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ABSTRACT

A large number of empirical studies have used univariate and multivariate statistical methods when examining the effectiveness of appropriately selected corporation data in constructing company default prediction models. Having accurate evaluation methods has become increasingly important since the New Basel Capital Accord linked the banks’ capital requirements to the banks’ models for company default prediction. Solutions are now urgently needed in view of the current global financial crisis which is having serious effects on the overall word economic system and is making it extremely difficult for banks to grant credit, and for firms to obtain it.

The empirical studies mentioned mostly rely on Multivariate Discriminant Analysis (MDA) and Logistic Regression Analysis (LRA); and they mainly focus on large and medium-sized enterprises.

Our study applies Artificial Neural Network Analysis (ANNA) to a sample of over 6,000 small Italian firms, with a view to developing and testing default prediction models based on an appropriately selected set of financial-economic ratios.

Our results show that: i) when compared to traditional statistical methods (MDA and LRA), ANNA can make a better contribution to decision support systems for Small Enterprise (SE) credit-risk evaluation; and ii) when the decisional function is separately calculated according to size, geographical area and business sector, ANNA prediction accuracy is markedly higher for the smallest-sized firms and for firms operating in Central Italy.
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* Section “Introduction” is authored by Carlo Vallini; sections “The Data Set And The Selection of Variables”, “Construction and Testing of Prediction Models: MLP Neural Network Analysis compared to MDA and LRA” and “Conclusions” are authored by Francesco Ciampi, while sections “Small Firm default prediction modeling and neural networks analysis: a brief review of the literature”, “Construction and Testing of Prediction Models: Using an Artificial Neural Network Model”, “Construction and Testing of Prediction Models: MLP Neural Networks Analysis by Size, Geographical Area and Business Category” are authored by Niccolò Gordini. 
INTRODUCTION

Until a firm was a far simpler entity a valid evaluation of its reliability could be obtained by merely assessing the reliability of the person running the business, usually the owner. An evaluation could be made very quickly, whether it was an intuitive assessment of the entrepreneur’s psychological qualities or was based on the firm’s earnings and cash flows. In the course of time, firms have become increasingly complex systems, which can change dramatically within a short space of time. Ownership and management are now often separate; management structure has become much more articulated; and the different managerial functions can no longer be traced back to a single person. For these reasons, a tendency has developed to evaluate the make-up of the object managed (the firm) rather than that of the subject managing this (the entrepreneur). The characteristics of a firm have, in fact, a great impact on its evolution over time, whatever the entrepreneur’s personal abilities may be.

When time is short, and evaluations are required for a large number of firms, it is extremely difficult to arrive at a good qualitative analysis of such factors as the management’s attitudes and abilities, or of the make-up of a firm’s competitive opportunities. Consequently, appropriately selected account data combined with suitable statistical methods become the only real option available for the construction of models which can evaluate a firm’s default risk profile
. 

There is the question, however, of whether such models are really valid, credible tools, and therefore effective and useful. Unfortunately, the reliability of the models used up to now seems to be very limited
. 

It is not yet possible to determine all the effects on the real economy of the present crisis that is causing such turmoil in the global financial system. One of the causes of this crisis was the excessive trust that rating agencies and financial institutions placed in their models for rating and/or scoring
 firms, individuals, financial products, and investment programs. The need is felt to move forward by looking for more advanced tools and methods which will be able to give early advance warning of the faintest signs that a firm is getting into trouble, financially and/or economically. Tools are wanted which could foresee the development of weaknesses which might make a firm more vulnerable to potential external factors, including completely new situations, which cannot be predicted by simple extrapolation. Tools which can also reduce the characteristic procyclical effect of the in-house default risk evaluation models which are commonly adopted by financial institutions.

Since the mid-1960s, a large number of studies (Altman, 1968
; Beaver, 1967, 1968; Blum, 1969; Deakin, 1972) have shown that a suitably weighted set of financial and economic ratios can effectively be used to evaluate risk default in firms.

Such studies mainly used “traditional” statistical methods such as multivariate discriminant analysis (MDA) and logistic regression (LRA)
. In addition, attention was almost invariably focused on large and medium-sized firms. Only a small number of studies pointed out that specific default risk evaluation modeling systems are required to evaluate the risk profiles of smaller-sized firms (Edmister, 1972; Altman, & Sabato, 2005, 2006; Ciampi, & Gordini, 2008; Vallini, Ciampi, Gordini, & Benvenuti, 2008)
. Small firms are different in that owners and managers are often one and the same, for example; management is more centralized, less articulated; managers are less versed in the complexities of financial administration; and accounts are less “transparent” (e.g., Ciampi, 1994).

Using Artificial Neural Networks Analysis (ANNA) for corporate default risk evaluation modeling (Odom, & Sharda, 1990) would seem to solve problems caused by the implicit limitations of previously adopted methods. To the extent that ANNA could be a suitable tool for evaluating a person’s reliability on the basis of such factors as age, education, work and talents.

In this paper, we set out the results of a study conducted to test the effectiveness of using ANNA for small firm
 default prediction based on a set of suitably selected balance sheet ratios, and to draw a comparison with MDA and LRA.

SMALL FIRM DEFAULT PREDICTION MODELING AND NEURAL NETWORKS ANALYSIS: A BRIEF REVIEW OF THE LITERATURE

The use of multivariate discriminant analysis (MDA) and logistic regression analysis (LRA) for company default prediction modeling based on accounting data (e.g., Altman, 1968, 1993; Altman, Brady, Resti, & Sironi, 2005; Altman, Haldeman, & Narayanan, 1977; Beaver, 1967, 1968; Blum, 1969, 1974; Deakin, 1972; Edmister, 1972; Ohlson, 1980) has not always been considered free from defects. Questions have been raised as to whether these methods are effectively applicable when the prediction variables adopted refer to balance sheet ratios which are not linear, normal, and most importantly are not completely independent of one another (e.g., Ohlson, 1980; Karels, & Prakash, 1987; Odom, & Sharda, 1990).

