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Abstract This paper analyses with a multi-period logistic model corporate bankruptcy in the manufacturing industry over
the period 1980 to 2007. The contribution of this paper to the bankruptcy prediction literature is the concentration on one of
the most important industries in the U.S.; the manufacturing industry. In addition, this research includes the effect of the
Gross Domestic Product on bankruptey filings, which turns out to be a powerful predictor. The results show that accounting
variables lose predicting power when market driven variables are added. Only one accounting variable (a liquidity ratio) turns
out to be statistically significant once market variables are accounted for. This study finds; liquidity of the company, excess
return and volatility of the publicly traded shares and macroeconomic growth are significant in predicting bankruptcy in the
whole manufacturing industry. In the analysis of the manufacturing sub-industries the excess return of company shares over
the S&P500 return is a significant bankruptcy predictor in 7 of the 8 manufacturing sub-industries. GDP is significant in the

industrial machinery industry and liquidity is significant in the textile and chemicals industry.
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1. Introduction

As the center of economic activity, the manufacturing
industry is crucial to every economy as a source of produc-
tivity, higher standard of living, innovation, and the ability to
compete on international ground. In addition, the manufac-
turing sector accounts for a major part of the GDP and em-
ployment in the United States. It is deeply interwoven with
other industries that either depends on the products produced
by the manufacturing industry, or with suppliers that provide
the manufacturing industry with their products, raw mate-
rials, and services. The intense interaction with other indus-
tries and the major contribution to the U.S. GDP, output, and
employment makes the manufacturing sector a substantially
important industry for the U.S. economy. The vulnerability

and the significance of the manufacturing industry to the U.S.

make us aware of the importance of avoiding corporate
bankruptcy and forecasting bankruptcy in the manufacturing
sector, especially in the current economic situation.

US economy is experiencing the worst economic and fi-
nancial crisis since the Great Depression of the 1930s. It is
characterized by subprime housing crisis, increasing unem-
ployment, low interest rates, and bankruptcies throughout all
industries. Firms in every industry, but especially the
manufacturing industry are struggling to survive decreasing
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demand, increasing unemployment and heavy debt burdens.
Table 1 shows that the highest number of bankruptcies occur
in the manufacturing industry. There are 802 bankruptcies in
this sector, which represents 35% of all bankruptcy filings
from 1978 to 2007. Throughout history we have seen the
manufacturing industry suffering most under economic
downturns. The bankruptcy data from BankruptcyData.com
in Table 2 reports the highest number of bankruptcy filings
between the years 2000 and 2003 as a result of the economic
crisis in mid-2000. Unfortunately, the current recession that
started in 2008 with the financial crisis hit the manufacturing
industry again. Many manufacturing firms have filed for
bankruptcy since the beginning of the crisis. Bankruptcy-
Data.com reports among other manufacturing companies the
giant manufacturer of chemicals Lyondell Chemical Com-
pany (with an asset value of $§ 27,392 million and over
16,000 employees worldwide) which filed for Chapter 11
bankruptcy in January 2009. Another major company that
filed for Chapter 11 bankruptcy in April 2009 is the producer
of newsprint Abitibi Bowater Inc with an asset value of
$ 10,319 million. However, the most affected industry is the
automobile industry that according to the Bureau of Labor
Statistics employs more than 7 Million employees. Auto-
mobile companies like General Motors and Chrysler have
been struggling with declining demand and debt burdens
since the beginning of the economic crisis. Despite huge
bailouts, one of the giant automobile producers, Chrysler
was finally forced to file for Chapter 11 bankruptcy protec-
tion at the end of April 2009.

Forecasting bankruptcy is important for many different
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interest groups like private investors, the financial sector,
corporations, employees, and the government. Each group
represents different interests and stakes. Private investors,
shareholders and banks try to reduce the risk of losing their
investments in case of default. On the other hand, there are
firm insiders and stakeholders like managers who try to
maximize shareholder and stakeholder value, as well as their
own income. Other important interest groups are the gov-
ernment and employees that are particularly interested in
tools that enable bankruptcy prediction in order to avoid
unemployment, economic distress, inflation and a declining
Gross Domestic Product (GDP). In addition, there is a huge
interest in finding an applicable bankruptcy prediction model
from an academic point of view. Authors who analyzed
bankruptcy have used accounting driven or market driven
variables with static or hazard models in order to predict
bankruptcy. Since the mid-1960s many authors have ap-
proached the question of forecasting bankruptcy through
firm specific accounting variables. Ratios that reflect Sol-
vency, Liquidity and Leverage are the most analyzed va-
riables. Beaver[3], Altman[4], Ohlson[5], and Zmijewski[6]
were some of the first authors who tried to forecast bank-
ruptcy through financial statement ratios. More recent au-
thors like Core and Schrand[7], Duffie and Lando[8], and
Shumway[9] argue that accounting variables are not suffi-
cient for analyzing bankruptcy and suggest that market dri-
ven variables or a mix of financial statement ratios and
market driven variables are better bankruptcy forecasters.
Shumway[9] shows in his hazard analysis that market driven
variables are better bankruptcy predictors and that half of the
financial ratios used by previous authors are not significant
in predicting bankruptcy. This result is supported by other
authors like Chava & Jarrow[10] and Hillegeist et al.[11].

