The Effect of Sample Size onDifferent Failure PredictionMethodsBarbro BackTurku School of Economics and Business Administration,Information Systems Science,P.O. Box 110, FIN-20521 Turku, FinlandTeija LaitinenUniversity of Vaasa, Department of Accounting and Finance,P.O.Box, 65101 Vaasa, FinlandJukkapekka Hekanaho�bo Akademi University, Department of Computer Science,Lemmink�isenkatu 14, FIN-20520 Turku, FinlandKaisa Sere�bo Akademi University, Department of Computer Science,Lemmink�isenkatu 14, FIN-20520 Turku, FinlandTurku Centre for Computer ScienceTUCS Technical Report No 155December 1997ISBN 952-12-0134-7ISSN 1239-1891

AbstractNeural networks and machine learning methods have proved in many waysand in a number of publications to be real challengers to statistical methods -especially to logit and discriminant analysis - in predicting failures. However,most of the studies have used a rather small data set, very often close to onlyone hundred observations. Therefore, it has been difficult to say whetherthere are any significant differences between the methods tested. In thisstudy, we compare neural networks, a machine learning method, discriminantanalysis and logit analysis using a large data set consisting of 570 companies.We investigate the effects of the prediction capabilities of the methods whenusing different sample sizes for estimation and testing, i.e., 400-170, 200-90and 100-50. Our study shows that neural networks and the machine learningmethod perform better than discriminant analysis and logit analysis when thesample size is 400 while there is no best performer when the sample size isdecreased to 200 and 100.Keywords: bankruptcy predictions, neural networks, machine learning,backpropagation, discriminant analysis, logit analysis, genetic algorithmsTUCS Research GroupComputational Intelligence in Business

11. IntroductionNeural networks and machine learning methods have proved in many ways and in anumber of publications to be real challengers to statistical methods - especially todiscriminant analysis and logit analysis - in predicting failures. During the last yearsalmost in all of these publications the conclusion has been that the prediction accuracy canbe increased by using neural networks instead of traditional linear discriminant analysis orlogit analysis.However, Trigueiros and Taffler (1996) criticise the way the methods have been appliedin these studies. They are above all concerned with the problems connected with thenumber of fitted coefficients compared to the number of observations. They review anumber of studies and find that this problem is obvious. Most of the studies have used arather small data set, very often less than one hundred observations. Despite of this, thenumber of fitted coefficients has been very high, in some cases even higher than thenumber of cases in the model fitting. To avoid the overfitting problem they suggest an oldrule-of-thumb to restrict the number of coefficients to a maximum of 10% of the numberof cases. To our knowledge, the cause of overfitting within the feed forward neuralnetworks is not fully understood and no exact rules can be given on how to avoid theproblem. Different authors give different guidelines and no uniform approach has beenfound.Furthermore, Trigueiros & Taffler (1996) state that the results achieved by studies with alarge sample such as the one by Altman et al (1994) are contradictory to findings in neuralnetwork studies with small samples. Altman et al found little or no difference inclassification performance between neural networks and conventional multivariatestatistical techniques. In contrast to this, the studies e.g. by Coats and Fant (1991),Salchenberger, Cinar, and Lash (1992), Tam and Kiang (1992), Fletcher and Goss(1993), Wilson and Sharda (1994), and Back, Laitinen and Sere (1996) using small datasamples generate evidence that the prediction accuracy in failure prediction can beincreased by using neural networks instead of traditional statistical methods.The sample size is often restricted, because the traditional failure prediction research isbased on matched pairs. In our study, we are not paying attention to matching failed andnonfailed companies. Instead of this, we vary the number of observations in estimationand training between 100 and 400 firms. The aim is twofold. First, we avoid theproblems connected with statistical issues in most of the previous studies using data withinsufficient size. Second, a large sample size can show if neural networks can outperformlogit analysis when the data sample is big and provide generalisable results instead ofthose of experiment types in previous studies. Observe that we do not compare our resultsdirectly with those obtained using data with matched pairs.The paper is organized as follows. Section 2 briefly presents the central features of themethods. In Section 3 the model is specified. Section 4 presents the data. Section 5reports the used variables and the results when changing the sample size. The study endswith discussion and conclusions in Section 6.2. Methods2.1 Discriminant analysisDiscriminant analysis tries to derive a linear combination of two or more independentvariables trying to discriminate the best group among a priori defined groups, which in

2our case are failed and nonfailed companies. This is achieved by the statistical decisionrule of maximizing the between-group variance relative to the within-group variance. Thisrelationship is expressed as the ratio of the between-group to the within-group variance.The discriminant analysis derives the linear combinations from an equation that takes thefollowing form:Z = w1x1+ w2x2+...+wnxnwhereZ= discriminant scorewi (i=1, 2, ... ,n)= discriminant weightsxi (i=1, 2, ... ,n )= independent variables, the financial ratiosThus, each firm receives a single composite discriminant score which is then compared toa cut-off value, which determines to which group the company belongs to.Discriminant analysis does very well provided that the variables in every group follow amultivariate normal distribution and the covariance matrices for every group are equal.However, empirical experiments have shown that especially failed firms violate thenormality condition. In addition, the equal group variances condition is also violated.Moreover, multicollinearity among independent variables is often a serious problem,especially when stepwise procedures are employed (Hair et al., 1992). However,empirical studies have proved that the problems connected with normality assumptions donot weaken its classification capability, but its prediction ability.The two most frequently used methods in deriving the discriminant models have been thesimultaneous (direct ) method and the stepwise method. The former is based on modelconstruction by e.g. theoretical grounds, so that the model is ex ante defined and thenused in discriminant analysis. When the stepwise method is applied, the procedure selectsa subset of variables to produce a good discrimination model using forward selection,backward elimination, or stepwise selection. The stepwise method that we used is a builtin function in the SAS-program.The stepwise selection begins with no variables in the model. At each step, if the variablethat contributes least to the discriminatory power of the model measured by Wilks‘lambda fails to meet the criterion to stay, then it will be removed. The variable not in themodel that contributes most to the discriminatory power of the model is entered. When allthe variables in the model meet the criterion to stay and none of the other variables meetthe criterion to enter, the stepwise selection process stops (SAS 1988:910).There are also other modeling strategies, like the one suggested by Hosmer andLemeshow (1989). In some contexts it has been stated that the disadvantage of thestepwise procedure is that the economic importance of variables is ignored and thestatistical grounds are stressed. The modeling strategy by Hosmer and Lemeshow is lessmechanical in that it allows for the analyst�s judgment concerning variables to be includedin the model.2.2 Logit analysisLogistic regression analysis has also been used to investigate the relationship betweenbinary or ordinal response probability and explanatory variables. The method fits linearlogistic regression model for binary or ordinal response data by the method of maximum

