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Abstract

We show the effect of credit scores’ introduction on consumer credit prices. Utilizing a novel dataset

of the universe of loans in Israel, we find that a decline in information asymmetry, following credit

scores’ introduction, led to a decrease in loan prices for households with strong relationship banking.

Prior to that, when banks held a monopoly on potential borrowers’ credit history, they charged higher

interest rates all else equal, as predicted by theoretical models. We then show that these informational

rents significantly decrease once credit scores are introduced, and document the resulting decline in the

hold-up problem. To the best of our knowledge, this paper is the first to show the causal impact of

credit scoring on households’ loan pricing. Our results highlight the importance of information sharing

in consumer credit markets and have important public policy implications.
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1 Introduction

Asymmetric information between borrowers and lenders has long been discussed in the academic lit-

erature as leading to suboptimal credit allocation. Financial intermediation theories offer a way to

overcome this informational gap through relationship banking (Boot 2000). Another way to overcome

this asymmetry is through information sharing between lenders (Pagano and Jappelli 1993). Credit

reports and credit scores represent a very common way through which lenders share information. While

credit scores have become widely popular in consumer credit market, there is very little evidence as

to how information sharing impacts relationship banking. Furthermore, while relationship banking in

business lending has been studied extensively, empirical evidence on relationship lending in consumer

credit is extremely limited (Puri and Rocholl 2008). Utilizing a unique exogenous increase in consumer

credit information, we present the first empirical evidence as to the effect of information sharing on retail

relationship banking and loan pricing.

In this study, we use the introduction of a consumer credit register and credit scores in Israel to test

how a decrease in information asymmetry between borrowers and lenders impacts retail relationship

lending. The introduction of the Israeli credit register increased the amount of information available

regarding retail consumers. Relationship lending theory postulates that a bank gathers private infor-

mation through customer relationships, resulting in comparative advantage in lending relative to non-

relationship banks (Sharpe 1990; Rajan 1992). This potentially leads to the hold-up problem, whereas

banks could extract monopolistic rents from their consumers, especially in concentrated markets (Pe-

tersen and Rajan 1995). Therefore, we hypothesize that once information asymmetry is reduced, the

hold-up problem would attenuate. That is, as banks’ ability to extract monopolistic rents from house-

holds decreases, we expect loans’ prices to decline. Our findings confirm our conjecture. Specifically, we

show that the introduction of credit scores significantly impacts loan prices for borrowers with stronger

banking relations relative to borrowers with weaker relationships.

Our data includes confidential administrative details on debt for the universe of banks’ retail con-

sumers in Israel from 2018 to 2020. For each borrower, we observe all credit facilities obtained from

all banks. In contrast to consumer credit data obtained from credit bureaus in the US, our data also

includes loan prices alongside some borrower-specific characteristics as detailed in Section 2. This novel

dataset permits us to estimate the informational rents extracted by banks and how these are impacted

by information sharing. Specifically, we compare the impact of strong versus weak banking relationships

on loans’ outcomes before and after the information asymmetry is reduced. Similar to Puri et al. (2017),

we define a relationship bank as a bank where the borrower manages a checking account. As noted by

Norden and Weber (2010) checking accounts activity provide important information enabling banks to

assess credit risk. Accordingly, we quantify relationship strength by the exclusivity of the relationship.

That is, a strong bank-borrower relationship is one in which the borrower holds a checking account

solely in one bank. Israel provides a great setting to test questions relating to relationship banking, as
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banks are the primary source of consumer credit. Furthermore, the availability of a centralized credit

register, which includes interest rates, provides us with a unique opportunity to identify the impact of

information on relationship banking.

To test the impact of relationship banking on loan pricing, we use a difference-in-differences approach.

