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Abstract

Subsequent to Shumway (2001), I try to
advance the prediction of bankruptcy by
proposing a multilevel discrete-time survival
model which is a hybrid of both multilevel
model and discrete-time survival model.
While the discrete-time survival models are
proved more accurately predict bankruptcy
than single-period models, | argue that
multilevel discrete-time survival models
further outperform discrete-time survival
models in predicting bankruptcy. As firms
can be hierarchically organized by industry,
bankruptcy prediction becomes an issue
concerning multilevel phenomenon.

Traditional prediction of bankruptcy
disaggregating industry data consisting of all
sample firms into the individual level ignores
the difference in bankruptcy risk between
industries, and hence its estimation is biased.
By considering the multilevel attribute of the
bankruptcy risk, I describe a multilevel
discrete-time survival model and then use the
accounting ratios that have been used in
previous models to compare the proposed
models with single-period models and
discrete-time survival models.

Multilevel discrete-time survival models
not only can be applied to bankruptcy
prediction but also credit risk prediction. The
latter is a recent focus of Basel 11 accord.

Keywords: Bankruptcy Prediction, Multilevel
Model, Discrete-time Survival
Model, Multilevel Discrete-time
Survival Model



1. Motivation and Purposes

The logistic bankruptcy prediction
models in literature have evolved from
single-period logistic regression model,
multi-period logistic regression model, and
then the discrete-time survival models
(Shumway 2001; 4iE =B34k 5= 2004).
All these models haven’t considered the
multilevel attribute of the sample firms.
However, in essence, firms can be grouped
into industries that have different attributes
bankruptcy risks. Up to now, we haven’t had
a model in literature to deal with this
sophisticated concern.

This study argues that multilevel
discrete-time survival models outperform
discrete-time survival models by comparing
their prediction capability based on Altman’s
(1968) Z-score accounting-based explanatory
variables. In addition, this study proposes a
multilevel discrete-time survival model
incorporating accounting-based variables,
audit opinions, and corporate governance
variables as explanatory variables.

The Basel Committee on Banking
Supervision issued a revised framework on
International Convergence of Capital
Measurement and Capital Standards (“Basel

I1” or the “revised Framework™) in June 2004.

The Committee advocates that banks apply
the “internal ratings-based” (IRB) approach
to Basel Il. According to IRB, banks use their
own internal measures for key drivers of
credit risk as primary inputs to their
minimum regulatory capital calculation. If
the proposed models outperform the
state-of-the-art discrete-time survival models,
it could also contribute to the credit risk
rating for the banking industry.

2. Literature Review

The issue of bankruptcy prediction has
been extensively studied. Although the
formal quantitative studies on this issue can
be dated back to 1930s, Altman’s (1968)
Z-score model is mostly cited. He uses
multiple discriminant analysis (MDA) to
address the bankruptcy prediction models.

Altman develops his Z-score model by using
manufacturing firms that filed a bankruptcy
petition under Chapter XI of the national
bankruptcy act from 1946 to 1965. The
model has 5 explanatory variables including
Net Working Capital/Total Assets, Retained
Earnings/Total Assets, Market Value of
Equity/Book Value of Total Liabilities,
Earnings before Interest and Taxes/Total
Assets, and Sales/Total Assets. Altman find
that firms with Z-score less than 1.81 go
bankrupt within one year while firms with
Z-scores greater than 2.99 fell into the
non-bankrupt group. Firms with Z-scores
between 1.81 and 2.99 fell into a ‘gray area’
where misclassifications often arise. He
found that a cutoff of Z-score equal to 2.675
minimizes the total of type I and type Il
errors.

Starting from 1980s, some complex
estimation methods such as logit and probit
models are used to compute the probability
of bankruptcy. Ohlson (1980) uses a logit
model to investigate the probability of
bankruptcy. He find that using a probability
cutoff of 3.8% for classifying firms as
bankruptcy minimizes type | and type Il
errors and the model correctly classifies
87.6% of his bankrupt firms and 82.6% of
normal firms.

