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ABSTRACT

We develop a model for the risk measurement of Basel II retail credits for small/medium-sized enterprises (SMEs).In addition to financial ratios, we use credit history, as suggested by the literature and the Accord. Our model, furthermore, combines financial ratios with credit history to create hybrid indicators of risk. We find that by developing a logit model based on 188 Italian SMEs, that the outcomes demonstrate that the determinants of the corporate credit relationship are not valid for SMEs. 

We find that the usage of credit lines is an important variable and that capitalization levels do not affect ratings. The level of the lines of credit not used and the financial structure equilibrium also are significant factors. As a result, we find that creditworthiness is sensitive to sale profitability.
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1. INTRODUCTION 
The recent revision of the International Convergence of Capital Measurement and Capital Standards (Basel II) directs the international credit system to pay closer attention to measuring and to managing credit risk (Hertig 2005). This is true, in particular, for those banks that adopt an Internal Rating Based Approach (IRB) This revision impacts SMEs, and is relevant for economies such as Italy’s, in which entrepreneurship is mainly composed of SMEs. 

Against this background, our research question asks what the factors are on which SME creditworthiness is based under an IRB approach.  Our interest in this topic and its implications for future economic growth are discussed by Claessens et al. 2005. We respond to the research needs that their work has highlighted: “Much of the academic research on credit risk also focused on the large corporate credit market where data were more easily available to researchers. While the research on risk measurement and capital modeling for retail credits has increased in recent years, this remains a relatively underdeveloped area of research.”

Additional studies also point out the necessity of building a specific failure prediction system for these firms, distinct from corporate positions (Berger & Udell 1995; Leeth & Scott 1989; Claessens et al. 2005; Altman & Sabato 2007; Jacobson et al. 2005). For this reason, we develop a failure prediction model exclusively focused on SMEs. 

Although both the cited literature and Basel II consider credit historical data essential in order to build a rating system for SMEs (Altman & Sabato 2007; Pompe & Bilderbeek 2005). Our model combines credit historical data with financial information. 

The variables/indicators that   are the most able to predict default probability come from several sources: literature on failure prediction models, mainly developed for corporate firms; literature on financial statement analysis; central bank instruction about the use of credit historical data.

After examining the literature about the effects of Basel II on SME banking credit, we can state some research hypotheses. The hypotheses are tested on a sample of Italian SMEs, held in trust by an Italian primary bank. The sample complies with the Basel II definition of SMEs.

The structure of the paper is the following. Firstly, the literature that analyzes the effects of Basel II adoption on SMEs credits permits us to state our hypotheses. Secondly, the study moves on to examine the factors influencing the default of a firm. The definition of our model of SME default prediction under Basel II rules is the next step. 
The empirical analysis starts with the application of the model on our database. Then, the analysis continues debating the results. Our main findings are shown in the last section, highlighting the determinants of SME Creditworthiness after Basel II.
2. LITERATURE REVIEW AND RESEARCH HYPOTHESES   
Despite the great importance of SMEs in the economy, the default analysis of SMEs was not explored in depth before the introduction of the new Basel II rules (Edmister 1972; Keasey & Watson 1987; Laitinen 1992; Claessens et al. 2005).  Recent studies have examined the expected effects of Basel II on the bank capital requirements from different points of view: the portfolio risk of a lender (Dietsch & Petey 2004; Jacobson et al. 2005); the capital requirements as a function of the creditworthiness evaluation (Schwaiger 2002); and the link between the Basel approach adopted by a bank and the characteristics of the lenders and capital needs (Altman & Sabato 2005; Berger 2006; Pagliacci 2006; Saurina & Trucharte 2004).

More important to our paper are the studies that focus on the connections between the type of credit, the features of the bank, and with the level of the firm’s financial distress (Berger 2006; Berger & Frame 2007; Berger et al. 2005; Jiménez & Saurina 2004; Hancock & Wilcox 1998). 