Specifically, we compare the changes in loan pricing for exclusive and non-exclusive borrowers before

and after credit scores were introduced. We first show that exclusive relationship borrowers paid higher

interest rates before credit scores were introduced. This result is consistent with banks extracting rents

from exclusive relationship borrowers, the hold-up problem. We then test the impact of a shock to retail

consumer credit information. We find that credit scores significantly mitigate the hold-up problem. All

else equal, we show that the difference in the interest rates for exclusive and non-exclusive borrowers

decreased by about 10 to 13 basis points. This represents a 30 percent reduction in the interest-rate-

difference between the two groups relative to the prior period. When we further restrict our definition

of exclusive relationship to include only checking accounts of length longer than 12 months, we find that

this gap decreases by almost 90 percent. Our findings are consistent with our main hypothesis that the

hold-up problem is mitigated once information asymmetry is reduced. To the best of our knowledge, this

study is the first to show this causal relationship between consumer information sharing and relationship

banking in the household setting.

We then provide a battery of tests to show that our results are robust to different challenges. A

possible concern is that our results are driven by endogenous selection and time-varying differences

across exclusive and non-exclusive relationship borrowers. To deal with selection concerns, we estimate

our specification with a restricted sample composed of borrowers who had a loan before and after the

introduction of credit scores. The latter permits us to include borrower fixed effects in our estimation,

thus accounting for all borrowers’ time-invariant characteristics. This estimation uses within borrowers’

variation, hence asymmetric changes in borrower composition across groups do not impact the estimates.

Our findings are robust across all specifications, therefore alleviating endogeneity concerns and support-

ing a causal interpretation between the decrease in information asymmetry and relationship banking.

In Section 5, we offer additional tests demonstrating our results are robust to other possible concerns.

Our paper relates to the vast literature on relationship banking. In particular, how relationship

banking influences credit availability and loan prices in the retail setting. So far the literature has

proposed two possible, and at times opposing, implications of relationship banking on contract terms.1

A number of studies have shown that relationship banking can benefit borrowers through increased

credit availability while also benefiting banks by improving screening ability (Petersen and Rajan 1994;

Berger and Udell 1995; Agarwal et al. 2018).2 At the same time, other studies have suggested that

long borrower-lender relationships can lead to hold-up problem, as borrowers become locked-in their

1See Kysucky and Norden (2016) for a brief summary of this literature.
2The importance of relationship banking has been further discussed in the context of economic downturns. Bolton et al.

(2016) show that relationship banks provide continuous lending in a crisis. Cohen et al. (2021) provide evidence how the
collapse of banking relationships had significant impact on economic activity during the Great Depression.
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banking relationship (Sharpe 1990; Rajan 1992). This is especially the case when switching costs are

high (Ioannidou and Ongena 2010) and consumers do not have many alternatives to their relationship

banking (Degryse and Ongena 2005). In their cross-country analysis, Kysucky and Norden (2016) suggest

that corporate borrowers are more prone to not benefit from relationship banking in countries where

banking competition is low. We contribute to this literature by directly testing the effect of relationship

banking on loan prices in the household setting. Our findings suggest that relationship banking gives

rise to the hold-up problem, which is mitigated once the information asymmetry between banks and

borrowers diminishes.

Puri and Rocholl (2008) note that retail relationship banking has been less examined in the literature

due to severe data limitations in the context of appropriate experimental design. Our paper provides

a perfect setting, alongside a unique dataset, to examine retail relationship banking, thus expanding

the research from the household finance perspective. Puri et al. (2017) use German data and show

that retail customers who have a relationship with their savings bank before applying for a loan default

significantly less often than customers with no prior relationship. Agarwal et al. (2018), examine retail

credit consumers in one bank and find that relationship banking offers significant potential benefits to

banks in mitigating credit risk. Chakravarty and Scott (1999) use survey data to examine the effect of

relationships on credit rationing for households. We further our understanding of this area by providing

novel findings regarding the impact of relationship banking on prices, specifically on banks’ ability

to extract rents from their customers. Also in contrast to most of this literature, we use a natural

experiment where a shock to information has occurred. Thus, we expand this literature by providing

empirical evidence where causal inference can be drawn.

Our paper also relates to papers investigating the influence of information sharing on credit pricing

and performance. Theoretical models suggest that credit information sharing schemes can help lenders

and borrowers overcome asymmetric information problems. Credit registries provide information to

banks permitting better screening (Pagano and Jappelli 1993; Bennardo et al. 2014). At the same time, it

disciplines borrowers as nonpayment issues are made public (Padilla and Pagano 1997). Bos et al. (2018)

document how credit information affects borrowers’ access to credit. Jappelli and Pagano (2002), using a

cross-country survey, find that credit risk is lower in countries where lenders share information. However,

overall evidence on the effect of public credit registries on credit supply is ambiguous (Djankov et al.