Artificial neural networks analysis (ANNA) is non-parametric and non-linear. It can therefore rise above these problems and may consequently be, theoretically, a better, more accurate classification tool (Lacher, Coats, Sharma, & Fant, 1995; Sharda, & Wilson, 1996; Tam, & Kiang, 1992; Wilson, & Sharda, 1994).  Several empirical studies (e.g., Odom, & Sharda, 1990)
, have already shown ANNA to be more effective than LRA or MDA for company default prediction modeling. Fletcher and Gross (1993) show that ANNA with a Multi-Layer Perceptron (MLP) architecture gives greater accuracy than logistic regression (91.7% compared to 85.4%). Similar results were obtained by Salchenberger, Cinar and Lash (1992) and Zhang, Hu and Patuwo (1999)
. Coats and Fant (1993) analyze various time periods (from 1 to 3 years) when they compare ANNA with MLP architecture to MDA. They find prediction accuracy of between 81.9% and 95.0% for the former and from 83.7% to 87.9% for MDA.

Tam and Kiang (1992) use a set of financial ratios collected from a group of Texan banks. They show that ANNA with MLP architecture is generally more accurate for predictions than are MDA, LRA, k-Nearest Neighbor (k-NN), and the ID3 algorithm.

Jo, Han and Lee (1997) compare ANNA, MDA and Case Based Reasoning (CBR). They find correct classification in 83.79% of cases with ANNA, 82.22% with MDA, and 81.52% with CBR. Fanning and Cogger (1994) compare ANNA to MDA, LRA, Multivariate Adaptive Regression Splines (MARS), and the C4.5 algorithm. The prediction accuracy they obtain is 82.4% for ANNA and between 61.8% and 79.45 for the other statistical methods
.

THE DATASET AND THE SELECTION OF VARIABLES 

The sample of firms and the set of balance sheet ratios in the present study are the same as those used in another recent research project (Vallini, Ciampi, Gordini & Benvenuti, 2008) aiming to investigate how useful account data combined with traditional statistical methods (MDA and LRA) is for the purpose of the construction of models for the prediction of small firm default.

The sample was selected using the case vs. control group method and was made up of 6,113 firms drawn from the CERVED database. This contains the account records collected by the network of local Chambers of Commerce, and covers all limited companies operating in Italy. We chose to define insolvency/default as the beginning of formal legal proceedings for debt (bankruptcy, forced liquidation, etc.). This definition is narrower than that generally applied in bank rating models as these judge default to be the onset of serious financial distress which borrowers cannot solve unaided, and through which the credit and loans granted may be lost. 

The group of “cases” was made up of all the Italian firms included the CERVED Database and operating in the manufacturing, building and service industries which became insolvent in 2005 and which had sent in a regular balance sheet as required in 2001. We did not include property companies or financial companies. 3,063 firms fitted our definition.

The “control” group was made up of firms that were solvent (”non-defaulting”) at the end of 2005. In this connection. we adopted a process of stratified random sampling, with the aim to obtain a sample composition as similar as possible to the group of defaulting firms in regard to three classification criteria: i) size (four sizes of turnover
 as in Table 1); ii) geographical location (NW, NE, Centre and South); and iii) business sector (manufacturing, building and services)
. 3,050 non-defaulting firms were selected.
Table 1: Sample formation (percentages)
	
	Defaulting firms
	Non-defaulting firms 

	Geographical Area
	
	

	North West
	29.1
	29.6

	North East
	16.8
	21.5

	Centre
	27.6
	23.6

	South
	26.5
	25.2

	Business Sector
	
	

	Manufacturing
	38.4
	36.2

	Building
	13.7
	12.6

	Services
	47.9
	51.3

	Size (Turnovers in Euros)
	
	

	Below 0.2 million
	24.8
	33.2

	0.2-0.7 million
	25.0
	22.6

	0.7-1.8 million
	25.2
	19.4

	Above 1.8 million
	25.0
	24.8

	Total number of firms
	3,063
	3,050


Table 1 gives the breakdown of our complete sample
 (6,113 firms). Three-quarters of the firms had turnovers of less than 1.8 million Euro and can therefore be classed as small enterprises (SEs).

The initial set of variables we studied as potential risk predictors
 are listed in Table 2
.
Table 2: Balance sheet ratios (averages for each group)

	
	Defaulting Firms
	Non defaulting firms

	Return on equity
	-2.7
	4.8

	Return on investment
	0.0
	4.0

	Return on sales
	0.1
	3.7

	Value added/turnover
	17.6
	22.0

	Ebitda/turnover
	2.1
	7.1

	Ebitda/cash flow
	86.3
	115.0

	Interest charges/turnover
	3.4
	2.1

	Interest charges/ebitda
	45.8
	22.0

	Turnover/number of employees
	199.4
	206.6

	Value added/number of employees
	36.0
	45.9

	Long term assets/number of employees
	55.8
	64.2

	Cash flow/total debts
	3.0
	10.1

	Cash Flow/turnover
	2.4
	6.1

	Interest charges/bank loans
	11.9
	11.6

	Bank loans/turnover
	20.0
	13.5

	Net financial position/turnover
	138.4
	110.8

	Total debts/(total debts+equity)
	90.3
	77.1

	Financial debits/equity
	217.0
	96.9

	Total debts/ebitda
	1082.9
	625.1

	Equity/Long term material assets
	84.1
	120.1

	Current ratio
	93.7
	112.3

	Acid test ratio
	5.2
	13.1

	Turnover/net operative assets
	103.9
	109.6


For the purposes of selecting those variables which could best predict company default and which also had the lowest possible correlation levels, multicollinearity analysis was carried out, through the VIF (Variance Inflation Factor) Method. This was followed by the variable-reduction process known as the Stepwise Method
. These processes enabled us to reduce the significant ratios to ten (Table 3).
Table 3: Variables selected via Multicollinearity Analysis 

