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Abstract: Problem statement: Some methodological problems concerning finaneiabs such as non-
proportionality, non-asymetricity, non-salacity wersolved in this study and we presented a
complementary technique for empirical analysis iofarficial ratios and bankruptcy risk. This new
method would be a general methodological guidedissociated with financial data and bankruptcy risk.
Approach: We proposed the use of a new measure of riskShizge Risk (SR) measure. We provided
evidence of the extent to which changes in valdghis index are associated with changes in eagh ax
values and how this may alter our economic inteégpien of changes in the patterns and directions. O
simple methodology provided a geometric illustmatiof the new proposed risk measure and
transformation behavior. This study also employed#st logit method, which extends the logit model
by considering outlierResults: Results showed new SR method obtained better noahegsults in
compare to common ratios approach. With respecicturacy results, Logistic and Robust Logistic
Regression Analysis illustrated that this new tiamsation (SR) produced more accurate prediction
statistically and can be used as an alternativeconmon ratios. Additionally, robust logit model
outperforms logit model in both approaches and walsstantially superior to the logit method in
predictions to assess sample forecast performamzksegressions€onclusion/Recommendations. This
study presented a new perspective on the studynoffihancial statement and bankruptcy. In thidgtu

a new dimension to risk measurement and data repan with the advent of the Share Risk method
(SR) was proposed. With respect to forecast regoltsist loigt method was substantially supericthi
logit method. It was strongly suggested the us8Rfmethodology for ratio analysis, which provided a
conceptual and complimentary methodological sofuti®o many problems associated with the use of
ratios. Respectively, robust logit regression canemployed as a tool of regression in providing
regression for studies associated with financitd.da
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INTRODUCTION a more accurate statement of firm's financial
situatior'®,

In recent decades, business failure prediction has First Beavéf! showed that corporate failure could
been one of the major research domains in financiabe reliably predicted through the combined use of
researches to evaluate the financial health ofophisticated quantitative using selected financial
companie$®. It is obvious that Bankruptcy involves ratios. Then Altman™ extended this narrow
large costs and corporate failure prediction hasnbe interpretation by investigating a set of financetios as
stimulated both by private and government secttirs awell as economic ratios as possible determinants of
over the world. Moreover, company failure may corporate failures using multiple discriminant asé,
inflict negative shocks for each of the sharehader in particular the Z-score model. Since Altithn
thus the total cost of failure will be large regagdto  literature on predicting bankruptcy has witnessed
economic and social co¥td Besides, bankruptcy numerous extensions and modifications. Previous
prediction models have been proven necessary trobt researchers all emphasized that financial ratioge ha

Corresponding Author: Alireza Bahiraie, Institute for Mathematical ResdarUniversity Putra Malaysia, 43400 Serdang,
Selangor, Malaysia Tel: (+60)-19-2203709

226




J. Math. & Stat., 5 (3):226-233, 2009

significant effect on bankruptcy risk, return, dteibk, by illustrating the use of this methodology for
commercial risk, market and economic conditifs  measuring financial risk in ratio analysis and frgon
While attempts have been made to solve problems dfankruptcies. The second aim of this study is edjot
using accounting-based financial ratios, none leenb bankruptcy probability with the consideration of
entirely successfully developed in quantitative andoutliers. We developed the method used by Atkinson
objective systems for bankruptcy predictthnSome  and Rianff. According to literature, present study is the
attempts included trimming the sample ratios,first one that using the Robust logit model forafiicial
eliminating negative observations and use of varioudata and bankruptcy predictions.

transformations such as logarithms and square toots

achieve more normal distributidfis However, most of MATERIALSAND METHODS

these attempts have utilized use of common ratiofReview of satistical methods of prediction: The
which may exceeded cost of errors in the analysts & methods of Rousse&#? such as Least Median of
problem of miss-specificatiéif’. Squares (LMS), Least Trimmed Squares (LTS) are now