2007). Einav et al. (2013) show that the adoption of credit scoring by auto finance company has benefited

the lender, partially due to better screening of high-risk borrowers. They focus on a particular lender

and type of loans, whereas we look at the universe of consumer non-collateralized loans. Sutherland

(2018) examines how information sharing influences relationship lending for businesses. He finds that

information sharing does influence contract terms. In contrast to our setting, he does not examine retail

consumers nor does he have pricing information. Similar to our paper, Behr and Sonnekalb (2012) use

the introduction of a credit register in Albania to test the effect of information sharing. However, our

paper is different from their work for several reasons. Most importantly, they focus on SME firms,
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whereas we focus on households. Second, they examine data from one bank, whereas we have data for

the universe of consumers loans. Our paper contributes to this literature by providing novel empirical

evidence as to the impact of credit registries on relationship banking.

The remainder of this paper is organized as follows. Section 2 describes the institutional details and

the data. Section 3 presents our empirical strategy. In Section 4 we present our main results. Section 5

shows our robustness tests, and Section 6 concludes.

2 Institutional Setting and Sample Construction

2.1 Institutional Details

Israel’s consumer credit market is bank-based; as of December 2019, about 85% of consumer credit was

granted by banks. Furthermore, this banking system is fairly concentrated. It consists of seven bank

groups, where the market share of the two largest banks exceeds 50% of the total credit allocated by the

banking system. The Israeli financial system has gone through several reforms in the past two decades.3

Most relevant to our paper are the regulatory steps taken to promote competition in the banking system.

As part of such reforms, credit scores were first introduced in Israel in April 2019.

The institution of the Israeli credit register is part of such reforms and was enacted in 2016 in the

Credit Data Law. The proclaimed goals of the register are: (1) Enhance competition in the retail credit

market; (2) Expand access to credit; (3) Reduce discrimination in credit supply; (4) Establish a credit

register database to facilitate the carrying out of the Bank of Israel’s functions. Following the passage of

the Credit Data Law, all Israeli banks were required to transfer all credit data for the entire population

of borrowers to the Bank of Israel. The requirement started in 2016, whereas credit scores became

available starting from April 2019. From April 2019, any lending institution could contact any of the

credit bureaus to obtain potential borrowers’ credit reports and scores. We should note, that in contrast

to the US, where credit data used to compute households’ credit scores are collected and held by private

credit bureaus (such as Equifax, Experian, and TransUnion), in Israel the law prescribes that the Bank

of Israel gathers and holds all the credit data used to compute Israeli credit scores (“credit register”).4

This data is then transmitted to private credit bureaus, created following the law, which compute the

credit scores based on such information on a case by case basis.5

2.2 Definition of Relationship Banking

An essential aspect of our analysis concerns the determination of the strength of relationship lending.

First, we define a relationship loan as a loan granted to a borrower by the bank where she maintains a

3Relevant to our paper is the establishment of the “Strum Committee” in 2015 with the goal of increasing competition
within the banking system.

4The Bank of Israel provides a website where each consumer can obtain their credit history. This data alongside additional
information regarding the Israeli Credit Data Register are available at:https://www.creditdata.org.il/en

5See Jappelli and Pagano (2002) for a review of different types of credit bureaus and credit registers around the world.
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checking account. We then proceed to assess the intensity of this relationship by examining the number

of banking relationships that each borrower has established. Specifically, our study focuses on borrowers

who exclusively interact with one bank, thereby maintaining an exclusive relationship, in comparison to

those who maintain relationships with multiple banks. We denote our relationship variable as Exclusive

which takes the value of 1 in cases where the borrower is granted the loan by the same bank where they

hold a sole checking account.