In Taiwan, ftp® §(1986), & * &
(1990), and 2 % #(2000) use logit models to
predict bankruptcy while 3¢ & % (1997) and
¥ 72 (200) use survival analysis to
examine the issue. Pagano et al. (1998) and
Denis and Sarin (1997) use multi-period logit
model which combines survival analysis and
logit model to predict bankruptcy. Louwers et
al. (1999) employs baseline hazard model to
test if the auditor’s opinion matters in the
issue.

Recently, Shumway (2001) employs
discrete-time survival model. It’s noteworthy.
This model uses multiple years of data for
each sample firm, and treats each firm as a
single observation. He finds this model
outperforms MDA and logit models, and that
the model incorporating accounting ratios
and market-based variables outperforms
including only accounting ratios.



As we know from the above literature,
the logit regression used in the literature on
bankruptcy evolves from single-period logit
models, multi-period logit models, baseline
hazard models, and discrete-time survival
models. However, the multilevel attribute of
the bankruptcy hasn’t been tackled with. This
issue would be the main focus of this study.

3. Methodology

Multilevel discrete-time survival models
are a hybrid of multilevel models and
discrete-time survival models for binary
response.

In the studies of bankruptcy,
single-period logit models have been
extensively used, such as Ohlson (1980),
Zmijewski (1984) and others. For the event
cases, single-period logit models take the risk
factors just before bankruptcy into
consideration while multi-period logit
models incorporate risk factors information
for several years before bankruptcy occurs.
Allison (1982, 1984), Tuma and Hannan
(1984) and Yamaguchi (1991) extend
multi-period logit models to discrete-time
survival models.

Bankruptcy or credit risk researchers
frequently ask whether and when events
occur. However, the sound statistical
methods for analyzing such issues are not
readily available until the development of
discrete-time survival models.

Most logistic regression models applied
to predicting bankruptcy in previous research
are single-period models. Discrete-time
survival models have not been applied to this
issue until recent work of Shumway (2001).

A multilevel model concerns the
multilevel attribute of the sample and has the
level-1 case as the linear regression. A linear
regression is therefore a special case of
multilevel models. Multilevel models can be
extended to deal with binary response data.
In this case, a multilevel model consists of
three parts: a sampling model, a link function,
and a structural model (Raudenbush and
Bryk 2002).

This study synthesizes discrete-time
survival model Shumway (2001) and

Multilevel model (Raudenbush and Bryk
2002) to be the multilevel discrete-time
survival model.

4. Research Design

This study compares the prediction
capabilities of a multilevel discrete-time
survival model and a discrete-time survival
model based on Altman (1968). That means,
in order to make comparison of the
prediction capabilities of the above two
models, | use the explanatory variables as
those in Altman (1968). The explanatory
variables of Altman are classical ones.
Shumway (2001) hence uses the same
prediction variables as the ones in Altman
(1968). Following Shumway (2001), this
study also includes Altman’s variables in the
model only.

In the multilevel discrete-time survival
model, level-1 and level-2 predictors have
been centered around their group means. The
multilevel discrete-time survival model can
be written as follows.

Level 1 Model
Prob(Yij=1|Bi) = @ij
Log[@i/(1-9ij)] = nij
nij =Poi +P1i (TATO;;—AVG(TATO))) +
B2i (WCTA;;-AVG(WCTA))) +
Bsi (RETA;j—AVG(RETA))) +
Bai (EBITTA;—AVG(EBITTA,)) +
Bsi (MVETL ;j—AVG(MVETL;))
Level 2 Model
Boi =Yoo
Bii =y10 TY11(MTATO-AVG(MTATO.))
Bai =y20 +y21 (MWCTA-AVG(MWCTA.))
Bai =y30 +731 (MRETA~AVG(MRETA.))
Bai =yao0 +
var (MEBITTA-AVG(MEBITTA.))
Bsi =ys0 +
vst (MMVETL~AVG(MMVETL.))