 These studies show that the automatic creditworthiness systems implemented after Based II standardize credit evaluation procedures. The standardization indicates a change in evaluation systems. These systems move from a subjective assessment of lending relationships, based primarily on credit historical data and on the acquaintance with the entrepreneur (Avery et al. 1998; Berger & Udell 1995; Petersen & Rajan 1994), to a more objective firm evaluation that  emphasizes financial statement data (Berger & Frame 2007; Berry & Robertson 2006; Brewer 2007). 

Most of literature recalled also affirms that the credit judgment is sensitive to financial leverage ratios, which are considered the most predictive of the probability of default (Standard & Poor’s, 2006). Debt is a particularly important consideration for SMEs, because they usually have high levels of indebtedness (Thomsen & Pedersen 2000; Altman & Sabato 2005). Looking at this statement, we formulate our first hypothesis as:
H1: Increasing levels of capitalization improve the SME rating. 

If leverage ratios play a central role in rating systems, then the weight of the borrowing cost influences the default score (Altman & Sabato 2005). Thus, in parallel with H1, our second research hypothesis is: 

H2: An increase in the weight of borrowing cost worsens the SME rating. 

Under Basel II, the focus of rating systems on financial statement data does not diminish the importance of credit historical data. Empirical studies show the prevalence of this data in the creditworthiness valuation of a SME (Jiménez & Saurina 2004; Petersen & Rajan 1994).  

This fact drives our third research hypothesis: 

H3: Credit historical data is prevalent in the IRB systems for SMEs.
In addition, we find that the primary concern for banks is the trend of their short term lines of credit. Thus, our fourth research hypothesis is: 

H4: Among credit history, the usage level of short term lines of credit represents the main determinant.

The financial structure and its effects are not the only determinants of the default probability measured by rating systems. Profitability performances play a relevant role in the credit evaluation process of a SME (this is true from Edmister 1972 to Pagliacci 2006). This statement is verified by our fifth hypothesis:

H5:  An increase in profitability of a SME improves its rating. 

3. THE VARIABLES FOR FAILURE PREDICTION 
Failure prediction models are based on a set of variables/indicators. Following the main literature (Altman 1968; Beaver 1967; Caouette et al. 1998; Chen & Shimerda 1981; Edminster 1972; Pompe & Bilderbeek 2005), we divide the indicators of default into three “branches”: 
1. Loss of competitive strength due to a fall in the demand or a drop in internal efficiency.
2. Increase in the debt weight due to an external event, such as a rise in interest rates; or based on internal reasons, such as reduced cash flow or financial structure imbalance.
3. Deterioration in the quality of the credit relationship, especially in relation to short term lines of credit. 

 Further, as Table 1 shows, each branch contains sub-branches consisting of groups of different indicators. We consider all those ratios based on financial statement data coming from failure prediction studies (Deakin 1976; Beaver 1967; Altman 1968; Edminster 1972; Chen & Shimerda 1981; Caouette et al. 1998; Pompe & Bilderbeek 2005). We integrate these variables with the most commonly used indicators in the financial statement analysis literature (Foster 1986; Penman 2001).

However, the Basel II Accord requires that the IRB models include as many variables as possible in order to estimate the probability of default. Therefore, our study includes credit history in addition to financial statement analysis. But, we do not consider qualitative information even if it has shown its importance (Grunet et al. 2004; Lehman 2003)
We choose credit historical variables both from failure prediction studies (Sufi, forthcoming; Agarwal et al. 2006; Jiménez & Saurina 2004; Berger & Udell 1995; Estrella 2000; Falkenheim & Powel 2000) and from banking standards (Bank of Italy 2000; Centrale dei Rischi 2004). 

In addition, we use a third class of measures in which we mix credit history and financial statement data to build new indicators that are potentially useful for failure prediction (e.g., “short term credit granted / net assets”).

