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Preface

                       Today’s business process has integrated various economies and their financial sectors altogether. While this has yielded great dividends to the business on one hand it has also made the financial system, especially the banks, more vulnerable and prone to unforeseen crisis. Often the chances of a Bank failure are self-fuelling even when there may not be any fundamental rationale behind it. The instantaneous nature of crisis due to bank failure further aggravates the situation and makes the market suffer heavy losses.  

                        Therefore an early warning of Bank failure would come very handy and useful tool both for government and the market players. It would give some time for market players to form rational expectations and adjust accordingly. It would also be very useful for investors and consultancy firms in financial markets to take an optimal decision for maximizing the returns and reducing the risk. It will also help in development and strengthening the markets as more and more people would be encouraged to participate in the financial and capital markets due to reduced risk and enhanced confidence. 

                           Early warning based on forecasts using Regression approach give accurate picture to the policy makers well in time to take corrective measures to save the economy from crisis. International capital flows would be less destabilizing in presence of a sound financial system equipped with an early warning system, which is accurate. It will also facilitate early information to banks themselves enabling them to avoid the otherwise imminent crisis. 
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                  Different Methods To Predict Bank-Failures

It’s Strength & Weakness

[1]

Introduction:

                     Often the failure of a bank can be avoided by early detection of trouble status of a banks and subsequent intervention by regulatory authorities. Key to this effort is the identification of bank potential for failure. It is commonly thought that just as banks and other lending institutions examine the financial statements of prospective borrowers, the financial statement of bank themselves can be analyzed to assess the risk of bank failure. 

                    A bank fails if its net worth becomes negative or it is unable to continue its operations without incurring continuous losses. Adequate capital, asset quality, efficient management, adequate earnings and safe liquidity margin have to be always maintained by a bank to keep it functioning well. Inability in maintaining one or more of these crucial variables might result in failure.

            
Net worth of the bank = Total assets  – Total liabilities

     i.e. bank asset should be greater than liquidities for the net worth to be positive.

      If not then bank is likely to fail.


There should be a balance maintained between liquidity and earnings of bank. If it is unbalanced then there is chance of bank failure. Liquidity and earning are two conflicting and competing parameters. 

   Liquidity :  Amount of cash in bank or other liquid assets.

   Earnings : The amount earned by bank by extending loan to others and by 

                    other service charges

                                 So the objective of this study is to construct an early warning model expressing the probability of future failure as a function of variables obtained from the current period balance sheet, balance sheet of past few years and income statement.

             There are various approaches to the construction of an early warning model and it is useful to compare them in the context of the question of just what constitutes a bank failure. An early warning model is simply an established procedure to classifying banks into two groups:

Likely to fail

Not likely to fail

[2]

Numerous models have been employed to predict bank-failures, which are typically formulated as –

       A classification problem in a multi dimensional space defined by a set of financial ratios. They differ in their assumptions about the form of discriminant function and sample  distributions. Following ratio scheme is generally used by all US bank regulatory agencies for rating scheme.

Ratio scheme  :  CAMEL ( Capital , Asset , Management , Equity and Liquidity )

We can classify all these methods in two parts : 

1. Statistical Methods : 

· Multivariate Discriminant Analysis

· Multivariate Probit or Logit Analysis

· Factor-logistic Analysis

· Poisson Variates

2. Machine Learning Methods : 

· ID3 Algorithm

· Neural Network

Model Comparisons are evaluated on four dimensions: 

           1. Robustness: Ability to deal with noises and non–normality distribution of                                           

                 Sample data.

2. Predictive Accuracy: Ability to correctly classify banks into failed and non-

                                    failed banks.

   3. Adaptability : Ability to incorporate new observations by adjusting the model  

                           in an incremental fashion i.e. it can accommodate new variables       

                           into model .

3. Explanatory Capability:  Ability to provide some explanations which relate 

                           independent variables (e.g. financial ratios of a bank) to the

                           dependent variables( failures and non-failures).