Some researchers made correction for univariatetandard options in many econometric soft wareg Th
non-normality and tried to approximate univariateliterature, however, is slow in the consideratioh o
normality by transforming the variables prior to outliers when the logit model is involved till 1990
estimation of their model. Deaki used logarithmic ~ Furthermore, all developments are on the theofetica
transformation for the lack of normality for derivations of outliers in logit method and thesea
distributions and other study used square root antck in applications of financial fields.
lognormal transformation of financial ratibh Since Altmaft!, MDA is a prevalent technique in
However, logarithmic and square root transformatiorPankruptcy prediction in terms of classification or
may also be arbitrali). The rank transformation used prediction ability among traditional modéls Some
by Kaneet al.’”) reported improvement in fit and less studies have found logit model superior to MESA
biased results by linear models with transformeth da However, the research by Aziz and Barhas shown
set. Logarithmic and rank transformations and sguarthat the two models are equally efficient. Robust
roots are even more difficult to interpret becatrssy  Statistics provides an alternative approach tostas
can alter the natural monotonic relationships amongtatistical methods. Robust methods provide automat
dat?®?. There are many methods to estimate thevays of detecting, down weighting (or removing) and
probability of bankruptcy but none of them haveetak flagging outliers, largely removing the need formal
the outliers into account when there is a discretéscreening. A robust statistic is resistant to eriarthe
dependent variable. Outliers, which can seriouslyesults produced by deviations from assumptiong Th
distort the estimated results, have been wellimedian is a robust measure of central tendencylewnhi
documented regression mddel Although methods the mean is not; for instance, the median has a
and applications that take outliers into accoustwell ~ breakdown point of 50%, while the mean has a
known when the dependent variables arebreakdown point of 0%. The median absolute
continuou&??4, few have conducted empirical studies deviation and inter quartile range are robust messu
when the dependent variable is binary. Atkinson andf statistical dispersion, while the standard déwia
Rianf¥, Flores and Garridd have developed the and range are ridt.
theoretical foundations as well as the algorithm to
obtain consistent estimator in logit model with lmus,
but they do not provide applied studies.

There is no general guideline concerning th
appropriate data representation, which is ableotees
ratio difficulties. Respectively there is a need of

Robust regression: The Robust Library in S-Plus
software enables us to robustly fit Generalizedebin
Models (GLIM’s) for response observations¥yi = 1,
..., h, that may follow one of the Poisson or Binami
distributions.  The  Binomial  Distribution is

regression method application in order to considerP(yi=j)=(hi]pii(1—w)(”i'” for j=01.n where
outliers. Furthermore, none of the previous attsmpt J _ o _
had perfect prediction in the functional form. Whdll ~ 0s<p s1and n is the number of binomial trials for

of procedures utilizing the use of common ratiosobservation y When n= 1, the observations are called
without considering numerator and denominator ehea y; Bernoulli trials. The expected value of fpr the
ratio in specific, which are the most essentialtdac ) S y.
concerning each ratio value. Binomial distribution is related tqy by E(n'jwi.
Our first objective in this study is to proposeew i
approach, which involves data representation, faity ~ 1hen we have a vectef =(x,X,,...x,) of P
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independent explanatory variables and correspondinfirms, 0i=1,2,3,...,n, proposed Share Risk (SRi) is
vectorg’ = (B,B,....8,) of unknown regression defined as a function of Xand Y. Consider a square
coefficients, from which software form the linear two-dimensional space that captures all changes in
predictor n=x"p. The linear predictom and the numerator X and denominator ;Y for any firm i and

. . any period t where X and Y can be positive, negabiv
expected valug; are related through the_l|nk functl_on 9 sero (It is applicable to any level of aggregatiuich as
which maps i to n = g{u) The inverse link cros5country studies, cross sector and ratiosjurke

transformation leaPSﬂ o= g_l(rl)-, , _ a hypothetical study of risk covering n years fectsr
Following binomial model canonical link (the logit j. For 0t=1,2,3,...,r, we have: X Y, > 0. All risk

link), we have n=g(ui)=log[“‘] which 0<p, <1 components measure indices such as, _Totak_ Ri
1-y TR = X +Y, Net Risk NR |X-Y|, Overlapping Risk
exp) OR = (X + Y)-|X-Y| and lastly the proposed Share
1+ exply J Measure of Risk (SR) as we define below, are linear
functions of X and Y which X+ Y =TR =NR + OR:

with inverse transformationy, =g'1(n)=log[

which-o <n <+,

For the Binomial model, is conditional OR (X4 V1o [X—Y| 2min(X.y
expectation is: sr=OR_ (X+Y)-| | _ 2min(X,Y)
_ _ exp(x B)
Ep(vi[%)=nxp =n Tt exp(xB)
exp(x ) Following Bahiraieet al.!®, we can construct a two