and Stepwise Method 

	Variables
	P-Value

	CASH FLOW/TOTAL DEBTS
	0.000

	TOTAL DEBTS/(TOTAL DEBTS+EQUITY)
	0.000

	ACID TEST RATIO
	0.000

	INTEREST CHARGES/TURNOVER
	0.000

	CURRENT RATIO
	0.000

	EQUITY/LONG TERM MATERIAL ASSETS
	0.000

	ROI
	0.000

	NET FINANCIAL POSITION/TURNOVER
	0.000

	LONG TERM ASSETS/NUMBER OF EMPLOYEES
	0.000

	INTEREST CHARGES/BANK LOANS
	0.000


CONSTRUCTION AND TESTING OF PREDICTION MODELS

The purpose of the present study was to test the potential accuracy of default prediction models constructed using ANNA with MLP architecture and to compare the results with those obtained from more traditional techniques (MDA and LRA). Our analysis was made first on the total sample (aggregate level), then according to size, business sector and location (evaluating the separate marginal distribution of these three classification variables), and finally combining the variables in pairs (location+size, business sector+size, and business sector+location).

Using an Artificial Neural Networks Model

Multi-Layer Perceptron (MLP) architecture is among the most frequently adopted ANNA structures in corporate default prediction research (Altman, Marco, & Varetto, 1994; Odom, & Sharda, 1990; Zhang, Hu, & Patuwo,1999).

Mainstream literature (Cybenko, 1989; Hornik, 1991; Lippmann, 1987; Patuwo, Hu, & Hung, 1993; Zhang, Hu, & Patuwo,1999) agrees that a neural network whose structure has an input layer, a hidden layer, and an output layer is generally sufficient when dealing with classification problems.

For the present study, we therefore decided to adopt a neural networks model with a 3-layer (input, hidden and output) MLP structure, with 10 (n1) neurons in the input layer, a variable number of neurons in the hidden layer (n2, with n1>n2, of course), and 1 (n3) neuron in the output layer, which will give us the final result.

The 10 input neurons in the structure we used are shown in Table 3. The output layer with its single neuron can have a value of 0 (for firms classified as defaulting) or of 1 (for firms classified as non-defaulting). The number of neurons in the hidden layer (n2) varied depending on the level the analysis was made (on the whole dataset, on different size groups, on diverse geographical areas, on diverse business sectors, combining the classification variables in pairs).

MLP Neural Networks Analysis compared to MDA and LRA

Table 4 shows the synthesis results calculated on the aggregate sample using ANNA, MDA, and LRA.
The “0 Observed state” line shows the percentage of correctly classified insolvent firms and the percentage of misclassified insolvent firms (Type 1 error). The line “1 Observed state” gives the percentage of misclassified non-defaulting firms (Type II error) and the percentage of correctly classified non-defaulting firms. The last two columns show the global (average) results obtained using the 3 statistical methods, and the average increase in accuracy obtained via ANNA, compared to MDA and LRA.

Table 4: Validity test of neural function on defaulting and non-defaulting firms and comparison with discriminant function and logistic function (percentages)

	Statistical method
	Observed state
	Predicted state
	Correctly (incorrectly) classified firms
	Improvement in prediction accuracy obtained through NNA

	
	
	0
	1
	
	

	NNA
	Defaulting firms
	0
	77.2
	22.8
	68.4 (31.6)
	

	
	Non-defaulting firms
	1
	40.4
	59.6
	
	

	MDA
	Defaulting firms
	0
	74.4
	25.6
	65.9 (34.1)
	3.8

	
	Non-defaulting firms
	1
	42.6
	57.4
	
	

	LRA
	Defaulting firms
	0
	76.4
	23.6
	67.2 (32.8)
	1.8

	
	Non-defaulting firms
	1
	42,0
	58,0
	
	


The neural function correctly classified over two-thirds of the whole sample (68.4%), with a 22.8% Type 1 error and 40.4% Type 2 error.

Overall prediction accuracy using ANNA is higher than with LRA (+1.8%) and with MDA (+3.8%). Using MDA, 74.4% of defaulting firms and 57.4% of non-defaulting firms were accurately predicted. We wish to stress that the structure of our ANNA model was extremely simple and could presumably be improved upon, thereby becoming probably more accurate. The high Type II error values in all three methods (40.4% in NNA, 42.6% in MDA, and 42.0% in LRA) is probably due to the narrowly-defined criteria adopted in terms of determining company default. Formal legal proceedings for debt recovery may happen very late, when a firm has, in effect, been irremediably in a state of crisis for some time. 

MLP Neural Networks Analysis by Size, Geographical Area and Business Category

When ANNA is applied separately for each size group, the synthesis results (Table 5) give a significantly higher level of overall prediction classification accuracy (72.8%) than when the analysis is applied on an aggregate basis (68.4%). The prediction accuracy increases progressively with an increase in company size. 71.3% of the smallest firms are correctly classified, compared to 75.6% of the largest ones.
Table 5: Validity test of neural function calculated for each size group (percentages)

	Size group
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	Size 1
	29.0
	70.2 (72.4)
	29.8 (27.6)
	71.3

	Size 2
	24.0
	76.9 (66.5)
	23.1 (33.5)
	71.7

	Size 3
	22.0
	86.6 (59.0)
	13.4 (41.0)
	72.8

	Size 4
	25.0
	78.9 (72.3)
	21.1 (27.7)
	75.6

	Total
	
	
	
	72.8


Size Group 1 has the lowest Type II error (27.6%) and the highest Type I error (29.8%).

In Size Group 2, 76.9% of defaulting firms are correctly classified, as are 66.5% of non-defaulting firms.

Size Group 3, the smallest of the four groups, shows a further slight increase in prediction accuracy (72.8%), the lowest percentage of Type I error (only 13.4%) but also the highest Type II error percentage (41.0%).

75.6% of firms are correctly classified in Size Group 4, which is over 4 points higher than in Size Group 1.

