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ABSTRACT

From as early as the 1960s (Beaver, 1967, 1968: and Altman, 1968), there have been a large number of studies aimed at assessing the application of statistical models to corporation data with a view to predicting business failure. This issue has become increasingly important in recent years, as the New Basel Capital Accord (Basel II) linked capital requirements to the banks’ models for company default prediction. Empirical research shows that economic-financial ratios can help to predict company default through the implementation of statistical techniques. The literature focuses mainly on large and medium-sized enterprises. The financial statements of small enterprises (SEs) tend to disclose less (and are therefore more difficult to interpret), and this prevents a widespread use of statistical models. The issue is of vital importance in countries like Italy with large numbers of SEs.

This paper applies mainstream statistical techniques (linear discriminant analysis and logistic regression) to a sample of over 6,000 Italian firms in the attempt to develop two distress prediction models, specifically constructed for SEs and taking into account diversity of size, geographical location and business sector. For both models, prediction accuracy increases progressively with larger firms, and is higher in the North and in manufacturing firms. The success rate is lower in the smaller firms and for those located in Southern Italy. Our results suggest that the limited information in SE accounts affects a model’s prediction success rate, and also that SEs need to be assessed with specifically designed models. 
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INTRODUCTION

Finding efficient models for company default risk evaluation is of interest for both corporate finance (a firm finances its clients by allowing deferred payments) and for corporate financing (banks and other credit institutions provide firms with funds).

Nowadays the best default risk evaluation is qualitative analysis based on in-depth knowledge of the firm 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 representative enough photograph of the company and its management as they stand, and should therefore be always representative of the evolution of each firm 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 management reality of the single case is lacking, comparisons can be drawn between the calculated indicators and the values considered to be “normal” as 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. The first models date back to the late 1960s (Beaver, 1967, 1968). The first quantitative technique to be applied was linear discriminant analysis (Altman, 1968
; Deakin, 1972). Other instruments followed, such as logistic evaluations
 and neural networks.
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; and this is true for both rating and scoring models
. Banks look at company governance models and management skills and abilities. They take into account a firm’s credit history, its 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).
The recent spread of client risk prediction models also to small and medium sized banks is due to the adoption of the Basel II Accord, which changed standards for minimum capital requirements for banks and other credit institutions. When certain conditions are fulfilled, banks are now allowed to use in-house credit risk evaluation models to quantify capital requirements.
A recent survey by the Bank of Italy (Albareto, Benvenuti, Mocetti, Pagnini, & Rossi, 2008) shows that, in Italy, these models are being adopted by practically all the larger banks, and by a majority of all other banks. The next step, which is still on-going, is to fully integrate such models into the bank decision-making processes, with special regard to credit pricing policies. The survey confirmed that larger institutions tend to develop their own in-house systems, while smaller ones often hire specialized outside companies.

The aim of our research is to investigate how useful account data is for the purpose of default prediction modeling, especially as regards small enterprises (SEs)
. 
Large numbers of studies and empirical research projects (e.g., Altman, 1993; Altman, Brady, Resti, & Sironi, 2005; Blum, 1969, 1974) have applied univariate and multivariate statistical techniques to show that sets of balance sheet financial ratios can be usefully adopted for the construction of company default risk prediction models. However, this literature refers mainly to large and medium-sized firms. Altman and Sabato (2006) showed the effectiveness of default prediction models being specifically developed for small and medium-sized enterprises (SMEs), i.e. firms whose turnovers were below 50 million Euros. We need to go right back to 1972 (Edmister) to find an analyst focusing specifically on SE default prediction modeling
. In his study, Edmister applied linear discriminant analysis to 19 items calculated from balance sheets from 1954 through 1969.

The weak financial structure of most SEs has been noted in the literature for many years. Analysts point to marked undercapitalization, and difficulties in medium-term credit access leading to relatively high dependency on short-term bank loans. These loans are supposed to meet temporary requirements, but many SEs find they need to rely on them for financial commitments of much longer duration (Ciampi, 1994). These specifics of SE management can be detrimental to relationships between banks and small firms, which therefore need careful handling. Hence the demand for default prediction models to be built and tested which can take into account risk profiles for this type of firm. 

When applying quantitative models to SEs (including those for risk prediction), special care must be taken. One reason is that SEs have far fewer 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. The second reason is that an analyst from outside the firm will find it much more arduous to interpret SE data due to the very nature of small firms. For instance, ownership and management are often one and the same; management is frequently little structured; and, very often, the people at the top of the firm are not well versed in the fine detail of handling financing.