[3]

Multidimensional  Discriminant  Analysis : 

Originally, It was suggested by Altman in ‘Financial ratios, DA and prediction of corporate bankruptcy (1968)’ as a tool to predict corporate failures , but later used for different failure predictions.

Description :   

                     Constructed by using Fisher  procedure ( as in ‘The use of multiple measurement in Taxonomic problems (1936)’ ) of maximizing the ratios ( different financial ratios of bank announcements )  of between-groups and within-groups variances. But, Fisher procedures has some conditions to be satisfied for classification of groups : - 

1. each group follows a multivariate normal distribution.

2. the covariance matrices of each group are the same.
3. the mean vectors, the covariance matrices, the prior probabilities, and the cost of misclassification of each groups are known.      

Let us suppose a case of  binary classifications ( where we have two groups ).

Its discriminant function can be –

           D(X) = X′ ∑ ˉ¹ (μ1 – μ2) - 
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Where,

      μ1 and μ2 are group means.

      ∑ ˉ¹ is inverse of the common covariance matrix.

Now, we need a decision rule to classify groups either in group 1 or group 2.

It is defined as –

             Classify X to  :     Group 1 ,  if  D(X) ≥ ln (
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                                           Group 2 , otherwise.

Where ,

      C21  and C12  :  Costs of misclassification.

      π1 and  π2    :  Prior probability of each group.

The  Model used is a linear function which relates a set of independent variables ( financial ratios) to scoring variables. It actually represents a hyper plane dividing the variable span into two partitions.

Strengths: 

1. Linear DF offers least expected misclassification cost if normality and equal dispersion assumptions are satisfied.

2. Easy to use if its assumptions are satisfied . 

[4]

Weakness : 

1. It is common those individual variables are not univariate normally distributed. A study by Deakin in ‘Distrubution of financial accounting ratios : some empirical evidence (1976)’ suggested that financial ratios are not normally distributed but are positively skewed ( i.e. clustered more to left of the mean ).Thus, violating normality condition may lead  to biased  results, thus limiting the usefulness of the model.

2. If equal covariance matrices assumption is violated then quadratic function should be employed instead of linear function.

As assumptions of DA are very often violated in real-life data ,it has following problems in the use of DA in classification as suggested by Altman, Avery, Sinkey in ‘ Application of classification Technique in business, banking finance’:

1. Relative significance of individual variables : If  there exist some covariances between the variables then this will violate the basic assumption , effect the final result).

2. Reduction of dimensionality As DA uses classification of variables into groups, it reduces the dimension of whole model.    

3. Elimination of insignificant variables : Since whole idea of  DA is based on some assumptions, it becomes very difficult to decide which variable is significant and which is insignificant and that results in elimination problem of insignificant variables.

4. Existence of time series relationships : DA doesn’t  provide any idea to check the time-series relationship in the given data.

[5]

Factor – Logistic  :

Since DA method requires some assumptions to be satisfied, so to avoid such problems  Logit analysis is suggested by McFadden  in ‘ A comment on DA v/s logit analysis (1976)’ and  Martin in ‘ Early warning of bank-failure, a logit regression approach (1977)’.
Descriptions : 

       It has two changes in its method regarding to DA method :

1. No requirement of assumption of normality or  equal dispersion (i.e. remove the basic assumption of same covariance matrix of each group) .

2. A non-linear logistic function is used of form : 

                    Y = 
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where, 

            Xi   : ith financial ratio.

            ci  : Coefficient of the ith ratio

            Y : an index indicating the likelihood of bankruptcy (i.e. Probability of              

                  bank-failures).

And 

       1 ≤ i ≤  n         and        0 ≤ Y ≤  1         

West in ‘A factor-analytic approach to bank condition (1985)’ extended the logistic approach with augmenting it with factor analysis.

The Model is constructed in two stages:

         Stage 1 :  factor Analysis of the observations to identify important “factors” that influence the financial condition of a bank.