The management of a checking account provides important information on one’s cash-flows and thus

relates to the strength of the relationship between lenders and borrowers (Mester et al. 2007; Norden and

Weber 2010). Puri et al. (2017) show that having a transaction account at the bank significantly reduces

consumer loans’ default probability. Moreover, in Israel, the typical consumer first line of credit is the

overdraft from one’s main checking account. This credit line is similar to rollover credit card debt in the

US (which is uncommon in Israel). Similar to credit cards in the US, banks grant their clients a credit

limit on their checking accounts up to which they can withdraw funds. Thus, through their checking

accounts’ activities banks are able to identify one’s credit usage and overall creditworthiness. The number

of banking relationships each borrower holds is also noted in the literature as a key component of the

bank-borrower relationship. For example, Berger et al. (2005) note that bank exclusivity promotes the

development of close relationships through unique accesses and accumulation of information. However,

exclusivity could also give rise to the hold-up problem between the bank and the borrower.

2.3 Data and Descriptive Statistics

The credit data register contains information on all (new and outstanding) consumer credit facilities such

as consumer loans, credit cards, credit lines, and mortgages, on a monthly basis. Our sample includes

all non-securitized consumer loans granted by Israeli banks for the period spanning from August 2018

to February 2020. This period represents the longest available period for which we have all the variables

prior to the COVID-19 global pandemic.

We apply several filters to make the sample as homogeneous as possible, which reduces concerns

about any bias associated with unobserved differences between exclusive and non-exclusive relationship

loans. First, since our primary focus is on the difference between exclusive and non-exclusive relationship

lending, we exclude all loans granted to consumers who do not have any relationship (do not maintain a

checking account) with the lending bank. It is important to note that, in Israel, loans given to consumers

who do not hold a checking account with the bank are less common and represent only 10% of consumer

loans originated by banks. Additionally, these loans tend to be very different relative to relationship

loans in terms of structure and purpose, suggesting that these loans should indeed be excluded. Also, we

exclude any borrower who switched between exclusive and non-exclusive relationships during the sample

period.6 We further restrict the sample to borrowers with credit history. That is, we exclude borrowers

6This restriction ensures that there is no movement between the treated and the control group and limits any impact of
unobserved events that may have induced borrowers with specific characteristics to shift between the groups.
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who took a loan in the same month that they opened their first checking account.

We exclude observations where there are more than two recorded borrowers.7 We exclude any

loan where the loan maturity is very short (less than three month) or very long (over 360 months)

as these loans are most likely business loans. For the same reason, we also consider only loan with a

principle amount between 1k to 300k NIS. We also exclude observations where the principal amount or

the annualized nominal interest rate is zero as these are likely errors. Finally, we exclude uncommon

types of consumer loans such as fixed-rate loans, linked loans, and loans made in foreign currency.

Variable interest-rate loans represent the vast majority of consumer loans in Israel, therefore our sample

is restricted to these. These filters reduce the sample to 1,408,225 loans. For any estimation which uses

borrower fixed effects, we keep only borrowers who had at least two loans, at least one before and at

least one after the the introduction of the credit register, which reduces the sample to 610,545 loans.

Our main dependent variable is Spread which represents the spread between a loan’s nominal an-

nualized interest rate and the baseline Israeli interest rate.8 In our estimation, we control for both

loan-specific and borrower-specific characteristics. Loan controls include: loan size (Amount) in thou-

sands of New Israeli Shekel (NIS),9 length of the loan in months at the time it was granted (Maturity),

and the number of borrowers. A loan is taken by a household. A household could be composed of one

or two individuals. Typically, if a loan is taken by a household composed of two people they co-sign the

loan. Accordingly, we control for the number of borrowers in our estimations. Our borrower specific

variables include: age group (Age), the socioeconomic rank of the borrower’s city (Socio), mortgage

(Mortg), credit line (Credit Lim), credit line utilization (Utilization), and risk (Bad Hist).

The credit register provides only the age group of the borrower (14 age groups). Therefore, we define

an ordinal variable for each of these categories.10 Our socioeconomic indicator is based on the municipal-

ity where the borrower resides. The Israeli Central Bureau of Statistics provides a socioeconomic index

ranging from 1 to 10 for each local council or municipality, where one represents the poorest socioeco-

nomic conditions and ten the highest. Using this index, we define Socio as an ordinal variable for each

borrower.11 Mortg is a dummy variable which equals one if any of the borrowers has an outstanding

mortgage. Credit Lim is the credit line (overdraft) available to withdraw from the borrower’s checking

7We apply this restriction for two reasons. First, about 99% of the loans in our sample have one or two borrowers.
Approximately, 70% of loans have a single borrower, and about 30% have two borrowers. Additionally, we are interested in
including borrower fixed effects in our estimations. When we limit our sample to individuals and pairs, we are able to identify
and track individuals across time. In Section 4 we show that the results are robust to keeping only loans made to a single
borrower.