4. THE FAILURE PREDICTION MODEL: AN APPLICATION ON ITALY
Among the methods  that we could use for estimating default risk, we prefer the logistic regression (logit) for several reasons: its output is directly expressed as a measure of default probability (Bank of International Settlements 2006); it is able to handle both qualitative and quantitative explanatory variables and allows simple testing of the significance of coefficients; it is sufficiently solid from a scientific perspective and from experimentation in applications; and currently, it is the method  most often used by bank credit risk systems (see, among others, Bank of Italy 2000; Standard & Poor’s 2006; Westgaard & Van Der Wijst 2001). In accordance with Basel II, this method also allows us to estimate one year default probabilities in our model.

 The sample for our model must be consistent with the specifications of the Accord. The sample must contain firms which have a turnover between €5 and €50 million and a credit position of over €1 million and/or retail positions. 
Other models, developed for corporate positions, do not use financial and credit historical data simultaneously. In fact, these two sources of information usually feed separate models, which are ‘harmonized’ in a subsequent step by using ad hoc methods; however, the model loses power as a result. This approach showed very different results relative to considering them simultaneously, as our model does.

The sample on which we test the failure prediction model comprises 232 Italian companies. The database is held in trust by an Italian primary bank. To adhere to Basel II specifications, they have a turnover of between €5 and €50 million and a credit position of over €1 million. 

To avoid taking systematic risk into account, we focus on a single sector of activity. Thus, all the companies belong to the fashion industry (73 clothing producers, 40 shoes producers, 62 textile producers, 26 knitwear producers, and 31 wool mills). In our sample, 29% of the firms are located in the North-West, 13% in the North-East, 37% in the Center, and 21% in the South. The firms in the sample cover 3.4% of the turnover of the whole Italian fashion industry. The sample also includes 66 defaults, which happened between 1997 and 2004, paired with 166 non-defaulted firms according to the size and geographic location of the corresponding companies. 

The sample includes 66 defaults, which happened between 1997 and 2004, paired with 166 non defaulted firms according to dimension and geographic location of the corresponding companies. 

To estimate one-year default probability in accordance with  Basel II, our database consists of the financial statements from the  two fiscal years before the default date for calculating tendency indicators, and the credit history from one year before the default date. We define the default date as the month of default for defaulted companies or the matching month for non-defaulted companies.
Before processing the data, we excluded from the analysis those companies whose financial statements either declared a turnover equal to zero, or which evidenced abnormal value in credit history.  This fact reduced the data to 188 observations (48 defaults).

The final version of the model derived by this sample, obtained with an iteration process, includes only variables with a coefficient significantly different from zero (at a significance level of 5%) and whose sign conforms to expectations.  We handle these data by using the R statistical environment (http://www.r-project.org), estimating the model with the glm() function. We pay particular attention in handling variables, using different types of diagnostics to avoid or, at least to bound, the effect of outliers or leverage values. From this process we obtained the model summarized in Table 2. 

 By coding default with 1 (bonis with zero), a positive (negative) coefficient means that the corresponding explanatory variable increases (diminishes) the default probability. Only four variables with the expected sign are significant.  This fact corresponds to what we hoped a priori. (We note that to avoid over-fitting, we require the low number of defaults to work with a low number of variables.) Credit historical information is the most important in the model; this also conformed to our expectations.

We note that all the variables appear in a logarithmic scale.  This scale gives us better results and, at the same time, confines the potential influence of outliers and leverage values. Tendency indicators with an expected sign are not significant. Moreover, the correlations among the selected variables are rather small (the highest value of the Spearman coefficient, in absolute value, is 0.16). Because we use the corresponding variables to pair non-defaulted companies to defaulted, the size and the geographic location are not significant.