3likelihood. Among the first users of logit analysis in the context of financial distress wasOhlson (1980). Like discriminant analysis, this technique weights the independentvariables and assigns a Z score in a form of failure probability to each company in asample. The advantage of this method is that it does not assume multivariate normalityand equal covariance matrices as discriminant analysis does. Logit analysis incorporatesnonlinear effects, and uses the logistical cumulative function in predicting a bankruptcy,i.e.,

probability offailuree eZ w w x w xn n

= + = +

- - + + + 1

1

1 1 0 1 1

( ) ( ... )

Logistic analysis applies the same variable selection methods as discriminant analysispresented above. For model construction we selected, as in the case of discriminantanalysis, the stepwise method that is a built in function in the SAS-program. Theprocedure starts by estimating parameters for variables forced into the model, i.e.intercept and the first possible explanatory variables. Next, the procedure computes theadjusted chi-squared statistic for all the variables not in the model and examines the largestof these statistics. If it is significant at the specified level, in our study 0.05, the variableis entered into the model. Each selection step is followed by one or more elimination step,i.e. the variables already selected into the model do not necessarily stay. The stepwiseselection process terminates if no further variable can be added to the model, or if thevariable just entered into the model is the only variable removed in the subsequentelimination (see SAS 1990).2.3 Neural networksAn (artificial) neural network consists of a large number of processing elements,neurons, and connections between them. It basicly implements some function f thatmaps a set of given input values x to some output values y: y = f(x). A neural networktries to find the best possible approximation of the function f as a complex combination ofelementary nonlinear functions. This approximation is coded in the neurons of thenetwork using weights that are associated with each neuron.A formal neuron is the basic element of any neural network. A neuron is a simpleprocessing element that as inputs takes an n-dimensional vector [x1 , . . . , xn]T , extendedwith a constant component x0=1 . The neuron forms the weighted sumwT x = w0 + �1n˚wi x i ,where

xn T= [ , , ..., ]1 1

and where w = [w0, ..., wn]T is the weight vector which is storedin the neuron. In the simplest casetheoutput of aneuron is thesign of this expression,y = sgn(wT x ) . Such a neuron can classify n-dimensional vectors into two differentclasses when the weights are determined so that y = 1 for class 1 vectors and y = -1 forclass 2 vectors. The weights of a neural network are learned using an iterative procedure during whichexamples of correct input-output associations are shown to the network and the weightsare modified so that the network starts to mimic the desirable input-output behavior.Learning in a neural network then means finding an appropriate set of weights. Thisability to learn from examples and based on this learning the ability to generalize to newsituations is the most attractive feature of the neural network paradigm. For a morethorough description of neural networks we refer to Hecht-Nielsen (1991), and Hertz etal. (1991).

4The variables for the input vectors can be chosen by an exhaustive search from theavailable variables, but this becomes very time consuming when the choice is to be doneamong several variables. Another method to choose the variables for the networks is touse a genetic algorithm. A genetic algorithm simulates Darwinian evolution. It maintains apopulation of chromosomes, where a chromosome is a candidate-solution to the problemwe want to solve. Chromosomes are often called strings in a genetic algorithm context. Astring in its turn, consists of a number of genes, which may take some number of values,called alleles. The genetic algorithm terms for genes and alleles are features and values.Associated with each string is a fitness value, which determines how �good� the string is.The fitness value is determined by a fitness function, which we can think of as somemeasure of profit or goodness that we want to maximize. Basically, there are threeoperators that lead to good results in a genetic algorithm, namely reproduction, crossover,and mutation. For a more thorough description of genetic algorithms we refer toGoldberg (1989).2.4 Rule learnersSymbolic machine learning aims at analysing data in order to induce intelligibledescriptions that are comrehensible to humans. In the case of rule learners the predictionmodels consist of sets of rules, where each rule is of formif condition1 and condition2 and ... and conditionn then class = cl1.In otherwords eachrulespecifiessomeconditionson theindependentvariablesunderwhich we maypredictthevalueof thedependentvariable.Eachconditionexpressespossible values of avariable.Wedistinquish betweentwo differentkinds of conditions;nominalexpressionsanddisjunctiveexpressions.Thenominalexpression ( v = s) simplyrelates a variable v to a value s. The expression is true for an example firm if the value ofvariable v in firm is s. A disjunctive expression (v = s1) or (v = s2) or ... or (v = sm) is adisjunction of nominal expressions (v = si), all refering to the same variable v. Adisjunctive expression is true for a firm if at least one of the nominal expressions is true.If all the conditions in a rule are true for a firm, we say that the rule covers the firm. Thefinal model is a set of rules and a firm belongs to a certain class if it is covered by at leastone of the rules for the class.The most common way of learning a set of rules, is to learn one rule at a time using acovering approach, see e.g. Michalski (1983). In this method a rule is first learned bygeneralising examples, so that the rule covers a large number of the examples in the targetclass. After this the examples covered by the rule are removed and the process is repeated.An alternative approach to rule learning is to use decision trees, see e.g. Quinlan (1993).In this method a decision tree is first learned from the data. In the second phase the tree isconverted to a set of rules. Here we concentrate on a third approach to rule learning basedon genetic algorithms, where the whole set of rules in learned simultaneously.The genetic algorithm used is somewhat different from the one described in the previoussection. Here the genetic algorithm is used directly to learn the rules. Like in the previoussection the population consists of a set of chromosomes. In this case however, eachchromosome encodes a rule. The purpose of the genetic algorithm is to learn a modelconsisting of a set of rules that characterises the target class.The search for a good rule-based model is guided by a fitness function. We use acombination of the minimal description length principle (Rissanen, 1982) and informationgain criterion (Quinlan, 1990). The minimal description length principle is a stochasticmeasure of model complexity and model fit. The principle states that the best model m forsome data D is the one that minimises the total complexity of the model and the exceptions

5of the model. Both the model complexity and the exceptions are measured as the numberof bits needed to encode thembits(mi, D) = lm(mi) + le(D | mi),where lm and le are the lengths of the encoding of the model and the exceptions,respectively. One of the benefits of the minimal description length principle is that itquantifies model error and complexity within a single information-theoretic framework,thus allowing comparisions between models of different complexity. One difficultyhowever, is the need to find a suitable encoding function for models and exceptions. Theencoding we use is described in Hekanaho (1997) and is similar to the encoding definedby Quinlan (1995).Information gain quantifies how much information is gained by a rule, i.e., how usefulthe rule is in separating between examples of different classes. The criterion is derivedfrom Shannons Information Theory, Shannon and Weaver (1949).3. Model specificationAmong the studies focusing on failure prediction there are some papers that have beenespecially contributive. Among the first studies that identify the problemacy with selectingpredictors and prediction methods were the studies of Ramser and Foster (1931),Fitzpatrick (1932), Winakor and Smith (1935), and Merwin (1942). These studies settledthe fundamentals for failure prediction research. A change in the research tradition tookplace when Beaver (1966) presented the univariate analysis approach. Soon after Beaver,Altman (1968) pioneered with the use of multivariate approach in the context ofbankruptcy models. After the Altman study this multivariate approach became dominant inthese models. Actually the study of Beaver remained as the main study applyingunivariate analysis. The studies by Deakin (1972), Edminster (1972), Blum (1974),Altman et al. (1977) and El Hennawy and Morris (1983) are representative examples ofstudies that used multiple discriminant analysis technique.There is no theoretical basis for which predictors should be used for different models. Inour study we have selected 33 ratios that previous research has found useful inbankruptcy predictions as a starting point. The ratios are presented in Table 1. The finalpredictors for linear discriminant analysis and logit analysis are selected by stepwiseregression and for neural networks and machine learning by genetic algorithms and arepresented in Section 5.RatioStudyCompustat Item1Cash/Current LiabilitiesE, D1 / 52Cash Flow/Current LiabilitiesE(18+14) / 53Cash Flow/Total AssetsE-M(18+14) / 64Cash Flow/Total DebtBl, B, D(18+14) / 1815Cash/Net SalesD1 / 126Cash/Total AssetsD1 / 67Current Assets/Current LiabilitiesM, B, D, A-H-N4 / 58Current Assets/Net SalesD4 / 129Current Assets/Total AssetsD,E-M4 / 610Current Liabilities/EquityE5 / 6011Ebit / Total Interest PaymentsA-H-N178 / 1512Equity/Net SalesR-F, E60 / 1213Inventory/Net SalesE3 / 12