         Stage 2 :  Instead of using financial ratios directly, each  observation is described by its factor scores.

                 Now, the transformed  observations are then used to estimate the coeff. Of the logit model. So, now normal logit model is changed into factor-logit model where y is a function of factor score of Xi i.e. now Model will be like :  

                    Y = 
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where, 

                        Fi  :  Score of the ith factor of a bank.

[6]

Strengths : 

            1. No assumptions are required.

            2. Harrell and Lee ( in ‘A comparison of the discrimination of DA of logistic 

regression under multivariate normality (1985)’ ) contended that even when all assumptions of DA hold, logistic regression is as efficient as DA.

Weakness : 

1. It still requires a functional form of  Model.

K  Nearest  Neighbour (kNN) : 

      It is a non-parametric method and is used when groups have non-normal distributions. It has another specific property that it can be used in multi modal distributed class. 

Description : 

             Its classification method decided by the previously assigned groups of its first k nearest neighbour i.e. a observation will go to a particular group is decided by looking on its distance from its neighbours and it is assigned the same group which its k nearest neighbours belong to.

         The distance between any two observations can be defined by 

                   d(x,y) = 
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         Where ,

                      COV ˉ¹ : inverse of the pooled covariance matrix. 

Strengths : 

1. It’s a non parametric approach.

2. It is used when groups are non-normaly distributed i.e. where observations of same group form clusters in the variable space ( i.e. multi-modal distributions).

3. It is applicable under less restrictive assumptions of population distributions.

4. It requires neither normality assumptions nor the functional form of the model. 

     Weakness :           
1. It again designed for a particular kind of population distribution ( multi model distribution).

2. Group assignment of an observations based on its k-nearest neighbours which put another restriction on the model classification. 

[7]

Classification Tree (ID3) : 

Messier and Hansen (in ‘ Inducing rules for expert system development : An example using default and bankruptcy data (1988)’ ) suggested a machine learning technique to deal with category variables which instead of  generating a decision rule in the form of discriminant function , creates a classification tree that best discriminates the original sample data.

Description : 

            It employs a non-backtracking splitting procedure ( it intends to maximize the entropy of split subsets) that recursively partitions a set of observations into disjoint subsets.

Neural Network : 

As we have discussed so many statistical methods ( linear and quadratic DA models which uses assumed normally distributed population abd some distribution-free technique such as factor-logistic and kNN ) and some machine learning technique ( Neural Network and ID3 ).

But, Neural Network has some specific properties which makes it more useful and reliable in predicting Bank-Failures. 

These properties are the following : 

1. The approach doesn’t need any assumption of normally distributed data.

2. It is capable of dealing with noise associated with the data.

3. A continuous scoring system is provided to compare observations within same group.

4. It is enable to be updated, as new observations are available.

5. The adverse effects of within-group clusters on predictive accuracy can be reduced.

[8]

Comparison 

	1. Methods
	Robustness
	Predictive Accuracy
	2. Adaptability
	Explanatory Capability

	Discriminant Analysis
	No
	Depends*
	No
	Yes

	Factor-Logit


	Yes
	Depends
	No
	Yes

	KNN


	Yes
	Depends
	Yes
	No

	ID3


	Yes
	Satisfactory**
	Yes
	No

	Neural Network


	Yes
	Satisfactory
	Yes
	Yes


*Depends : means that this method’s Prediction accuracy of bank-failure depends   on the data samples whether they satisfy its basic assumptions or not ( in case of DA and kNN ) and depends on the functional form of  Model ( in case of Factor-Logit).

*Satisfactory : means it will give satisfactory result because there is no  assumptions employed in this method. It all depends on the user for accuracy in prediction.

[9]

                               METHODOLOGY
[10]

Data Samples & Model Constructions :

2. Data sample selection for this project is based on the financial statements published by RBI (Reserve Bank of India). Data sample will consist of scheduled commercial banks excluding regional rural banks. Bank data one year and two year prior to failure will be used for failed and non-failed banks.