If neural, discriminant and logistic functions are calculated separately for each size group and compared (Table 6), we see that:

a) MDA and LRA also have higher rates of overall prediction accuracy when applied per size group, than when calculated on the aggregate sample and, again, this accuracy increases in the larger-sized firms; and

Table 6: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated for each size group (percentages)
	Size group
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	Size 1
	64.0
	64.0
	71.3
	11.4
	11.4

	Size 2
	68.0
	68.7
	71.7
	5.4
	4.4

	Size 3
	71.4
	69.0
	72.8
	2.0
	5.5

	Size 4
	72.9
	73.3
	75.6
	3.7
	3.1

	Total
	68.8
	68.5
	72.8
	5.8
	6.3


b) even with a simple architecture, ANNA gives higher levels of prediction accuracy in all size groups. Average improvement is 5.8% compared to MDA and 6.3% compared to LRA. The increase is proportionally much higher in Size Group 1 (+11.41% compared to both MDA and LRA), and for Size Group 2 (+5.4% compared to MDA and +4.4% compared to LRA). Consequently, ANNA correct classification percentages are far less variable (regarding size groups) than those obtained using LRA or MDA.

Table 7: Validity test of neural function calculated for separate geographical areas (percentages)

	Geographical areas
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	NW
	29.0
	80.6 (63.7)
	19.4 (36.3)
	72.2

	NE
	20.0
	78.1 (64.7)
	21.9 (35.3)
	71.4

	Centre
	26.0
	77.8 (63.6)
	22.2 (36.4)
	70.7

	South
	25.0
	73.2 (60.8)
	26.8 (39.2)
	67.0

	Total
	
	
	
	70.4


The prediction accuracy of the neural function separately calculated for each geographical area (Table 7) is again higher (70.4%) than that obtained on the aggregate sample (68.4%). Accuracy levels are higher among firms operating in the north (NW 72.2%, NE 71.4%) rather than in Central Italy (70.7%) and far higher than among firms in the South (67.0%). Southern firms have both the highest Type 1 error (26.8%) and the highest Type II error (39.2%).

Table 8 compare the three statistical methods applied separately for each geographical area. ANNA gives higher accuracy rates in all the geographical areas. There is an average increase in accuracy of 3.7% compared to MDA and of 2.9% compared to LRA. The highest increases are in firms in Central Italy (+5.8% compared to MDA and +5.4% compared to LRA), while the increase is lower in the North East (+2.3% compared to MDA and +1.1% compared to LRA). In this case, however, ANNA did not achieve significantly lower levels of correct classification variability among the 4 groups.
Table 8: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated for each geographical area (percentages)
	Geographical areas
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	NW
	70.0
	70.8
	72.2
	3.1
	2.0

	NE
	69.8
	70.6
	71.4
	2.3
	1.1

	Centre
	66.8
	67.1
	70.7
	5.8
	5.4

	South
	64.9
	65.1
	67.0
	3.2
	2.9

	Total
	67.9
	68.4
	70.4
	3.7
	2.9


Table 9: Validity test of neural function calculated for each business sector (percentages)

	Business sectors
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	Manufacturing
	40.0
	77.9 (66.5)
	22.1 (33.5)
	72.2

	Building
	7.0
	74.9 (63.3)
	25.1 (36.7)
	69.1

	Services
	53.0
	70.1 (65.0)
	29.9 (35.0)
	67.5

	Total
	
	
	
	69.5


When ANNA is applied to separate business sectors (Table 9), 69.5% of firms are correctly classified, which is lower than with size groups (72.8%) or geographical areas (70.4%), but is higher than when applied on the aggregate sample. The highest percentage of correctly classified firms was in manufacturing (72.2%), which showed the lowest Type I error (22.1%) and the lowest Type II error (33.5%). Construction firms had the highest Type II error (36.7%). The service sector had the highest Type I error (29.9%).

When the three functions calculated per business sector are compared (Table 10), we see that:

a) overall prediction accuracy is higher than when calculated on the aggregate sample for both the logistic and the discriminant function, as it was with the neural function. Accuracy increases progressively from services, to building and then to manufacturing; and

b) ANNA gives higher rates of correct classification in all of the three business sectors. The increase in accuracy is most marked in manufacturing firms (+4.8% compared to both MDA and LRA), but is below the average in the services (+2.1% compared to MDA and 1.4% compared to LRA).

Table 10: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated for each business sector (percentages)

	Business sectors
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	Manufacturing
	68.9
	68.8
	72.2
	4.8
	4.8

	Building
	67.4
	66.1
	69.1
	2.5
	4.5

	Services
	66.1
	66.6
	67.5
	2.1
	1.4

	Total
	67.3
	67.4
	69.5
	3.3
	3.1


The next tables show the results obtained when the three classification variables (size, geographical area and business sector) were applied two by two.

When the neural function was calculated combining geographical location and size (Table 11), the overall prediction accuracy was 79.8%, much higher than when it was calculated on the aggregate sample (68.4%), for each business sector (69.5%), for each geographical area (70.4%) and for each size groups (72.8%). The highest prediction rates were found for Size 4 firms operating in the North West (85.0%), in the North East (83.5%) and in the South (83.9%). The highest percentage of misclassified firms was in Size 1 firms in the South (26.6%). The table confirms the results obtained when size and location were examined separately, i.e. accuracy increases the further north a firm is and, within each geographical area, the bigger a company is. MDA and LRA also give higher overall accuracy rates compared to those obtained at the aggregate level, and per single geographical area, size group and business sector. Again, accuracy increases the further north a firm is and, within each geographical area, the bigger a company is.

ANNA gives higher accuracy rates for all the size+location combinations. The overall increase in accuracy is 13.8% compared to MDA and 16.3% compared to LRA. Looking at the individual combinations, the highest increase is in Size 3 firms operating in the South (+23.0% compared to MDA and +22.1% compared to LRA) and in Size 1 firms operating in Central Italy (+18.0% compared to MDA and +22.7% compared to LRA).