8The Prime Rate is the basic debitory interest rate agreed upon by the banks and serves as the baseline rate for most loans.
9During the relevant time period, 1 USD was equal approximately 3.5 NIS.

10Ages 0-21 are coded as 1; ages 22-24 are coded as 2; ages 25-29 are coded as 3; ages 30-34 are coded as 4; ages 35-39 are
coded as 5; ages 40-44 are coded as 6; ages 45-49 are coded as 7; ages 50-54 are coded as 8; ages 55-59 are coded as 9; ages
60-64 are coded as 10; ages 65-69 are coded as 11; ages 70-74 are coded as 12; ages 75-79 are coded as 13; and ages above 79
are coded as 14.

11In cases where a loan involves two borrowers, we allocate the lowest socioeconomic indicator value and age group of the
two borrowers to the households. Notably, we find that the results remain largely unaffected by using either the average or
maximum values instead.
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account.12 While the credit register does not have any information on income or wealth, these variables

tend to be positively correlated with the credit line’s magnitude. Utilization is the ratio between the

total amount drawn from all available credit lines and the total amount of available credit lines for the

household. Both Utilization and Credit Lim are lagged one month to reduce endogeneity concerns re-

sulting from the loan having been granted during the same month. Bad Hist denotes our risk indicator.

Similar to Bonfim and Soares (2018), we use borrowers’ recent credit history to assess their riskiness.

This dummy variable equals one if the borrower was in arrears on any credit facility, or if the borrower

had a check that was not processed due to non-sufficient funds, in the 12 months prior to obtaining the

loan.13 Table 1 provides descriptive statistics of the main variables used in the analysis. Panel A distin-

guishes between the period prior to the introduction of credit scores and following their introduction for

all loans. Panel B includes only exclusive relationship loans and Panel C only non-exclusive relationship

loans. Panels D and E include loans to consumers with good and bad credit histories respectively. In

Panel F we compare between exclusive and non-exclusive borrowers. Panel A-E show that overall the

number of loans remained stable before and after the introduction of credit scores.

[Table 1 to be added here]

From Panel A shows that there is no economically meaningful differences in our controls variables

before and after the introduction of credit scores. Borrowers with bad credit history represent 19% in

the pre-period and 17% in the post-period. On average, 36% of the borrowers in our sample have a

mortgage in both periods. In addition, the median age group of borrowers across the sample is 6 which

represents ages from 40 to 44 years old. Our analysis reveals that approximately 68% of loans were

granted to exclusive borrowers in both the pre- and post- periods. The average loan size was 40,380

NIS, with a slight increase to 41,910 NIS in the post-period. The average maturity remained consistent

across both periods, at approximately 42 months. Furthermore, households had an average monthly

credit line of around 18,000 NIS, of which they utilized approximately 60%. It is worth noting that this

high utilization rate is not surprising, as overdrafts from checking accounts are commonplace in Israel

and are often used as the primary method for rolling over household debts. Overall, our findings suggest

that the main covariates in the sample were not significantly affected by the introduction of the credit

register.

As anticipated, when comparing panels D and E, borrowers with good credit history are found to

pay a lower spread on their loans on average, and the average loan amount is slightly higher. While the

borrower-specific controls such as age and sociodemographic indicator are similar across both groups.

