models have been created in developed countries,
where corporate information is generally more complete. For a
summary on corporate bankruptcy models in developed countries,
see Altman and Narayanan (1997).

8 Only companies with positive operating income were taken into
account and classified in some group of economic activity. A smal
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companieswereincluded inthesampleto reflect
the popul ation asclosdly as possibl€®and thereby
avoid abaanced samplethat transmitsasaection
biasto estimated parameters.®

Thisstudy’sdefinition of fragility isconnected with
the company’s legal status. As an independent
variable, financia stressor fragility wasdeemedto
exist in any company that had entered into a
payment-restructuring agreement (Law 550 of 1999)
or been placed under compul sory liquidation by the
Superintendency of Companiesin 2001.1°Oneor
other of thesetwolegd Stuationswasencountered
in 171 companies, or about 2% of thetotal sample.
Table1 showsthefragility/nonfragility classfication
of sample companies by economic activity. The
model’s parameters were estimated by means of
heteroskedastic probit regressonanalyss.

II. SELECTION OF VARIABLES

If each company isregarded asareserveof liquid
assetssubject to positive and negative cash shocks
(asinBeaver, 1996), itssolvency will depend onits
debt level, ability to generate new assetsand current
level of liquidity. Accordingly, the set of variables
used in this study coversthree aspectsgeneraly

group of companies with incongruent records (eg, negative values of
financia income or expenditure or financia obligations) were excluded.

9 Greene (2000). Platt and Platt (2002) criticize the use of balanced
samples in previous studies. The authors empirically demonstrate
the existence of this bias by means of simulations with different
proportions of the sample composition.

10 Law 550 of 1999 established a regime intended to promote and
facilitate corporate reactivation through agreements between creditors
and debtors. It responded to reduced financing possibilities for the
productive sector and the pressure of debt incurred in previous years
(in a climate of low demand growth, high interest and high
devaluation), which affected the ability to pay and job crestion.



TABLE 1

NUMBERS OF FRAGILE AND NONFRAGILE FIRMS,
BY ECONOMIC ACTIVITY

Economic Activity Y=0 Y=1 Total
D, Farming, ranching, hunting, forestry & fishing 775 784
D, Mining and quarrying 157 4 161
D, Manufacturing 2,281 71 2,352
D, Construction, electricity, gas & water 757 19 776
D, Commerce, hotels & restaurants 2,311 43 2,354
D, Transport, warehousing & communications 525 588
D, Auxiliary financial intermediation 668 671
D, Red estate, enterprise & leasing activities 1,084 4 1,088

Teaching, health care & other services 271 10 281
Sample Total 8,829 171 9,000

Y = 1. Companies classified as fragile or under stress.

Source: Author’s calculations.

accepted intheliterature as determining corporate
fragility: debt, profitability andliquidity.

Most studiesshow that the higher thelevel of debt,
thegrester thefragility and therisk of insolvency;
incontragt, higher levelsof liquid assststhat cushion
againg unexpected situationsand higher profitability
reducetherisk of insolvency. Moreover, giventhat
thefragility index varies according to thetype of
industry the company isengagedinanditssize,
dummy variables were included for economic
activity (D)*andsize(D,and D)*.

Thedebt ratiosanalyzed wereliabilities/ assets,
finencid obligations/ assts, andfinandia expenditure

1 Banco de la Republica (2002), IMF (2001) and Higgins (2000).
Initially, efficiency variables (such as administrative and sa-
les costs as a ratio of assets and of operating income) were
also analyzed but made no contribution to the estimation.

2 The classification was made on the basis of the nine groups
of economic activity defined in Table 1; the control group
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/ (operatingincome+ financia income). Thefirst
two measure the company’s degree of leverage,
which, if high, compromisesits ability to make
payments to debtorsin the event of unexpected
negativeshocks. Thethird ratio capturesthe effect
of the cash flowsneeded to meet interest payments,
whichmay giverisetofinancid pressure.

The profitability ratiosanayzed were: operating
income/ assets, pretax profit / assets, and pretax
profit/ operating income. Thefirst ratio measures
theamount of incomethat each asset unitiscapable
of generating, while the other two measure the

was “teaching, health care and other services.” Platt and
Platt (1991) were the first to propose models including this
differentiation, with each of the financial ratios adjusted for
industry-related indicators.

3 The sample companies were classified as large, medium or
small, according to their asset level (D,) and sales level (D).
The critical values used for classification were: for assets
6.33 bn pesos and 1.99 bn pesos asset, for sales 5.22 bn pesos
and 0.99 bn pesos.



busness sprafitability oncedet serviceand operating
expenseshavebeenpaid.