614Long Term Debt/Equity9 / 6015Long Term Debt/Net CapitalE-M9 / (6-70-71)16MV of Equity/Book Value of DebtA, A-H-N(24*25) / 18117Net Income/Total AssetsB, D172 / 618Net Quick Assets/InventoryBl(1+2-5) / 319Net Sales/Total AssetsR-F, A12 / 620Net worth / Total LiabilitiesBl(6-181) / 18121Operating Income/Total AssetsA, T, A-H-N13 / 622Quick Assets/Current LiabilitiesD, E-M(1+2) / 523Quick Assets/Net SalesD(1+2) / 1224Quick Assets/Total AssetsD, T, E-M(1+2) / 625Rate of Return to Common StockBl(237 / 60)*10026Retained Earnings/Total AssetsA, A-H-N(36 / 6)*10027Total debt / EquityS181 / 6028Total Debt/Total AssetsB, D(5+9) / 629Total Liabilities/ Net Capital EmpT181 / (6-70-71)30Working Capital/Net SalesE, D179 / 1231Working Capital/Net WorthT179 / (6-181)32Working Capital/Total AssetsW-S,M,B,A,D179 / 633Ebit/Total assets100*(178/6)Legend:AAltman 1968E-MEl Hennawy and Morris1983A-H-NAltman, Haldeman, and Narayanan1977FFitzpatrick 1932BBeaver 1966,MMervin 1942BlBlumR-FRamser and Foster 1931DDeakin 1972, W-SWinakor and Smith 1935EEdminster 1972Table 1. Financial ratios found to be useful in previous bankruptcy prediction studies.4. Data4.1 Bankruptcy yearThe data was collected from the Compustat database which covers 16,775 Americancompanies. In the first phase we selected all the firms that were reported as failed inCompustat between 1985 and 1993, 380 in all. Table 2 presents the numbers of failedcompanies per year, 1985-1993.

7YearNumber of failed companies198527198636198737198854198959199068199149199238199312Total380Table 2. Yearly frequence of companies coded �bankruptcy� in Compustat AnnualIndustrial File.In the following phase we rejected the firms that had all the variables missing for someyear or had some evident mistakes in their financial statements (i.e. negative net sales).Furthermore, we rejected firms that did not have financial statements for the wholeresearch period, one to three years prior to failure. The data therefore included firms thatfailed in 1987 or after so that the financial statements for the whole three years researchperiod could be used. Finally, the number of failed companies was 285. The samenumber of nonfailed companies was also then included, i.e., the total data set included570 companies.After sampling the data it was divided into two parts: training or estimation set andvalidation set. About one third of the data, i.e., 85 failed and 85 nonfailed companies,were put aside as test data (test1).Thus, inthefirst phase we included400 companiesinthetrainingset.Inthesecondphasetheestimationdatawas dividedintotwo subsamplesof200companieseach.OneofthesesubsampleswasthenusedinestimatingtheDA-andlogitfunctionsandlearningtheneuralnetworkstoexaminethecorrectresults. Similarly,the test data was divided into two subsamples of 90 firms per sample (test2, test3).Finally, the smallestestimationandlearningsamplecomprisedonlyhalfof thepreviousdata, i . e . , 50 failedand50 nonfailedcompanies. Astestdatawe used theoriginaltestsamplewith170observationsaswellassmallerdatasetsof50firms(test4, test5). Tables3aand3bpresentyearlynumberoffailedandnonfailedcompaniesineverydataset.Estimationor trainingsampleValidationsampleSample size400170Year19872191988311619893815199042191991341119922512199393Total20085

8Table 3a. Distribution of failed companies in the sample by year coded �bankruptcy� inCompustat Annual Industrial File. The original estimation or learning sample andvalidation sample test1.Estimationor trainingsampleValidationsampleEstimationor trainingsampleValidationsampleSample size2009010050Yeartest2test3test4test5198711554221988179885419891888105519902291195619911666945199212758421993412201Total1004545502525Table 3b. Distribution of failed companies in the sample by year coded �bankruptcy� inCompustat Annual Industrial File. Reduced estimation or learning samples of 200 and100 companies and reduced validation samples of 90 companies (test2 , test3 ) and 5 0 companies (test4 , test 5 ) . 4.2 Industry and sizeThe failed companies included in Compustat during the years 1985-1993 are presented inTable 4 by industry. The main industry among the failed companies was manufacturingindustries which was represented by 26% of the companies. The next largest industrywas retail and services, about 18%. The smallest proportions were represented byagriculture production and health, educational & related services, together less than 6%.The largest industry among the nonfailed companies was also the manufacturing industryincluding 16% of the companies. Other industries were represented with equalproportions, except the same industries than those among failed companies, agricultureproduction and health, educational & related services, together about 7%.

9ISIC -CodesFNF100Agriculture Production521000Mining,Oil and Gas Extraction, Construction42492000Finished Products46453000Manufacturing Industries99604000Transportation, Communications, Electricity, Gas21475000Retail and Services67456000Depository and Credit Institutions, Investment Offices39457000Lodging Places, Services Amusement & Recreation Services44478000Health, Educational & Related Services15269000Other214380380Table 4. The industries of bankruptcy coded firms in Compustat during 1985-1993 andthe industries in the sample of nonfailed companies.The industries of failed and nonfailed companies in the subsamples are presented inTables 5 and 6. The ISIC- codes are corresponding the ones in Table 4.SampleSize400200100ISIC -CodesFNFFNFFNF1002220201000172371026200019241114693000632829161294000142781435500036231691056000212710146570002227121266800061055339000090602Total2002001001005050Table 5. The industries of failed and nonfailed companies in the sample and subsamples.Estimation Samples

