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Corporate Bankruptcy Prediction Using 
Neural Network

Prediction of corporate bankruptcy is one of the most well researched topics in finance as various 
stakeholders have an interest in monitoring the firm's performance. In the present article, the 
author duo intends to explore the development of bankruptcy prediction models using the neural 
networks for the Indian listed companies. The performance of various models has then been 
compared with two existing bankruptcy prediction models: Altman’s Z-Score model (1968) and 
Ohlson’s O-Score model (1980). The authors have deduced that the results indicate that neural 
network based model is more accurate in the prediction of corporate bankruptcy compared to the 
other two models, namely Altman’s (1968) and Ohlson’s (1980) models. Read on…
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1. Introduction 
Bankruptcy prediction models enable us, within 
certain boundaries, to establish what the future may 
have in store for a company, and by doing so determine 
the risk of doing business with that company. A 
correct and early identification of bankruptcy event 
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Ohlson (1980) used the logistic regression to predict 
bankruptcy. The data used in Ohlson’s study was 

from the 1970s (1970-1976). Final sample consisted 
of 105 bankrupt firms and 2,058 non-bankrupt firms 

of the US. The data for bankrupt and non-bankrupt 
firms was obtained from the financial statements as 

reported at the time.

is of particular importance to investors, creditors and 
auditors, including the management. Bankruptcy 
prediction models can help the lending institutions 
in both deciding whether to grant a loan and devising 
policies to monitor an existing loan. These can also 
be useful for auditors in making a going-concern 
judgment and for the government institutions, 
which are responsible for maintaining the stability of 
financial markets and general economic prosperity. 

Prediction of corporate bankruptcy has long 
been an issue of practical and academic interest. A 
number of researchers have attempted to construct 
statistical models to predict the potential bankruptcy 
of corporate firms. Data used for the prediction is 
usually gathered from publicly available financial 
information. Statistical technique used extensively 
in the earlier studies is discriminant analysis. Beaver 
(1966) first used such analysis to predict corporate 
bankruptcy by examining individual financial ratios. 
Later Altman (1968) employed multiple discriminant 
analysis to distinguish between bankrupt and non-
bankrupt companies based on a set of predesignated 
variables. A different statistical approach is Logistic 
regression which was initially used in bankruptcy 
prediction by Ohlson (1980). Ohlson’s model 
estimates the probability of bankruptcy occurring 
based on a set of predesignated variables. 

Significant progress has been made in recent 
years in the areas of mathematical-statistics and 
modeling procedures. Findings of the research into 
artificial intelligence have posed serious challenges 
to practitioners of mathematical-statistical methods. 
Worldwide artificial neural networks started to gain 
acceptance after the turn of the millennium both 
in professional literature and in practice and more 
and more prediction and decision-making modeling 
problems have recently been solved successfully 
using such methods. These predictions have found 
their way to bankruptcy prediction as well. In recent 
years, a number of researchers have begun to apply 
the neural network approach for the prediction of 
bankruptcy as they have produced promising results 

in prediction of bankruptcy (Ugurlu and Aksoy, 
2006). Neural network was first used for bankruptcy 
prediction by Odom and Sharda (1990). 

The objective of this study is to develop bankruptcy 
prediction model using neural network for the Indian 
companies and compare its performance with the 
Altman’s (1968) and Ohlson’s (1980) models. 

2. Altman’s Z Score model
Altman (1968) developed a bankruptcy prediction 
model using multiple discriminant analysis. In 
constructing his model, Altman used a paired 
sample consisting of thirty-three bankrupt and non-
bankrupt US firms over the period 1946-65.
The estimated discriminant function was
Z = 0.012X1 + 0.014X2 + 0.033X3 + 0.006X4 + 0.999X5
(With the exception of X5 all ratios are being 
measured in percentages.)
where,
X1 = net working capital/total assets
X2 = retained earnings/total assets 
X3 = earnings before interest and taxes/total assets 
X4= market value of equity/book value of total 
liabilities 
X5 = sales/total assets.

