
Temi di Discussione
(Working Papers)

Does credit scoring improve the selection of borrowers and  
credit quality?

by Giorgio Albareto, Roberto Felici and Enrico Sette

N
um

be
r 1090O

ct
o

b
er

 2
01

6





Temi di discussione
(Working papers)

Does credit scoring improve the selection of borrowers and  
credit quality?

by Giorgio Albareto, Roberto Felici and Enrico Sette

Number 1090 - October 2016



The purpose of the Temi di discussione series is to promote the circulation of working 
papers prepared within the Bank of Italy or presented in Bank seminars by outside 
economists with the aim of stimulating comments and suggestions.

The views expressed in the articles are those of the authors and do not involve the 
responsibility of the Bank.

Editorial Board: Pietro Tommasino, Piergiorgio Alessandri, Valentina Aprigliano, 
Nicola Branzoli, Ines Buono, Lorenzo Burlon, Francesco Caprioli, Marco Casiraghi,  
Giuseppe Ilardi, Francesco Manaresi, Elisabetta Olivieri, Lucia Paola Maria Rizzica, 
Laura Sigalotti, Massimiliano Stacchini.
Editorial Assistants: Roberto Marano, Nicoletta Olivanti.

ISSN 1594-7939 (print)
ISSN 2281-3950 (online)

Printed by the Printing and Publishing Division of the Bank of Italy



DOES CREDIT SCORING IMPROVE THE SELECTION OF BORROWERS 
AND CREDIT QUALITY? 

 
by Giorgio Albareto*, Roberto Felici* and Enrico Sette* 

 

Abstract 

This paper studies the effect of credit scoring by banks on bank lending to small 
businesses by addressing the following questions: does credit scoring increase or decrease 
the propensity of banks to grant credit? Does it improve the selection of borrowers? Does 
credit scoring improve or reduce the likelihood that a borrower defaults on its loan? We 
answer these questions using a unique dataset that collects data from both a targeted 
survey on credit scoring models and the Central Credit Register. We rely on instrumental 
variables to control for the potential endogeneity of credit scoring. We find that credit 
scoring does not change the propensity of banks to grant loans to the generality of 
borrowers but helps them select borrowers. We also find that credit scoring reduces the 
likelihood that a borrower defaults, in particular for smaller borrowers and for banks that 
declare to use credit scoring mainly as a tool to monitor borrowers. These results are 
homogeneous across bank characteristics such as size, capital, and profitability. Overall 
our results suggest that credit scoring has a positive effect on the selection of borrowers 
and on credit performance.  
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1 Introduction1

A crucial role played by banks is the e�cient use of information to screen and monitor borrowers.

In particular, banks use di�erent lending technologies characterized by the relative importance of

hard and soft information (Berger and Udell, 2002). Advances in information and communication

technology, more adapt at transmitting and processing information, and competitive pressure,

which pushes banks to compress costs, have increased incentives and opportunities for employing

lending technologies which rely more intensively on hard information (Petersen, 2004). Among

these, credit scoring, which involves the standardization of information in the form of a credit

score, represents a key example of hardening of soft information used to screen and monitor

borrowers.

As a consequence, the adoption of credit scoring may have large e�ects on the way banks

originate and monitor loans, and in turn on credit supply and the default rates of borrowers.

First, the availability of additional (possibly more precise) information may induce banks to

lend more and to better assess borrowers' creditworthiness (Frame, Srinivasan, and Woosley,

2001; Berger, Frame and Miller, 2005). Second, the adoption of credit scoring can generate cost

savings to the extent that the information produced by scoring models substitutes the collec-

tion of soft information by local branch managers (see, among others, Berger and Udell, 2002;

Berger, Frame and Miller, 2005). In this case, the adoption of credit scoring may allow banks

to lower rates, granting credit to previously marginal borrowers, which may end up defaulting

more. Third, if the quantitative information provided by credit scoring models substitutes the

soft information traditionally collected by loan o�cers, banks can stop lending to borrowers for

which the quantitative information needed for scoring models is not available. Finally, the stan-

dardization of credit allowed by the adoption of credit scoring is a prerequisite for securitization

(Temkin and Kormendi, 2003). This can a�ect credit standards to the extent that securitized

loans are riskier than loans that are not securitized (Keys, Mukherjee, Seru and Vig, 2010).

This paper sheds light on these issues by addressing the following questions: does the adop-

tion of credit scoring a�ect the propensity of banks to grant a loan? Does the adoption of credit

scoring a�ect the propensity of banks to grant a loan to ex-ante riskier borrowers? Does the

adoption of credit scoring a�ect the likelihood that a borrower defaults on its loans? We an-

1We are grateful to Scott Frame, Matteo Piazza, Andrea Polo, seminar participants at the Bank of Italy and
two anonymous referees for helpful comments. All errors are our own. The views expressed in this paper are
solely of the authors and do not necessarily re�ect those of the Bank of Italy or of the Eurosystem.
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swer these questions using a unique dataset based on a survey on the adoption of credit scoring

models by Italian banks matched with the Italian credit register, which provides information on

individual loan applications and on the status (performing or non-performing) of loans granted

by Italian banks. Our data cover loans to small businesses. This is important because: i) credit

scoring models are mostly used for lending to small �rms and households; ii) the market of loans

to small �rms is especially relevant, as these �rms represent about 70 per cent of value added in

Italy; iii) small �rms are dependent on banks for outside �nance, so studying bank loans implies

studying their overall access to external �nance.

We �nd that the adoption of credit scoring does not change the propensity of banks to grant

loans to the generality of borrowers, but it allows banks to select safer borrowers. We also �nd

that the adoption of credit scoring reduces the likelihood that a borrower defaults. These results

are homogeneous across bank characteristics such as size, capital, pro�tability. The e�ect of the

adoption of credit scoring in reducing the probability that a loan defaults is stronger for banks

that declare to use credit scoring mainly as a tool to monitor borrowers and for smaller borrowers.

We interpret these results as suggesting that the quantitative information provided by credit

scoring helps banks to monitor borrowers after the loan is originated, allowing them to better

manage the lending relationships, in this way reducing the likelihood the borrower defaults. In

fact, the application of credit scoring to monitor the evolution of borrowers' creditworthiness

and of lending relationships allows risk management practices based on hard information, which

facilitate the decisions taken by loan o�cers about loans already granted, particularly inside

complex banking organizations (Stein, 2002).

Studying the e�ects of the adoption of credit scoring on lending and borrower quality poses

several identi�cation challenges. First, banks adopting credit scoring may be di�erent from

banks not adopting credit scoring, and the di�erence may not be captured by observable bank

variables. Second, the timing of adoption may re�ect developments in the loan portfolio of

banks: for example, banks may decide to adopt credit scoring because they face an increase in

the default rate of their borrowers. We address these identi�cation challenges using a di�erence-

in-di�erence model which includes bank �xed e�ects and in which we instrument the decision

to adopt credit scoring for small businesses with the decision to adopt credit scoring for loans

to households 2 or more years before. Hence, our model compares the probability of accepting

loan applications and the probability of default of individual loans of banks adopting credit

scoring with those of banks not adopting credit scoring, controlling for all bank observable and
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unobservable characteristics thanks to the inclusion of bank �xed e�ects. The instrument takes

care of the potential endogeneity of the timing of adoption, and it is based on the observation

that the adoption of credit scoring for loans to household typically precedes the adoption for

small business loans, since the former are more standardized (Mester, 1997). The ful�lment of

the exclusion restriction is plausible, because the adoption of credit scoring in the household

loan market reasonably has no e�ect on the supply of loans in the small business loan market

since the two markets are segmented.