To test the predictive performance of the model, the best strategy is to check its behavior out-of-sample. However, the low number of observations advises against a further reduction of the data we use in the estimates, so our inferences are exclusively in sample. Within this framework, the ROC curve shows good predictive characteristics for the model (Figure 1). This affirmation is confirmed by the value (0.933) of the corresponding index.
As noted above, the model, which we build by using both sources of data simultaneously, is quite different from that obtained by joining separated models for accounting and historical credit data. This statement can be confirmed by comparing the results in Table 2 with those in Tables 3 and 4. The ratio between the residual deviance and the null model deviance confirms the dominance, in terms of predictive capability, of the historical credit variables. The variable of “overdraft credit facilities utilized / overdraft credit facilities granted” is confirmed as the more significant one by both approaches. 

However, the comparison from the two approaches also shows some remarkable differences. For instance, the variables of “earnings from continuing operations / turnover” and “usage ratio of funded credit”, which are significant at 5% in the separated models, are not confirmed by the integrated analysis. Furthermore, this analysis makes it possible for us to use variables that we compute by using both the two sources of data, such as “(revolving credit facilities granted + overdraft credit facilities granted) / net investments”.
5. RESULTS
The model shown in table 2 produces results that answer the hypotheses. 

When we consider the first hypothesis, the capitalization level does not seem to have a direct effect on the probability of default. Therefore, we can state the following conclusion:

C1:  A higher capitalization of a SME does not generate a direct increase in the credit standing.

This conclusion is strengthened by the evidence for our second hypothesis, which concerns the role played by the weight of borrowing cost. First, there are no indicators that monitor the weight of the cost of debt
. Second, there are no net profitability variables on which an increased level of interest can have an effect. Hence, we draw this conclusion: 

C2: The increase in the weight of borrowing cost does not have direct effects on the SME rating. 

Nevertheless, for the SMEs in crisis, an increase in indebtedness and/or a heavier cost of debt can be risky, because they can cause additional financial stresses.  

This consideration brings us to our third hypothesis, which concerns the importance of historical credit data. Among the four explanatory variables in our model (see Table 2), one measures the credit relationship quality: “Usage ratio of overdraft credit facilities” (with positive sign). This is the most predictive variable. Thus, we derive our third conclusion:

C3:  The usage ratio of overdraft lines of credit is the main determinant of the rating.
A “normal” usage ratio of overdraft credit facilities does not mean that the firm has no risk of becoming insolvent. Thus, our model points out two other important diagnostic indicators: “Revolving credit facilities granted + overdraft credit facilities granted)/net investments”, which is linked to the level of the lines of credit left unused; and “Short / long term debt”, which is related to the equilibrium of the financial position. 
The fact that three of four variables come from credit history confirms hypothesis four, making us conclude:

C4: Credit historical data is prevalent in the IRB systems for SMEs. 

Finally, the results point out that if net profitability measures are not predictive of the default, operating profitability variables are predictive. In fact, the fourth significant variable of the model is: “cost of sales/turnover”. So, our last hypothesis is born out: 

C5: An increase in sale profitability improves a SME’s rating.

6. CONCLUSION 
To investigate the determinants of SME credit in an IRB bank, we develop a logit model for a one-year estimation of the probability of default. The model is exclusively calibrated on SME (as defined by the Accord) economies. We consider both credit-history data and financial statement data. 

We collect all the variables/indicators found in the main literature and in banking standards under three main branches: loss of competitive strength, increase in the debt weight, and deterioration of the credit relationship quality. The model, which uses 188 Italian SMEs, confirms that the credit-history data predominates in the judgment of a SME. The quality of the credit relation, expressed by the usage ratio of overdraft lines of credit, is the main determinant of the rating. Liquidity conditions, linked to the level of the lines of credit not used, and solvency conditions, related to the equilibrium of the financial position, are two other important factors. 

 In the Italian market, one of the biggest financial problems for the SMEs is the expansion in the trade payables days; SME accounts receivable turnover is significantly longer than the European mean levels (Thomsen & Pedersen 2000). Our model indicates that an alignment of the trade payables times with the European standards loosens the financial distress of many SMEs, allowing them to recover competitiveness in the credit market. If SMEs have to manage less working capital, then money can be released to balance the debt structure and, assuming the invariance of the granted credit, then lower the usage ratio of overdraft lines of credit.