Ladly, theliquidity ratiosandlyzedwere: current assts
[ currentligbilities, avail ableassts/ current liabilities,
(current assets — current liabilities) / assets, and
available assets/ assets. These ratios capture the
relation between easly redlizable assetsand short-
termdebt, andtheleve of liquidity inrdaiontoassts
for eech compeny. Totheextent that thereisaliquidity
cushion that alows the company’s operation to
continuewithout affecting payment to debtors, the
farther thecompany will befrom potentid insolvency.

IIl. STATISTICAL DESCRIPTION OF DATA

Table 2 presents descriptive stati stics-Hmean and
standard deviation—for the variables used,
discriminated by fragileand nonfragilecompanies

Thenil hypothess, indicatingnosgnificant difference
between themeansvauesof fragileand nonfragile
companies isrgectedfor dl financid retiosandyzed.
Henced| variablesappear tobeindividudly ussful in
discriminating between companies.” Fragile
companiesexhibit higher debt and lower profitability
andliquidity levelsthan do nonfragile companies.
Moreover, asin Ohlson (1980), ratio variancesfor
fragilecompaniesaremuch higher thenfor nonfragiles

1V. ESTIMATION

Models 1 and 3 reported in Table 3 provide the
final probit estimates. The initial selection of

4 The transformation Ln(1+w) was applied to each one of the
financial ratios (w) analyzed in this study.

5 This does not ensure that their contribution is greater than
that of other variables and that therefore they must al figure
in the multivariate model.

TABLE 2
FINANCIAL RATIOS OF FRAGILE AND NONFRAGILE COMPANIES 1/

BY ECONOMIC ACTIVITY

Variables Nonfragil Companies Fragil Companies Statistic t 2/
M ean Standard M ean Standard
Deviation Deviation
Financial obligations / assets 0.11 0.0010 0.27 0.0140 (15.29)
Financial expenditure / (financial income +
operating income) 0.09 0.0030 0.23 0.0400 (5.17)
Operating income / assets 0.62 0.0050 0.50 0.0260 3.41
Pretax profit / assets 0.01 0.0020 (0.28) 0.0330 17.84
Pretax profit / operating income 0.06 0.0060 (0.43) 0.0560 10.64
Current assets / current liabilities 1.14 0.0090 0.60 0.0260 8.12
(Current assets — current liabilities) / assets 0.13 0.0030 (0.26) 0.0500 15.46
Available assets / assets 0.04 0.0007 0.01 0.0010 5.67
Available assets / current liabilities 0.19 0.0050 0.02 0.0030 4.96

1/ All analyzed values are for Ln(1+w); see footnote 14.

2/ Statistic associated with the nil hypothesis (mean of fragile firms — mean of nonfragile firms = 0).

Source: Author’s calculations.



TABLE 3
RESULTS OF PROBIT MODELS OF CORPORATE FRAGILITY PREDICTION

DEPENDENT VARIABLE: FRAGILITY (Y = 1)

Model 1 Model 2 Model 3 Model 4
Constant -17.806 -18.279 -16.529 -17.283
(-11.39) (-10.43) (-10.23) (-9.60)
Pretax profit / assets -0.7517 -0.578 -0.6865 -0.5873
(-8.90) (-1.67) (-8.00) (-1.85)
Financial obligations / assets 1.7981 1.6690 1.6703 1.5608
(8.93) (6.72) (8.09) (6.22)
Available assets / assets -10.9154 -11.2470
(-5.39) (-4.94)
Available assets / current liabilities -55.690 -52.022
(-6.10) (-5.37)
D, -0.7237 -0.8114 -0.7291 -0.7957
(-3.51) (-3.38) (-3.44) (-3.26)
D, -0.2657 -0.3637 -0.2817 -0.3647
(-0.93) (-1.03) (-0.96) (-1.02)
D, -0.2569 -0.2531 -0.2861 -0.2734
(-1.59) (-1.34) (-1.72) (-1.47)
D, -0.464 -0.4082 -0.4875 -0.426
(-2.48) (-1.97) (-2.55) (-2.02)
D, -0.428 -0.4441 -0.4955 -0.5011
(-2.54) (-2.33) (-2.87) (-2.59)
D, -0.5943 -0.6889 -0.6035 -0.6865
(-2.60) (-2.50) (-2,58) (-2.47)
D, -10,707 -11,753 -10,373 -11,199
(-3.87) (-3.58) (-3.64) (-3.35)
D, -1.0678 -1.2029 -1.0709 -1.1857
(-4.48) (-4.24) (-4.36) (-4.11)
Heter oskedasticity
Pretax profit / assets -1.0814 -0,9972
(-4.94) (-4,69)
Maximum plausibility (log L) -678.79 -645,02 -666,03 -637,44
LRI (%) 19.87 23,86 21,35 24,73

Note: Statistic z shown in brackets.