This paper will contribute to the existing bankruptcy lite-
rature by analyzing the manufacturing industry and by add-
ing the macroeconomic variable GDP to the bankruptcy
prediction model. As shortly explained in section 1.1, the
manufacturing sector is a significant industry in the U.S., it
does not only contribute substantially to the U.S. GDP but it
also depends on a stable GDP and a sound economy. In the
past we have seen the manufacturing sector suffering from
economic downturns and decreasing GDP, therefore we
expect a correlation between the GDP rate and bankruptcy
filings in the manufacturing industry.[ 1]

In fact, the results in this paper show that GDP is a sig-
nificant bankruptcy predictor in the manufacturing industry.
In addition, the results support the superiority of market
variables over accounting variables for predicting bank-
ruptcy. The only significant variable among the accounting
variables is the liquidity ratio current assets to current lia-
bility. After applying a model that combines accounting,
market, and macroeconomic variables to the whole manu-
facturing sector and to the sub-industries of the manufac-
turing sector we find the following results: All four variables
(CACL, EXRET, SIGMA and changeGDP) are significant
in predicting bankruptcy in the whole manufacturing indus-
try. In the analysis of the manufacturing sub-industries the

excess return of companies over the S&P500 return is a
significant bankruptcy predictor in 7 of the 8 manufacturing
sub-industries. GDP is significant in the industrial machinery
industry and liquidity is significant in the textile and chem-
icals industry.

This paper consists of five parts. After the introduction,
the second part reviews the contribution of previous authors
to the bankruptcy forecasting literature. The third part de-
scribes the data and sources used for this paper. The fourth
part will explain the methodology and the bankruptcy pre-
dicting variables. Part five will discuss the results of the
bankruptcy prediction and the final part will summarize the
results.

1.1. The Importance of the Manufacturing Industry for
the U.S. Economy

In 2007, the U.S. manufacturing sector accounted for
11.5% of the GDP, 20% of the gross output and almost 10%
of US employment (mainly to blue-collar workers but also to
white-collar employees). However, the manufacturing sector
is not only an important provider of employment and pro-
ducer of innovative end-products benefiting the consumer; it
is also in the center of the productivity chain. It is a major
producer of intermediate goods and a major demander of raw
materials, goods, and services from many industries. The
manufacturing sector accounts for 28% (a total value of
3,417.1 Billion US-Dollar) of intermediate inputs produced
in the U.S. in 2008, which is the highest percentage com-
pared to other industries intermediate input. The U.S. man-
ufacturing industry belongs to the world’s leading producer
of manufacturing products with increasing productivity.
According to an economic release of the Bureau of Labor
Statistics in March 2009, the U.S. labor productivity in
manufacturing increased 4.7% over the period of 2006 to
2007 representing the fourth largest productivity growth of
14 economies. Over the same period, labor costs have been
declining in the U.S. by 1.1 %.

The current economy will depend increasingly on the
success of the manufacturing industry due to the declining
finance, insurance and real estate industries. Long term
economic stability, international competitiveness, innova-
tion and increasing standards of living depend on a growing
manufacturing sector. The challenges of international com-
petitiveness are increasing with improved technology, re-
duction of barriers to trade such as tariffs and quotas in the
last few decades, and the rising of new competitors such as
China, Taiwan, and Korea. The key to stable and competitive
manufacturing is innovation, which is the driving factor for
increasing productivity. An increasing productivity im-
proves the standard of living through increasing wages and
lower prices for better quality. Because of the major impact
of the manufacturing sector on a stable U.S. economy and the
overall standards of living it is especially more important to
avoid bankruptcy within this sector.

2. Literature Review
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The first authors who analyzed bankruptcy prediction
focused on finding the optimal accounting variables to pre-
dict bankruptcy. Authors like Beaver[3], Altman[4], Ohl-
son[5], and Zmijewski[6] used a static model to predict
bankruptcy through accounting variables. More recent au-
thors like Shumway[9], Campbell et al.[13], and Chava and
Jarrow[10] used a logit model to predict bankruptcy.
Shumway[9] proposed the hazard model and illustrates in his
work the drawbacks of the static models used by the previous
authors. He argues that the static model introduces a bias and
causes an overestimation of the bankruptcy determinants.
These recent authors who discovered stock market informa-
tion as important predictors discussed the superiority of the
two different types of bankruptcy prediction sources. Some
authors argue that accounting information is not significant
or incremental in supporting market driven variables, other
authors suggest that accounting variables are incremental in
forecasting bankruptcy.

Altman[4] analyzed the significance of five financial ra-
tios (Working Capital /Total Assets (WC/TA), Retained
Earnings/Total Assets (RE/TA), Earnings Before Interest
and Tax/Total Assets (EBIT/TA), Market Value of Equi-
ty/Total Liabilities (ME/TL), and Sales/Total Assets(S/TA))
in forecasting bankruptcy with a rather small sample of 66
manufacturing firms. He applied his famous Z-Score which
is still used to predict bankruptcy in the short run (one to two
years) by many market professionals. He found that all ratios
deteriorated as the sample companies came closer to the
bankruptcy year. As the Z-Score decreases to 1.8 or less, the
probability of bankruptcy is very high, while a Z-Score of 3.0
or higher predicts a lower risk for bankruptcy. His Multiple
Discriminant Model was accurate in forecasting bankruptcy
up to two years before bankruptcy.

Beaver[3] approached bankruptcy prediction by pairing
each bankrupt firm with a non-bankrupt firm in the same
industry and with the same asset size in order to account for
industry and size effects. His non-random sample contained
79 sample pairs from 38 different industries. Beaver[3]
analyzed the predictability of bankruptcy through the fol-
lowing six financial ratios: Cash Flow/Total Debt(CF/TA),
Net Income/Total Assets(NI/TA), Total Debt/Total As-
sets(TD/TA), Working Capital/Total Assets(WC/TA), CR
and No-credit interval. From the six ratios he analyzed, the
Cash Flow to Total Debt ratio turned out to be the strongest
bankruptcy predictor.

Ohlson[5] developed a model with nine variables: Size,
Total Liabilities/Total Assets (TL/TA), Working Capi-
tal/Total Assets (WC/TA), Current Liabilities/Current As-
sets (CL/CA), OENEG, Net Income/Total Assets (NI/TA),
FU/TL, INTWO, and CHIN. His sample contained 2,058
non- bankrupt firms and 105 bankrupt firms. He found that
four of his nine variables were significant in forecasting
bankruptcy; Size, Total Liabilities/Total Assets (TL/TA),
Net Income/Total Assets(NI/TA), and Working Capi-
tal/Total Assets(WC/TA).