An SME’s rating depends on operating profitability (cost of sales/turnover), and this aspect can be linked to industry characteristics. It underlines the centrality of competitive factors for the default evaluation process. Consequently, we may suppose that the margins on sales are quicker than debt ratios in responding to the effects of a loss of competitiveness. In fact, an increase in the capitalization level is not able to improve the firm’s rating, as generally noted. The same conclusion is valid for the weight of the borrowing cost.

In a macroeconomic view, creditworthiness systems based on profitability measures, instead of leverage, should make the credit allocation process more efficient by linking the financing of SMEs to their competitive strength. However, the different phases of the economic cycle are reflected in the profitability levels, and can cause pro-cyclical effects in the financing system. This effect can penalize SMEs at the time when they should be bolstered to a greater extent. 

This work focuses on a specific sector of activity. Thus, it does not take into account the industry risk. Moreover, the model we have developed does not include qualitative information. 

Furthermore, because of the high heterogeneity in the economic and market characteristics of the different countries, it might not be correct to extend to other countries the results which we obtain through a sample of Italian SMEs. 
Table 1: The default estimation indicators 
	Competitive strength

	
	Activity development

	
	
	variation in turnover 

variation in value added

variation in tangible assets

variation in net investments *
variation in total assets 

variation in total purchases  

variation in net assets

variation in retained earnings  

variation in net profit 

variation in number of personnel 

	
	Return on investments 

	
	
	earning from continuing operations / turnover

ROE1 = earning from continuing operations / net assets

ROE2 = net profit / net assets

ROA = EBIT / total assets 

ROI = EBIT / net investment
ROS = EBIT / turnover

turnover / total assets

total purchases  / turnover

net assets / turnover

total assets / turnover

labour costs / value added

labour costs / turnover

stock / turnover

cost of sales / turnover

depreciation rate

	Debt weight

	
	Interest rate risk

	
	
	ROD = interests on debt / financial debt

ROI – ROD 

ROA – ROD 

	
	Liquidity conditions

	
	
	working capital / turnover

trade receivables days

stock in hand days

trade payable days

cash and cash equivalents / total assets 

operating cash flow ** / short term debt ***
operating cash flow / financial debt ***
operating cash flow / interests on debt

free cash flow / short term debt

free cash flow / financial debt

free cash flow / interests on debt

short term credit granted / net assets

short term credit granted / total assets

(revolving credit facilities granted + overdraft credit facilities granted) / total assets

current assets / current liability 

(current assets – stock) / current liability 

	
	Solvency conditions

	
	
	net financial position **** / turnover 

net financial position / net assets

net financial position / total assets

short-term debt / long-term debt *** 
short-term debt / net assets

short-term debt / total assets

long term credit granted / tangibile assets

liabilities / total assets

liabilities / net assets

retained earnings / total assets 

retained earnings / net assets 

funded credit granted / total assets 

funded credit granted / net assets 

funded credit granted / turnover 

unfunded credit granted / total assets

unfunded credit granted / net assets

unfunded credit granted / turnover

(revolving credit facilities + overdraft credit facilities – financial investments) / turunover

(revolving credit facilities + overdraft credit facilities – financial investments) / net assets

(revolving credit facilities + overdraft credit facilities – financial investments) / total assets

	Quality of the credit relation

	
	
	usage ratio ***** of revolving credit facilities 

usage ratio of continuous credit lines 

usage ratio of funded credit 

usage ratio of unfunded credit 

usage ratio of overdraft credit facilities

revolving credit facilities utilized / accounts receivable


Legend: 
* Net Investments = Total assets – non financial debt.