Comparing panels B, C, and F, we observe that non-exclusive borrowers tend to be older and more

likely to have a mortgage. Loans to non-exclusive borrowers also tend to be larger in size and have

12If the loan has two borrowers with two separate checking accounts, we take the largest credit line between the two.
13If a loan is approved for a household with two borrowers, this variable will have a value of 1 if either borrower has been

in arrears within the last 12 months. For the purpose of this definition, a credit facility would include any consumer loan,
mortgage, credit card or credit line.
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longer maturities. Interestingly, while exclusive borrowers are, on average, less risky than non-exclusive

borrowers, they pay a higher spread on their loans. This finding aligns with the central thesis of our

paper, which posits that banks can extract monopolistic rent from their consumers when the bank-

borrower relationship is exclusive. The descriptive statistics presented in Table 1 support this notion,

as they indicate that exclusive borrowers pay a premium on their loans due to the hold-up problem. To

test this conjecture empirically, we outline our empirical strategy in the following section.

3 Empirical methodology

Our empirical methodology is designed to test the effect of information shock on consumer loan prices.

According to theory, stronger relationship banking leads to the hold-up problem (Petersen and Rajan

1995). Prior to the introduction of credit scores, banks that maintained exclusive relationships with

their consumers, held a monopoly over the information collected through those relationship, allowing

them to extract rents from consumers. As a result, we expect that, all else being equal, exclusive

borrowers paid higher interest rates on their loans before the advent of credit scores. The introduction

of credit reports and scores made consumer credit information publicly available, thus reducing banks’

monopolistic power over such information. Accordingly, we hypothesize that the hold-up problem will

attenuate for consumers who are most susceptible to it. Specifically, we expect that the interest rates

paid by consumers with exclusive banking relationships will decrease once credit scores become available,

all else being equal.

To test this hypothesis, our identification strategy relies on the differential effect of information shocks

on exclusive versus non-exclusive borrowers. To estimate this effect we use a difference-in-differences

specification. Our treated group is composed of borrowers with exclusive banking relationships. Our

control group is composed of borrowers with non-exclusive banking relationships. The information shock

we are using is the introduction of credit scores in Israel. Since exclusive borrowers are more prone to

the hold-up problem, we expect that once the information shock occurs they would be most affected.

Accordingly, our baseline specification is as follows:

Spreadi,j,k,t = γk + δt + β1Exclusivej,k + β2Exclusivej,k ∗ Postt + β3Xi + β4Zj,t + ei,j,k,t (1)

where subscripts represent loan i given to borrower j, and reported by lender k at time t. The

dependent variable, Spread, is the spread between the nominal annualized interest rate and the baseline

Israeli interest rate. Exclusive is a binary variable that takes the value 1 if borrower j has an exclu-

sive relationship with lender k. Postt is an indicator representing the period after credit scores were

introduced. It equals 1 if the observation is after April 2019 and 0 otherwise. Xi and Zj,t are loan and

borrower characteristics, respectively. The terms γk and δt represent lender, and month fixed effects,
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respectively. Standard errors are clustered at the month level throughout all of our estimations. β1

and β2 represent the relative effect of exclusive relationship lending on credit spread. β1 represents the

average spread exclusive borrowers pay on new consumer loans relative to non-exclusive borrowers. Our

main coefficient of interest is β2 which represents the causal effect of the information shock on exclusive

loans’ spreads relative to non-exclusive loans.

Our empirical methodology relies on the assumption that without the introduction of credit scores,

the difference in loan pricing between exclusive and non-exclusive relationship lending would have re-

mained constant. That is, the parallel trend assumption holds in this case. To show that this assumption

holds in our data we modify Equation (1) and replace our interaction variable Exclusive ∗ Post with a

set of interactions between Exclusive and a dummy for each month in our sample period. The coefficient

estimates of these interaction variables reflect the dynamics of the effect of exclusive relationship versus

non-exclusive relationship on loan pricing. To the extent that the parallel trend assumption holds the

coefficients on the interaction terms in the months before the information shock should not have any

particular trend and start to persistently fall after the shock.