10Sample Size170test190test290test350test450test5ISIC - CodesFNFFNFFNFFNFFNF100000000000010008136123444222000121754712334730002115118117656440006743353222500014117784353260008653342313700098545521338000560353014290002221012100Total85854545454525252525Table 6. The industries of failed and nonfailed companies in the sample and subsamples.Validation Samples5. Predictors and prediction results selectedIn our analysis we did not apply any preclassification system for the data, i.e., we did notuse any technique to ensure that all nonfailed companies in our sample are sound. Thus,the nonfailed firms were selected randomly from the basic data. This means that in oursample of sound firms there are firms suffering from financial distress, maybe even firmsthat are going to fail within a year, i.e., in 1994. This was done on purpose because wewanted to have all types of nonfailed companies in our data. The absolute predictionaccuracy may suffer from this starting point, but the comparison between neural network,machine learning, logistic and discriminant analysis is more realistic when the data is notmanipulated ex ante.5.1 Discriminant analysisThe variables for the discriminant models were selected using the SAS stepwiseprocedure. The procedure started with all the 33 financial ratios as variables. If allvariables in the estimated model had intuitive signs, the model was accepted with noadjustments. If the model included variables with counter-intuitive signs, these variableswere rejected and the model was re-estimated. This procedure was repeated until all thevariables in the model had intuitive signs.The models were estimated for one, two, and three years prior to failure for all three datasets, i.e. 400, 200, and 100 firms. The analysis was conducted using the SAS statisticalpackage. The models were estimated for every year and every data set separately. Thismeans that at the end we had three alternative models for every year, estimated from threealternative data sets. The variables that were selected into the models using discriminantanalysis are presented in Table 7.

11Sample Sizen=400n=200n=100Year1Cash Flow/Current Liab.Cash Flow/Current Liab.Cash Flow/Total Ass.Cash/Total AssetsCash/Total AssetsEquity/Net SalesEquity/Net SalesCurrent Liab./EquityQuick Ass./Total Ass.Net Worth/Total Liab.Equity/Net SalesRate of Ret/ Comm.StockOperating Inc./Total Ass.Operating Inc./Total Ass.Total Debt/Total Ass.Total Debt/Total Ass.2Cash Flow/Current Liab.Cash Flow/Current Liab.Cash Flow/Current Liab.Cash/Total AssetsCash/Total AssetsCurrent Liab./ EquityEquity/Net SalesEquity/Net SalesEquity/Net SalesQuick Assets/ Total Ass.Rate of Ret./Common StockQuick Ass./Current Liab.Rate of Ret./Common StockEbit/Total AssetsTotal Liab./Net Cap.Emp.Ebit/Total Assets3Net worth/Total Liab.Cash Flow/Current Liab.Cash/Net SalesCash/Total AssetsEquity/Net SalesQuick Assets/Net salesOperating Inc./Total Ass.Total Debt/Total AssetsEbit/Total AssetsTable 7. The variables in DA-models one, two, and three years prior to the failure.In the first phase the sample of 400 firms, 200 failed and 200 nonfailed companies wereused to estimate a discriminant model. After the model was estimated it was firstcrossvalidated and then tested with a separate holdout sample with 85 failed and 85nonfailed companies. These results are presented in Table 8. The results indicate that thediscriminant function classifies 85% of the nonfailed companies correct in thecrossvalidation and even 87.1% in the holdout sample. Two years prior to failure the totalprediction accuracy decreases about 10% in both the crossvalidation, the estimation, andin the holdout sample. Three years prior to failure a decrease of about 10% in the totalprediction accuracy can again be found in the estimation and the crossvalidation but theresults in the holdout sample remain quite stable. The prediction accuracy for nonfailedcompanies three years prior to failure is extremely low. Here the cutting point could havebeen changed.The overall prediction accuracy is somewhat lower than in studies in which the data iscollected from the same calendar year, i.e., the failure has occurred during the same year.As it was described earlier the data in this study is from Compustat and the failure hasoccurred during the years 1987-1993. When the time period is as long as in this study,e.g., changes in macroeconomics factors are affecting the values of the financial ratios.This makes the models more insensitive to the differences between the failed andnonfailed companies. Anyhow, when we are studying the effect of the sample size on theprediction accuracy of alternative methods and on the generalization of the results thelength of time-series is a problem common to all three methods and should not affect thecomparison of the results.In the second phase the data was decreased to 100 failed and 100 nonfailed companies(see Table 9). After the DA-function had been estimated it was tested first incrossvalidation with the same data set of 200 companies. After that the model was testedin three alternative holdout samples. The first holdout sample, test1,consistedofthesame170 firms as theoriginalholdoutsamplethatwas used when testingtheDA-model

12estimated from the data of 400 companies. Furthermore, the holdout sample test1 w a s divided into two parts, test2 and test3. This was done to examine the results when thedataset used in testing is reduced.Whenthedatasetusedintheestimationisreduced,theresultsincrossvalidationarequitestable.Oppositetothis,testingthefunctionindicatesproblemsinthegeneralizationof theresults. In alltestsets thepredictionaccuracydecreaseswhen we moveawayfromthefirstyearpriortofailuretothesecondyear.Thensuddenlythreeyears prior tofailurethepredictionaccuracyincreases1-7percentageunits,dependingonwhichdatasetisusedinthe testing.Finally, theDA-functionwas estimatedfromthedataof 50 failedand50 nonfailedcompanies. Again, itwas testedwiththedatasetest1, andinadditiontothis, thepreviousdatasetstest4andtest5werereducedrandomlyto50 firms each. Theresults arepresentedinTable10.Theresults arebecomingmoredifficulttointerpret. In additiontothepreviousphenomenaconcerningtheincreaseinpredictionaccuracywiththedatasets test1 andtest2,theresultsintest5indicateinstabilityalsooneyearpriortofailure. Furthermore, thevariationbetweenthepredictionresults is quitehigh. Oneyearprior tofailureit is 10percentageunits,twoyearspriortofailure4andthreeyearspriortofailureeven14. Thisindicatesthattheresults arehardlygeneralisableiftheestimationdatais as smallas 100observations.n400170estimationcrossvalidationtest1yearnfftnfftnfft185.068.576.885.067.076.087.162.474.8271.066.568.868.565.567.062.462.462.4327.588.558.027.588.558.032.989.461.2Table 8. Prediction accuracy when the data set of 400 firms was used in estimation and170 firms in testing.n2001709090estimationcrossvalidationtest1test2test3yearnfftnfftnfftnfftnfft181.069.075.081.066.073.585.960.073.080.060.070.088.955.672.3268.072.070.065.071.068.052.967.160.051.166.758.951.166.758.9372.064.068.067.063.065.060.068.264.153.366.760.064.468.966.7Table 9. Prediction accuracy when the data set of 200 firms was used in estimation and170 (test1 ), 90 (test 2 ), and 90 (test 3 ) firms in testing.n1001705050estimationcrossvalidationtest1test4test5yearnfftnfftnfftnfftnfft166.080.073.064.078.071.054.165.960.060.068.064.044.064.054.0262.076.069.062.076.067.057.760.058.968.056.062.056.060.058.0358.080.069.054.076.065.041.277.759.552.084.068.032.076.054.0Table 10. Prediction accuracy when the data set of 100 firms was used in estimation and170 (test2 ), 50 (test 2 ), and 50 (test 2 ) firms in testing.