where
Y: binary response, 1 for bankruptcy



occurs, otherwise non-bankruptcy

AVG(.): mean of a variable

TATO: Total Assets Turnover

WCTA: Working Capital/Total Assets

RETA: Retained Earnings/Total Assets

EBITTA: EBIT/Total Assets

MVETL: Market Value of Equity/Total
Assets

MTATO: mean TATO by industry

MWCTA: mean WCTA by industry

MRETA: mean RETA by industry

MEBITTA: mean EBITTA by industry

MMVETL: mean MVETL by industry

The final sample consists of 6,481 listed
and OTC firms together, which includes 86
bankrupt firms and 6,396 firms in normal
operation during the 1996-2005 period. All
data are retrieved from Taiwan Economic
Journal (TEJ) database.

The sample consists of 6,481 listed and
OTC firms together within 24 industries.
Descriptive statistics are found in Table 1. As
shown in the table, both level-1 and level-2
have five variables. The bankruptcy
frequency is presented in Table 2. In the
sample, there are 86 bankrupt firms and
6,396 firms in normal operation.

5. Empirical Results

This section compares the empirical
results between discrete-time survival model
(Shumway 2001) and multilevel
discrete-time survival model. The latter is a
synthesis of discrete-time survival model and
multilevel model (Raudenbush and Bryk
2002). Both discrete-time survival model and
multilevel discrete-time survival model have

the same sample while the models are

different.

Table 1 presents the descriptive
statistics for two-level data. The level-1
descriptive statistics of the multilevel

discrete-time survival model is the same as
the descriptive statistics of the discrete-time

survival model.

TABLE 1

Descriptive Statistics for Two-Level Data

Level-1 Descriptive Statistics

Variable N  Min Mean Median Std Dev Max
WCTA 6481 -1.075 0.19 0.177 0.188 0.849
RETA 6481 -2.629 0.045 0.057 0.155 0.66
EBITTA 6481 -2.441 0.055 0.057 0.107 0.583
MVETL 6481 0 0.003 0.002 0.009 0.284
TATO 6481 -0.16 0.857 0.72 0.621 6.85
Level-2 Descriptive Statistics
Variable N  Min Mean Median Std Dev Max
MWCTA 24 0.041 0.18 0.166 0.092 0.361
MRETA 24 -0.031 0.062 0.055 0.061 0.263
MEBITTA 24 0.021 0.068 0.061 0.046 0.222
MMVETL 24 0 0.003 0.003 0.002 0.01
MTATO 24 0.039 0.847 0.84 0.406 2.24

Table 2 describes the frequency of
bankrupt firms in the sample.

TABLE 2
Bankruptcy Frequency

Y Frequency Percent
0 6,395 98.67

1 86 1.33

Table 3 presents the results from
discrete-time survival model in which the
ratio of market value of equity to total
liabilities and total assets turnover are
insignificant.



Table 3. Discrete-time Survival Model

Analysis of Maximum Likelihood Estimates

Std  Wald

Parameter Estimate  Err Chi-Sq Pr > Chi-Sq
Intercept -3.94 0.23 285.27 <.0001
WCTA -5.00 0.74 4511 <.0001
RETA -3.59 0.67 28.99 <.0001
EBITTA -1.50 1.13 1.75 0.1862
MVETL -45.70 39.41 1.34 0.2462
TATO -0.12  0.27 0.19 0.6628

Table 4 shows the results from

multilevel discrete-time survival model in
which all the coefficients of prediction
variable are significant.
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5. Conclusions

One merit of this study is that the
multilevel discrete-time survival model is
shown superior to the discrete-time survival
model in terms of the improvement on the
significance of coefficients of prediction
variables while the comparison of prediction
power f two models needs further
investigation.
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