Our �ndings contribute to the literature in several ways. Early works focus on the e�ect of

the adoption of credit scoring on the growth of loans. Frame, Srinivasan and Woosley (2001)

study the e�ect of adopting credit scoring on lending in a simultaneous equations model which

accounts for the endogeneity of credit scoring adoption. They �nd that credit scoring adoption

increases lending to small businesses. Frame, Padhi and Woosley (2004) �nd that the increase in

lending following the adoption of credit scoring is more pronounced in low and moderate income

areas. Berger, Frame and Miller (2005) extend the previous results and also study the impact

of the adoption of credit scoring on credit quality; they �nd that after the adoption of credit

scoring banks increase lending and credit quality deteriorates. De Young, Glennon and Nigro

(2008) show that credit scoring is associated with higher default probabilities; they explain this

result with the production e�ciencies related to the use of credit scoring, which would encourage

adopters to expand output by making riskier loans at the margin. Berger, Cowan and Frame

(2011) show no change in the quality of the loan portfolio for community banks. Hasumi, Hirata

and Ono (2011) �nd that the ex-post probability of default of small �rms increases after non-

primary banks adopted credit scoring; they �nd the opposite result if the bank adopting credit

scoring is the main lender.

The e�ects of small business credit scoring (from now on SBCS) appear to di�er markedly

depending on how a bank implements the technology. In particular, di�erent e�ects could

depend on the importance credit scoring does have in the decision to grant credit: if it is

used automatically and it is the main factor in�uencing that decision (rules) or if it is just

one ingredient among others (discretion). According to Berger, Frame, Miller (2005) for �rules�

banks SBCS is associated with more lending, higher prices, and greater loan risk. By contrast,

for �discretion� banks they �nd no statistically signi�cant increase in credit availability, larger

increases in loan prices relative to rules banks, and diminished loan risk. These results suggest

that when SBCS is used as complement to another lending technology, lending costs may be
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increased, but the improved accuracy in credit evaluation may reduce risk.

All the previous works use data aggregated at the bank level and treat at di�erent depth the

issue of the endogeneity of credit scoring adoption. We complement and extend these �ndings

by using detailed data at the loan level. This is useful for at least two reasons: �rst, it allows us

to control for industry and location of the borrower, which are potential important determinants

of both credit supply and credit quality; second, it allows us to use the probability that a loan

application is granted as a measure of credit supply, which is a better measure than the volume

of loans granted, in that it is less a�ected by demand factors (Jimenez et al. 2014). Moreover,

we account for the potential endogeneity of credit scoring adoption. Other works do not fully

control for this relevant issue, with the exception of Frame, Srinivasan and Woosley (2001), who

do not study the e�ect of credit scoring adoption on credit quality. Finally, we also provide

�rst evidence on the channels (screening versus monitoring) through which credit scoring a�ects

lending and credit quality. Concerning the empirical strategy, our paper is strictly related to

Einav, Jenkins and Levin (2013) who use data from a seller of used cars to study how the

adoption of credit scoring a�ects loan origination, loan terms, and default rates. The adoption

is randomized across di�erent selling outlets of the same company to account for endogeneity.

They �nd that after adoption the lender rations riskier borrowers more through tightening the

terms of the loan, and that default rates drop signi�cantly. The di�erence between our results

and those of the prior works may be due to our focus on a di�erent country than the US or

Japan, but they could also re�ect the use of a di�erent, more robust, identi�cation strategy.

More broadly, our work contributes to the literature on the consequences of the interaction

between hard and soft information when banks use credit scoring. Brown, Schaller, Westerfeld

and Heusler (2012) show that loan o�cers use their autonomy in over-riding scoring models

more frequently when the borrower has a tighter credit relationship with the bank. Brown,

Degryse, Hower, and Penas (2012) show that banks' use of external credit scores do a�ect the

availability of credit for start-up �rms, but that banks rely less on external rating information

in their decision making for high-tech start-ups than low-tech start-ups. Cerqueiro, Degryse,

and Ongena (2011) �nd that the use of discretion on loan rate setting in small business lending

decreased over time, consistently with a higher use of hard information made possible by the

increased adoption of scoring techniques. Karapetyan and Stacescu (2014) show that sharing of

hard information implies higher bene�t from investing in the soft information.

The rest of the paper is structured as follows: section 2 describes the adoption and usage of
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credit scoring by Italian banks; section 3 describes the data; section 4 discusses the identi�cation

strategy; section 5 presents the results; section 6 concludes.

2 The Adoption and Usage of Credit Scoring

The pattern of di�usion of credit scoring di�ers according to the characteristics of banks and

borrowers. Usually credit scoring is adopted for loans of small amount, for which the unit costs

of collecting information are very high, or for standardized loans. In fact, credit scoring was

�rstly adopted in the US for consumer credit; subsequently it has been used for mortgages and

small business loans (Mester, 1997). Large banks with broad networks of branches which can

fully exploit scale economies usually adopt credit scoring earlier.

We collect data on the adoption and usage of credit scoring from a survey of commercial

banks operating in Italy (from now on �the survey�) administered by the Bank of Italy. The

survey contains a questionnaire aimed at gathering qualitative information on the organizational

aspects of the lending process. In the second part of the questionnaire the questions explore

the adoption of statistical-quantitative techniques for evaluating �rms, their use in setting terms

and conditions of loans, as well as in monitoring borrowers. Next, the survey includes questions

on the extent to which quantitative and qualitative information is used in evaluating new loan

applicants.2

The survey was submitted to banks during 2007 through the Bank of Italy's network of

regional branches. The response rate has been very high, likely because the Bank of Italy is the

banking supervisor. The sample of surveyed banks has been selected to ensure adequate coverage,

both geographically and by type of bank, by size, and governance structure (commercial banks

and mutual banks). The survey includes 333 banks and 306 responses concerning the adoption

and use of credit scoring. The banks included in the survey account for 83 per cent of the total

amount of outstanding loans to non-�nancial �rms in 2007.

The data show that the introduction of scoring techniques for granting loans to �rms by

Italian banks has been gradual, accelerating sharply since 2003. According to the survey, in

2000 less than 10 per cent of the banks were using credit scoring, against almost 25 per cent

in 2003, and 57 per cent in 2006 (Figure 1; for an analysis of the results of the survey see

Albareto et al., 2011). In 2009 around 70 per cent of Italian banks adopted credit scoring for

2The appendix shows the questions of the survey concerning the adoption and use of credit scoring employed
in the paper.
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small business lending (see Del Prete, Pagnini, Rossi and Vacca, 2013). The adoption of credit

scoring models for assessing households' creditworthiness has generally preceded their adoption

for small business lending. According to the survey, both weighted and unweighted frequencies

of banks adopting credit scoring models for granting credit to households are always higher than

for granting credit to �rms (see Rossi, 2008). The adoption of credit scoring was not uniform

across banks: adoption is higher among larger banks whose extensive networks of branches allow

them to exploit economies of scale (Bofondi and Lotti, 2005).

Credit scoring models may be internally developed, or acquired by external providers. As

of December 2006, more than 50 per cent of the banks that had introduced credit scoring

models had participated actively in their development, either alone or in cooperation with other

institutions. The survey also contains data on what information feeds the scoring models in

the case of small business lending. Mutual and small banks report that the most important

information is the �nancial statement, followed by the credit history of �rms with the bank and

with the rest of the banking system.3 Larger banks, by contrast, assign greater importance to

the �rm's past credit performance than to its accounting data.