Source: Author’s calculations.
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predictors was made by using backward and
forward dimination methods. Thefina sdection of
thesemodd swasbased onthedatistical Sgnificance
of the estimated ratios, their sign and sample
classfication.®®

Statistical testing determined that in both casesthe
nil hypothesisof homoskedasticity wasrejected,
whichled to estimation of theheteraskedastic probit
Models2 and 4. The LR statistic associated with
thenil hypothesisof homoskedasticity was67.54
for Model 1, and 57.18 for Model 3. The
sgnificanceof the pretax profit/ asset ratiointhe
heteroskedastic part confirmsthat thisfinancial
variable was the cause of the nonconstant error
varianceinModels1and 3.

Theresultsfor al theestimated modelsshow that a
company ismoreproneto becoming fragilewhenit
presentslow leve sof profitability andliquidity anda
highleve of debtinitspagt-year’sresults. Asmay be
seenfrom Table 3, the coefficientsestimated for the
finendd ratiosaresgnificantindl themodds Among
theindicatorsandyzed, pretax profit toassets(inthe
caseof profitability), financid obligationstoassats(in
thecaseof debt), and theratioscontaining available
asats(inthecasedf liquidity) werethebest predictors
of corporatefragility.

Theresultsobtainedwithregardtotheliquidity variable
arenat surprisng, condderingthat itisthemoreliquid
resources(inthiscaseavailableassats) that arethe
first to begin to become depleted just before a
company reachesthegaeof fragility. But theability
to generate earnings and the level of financial

16 The estimations were made by using the Stata 6.0 software,
which automatically eliminates variables that cause
multicolinearity problems in probit estimations.
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obligationswerea o effectivefinancid indicatorsfor
early identification of the companiesthat saw their
legal statusdeterioratingin 2001. Thisconfirmsthe
importanceaready giventotheseindicatorsat the
timeof andyzingthehedth of companies!’

Thedummy variablesthat discriminateby economic
sector wereadsojointly rlevant inthefour model s
The companies|ess proneto becoming fragilein
2001 (regardlessof their financid indicators) were
engaged inauxiliary financia intermediation, real
edtate, enterprise, and leasing activities. In contradt,
giventhenegativecoefficient of al dummiesinthe
regress on, the companiesmore poneto becoming
fragile belonged to the sector of “teaching, health
careand other services’ (control dummy). Analyss
of the dataon companiesengaged in mining and
quarrying and manufacturing doesnot provideany
conclusive results. Thisis not surprising where
manufacturingisconcerned, giventheheterogeneity
of thecompaniesincludedinthislargegroup.

In previous modeling trialssize did not appear to
be adeterminant of corporatefragility, giventhe
low significanceof thevariablesD, and D Despite
theimportanceof theszevariablein differentiating
Colombianfirms easeof accessto credit andtheir
capital structure (Tenjo and Garcia(1998)), and
despitethe potential problem of moral hazardin
largecompanies, Szewasnot useful for identifying
aworsening of thecompanies lega status.

Table 3 also reports values for the maximum
plausibility function (L) and the Likelihood Ratio

7 Banco de la Republica (2002).

8 Statistic associated with Ho: D, = ... = D, = 0 LR of 67.76
(Model 1), 64.18 (Model 2), 60.35 (Model 3) and 57.24
(Model 4).



Index (LRI) asthemode’ smeasure of adjustment.
TheLikedihood Ratio Index comparesthecomplete
mode andthemodd that incltéldesjustoneoonstaqt;
itiscalculatedas LRI =1 logL, ,wWhereL isthe
vaueof theplausibility functionwhenthemodd is
restricted toincluding just one constant. The LRI
presented shows us the superiority of the
heteroskedadtic probit model sover Modds1and 3.

V. PRECISION IN CLASSIFICATION

Since Y, is a dichotomous variable and F(l.)
continuousthey cannot be compared directly. One
way of examining the precision of the model’s
forecasting is by sample classification. In this
processtwo typesof correct classification arise,
whenY =1andF(l)=Y*,andwhenY =0and
F(I.) < Y*. Theproportion of correctly classified
fragile companiesisknown as sensitivity, while
the proportion of correctly classified nonfragile
companiesistermed specificity. Asinal probit
models, classification depends entirely on the
limiting valueat whichfragility Y**°isconsdered
toexist. Thecriterion usedin thisstudy established
as appropriate the value of Y* at which the

correctly classified proportion of both populations
ismaximized, that is, the point at which specificity
Osengitivity [ proportion correctly classified by
the model.?® These proportions are reported in
Table4.