Table 11 Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated combining geographical location and size (percentages) 
	Combinations
	Percentage of total sample
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	NW
	
	
	
	
	
	

	Size 1
	6.9
	67.4
	64.8
	77.7
	15.3
	19.9

	Size 2
	6.6
	72.4
	70.5
	79.3
	9.5
	12.5

	Size 3
	6.7
	73.4
	73.2
	81.5
	11.0
	11.3

	Size 4
	8.8
	74.9
	73.1
	85.0
	13.5
	16.3

	Total in NW
	
	72.2
	70.6
	81.2
	12.5
	15.0

	NE
	
	
	
	
	
	

	Size 1
	4.9
	70.4
	72.5
	75.7
	7.5
	4.4

	Size 2
	4.5
	73.5
	71.4
	79.4
	8.0
	11.2

	Size 3
	4.6
	73.8
	69.3
	83.4
	13.0
	20.3

	Size 4
	6.0
	74.7
	72.6
	83.5
	11.8
	15.0

	Total in NE
	
	73.2
	71.5
	80.6
	10.1
	12.7

	Centre
	
	
	
	
	
	

	Size 1
	8.5
	65.5
	63.0
	77.3
	18.0
	22.7

	Size 2
	6.5
	68.6
	65.5
	79.4
	15.7
	21.2

	Size 3
	5.4
	69.0
	68.8
	80.1
	16.1
	16.4

	Size 4
	5.6
	72.5
	71.4
	81.0
	11.7
	13.4

	Total in Centre
	
	68.5
	66.6
	79.2
	15.7
	19.0

	South
	
	
	
	
	
	

	Size 1
	8.7
	64.8
	64.2
	73.4
	13.3
	14.3

	Size 2
	6.4
	65.4
	63.5
	76.9
	17.6
	21.1

	Size 3
	5.3
	67.7
	68.2
	83.3
	23.0
	22.1

	Size 4
	4.6
	71.5
	69.6
	83.9
	17.3
	20.5

	Total in South
	
	66.8
	65.9
	78.3
	17.2
	18.8

	Total
	
	70.1
	68.6
	79.8
	13.8
	16.3


Table 12 shows the synthesis results of the three statistical methods when the decisional functions were calculated combining business sector and size.

Again, ANNA gave higher overall accuracy rates (75.0%) in this combination than when it was calculated on the aggregate sample (68.4%) or when the two classification variables were separately applied.
Table 12: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated combining business sector and size (percentages)

	Combinations
	Percentage of total sample
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	Manufacturing
	
	
	
	
	
	

	Size 1
	10.3
	66.6
	64.7
	72.2
	8.4
	11.6

	Size 2
	8.0
	69.0
	68.2
	74.4
	7.8
	9.1

	Size 3
	9.7
	73.3
	72.9
	77.1
	5.2
	5.8

	Size 4
	12.0
	75.5
	74.3
	83.6
	10.7
	12.5

	Total in Manuf.
	 
	71.4
	70.3
	77.2
	8.1
	9.8

	Building
	
	 
	 
	 
	 
	 

	Size 1
	2.3
	61.8
	64.7
	72.3
	17.00
	11.7

	Size 2
	1.4
	68.3
	69.0
	74.8
	9.5
	8.4

	Size 3
	1.3
	71.7
	73.2
	77.4
	7.9
	5.7

	Size 4
	2.0
	74.7
	73.8
	81.9
	9.6
	11.0

	Total in Building
	 
	68.6
	69.7
	76.5
	11.5
	9.8

	Services
	
	 
	 
	 
	 
	 

	Size 1
	16.4
	65.2
	63.0
	71.3
	9.4
	13.2

	Size 2
	14.6
	67.8
	65.8
	73.4
	8.3
	11.6

	Size 3
	11.0
	68.1
	68.0
	73.6
	8.1
	8.2

	Size 4
	11.0
	70.0
	70.7
	75.2
	7.4
	6.4

	Total in Services
	
	67.5
	66.4
	73.2
	8.4
	10.2

	Total
	
	69.1
	68.2
	75.0
	8.5
	10.0


Compared to MDA and LRA, ANNA gives higher overall prediction accuracy rates, with an increase of 8.5% and 10.0% respectively. There is an increase of 8.1% and of 9.8% in manufacturing, of 11.5% and 9.8% in construction, and of 8.4% and 10.2% in services. The greatest increases are found for Size 1 construction firms (+17.0% compared to MDA) and for Size 1 service firms (+13.2% compared to LRA).
The highest overall prediction accuracy (80.0%) is obtained when the neural function was calculated combining business sector and location (Table 13). Manufacturing firms in the North West show the highest percentage of correctly classified firms (92.3%), while service firms in the South have the highest error rate (30.7%).
Prediction accuracy with ANNA is once more confirmed as being greater regarding manufacturing firms and for firms located in the North.

Table 13: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated combining business sector and geographical location (percentages)

	Combinations
	Percentage of total sample
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	Manufacturing
	
	
	
	
	
	

	NW
	12.0
	67.1
	71.3
	92.3
	37.6
	29.5

	NE
	8.0
	73.1
	71.2
	89.5
	22.4
	25.7

	Centre
	10.0
	70.7
	69.2
	85.7
	21.2
	23.8

	South
	10.0
	68.4
	67.5
	81.5
	19.2
	20.7

	Total in Manuf.
	 