As mentioned in the introduction, the e�ect of credit scoring on lending and on the selection of

borrowers also depends on its degree of complementarity with other lending technologies: if it is

used automatically for granting credit (rules) or if it is just a complementary lending technology

with respect to others (discretion; see, among the others, Berger, Frame and Miller, 2005).

According to the survey, credit scoring models play a key role in the decision whether or not to

grant a loan. Apart from mutual banks, the percentage of the other types of banks for which

the score is decisive or very important is above 50 per cent (Figure 2).4 The relative importance

of quantitative techniques is de�nitely greater among larger banks and decreases with bank

size. For loans to SMEs, scoring models are assigned high importance more frequently by larger

banks, less frequently by smaller ones, while mutual banks report they assign high importance

to qualitative information, too. Credit scoring models are rarely employed to set interest rates

and loan maturities (Figure 3). By contrast, they are widely used to monitor the situation of

�rms, both large and small, and the status of loans and accounts.

3In the survey, the question on this matter was phrased in ordinal terms, asking respondents to rank the
various pieces of information feeding the scoring models by importance (see the appendix).

4In the survey, the question on this matter was phrased in ordinal terms, asking respondents to rank the
various factors used in deciding whether or not to grant a loan by importance (see the appendix).
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3 Data and Descriptive Statistics

3.1 Sources of credit and bank data

Credit data come from the Credit Register (CR) managed by the Bank of Italy, containing

detailed information on all loan contracts granted to each borrower whose total debt from a

bank exceeds 75,000 euros (no threshold is required for bad loans). Credit data refer to all loans

granted to small �rms (we de�ne a �rm as small if it has less than 20 employees). At each

reporting date (end of the month), banks provide information on credit committed by type of

loan, the amount of credit actually disbursed, whether the loan is collateralized or not. The loan

types are: i) loans backed by account-receivables, ii) term loans, iii) revolving credit lines. Loan

application data also are from the Credit Register of the Bank of Italy, which records monthly

all information requests posted by banks on prospective borrowers. In particular, banks �le

requests only for loan applications from �rms that are currently not borrowing from them. By

matching the set of corresponding loan applications with the loans actually granted by the banks

we obtain a measure of loan application acceptance in a given time window (as in Jimenez et

al. 2014).

Bank balance sheet data are from the Supervisory Reports submitted by banks to the Bank

of Italy, the banking supervisor in the country.

3.2 The sample

As a �rst step to build the dataset we have identi�ed the years with the highest adoption rate

by banks. These turn out to be 2003, 2004 and 2005, for a total of 85 banks adopting SBCS.5

These are the �treated� banks, while the control group is composed of all the banks included in

the survey which haven't adopted SBCS in the sample period (126 banks). Overall, our sample

includes 211 banks.

The construction of the sample aims at obtaining a dataset which can be used for both the

�loan acceptance� and the �credit performance� analysis.

For the sample used to study the e�ect of the adoption of credit scoring on credit performance

(probability of default) the dataset includes small �rms which accessed the credit market for

the �rst time (cohorts). The use of cohorts allows a better assessment of the evolution of credit

5Inclusion of year 2006, the last year of the survey, which shows a high number of SBCS adoptions, would
entail the inclusion of data on credit performance until 2009 (see hereafter), making it more di�cult to control
for the consequences of the �nancial crisis.
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relationships, which are followed since their beginning; besides that, the monitoring of borrowers

is less in�uenced by the information shared in the Credit Register, which refers to �rms which

have already accessed the credit market (Pagano and Jappelli, 1993; Padilla and Pagano, 1997);

for this reason the assessment of �rms' creditworthiness is more relevant and as a consequence

the impact of the introduction of SBCS could be higher. The sample also includes information

on the status of the loans (default or not) during the three years after they are granted. The

choice of this time period is based on the observation that for Italian banks on average most of

the defaults happen during the �rst three years of the credit relationship.6 The pre-adoption

cohorts are chosen to avoid an overlap of the periods before and after the adoption of SBCS; for

example, if the year of adoption is 2004, the pre-adoption cohort is 2000, while the post-adoption

cohort is 2005. This is important because the adoption of SBCS may in�uence the ability of the

bank to both screen and monitor borrowers. If we chose data for the pre-adoption period one

year before adoption, the probability that the loan defaults within three years may be a�ected

by the subsequent adoption of SBCS.

The sample used to analyze the e�ect of the adoption of credit scoring on the acceptance

of loans includes all the applications from small �rms, both from �rms which had already been

granted credit in previous periods from other banks, and from �rms which entered the credit

market for the �rst time, so that credit history was not available for these �rms. The inclusion of

the former, not included in the sample used for the analysis of credit performance, is necessary

to identify riskier borrowers (see below). In particular, in the analysis of riskier borrowers we

focus only on �rms that have been in the Credit Register for at least 1 year precisely to ensure

that some credit history on them was available to identify those having some past-due loans.

We select small �rms applying for credit using the same structure as for the credit performance

analysis (see above): i.e. for a bank adopting SBCS in 2004, we select applicants in 2000 and

2005. We then check in the CR whether the applicant was granted credit within 3 months of the

application date. For computational reasons, the dataset includes a random sample of all small

�rms included in the CR, based on the CR borrower code (we choose �rms whose last digit of

the CR code is either 4 or 9).

Overall, the dataset used for the credit performance analysis contains data on about 20,000

credit relationships; the one used for the loan application analysis contains data on almost

6See the on-line Bank of Italy Statistical Database, Table TDB30540 (Historical default rates for borrower
cohorts).
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250,000 credit relationships. The two datasets don't include exactly the same �rms. The reason

is that �rms that are not granted credit are not in the credit performance analysis. Moreover,

some �rms that are included in the credit performance analysis do not appear in the loan

applications dataset because banks chose not to check the applicant status in the CR.7 We �nd

an overlap for about 10,000 relationships (7,600 �rms).

3.3 Description of the variables

To assess the impact of the adoption of credit scoring on banks' decision to grant loans we

introduce a dummy variable based on the information contained in the CR concerning loan

applications by �rms. The dummy variable is equal to one if the loan application has been

accepted in the subsequent 3 months, 0 otherwise. We also de�ne a similar variable to study the

decision to grant a loan to ex-ante riskier borrowers. In this case we construct a dummy variable

which is equal to one if the loan application posted by a borrower which recorded non-performing

loans in the prior two years has been accepted in the subsequent 3 months, 0 otherwise.8

The dependent variable for the analysis of the e�ect of SBCS adoption on credit performance

is a dummy variable equal to 1 if the credit granted to a single �rm defaults during the three

years after the beginning of the relationship.

The main explanatory variable concerns the use of SBCS, constructed on the basis of the

answers reported by the banks participating to the survey.9 In particular, we de�ne a dummy

variable equal to one if the bank reports that it has adopted SBCS in 2003, 2004, or 2005.

In some regressions we also include relationship-speci�c and bank balance-sheet controls.

The log of the volume of credit committed measures the exposure of the bank to each �rm at

the beginning of the credit relationship. The strength of the relationship is measured by the

number of lenders at its beginning. As highlighted in the introduction, the adoption of credit

scoring techniques can be related to the securitization of loans, sometimes concerning non-

performing loans. Therefore, we introduce a dummy variable which identi�es the securitizied

7Checking �rms' status in the CR is not compulsory, and banks may decide to dispense with it, especially if
the �rm is very small and if the applicant declares that it was the �rst time she applied for credit, as it is the
case with the �rms included in the dataset for credit performance analysis.

8In this case the sample only includes �rms that were already recorded in the CR before, so that they had a
credit history.