135.2 Logit analysisWe selected the variables for the logit models in the same way as we did for thediscriminant analysis models. The selected models are presented in Table 11.SampleSizen=400n=200n=100Year1Cash Flow/Current Liab.Cash Fl./Current Liab.Cash Flow/Total DebtCash/Total AssetsCash/Total AssetsCash/Net SalesNet Worth/Total Liab.Equity/Net SalesCash/Total AssetsOperating Inc./Total Ass.Net Worth/Total Liab.Equity/Net SalesQuick Assets/Net SalesOperating Inc./Tot.Ass.Rate of Ret./ Comm. StockTotal Debt/Total AssetsQuick Assets/Net SalesRate of Ret./Comm. Stock2Cash Flow/Current Liab.Cash Fl./Current Liab.Cash Flow/Current Liab.Cash/Total AssetsCash/Total AssetsCurrent Liab./EquityEbit/Total AssetsEbit/Total Int. Paym.Ebit/Total AssetsQuick Assets/Net SalesEquity/Net SalesQuick Assets/Net SalesRate of Return/Comm. StockQuick Assets/Net SalesWorking Cap./Tot Ass.Tot. Liab./Net Cap. Emp.3Cash Flow/Current Liab.Cash Fl./Current Liab.Operating Inc./Total AssCash/Total AssetsCash/Total AssetsQuick Assets/Net SalesTotal Debt/Total AssetsEbit/Total AssetsTotal Debt/Total AssetsEquity/Net SalesTable 11. The logit-models one, two, and three years prior the failure.The prediction results using logit analysis with the largest sample size, 400 companies inestimation and 170 companies in testing are presented in Table 12. In comparison with theresults of discriminant analysis, the prediction accuracy is somewhat higher in all threeyears. Again, the results are stable so that the prediction accuracy increases whenapproaching the failure year.Similarly as with DA, the results are affected immediately when the data is reduced by50%. As Table 13 illustrates, one year prior to failure the prediction accuracy in theholdout sample varies between 63.4% and 74.5%. In the test data with the logisticfunction estimated from the sample of 400 firms the prediction accuracy was even higher,i.e., 75.9%. Two and three years prior to failure with the test1 andtest3 datasets thepredictionaccuracyis againincreasedwhilethetest2 dataindicatesthedecreaseinthepredictionaccuracy(whichshouldbethecase).AsTable14 indicates, decreasingthedatato100 firms affectsalsotheresults of theestimation.In additiontothecrossvalidationresults andtothetwo testdataresults thefunctionintheestimationsampleclassifiesthefirmsbetterthreeyearspriortofailurethanitdoestwoyearspriortofailure.Thetest1dataleadstoanoppositefinding.

14n=400n1=170estimationcrossvalidationtest1yearnfftnfftnfft181.577.579.581.076.578.880.071.875.9270.567.569.069.066.567.871.860.065.9363.064.063.562.063.062.561.267.164.2Table 12. Prediction accuracy when the data set of 400 firms was used in estimation and170 firms in testingn2001709090estimationcrossvalidationtest1test2test3yearnfftnfftnfftnfftnfft169.073.071.069.072.070.567.074.070.555.671.163.475.673.374.5262.079.070.561.076.068.542.477.660.044.475.660.037.877.857.8368.068.068.065.065.065.051.871.861.851.166.758.951.175.663.4Table 13. Prediction accuracy when the data set of 200 firms was used in estimation and170 (test1 ), 90 (test 2 ), and 90 (test 3 ) firms in testing.n1001705050estimationcrossvalidationtest1test4test5yearnfftnfftnfftnfftnfft176.080.078.072.074.073.075.363.569.468.060.064.076.072.074.0266.062.064.066.056.061.072.955.364.176.048.062.068.040.054.0366.072.069.058.070.064.050.675.363.052.080.066.052.076.064.0Table 14. Prediction accuracy when the data set of 100 firms was used in estimation and170 (test1 ), 50 (test 4 ), and 50 (test 5 ) firms in testing.

155.3 Neural networksThe neural networks were trained and tested extensively with different architecturesfocusing on the same aspects as in the previous sections using the backpropagationalgorithm and the SNNS neural network package.YearSize n=400Size n=200Size n=10012.Cash Flow/Current Liab.2.Cash Flow/Current Liab.1.Cash/Current Liab.5.Cash/Net Sales3.Cash Flow/Total Ass.2.Cash Flow/Current Liab.6.Cash/Total Ass.4.Cash Flow/Total Debt3.Cash Flow/Total Ass.7.Current Ass./Current Liab.6.Cash/Total Ass.5.Cash/Net Sales8.Current Ass./Net Sales7.Current Ass./Current Liab.6.Cash/Total Ass.9.Current Ass./Total Ass.8.Current Ass./Net Sales8.Current Ass./Net Sales10.Current Liab./Equity13.Inventory/Net Sales10.Current Liab./Equity13.Inventory/Net Sales17.Net Income/Total Ass.13.Inventory/Net Sales16.MV of Equity/BV of Debt18.Net Quick Ass./Inventory18.Net Quick Ass./Inventory17.Net Income/Total Ass.19.Net Sales/Total Ass.19.Net Sales/Total Ass.18.Net Quick Ass./Inventory20.Net worth / Total Liab.23.Quick Ass./Net Sales22.Quick Ass./Current Liab.21.Operating Income/Total Ass.28.Total Debt/Total Ass.24.Quick Ass./Total Ass.28.Total Debt/Total Ass.25.Rate of Return/Comm. Stock30.Working Cap./Net Sales28.Total Debt/Total Ass.32.Working Cap./Total Ass.29.Total Liab./Net Cap. Emp.30.Working Cap./Net Sales31.Working Cap./Net Worth32.Working Cap./Total Ass.22.Cash Flow/Current Liab1.Cash/Current Liab.2.Cash Flow/Current Liab3.Cash Flow/Total Ass.4.Cash Flow/Total Debt5.Cash/Net Sales4.Cash Flow/Total Debt5.Cash/Net Sales6.Cash/Total Ass.8.Current Ass./Net Sales6.Cash/Total Ass.7.Current Ass./Current Liab.18.Net Quick Ass./Inventory7.Current Ass./Current Liab.8.Current Ass./Net Sales19.Net Sales/Total Ass.9.Current Ass./Total Ass.9.Current Ass./Total Ass.22.QuickAss./Current Liab.12.Equity/Net Sales15.Long Term Debt/Net Cap.24.Quick Ass./Total Ass.17.Net Income/Total Ass.20.Net worth / Total Liab.26.Retained Earn./Total Ass.18.Net Quick Ass./Inventory23.Quick Ass./Net Sales28.Total Debt/Total Ass.19.Net Sales/Total Ass.28.Total Debt/Total Ass.29.Total Liab./ Net. Cap. Emp.22.Quick Ass./Current Liab.31.Working Cap./Net Worth33.Ebit/Total Ass.24.Quick Ass./Total Ass.33.Ebit/Total Ass.32.Working Cap./Total Ass.31.Cash/Current Liab.1.Cash/Current Liab.2.Cash Flow/Current Liab.2.Cash Fl./Current Liab.2.Cash Flow/Current Liab.6.Cash/Total Ass.4.Cash Flow/Total Debt7.Curr.Ass./Current Liab.8.Current Ass./Net Sales7.Curr.Ass./Current Liab.8.Current Ass./Net Sales9.Current Ass./Total Ass.13.Inventory/Net Sales9.Current Ass./Total Ass.14Long Term Debt/Equity16.MV of Equi/BV of Debt10.Current Liab./Equity15.Long Term Debt/Net Cap.17.Net Income/Total Ass.15.Long T,Debt/Net Cap.16.MV of Equi/BV of Debt18.Net Quick Ass./ Inventory23.Quick Ass./Net Sales17.Net Income/Total Ass.19.Net Sales/Total Ass.24.Quick Ass./Total Ass.20.Net Worth / Total Liab.20.Net Wort/ Total Liab.26.Ret. Earn./Total Ass.22.Quick Ass./Curr. Liab.23.Quick Ass./Net Sales28.Total Debt/Total Ass.23.Quick Ass./Net Sales26.Ret. Earn./Total Ass.29.Total Liab./NetCap.24.Quick Ass./Total Ass.28.Total Debt/Total Ass.32.Work. Cap./Total Ass.25.Rate of Ret./ComStock29.Tot.Liab./ Net Cap. Emp26.Ret. Earn./Total Ass.31.Work. Cap./Net Worth28.Total Debt/Total Ass.29.Total Liab./ Net Cap. Emp31.Working Cap./Net WorthTable 15a. The variables in the NN-models one and two years prior to failure.