In 1984, Zmijewski[6] argued in his analysis of bank-

ruptcy prediction, that non- random samples would increase
the bias in parameter and probability. He analyzed the fol-
lowing three accounting variables; return on assets which is
the ratio of Net Income to Total Assets (NI/TA), the current
ratio Current Assets to Current Liability (CA/CL) and Total
Liability to Total Assets (TL/TA).

Shumway[9] criticizes the static models used by previous
authors as biased models and suggests an unbiased and con-
sistent hazard model based on authors like Theodossiou[12]
who proposes a dynamic model of bankruptcy prediction.
The hazard model accounts for many factors for which static
models were not able to account for. Shumway[9] argues that
hazard models account for endangered periods before filing
for bankruptcy, time-series fluctuation in the data and better
performance in out-of-sample prediction due to independent
observations. Shumway[9] adds the variable firm size as the
market capitalization of each firm relative to the
NYSE/AMEX market size, past excess stock returns as the
difference between each company’s return and the NYSE/
AMEX index return and the idiosyncratic standard deviation
of stock returns as market driven variables to the traditional
financial statement ratios used in the analysis of Altman[4]
and Zmijewski[6]. By applying his hazard model (with a
sample extending from 1962 to 1992, 39,745 firm-years and
300 bankruptcies) he finds that from the five Altman[4]
accounting variables only EBIT/TA and ME/TL are signif-
icant in forecasting bankruptcy and only one independent
variable (NI/TA) from the original three Zmijewski[6] va-
riables are significant in forecasting bankruptcy. His market
driven variables model and the mixed model of market dri-
ven and accounting variables perform best in predicting
failure. His mixed hazard model turns out to be a better
out-of-sample test than the concentration on accounting
variables or market variables only.

Shumway[9] s results are supported by Hillegeist et al.[11]
who challenge Altman[4] s Z-Score and Ohlson[5] s O-Score
with a large sample of 65,960 firm year observations con-
taining 516 bankruptcies for the years 1979 to 1997. These
authors combine Altman[4]s Z-Score and Ohlson[5]s
O-Score with option-pricing theories suggested by Black and
Scholes and Merton which argue that accounting variables
do not contribute significantly in predicting bankruptcy and
that stock market variables are better bankruptcy predictors.
The conclusion of Hillegeist et al.[11] s analysis is that re-
lying only on accounting variables for bankruptcy prediction
such as the Z- Score and O-Score is not adequate. However,
these scores add significant information to the prediction
with market variables.

Other authors analyzing a mix of stock market and ac-
counting variables are Campbell et al.[13]. These authors
consider in their study not only firms that actually filed for
Chapter 7 or Chapter 11 bankruptcy but also firms which are
delisted by credit rating agencies. Campbell et al.[13] follow
bankruptcy analysis models of previous authors like
Shumway[9] and Chava and Jarrow[10] with the use of a
dynamic logit model and monthly bankruptcy indicators (for
1.7 million firm months) from January 1963 to December
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1998 for firms which filed for Chapter 7 or Chapter 11
bankruptcy. The second set of data contains not only Chapter
7 and Chapter 11 filings but delisting or D ratings spanning
from January 1996 to December 2003. Campbell et al.[13]
analyze some of the variables previously used by authors like
Shumway[9] like NI/TA and TL/TA; however, the authors
use the market value of Total Assets instead of the book
value and add some additional market variables like EXRET,
SIGMA, RSIZE, and PRIZE to the variables used by pre-
vious authors which add up to a total of ten variables with
NIMTA, TLMTA, CASHMTA and MB.

Chava and Jarrow[10] support Shumway[9] s model and
add industry effects to their bankruptcy analysis with a data
set that expands from 1962 to 1999. These authors not only
add the industrial effect to the work of previous authors, but
also expand the bankruptcy literature with data on financial
institutions. First Chava & Jarrow[10] re-estimate the work
of Altman[4], Zmijewski[6] and Shumway[9] and confirm
the outperforming power of Shumway[9] s hazard model
(74.4% of bankruptcies correctly identified) compared to the
static model with accounting variables only which were used
by Altman[4] (63.2%) and Zmijewski[6] (43.2%). Second,
the authors prove the importance of industry effect on
in-sample accuracy in bankruptcy prediction. Next, the pre-
vious literature is expanded by data on the financial industry
and the authors show that prediction power improves using
monthly data versus yearly data used by most of the previous
authors. In the last part of the analysis, Chava & Jarrow[10]
show that accounting variables contribute to forecasting
power when market variables are already accounted for.

3. Data

There are two major bankruptcy codes in the United States;
Chapter 7 and Chapter 11 bankruptcy. Companies that can-
not pay their debts when they become due can first try to
settle an informal agreement with their debt holders. How-
ever, for large companies with complex capital structure an
informal agreement is difficult to settle; therefore, large
firms end up filing for either Chapter 7 or Chapter 11
bankruptcy. The keyword for Chapter 7 bankruptcy is li-
quidation. In this case the assets of the company filing for
Chapter 7 bankruptcy are liquidated by a trustee in order to
distribute the proceeds to the creditors. The proceeds are

used in a certain order to pay off debt[1,2].

The bankruptcy code Chapter 11 is a reorganization of the
company and its capital structure rather than an immediate
liquidation. The company’s management is expected to
provide a plan of reorganization within 120 days after
bankruptcy filing so that the company can continue to oper-
ate and perhaps survive the bankruptcy. The advantage of
filing for Chapter 11 rather than Chapter 7 bankruptcy for the
management is that it does not have to give up the control of
the company to a trustee. Chapter 11 is not only advanta-
geous for the management but also for the government,
employees and shareholders. If the company survives, un-
employment is avoided which is positive for the government
and employees and shareholders of the company do not lose
their investment.