9The reliability of the answer to this question is supported by multiple pieces of evidence: the lending process
by Italian banks is guided by �credit manuals� (guidelines for loan o�cers) in which the use of SBCS is explicitly
envisaged. The amount of loans which can be granted in autonomy by each loan o�cer is linked to the results of
the application of SBCS. The electronic procedure which governs the lending process envisages procedural blocks
which activate if a loan has not been previously evaluated by the SBCS.
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loans; in particular, the dummy variable is equal to one if at least part of the loan granted to

a �rm has been securitized during the 3 years after the establishment of the credit relationship.

Finally, bank balance-sheet variables include capital, total pro�t, all scaled by total assets, and

the geographical concentration of deposits.10

3.4 Descriptive statistics

We start showing descriptive statistics of the main variables used to proxy for credit supply and

credit quality (Table 1). In particular, the mean of the dummy for the acceptance of loans in the

post-adoption period (2004, 2005, 2006) is slightly larger than in the pre-adoption period (1999,

2000, 2001) for adopters, while it is smaller for non-adopters (column 1 of Table 1). The mean of

the dummy for the acceptance of applications by riskier borrowers is higher in the post-adoption

period for both adopters and non-adopters. Default rates after the adoption of SBCS decrease

slightly for adopters, while they increase for non-adopters.

While this aggregate evidence suggests that the di�erences between adopters and non-

adopters are somewhat limited, it does not take into account the potential endogeneity of the

adoption decision, or di�erences in industry and geographical location of borrowers, which are

likely to matter in the regression analysis.

Descriptive statistics of bank characteristics in the period before the adoption of SBCS show

that the only statistically signi�cant di�erence between adopters and non-adopters concerns size:

adopters are on average larger (Table 2). Other bank balance-sheet variables like capital and

total pro�t, scaled by assets, and geographical concentration of deposits do not di�er statistically

between adopters and non adopters in the period before adoption. This evidence supports the

hypothesis that non-adopters are a valid counterfactual for adopters.

Statistics on borrowers (Table 3) show that these are mainly located in the Northern regions

and operate mainly in retail, manufacturing and construction; more than half of the sample �rms

are sole proprietorships. Loan size is on average 109,000 Euros, the median is about 88,000. This

indicates that we are covering a sample of small, but not micro �rms. These are not included

in the sample due to the reporting threshold of the Credit Register, set at 75,000 Euros during

our sample period.

10This variable captures the extent to which a bank concentrate its activity in a few provinces.
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4 Empirical Strategy

To assess the e�ect of the adoption of SBCS on credit supply and on the probability that a

borrower defaults, we estimate the following model:

yibt = α+ β ∗ CreditScoringb ∗ Postt + λt + γb + sizei + industryi + provincei + εibt (1)

where yibt is the outcome variable, alternatively: i) a dummy variable equal to one if bank b

accepts a loan application from borrower i in year t; ii) a dummy variable equal to one if bank

b accepts a loan application from a risky borrower i in year t; iii) a dummy variable equal to 1

if borrower i obtaining a loan by bank b in year t defaults on the loan within the following three

years.

The key explanatory variable is CreditScoringb ∗ Postt, the interaction term between the

dummy variable identifying banks which have adopted SBCS in the period 2003-2005 (CreditScoringb)

and the dummy variable which identi�es the period after the year of adoption of SBCS (Postt).

We also include a full set of year dummies, λt, that capture business cycle e�ects and of

bank dummies, γb, which control for systematic di�erences across banks, including, importantly,

bank speci�c (time invariant) factors a�ecting credit supply, as well as the initial condition of

the loan portfolio. Finally, we include �xed e�ects for the industry and province of residence

of borrowers, and for borrower size classes (single proprietorships and partnerships below 5 em-

ployees, between 5 and 20, above 20, further distinguished into craftsmen and others; craftsmen,

such as carpenters, locksmiths, etc. are identi�ed separately as they may obtain credit at special

conditions). We don't include �rm �xed e�ects because our sample covers only small �rms; for

each of them there exist only very few applications in our sample; in particular, observations

concerning �rms which apply for both adopters and non adopters (necessary for identi�cation)

amount to 19 per cent of the total.

The identi�cation of the coe�cient of the e�ect of the adoption of credit scoring (Credit

Scoring*Post), β, is based on a di�erence-in-di�erence approach in which we instrument the

adoption of credit scoring. We compare the change in the outcome variable for adopting banks

before and after adoption with the change in the outcome variable of non-adopting banks before

and after the adoption, conditional on all controls. The coe�cient β identi�es the causal e�ect

of the adoption of credit scoring on loan application acceptances/credit performance only if

certain conditions are ful�lled. First, the decision of banks to adopt credit scoring may be
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endogenous. Despite the presence of bank �xed e�ects, the timing of adoption may depend

upon some bank time-varying unobservable characteristics. To address this issue we instrument

the dummy CreditScoring using a dummy which equals one if the bank was already adopting

credit scoring models for consumer loans or household mortgages at least 2 years before the

reference date. The instrument is based on the idea that banks that already adopted credit

scoring techniques for mortgages and consumer credit gained useful experience which makes

them more likely to extend the usage to SBCS. As shown in section 2, banks usually adopt

credit scoring for standardized loans such as mortgages and consumer credit �rst, and later

extend it to small business loans. Our identi�cation hypothesis holds conditional on bank �xed

e�ects, and thus on bank time-invariant characteristics such as initial composition and quality of

the loan portfolio, geographical scope and specialization. Table 4 shows the distribution of the

dummy adopters and of the instrument. Overall, 30 banks out of 85 adopted credit scoring for

consumer loans and mortgages at least 2 years prior of the adoption for small business loans.11

Second, banks that don't adopt credit scoring should represent a good counterfactual for

banks that adopt. We argue that this is the case since the main di�erence across adopters and

non-adopters is size (Table 2). Once size is taken into account, adopters have similar pro�tability

and capital as non-adopters. Then, since we also control for the log of bank assets, we are able

to control for systematic di�erences in size across adopters and non-adopters.

Third, the adoption of credit scoring for consumer loans and mortgages should not have

a direct e�ect on small business lending (exclusion restriction). A potential violation of this

condition could occur if an easier access to mortgages allows small entrepreneurs to buy a

home and this provides good collateral for small business loans. There is no evidence of this

phenomenon in the data: �gure 4 shows that the dynamics of mortgages is not di�erent for

banks adopting and not adopting SBCS. Moreover, an overall exposure of 75,000 Euros towards

the same bank is the condition for a �rm to be included in the Credit Register in our sample

period. This implies that our sample includes small but not micro-�rms (see the average and

median loan size in Table 3); for this reason the use of personal wealth such as housing is

not likely as the �rms included in our sample will have other assets pledgeable as collateral.

Furthermore, home equity extraction instruments were (and still are) not available in the Italian

market, which limits the extent to which entrepreneurs can use housing wealth to obtain loans

11Identi�cation in di�erence in di�erence models requires that the dependent variable follows a common trend
before adoption (the �event� or �shock�) across adopters and non-adopters (the treated and control group, respec-
tively). This condition is satis�ed provided that the instrument is a valid instrument.
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for their business.

Finally, the decision to adopt credit scoring should not create spillovers on non-adopters.

For example, banks adopting credit scoring may better select borrowers, and as a consequence

non-adopters face a higher proportion of lower quality borrowers (or vice-versa). We take care

of this possibility controlling for province*time �xed e�ects to capture changes in the conditions

of local credit markets over time, including possible changes in the proportion of low quality

borrowers applying for loans to non-adopters in a local credit market. We assume that the

relevant local credit market is a province. This is reasonable since local credit markets in Italy

for SMEs can be de�ned at the province-level (Banca d'Italia, 1992; Bofondi and Gobbi, 2006;

Gobbi and Lotti, 2005).