16Below we give the results of these tests. The table layouts differ slightly from theprevious ones, as the estimation results are not relevant here. The variables in thedifferent neural network models were selected using a genetic algorithm. The models peryear are shown in Table 15.In the final network architecture the learning rate was 0.30 and the momentum parameterwas 0.20. The network had one hidden layer with four nodes. The results are presentedin table 16-18.The prediction rate for NN (80.0%, 75.0% and 70.0%) in Table 16 is higher than thatfor LA in Table 12 (78.8%, 67.8%, and 62.5%) and that for DA in Table 8 (76.0%,67.0% and 58.0%) for the crossvalidation set for all three years. In the test set, NN hashigher prediction accuracies for all three years prior to failure as well.Table 17 shows that the results are affected when the data set is decreased from 400 to200. The overall prediction rate decreases and the prediction accuracy three years prior tofailure is better than two years prior to failure as was the case also for DA and for LA andwhich should not be the case. The prediction accuracy one year prior to failure in thehold-out samples varies between 77.8% and 84.4%. The variation range is bigger than inthe DA- (70.0-73.0%) and about the same as in the LA experiments (63.4-74.5%). Theaccuracy in the holdout sample consisting of test3isbetterthreeyears prior tofailurethantwoyearspriortofailurewhichagainshouldnotbethecase.Table18showsthatthepredictionaccuracyis 76.7% inthevalidationsampleconsistingof 100 observations. Thepredictionaccuracyis againhigherthreeyears beforefailurethantwo years beforefailureinthecrossvalidationset. Thereis abigdrop inthepredictionaccuracywhen movingfromthecrossvalidationsettothetestsets, atmostalmost twenty percentage units (from 76.7% to 60.0%).n400170validationtest1yearnfftnfft176.783.380.074.181.277.7265.085.075.063.572.968.2361.778.370.054.176.565.3Table 16. Prediction accuracy when the data set of 400 firms was used in validation and170 firms in testing.n2001709090validationtest1test2test3yearnfftnfftnfftnfft176.776.776.775.381.278.286.782.284.477.877.877.8266.770.068.360.061.260.666.762.264.460.055.657.8380.063.371.760.060.060.064.462.263.360.060.060.0Table 17. Prediction accuracy when the data set of 200 firms was used in estimation and170 (test1 ), 90 (test 2 ), and 90 (test 3 ) firms in testing.

17n1001705050validationtest1test4test5yearnfftnfftnfftnfft173.380.076.764.772.968.864.056.060.068.076.072.0253.380.066.765.969.467.764.060.062.056.064.060.0346.793.370.065.982.465.940.084.062.044.076.060.0Table 18. Prediction accuracy when the data set of 100 firms was used in validation and170 (test1 ), 50 (test 4 ), and 50 (test 5 ) firms in testing.5.4. Symbolic rulesWe use the genetic algorithm DOGMA by Hekanaho (1997), that can take advantage ofboth background domain knowledge and examples, to learn the rules. Since DOGMA isonly able to work on discrete data, we have applied a discretiser that turns the continuousdata into discrete intervals. We applied the Discretize utility in the MLC++ program,Kohavi et al (1994), with its default settings. This performs an entropy baseddiscretisation of the examples. The result is a set of variables, and for each selectedvariable a set of intervals. Tables 19a-c show the variables selected by the discretiser.Size=400Size=200Size=1001.Cash/Current Liab.1.Cash/Current Liab.2.Cash Flow/Current Liab.2.Cash Flow/Current Liab.2.Cash Flow/Current Liab.3.Cash Flow/Total Ass.3.Cash Flow/Total Ass.3.Cash Flow/Total Ass.4.Cash Flow/Total Debt4.Cash Flow/Total Debt4.Cash Flow/Total Debt8.Current Ass./Net Sales5.Cash/Net Sales5.Cash/Net Sales12.Equity/Net Sales6.Cash/Total Ass.6.Cash/Total Ass.16.MV of Equity/BV of7.Current Ass./Current Liab.7.Current Ass./Current Liab.17.Net Income/Total Ass.8.Current Ass./Net Sales11.Ebit / Total Interest19.Net Sales/Total10.Current Liab./Equity12.Equity/Net Sales20.Net worth / Total Liab.11.Ebit / Total Interest16.MV of Equity/BV of Debt23.Quick Ass./Net Sales12.Equity/Net Sales17.Net Income/Total Ass.26.Retained Earn./Total13.Inventory/Net Sales18.Net Quick Ass./Inventory28.Total Debt/Total Ass.14Long Term Debt/Equity19.Net Sales/Total Ass.29.Total Liab./ NetCap.16.MV of Equity/BV of20.Net worth / Total Liab.32.Working Cap./Total17.Net Income/Total Ass.21.Operating Income/Total18.Net Quick Ass./Inventory22.Quick Ass./Current Liab.19.Net Sales/Total Ass.23.Quick Ass./Net Sales20.Net worth / Total Liab.26.Retained Earn./Total Ass.21.Operating Income/Total27. Total debt / Equity22.Quick Ass./Current Liab.28.Total Debt/Total Ass.23.Quick Ass./Net Sales29.Total Liab./ NetCap. Emp.25.Rate of Ret./ComStock32.Working Cap./Total Ass26.Retained Earn./Total Ass.33.Ebit/Total Ass.27. Total debt / Equity28.Total Debt/Total Ass.29.Total Liab./ NetCap.30. Working Capital/Net31.Working Cap./Net Worth32.Working Cap./Total Ass33.Ebit/Total Ass.Table 19a. The variables in the DOGMA-models one year prior to failure.