Interpreting causally the coefficients estimates from Equation 1 could pose several challenges. First,

we need to account for the possibility that the observed lending terms are endogenous since they are

conditional on selecting borrowers with specific characteristics to exclusive and non-exclusive borrow-

ers. In Table 1, Panels B and C compare the populations of exclusive and non-exclusive borrowers

respectively. As noted, the two populations diverge on different observable characteristics. To deal with

these differences, we include controls for such observable characteristics: age, socioeconomic level, risk,

mortgages, credit limit, and utilization. Nonetheless, it is possible that there are unobserved consumer

characteristics that might be correlated with consumers having one or multiple bank relationships. Most

important, if these unobserved attributes also impact loan prices, our results would be biased. To fur-

ther deal with these concerns, we introduce borrower fixed effects in our specification. We modify the

specification presented in Equation 1 to include borrower fixed effects:

Spreadi,j,k,t = γk + δt + µj + β2Exclusivej,k ∗ Postt + β3Xi + β4Zj,t + ei,j,k,t (2)

Where µj represent borrower fixed effects. To estimate this specification we restrict our sample to

borrowers with at least two loans, one prior to and one following the introduction of credit scores.14 Our

underlining assumption in these tests is that any unobservable borrower-characteristics, which could lead

to any of the selection issues mentioned, are time-invariant during the sample. In this case, borrower

fixed effects alleviate concerns that our results are due to some unobserved characteristics and selection.

An additional concern is that our sample risk composition changed with the introduction of the

credit scores. The latter could result from strategic timing of new lending for borrowers with specific

14In this specification, Zj,t will include all time-variant borrowers’ characteristics, any time-invariant variables is dropped
as it is absorbed by the borrower fixed effects. For the same reason Exclusive is not included in the specification as it is
borrower specific and time invariant.
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characteristics. It is possible that riskier borrowers feared that the credit register would reveal their bad

credit information thus hindering their access to credit. Therefore they may have preemptively applied

for new loans from lenders with weak relationships before April 2019. At the same time, relatively

creditworthy borrowers may have postponed borrowing to the period after the register, if they anticipated

it would reduce their cost of credit. In this case, the quality and overall composition of borrowers before

and after the credit register will be different and may impact our results. Furthermore, the credit register

most likely improved banks’ screening ability which could influence loan approval and pricing. If the

credit register induced banks to change their screening and loan approval practices, this might have

changed borrower composition and impacted the results. Banks’ ability to better assess households’

creditworthiness is most relevant for non-exclusive borrowers in our setting and has different potential

pricing effect depending on households’ risk level.15 Low-risk high-quality borrowers potentially benefit

from the additional public information banks obtain about them, whereas high-risk borrowers may suffer

from higher prices and credit rationing.

We deal with these concerns in several ways. First, we introduce a control for risk in our regression

estimation, as we described in Section 2.3. In addition, we split our sample between high and low-risk

borrowers. To the extent that high-risk borrowers are more prone to both strategic timing and screening

by lenders, a sample with only low-risk borrowers would be less vulnerable to these biases. Finally, the

estimation of Equation 2 also deals with the issues denoted. This specification uses within-borrower

variation to estimate the relative effect of exclusivity on loan spreads before and after credit scores’

introduction, thereby reducing any impact of asymmetric changes in borrower composition.

4 Main Results

Table 2 presents the results from the estimation of Equation 1. Column 1 shows the results for all

loans, while columns 2 and 3 present results for a sample split between borrowers with good and bad

credit history. We find that β1, the coefficient on Exclusive is positive and statistically significant

across all three columns. That is, ceteris paribus, exclusive loans are more expensive than non-exclusive

loans. This is consistent with exclusive borrowers being subjected to the hold-up problem. The size

of the coefficient estimate on Exclusive suggests that before introducing the credit register, exclusive

relationship loans paid around 37.1 basis points more relative to non-exclusive relationship loans. To put

this number in perspective, note from Table 1 that the average spread for non-exclusive loans in the pre-

credit register period was around 469 basis points. Therefore, the additional premia paid by exclusive

borrowers represents around an 8% increase in the loan price, which is economically meaningful.

[Table 2 to be added here]

15The underlining assumption throughout our analysis is that banks have better credit information for their exclusive versus
non-exclusive borrowers.
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Our main coefficient of interest is β2. This coefficient represents the causal effect of the shock to

information asymmetry on loan pricing for exclusive borrowers relative to non-exclusive borrowers. β2

is negative and significant at 1% across all columns. That is, the premia paid by exclusive borrowers

compared to non-exclusive borrowers decreased by approximately a third (13 basis points) once the credit

register became public. This finding shows that the hold-up problem is been attenuated after credit

reports and scores are available to lenders. Thus, our results demonstrate that once the information

asymmetry between banks and households is mitigated, the informational rents extracted by banks

significantly decrease.