5 Results

5.1 Adoption of SBCS and probability of accepting a loan application

We start showing the results of the regressions on the probability a loan application is granted.

We estimate equation (1) using as dependent variable either D(Accept), a dummy equal to one

if the loan application at time t has been accepted within the following 3 months, or D(Accept

Risk), a dummy equal to one if the loan application at time t from a borrower who had non-

performing loans12 in the previous two years has been accepted within the following 3 months.

The speci�cation also includes �xed e�ects for banks, provinces in which �rms are located, �rms'

size classes, �rms' industry and time �xed e�ects (for the year in which the loan application

has been posted). In all regressions we cluster standard errors at the bank level. OLS estimates

show that the adoption of credit scoring has a positive e�ect on the probability of acceptance

of loan applications by the generality of borrowers; the result concerning the riskier borrowers

is not statistically signi�cant (table 12).

Columns 1 and 2 of Table 5 show 2SLS estimates of the baseline model. The �rst stage has

the expected sign and is highly statistically signi�cant: banks which have adopted credit scoring

for loans to households since at least two years are more likely to adopt credit scoring for small

business lending. The second stage, shown in column 1, indicates that after the adoption of SBCS

the probability of accepting a loan application has not changed signi�cantly: the coe�cient of

the interaction between the dummy CreditScoring and the dummy Post is negative, but not

12Non-performing loans include bad loans and restructured loans.
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signi�cant (p-value 0.32). By contrast, the adoption of SBCS has a negative and signi�cant

e�ect on the probability that a loan application posted by riskier borrowers is accepted; this

drops by about 1.8 percentage points after the bank starts using credit scoring. The e�ect is

also economically signi�cant, as the average probability of accepting a loan application from a

riskier borrower is 5%, so that the adoption of SBCS reduces it by more than one third.

Columns 3 and 4 show the results of the regressions including province*time �xed e�ects,

which control for province speci�c trends in business cycle and also for changes in local market

conditions (and thus for potential spillovers from banks adopting credit scoring to banks not

adopting). Interestingly, the estimated e�ect of credit scoring is unchanged and the size of the

coe�cients is very similar to the baseline. Finally, columns 5 and 6 show regressions including

bank balance sheet controls and results are analogous to those of the baseline regression.

Overall these results indicate that the introduction of SBCS has not led banks to relax

credit standards. First, the propensity to grant loans to the average applicant does not seem to

be a�ected by the adoption of SBCS. Second, banks seem to be less willing to grant loans to

borrowers that had non-performing loans in the past, arguably riskier borrowers. These results

suggest that the adoption of SBCS helps banks to become more selective in their lending policy.

5.2 Adoption of SBCS and credit performance

We now turn to exploring whether the adoption of SBCS a�ects credit quality. We measure

credit quality by the probability that a borrower defaults within 3 years since the beginning of

the credit relationship (see par. 3.3).

A priori the e�ect of the adoption and use of SBCS on credit performance is not obvious.

The adoption of SBCS could just entail a lowering of operating costs and the granting of loans

to marginal clients characterized by higher risk, thus causing a worsening of credit performance;

di�erently, the adoption of SBCS can improve the accuracy in the evaluation of �rms' creditwor-

thiness, resulting in a better credit performance. The results from the previous section suggest

that the selectivity of banks does not decrease after the adoption of SBCS, and if anything it

even increases.

According to the OLS estimate the adoption of SBCS causes a decrease in the probability of

default of the loans granted to �rms which for the �rst time have accessed the credit system, but

the result is not statistically signi�cant (table 12). The results of the 2SLS estimates are shown
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in Table 6 and indicate that the adoption of SBCS has a positive e�ect on credit performance.13

The �rst stage has the expected sign and is highly statistically signi�cant: banks adopting credit

scoring for loans to households in the prior two years are more likely to adopt credit scoring for

small business lending. The coe�cient of the interaction term CreditScoring*Post is negative

and statistically signi�cant (column 1). The e�ect is sizable: the probability of loan defaulting

within three years after the establishment of the credit relationship decreases by 2.8 percentage

points after a bank adopts SBCS, and the average share of loans defaulting within three years

in the post adoption period is 2.5% (with a standard deviation of 15%). This result is robust

to several checks. Column 2 shows estimates including loan-level and �rm-level controls: the

size of the granted loan, a dummy for whether the loan was securitized and the number of

bank relationships. The initial size of the loan has no e�ect on the probability of defaulting.

Interestingly, the dummy for securitized loans is negative and signi�cant, suggesting that loans

that are securitized are less likely to default.14 Finally, the initial number of bank relationships

is associated with a higher probability of defaulting within 3 years.15

Column 3 shows estimates of the main regression including province*time �xed e�ects, and

results are unchanged. Finally, column 4 shows estimates of the main regression including bank-

level controls. Again, CreditScoring*Post has a negative and signi�cant coe�cient. Importantly,

the estimated e�ect of the adoption of SBCS is very similar in size across speci�cations, sug-

gesting a low correlation with borrower and bank characteristics.

5.3 The overlapping sample

As discussed in Section 3, the �rms included in the two samples used respectively for the loan

acceptance and the credit performance analyses are not the same. This is mainly due to the

fact that the sample for the analysis of credit performance only includes �rms which access for

the �rst time the credit system (cohorts), while the sample for the loan acceptance analysis also

includes �rms which had already been granted credit in the previous periods. Besides that, not

all the �rms which have requested credit (included in the loan acceptance sample) do succeed in

accessing the credit market. Finally, banks don't request information to the CR for all the �rms

13Again, regressions include bank �xed e�ects, industry, province, size class, and year (this corresponds to the
cohort, i.e. the year in which the �rm �rst entered the Credit Register and started the relationship with the
bank) �xed e�ects.

14This is in line with the �ndings of Bonaccorsi di Patti and Felici (2008) and Albertazzi et al. (2011).
15Yet, only 1,503 �rms out of 20,564 have more than one relationship within the �rst year of entry in the Credit

Register.
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which apply for credit, especially if they demand credit for the �rst time. For these reasons

the overlapping sample includes around 7,600 �rms for about 10,100 observations (for the loan

acceptance analysis).

We perform the estimate of the benchmark equation for both the loan acceptance and the

credit performance on the �rms included in both samples (�overlapping sample�). The results

indicate that the adoption of SBCS doesn't a�ect the probability of granting credit to small �rms:

the sign of the coe�cient related to the generality of borrowers is numerically very close to that

of the benchmark equations, but it is not statistically signi�cant (table 7).16 The adoption of

SBCS does still lower the probability that a borrower defaults; the e�ect is slightly stronger than

that associated to the whole sample.

Overall the results of the estimates on the overlapping sample mainly con�rm those discussed

in the previous paragraphs.