THE dataset

The dataset used to evaluate prediction models was constructed from balance sheet information stored in 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. 

Our first step was to select from the CERVED Database all the Italian firms 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 next step was to form a control group of firms that were solvent (“non-defaulting”) at the end of 2005. To this end 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 turnover classes
 as in Table 1);

ii) geographical location (NW, NE, Centre and South);

iii) business sector (manufacturing, building and services)
.

Table 1: Size groups
	Size Groups
	Turnovers (Millions of Euros)

	Size 1
	0-0.2

	Size 2
	0.2-0.7

	Size 3
	0.7-1.8

	Size 4
	>1.8


3,050 non-defaulting firms were selected. Table 2 gives the breakdown of our complete sample (6.113 firms).
Table 2: 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


75.2% of firms had a turnover of less than 1.8 million Euros, and can therefore be classed as small enterprises (SEs).

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.
SELECTION OF VARIABLES
The variables we studied as potential risk predictors were a set of economic-financial ratios calculated from balance sheet information for the financial year of 2001. The initial set of such ratios were selected on the basis of two criteria:

Table 3: Initial balance sheet ratios studied
	X1
	ROE = NET PROFIT/EQUITY

	X2
	ROI = EBIT/NET OPERATIVE ASSETS

	X3
	ROS = EBIT/TURNOVER

	X4
	VALUE ADDED/TURNOVER

	X5
	EBITDA/TURNOVER

	X6
	EBITDA/CASH FLOW

	X7
	INTEREST CHARGES/TURNOVER

	X8
	INTEREST CHARGES/EBITDA

	X9
	TURNOVER/NUMBER OF EMPLOYEES

	X10
	VALUE ADDED/NUMBER OF EMPLOYEES

	X11
	LONG TERM ASSETS/NUMBER OF EMPLOYEES

	X12
	CASH FLOW/TOTAL DEBTS

	X13
	CASH FLOW/TURNOVER

	X14
	INTEREST CHARGES/BANK LOANS

	X15
	BANK LOANS/TURNOVER

	X16
	NET FINANCIAL POSITION/TURNOVER

	X17
	TOTAL DEBTS/(TOTAL DEBTS+EQUITY)

	X18
	FINANCIAL DEBTS/EQUITY

	X19
	TOTAL DEBTS/EBITDA

	X20
	EQUITY/LONG TERM MATERIAL ASSETS

	X21
	CURRENT RATIO = CURRENT ASSETS/CURRENT LIABILITIES

	X22
	ACID TEST RATIO = (CURRENT ASSETS - INVENTORIES)/CURRENT LIABILITIES

	X23
	TURNOVER/NET OPERATIVE ASSETS


EBIT = OPERATING REVENUE – OPERATING EXPENSES + NON OPERATING INCOME
EBITDA = EBIT + DEPRECIATION + AMORTIZATION

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.

There were 23 variables in our initial set of ratios which were judged to be potentially useful as default predictors (Table 3).
Table 4: Balance sheet ratio (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


The weighted ratio averages
 are listed in Table 4. Average operating profitability (ROS and ROI) is practically zero for defaulting firms, whereas it’s 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).

Table 5: 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


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 5).
As our aim was to measure the predictive power only of account data, we took no account of qualitative information such as management ability, a firm’s competitive position, different governance models, or R&D capacities, whereas (to varying degrees, and with diverse criteria) such factors are generally considered in the credit risk evaluation models adopted by banks.
CONSTRUCTION AND TESTING OF PREDICTION MODELS

There is a vast literature about statistical methods for prediction modeling based on the relationships between financial ratios and company insolvency. Drawing on prevailing literature, we adopted two of the most frequently chosen methods, namely discriminant analysis and logistic regression.

Discriminant Analysis

The evaluation model constructed through discriminant analysis gave the synthesis results in Table 6.

Table 6: Validity test of discriminant function on defaulting and non-defaulting firms (percentages)
	Observed state
	Predicted state
	Correctly (incorrectly) classified firms

	
	0
	1
	 

	Defaulting firms
	0
	74.4%
	25.6%
	65.9% (34.1%)

	Non-defaulting firms
	1
	42.6%
	57.4%
	


The “0 Observed state” line shows the percentage of correctly classified insolvent firms (74.4%) and the percentage of misclassified insolvent firms (25.6%, Type 1 error). The line “1 Observed state” gives the percentage of misclassified non-defaulting firms (42.6%, Type II error) and the percentage of correctly classified non-defaulting firms (57.4%). The last column gives the model’s overall average prediction accuracy. As a general comment, the constructed model can be said to correctly classify two thirds of the firms.