For this paper, a company is defined as bankrupt if it filed
either for Chapter 7 or Chapter 11 bankruptcy. Because of
financial and liquidation uncertainties which lead to a
Chapter 11 bankruptcy, these filings will be included in the
bankruptcy definition, although Chapter 11 bankruptcy does
not necessarily lead to a liquidation of the company through
a Chapter 7 filing.

The bankruptcy information is obtained from Bankrupt-
cyData.com, containing a total of 2,286 bankruptcies in all
industries from 1978 to 2007. Table 1 shows that the highest
number of bankruptcies occur in the manufacturing industry.
There are 802 bankruptcies in this sector, which represent
35% of all bankruptcy filings. Table 2 shows the per year
number of bankrupt and healthy companies for our database
on the manufacturing industry from 1980 to 2000. The
highest number and percentage of bankruptcy filings occur
in the years of 2000 to 2003 as a result of the economic
recession in mid-2000.

For the bankruptcy forecasting model balance sheet and
income statement values are obtained from the COMPUS-
TAT database and market values are obtained from the
CRSP database. CRSP and COMPUSTAT include public
companies traded on the NYSE and AMEX from 1980 to
2007. These databases are reduced to manufacturing com-
panies with SIC-Codes 2000 and 4000. As the macroeco-
nomic indicator quarterly real percentage changes in GDP
from 1980 to 2007 are obtained from the Bureau of Eco-
nomic Analysis.

Table 1. Bankruptcy by Industry

# SIC —Code Industries Number of Bankruptcies Percentage
1 0111 — 0971 Agriculture, Forestry, and Fishing 6 0.26%
2 1011 — 1499 Mining 107 4.68%
3 1521 — 1799 Construction 34 1.49%
4 2011 — 3999 Manufacturing 802 35.08%
5 4011 — 4971 Transportation, Communications, Electric, Gas, and Sanitary Services 311 13.60%
6 5012 — 5199 Wholesale Trade 99 4.33%
7 5211 —5999 Retail Trade 310 13.56%
8 6021 — 6799 Finance, Insurance, and Real Estate 182 7.96%
9 7011 — 8999 Services 434 18.99%
10 9111 — 9199 Public Administration/Nonclassifiable Establishments 1 0.04%

Total Number of Bankruptcies 2,286 100.00%

This table divides each industry by the SIC-Code and number of bankruptcies obtained from BankruptcyData.com for the years 1978 to 2007. The table shows that the

highest number and percentage of bankruptcies occur in the manufacturing industry.
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After merging quarterly COMPUSTAT observations with
monthly CRSP observations and the bankruptcy filings our
complete dataset contains 845,587 firm month observations,
7,743 firms and 383 bankruptcies (5%). All the companies in
our analysis are publicly traded companies. Since we do not
have proper financial statement information for private
companies they are not included in our study. Missing ob-
servations in the database are replaced by previous period
observations.

Table 2. Bankruptcy the Manufacturing Industry by Year

Number of  Number of Total Num- Percentage of
Bankrupt Healthy ber of Bankrupt
Y ear Companies  Companies Companies Companies
1980 0 1,958 1,958 0.00%
1981 0 2,127 2,127 0.00%
1982 5 2,189 2,194 0.23%
1983 2 2,423 2,425 0.08%
1984 0 2,546 2,546 0.00%
1985 3 2, 600 2,603 0.12%
1986 7 2,894 2,901 0.24%
1987 3 2,826 2, 829 0.11%
1988 12 2,798 2,810 0.43%
1989 15 2,715 2,730 0.55%
1990 18 2,566 2,584 0.70%
1991 25 2,566 2,591 0.96%
1992 7 2, 682 2, 689 0.26%
1993 14 2, 861 2,875 0.49%
1994 12 3,030 3,042 0.39%
1995 10 3,182 3,192 0.31%
1996 12 3,351 3,363 0.36%
1997 13 3,434 3,447 0.38%
1998 30 3,365 3,395 0.88%
1999 20 3,191 3,211 0.62%
2000 30 3,097 3,127 0.96%
2001 44 2,810 2,854 1.54%
2002 25 2,557 2,582 0.97%
2003 32 2,389 2,421 1.32%
2004 9 2,345 2,354 0.38%
2005 11 2,309 2,320 0.47%
2006 10 2,279 2,289 0.44%
2007 14 2,243 2,257 0.62%
Total 383 75,333 75,716 0.51%

This table lists the number of bankrupt companies, the number of healthy
companies and total number of companies each year in the manufacturing
database. The bankruptcy data is provided by BankruptcyData.com.

The bankruptcy indicator in this paper equals 1 if the
company filed for bankruptcy and 0 for companies which
have not filed for bankruptcy or have disappeared from the
database due to merger and acquisition. Companies which
have been delisted up to five years before filing for bank-
ruptcy are considered as bankrupt as well. For all companies
that filed for bankruptcy, all observations after the bank-
ruptey filing date are deleted from the database.

4. Variables and Methodology

4.1. Dependent Variable

The dependent variable bankrupt is a binary variable. It
equals 1 if the company filed for bankruptcy in a particular
month and 0 if not. For companies which have been over-
taken by another company or have merged, the dependent
variable is equal to zero as well.