In the Altman’s model, if by entering the calculated 
variables of a specific company the Z score figure is > 
2.675, the company is classified as non-bankrupt and 
if the Z score figure < 2.675, the company is classified 
as bankrupt. Using this Z score as a cut-off value for 
the classifying firms as bankrupt and non-bankrupt, 
Altman reported an overall accuracy rate of 95.45 
per cent one year prior to bankruptcy.

3. Ohlson’s Probabilistic Model 
Ohlson (1980) used the logistic regression to predict 
bankruptcy. The data used in Ohlson’s study was 
from the 1970s (1970-1976). Final sample consisted 
of 105 bankrupt firms and 2,058 non-bankrupt firms 
of the US. The data for bankrupt and non-bankrupt 
firms was obtained from the financial statements as 
reported at the time. A sample of 2,058 non-bankrupt 
firms was chosen so as to be more representative of 
the proportion of bankrupt and non-bankrupt firms 
occurring naturally in the economy. 
Ohlson used nine ratios to develop the model. They 
are:
X6 = log (total assets/GNP price level index). The 
index assumes a base value of 100 for 1968. Total 
assets are as reported in dollars.
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X7 = total liabilities/total assets.
X1 = working capital/total assets.
X8 = current liabilities/current assets.
X9 = one if total liabilities exceeds total assets, zero 
otherwise.
X10 = net income/total assets.
X11 = funds provided by operations/total liabilities.
X12 = one if net income was negative for the last two 
years, zero otherwise.
X13 = (NIt – NIt-1)/ (|NIt|+|NIt-1|), where NIt is net 
income for the most recent period. 

Using these predictors, the following model was 
developed:
O Score = -1.32 - 0.407X6 + 6.03X7 - 1.43X1 + 0.0757X8 
- 1.72X9 - 2.37X10 - 1.83X11 + 0.285X12 - 0.521X13

The O Score obtained from the model is 
transformed into a probability using the logistic 
transformation P = 1

1+e-oscore  

In Ohlson’s model, the cutoff point which 
minimises the errors is 0.038. Using the cutoff point 
of 0.038, Ohlson finds that 17.40 percent of the 2, 
058 non-bankrupt firms and 12.38 percent of the 
105 bankrupt firms are misclassified. The overall 
accuracy rate was 82.85 per cent.

4. Neural Networks
Neural networks are inspired by neurobiological 
systems. Robert Hecht-Nielsen, the inventor of one 
of the earliest neurocomputers, defines a neural 
network as a computing system made up of a number 
of simple, highly interconnected processing elements 
which process information by their dynamic 
state responses to external inputs (Caudill, 1989). 
Although the foundation for neural networks was 
laid as early as in 1943 (McCulloch and Pitts, 1943), 
it wasn’t until 1986 (Rumelhat and McClelland, 
1986) that applications to practical problems 
became possible. During this period, the close links 
between neural networks models and the concepts 
of conventional statistical pattern recognition were 
clarified, leading to a stronger theoretical foundation 
for neural network algorithms, as well as to more 
effective practical explorations. 

5. Data
Bankrupt companies in this study are defined as 
the companies which are delisted from the Bombay 
Stock Exchange or the National Stock Exchange and 
whose latest net worth and the net worth prior to 

the year of delisting is negative. For the bankrupt 
companies, the year of bankruptcy will be the year in 
which its net worth became negative. For example, 
if a company is delisted in the year 2002 and its net 
worth has become negative in the year 1995, the year 
1995 has been considered as the year of bankruptcy 
and the data for the year 1994 has been considered 
for the purpose of developing the model. Financial 
institutions, delisted companies merged with other 
companies and companies for whom at least three 
years full financial statements prior to the year of 
bankruptcy were not available are excluded from this 
study.

The data for this study is obtained from the 
Prowess database of Centre for Monitoring Indian 
Economy one year prior to the year in which 
the company has become bankrupt. Economic 
liberalisation in India started in the year 1991 and 
after that, major structural changes took place in the 
Indian economy. So the period considered in this 
study spans from 1991 to 2014. Application of the 
above mentioned bankruptcy definition in this period 
resulted in a sample of 72 bankrupt companies. 
Similar to the Altman’s (1968) procedure, we chose 
a twin company that did not go bankrupt from the 
same industry and approximately matched for asset 
size prior to the year of bankruptcy. Thus, the total 
sample consisted of 144 companies. 