Models 2 and 4 exhibit greater in-sample
forecasting ability. In both models 82% of the
companies, whether fragile or nonfragile, are
correctly identified. Models1 and 3register lower
classificationrates, which confirmshow inthiscase
correction of the problems of nonconstant error
varianceincreased in-sampleforecasting power.

VI. MARGINAL EFFECTS OF COEFFICIENTS

Giventhedifficulty of interpreting probit coefficients,
themarginal effectsof thethreevariableswere

¥ The higher (lower) the value of Y*, the larger the number of
companies that the model will classify as nonfragile (fragile)
and the lower the correctly classified percentage of fragile
(nonfragile) companies.

2 In studies in which Y* is not simply selected as 0.5 (as in
Neophytou, Charitou and Charalmabous (2000)), this limiting
value is selected on the basis of Type | errors (fragile company
classified as nonfragile) and Type Il errors (nonfragile
company classified as fragile), as is done in Lin Lin and
Piesse (2001) or Tirapat and Nittayagasetwat (1999).

TABLE 4

PROPORTIOIN OF CORRECTLY CLASSIFIED COMPANIES
(PERCENTAGE)

Model 1 Model 2 Model 3 Model 4
Nonfragile (specificity) 80.50 82.48 79.61 81.85
Fragile (sensitivity) 80.12 81.87 78.95 81.29
Total Classification 80.49 82.47 79.60 81.84

Note: Y* was 0.025 for Models 1, 2 and 4, and 0.026 for Model 3.
Source: Author’s calculations.
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cdculated for Models2 and 4.2 Marginal effects
areto beunderstood asthechangein F(1.) arising
fromal1% variation inthefinancial ratio for the
average sample company. Thus, al%r iseinthe
average company’s pretax profit to assets ratio
caused Model 2'sF(.) to decrease by 0.000302.%
For thedichotomousvariablesD. themarginal effect
istobeinterpreted asthevariationintheaverage
company’sF(l.) when D, =0 changesto D, = 1.

However, themagnitude of themarginal effectis
unintuitive, giventhesmdl variaionintheratio. To
better understand the effect of the variablesin
determining whether acompany isfragileor not, in
Model 2 a calculation was made of what the
average company’ sratio value should bein order
for F(l.) toreach 0.025 (that isto say, inorder for
thefirm to becomefragile). Our average sample
company presented a2.25% profitability level,
13.6% debt level and 4.39% liquidity level
(available assets/ assets), fromwhich F(1.) was
estimated to be 0.002966. It was cal cul ated that
for acompany of these characterigticsto reach the
satefragility, itsprofitability should havefalento
—20.97%in 2000. Likewise, theaverage company
will cometo havean F(l.) of 0.025if itsdebt level
risesto 79.6% whileitsprofitability and average
liquidity remain & thelevel sindicated above.”

2 Calculations were made assuming a 1% variation in each
ratio. Taking into account that work was done with X, = In(1+
wj), where w, is the financid ratio j, the marginal effects were
calculated on the average of w;, not on X .

2 |f variable X is in the heteroskedastic part of the model, the
rate of offset between variables i and j at which the fragility
index Y does not vary will depend on indicator levels.
Bernhardsen (2001), using the following numerical example
from Laitinen and Laitinen (2000), explains how, when

Ox; _B . .
al|,., p =i the case of a probit, a constant rate of
7 Tay=0 i

of fset does not
0 (Util.antes impuestos / activo
0 (Disponible / activo)

seem reasonable. If

2
“and both indicators
dy*=0 5
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As regards liquidity, it may be stated that the
average company does not become fragile by
reducingitsratio of availableassetsto assets(even
to zero). Hence, acompany with profitability and
debt ratioss milar to theaverage company’sshould
not present any sign of fragility. Vulnerable
companieswhose legal statusworsened in 2001
displayed lower-than-average profitability and debt
ratios. Oncetheseratiosdeteriorated, theliquidity
indicator became increasingly important in
determining corporatefragility, asexplained above
regarding thefindingsof Table3. Thisresult helps
inunderstanding thedifference betweenilliquidity
andinsolvency, sinceanilliquid company isnot
necessarily insolvent, asin the hypothetical caseof
the average company.