4.2. Independent Variables

The following five accounting variables for this paper are
chosen from Altman[4]. The first determinant is the liquidity
ratio Working Capital to Total Assets (WCTA); it compares
the liquid assets of a firm to its total assets. An increase in
WCTA translates to a higher or improving liquidity of the
firm. On the other hand, a failing company is more likely to
experience a decrease in current assets through loses, caus-
ing a decreasing WCTA. Retained Earnings to Total Assets
(RETA) will enter the analysis as a profitability ratio which
shows how much a company is able to retain from its earn-
ings through the use of the assets. The third variable is
Earnings Before Interest and Tax to Total Assets (EBITTA),
also known as Return on Assets. An increasing EBITTA
shows that the company is able to generate more income with
its assets. Although early authors like Altman[4] concen-
trated more on accounting variables rather than market va-
riables, Market Equity to Total Liability (METL) implied a
market dimension to his analysis. Market equity is equal to
the price per share times the number of shares outstanding.
METL relates the market value of the company to its total
liabilities. For a sound company we expect a high or in-
creasing METL, while a failing company is more likely to
have a decreasing METL. The last bankruptcy determinant is
the asset turnover ratio Sales to Total Assets (STA). Since
sales were not available in the COMPUSTAT database, the
Sales to Total Assets ratio is replaced by the Revenue to
Total Assets (RTA) ratio in this paper. This measure shows
how much revenue each dollar of a firms assets can produce.
A decreasing RTA indicates a slowdown of production,
while a high or increasing RTA compared to the industry
average indicates increasing production or production close
to capacity [14,15].

The following three accounting variables analyzed in this
paper come from Zmijewski[6] s model: Net Income to Total
Assets (NITA), Total Liability to Total Assets (TLTA) and
Current assets to Current Liabilities (CACL).

NITA, a profitability ratio, shows how efficient total as-
sets are used to generate earnings. The leverage ratio Total
Liabilities to Total Assets measures how many percent of the
company’s assets are financed through liabilities. Since high
level of liabilities are associated with higher risk, we expect
the debt ratio to be high or increasing for failing companies
and low or decreasing levels of TLTA for stable companies.
The third Zmijewski[6] variable is Current Assets to Current
Liability; another liquidity ratio showing how much assets
are available for each dollar in Current Liabilities.

The market variables analyzed in this paper are relative
size of the firm (RSIZE), excess return (EXRET), and the
standard deviation of each firms return (SIGMA). RSIZE is
calculated as the ratio of market capitalization of the firm
to the total market size of the manufacturing market.
EXRET is computed as the difference between the firms
return and the value weighted S&P 500 return from the
CRSP dataset. The third market variable SIGMA is the
standard deviation of the returns, indicating the volatility in
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returns. These determinants were first introduced by
Shumway[ 9] and later reanalyzed by Chava and Jarrow[10]
and Campbell et al.[13]. Shumway][ 9] argues and finds that
Firm Size (RSIZE), Excess Returns (EXRET) and SIGMA
are important for bankruptcy analysis.

The new variable introduced in this paper is the percen-
tage change in real GDP (changeGDP) compared to the
previous quarter. This variable enters the model as a ma-
croeconomic indicator for bankruptcy. We expect decreasing
bankruptcy filings for an increase in the change of GDP.

An overview of the ratios used for the models in this paper
is available in the appendix.

5. Methodology

Multi-period logistic regression or hazard models enable
the prediction of the outcome of a certain event for a given
set of independent variables. The advantages of the hazard
rate model will be used in this paper in order to predict if
a company will survive or fail given monthly firm obser-
vations. The advantage of the hazard model is that it ex-
plicitly accounts for time and it incorporates time-varying
covariates. In a hazard model, a firm’s risk of bankruptcy
changes through time based on its latest financial data.

The dependent variable Y in this study is a binary variable.
For this purpose, we created the variable bankrupt which can
take only two values for each firm-month i at the time t=1, ,
n. The dependent variable y; is equal to 1 if a company files
for bankruptcy in month 7 and 0 otherwise. However, y; = 0
can occur either for the case healthy company or company

leaves the sample for other reasons like merger or acquisition.

Each company’s observation months are assumed to be
independent. Therefore the age of the company cannot be an
indicator for risk.[16]

The logistic distribution is given as follows:
1

P(Y=1|X|)=——FF—F—
( 1Xi) 14 e P0o-BIx1-Bi-xi

(1

P(Y=0]|X;)=1-P(Y=1|X;) 2)

e P0-BIX1--~Pk 3k
P(Y=0|X)z=——————
( 1Xi) 1+ e PO-BIX1~Bi-xi 3)
where x; s are the explanatory variables and f;s are the
unknown parameters to be estimated. The regression

function Bg+B1x; +... + Bix; will be written as xf.
The coefficients of the logistic regression are estimated
using the maximum likelihood function.
P(Y =1|X;)=F(xB) @)

P(Y=0|X,)=1-F(xB) 5)

L =P(Y=ylx)
=[F(xB)P[1-Fxp)™) (6)
The estimated coefficients in this paper will be inter-
preted in the form of odds ratios. The odds of failure is the

probability that a company goes bankrupt divided by the

probability that the company does not go bankrupt:
Probability of an event of interest (bankruptcy)

Odds Ratio = — -
1 —Probability of an event of interest (nobankruptcy) (7)
Odds(x) = P& =D _ <P ®)
1-P(Y =1

The logistic regression presents the odds ratio of
bankruptcy. The interpretation of odds ratios for bank-
ruptcy prediction is as follows:

Odds (def ault) = P =D _ P <1 )
1-P(Y =1)

Odds ratios smaller than 1 decrease the odds of default.

Odds (def ault):uzele >1 (10)
1-P(Y =1)

Odds ratios larger than 1 increase the odds of default. The
odds of non-default is defined as follows:
1-P(Y =1)

P(Y =1) (1D

Odds ratios smaller than 1 decrease the odds of

non-default.

Odds (non —def ault) = =P <1

1-P(Y =1)
P(Y =1)
Odds ratios larger than | increase the odds of non-default.