To judge these results adequately, we need to consider two unavoidable limitations to the use of company account data.

One regards the margin of discretionary power regarding the quantities included in a firm’s accounts. A firm is not a biological system running on natural laws. Its management is subjective, and every firm quantity depends on management choices. Weaker ratios may be due to a different attitude to risk. A lack of equilibrium in how to balance demands from owners and creditors and also tax charges can change parameters and ratios. Consequently, the company accounting truth may not always reveal the whole truth about company management. One year’s profit may be lower because more value has been placed on customers (prices lower than possible 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 badly affected by the “inability” of account data to interpret management choices.
The second limitation is that at any given time there may be (internal or external) events that change the company structure, or behavior, and that modify a state of crisis thereby removing, or reducing a firm’s weaknesses. For example, the owners may decide to invest new financial resources in the firm, or new managers may invigorate the firm, or company strategy may be changed. If this is the case, then the prediction may have been accurate, but conditions changed.

It is also fair to say that the Type II errors (42.6%) are partly due to the narrowly-defined criteria adopted in terms of determining company default. Formal legal proceedings for debt recovery may happen very late in the day, when a firm has, in effect, been irremediably in a state of crisis for some time.

Discriminant Analysis by Size, Geographical Area and Business Categories

When discriminant analysis is applied separately for each size group, the synthesis results (Table 7) give a higher level of overall prediction classification accuracy (68.8%) than when discriminant analysis is applied on an aggregate basis (65.9%). This improvement increases steadily from Size 1 to Size 4, i.e. as progressively larger companies are studied.
Size 1 contains the largest number of companies (29% of the sample). Overall correct classification is 64%, with 32.8% Type I errors and 39.1% Type II errors.

The second size group contains 24% of the firms in the sample. Overall accuracy is 68%, with 75.5% of defaulting firms and 60.4% of non-defaulting firms being correctly classified.

Table 7: Validity test of discriminant 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
	67.2 (60.9)
	32.8 (39.1)
	64.0

	Size 2
	24.0
	75.5 (60.4)
	24.5 (39.6)
	68.0

	Size 3
	22.0
	78.0 (64.7)
	22.0 (35.3)
	71.4

	Size 4
	25.0
	85.0 (60.8)
	15.0 (39.2)
	72.9

	Total
	
	
	
	68.8


Size 3 has 22% of the sample. 71.4% of firms are correctly classified with 35.3% Type II errors and 22% of Type I errors. 

Size 4 (25% of sample) has the highest prediction accuracy (72.9%) and also the lowest incidence of Type I errors (15%).
A firm’s greater size increases the model’s accuracy by its own nature. Smaller firms will automatically have smaller figures in their sheets, and even small changes will 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. In addition, the management’s freedom of choice has, potentially, a much greater effect in smaller-sized firms.
Table 8: Validity test of discriminant 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
	79.7 (60.3)
	20.3 (39.7)
	70.0

	NE
	20.0
	76.6 (63.0)
	23.4 (37.0)
	69.8

	Centre
	26.0
	75.0 (58.6)
	25.0 (41.4)
	66.8

	South
	25.0
	72.5 (57.2)
	27.5 (42.8)
	64.9

	Total
	
	
	
	67.9


Even when discriminant analysis is applied separately for each geographical area (Table 8), the synthesis results are better (overall accuracy is 67.9%) than when analysis is applied on the aggregate. The prediction accuracy is higher in the North West (70%) and in the North East (69.8%). Prediction accuracy is much lower (64.9%) for firms in the South.

When the model is constructed for separate business sectors (Table 9), its overall accuracy (67.3%) is slightly below that based on geographical area, but is higher than when calculated on the aggregate (65.9%). The percentage of correctly classified firms in the manufacturing industry (68.9%) is higher than in building (67.4%) and in services (66.1%).