5.4 Extensions

In this section we test whether the e�ects of the adoption of SBCS described so far are het-

erogeneous across banks and borrowers. Tables 8 and 9 show results of 2SLS estimates of the

baseline model including interactions between the dummy CreditScoring, the dummy Post and

dummies for bank characteristics. These are: size, capital, pro�tability, the concentration of

deposits of the bank across provinces, all measured as of the year before the reference year.17

The size of banks can be considered a proxy for lending technologies in the pre-adoption pe-

riod; in particular, a small size can be associated with the �relationship lending technology�, and

a large size with other technologies.18 We use dummies to identify small/large banks, banks

with high/low capital, high/low ROA, high/low concentration of deposits, and interact these

dummies with the interaction CreditScoring*Post. Results indicate that the e�ect of SBCS is

mostly homogeneous across bank characteristics both for the loan acceptance (table 8) and for

the credit quality (table 9) regressions, with only two exceptions: the adoption of credit scoring

is less e�ective for banks with higher concentration of deposits by province (for the generality

16By construction riskier borrowers are not included in the overlapping sample.
17If the outcome (acceptance or probability of defaulting in the following three years) refers to 1999, the

bank-level variables are measured as of the end of 1998, and so on.
18The e�ects of the use of SBCS can be di�erent according to the type of lending technology adopted by the

single banks in the period preceding the adoption of SBCS. We can hypothesize that the adoption of SBCS
has a stronger e�ect on the lending process if in the previous period the bank adopted a �relationship lending�
technology. In this case the e�ect on credit performance should be negative, since the �relationship lending
technology� should allow a better assessment of small �rms' creditworthiness with respect to the �credit scoring
technology�.
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of borrowers; table 8, column 7) and for banks with higher concentration of loans by industry

(for the riskier borrowers; table 8, column 10). Both results are coherent with the hypothesis

that credit scoring is more e�ective for banks less reliant on soft information (measured by their

prior exposure to local markets or certain industries).

Next, we turn to test whether the e�ect of SBCS varies according to characteristics of the

borrower. Unfortunately, our sample does not allow us to merge the identity of the borrower

with her balance sheet information, so we can exploit a few borrower characteristics. One of

the most important is size. As a proxy for the size of the borrower we use the size of the loan,

because it is a more detailed measure of size than the size classes used to construct the set of

dummies included in the regressions. The lack of information on borrower balance sheet also

implies that we cannot run this test on the data for the acceptance of loan applications, since

we only observe loan size when a loan is granted.

Results are shown in Table 10. Column 1 contains an interaction term between CreditScor-

ing*Post and a dummy equal to one if the loan is below the median of the size distribution

of loans. The coe�cient of the interaction term is not statistically signi�cant. Columns 2 and

3 show sample splits across the median loan size. Interestingly, the coe�cient of CreditScor-

ing*Post is negative and statistically signi�cant only in the subsample of smaller loans. This

is consistent with the idea that SBCS is more e�ective for smaller �rms, for which collecting

information is di�cult and costly. The adoption of credit scoring reduces the cost of obtaining

information on these borrowers, resulting in lower defaults. In column 4 we test the possibility

that the e�ect of SBCS on small loans is especially strong when a large bank adopts SBCS;

in fact, since larger banks may be less equipped in gathering and processing soft information,

SBCS may be especially e�ective for this class of banks, in particular when dealing with loans

of small size. Our results, though, do not support this hypothesis.

Overall, these �ndings indicate that the e�ect of the adoption of SBCS is homogeneous across

banks. It is instead stronger in reducing the probability of ex-post default on smaller borrowers.

5.5 The Channels

In this section we provide evidence about the channels through which SBCS adoption a�ects

the probability of accepting a loan application (in general and from riskier borrowers) and the

probability that a loan defaults. These channels are related to the di�erent uses of SBCS and

to its importance in the lending process. In particular, we focus on two di�erent uses of SBCS,
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for the decision of granting a loan to a �rm (screening) and to monitor borrowers (monitoring),

and on the degree of SBCS complementarity with respect to other lending technologies (rules

vs. discretion).19

We exploit information contained in the Bank of Italy survey on the adoption of SBCS to

identify banks that use SBCS mainly as a tool to screen borrowers or mainly as a tool to monitor

them.20 Results are shown in Table 11. It can be seen that there is no evidence of heterogeneous

e�ects of SBCS on the probability of accepting a loan application across banks that use SBCS

mainly for screening or monitoring. By contrast, the e�ect of SBCS on the probability a loan

defaults is stronger for banks that use SBCS mainly as a tool to monitor borrowers.

This result suggests that SBCS is a more e�ective tool in monitoring existing borrowers,

than to screen new clients. In fact, the adoption of a lending technology which is characterized

by the processing of hard information and which attributes a key role to the credit history of

borrowers facilitates and makes the monitoring process more e�ective.

Finally, results (available upon request) show that the e�ect of SBCS does not di�er across

banks which use SBCS as the main factor supporting the decision of granting credit (�rules

banks�) or as a complement with respect to other evaluation factors (�discretion banks�).21

6 Conclusions

How does the adoption and use of credit scoring a�ect bank lending to small business? The

widespread di�usion of credit scoring technologies across banks during the last twenty years and

the increased relevance of the assessment of borrowers' creditworthiness after the global �nancial

crisis make this question crucial for policy purposes.

Our paper sheds light on this important issue assessing the impact of SBCS on the propensity

of banks to grant credit, on the selection of borrowers and on the probability that a borrower

defaults on its loan. Our �ndings show that the adoption of SBCS does not lead banks to relax

19SBCS can also be used to determine interest rates. According to the results of the survey this usage is quite
rare among the banks in our sample (see par. 2). Results, available from the authors, con�rm that the adoption
of SBCS has no e�ect on the distribution of interest rates charged.

20In particular, banks indicate the relative importance of di�erent uses assigning a number from 1 to 5, where
1 indicates �decisive�. Banks which use SBCS mainly to screen borrowers report 1 for the question concerning the
use of SBCS for "loan approval", banks which use SBCS mainly to monitor borrowers report 1 for the question
concerning the use of SBCS for "monitoring" (see the Appendix for further details).

21This information is also derived from a speci�c question of the survey. In particular, banks are asked to
make a ranking out of 7 speci�c evaluation factors reported in the questionnaire (see Appendix for details): the
assessment of credit scoring as a �decisive� or �very important� factor in the lending process identi�es the �rules
banks�.
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credit standards: �rst, the propensity to grant loans to the generality of borrowers is not a�ected

by the adoption of SBCS; second, banks are less willing to grant loans to riskier borrowers. The

e�ect on credit performance is positive: SBCS reduces the probability that a loan defaults, and

the e�ect is stronger for the banks using SBCS mainly as a tool for monitoring borrowers and

for smaller borrowers.

Our �ndings bear several important implications. From a theoretical perspective they indi-

cate that the process of hardening of soft information in lending associated to the advances in

communication technology involves mainly advantages for banks, facilitating the decision pro-

cess about granting credit and the monitoring of borrowers' creditworthiness. From a policy

perspective, the Basel II regulatory framework allowed the possibility for banks to rely on in-

ternal models of borrower rating to compute their capital ratios. The new, stricter, Basel III

capital requirements and the adoption of stress tests for the assessment of the capacity of banks'

balance sheet to bear adverse macroeconomic scenarios have further spurred banks to improve

their credit scoring techniques. Yet, some of the early empirical evidence on the consequences

of the adoption of credit scoring showed that it would imply a reduction in the costs associated

to lending, but also a lower accuracy in the assessment of clients' creditworthiness, with nega-

tive consequences on credit quality. Taking for granted the decrease in the costs of the lending

activity allowed by the use of credit scoring techniques, the results of our paper suggest that

the concerns on the potential unintended consequences of the adoption of credit scoring may be

overstated, and that actually the adoption of credit scoring leads to an increase in credit quality

with an overall positive impact on the performance of banks.
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Figures

Figure 1: Introduction of credit scoring for small business lending (percentage val-
ues)

The �gure shows the share of banks adopting credit scoring for small business lending in each year, distinguishing
between banks of di�erent size, structure (part of groups or stand-alone), and governance (mutual banks). Data
are from the Survey on the adoption of credit scoring run by the Bank of Italy.
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Figure 2: Importance of scoring techniques for lending to SMEs (2006; percentage
values)

The �gure shows the percent of responses indicating that credit scoring is �very important� or �decisive� for the
decision to grant a loan, for its amount, and for monitoring. Data are disaggregated by bank type. Data are
from the Survey on the adoption of credit scoring run by the Bank of Italy.