(12)

Odds (nondef ault) = =e*P <1

Table 3. Manufacturing Sub-Industries

Group Manufacturing Sub-Industries SIC-Code Number of Bank- Number of Healthy Total Number Percentage of Bankrupt
Number rupt Companies Companies of Companies Companies
1 Food and Kindred Products / 2000 - 2210 13 406 419 3.10%
: Tobﬁcco grodu(/:ts |

Textile Mill Products / Appare _
2 and Other Textile Products 2211 —2410 35 250 285 12.28%
3 Lumber and Wood Products / 2411 - 2610 14 162 176 7.95%

Furniture and Fixtures

Paper and Allied Products / _
4 Printing and Publishing 2611 — 2811 19 381 400 4.75%

Chemicals & Allied, Petroleum & _
3 Coal, Rubber & Plastic, Leather, 2812-3510 95 2,080 2,175 4.37%

Stone, Clay & Glass, Primary Metals
& Fabricated Metal Products

Industrial Machinery and Equipment _

6 / Electronic & other Electric 3511 -3710 142 2,624 2,766 5.13%
Equipment
7 Transportation Equipment 3711 — 3811 24 315 339 7.08%
Insm_Jments and Related Prodpcts/ 3812 — 4000 41 1,142 1,183 3.47%
Miscellaneous Manufacturing
Industries

Total 383 7,360 7,743 4.95%

This table presents the manufacturing sub-industry groups with the number of bankrupt companies, number of healthy companies, total number of companies and

percentage of bankrupt companies from the total.
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Table 4. Odds Ratio of Non-Default to Default for Default Models

Ratios Altman Zmijewski Shumway Model-1 Model-2
WCTA 1.05 1.01
p — value 0.00%x 0.59
RET A 1.00 1.00
p — value 0.95 0.74
EBITTA 1.01 1.01
p — value 0.54 0.78
METL 1.00 1.00
p — value 0.063** 0.24
RT A 1.80 1.01
p — value 0.037x 0.92
NITA 1.03 1.00 0.99
p — value 0.018% 0.96 0.92
TLTA 0.99 0.99 0.99
p — value 0.024x 0.16 0.38
CACL 1.02 1.01 1.01
p — value 0.00%x
RSIZE 0.0« 118 1.17 0.00=<
p — value 0.76 0.77
EX RET 2391.77 2301.18 2341.04
p — value 0.00%x 0.00%x 0.00%*
SIGM A 0.53 0.54 0.54
p — value 0.00%x 0.038+x 0.00
changeGDP 1.06 1.06
p — value 0.038+x 0.039%
Number of obs 845552.00 845530.00 837891.00 837870.00 837902.00
LRchi2() 17.87 18.55 459.87 470.25 468.50
P rob > chi2 0.00 0.00 0.00 0.00 0.00
P seudoR2 0.00 0.00 0.16 0.16 0.16

* = significant at 5% level
*x = significant at 10% level

This table reports the odds ratios and p-values estimated with a multi-period logistic regression on Altman[4]s, Zmijewski[6]s accounting variables and Shum-
way[9]s model with accounting and market driven variables for the manufacturing industry (SIC-Codes 2000-4000) compared with our models. We have defined
Model-1 and Model-2, two different models as a combination of various accounting, market and macro-economic variables. The datasets for this estimation are
obtained by COMPUSTAT, CRSP, and BankruptcyData.com for the years 1980 to 2008. GDP is obtained from the Bureau of Economic Analysis.

The results of the multi-period logistic model on the
bankruptcy predictors will be reported in odds of non-default
in Tables 4 and 5.

6. Results

This section analyzes the odds ratio and p-value estimates
for various models (under the ceteris paribus assumption).
First, the validity of previous authors forecasting models is
tested with the database of the manufacturing sector. For this
purpose, Altman[4] s and Zmijewski[6] s accounting va-
riables and Shumway[9] s market variables are used to es-
timate odds ratios and p-values for the manufacturing data-
base for the years 1980 to 2007. In addition, these models are
re-estimated by adding the macroeconomic variable GDP to
each model. Next, the variables which performed best
throughout all models are combined to a new model. Finally,
we estimate odds ratios and p-values for the sub-industries
(listed in Table 3) of the manufacturing industry with the
new model that combines accounting and market-driven
variables and the macroeconomic variable, change in GDP in
order to detect any differences within the sub-industries. For
all models, the Table 4 will present the odds of non-default to
default.

Model with Altman[4] s Accounting Variables

The first column in Table 4 replicate Altman[4] s model

(WCTA, RETA, EBITTA, METL and RTA) with the data on
the manufacturing industry with SIC-Codes 2000 to 4000 for
the years 1980 to 2007. The WCTA is significant at any
significance level and the odds of non-default increases by
5% for a one unit increase of WCTA. A one unit increase in
METL increases the odds of non-default by .04%. Finally,
the odds of non-default increases by 80% for a one unit
increase in RTA. This ratio is significant at the 5% signi-
ficance level. The ratios RETA and EBITTA are not signif-
icant in forecasting bankruptcy.

The odds ratios reported show that a higher liquidity
(WCTA) and higher asset turnover ratios (RTA) increase the
odds of non-default which translates into decreasing chance
of bankruptcy. The odds of non-default increases also for
companies with high market capitalization and low total
liabilities.

Model with Zmijewski[6] s Accounting Variables

Zmijewski[6] s model is replicated in the second columns
of Table 4. The odds of non-default increases by almost 3%
for a 1 unit increase of NITA. This ratio is significant at the
5% level. A one unit increase in TLTA increases the odds of
default by 0.8% and is also significant at the 5% level. The
last ratio of Zmijewski[6] s model is the liquidity ratio
CACL. For a one unit increase in CACL, the odds of
non-default increases by 1.5%. This ratio is significant at
any significance level.
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Zmijewski[ 6] s variables are all significant in forecast-
ing bankruptcy. Higher re- turn on assets (NITA) and
higher liquidity (CACL) decrease the risk of bankruptcy,
while higher leverage (TLTA) increases the chance of
bankruptcy.