VII. VALIDATION BY THE LACHENBRUCH
JACKKNIFE METHOD

Thistechniqueiswidely accepted for validating
how precisely amodel classifiesout of sample. A
number of companies representing 90% of the
sample were randomly selected for estimating
Models 2 and 4 anew. The purpose of this
techniqueisto validate the model’sforecasting
ability artificidly by classfyingthe10%remaining
companies excluded in the estimation. Table 5

for the company are 5%, the company will continue to be
fragile if the liquidity indicator gets to be 3% and the
profitability indicator 10%. But this also means that for a
firm with a high initial level of liquidity (50%) and the same
5% profitability, if liquidity falls to 48%, profitability will
have to rise to 10% in order for the risk level to remain the
same. In our case, the rate of offset between profitability and
any other indicator that will keep the risk level constant will
depend on the levels of the indicators.

2 For 479 sample companies the profitability ratio was less
than -20.97%, while 84 had a debt ratio greater than 79.6%
(which does not indicate a priori that they were fragile).



TABLE 5

SUMMARY OF LACHENBRUCH JACKKNIFE VALIDATION TESTING

Test Model 2 Model 4
Number Nonfragile Fragile Total Nonfragile Fragile Total
(Specificity) (Sensitivity) Classification (Specificity) (Sensitivity) Classification

1 85.13 88.89 85.20 81.43 75.00 81.30
2 81.13 70.00 80.80 82.56 56.00 81.90
8 80.97 69.70 80.60 80.59 87.50 80.70
4 83.69 80.00 83.60 82.47 70.00 82.10
5 82.49 91.67 82.60 82.26 76.00 82.10
6 84.29 85.00 84.30 81.65 78.95 81.60
7 81.46 92.31 81.60 80.35 82.61 80.40
8 82.24 85.00 82.30 84.15 62.50 83.80
9 81.00 66.67 80.70 82.65 80.00 82.60
10 85.06 75.00 84.90 82.84 100.00 83.10
Average 82.75 80.42 82.66 82.10 76.86 81.96

Source: Author’s calculations.

presents the classification power on the 10% of
companiesnot used intheestimation, onthebas sof
10 L achenbruch Jackknifetests(with Y* =0.025).

The power of classifying the excluded sample of
each one of the ten tests is very close to the
dassfication power obtainedin Tableb. Thegtability
intheforecasting resultsand estimated coefficients
showshow robust both estimationsareto sample
vaiaions. AsinTable4, Mode 2isdightly better
than Model 4inforecasting corporatefragility.

VIIl. CLASSIFICATION OF FRAGILE
COMPANIES TWO YEARS AHEAD

Theaim of thisfinal sectionistoinvestigate how
good Models2 and 4 are at forecasting fragility
two years ahead. About 18% of the nonfragile
companieswerewrongly classified asfragile by
Models 2 and 4; on the basis of this18% it was
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determined what proportion of thispopulationwas
under restructuring or compulsory liquidationin
2002. That isto say, what percentage of the 18%
companieswrongly classified asfragilein 2001
werefragilein 2002.24

Model 2 was capableof correctly forecasting as
fragile 69 of the 102 companies reported to be
under restructuring or compulsory liquidationin
2002, that isto say, 68% of those classified as
fragile®Model 4inturnidentified 67 of the 102,
giving a66% degree of specificity.

It may be concluded that thevariablesincludedin
Models 2 and 4 made it possible not only to

2 Of the 277 companies identified as fragile in 2002 (for being
under either restructuring or compulsory liquidation),
accounting information was available for 116 in 2000, of
which 14 were not taken into account because they were
under compulsory liquidation in 2002 after restructuring in
2001.

% Y* = 0.025 was used again for classification in both models.



differentiatehedthy companiesfromfragileonesone
year ahead but a sotoidentify two out of every three
fragile companiestwo yearsin advance. That isto
say, of the 18% companiesthat wereclassfied as
fragilebut were healthy in 2001, it waspossibleto
correctly identify 68% as fragile in 2002. As
expected, theproportion of correctly dassfiedfragile
companieswassmaller whenidentified two years
ahead than only one year ahead (the correct
classfication of fragilecompaniesfell from82%in
2001 to 68%in 2002).

IX. CONCLUSIONS

Theaim of thisstudy wasto devel op astatistical
model for forecasting corporatefragility in 2001.
Though plenty of studies have developed such
modelsin other countriesof theworld, the present
study has sought to make up for the absence of
estimationsfor Colombiaby usng arepresentative
sample of the corporate popul ation and applying
probit techniques.

The broad sample used comprised accounting
information on 9000 companies, for which
estimates were made of the profitability, debt,
liquidity and efficiency ratiosfrequently employed
infinancid andyses. Usingaheteroskedastic probit
model thefollowingfinancid ratioswereidentified
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