dimensional box that encapsulates all of thesealktas
In the Bernoulli distributions, the responseiy  for n years. The dimensions of the risk box are
either 0 or 1 and so cannot be an outlier. In tyx@egal  generated by the maximum value of either Xi and Yi
Binomial model when jnis large, the ycan also be value during the period of study. From the deifimitof
outliers in cases where the expected vaIue%ofare TR, NR, OR, SR, we obtain:
small. Thus, in the general Binomial cases, infligy; max(NR )= max(| X~ Y [X max(maxX- minY
outliers need for a robust alternative to the MLE. ' '
Regarding misclassification results which are
important in our research we used misclassificationmax(OR )= 2maf (min(X ,Y )< 2m=> maxSk
model approach to estimafg instead of Cubif or
Mallows approaches, as a solution of the estimating
equation:

maxy —minX )< m

Each respective risk box will have sides equal to
N max(X) if for it then max(>) > max(Y,) or max(Y) if
D WXy —F(xBy)=0 otherwise. Our exposition of the dimensions of hloe
- is as follows which confirms the elasticity andttinée

The mis-classification model gives F:
nature of SR measure:

Pl =1%)=g" (¢ B)+vx[ - 26" (B )= FBY . Locus of equi TR: A 45° line from the origin bisects
the box into two equal triangles (Fig. 1). This ifiue
with g™. This estimator, introduced by RousseBtiw slope diagonal is the locus of balanced nhere
has properties similar to those of the Mallows—typex = v, TR equals OR, SR equals unity and NR equals
unbiased bounded influence estimates. L ] o
zero. This is the risk components' axis of symmetry

The share risk box methodology: The framework is a The two triangular planes in the box consists of a
two-dimensional box in which associated with ratioupper triangle containing coordinate points;, (Xi)
values in which pair values of each risk ratios, (%)  where X>Y; in and points ¥X; in the lower triangle.
are represented as Cartesian coordinates. Fo fix value TR = TR* implies X = TR*-Y. Comparing
expositional purposes suppose our proxy for riskyith y = mx + ¢, we have the gradient m equals minu
chosen is employed by;Xas numerator and;Yas ity Hence, locus of equi TR is perpendiculatite

denominator values oé ratio. For any number of axis of symmetry.
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Ymax - - defined by the relation SR*(X+Y) = 2X, which can
‘_‘, TR:-: /" . * )
SSSBE N be solved for X to yiel& = 2SZR -Y . Thus, this
NR*" ’r >/ . - - .
NEx, P4 A'-_ segment of the equi is a ray from the origin with
s ' *
Dl .QR* . constant slope= . Since 0<SR< 1, we
J ; i 2-SR*
N // i have0<y<1, showing that the ray passes between
//’;\ Faar s the central 450 line and the horizontal axis
T S * Above the central 45° line on the other hand we
L hav%R=%. Given a constant value SR* we
H‘/’I-lj: ‘l L . — . — . . —
0 ey obtain X =y™Y, whichy™ satisfies K y™ <o
Fig. 1: Share risk box isoclines Thus the equi corresponding to a particular value

SR* consists of two rays in the positive quadrant

Locus of equi NR: Recall that Net Risk NR = |X-Y|. meeting at the origin, with slopgsandy™. In Fig. 1

The line 45° can be regarded as the contour ofahee these I’ayS are shown as OC and OB. Note that the
NR* = 0. For positive value NR*>0, we have beloweth Symmetry of the diagram about the central 45° line
central 45° line, Y-X = NR* so X = Y-NR*, which ais ~ implies that the angle; and6, are equal.

slopes upward at 45°, meeting the (horizontal) ¥ ax . ] ] .