Table 9: Validity test of discriminant 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
	76.6 (61.2)
	23.4 (38.8)
	68.9

	Building
	7.0
	77.9 (56.8)
	22.1 (43.2)
	67.4

	Services
	53.0
	75.4 (56.9)
	24.6 (43.1)
	66.1

	Total
	
	
	
	67.3


The next tables give the discriminant analysis results when the three classification variables (size, geographical area and business sector) are applied two by two. 
The highest prediction accuracy (70.1%) is obtained when size and location are combined (Table 10).

Table 10: Validity test of combined (location + size) discriminant function (percentages)
	Combinations
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	NW
	
	
	
	

	Size 1
	6.9
	69.2 (65.6)
	30.8 (34.4)
	67.4

	Size 2
	6.6
	81.1 (63.7)
	18.9 (36.3)
	72.4

	Size 3
	6.7
	82.5 (64.4)
	17.5 (35.6)
	73.4

	Size 4
	8.8
	83.7 (66.1)
	16.3 (33.9)
	74.9

	Total in NW
	 
	 
	 
	72.2

	NE
	
	
	
	

	Size 1
	4.9
	72.7 (68.0)
	27.3 (32.0)
	70.4

	Size 2
	4.5
	79.9 (67.0)
	20.1 (33.0)
	73.5

	Size 3
	4.6
	78.8 (68.7)
	21.2 (31.3)
	73.8

	Size 4
	6.0
	83.2 (66.1)
	16.8 (33.9)
	74.7

	Total in NE
	 
	 
	 
	73.2

	Centre
	
	
	
	

	Size 1
	8.5
	66.0 (64.9)
	34.0 (35.1)
	65.5

	Size 2
	6.5
	74.0 (63.2)
	26.0 (36.8)
	68.6

	Size 3
	5.4
	78.3 (59.7)
	21.7 (40.3)
	69.0

	Size 4
	5.6
	87.3 (57.6)
	12.7 (42.4)
	72.5

	Total in Centre
	 
	 
	 
	68.5

	South
	
	
	

	Size 1
	8.7
	72.5 (57.2)
	27.5 (42.8)
	64.8

	Size 2
	6.4
	72.5 (58.2)
	27.5 (41.8)
	65.4

	Size 3
	5.3
	74.3 (61.1)
	25.7 (38.9)
	67.7

	Size 4
	4.6
	81.9 (61.1)
	18.1 (38.9)
	71.5

	Total in South
	 
	 
	 
	66.8

	Total
	
	
	
	70.1


Size 4 firms in the NW and NE show the highest accuracy levels (74.9% and 74.7%, respectively). Size 3 firms in the NW have the lowest Type I error levels (only 17.5%), and Size 3 firms in the NE have the lowest incidence of Type II errors (31.3%). The table confirms the results obtained when the two classification variables are applied separately, i.e. accuracy is lower toward the South and, within each geographical area, accuracy increases progressively with larger firms.

Table 11: Validity test of combined (business + size) discriminant function (percentages)
	Combinations
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	Manufacturing
	
	
	
	

	Size 1
	10.3
	69.9 (63.2)
	30.1 (36.8)
	66.6

	Size 2
	8.0
	76.1 (61.9)
	23.9 (38.1)
	69.0

	Size 3
	9.7
	77.7 (68.9)
	22.3 (31.1)
	73.3

	Size 4
	12.0
	85.2 (65.8)
	14.8 (34.2)
	75.5

	Total in Manufacturing
	 
	 
	 
	71.4

	Building
	
	
	
	

	Size 1
	2.3
	62.3 (61.4)
	37.7 (38.6)
	61.8

	Size 2
	1.4
	79.4 (57.2)
	20.6 (42.8)
	68.3

	Size 3
	1.3
	78.3 (65.0)
	21.7 (35.0)
	71.7

	Size 4
	2.0
	86.0 (63.3)
	14.0 (36.7)
	74.7

	Total in Building
	 
	 
	 
	68.6

	Services
	
	
	
	

	Size 1
	16.4
	70.3 (60.0)
	29.7 (40.0)
	65.2

	Size 2
	14.6
	75.0 (60.5)
	25.0 (39.5)
	67.8

	Size 3
	11.0
	76.6 (59.6)
	23.4 (40.4)
	68.1

	Size 4
	11.0
	82.1 (57.8)
	17.9 (42.2)
	70.0

	Total in Services
	 
	 
	 
	67.5

	Total
	
	
	
	69.1


Table 11 gives the synthesis results when size is combined with business. Once more, the overall prediction accuracy (69.1%) is higher than when the two classification variables are separately applied. When compared to results obtained by applying discriminant analysis solely on the basis of business sector (Table 9), firms in the manufacturing industry have the highest increase in accuracy (+ 2.5%). For the Size 4-Building Industry combination, Type I error is minimum (14%). Size 3 firms in the manufacturing industry have the best classification levels for non-defaulting firms (68.9%). Our research once again confirmed that prediction accuracy increased progressively with larger companies and was higher in the manufacturing industry (71.4%) than in building (68.6%) or in services (67.5%).