18Size=400Size=200Size=1001.Cash/Current Liab.1.Cash/Current Liab.8.Current Ass./Net2.Cash Flow/Current Liab.2.Cash Flow/Current Liab.12.Equity/Net Sales3.Cash Flow/Total Ass.3.Cash Flow/Total Ass.19.Net Sales/Total Ass.4.Cash Flow/Total Debt4.Cash Flow/Total Debt6.Cash/Total Ass.6.Cash/Total Ass.7.Curr.Ass./Current Liab.7.Curr.Ass./Current Liab.10.Current Liab./Equity11. Ebit / Total Interest11. Ebit / Total Interest12.Equity/Net Sales12.Equity/Net Sales13.Inventory/Net Sales13.Inventory/Net Sales16.MV of Equi/BV of Debt16.MV of Equi/BV of Debt17.Net Income/Total Ass.17.Net Income/Total Ass.19.Net Sales/Total Ass.19.Net Sales/Total Ass.20.Net Wort/ Total Liab.20.Net Wort/ Total Liab.22.Quick Ass./Curr. Liab.22.Quick Ass./Curr. Liab.26.Ret. Earn./Total Ass.25.Rate of Ret./ComStock28.Total Debt/Total Ass.26.Ret. Earn./Total Ass.29.Total Liab./ Net Cap. Emp27. Total debt / Equity28.Total Debt/Total Ass.29.Total Liab./ NetCap. Emp.33.Ebit/Total Ass.Table 19b. The variables in the DOGMA-models two years prior to failure.Size=400Size=200Size=1001.Cash/Current Liab.2.Cash Flow/Current Liab.13.Inventory/Net Sales2.Cash Flow/Current Liab.3.Cash Flow/Total Ass.28.Total Debt/Total Ass.3.Cash Flow/Total Ass.11.Ebit / Total Interest29.Total Liab./ Net Cap.4.Cash Flow/Total Debt12.Equity/Net Sales11.Ebit / Total Interest13.Inventory/Net Sales12.Equity/Net Sales16.MV of Equi/BV of Debt13.Inventory/Net Sales20.Net Wort/ Total Liab.16.MV of Equity/BV of Debt25.Rate of Ret./ComStock17.Net Income/Total Ass.26.Ret. Earn./Total Ass.18.Net Quick Ass./Inventory28.Total Debt/Total Ass.20.Net Wort/ Total Liab.29.Total Liab./ NetCap.25.Rate of Ret./ComStock26.Ret. Earn./Total Ass.28.Total Debt/Total Ass.29.Total Liab./ NetCap. Emp.Table 19c. The variables in the DOGMA-models three years prior to failure.The evaluation was performed in the following manner. First we discretised the data andrun a well-known machine learning program C4.5Rules (Quinlan 1993) on it. Then, inthe second step, we run DOGMA on the discretised data using the rules generated byC4.5Rules as background knowledge. Notice that we could also have run DOGMAdirectly on the discretised data to obtain similar results. The use of background rules ishowever motivated, because the rules are used to automatically set some parameters in thesystem.The prediction results on the large dataset of 400 example companies are summarised inTable 20. The results for the second and third year are better than for the other methods,whereas the first year results are comparable to logit and discriminant analysis and slightly

19worse than the neural network model. One interesting observation conserning the modelcomplexities is that the number of rules increases as we use the second and third yeartraining sets. See column #r in Table 20. This means that from the first year training dataDOGMA is able to learn quite a simple and strong model, consisting of only one rule ineach class. However, for the second and third year data the models get more complicatedand less accurate.When we move on to the smaller sample of 200 companies we notice, in Table 21, adecrease of the second and third year accuracies. However, the second year performanceis clearly better than for the other methods. The third year is similar to logit analysis, butworse than discriminant analysis.As can be seen in Table 22, also the first year prediction accuracy drops when the smallestsample of 100 companies is used. For each year DOGMA learns simple models,consisting of 3-4 rules. But quite clearly the size of the sample is becoming too small tosupport accurate estimation of the underlying distribution.Comparing the training accuracies and test accuracies of test1 we noticethathetrainingaccuraciesareconsistentlysuperior. Thedifferencevariesbetween5.4% and1 6 . 2 % units. Thus eventhough thefitness functionof DOGMAis builttoavoidoverfitting,someoverfittingisoccuring,indicatingthatsomefitnessparametersarenotsetoptimally.Apossible remedytothiswould betofindmoreaccuratevaluesfor theparameters byperformingmoreelaborateparametertuningrunsonthetrainingsets.n400170trainingtest1yearnfft#rnfft190.074.582.31+189.462.475.9273.083.078.04+169.475.372.4381.071.076.05+363.568.265.9Table 20. Prediction accuracy and number of rules when the data set of 400 firms wasused in estimation and 170 firms in testing. The #r column gives the number of rules in thelearned model for each class.n2001709090trainingtest1test2test3yearnfft#rnfftnfftnfft186.085.085.54+189.464.777.186.766.776.791.160.075.6278.085.081.54+160.070.665.353.375.664.464.464.464.4385.069.077.02+268.255.361.864.455.660.066.755.661.1Table 21. Prediction accuracy when the data set of 200 firms was used in estimation and170 (test1 ), 90 (test 2 ), and 90 (test 3 ) firms in testing.

20n1001705050trainingtest1test4test5yearnfft#rnfftnfftnfft180.088.084.03+181.262.471.884.064.074.068.056.062.0236.096.066.02+130.684.757.624.080.052.024.092.058.0380.076.078.02+172.949.461.264.048.056.076.036.056.0Table 22. Prediction accuracy when the data set of 100 firms was used in estimation and170 (test1 ), 50 (test 4 ), and 50 (test 5 ) firms in testing.