3. RBI calculates and publishes 35 different financial ratios of scheduled commercial banks each year. The list of these 35 ratios is given in table 1. Of these 15 ratios have been short listed on the basis of their importance in the CAMEL ratings used by regulators worldwide. Each bank can be described by these 15 financial ratios and these ratios can be used as analysis variables. These ratios are grouped in to four different categories, corresponding to CAMEL each describing a unique financial characteristics of a bank :

1. Capital adequacy

2. Asset quality

3. Management Quality

4. Earnings

5. Liquidity 

The list of these 19 ratios along with their groupings is given in table 2. 

And, The actual ratios published by RBI is shown below in table 1.

[11]

Table 1 : Ratios Calculated by RBI
	01. Cash-deposit ratio

	02. Credit-deposit ratio

	03. Investment-deposit ratio

	04. (Credit + investment)-deposit ratio

	05. Ratio of deposits to total liabilities

	06. Ratio of term deposits to total deposits

	07. Ratio of priority sector advances to total advances

	08. Ratio of term-loans to total advances

	09. Ratio of secured advances to total advances

	10. Ratio of investments in non-approved securities to total investments

	11. Ratio of Interest income to total assets

	12. Ratio of net interest margin to total assets

	13. Ratio of non-interest income to total assets

	14. Ratio of intermediation cost to total assets

	15. Ratio of wage bills to intermediation cost 

	16. Ratio of wage bills to total expenses

	17. Ratio of wage bills to total income

	18. Ratio of burden to total assets

	19. Ratio of burden to interest income

	20. Ratio of operating profits to total assets

	21. Return on assets

	22. Return on equity

	23. Cost of deposits

	24. Cost of borrowings

	25. Cost of funds

	26. Return on advances

	27. Return on investments

	28. Return on advances adjusted to cost of funds

	29. Return on investments adjusted to cost of funds

	30. Business per employee (in Rs. lakh)

	31. Profit per employee (in Rs. Lakh)

	32. Capital adequacy ratio

	33. Capital adequacy ratio - Tier I

	34. Capital adequacy ratio - Tier II

	35. Ratio of net NPA to net advances


Source: Statistical Tables Relating to Banks in India, RBI Publication, Various years

[12]

 1. Concepts / definitions used to calculate ratios are as follows :

          (a) "Cash" in cash-deposit ratio include cash in hand and balances with RBI.

          (b) "Investments" in investment-deposit ratio represent total investments, including                                                            

                  investments in non-approved securities, 

          (c) "Net interest margin" is defined as the total interest earned minus total interest paid,

          (d) "Intermediation cost" is equal to "total operating expenses",

          (e) "Wage bills" is defined as "payments to and provisions for employees", 

          (f) "Operating profit" is defined as total earnings minus total expenses, excluding 

                 provisions and contingencies and 

          (g) "Burden" is defined as the total non-interest expenses minus total non-interest 

                 income. 

 2. Items like capital, reserves, deposits, borrowings, advances, investments and   assets/liabilities used to compute various financial earnings/expenses ratios are average figures based on balance sheet data for the two relevant years. 

 3. Definitions of a few ratios are as follows:

         Return on equity = (net profit) / {average (capital + reserves & surplus, not adjusted 

                                         for accumulated loss)}

         Cost of deposits = (interest paid on deposits) / (average deposits)

         Cost of borrowings = (interest paid on borrowings)/(average borrowings)

         Cost of funds = (total interest paid on deposits and borrowings)/(total of average 

                                   deposits and  borrowings)

          Return on advances = (interest/discount earned on advances/bills)/(average 

                                               advances)

          Return on investments = (interest earned on investments)/(average investments)

[13]