** Operating cash flow = EBITDA – taxes.

*** In order to have more reliability data, the short term debt comes from historical data instead of the balance sheet statement.
**** Net financial position = debt coming from credit history – cash and cash equivalents.

***** The usage ratios are calculated dividing the amount utilized of a certain kind of credit by the amount granted of that credit.
The indicators are expressed in percentages or, if the firm’s dimension is irrelevant, they are in numeric value. 
Each indicator has been rewritten in different manners in order to identify the shape that better predict the default. For example, the credit granted to the firm can be monitored by: a) credit granted / turnover; b) credit granted / net investments; c) credit granted / value added; d) credit granted / total assets; e) credit granted / net assets. At the end, “credit granted / net investments” is the best form, in terms of predictable power.
Table 2: The model estimated by using both accounting and historical credit data

	Diagnostics

	Number of observations: 188
	Number of defaults: 48

	Log Likelihood: -50.46
	AIC: 110.92      BIC: 127.10

	Null model deviance: 213.61 (d.f. = 187)
	Residual deviance: 100.92 (d.f. = 183)

	Coefficients

	Variable
	estimate
	s.e.
	z-value
	p-value

	(Intercept)
	5.3396
	2.2305
	2.3940
	0.0167

	ln[(cost of sales + 1) / (turnover + 1)]
	2.0852
	0.9774
	2.1340
	0.0329

	ln[(revolving credit facilities granted + overdraft credit facilities granted) + 1) / (net investments + 1)]
	-0.7026
	0.3288
	-2.137
	0.0326

	ln[(overdraft credit facilities utilized +1) / (overdraft credit facilities granted + 1)]
	3.2068
	0.6623
	4.8420
	0.0000

	Ln[(short-term debts + 1) / (long-term debts + 1)]
	0.1944
	0.0666
	2.9190
	0.0035


Table 3: The model estimated only by using accounting data 

	Diagnostics

	Number of observations: 188
	Number of defaults: 48

	Log Likelihood: -97.02
	AIC: 200.03 BIC: 209.74

	Null model deviance: 213.61 (d.f. = 187)
	Residual deviance: 194.03 (d.f. = 185)

	Coefficients

	Variable
	estimate
	s.e.
	z-value
	p-value

	(Intercept)
	-0.8004
	0.2395
	-3.343
	0.00083

	earning from continuing operations / turnover 
	-6.2348
	1.8918
	-3.296
	0.00098

	ln[(cost of sales + 1) / (turnover + 1)]
	1.5648
	0.7258
	2.156
	0.0311


Table 4: The model estimated only by using historical credit data 

	Diagnostics

	Number of observations: 188
	Number of defaults: 48

	Log Likelihood: -57.97
	AIC: 121.94 BIC: 131.65

	Null model deviance: 213.61 (d.f. = 187)
	Residual deviance: 115.94 (d.f. = 185)

	Coefficients

	Variable
	estimate
	s.e.
	z-value
	p-value

	(Intercept)
	5.3396
	2.2305
	2.394
	0.0167

	ln[(overdraft credit facilities utilized +1) / (overdraft credit facilities granted + 1)]
	2.36477
	0.5493
	4.305
	0.0000

	usage ratio of funded credit 
	0.03093
	0.0147
	2.104
	0.0354


Figure 1: The ROC curve


 The estimation of the industry turnover comes from “Federazione delle imprese tessili e moda italiane - Centro Studi - La filiera tessile abbigliamento moda - indagine 2004,” accessed July 14, 2008, [available at http://www.smi-ati.it]. 

2 The average trade payable days in European firms is about 75 days (source:  D&B - ONE EUROPE). In Italy, the average is higher than 20 days. Assuming an alignment towards the European value, the cash needs for the Italian SME could reduce by 3,5%.

REFERENCES 

Agarwal, A., & Ambrose, B.W., & Liu, C. (2006). Credit Lines and Credit Utilization. Journal of Money Credit and Banking 38, 1-22.