NR*. Above the 45° line through the origin we have Geometry of SR and risk box: In Fig. 1, relationships
another segment of same contour, namely lithe  between the four risk measures and slopesidy™,

X-Y = NR* or X = Y + NR*. These two 45° lines from consider rays OB and OC subtending the an@le$,

the contour are corresponding to NR*. Increasing th measured from the symmetry axis. Let A, B, C and D
value of constant NR* moves both segments higher upepresent points on the risk plane with A, B and C
their respective axis, away from the central NRteli  sharing equal total risk values, TR*. In additid®), C
Comparing with y = mx + ¢, we have for a net bookand D share equal OR values, OR*:

value, m = 1 with a vertical intercept c = NR. SQirtbe

central line balanced is the axis of symmetryNdg, OA=TR*
m =1 and ¢ = NR (Fig. 1). Consequently, locusapfie And
NR values is perpendicular to lines of equi TR
[mm :1J : TR*-OR* = NR* =AB

NR

Hence:

Locus of equi OR: Considering overlapping risk
OR =2 min (X, Y), below the central 45° line, ORX tang. = AB _TR*-OR* _, OR*_ .,
that remains constant for constant X. Above the li 17 0A TR * TR *
OR = 2Y which remains constant for constant Y. Thus = SR*=1- tanf,
the equi corresponding to constant overlapping risk
OR* is L-shaped (Fig. 1), the kink occurring aloihg These will confirm that SR values are constant

central 45° line. As OR* increases, the kink mougs  5iong any ray from origin and the two extreme dhge
the line, away from the origin. two extreme cases are (B, =0, = 45° in which

L f equi SR: Consideri d Unit-free 2S¢ SR = 0 and either the Y value or X value is ze
ocus or equi Sk L-onsi Zer:?ngz)?li(r)propose unit-free ang (ii)6, =6, =0°, in which case SR=1and X =Y.

share measure of riSR = , the followings The natural distribution of SR transformation
ensures data are not skewed and should be morstrobu
are obtained: to the assumptions of Gaussian statistical meth8Rs.
method can be applied equally to variety of
«  Below the line 45°, Y > X and thgR = 2% distributional forms, thus making the technique
X+Y particularly useful in ratio analysis where a dseiset

The equi corresponding to a constant value SR* i®f distributional functions have been identified.
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Negative values will be transformed to specificIndicator variabless Base on the financial ratios
variation, thus removing the necessity of deletafn successfully identified by previous studies and
negative data used in previous studies. availability, 40 indices been built by using balanc
sheet data. Ratios and significances on mean
differences for each group is tested and preseimed

Data collection: The database used in our illustrative Table 1. These indices reflect different aspectéirof

empirical study consists of 200 Iranian companiegnf ~ Structure and  performance:  Liquidity, ~turnover,
Tehran Stock Exchange (TSE). Fifty companies wenPPerating structure and efficiency, capitalizatiand
bankrupt under bankruptcy rule number 167 of Inania finally profitability. Bankrupt companies are indied
companies’ law act 1965, which a firm is bankrupew ~ @s 1 and non failed companies as 0. Thus, a firh wi
its total value of retained earning is equal omggethan  have a higher failure probability and will be ciéissi
50% of its listed capital. 150 companies are "medéh into failing group if its score is higher than aff-point
companies from the same period of listing 1998-2005 in each approach.