	69.5
	69.8
	87.4
	25.8
	25.2

	Building
	
	
	
	
	
	

	NW
	1.8
	67.1
	68.3
	90.2
	34.4
	32.1

	NE
	1.3
	69.4
	70.5
	88.7
	27.8
	25.8

	Centre
	2.3
	66.6
	64.3
	84.5
	26.9
	31.4

	South
	1.6
	67.4
	69.3
	80.3
	19.1
	15.9

	Total in Building
	 
	67.4
	67.6
	85.8
	27.3
	26.9

	Services
	
	
	
	
	
	

	NW
	15.2
	68.0
	69.0
	77.3
	13.7
	12.0

	NE
	10.7
	70.7
	70.2
	76.5
	8.2
	9.0

	Centre
	13.7
	65.6
	64.4
	71.6
	9.1
	11.2

	South
	13.4
	64.7
	63.8
	69.3
	7.1
	8.6

	Total in Services
	
	67.1
	66.7
	73.6
	9.7
	10.3

	Total
	
	68.1
	68.0
	80.0
	17.5
	17.6


When ANNA is applied combining business sector and geographical location, the greatest improvements in accuracy are obtained, compared to both MDA (+17.5% overall) and to LRA (+17.6%). Above average increases in accuracy were obtained for manufacturing firms in the North West (+37.6% compared to MDA and +29.5% compared to LRA) and for construction firms operating in Central Italy (+26.9% compared to MDA and +31.4% compared to LRA) and in the North West (+34.4% compared to MDA and +32.1% compared to LRA).
CONCLUSIONS

Our aim was to test the accuracy of the Artificial Neural Networks Analysis (ANNA) for company default prediction modeling based on an appropriately selected set of financial-economic ratios, with special reference to small firms, and to compare ANNA accuracy rates to those obtained through Multivariate Discriminant Analysis (MDA) and Logistic Regression Analysis (LRA).

Our study applied ANNA, MDA and LRA to a sample of over 6,000 Italian firms, differing in size and operating in diverse geographical areas and in diverse business sectors.

The empirical results obtained show that, compared to more traditional statistical methods, ANNA with a Multi-Layer Perceptron architecture gave higher default prediction accuracy rates.

Table 14 synthesizes the results given by the three methods studied, on the aggregate sample, when dividing the dataset according to size, location and business sector, and when analyzing these divisions in twos (location+size, sector+size and sector+location).

Table 14: Comparison of prediction accuracy of neural, discriminant and logistic functions when calculated at the different levels of aggregation (percentages)

	Level of analysis
	Correctly classified firms through MDA
	Correctly classified firms through LRA
	Correctly classified firms through NNA
	Improvement over MDA obtained through NNA 
	Improvement over LRA obtained through NNA

	Aggregate sample
	65.9
	67.2
	68.4
	3.8
	1.8

	Size group
	68.8
	68.5
	72.8
	5.8
	6.3

	Geographical area
	67.9
	68.4
	70.4
	3.7
	2.9

	Business sector
	67.3
	67.4
	69.5
	3.3
	3.1

	Geographical area+Size
	70.1
	68.6
	79.8
	13.8
	16.3

	Business sector+Size
	69.1
	68.2
	75.0
	8.5
	10.0

	Business sector+Geographical area
	68.1
	68.0
	80.0
	17.5
	17.6


ANNA gave significant increases in prediction accuracy whatever level of aggregation the analysis was made. There was an increase of 2-3% when the analysis was made on the whole dataset, of c.a. 3% when the decisional functions were calculated for separate geographical areas and for separate business sectors, of c.a. 6% for separate size groups, of 10% for the sector+size combination, of 14-16% for location+size, and of over 17% when disaggregating the sample on the basis of the location+sector combination
. Since the ANNA model used in our study was extremely simple in structure, it would be interesting to see what advances could be made with a more complex structure.
Furthermore, two tendencies were noted. One was geographical: the highest prediction accuracy increases were obtained for firms operating in Central Italy. The second was related to size: increases in accuracy were proportionally higher for firms in the smallest size groups. This second tendency (which, among others, gave the most marked increases in accuracy) brings us to some final observations.

For small, and very small firms, the construction of quantitative models for default prediction is especially complicated and the results which can be obtained are usually far less accurate than in the case of larger firms. 

There are many reasons for this, some of which are:

1) the fact that small firms have fewer legal obligations regarding data disclosure than larger firms. The result is that less information is readily available, and what can be obtained is less reliable and less accurate;

2) the very physiology of the small firm, which increases the outside analyst’s difficulties in interpreting company data. For example, in small firms the owners and the managers are often to a large degree one and the same,; the management is much less articulated; managers are less versed in the complexities of financial administration;

3) the fact that smaller firms have automatically smaller figures (also their accounts), and even small changes have a more marked effect on ratios and percentages. To the extent that, in terms of what they can reveal about a firm, some ratios are completely ineffective below certain dimensional levels; 

4) the fact that in smaller firms, management has wider margins of discretion regarding the figures in the accounting data
. This is due to there being fewer obligations regarding data disclosure and, above all, to the slighter pressure, in terms of accountability, from customers, suppliers, lenders, shareholders, financial markets, and so on; 

5) the greater impact of external events that change the company structure or behavior, and that may, for example, modify a state of crisis, by allowing a firm’s weak points to be strengthened (e.g., a financial intervention of the owners, the appointment of new managers, or changes in strategy). To sum up, when a small firm is predicted as being likely to default (or not to default), there is a greater probability that the prediction will be inaccurate because external events will intervene and either save the firm or, alternatively, bring on its unexpected, and sudden, collapse (Vallini, Ciampi, Gordini, & Benvenuti, 2008).

Our study confirms that predictions based on financial statement data are generally less accurate regarding smaller firms. However, while with MDA and LRA, there is a decrease of c.a. 9% in accuracy from the largest size group to the smallest, ANNA’s correct classification rates (beside being higher) are more similar regarding the different size groups, because the increases in prediction accuracy rates for smaller firms are far higher than the average increases obtained. 

It remains so true that small firm accounting data provides much “weaker” signals for the possible development of a firm; as well as that, when the signals indicate a progressive deterioration of the firm, there are much “weaker” relations between these signals and the default probability. Because ANNA is inductive, non-parametric and non-linear in mechanism, and tries to simulate the workings of the human brain, however, it is better equipped to “feel” these “weak” signals and relations than are more traditional statistical methods.