Model with Shumway[9] s Market-Driven Variables

The third column of Table 4 presents the market-driven
variables RSIZE, EXRET, and SIGMA and the accounting
variables NITA and TLTA for the manufacturing industry
from 1980 to 2007. The market variable EXRET is sta-
tistically significant at any significance level, the odds of
default to non-default is almost zero for a one unit increase
in EXRET. SIGMA, the volatility indicator increases the
odds of default by 87% for a one unit increase in the
standard deviation of the returns. RSIZE turns out to be
insignificant for predicting bankruptcy.

Two of the three market variables turn out to be statisti-
cally significant in forecasting bankruptcy. While higher
volatility increases the probability of bankruptcy, the risk of
bankruptcy is lower for companies with returns that are
higher than the S&P 500 return.

The combination of accounting variables with market va-
riables results in the insignificance of NITA and TLTA
which were significant in the previous models. Accounting
variables lose predicting power when market-driven va-
riables are added to the regression.

Model 1 - Model with all accounting and market-driven
variables and GDP

All accounting variables (WCTA, RETA, EBITTA,
METL, RTA, NITA, TLTA, and CACL) and market-driven
variables (RSIZE, EXRET, and SIGMA) from the previous
models and the change in GDP are combined in the model
presented in Table 4 (called Model 1). This combined mod-
el performs well with a Pseudo R- square of 0.1590. How-
ever, Table 4 shows that all accounting variables, except of
CACL loose significance when combined with market and
macroeconomic variables. The liquidity ratio CACL is sig-
nificant at any significance level and increases the odds of
non-default by 1.4% for a one unit increase in the CACL
ratio. The market variable RSIZE is insignificant in fore-
casting bankruptcy like in all previous models. EXRET
turns out to be significant again in this model. The odds of
default to non-default is almost zero for a one unit increase
in EXRET. The last two variables SIGMA and GDP are
both significant at the 5% level. A one unit increase in
SIGMA increases the odds of default by 86%. The macroe-
conomic variable changeGDP performs also very well in
forecasting bankruptcy in this model. A 1% increase in
GDP increases the odds of non-default by 6%.

In this combined model, higher liquidity, higher returns,
and increasing GDP decrease the chance of bankruptcy,
while higher volatilities in returns increase the chance of
default.

Model 2 - Model with CACL, EXRET, SIGMA and GDP

The last model in Table 4 (called Model 2) combines
those variables which performed best throughout all pre-
vious models to a new model containing CACL, EXRET,

SIGMA and changeGDP. The Pseudo R-square is equal to
0.1584, which is very close to the Pseudo R-square of Mod-
el 1 that combined all accounting, market and macroeco-
nomic variables. The p-values in Table 4 show that all va-
riables enter the model as significant bankruptcy predictors.
The liquidity ratio CACL increases the odds of non-default
by 1.4% for a one unit increase in CACL. The odds of de-
fault to non-default for EXRET is almost zero for a one unit
increase in EXRET. The third variable SIGMA increases
the odds of default by 86% for a one unit increase in the
standard deviation of the returns. The change in GDP in-
creases the odds of non-default by 6 % for a 1% increase in
GDP.

Higher liquidity, higher excess returns and increasing
GDP decrease also in this model the chance of default. In
contrast, increasing standard deviations of returns increase
the default probability. The Pseudo R-square of Model 2 is
0.1584, which is very close to the Pseudo R-square of Mod-
el 1 (0.1590) with all accounting, market-driven and ma-
croeconomic variables although it includes only one ac-
counting variable (CACL). Since Model 2 is almost as po-
werful as Model 1 with almost equal Pseudo R-squares, we
will use this model to analyze the sub-industries in the
manufacturing industry.

Model with Accounting and Market variables and GDP
for Manufacturing Sub- Industries

The manufacturing sub-industries are divided into eight
groups presented in Table 3. Because of the significance
throughout all estimated models CACL, EXRET, SIGMA
and changeGDP are used to analyze the manufacturing
sub-industries. Table 5 presents the results for the
sub-industries. These results show in some cases major dif-
ferences to the estimation on the whole manufacturing in-
dustry in Table 4 where all variables turned out to be sig-
nificant.

Group #1: Food and Kindred Products / Tobacco Prod-
ucts

The first two columns of the first part of Table 5 present
the results for group 1. The market driven variable EXRET
performs well in the sub-industry 1 as well as in the regres-
sion on the whole manufacturing industry. It is significant
on the 5% level and the odd of default to non-default is al-
most zero for a one unit increase in EXRET. The second
market variable SIGMA is significant at the 10% signific-
ance level and the odds of default is 30.8 times higher than
the odds of non-default for a one unit increase in SIGMA.
The macroeconomic variable changeGDP and CACL do not
perform very well in the food and tobacco industry and are
statistically insignificant in predicting bankruptcy.

Group # 2: Textile Mill Products / Apparel and other
Textile products

The liquidity indicator CACL turns out to be a good pre-
dictor of bankruptcy in this sub-industry. This variable is
significant at the 5% level and the odds of non-default is 2.2
times higher than the odds of default. EXRET turns out to
be also a good failure predictor for the sub-industry 2. This
indicator is significant at any significance level and the



36 Zeynep Topaloglu: A Multi-period Logistic Model of Bankruptcies in the Manufacturing Industry

odds of default to non-default is almost zero for a one unit
increase in EXRET. In contrast to sub-industry 1, SIGMA
is insignificant and does not perform well in bankruptcy
prediction. The change in GDP turns out to be insignificant
for this group as well.

Group # 3: Lumber and Wood Products / Furniture and
Fixtures

EXRET continuous to perform as a good forecasting in-
dicator in group 3, it is significant at any level and the odds
of default to non-default is close to zero for a one unit in-
crease of EXRET. The variables SIGMA, CACL, and
changeGDP are statistically insignificant in forecasting
bankruptcy for group 3.