Table 2 : Ratios Selected for the Study Based on Camel
	Capital Adequacy

	Capital adequacy ratio

	Capital adequacy ratio - Tier I

	Capital adequacy ratio - Tier II

	Asset Quality

	Ratio of priority sector advances to total advances

	Ratio of secured advances to total advances

	Ratio of investments in non-approved securities to total investments

	Ratio of net NPA to net advances

	Management Quality

	Profit per employee (in Rs. Lakh)

	Earnings

	Ratio of net interest margin to total assets

	Ratio of non-interest income to total assets

	Ratio of intermediation cost to total assets

	Return on assets

	Return on equity

	Liquidity

	Cash-deposit ratio

	Investment-deposit ratio


Since RBI normally launches a rescue operation foe a bank before it closes down, the closure of a bank cannot be used as the definition of bank failure in the Indian context. Thus, a loss in the control year is taken to denote bank failure.

The control year chosen for the study is 2001. Thus, failed and non-failed banks are identified on the basis of whether the bank made a loss in the year 2001. Then ratio data for the preceding one year, i.e. 2000 and two years, i.e. 1999 is used for the model training.

                 All data is sourced from the RBI publication, Statistical Tables Relating to Banks in India for the relevant years.

[14]

The Neural Network Model :

            Several pieces are needed in order to complete the NN model. From the NN side, we need a model, a training mechanism, and a testing procedure. From the data side, we need input ratios and a population of companies that have these financial ratios.           

            A neural network model consists of a number of homogeneous processing units interconnected in a network. Each unit is a simple computational device and its behaviors can be described by some mathematical functions .

A unit receives input signals from other units, aggregates these signals based on an input function, and generates an output signal based on an output function. The output signal is then routed to other units as directed by the topology of the network. From the topology/training side, I am choosing the feed-forward back-propagation model. This is quite a common model in the NN.
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[15]

Feed-forward networks: 

The topology of a network is represented by a weighted directed graph (WDG) with nodes representing units, and links representing connections. Pointed links indicate the directions that signals flow in the network. Each link is assigned a numerical value representing the weight of the connection. Variations of the WDG topology are found in a number of models, Here, we describe a special class of neural networks called feed-forward networks. 

 In a feed-forward network, there are three types of processing units: input units, output units, and hidden units. Input units accept signals from the environment and reside in the lowest layer of the network. Output units send output signals to the environment and reside in the highest layer. Hidden units are the units which do not have direct interaction with the environment, hence are invisible to (i.e. hidden from) the environment.

Let us consider an elementary feed-forward architecture of  n neurons receiving m inputs. input vector 
[image: image8.wmf]1

(,,)

m

iii

Xxx

=

K

’ and                                                                             output vector 
[image: image9.wmf]12

(,,)

m

iiii

Dddd

=

K

’

Weight 
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 connects the ith neuron to jth input. Now , we have our activation value for ith neuron as 
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   for i = 1,2, ……, m

Now, the nonlinear transformation involving the activation function f ( 
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) for i = 1, 2, …., m completes the processing of X . The transformation, performed by each of the m neurons in the network, is a strongly nonlinear mapping expressed as
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when weight vectors 
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 contains weights leading toward the ith output node and is defined as follows :
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[16]

In neural network speak, the above parameters define the networks ability to learn the input/output patterns. The output node corresponds to 1=bankrupt, 0=viable. The input nodes represent the financial ratios that the model will use to predict bankruptcy. The transfer function transfers the weighted-average input sums via the "sigmoid" function, as shown below:
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The above process is repeated at each hidden node and fed forward to the next hidden layer, until the final output nodes are reached, at which point the result is part of the output set.
The model can now be trained with input data to generate a set of weights, which defines the authenticity of NN diagrams. NNs should be periodically retrained so that one can insure that the model is taking into consideration new data points. Changing the model is accomplished by modifying the weight associated with each connection.

[17]

The Input Characteristics : 

These ratios will be used as the inputs for the NN model, and the hope is that the model can be trained on a sample set of these data points in order to generalize the common "bankruptcy" characteristics of defaulted firms. This in turn will allow the NN model to make forecasts for out-of-sample firms, most importantly, currently existing firms that might be bankruptcy candidates.
Since we can not use all the financial ratios as our input variables so we need to group them and then choose the most relevant financial ratio as the input variable . 