RESULTS

Table 1: Variables used and comparison of meahgdrgroups

Original ratios Transformed ratios
Definition Means of non-bankrupt ~ Means of bankrupt TEGM Means of non-bankrupt Means of bankrupt TEGM
of variables companies companies (Sig level) cangsa companies (Sig level)
EAIT/TA 0.21985 0.05165 0.000 1.39008 1.47417 0.025
TD/SE 2.32591 2.99969 0.051 0.17897 0.33310 0.043
R/S 0.53916 0.01808 0.000 1.29721 1.49609 0.023
TD/TA 0.64600 0.78450 0.011 1.17700 1.10775 0.000
CUSE 2.07355 2.60760 0.874 0.13713 0.28837 0.211
CuTD 0.87258 0.83419 0.234 1.06371 1.08290 0.323
OAITA 0.54037 0.62549 0.201 1.22981 1.18725 0.083
RIS 0.64792 0.40207 0.445 1.28176 1.31233 0.527
R/Inv 64191.96287 60.03362 0.000 1.00444 1.12682 00@.
SE/TD 0.81727 0.33380 0.000 1.17897 1.33310 0.025
E/TA 0.37868 0.24421 0.041 1.31066 1.37789 0.000
CA/CL 1.37059 1.13940 0.567 0.07046 0.03709 0.000
QA/CL 0.88108 0.49283 0.002 1.14017 1.25456 0.311
QA/ICA 0.59121 0.44456 0.001 1.20439 1.27772 0.000
NFA/TA 0.22169 0.22309 0.976 1.38916 1..38846 0.005
WCI/TA 0.11022 0.06320 0.696 1.44489 1.46840 0.313
CUTA 0.56389 0.65641 0.000 1.21806 1.17179 0.000
POC/SE 0.53201 0.57998 0.199 1.23447 1.10467 0.008
RE/TA 0.06492 -0.02391 0.000 1.46754 1.51196 0.078
EAIT/SE 0.53080 0.17283 0.410 1.24864 1.46834 0.000
EAIT/S 0.27192 -0.04296 0.000 1.36405 1.50608 0.000
EBIT/TA 0.17862 0.00639 0.000 1.41069 1.49680 0.000
D/EAIT 2.02476 0.92434 0.311 1.11523 0.24383 0.072
ol/s 0.28441 -0.01012 0.000 1.35780 1.49572 0.874
MVE/TA 0.04992 0.05746 0.008 1.47504 1.47127 0.006
EBIT/IE 4496.20577 -43.01149 0.000 0.59907 0.55253 0.213
OlITA 0.19620 0.02240 0.000 1.40190 1.48880 0.107
Cal/s 0.18568 0.05238 0.000 1.43579 1.47381 0.000
GP/S 0.35047 0.09577 0.000 1.32476 1.45211 0.214
SISE 3.01240 3.06662 0.072 0.20837 0.29016 0.844
S/INFA 10.53526 5.98830 0.893 0.33491 0.31069 0.034
SICA 1.37378 1.07683 0.006 0.06508 0.00171 0.000
S/WC 14.68814 5.10868 0.213 0.40842 0.44656 0.008
SITA 0.88013 0.75620 0.107 1.08629 1.12527 0.002
S/Ca 37.35053 121.39542 0.005 0.43579 0.47381 0.000
IE/GP -0.32201 -1.87164 0.087 1.57508 1.60523 0.405
Ca/CL 0.17422 0.05219 0.002 1.41614 1.47391 0.292
CalTA 0.08993 0.03416 0.009 1.45503 1.48292 0.023
SIGP 4.81397 24.35715 0.000 0.32476 0.45211 0.125
BVD/MVE 81.75837 73.27468 0.032 0.46128 0.46254 48.0

BVD: Book Value of Dept.; CA: Current assets; EAEarning after income and taxes; GP: Gross prniit Inventory; MVE: Marked value of
equity; NI: Net income; Ol: Operational income; QAuick assets; RE: Retained earnings; SC: StocitatapA: Total assets; Ca: Cash flow;
CL: Current liabilities; EBIT: Earnings before inést and taxes; IE: Interest expenses; LA: Liquiskts; NFA: Net Fixed assets; OA: Operating
asset; POC: Paid on capital; R: Receivables; BSS&E: Shareholders’ equity; TEGM: Test of egoftgroup mean.
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Table 2: Significant variables in each sample Table 4: The transformed ratios still outperforrgioral ratios
Original ratios DRS method Original ratios DRS approach
CRITA EBIT/S
QAICA QA/CA ltems Logit (%) Robust logit (%) Logit (%) Robusgit (%)
OlTA TDITA 1 57.23 69.30 66.15 82.27
CF/GP MVE/TA 2 56.17 69.73 65.48 82.13
SE/TA 3 57.94 68.61 63.74 82.51
4 57.29 70.52 66.03 81.94

Table 3: Estimated Results for logit and Robugitlmodels 5 57.71 69.89 66.34 82.72

Logit Robust logit Average 57.26 69.61 65.54 82.31

Models Coefficient t-value  Coefficient t-value . .

Original  Constant -0.3600 -0.7506  17.0487** 2.1627 This has advantage of aIIowmg the IargeSt amodint o

ratios  CRITA 16195 11766 102357+ 1.7913 training data to be used in each run and conversely
QA/ICA  -13.1535** -4.1651 -34.2707* -2.2311  means that the testing procedure is determinilstiour