Group # 4: Paper and Allied Products / Printing and
Publishing

The model does not perform very well in predicting
bankruptcy for group 4. All four variables are insignificant
in predicting failure probability.

Group # 5: Chemicals and Allied Products - Fabricated
Metal Products

The second part of Table 5 shows that two of the four
bankruptcy indicators turn out to be significant in predicting
bankruptcy for sub-industry 5. A one unit increase in li-
quidity increases the odds of non-default by 1.3%. Excess
returns turn out to be a significant predictor as well. The
odds default to non-default for this variable is close to zero
for a one unit increase in EXRET. The last two variables
SIGMA and change in GDP are statistically not significant

in predicting bankruptcy for this sub group of the manufac-
turing industry.

Group # 6: Industrial Machinery and Equipment / Elec-
tronic & other Electric Equipment

The bankruptcy prediction model performs best in fore-
casting failure in sub- industry 6. EXRET performs here as
well as in the previous sub-industries. SIGMA, the volatility
indicator is significant and the odds of default is 3.1 times
higher than the odds of non-default for a one unit increase
in SIGMA. The macroeconomic variable turns out to be a
good forecasting indicator for sub-industry 6. A 1% in-
crease in the change of GDP increases the odds of
non-default by 12%. The only variable which is not signifi-
cant is the liquidity indicator CACL. The significance of
GDP in forecasting bankruptcy in the industrial machinery
and equipment sub-industry is due to the fact that the de-
mand for new machinery and equipment decreases in times
of economic distress and decreasing GDP. Companies tend
to reduce investments in new machinery and equipment
during times of recession or negative future prospects. The
reduced demand for industrial machinery might cause in-
creasing bankruptcies in this sub-industry. However, not
only companies cut back during times of distress, house-
holds reduce their demand as well. The tendency of house-
holds to reduce purchases of electronic devises and equip-
ment during economic downturns might causes failure in
the electronic and electronic equipment industry.

Table 5. Model-2 on Sub-Industries of the Manufacturing Industry

Group 1 Group 2 Group 3 Group 4
Odds Odds Odds Odds Odds Odds Odds Odds
Ratios of D of ND of D of ND of D of ND of D of ND
to ND toD to ND toD to ND toD to ND toD
CACL 1.28 2.24 1.28 1.01
p — value 0.73 0.028+ 0.6 0.96
EXRET 1125.61 6635.58 24398.33 1.44
p — value 0.013% 0 0 0.88
SIGM A 30.81 11.21 8.74 4.59
p — value 0.065** 0.34 0.25 0.38
changeGDP 1.14 1.03 1.2 1.09
p — value 0.6 0.8 0.37 0.54
Number of obs 46163 29630 20127 49138
LRchi2(4) 8.67 59.89 27.12 0.84
P rob > chi2 0.07 0 0 0.93
P seudoR2 0.2 0.28 0.46 0.01
Group 5 Group 6 Group 7 Group 8
Odds Odds Odds Odds Odds Odds Odds Odds
Ratios of D of ND of D of ND of D of ND of D of ND
to ND toD to ND toD to ND toD to ND toD
CACL 1.01 1.06 1.01 1.06
p — value 0.01 0.23 0.01 0.23
EXRET 1039.07 1731.1 1039.07 1731.1
p — value 0 0 0 0
SIGM A 1.54 3.1 1.54 3.1
p — value 0.17 0 0.17 0
changeGDP 1.01 1.12 1.01 1.12
p — value 0.89 0.01 0.89 0.01
Number of obs 240109 291469 41769 119497
LRchi2(4) 102.8 214.54 32.87 62.28
P rob > chi2 0 0 0 0
P seudoR2 0.11 0.18 0.28 0.28

*= significant at 5% level
**= significant at 10% level

D = Default, ND= Non-Default

Theses tables report the estimates for the manufacturing sub-industries. Model-2 is a multi-period logistic model on variables CACL, EXRET, SIGMA and chan-
geGDP. The description of the groups are reported in Table 3. The datasets for this estimation are obtained by COMPUSTAT, CRSP, and BankruptcyData.com for

the years 1980 to 2008. GDP is obtained from the Bureau of Economic Analysis.
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Group # 7: Transportation Equipment

In the transportation industry only EXRET turns out to be
a good failure predictor. For a one unit increase in EXRET
the odds of failure to non-failure is close to zero. CACL,
SIGMA and changeGDP are insignificant in predicting
bankruptcy.

Group # 8: Instruments and Related Products / Miscel-
laneous Manufacturing Industries

The results of the last sub-group in Table 5 are similar to
the result of the transportation industry. Only EXRET is a
good predictor for failure. It decreases the bankruptcy
probability with increasing returns.

7. Conclusions

The results in this paper show that the accounting va-
riables developed by authors like Altman[4] and Zmijews-
ki[6] loose significance when they are combined with mar-
ket-driven variables and macroeconomic variables. The
only accounting variable that turns out to be significant
throughout all models and combinations in Table 4 is the
liquidity ratio current assets to current liability. Two of the
three market driven variables (EXRET and SIGMA) per-
form also very well in predicting bankruptcy throughout all
models in Tables 4. The macroeconomic factor GDP which
is introduced in this paper as a new forecasting variable
turns out to be a significant indicator for bankruptcy predic-
tion. The results show that increasing GDP reduces the risk
of bankruptcy.

The results of the manufacturing sub-industries are dif-
ferent for each sub-industry. The combination of one ac-
counting factor (CACL), two market factors (EXRET and
SIGMA), and one macroeconomic factor (changeGDP)
performs well in some sub- industries and poor in other
sub-industries. EXRET performs well in almost all
sub-industries. It is a significant bankruptcy forecaster and
decreases the odds of bankruptcy with increasing returns.
Although the variable GDP is significant in only one of the
sub-industries, it is a significant bankruptcy predictor in the
whole manufacturing industry and helps in the prediction of
bankruptcy.
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