Altman, E.I. (1968). Financial ratios, discriminant analysis and the prediction of corporate bankruptcy. Journal of Finance 23, 589-609.

Altman, E.I., & Marco, G., & Varetto, F. (1994). Corporate distress diagnosis: comparisons using linear discriminant analysis and neural networks (the Italian experience). Journal of Banking and Finance 18, 505-529.

Altman, E.I., & Sabato, G. (2005). Effects of the new Basel Capital Accord on bank capital requirements for SMEs. Journal of Financial Services Research 28, 15-42.

Altman, E.I., & Sabato, G. (2007). Modelling credit risk from SMEs: evidence from US market. Abacus 43, 332-357.

Altman, E.I., & Sounders, A. (1998). Credit risk measurement: Developments over the last 20 years. Journal of Banking and Finance 21, 1721-1742.

Avery, R.B., & Bostic, R.W., & Samolyk, K.A. (1998). The role of personal wealth in small business finance. Journal of Banking and Finance 22, 1019-1061.

Bank of International Settlements (2005). An empirical evaluation of structural credit risk models. Working papers 179.

Bank of International Settlements (2006). Basel II: International Convergence of Capital Measurement and Capital Standards: A Revised Framework - Comprehensive Version. June.

Bank of Italy (2000). Modelli per la gestione del rischio di credito. Tematiche istituzionali. Rome, IT: Bank of Italy.

Bank of Italy (2002). La Centrale dei Rischi nella gestione del credito: esperienze e prospettive. Rome, IT: Bank of Italy.

Beaver, W.H. (1967). Financial ratios as predictors of failure. Empirical research in accounting: Selected studies. Supplement to Journal of Accounting Research 4, 71-111.

Berger, A.N. (2006). Potential competitive effects of Basel II on banks in SME credit markets in the United States, Journal of Financial Services Research 28, 5-36.

Berger, A.N., & Frame, W.S. (2007). Small business credit scoring and credit availability. Journal of Small Business Management 45, 5-22.

Berger, A.N., & Frame, W.S., & Miller, N.H. (2005). Credit Scoring and the Availability, Price, and Risk of Small Business Credit. Journal of Money, Credit, and Banking 37, 191-222.

Berger, A.N., & Udell, G.F. (1995). Relationship lending and lines of credit in small firm finance. Journal of Business 68, 351-382.

Berger, A.N., & Udell, G.F. (2006), A more complete conceptual framework for SME finance. Journal of Banking and Finance 30, 2945-2966.

Berry, A., & Robertson, J. (2006). Overseas bankers in the UK and their use of information for making lending decisions: Changes from 1985. The British Accounting Review 38, 175-191.

Brewer, E. (2006). On Lending to Small Firms. Journal of Small Business Management 45, 42-46.

Caouette, J.B., & Altman, E.I., & Narayanan, P. (1998). Managing credit risk, the next great financial challenge. New York, NY: Wiley Frontiers in Finance,. 

Centrale dei Rischi (2004). Centrale dei rischi – Instructions for banks. Circolare 139.

Chen, K.H., & Shimerda, T.A. (1981). An Empirical Analysis of Useful Financial Ratios. Financial Management 10, 51-60.

Crouhy, M.D., & Galai, D., & Mark, R. (2000). A comparative analysis of current credit risk models. Journal of Banking and Finance 24, 59-117.

Deakin, E.B. (1976). Distributions of Financial Accounting Ratios: Some Empirical Evidence. The Accounting Review 51, 90-96.
Dietsch, M., & Petey, J. (2004). Should SME exposures be treated as retail or corporate exposures? A comparative analysis of default probabilities and asset correlations in French and German SMEs. Journal of Banking and Finance 28, 773-788.

Edmister, R. (1972). An empirical test of financial ratio analysis for Small Business failure prediction. Journal of Financial and Quantitative Analysis 7, 1477-1493.
Estrella, A. (2000). Credit ratings and complementary sources of credit quality information. Basel Committee, Working Paper 3, August.