The most common procedure for developing a 
model is to develop it on one group and test it on a 
second group. So the sample of companies is divided 
randomly into two sub-samples, an analysis sample 
for estimation of the model and a holdout sample for 
validation purposes. In this study, bankrupt firms 
with their matched non-bankrupt firms are randomly 
assigned to the two samples so that the analysis 
sample contains 50 bankrupt and 50 non-bankrupt 
companies and the holdout sample contains 22 
bankrupt and 22 non-bankrupt companies.

Like previous researchers who have used 
financial accounting ratios in their empirical studies 

Bankrupt companies in this study are defined as 
the companies which are delisted from the Bombay 
Stock Exchange or the National Stock Exchange and 

whose latest net worth and the net worth prior to 
the year of delisting is negative. For the bankrupt 

companies, the year of bankruptcy will be the year in 
which its net worth became negative.
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Bankruptcy prediction models can be a useful tool to 
the management in monitoring the performance of 
the company and drawing attention to the problem 
areas. A chart of probability of bankruptcy risk over 

the years would increase the usefulness of financial 
statements to the management and will help in more 

precise analysis and interpretation of the financial 
statements.

of bankruptcy prediction, this study also employs 
financial ratios for development of neural network 
bankruptcy prediction model. In this study, 13 
financial ratios used by Altman and Ohlson are 
employed. 

6. Empirical Results
The purpose of this study is to construct bankruptcy 
prediction model using the neural network and 
compare its performance with the Altman’s (1968) 
and Ohlson’s (1980) models. This section presents 
the estimation results of the neural network, 
Altman’s and Ohlson’s models.

Table 1 Classification Results–Neural Networks 
Predicted Percent 

CorrectNon-
Bankrupt

Bankrupt

Observed Non- 
Bankrupt

17 5 77.27

Bankrupt 3 19 86.36
Overall Percent 
Correct

81.82

The results obtained by using neural network on 
the holdout sample are presented in Table 1. The 
neural network model correctly classified 77.27 per 
cent of the non-bankrupt and 86.36 per cent of the 
bankrupt companies. The overall accuracy rate is 
81.83 per cent.

Table 2 Classification Results–Altman (1968) 
Model 

Predicted Percent 
CorrectNon-

Bankrupt
Bankrupt

Observed Non- 
Bankrupt

8 14 36.36

Bankrupt 2 20 90.91
Overall Percent 
Correct

        
63.64

Results obtained by applying the Altman’s (1968) 
model on the sample of Indian companies are 

presented in Table 2. The overall accuracy rate of the 
model is 63.64 per cent. Altman (1968) had reported 
an overall accuracy rate of 95.45 per cent one year 
prior to bankruptcy. Thus, there is a decrease in 
overall accuracy rate when the Altman’s original 
model is used on data from Indian companies.

Table 3 Classification Results–Ohlson (1980) 
Model 

Predicted Percent 
CorrectNon-

Bankrupt
Bankrupt

Observed Non- 
Bankrupt

7 15 31.82

Bankrupt 1 21 95.45
Overall Percent 
Correct

  63.64

The results obtained by applying the Ohlson’s 
(1980) model on the sample of Indian companies 
are presented in Table 3. Overall accuracy rate of the 
model is 63.64. The results in Table 3 are similar to 
Table 2 when Altman’s model is applied to sample 
of Indian companies. From the above tables, we can 
conclude that neural network based model is the 
most reliable for predicting bankruptcy of Indian 
companies.