We wonder if predictions could be made more accurate by including in ANNA non-numerical input variables, related to the way a firm is run and “lives”. This would be an ideal, but more scientific, return to earlier evaluation methods. Two variables could be, for instance, included in the evaluation: the entrepreneurial honorability and, more generally, the entrepreneurial dimension (in both a psychological and social sense). The first variable affect how much effort will be made by the entrepreneur to prevent and avoid default, thereby assuring the survival of the firm. The second variable can affect the possibilities of acquiring new resources; as well as it can affect the possibilities of discovering solutions from outside the firm which can be suitable when company weaknesses first come to light.
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� “Nowadays the best default risk evaluation is qualitative analysis based on in-depth knowledge of a firm’s management and of the specific competitive opportunities available in the company’s field of business. Such information is hard to come by, especially if time is short. Two observations can be helpful. One is that company default is generally preceded by a typical pathway of progressive deterioration of the economic and financial indicators which can be calculated from a firm’s account data (Riparbelli, 1950). Such data is (or at least should be) an up-to-date, true, and sufficiently representative photograph of the company and its management as they stand, and should therefore be always representative of the evolution of a firm’s crisis. Even when insolvency is triggered by some external event, a firm’s account data will show the pre-existing weak points allowing the external event to have potentially dire consequences (Vallini, 1984). The second aid lies in the fact that where in-depth knowledge of the single case is lacking, comparisons can be drawn between the calculated indicators and the values considered to be “normal” as they have been collected from a significant number of cases. From this stems the natural move to combine account data and statistical methods, for the purpose of company default prediction modeling …… Clearly, the models adopted in day-to-day banking operations for deciding on credit facilities (and to review facilities granted) usually consider other information, in addition to company accounts …… Banks look at company governance models and management skills and abilities. They take into account a firm’s …… present market position and the competitive position it can hope to attain, its process and product innovation capacity, the make-up of the particular business sector and of the group of which the firm is part (Altman, & Sabato, 2006; Lehmann, 2003; Lussier, 1995)”, as well as a firm’s credit history (Vallini, Ciampi, Gordini, & Benvenuti, 2008).


� If an objective view of a firm (i.e. only of corporate data) replaces a subjective view which included also objective aspects, such as a firm’s turnover and assets, and was therefore a comprehensive, all-round evaluation, then a number of essential variables will inevitably be left out of the picture. A firm’s decline can be brought on by an entrepreneur’s inability or lack of determination; and these shortfalls exist long before their effects show up in the firm’s balance sheets. The evolution of a firm’s account data will depend on how the management carries out its function, more than on inertial pressures. In a crisis situation it is the willingness and ability of the top management that will most affect the degree of reversibility of the crisis itself (Vallini, 1984). Corporate data is still significant as a possible predictor in that whenever a decline is (or seems) objectively unstoppable, entrepreneurs tend to let the firm fail, and to move any remaining assets to a new business, which is unconnected to the preexisting one. There is a point at which saving a firm in crisis costs too much. It is easier to set up a new firm or to develop another existing enterprise.


However, the assumption that insolvency (solvency) which can be predicted from accounting data is the same as real insolvency (solvency) can be contradicted by decisions taken by entrepreneurs. An entrepreneur can accelerate or even cause a firm’s crisis, as is proven by fraudulent bankruptcy cases and/or by the failure cases which are deliberately triggered, whether this be for personal financial gain or for strategic purposes that have nothing to do with the failing firm. In these cases, if the willful deterioration takes place in a very short time period, it’s probable that the firm’s accounts will not show the default risk until it is too late.


Entrepreneurs can also act uneconomically and defy failure predictions made solely on the basis of accounting data, and can do this in various ways. They may perhaps see new strategic opportunities and solve the firm’s crisis by investing new capital from personal family assets (without the thought of personal immediate gain), or by finding new business partners who are willing to invest capital. Furthermore, we should remember that also rational entrepreneurs are not guided only by economic aims, and do not measure their success solely in economic terms. For this reason, the probability that a firm will recover is almost always higher than would appear to be the case.


From this, it follows that any model based solely on account data is by definition unable to express the real probability of default, as through such data all the possible eventualities cannot be foreseen. It is also true, however, that any default is preceded by progressively worse accounting results and, consequently, models based on account data can always pick up an on-going tendency if it already exists.


So the real problem is how the prediction model is used. In this connection, we might also note, though the matter is fairly obvious, that the speed of the decline showed by corporate data varies greatly from one case to another. In addition, unexpected events may suddenly intervene and reverse the situation. For example, a large credit may be lost following a creditor default, or there may be a drop in turnover because the market the firm operates in has reached its maturity, or the lower turnover may be due to any other external event. The more any evaluation model is used, the more reliable it becomes. But what happens if the model is used at a point in time before an existing risk could be revealed? This question returns us to a basic truth, which is that the first preceptors of weak signals of unfavorable external events are the entrepreneurs themselves, if they are good entrepreneurs. Reliability is above all subjective, as is shown by the “ethical banks”.


� Rating and scoring models differ in the leeway given in credit facility decision-taking. Rating models usually leave much to the discretion of the person in charge of assigning credit access, whereas there is little (if any) freedom of choice with scoring models.


� Altman (1968) used multivariate linear discriminant analysis applied to data from a sample of 66 firms (33 insolvent, and 33 solvent) to select the following set of economic-financial ratios as predictors of insolvency/solvency:


Working capital/total assets;


Retained earnings/total assets;


Ebit/total assets;


Market capitalization/total debt;


Sales/total assets.


� For linear discriminant analysis to work efficiently, two conditions must be fulfilled: 1) the independent variables in the model must be normally distributed multivariates; and 2) group dispersion matrixes (variance and covariance matrixes) must be identical in the two groups, i.e. in defaulting and non-defaulting firms (Barnes, 1982; Karels, & Prakash, 1987; McLeay, & Omar, 2000). In the search for models which could be adopted more widely, Ohlson (1980) introduced the logistic regression function. His dataset contained 105 defaulting firms, 2,058 non-defaulting firms, and 9 economic-financial ratios calculated on data from 1970 to 1976. Logistic regression allows analysts to work with numerically diverse samples, and it gives better results if the observations are discrete and not overlapping.