Figure 3: Di�erent uses of SBCS (2006; percentage values)

The �gure shows the percent of banks indicating that they use credit scoring mainly for the activity indicated on
the horizontal axis. Again, data are disaggregated by bank type class. Data are from the Survey on the adoption
of credit scoring run by the Bank of Italy.
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Figure 4: Supply of mortgages to households by adopters and non-adopters (log
values)

The �gure shows the dynamics of loans to households (mortgages and consumer credit) for banks adopting credit
scoring in 2003, 2004, 2005 (adopters) and banks that either did not adopt credit scoring or did so later than
2005 (non-adopters). Data on banks adopting/non adopting credit scoring are from the Survey on the adoption
of credit scoring run by the Bank of Italy. Data on loans are from the Supervisory reports.
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Tables

Table 1: Mean of the dependent variables by adopters/non adopters and period

The table shows the average of the dependent variables used in the regression analysis in the pre-adoption period
(years 1999, 2000, 2001) and in the post adoption period (2004, 2005, 2006), by banks adopting credit scoring
in 2003, 2004, or 2005 (adopters), and banks not adopting credit scoring in the sample period. The variable
D(Accept) is a dummy variable equal to 1 if a loan application posted by �rm i at time t to bank j is accepted
within 3 months (measured by observing the presence of positive credit granted by bank j to �rm i in the Credit
Register). The variable D(Accept risk) is a dummy variable equal to one if the loan application is posted by a
�rm which recorded non-performing loans in the Credit Register in the 2 years before the loan application. The
variable D(Bad loan) is a dummy variable equal to one if �rm i is classi�ed as a bad loan by bank j within 3
years from the beginning of the credit relationship. The data refer to a sample of 211 Italian banks, adopting
credit scoring in 2003, 2004 or 2005, or non-adopting credit scoring before 2008.

D(Accept) D(Accept risk) D(Bad loan)
Adopters Pre 0.075 0.009 0.027
Adopters Post 0.079 0.015 0.025

Non-Adopters Pre 0.109 0.009 0.016
Non-Adopters Post 0.097 0.015 0.021

Table 2: Descriptive statistics of banks and local markets (1998)

The table shows descriptive statistics of banks, measured as of December 1998. Panel A shows the sample of
adopters (85 banks, but for 5 banks we do not observe balance sheet information as of December 1998), panel
B the sample of non-adopters (126 banks, but for 9 banks we do not observe balance sheet information as of
December 1998). Size is the log of total assets, capratio is the regulatory capital ratio, roa is return on assets,
measured as pro�ts divided by total assets, her�ndahl deposit is the her�ndahl index of deposits in the province
where the �rm is located, the average share of loans in the same industry is the average share of loans that the
banks grant to �rms in the same 2-digit ATECO industry.

Panel A - Adopters
Mean Median St.Dev. Min Max Obs.

size 8699.43 1355.48 18610.18 9.83 104904.65 80
capratio 10.68 8.44 10.39 3.33 82.04 80
roa 0.965 0.98 0.54 -1.02 2.64 79
her�ndahl deposit 0.13 0.12 0.05 0.05 0.25 79
average share of loan 13.528 13.47 3.016 1.221 24.822 85
in the same industry

Panel B - Non-Adopters
Mean Median St.Dev. Min Max Obs.

size 683.20 301.35 1175.85 36.49 8047.52 117
capratio 10.85 10.22 4.69 4.02 42.57 117
roa 1.25 1.22 1.06 -3.46 9.19 117
her�ndahl deposit 0.14 0.12 0.06 0.05 0.29 117
average share of loan 13.048 13.031 2.788 4.612 26.157 126
in the same industry
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Table 3: Descriptive statistics of borrowers

The table shows the distribution of borrowers according to the macro-area of residence, the industry (2-digit
Ateco-Nace 2), the organizational form.

Area
Observations Frequency

North-West 76,863 30.84
North-East 67,313 27.07
Center 47,025 18.91
South 41,315 16.62
Islands 16,301 6.56

Industry
Observations Frequency

Agriculture 26,581 10.69
Construction 33,724 13.56
Hotels and Restaurants 20,588 8.28
Insurance Agents and Brokers 1,730 0.70
Manufacturing 36,989 14.88
Media 3,242 1.30
Mining 207 0.08
Retail 69,688 28.03
Transport 8,945 3.60
Utilities 381 0.15
Other 46,562 18.73

Organizational form
Observations Frequency

Sole Proprietorships 142,100 57.15
Partnerships and Corporations 106,537 42.85

Loan size in Euros (for �rms receiving a loan)
Mean Median Std. Dev.
109,090 87,798 267,678

Table 4: Descriptive statistics of the main independent variable and of the instru-
ment

The table shows basic descriptive statistics of the dummy for SBCS adoption (dummy adopters) and the instru-
ment. The dummy adopters equals one if the bank adopts credit scoring in 2003, 2004, or 2005. It equals zero if
it did not adopt credit scoring in any year of the sample period and it did not adopt it before the beginning of
the sample period. The instrument is a dummy variable equal to 1 if the bank adopted credit scoring for loans
to households at least 2 years before the reference year.

Mean Median p25 p75 Std Dev
Dummy Adopters 0.674 1 0 1 0.469
Instrument 0.358 0 0 1 0.479

Number of Adopters (total) 85
Number of Non-adopters (total) 126
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Table 7: Overlapping sample

The table shows 2SLS regressions of the dummies for the acceptance of loan applications D(Accept) and for the
probability a �rm enters into default within 3 years from the loan origination, D(Bad Loan), on the dummy
Credit Scoring interacted with the dummy Post (de�ned in the previous tables). The dummy Credit Scoring is
instrumented using a dummy equal to 1 if the bank adopted credit scoring for household loans two years earlier
or more. Regressions are run on the sample of bank-�rm relationships of �rms applying for credit for the �rst
time; in the case of the regression of D(Bad loan) on the subsample of those �rms whose loan application was
granted. All regressions include year and bank �xed e�ects, and borrower industry, province, and size class �xed
e�ects. Standard errors clustered at the bank level in parentheses. *** p<0.01, ** p<0.05, * p<0.1

(1) (2)
VARIABLES D(Accept) D(Bad Loan)

Credit Scoring * Post 0.0740 -0.0402*
(0.0952) (0.0223)

Bank FE yes yes
Province FE yes yes
Year FE yes yes
Industry FE yes yes
Borrower Size Class FE yes yes
Observations 10132 7661
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Table 10: Borrower heterogeneity

The table shows 2SLS regressions of the probability a �rm enters into default within 3 years from the loan
origination, D(Bad Loan), on the dummy Credit Scoring interacted with the dummy Post (de�ned in the previous
tables). The dummy Credit Scoring is instrumented using a dummy equal to 1 if the bank adopted credit scoring
for household loans two years earlier or more. The regression shown in column 1 includes interactions between
the dummy Credit Scoring, the dummy Post and a dummy D(small loan) equal to one if the loan is below the
median size of loans. The regressions shown in column 2 and 3 are run on sample splits according to the size
of the loan being below (column 2) and above (column 3) the median loan. The regression shown in column 4
includes an interaction between the dummy Credit Scoring, the dummy Post, and the dummies D(small loan)
and D(large bank). The latter equals one if banks' assets in the year are above median assets. All regressions
include year and bank �xed e�ects, and borrower industry, province, and size class �xed e�ects. Standard errors
clustered at the bank level in parentheses. *** p<0.01, ** p<0.05, * p<0.1