7. Application of Neural Network 
Bankruptcy Prediction Model.
Results in the previous section indicate that neural 
network technique can be used for prediction of 
corporate bankruptcy. In this section, the benefits 
of neural network bankruptcy prediction model to 
Management, Lenders and Auditors is discussed.
Management: Bankruptcy prediction models can 
be a useful tool to the management in monitoring 
the performance of the company and drawing 
attention to the problem areas. A chart of probability 
of bankruptcy risk over the years would increase 
the usefulness of financial statements to the 
management and will help in more precise analysis 
and interpretation of the financial statements. It 
would provide management with early warning 
signals of deterioration in financial standing and 
would yield more prompt information on the actions 
necessary to reduce the level of risk. This would 
lead to a decrease in the cases of bankruptcy with 
financial, social and economic benefits.
Lenders: One of the major problems faced by the 
banking sector is non-performing assets (NPAs). 
NPAs have an adverse impact on the banks 
profitability and also lead to unwarranted attention 
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from government regulators. NPAs also have an 
adverse impact on the nation’s economy. Neural 
networks can help bankers to reduce their NPAs 
as they can use it to identify the probability of a 
particular customer defaulting on loan. They can 
use the existing database of customers to create and 
validate the model. The model can then be used to 
classify the prospective customers to check whether 
they will default on loan payment or not. For example, 
Moody’s Public Firm Risk Model is based on neural 
networks as the main technology (Atiya 2001).
Auditors: Financial statements of companies 
are prepared assuming that a business entity will 
continue to operate in the foreseeable future without 
the need or intention on the part of management 
to liquidate the entity or to significantly curtail its 
operational activities. The auditors of companies 
have a responsibility to evaluate whether there is 
substantial doubt about the entity's ability to continue 
as a going concern for a reasonable period of time. 
The auditors consider factors such as operating 
losses, loan default, denial of credit from customers 
and legal proceedings in deciding whether there is a 
substantial doubt about an entity’s ability to continue 
as a going concern. Neural network bankruptcy 
prediction models can be a useful aid to auditors in 
making the going concern judgment.

Kingfisher Airlines was launched in May 2005 
and was a major player in India’s domestic air travel 
market. Today, it is one of the biggest defaulters of 
bank loan in India and owes about Rs. 7,000 crore 
to various banks. While auditing the accounts of 
Kingfisher Airlines Ltd. for the year 2009-10, the 
auditors for the first time had raised doubts about 
the company’s ability to continue as going concern. 

However, when the neural network model was 
applied to Kingfisher Airlines from the year 2005-06 
to 2012-13, in all the years the company was classified 
as bankrupt by the model. Results are presented in 
Table 4. Thus, the neural network models can help 
auditors in forming an opinion about going concern 
assumption.

Table 4 Classification Results of Kingfisher 
Airlines - Neural Network 
Year Predicted Probability of Bankruptcy
2005-2006 Bankrupt 0.893
2006-2007 Bankrupt 0.808
2007-2008 Bankrupt 0.847
2008-2009 Bankrupt 0.707
2009-2010 Bankrupt 0.890
2010-2011 Bankrupt 0.873
2011-2012 Bankrupt 0.882
2012-2013 Bankrupt 0.892

8. Conclusion 
The subject of bankruptcy is an important issue in 
the financial and managerial decision making of 
investors, managers, auditors and other finance 
personnel. In this study, bankruptcy prediction 
model is developed using neural network and its 
performance is compared with the Altman’s (1968) 
and the Ohlson’s (1980) models. Data set employed 
in this study consisted of 72 matched pairs of 
bankrupt and non-bankrupt firms and it used 13 
financial ratios used in the Altman and Ohlson 
studies. Accuracy rates for the neural network, 
Altman and Ohlson’s model are 81.82 per cent, 63.64 
per cent and 63.64 per cent respectively. 

The results of this study indicate that compared 
to Altman (1968) and Ohlson (1980) model, neural 
network based model is clearly more accurate in the 
bankruptcy prediction of Indian companies. Thus 
due to its comparative advantage, neural network 
modeling should be in the forefront of professional 
attention so as to be used as successfully as 
possible in the bankruptcy prediction of Indian 
companies. Neural networks would be a useful 
tool to policymakers, researchers, management, 
shareholders and others interested in early warning 
system for bankruptcy prediction. It can be of help 
to auditors of company in forming an opinion about 
the going concern assumption. Lenders can also refer 
neural network models before deciding whether to 
provide funds to a company or not. 
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