Table 12: Validity test of combined (business + location) discriminant function 
(percentages)
	Combinations
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Type I (Type II) errors
	Correctly classified firms

	Manufacturing
	
	
	
	

	NW
	12.0
	78.8 (55.4)
	21.2 (44.6)
	67.1

	NE
	8.0
	79.0 (67.1)
	21.0 (32.9)
	73.1

	Centre
	10.0
	78.7 (62.8)
	21.3 (37.2)
	70.7

	South
	10.0
	71.9 (64.9)
	28.1 (35.1)
	68.4

	Total in Manufacturing
	 
	 
	 
	69.5

	Building
	
	
	

	NW
	1.8
	78.8 (55.4)
	21.2 (44.6)
	67.1

	NE
	1.3
	81.1 (57.6)
	18.9 (42.4)
	69.4

	Centre
	2.3
	73.5 (59.6)
	26.5 (40.4)
	66.6

	South
	1.6
	76.8 (58.0)
	23.2 (42.0)
	67.4

	Total in Building
	 
	 
	 
	67.4

	Services
	
	
	
	

	NW
	15.2
	78.6 (57.5)
	21.4 (42.5)
	68.0

	NE
	10.7
	75.9 (65.5)
	24.1 (34.5)
	70.7

	Centre
	13.7
	72.2 (58.9)
	27.8 (41.1)
	65.6

	South
	13.4
	74.0 (55.4)
	26.0 (44.6)
	64.7

	Total in Services 
	 
	 
	 
	67.1

	Total
	
	
	
	68.1


When business sector and location are combined (Table 12), mean prediction accuracy is 68.1%. The highest accuracy levels are in the Manufacturing Industry-NE combination for non-defaulting firms (67.1%,), and in the Building Industry-NE combination for defaulting firms (81.1%). The Manufacturing Industry-South combination has the highest Type I error rate (28.1%). Firms in the NW in the manufacturing and building industries, and Southern service firms have the lowest accuracy rate for non-defaulting companies (55.4%).
When compared to results obtained by calculating on the aggregate, the discriminant functions give higher levels of accuracy when calculated separately for business and location and, especially, for size; and this accuracy increases when the three classifications are tested in combinations of two variables at a time. These results indicate that Italian firms have quite diverse economic and financial profiles as a function of all the three classification criteria applied. The reliability of SE credit rating models used by banks following Basel II will therefore be affected by the banks’ ability to take into account this diversity.

Logistic Regression

Logistic regression analysis was applied to the same sample, on the basis of the same economic and financial ratios adopted with discriminant analysis.

Table 13: Validity test of logistic function on defaulting and non-defaulting firms (percentages)
	Observed state
	Predicted state
	Correctly (incorrectly) classified firms

	
	0
	1
	 

	Defaulting firms
	0
	76.4%
	23.6%
	67.2% (32.8%)

	Non-defaulting firms
	1
	42.0%
	58.0%
	


Prediction accuracy on the aggregate (Table 13) is 67.2%, somewhat higher than with linear Discriminant Analysis (DA), which gave 65.9% accuracy. There was a 42% Type II error rate, which was, once again, almost twice as high as Type I errors (23.6%).

Logistic Regression by Size, Geographical Area and Business Categories
When compared to results obtained by calculating on the aggregate, logistic function prediction accuracy is higher when the model is separately constructed for size (68.5%), and for geographical area (68.4%). Results for business sector evaluation (67.4%), however, were all but the same as those obtained by applying logistic regression analysis on an aggregate basis.