Falkenheim, M., & Powell,  A. (2000). The use of credit bureau information in the estimation of appropriate capital and provisioning requirements. World Bank, Preliminary paper.

Foster, G. (1986). Financial statement analysis. Englewood Cliffs, ST: Prentice-Hall.
Grunet, J., & Norden, L., & Weber, M. (2004). The role of non-financial factors in internal credit ratings. Journal of Banking and Finance 29, 509-531.

Hancock, D., & Wilcox, J.A. (1998). The “credit crunch” and the availability of credit to small business. Journal of Banking and Finance 22, 983-1014.
Hastie, T., & Tibshirani, R., & Friedman, J. (2001). The elements of Statistical Learning: Data Mining, Inference, and Prediction. New-York, NY: Springer Series in Statistics.

Hertig, G. (2005). Using Basel II to Facilitate Access to Finance: The Disclosure of Internal Credit Ratings. European Corporate Governance Institute, Working Paper Series in Law 31.

Jacobson, T., & Lindé J., & Roszbach, K. (2005). Credit risk versus capital requirements under Basel II: are SME loans and retail credit really different? Journal of Financial Services Research 28, 43-75.
Jimènez, G., & Saurina, J. (2004). Collateral, type of lender and relationship banking as determinants of credit risk. Journal of Banking and Finance 28, 2191-2212.
Keasey, K., & Watson, R. (1987). Financial distress models: a review of their usefulness. British Journal of Management 2, 89-102.

Laitinen, E.K. (1991). Financial ratios and different failure processes. Journal of Business Finance and Accounting 18, 649-673.

Leeth, J.D., & Scott, J. (1989). The incidence of Secured Debt: evidence from the small business community. Journal of Financial and Quantitative Analysis 24, 379-394.

Lehman, B. (2003). Is it worth the while? The relevance of qualitative information in credit rating. Working paper presented at the EFMA meetings, Helsinki.
Pagliacci, M. (2006). SME’s and Basel 2 Challenge. Theoretical and Applied Economics 3, 7-10.
Penman, S.H. (2001). Financial statement analysis and security valuation. Boston: McGraw-Hill/Irwin. 

Pompe, P., & Bilderbeek, J. (2005). The prediction of bankruptcy of small- and medium-sized industrial firms. Journal of Business Venturing 20, 847-868.

Saurina, J., & Trucharte, C. (2004). The impact of Basel II on lending to Small- and Medium-sized firms: a regulatory policy assessment based on Spanish credit register data. Journal of Financial Services Research 26, 121-144.

Schwaiger, W.S.A (2002). Basel II: quantitative impact study on Austrian small and medium-sized enterprises. Technical University of Vienna.
Scott, J. (1981). The probability of bankruptcy: a comparison of empirical predictions and theoretical models. Journal of Banking and Finance 5, 317-344.

Standard & Poor’s (2006). Credit Risk Traker Italy, Technical Documentation, Credit Risk Solutions, accessed July 14, 2008, [available at www2.standardandpoors.com].
Sufi, A., forthcoming. Bank Lines of Credit in Corporate Finance: An Empirical Analysis. The Review of Financial Studies. 

Thomsen, S., & Pedersen, T. (2000). Ownership structure and economic performance in the largest European companies. Strategic Management Journal 21, 689-705.
Udell, G.F. (2004). SME Lending: Defining the Issues in a Global Perspective. Indiana University, Working paper.
Westgaard, S., & Van Der Wijst, N. (2001). Default probabilities in a corporate bank portfolio: A logistic model approach. European Journal of Operational Research 135, 338-349.
� Corresponding author: francesco.dainelli@unifi.it. 





1
October 16-17, 2009

Cambridge University, UK
22
October 16-17, 2009

Cambridge University, UK
21
October 16-17, 2009

Cambridge University, UK