OVTA = -0.5519  -2.0683 ~ -2.1146™ = -23319  oyneriment, we set our sample to 5-fold accuracy
CFIGP -0.4227 -0.5858 -12.3312*  -2.0225 .
SE/TA 0.6539* 20013 2344~ 4g586 results. Table 4 shows the comparison of 5-fold
psudo-R2  0.5941 0.7539 accuracy results. Descriptive results highlightée t
DRS Constant  0.2134 0.0342  1.4303*  1.9953 ; ; ;
method  EBITIS 16349 % 21147 83750+ 29488 following eV|.d.enc§es that under transformatllon pesce
QA/CA 57633* 15935 65205+ 23285 better classification accuracy results achievedlavhi
TD/TA -2.5894 -0.4968  -1.8580** -5.7351  Robust logit model outperforms logit model.
MVE/TA  7.5318 0.1936  5.7025 0.2132
psudo-R2 ®816 0.8936 DISCUSSION
* ** and ***: Denote significant at 10, 5 and 1%\el, respectively
Stepwise method: For primary variable selection and In this study, a new dimension to risk measurement

testing each variable’s effectiveness on discritmga  &1d data representation with the advent of the eShar
power, CartProEx V.6.0 software with Mahalanobfs D Risk method (SR) was proposed. We briefly derive t

measure was used. Table 2 reports selected vagiablEESPective properties of new risk approach compisnen
that produced greatest effectiveness on separfgion ©f Wwhich can overcome using common ratios

each groups to have more stable and well-balanclnitations. Our simple methodology provided a
model. geometric illustration of the new proposed risk swea

and transformation behavior. SR method can be egppli
Regression analysis: We tested these selected variablesequally to variety of distributional forms, thus kiveg
using Logistic and Robust Logistic Regression Asigly the technique particularly useful in ratio analystsere a
to illustrate that this new transformation will prce ~ diverse set of distributional functions have been
more accurate prediction statistically and canderlias  identified. SR approach is naturally bounded and
an alternative for common ratios. Results show thatinaffected by distance between observations, outlie
Robust logit model outperforms logit model in both effect if present will be reduced. Similarly, dista data
data sets. Table 3 report the estimated resultgyube  containing white noise and the sensitivity and poafe
logit and the Robust logit models, respectively.ah statistical test are improved. Negative values Wil
the logit model is used, less coefficients show ardransformed to specific variation, thus removing th
significant compare to Robust logit model. Alongsid necessity of deletion of negative data used inipusv
this, the psudo-R2 is higher for the Robust logiideis ~ studies. Besides, proportionality is a theoretical
in both approaches, suggesting that in-samplagitis ~ assumption that may not in fact hold and the degfee
much better in the Robust logit model than in thgitt ~ departure varies across industries and size clag¢es
model. also compared the forecast ability between logii an

Robust logit methods, where the latter consider the
K-fold cross validation test: In order to observe the possible outliers. With respect to forecasts, Rohaigt

effects of biasness, we conduct the K-fold crossmethod is substantially superior to the logit metho
validation procedure. Each one of the subsetisen

in turn as testing set after all other sets combinave CONCLUSION
been training set on which a tree has been builis T
cross validation procedure allows mean error rédes One of the most well known anomalies of the risk

be calculated which gives a useful insight intofactors is the effect of some ratios on bankruptsi
classifiers decision. This technique is simply ldfo and firm returns. In banking, ratios are taken asoxy
cross validation whereby k is number of data instan  for the charter value of barfk¥. The convince use of
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financial ratios may exceed cost of errors in asialy 5.
caused by ratio-related model mis-specification and
general, no equally convenient, or superior altié&vaa
to ratios has been developed and applied to fiahnci
ratio analysis. 6.

This research was motivated to develop an
alternative for ratio-based methodology for finahci
studies. The properties derived form describedun o
methodology may be general guidelines for ratios
analysis, in which there is no arbitrary conditiomi 7.
because the numbers of transformations are egeal th
number of observations. According to proven prapsrt
of new SR method discussed in methodology andette
numerical results obtained, it is strongly suggkdte
use of this new methodology for ratio analysis, akihi
provided a conceptual and complimentary
methodological solution to many problems associated
with the use of ratios. Respectively, Robust logit
regression can be employed as a tool of regreseion
providing regression for studies associated withg
financial data.

Since previous studies used one and two year prior
to bankruptcy, consequently, generalize ability of

model with expansion for an additional year isqq.

recommended for further studies. Furthermore, as
reported by IMF, to undertake such research to
understand the capital structures and other finci
indicators such as macro and micro economic vabl 11
simultaneously that might be effect on firms’
performance and eventually can improve predict®n i
necessitate, therefore testing above model regpect
this issue will be important to be continued.

12.
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