Table 14: Validity test of logistic function calculated for each size group (percentages)
	Size group
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Correctly classified firms 
	Correct classification using DA

	Size 1
	29.0
	50.0 (77.9)
	64.0
	64.0

	Size 2
	24.0
	78.8 (58.6)
	68.7
	68.0

	Size 3
	22.0
	84.8 (53.3)
	69.0
	71.4

	Size 4
	25.0
	83.3 (63.3)
	73.3
	72.9

	Total
	
	
	68.5
	68.8


The validity test of logistic functions calculated separately for each size group (Table 14) confirmed the results obtained with discriminant analysis: the overall accuracy rate is extremely similar (68.5% for logistic regression and 68.8% with discriminant analysis), and prediction accuracy increases progressively with larger firms (64% for Size 1 and 73.3% in Size 4).
Table 15 shows the results when logistic analysis is applied to each geographical area. For all areas, error rates are slightly lower than when discriminant analysis is used. Prediction accuracy is, again, higher for firms in the NW (70.8%) and NE (70.6%), compared to Central Italy (67.1%) and, most markedly, to the South (65.1%).

Table 15: Validity test of logistic function calculated for separate geographical areas (percentages)
	Geographical areas
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Correctly classified firms 
	Correct classification using DA

	NW
	29.0
	79.0 (62.5)
	70.8
	70.0

	NE
	20.0
	66.2 (75.0)
	70.6
	69.8

	Centre
	26.0
	79.9 (54.3)
	67.1
	66.8

	South
	25.0
	77.8 (52.4)
	65.1
	64.9

	Total
	
	
	68.4
	67.9


The results shown in Table 16, obtained through logistic analysis calculated separately for each business sector, are very similar to those obtained using discriminant analysis. The overall prediction accuracy is 67.4%; there is a slight increase in accuracy regarding service firms (66.6% compared to 66.1%.); and there is a drop of over 1% in prediction accuracy in building firms (66.1% compared to 67.4%).

Table 16: Validity test of logistic function calculated for each business sector (percentages)
	Business sectors
	Percentage of total sample
	Correctly classified defaulting (non-defaulting) firms
	Correctly classified firms 
	Correct classification using DA

	Manufacturing
	40.0
	77.4 (60.3)
	68.8
	68.9

	Building
	7.0
	81.7 (50.6)
	66.1
	67.4

	Services
	53.0
	70.8 (62.4)
	66.6
	66.1

	Total
	
	
	67.4
	67.3


CONCLUSIONS

Our aim was to see how far mainstream statistical models for the prediction of company default could effectively classify enterprises of diverse size, operating in different geographical areas and in different business sectors. The empirical results obtained show that a selected set of economic and financial ratios can correctly predict default four years prior to the event for approximately two-thirds of firms, through either linear discriminant analysis (65.9%) or logistic regression analysis (67.2%).

When duly processed, therefore, accounting data tout court can provide significant information regarding future company default some financial years before this occurs.

There was, generally, an increase in prediction accuracy when the decisional function is calculated according to size, business sector and location, evaluating the separate marginal distribution of these three classification variables or combining the variables in pairs. 

As expected a priori, balance sheet information from smaller-sized firms had lower levels of prediction capacity: there was a 9% difference in prediction accuracy between the smallest size group and the largest one, in both discriminant analysis and logistic regression. One possible reason for the loss in prediction efficiency is the opacity related to the fact that SEs have far fewer obligations regarding data disclosure than larger firms. There were two further tendencies, though these were less marked. One was territorial in that correct classification was below average in Central Italy and was even lower in Southern Italy. The second tendency concerned business sectors, with the models proving more effective in the manufacturing industry than in the building sector and service industry.

It is confirmed 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.

Our cross-section experiment leads us to draw the analogical conclusion that decisional functions should be reviewed and updated frequently.

There are strong logical grounds indicating that classification errors cannot be eliminated. It follows that datasets should always include also qualitative information about the structure, behavior and performance of any firm to be assessed.

The incorrectly classified firms (approximately one third of the sample) were distributed asymmetrically, with prevalently Type II errors (that is, seemingly unhealthy financial accounts are not always followed by defaults). This indicates that if models are applied mechanically, they will tend to ration credit more than is really necessary.
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� The views expressed in this paper are those of the author and do not involve the responsibility of the Bank.


� 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 earning/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 logistic regression function. His dataset contained 105 defaulting firms, 2,058 non-defaulting firms, and 9 economic-financial ratios calculated on data from 1970 through 1976. Logistic regression allows analysts to work with numerically diverse samples, and it gives better results if the observations are discrete and not overlapping.


� 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.


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


� 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).


� 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 its meaning.


� Averages were weighted in relation to the variable used as denominator.


� 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 behaviour” 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 make any significant contribution to the model, or until the selection of a predetermined number of variables has been achieved.
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