(1) (2) (3) (4)
VARIABLES D(Bad Loan) D(Bad Loan) D(Bad Loan) D(Bad Loan)

small loans large loans

Credit Scoring*Post -0.0131 -0.0409* -0.0155 0.00136
(0.0117) (0.0228) (0.0150) (0.0165)

Credit Scoring*Post*D(small loan) -0.0327 -0.0322
(0.0238) (0.0310)

Credit Scoring*Post*D(large bank) -0.00561
(0.0343)

Credit Scoring*Post*D(small loan)*D(large bank) -0.0224
(0.0646)

D(small loan)*D(large bank) 0.0226
(0.0383)

D(small loan) 0.0138 0.0123
(0.00919) (0.0100)

Bank FE yes yes yes yes
Province FE yes yes yes yes
Year FE yes yes yes yes
Industry FE yes yes yes yes
Borrower Size Class FE yes yes yes yes
Observations 19100 9466 9628 19028
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Table 12: Baseline regressions - OLS estimates

(1) (2) (3)
VARIABLES D(Accept) D(Accept risk) D(Bad loan)

Credit scoring*Post 0.0178* -0.0023 -0.00670
(0.00970) (0.0031855) (0.00463)

Bank FE yes yes yes
Province FE yes yes yes
Year FE yes yes yes
Industry FE yes yes yes
Borrower Size Class FE yes yes yes
Observations 248636 165056 20801
R2 0.030 0.011 0.033
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The Questionnaire

SECTION B: ASSESSMENT OF CREDITWORTHINESS 

B1 – In assessing creditworthiness, do you use automatic scores generated by statistical/quantitative methodologies (credit scoring 

and internal ratings)? Please indicate whether these methods are used for the types of lending listed below, the year they were 

introduced, whether they were developed internally or purchased from outside, and their importance in the decision whether or not to 

lend, amount, pricing, maturity, collateral and monitoring. 

 
Yes / 
No 

Year of 

introductio

n (1) 

Internal / 

external 

(2) 

Importance of the method in decisions on: 

Loan 
approval 

(3) 

Amou

nt (3) 

Pricing 

(3) 

Maturity 

(3) 

Collat
eral 

(3) 

Monitorin

g (3) 

Loans to households          

Consumer credit          

Loans to SMEs          

Loans to large firms          

(1) Year when first introduced. – (2) Specify whether: 1 = the methodology was developed exclusively within the bank; 2 = it was 

developed in cooperation with other institutions or consortia; 3 = it was purchased from an outside company belonging to your 
group; 4 = it was purchased from an outside company not belonging to your group; 5 = other. – (3) Rank from 1 to 5 in decreasing 

order of importance: 1 = decisive, 2 = very important, 3 = fairly important, 4 = not very important, 5 = not important at all, NA = 

not applicable. 

 

B2 – If you use statistical-quantitative methodologies for assessing firms’ creditworthiness, please rank by decreasing order of 

importance the data considered in your “calculation engine” in assigning the overall score: 1 for the most important, 2 for the next 

most important, and so on. No two factors can be given the same rank. If you do not use the factor, answer NA. 

 Financial 

statement 

data 

Geographical 

area and 
economic 

sector 

Relations 

with banks 

(1) 

Other outside 

data sources 
(2) 

Relations 

with your 

bank (3) 

Relations with 

your banking 

group (3) 

Qualitative 

informatio

n (4) 

Other 

(5) 

___ 

SMEs         

Large firms         
(1) Central Credit Register and/or other credit bureaus. – (2) Interbank register of bad cheques and payment cards, Chambers of 

Commerce, specialized companies, etc. – (3) E.g., loans and deposits of firm with your bank. – (4) Firm’s organizational structure, 
project to finance, etc.. – (5) Specify.   

 

B3 – For the granting of loans to non-financial firms that apply to you for the first time, please rank in decreasing order of 

importance the factors used in deciding whether or not to grant the loan. 1 for the most important, 2 for the next most important, and 

so on. No two factors can be given the same rank. If you do not use the factor, answer NA.  

 SMEs Large firms 

Statistical-quantitative methods exclusively   

Financial statement data (1)   

Credit relations with entire system (data from Central Credit Register and/or other credit bureaus or public 
sources, i.e. Interbank register of bad cheques and payment cards, Bulletin of protests, etc. (1) 

  

Availability of personal guarantees or collateral   

Qualitative information (organizational structure of firm, characteristics of project, etc.) (1)   

Other assessments based on first-hand information   

Other (specify)   

(1) With respect to the statistical-quantitative methodologies referred to in question B2, please answer as regards the use of each 
source of information outside the algorithms. 
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(*) Requests for copies should be sent to: 
Banca d’Italia – Servizio Studi di struttura economica e finanziaria – Divisione Biblioteca e Archivio storico – Via 
Nazionale, 91 – 00184 Rome – (fax 0039 06 47922059). They are available on the Internet www.bancaditalia.it.

RECENTLY PUBLISHED “TEMI” (*)

N. 1062 – Market timing and performance attribution in the ECB reserve management 
framework, by Francesco Potente and Antonio Scalia (April 2016).

N. 1063 – Information contagion in the laboratory, by Marco Cipriani, Antonio Guarino, 
Giovanni Guazzarotti, Federico Tagliati and Sven Fischer (April 2016).

N. 1064 – EAGLE-FLI. A macroeconomic model of banking and financial interdependence 
in the euro area, by Nikola Bokan, Andrea Gerali, Sandra Gomes, Pascal Jacquinot 
and Massimiliano Pisani (April 2016).

N. 1065 – How excessive is banks’ maturity transformation?, by Anatoli Segura Velez and Javier 
Suarez (April 2016).

N. 1066 – Common faith or parting ways? A time-varying factor analysis, by Davide Delle 
Monache, Ivan Petrella and Fabrizio Venditti (June 2016).

N. 1067 – Productivity effects of eco-innovations using data on eco-patents, by Giovanni Marin 
and Francesca Lotti (June 2016).

N. 1068 – The labor market channel of macroeconomic uncertainty, by Elisa Guglielminetti 
(June 2016).

N. 1069 – Individual trust: does quality of public services matter?, by Silvia Camussi and Anna 
Laura Mancini (June 2016).

N. 1070 – Some reflections on the social welfare bases of the measurement of global income 
inequality, by Andrea Brandolini and Francesca Carta (July 2016).

N. 1071 – Boulevard of broken dreams. The end of the EU funding (1997: Abruzzi, Italy), 
by Guglielmo Barone, Francesco David and Guido de Blasio (July 2016).

N. 1072 – Bank quality, judicial efficiency and borrower runs: loan repayment delays in Italy, by 
Fabio Schiantarelli, Massimiliano Stacchini and Philip Strahan (July 2016).

N. 1073 – Search costs and the severity of adverse selection, by Francesco Palazzo (July 2016).

N. 1074 – Macroeconomic effectiveness of non-standard monetary policy and early exit. 
A model-based evaluation, by Lorenzo Burlon, Andrea Gerali, Alessandro Notarpietro  
and Massimiliano Pisani (July 2016).

N. 1075 – Quantifying the productivity effects of global sourcing, by Sara Formai and Filippo 
Vergara Caffarelli (July 2016).

N. 1076 – Intergovernmental transfers and expenditure arrears, by Paolo Chiades, Luciano 
Greco, Vanni Mengotto, Luigi Moretti and Paola Valbonesi (July 2016).

N. 1077 – A “reverse Robin Hood”? The distributional implications of non-standard monetary 
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