216. ConclusionsIn this study we have investigated whether changes in the sample size affect the predictionaccuracy for logit analysis, discriminant analysis, neural networks and machine learningas to which method is best. We have used both crossvalidation for LA, DA and NN andhold-out samples for all four methods. The sample sizes have consisted of 400, 200 and100 observations and the hold-out samples have consisted of 170, 90 and 50observations.Our study shows that in the crossvalidation set one year prior to failure and three yearsprior to failure NNs have the highest prediction accuracy for all three sample sizes. NNshave the highest prediction accuracy in the validation set with 400 observations also fortwo years prior to failure. However, this does not hold for the set with 200observations,where LA has the best prediction accuracy and for the set of 100observations, where DA is best. It is clear that NNs have the best overall outcome in thevalidation set independently whether the sample size is 400, 200 or 100. The differencesin the accuracy are rather clear in the sample size of 400 observations two and three yearsprior to failure but less clear one year prior to failure while the differences are somewhatbigger in the sample size of 100 observations. However, we have not tested whether thedifferences are statistically significant.Considering the holdout samples we found that NNs perform best one year prior tofailure in the test sample with 170 observations and 90 observations but two years priorto failure the machine learning method performs best in the test sample with 170observations as well as in the test sample with 90 observations. However, there is no bestperformer in the smallest hold-out sample. Three years prior to failure the machinelearning is slightly better than NN in the test sample with 170 observations. The decreasein the prediction accuracy is bigger for NNs than for DA and LA. There is no clear bestperformer in the test samples with 90 and 50 observations.The results show that neural networks and the machine learning method perform overallbest where the sample size is 400 while there is no overall best performer when thesample size is decreased to 200 and 100 observations. Our results contradict the resultsachieved by Altman et al. (1994), who found little or no difference in classificationperformance between neural networks and discriminant analysis.We do no agree with Triqueiros and Taffler (1996), who criticised NN studies for usingtoo many fitted coefficients in the prediction models. There are no exact rules as to thenumber of fitted coefficients, only rules of thumbs. We have exceeded in this study therule of thumb of restricting the number of coefficients to a maximum of 10% in our smalland medium size samples. The results for the holdout samples give some evidence thatthere is a bigger decrease in the prediction accuracy for NNs in the small holdout samplethan for DA and LA. This is not the case in the medium and big holdout samples.AcknowledgmentsAn earlier version of this article has been published in the Proceedings of the ThirdConference on AI in Accounting, Finance and Taxation. The work has been supported bythe Academy of Finland and Liikesivistysrahasto. We like to thank Marko Gr�nroos whotrained and tested the neural networks used in this work.

22ReferencesAltman, E. (1968). Financial ratios, discriminant analysis and the prediction of corporatebankruptcy. The Journal of Finance 4 (September), 589-609.Altman, E., R. Haldeman & P. Narayanan (1977). ZETA analysis. A new model toidentify bankruptcy risk of corporations. Journal of Banking and Finance 1, 29-54.Altman, E., G. Marco & F. Varetto (1994). Corporate Distress diagnosis: Comparisonsusing linear discriminant analysis and neural networks (the Italian experience). Journal ofBanking and Finance 18, 505-529.Back, B., T. Laitinen & K. Sere (1996). Neural networks and bankruptcy prediction:Funds flows, accrual ratios, and accounting data. Advances in Accounting 14, 23-37.Beaver, W. (1966). Financial ratios as predictors of failure. Empirical research inaccounting. Selected Studies, 71-111.Blum, M. (1974). Failing company discriminant analysis. Journal of AccountingResearch 12:1 (Spring), 1-25.Coats, P. K. & L. F. Fant (1991). A neural network approach to forecasting distress.The Journal of Business Forecasting (Winter), 9-12.Deakin, E. (1972). A discriminant analysis of predictors of business failure. Journal ofAccounting Research 1 (Spring), 167-179.Edminster, R. (1972). An empirical test of financial ratio analysis for small businessfailure prediction. Journal of Financial and Quantitative Analysis 2 (March), 1477-1493.El Hennawy, R. H. A. & R. C. Morris (1983). The significance of base year indeveloping failure prediction models. Journal of Business Finance & Accounting 10:2(Summer), 209-223.Fitzpatrick, P.J. (1932). A comparison of ratios of successful industrial enterprises withthose of failed firms. Certified Public Accountant. 12. October, November, December.598-605, 656-662, 727-731.Fletcher, D. & E. Goss (1993). Forecasting with neural networks. An application usingbankruptcy data. Information & Management. 24. 159-167.Goldberg, D. (1989). Genetic Algorithms in Search, Optimization, and MachineLearning. Addsion-Wesley, Reading, MA.Hair, J., Anderson, R., Tatham, R. and Black,W. (1992). Multivariate Data Analysis.Macmillan Publishing Company. New York, NY.Hecht-Nielsen, R. (1991). Neurocomputing. Addison-Wesley.Reading, MA.Hekanaho J. (1997). GA-based rule enhancement in concept learning. In Proceedings ofthe 3rd International Conceference on Knowledge Discovery and Data Mining, NewportBeach, CA. AAAI Press, 183-186.Hertz, J., Krogh, A. and Palmer, R.(1991). Introduction to the Theory of NeuralComputing, Addison-Wesley.Reading, MA.Kohavi, R., John, G., Long, R. and Manley, D. (1994). MLC++: A Machine Learning

23Library in C++. In Tools with Artificial Intelligence, IEEE Computer Society Press. 740-743.Merwin, C.L. (1942). Financing small corporations in five manufacturing industries1926-36. New York. National Bureau of Economic Research.Michalski, R.S. (1983). A theory and methodology of inductive learning. In Michalski,R.S., Carbonell, J. and Mitchell, T. (Eds.). Machine Learning: An AI Approach. MorganKaufmann.Ohlson, J. (1980). Financial ratios and the probabilistic prediction of bankruptcy. Journalof Accounting Research 18:1, 109-131.Quinlan, J.R. (1990). Learning logical definitions from relations. Machine Learning, 5,239-266.Quinlan, J.R. (1993).C4.5: Programs for machine learning. Morgan Kaufmann. SanMateo.Quinlan, J.R. (1995). MDL and categorical theories (continued). In Proceedings of the12th International Conference on Machine Learning, Tahoe City, CA. MorganKaufmann, 464-470.Ramser, J.R. & L.O. Foster (1931). A demonstration of ratio analysis. Bulletin No. 40.Urbana: University of Illinois. Bureau of Business Research.Rissanen, J. (1989). Stochastical complexity in statistical inquiry. World Scientific.Singapore.Salchenberger, L., E. Cinar & N. Lash (1992). Neural networks: A new tool forpredicting thrift failures. Decision Sciences, Vol. 23, No. 4. 899-916.SAS 1988:910).SAS 1990).Shannon, C. E. and Weaver, W. (1949). The mathematical theory of communication.The university of Illinois Press. Urbana.Tam, K. & M. Kiang (1992). Managerial applications of neural networks: The case ofbank failure predictions. Management Science 38:7 (July), 926-947.Trigueiros, D. & R. Taffler (1996). Neural networks and empirical research inaccounting. Accounting and Business Research 26:4, 347-355.Wilson, R. L. & R. Sharda (1994). Bankruptcy prediction using neural networks.Decision Support Systems 11, 545-557.Winakor, C.H. & R.F. Smith (1935). Changes in financial structure of unsuccessfulindustrial companies. Bulletin No. 51. Urbana: University of Illinois Press. Bureau ofEconomic Research.

Turku Centre for Computer ScienceLemmink�isenkatu 14FIN-20520 TurkuFinlandhttp://www.tucs.abo.fi/ University of Turku• Department of Mathematical Sciences�bo Akademi University• Department of Computer Science• Institute for Advanced Management Systems ResearchTurku School of Economics and Business Administration• Institute of Information Systems Science