� However, a number of studies have examined the impact that the widespread adoption of credit-rating models is having on relations between banks and SEs (e.g., Altman, 2004; Altman, & Saunders, 2001; Berger, 2006; Berger, & Frame, 2005; Berger, & Udell, 2006; Bofondi, & Lotti, 2006; Cowan, & Cowan, 2006; Frame, Srinivasan, & Woosley, 2001; Heitfield, 2004).


� For the purposes of this paper, we consider SEs to be firms whose turnovers do not exceed 1.8 million Euros.


� Odom and Sharda used Altman’s economic-financial ratios (Altman, 1968) on a sample of 129 firms (65 defaulting and 64 non-defaulting).


� Zhang, Hu and Patuwo (1999) used 6 economic-financial predictors (the 5 used by Altman in 1968, plus the current ratio). They analyzed a sample of 220 manufacturing firms (110 defaulting and 110 non-defaulting). They obtained prediction accuracy rates of 88.2% with ANNA and 78.6% with LRA.


� The results obtained by a small number of other studies (Bell, Ribar, & Verchio, 1990; Boritz, & Kennedy, 1995; Boritz, Kennedy, & Albuquerque, 1995; Martinelli, De Carvalho, Rezende, & Matias, 1999) do not however prove ANNA to be so much better than MDA and LRA. Although ANNA has been shown to have great potential in enterprise default prediction accuracy, we therefore agree with those analysts who are of the opinion that “the black-box approach of neural networks needs further studies” (Altman, Marco, & Varetto, 1994).


� A firm’s size was determined by its 2001 turnover. Size groups were calculated on the distribution quartiles of the defaulting firms.


� Studying one entire population (all failed firms) against a sample (solvent firms) has few computational contraindications, except that the logistic evaluation intercept loses significance.


� There were some noteworthy differences in distribution between the two groups: in the defaulting firms, there was a (relatively) higher incidence of firms in Size Groups 2 and 3, of firms operating in Central and Southern Italy, and of firms in the manufacturing and building industries.


� The initial set of ratios was selected on the basis of two criteria:


1) their frequency in the research literature on company default prediction (e.g., Altman, 1968, 1993; Altman, Brady, Resti, & Sironi, 2005; Altman, Haldeman, & Narayanan, 1977; Altman, & Sabato, 2005, 2006; Beaver, 1967; Blum, 1969, 1974; Crouhy, Mark, & Galai, 2001; Edmister, 1972);


2) their ability to describe essential aspects of three areas of company economic and financial profile; namely: profitability, leverage, and liquidity.


� The table shows the distribution of the average values (calculated on balance sheet data for the 2001 trading year) for each ratio in the 2 corporate groups of the study. These average values were weighted with regard to the quantity which was used as the denominator.


Average operating profitability (ROS and ROI) is practically zero for defaulting firms, whereas it is 4% in the control group. This is due to the defaulting firms having lower values in Value Added/Turnover, in Value Added/Employees, and in Ebitda/Turnover. There is a significant difference between the two groups in terms of net profitability (-2.7% for defaulting firms and +4.8% for non-defaulting firms). This is also the result of the way company finances were handled and the impact this had on the accounts (the average Interest Charges to Ebitda ratio in defaulting firms is twice that in the control group). The diverse impact is due mainly to the higher rate of average financial debt levels (Financial Debts to Equity ratio is 217%/96.9% for defaulting/non-defaulting firms, respectively), and not to higher unit costs per bank loan (the Interest Charges/Bank Loans ratio in the two groups is almost identical).


� This is a well-known heuristic method with low computational complexity. It often gives satisfactory results. In this method, each of the n variables is tried, one at a time, and one-variable n linear regression models are constructed. The variable (X(1)) which gives the “best” model (Y = a + b1X(1)) is the first to be selected.


Each of the other Xi variables is examined (excluding X(1), which has already been selected), and the X(2) variable is selected. This is the variable presenting the “best behavior” when placed in a regression model with two independent variables, one being X(1). Hence the model: Y = a + b1X(1) + b2X(2) is the best two variable model when one variable is X(1). The third variable is selected using the same criteria; and the process is repeated until no new variable makes any significant contribution to the model, or until the selection of a predetermined number of variables has been achieved.


� Compared to results obtained when calculating on the aggregate, all three functions (neural, discriminant, and logistic) give higher levels of accuracy when they are calculated separately for business and location and, especially, for size. This accuracy increases when the three classifications are tested in combinations of two variables at a time. These results indicate that if SE financial statements are to be used to predict credit risk, then some caution must be exercised in applying statistical methods and in interpreting results. Above all, decisional functions should be based on a reasonably homogeneous sample. Pooling different business sectors or geographical areas tends to reduce a model’s prediction accuracy. This is all the more true if models are acquired from outside sources and/or are constructed on samples that are not representative of the universe with which the credit institution usually operates. Furthermore, our cross-section experiment leads us to draw the analogical conclusion that decisional functions should be reviewed and updated frequently.


� A firm is not a biological system running on natural laws. Its management is subjective, and every corporate quantity depends on management choices. Weaker ratios may be due to a different attitude to risk. For example, a lack of balance in how to approach demands from owners and creditors can change parameters and ratios. Consequently, a company’s accounts, though correct, may not always reveal the whole truth about company management. One year, profit may be lower because more value has been placed on customers (the lowest possible prices have been granted). Or staff or suppliers may have benefited from higher salaries and rates. The result is that even when account data is legally correct, clear and true, it can easily paint a picture which is more attractive, or less attractive, than a firm really is. As a result, the model’s prediction may be accurate in itself but may be very much affected by the “inability” of account data to interpret management choices (Vallini, Ciampi, Gordini, & Benvenuti, 2008).
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