Back-propagation  learning algorithm  :

A fundamental problem in mapping a classification task to a neural network model is the derivation of connection weights. There is no straightforward solution to this problem. A possible solution is to let the network learn the task by training it with examples. A typical learning algorithm will search through the space of W for a set of weights offering the best fit with the given examples Notable learning algorithms are :

1. Perception convergence procedure 

2. Back-propagation algorithm

The back-propagation learning algorithm, designed to train a feed-forward network, overcomes some of the limitations of perception by making it possible to train a multiplayer network. The back-propagation algorithm consists of two phases: 

(I) forward-propagation and 

(II) backward-propagation

Let us have s examples, each described by :-

an input vector 
[image: image18.wmf]1

(,,)

m

iii

Xxx

=

K

 and   an output vector 
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 In forward propagation, 
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This input data  are then propagated up the network according to the current weight matrix 
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 generated by the output units. The value of 
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Now, To find a set of weights that ensures all input vectors are correctly mapped to their corresponding output vectors, the learning process can be cast as a minimization problem with objective function E.

Now, Its need to determine the direction and degree of adjustments to individual connection weights. The second phase in effect performs a gradient descent (determined by ( E / (
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where 0 < 
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 < 1 is a parameter controlling the convergence rate of the algorithm.

W can be updated in two ways.

1. Either W is updated for each 
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2.  
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are accumulated and updated after a complete run of all examples.

The back-propagation algorithm propagate the error information back, layer by layer, from the output units to the input units. Although the back-propagation algorithm does not guarantee optimal solution, Rumelhart, Hinton G and Williams R (Learning representation by back-propagating errors Nature (1986) ) reported that solutions obtained from the algorithm come close to the optimal ones in their experiments.

[19]

The initial back-propagation algorithm does not take into account the prior probabilities of each group and their misclassification costs. To incorporate this information into the algorithm, the objective function E is generalized to 
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where:
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 represents type I misclassification error,                                                    
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 (i = 1,2) is the number of examples in each group.

Type I error : the event of assigning an observation to group 1 that should be in group 2.

Type II error : the event of  assigning an observation to group 2 that should be in group 1.

The value of 
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 is treated as the weight of the error incurred by each observation. It is clear that the initial objective function E is a special case of 
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In the current study, we will refer to non-failed banks as group 1 and failed banks as group 2. Since we are concerned with dichotomous classification (failure vs non-failure), only a single output unit is needed. The decision is stated as 

                    output unit > 0.5 => group 1 (non-failed banks)

                   output unit 
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 0.5 => group 2 (failed banks).

Instead of using 
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,  which may be slow in terms of convergence, we use an accelerated version as shown below :
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where  
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 is an exponential decay factor determining the contribution of the previous gradient descent.                                  

To smooth out drastic changes to W by some outlining examples, we prefer the accumulated weights updating scheme. We require that each unit in an upper layer is fully connected to units residing in the immediate lower layer.

Model Evaluation : 

In order to evaluate the model, collect annual financial ratios from the two years prior to the firm’s failure date (or inclusion date for non-failed firms), and re-trained the model for each of the three one year periods. This means that the same banks were used throughout the two training periods, and retained the same classification (failed / non-failed) throughout the time period. The purpose of this test is to see how well the model can recognize a bankrupt company one, two and three fiscal years out. 

The model is trained using one half of the earlier used member data set, while reserving the second set as a "holdout" set. The holdout set is all that really matters in a NN model such as this, since even only slightly sophisticated models are able to memorize the data pattern, while providing little insight on the holdout set. By using a holdout set, we can test the generalization ability of the NN. 
Future Work :  

           Developing neural network model for real life data (i.e. using bank’s financial statements) and software product for bank-failure prediction based on neural network.
[21]
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