From Table 2 we also learn the effect of our control variables on the spread. As expected, on average,

having a bad credit history and higher utilization of credit lines significantly increases loan pricing. At

the same time, living in an area with a higher socieconomic index, having a mortgage, and higher credit

limit negatively impact loan spreads. Examining the sample split based on borrowers’ risk in columns

2 and 3, we see that overall the direction of the coefficients estimates is consistent with column 1. On

average exclusive borrowers with good credit history pay 32.1 basis points more than non-exclusive

borrowers. Exclusive borrowers with bad credit history pay on average 53.2 basis points more than

non-exclusive borrowers with bad credit history. For both borrowers with good and bad credit history,

we find that β2 is negative and significant.

A possible concern is that this observed decrease in interest rate of exclusive relative to non-exclusive

borrowers is the result of changes in the spread of non-exclusive borrowers. Recall from our discussion

in Section 3, that credit scores could have improved banks’ screening ability which most likely impacted

non-exclusive borrowers more than exclusive borrowers. Accordingly, the observed narrowing of the

interest gap between the two groups could result from an increase in interest rates charged to non-

exclusive borrowers rather than a decrease in the premia charged to exclusive borrowers. The latter

could potentially bias the interpretation of our findings. However, the results in Table 2 column 2

suggest otherwise. That is, if our findings were solely driven by changes to interest rate for non-exclusive

low-risk borrowers then we would expect to find a significant increase in the relative interest rate for

exclusive versus non-exclusive borrowers. We find the opposite effect as we show that β2 is negative

and significant. Therefore, any effect the credit register may have on non-exclusive low risk borrowers

only weakens our findings. In fact, we could view the estimated β2 as a lower bound estimate for the

total effect of information sharing on the hold-up premia. Furthermore, we argue above that borrowers

with good credit history are less likely to be impacted by bank credit rationing. Therefore, borrowers

with good credit history are less prone to identification issues related to time-varying differences in the

approval probability between exclusive and non-exclusive borrowers. Accordingly, our findings in column

2 further reinforce our causal interpretation of β2.

To provide further support that our results are not driven from a significant decrease in the interest

rates of non-exclusive borrowers, we decompose the decrease in interest rates following the introduction

of credit scores for exclusive versus non-exclusive borrowers. To do so, we add an interaction term
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NonExclusive∗Post to our specification in Equation 1. Table 3 displays the coefficient estimates when

adding the interaction term NonExclusive ∗ Post. In column 1, we find that the coefficient estimate

on the interaction term NonExclusive ∗ Post is not statistically significant. That is, we do not observe

a significant decrease in interest rates for non-exclusive borrowers once credit scores are introduced.

Consistent with our previous results, we find that the interest rate of exclusive borrowers significantly

decreased in the post period. While the coefficient estimates in this regression cannot be interpreted

causally, they do provide further empirical support for the causal interpretation of β2 in our main

specification.

[Table 3 to be added here]

Overall the results from Table 2 are consistent with the prevalence of the hold-up problem. When

credit scores were not available, banks used their monopoly over consumers’ credit information and on

average charged exclusive borrowers a higher interest rate on consumer loans. As credit scores become

available the premia paid by exclusive borrowers significantly decreases. This is consistent as banks’

monopoly over consumers’ credit information diminishes with the introduction of credit scores. To the

best of our knowledge, this is the first empirical work that shows the causal effect of credit reports and

scores on households’ prices of credit.

To further examine the dynamic shift in the impact of stronger relationship lending following the

credit register, we re-estimate Equation 1, where the interaction between the exclusive dummy and Post

is replaced with a set of interactions between Exclusive and a dummy for each month in our sample

period. The coefficient estimates of these interaction variables reflect the dynamics of the effect of

exclusive relationship versus non-exclusive relationship on loan pricing. The estimated coefficients are

plotted in Figure 1, along with 90% confidence bands. For comparison, the figure also plots β1, the

coefficient of the exclusive dummy presented in Table 2. The red column represents the month when

credit scores were introduced.

[Figure 1 to be added here]

Examining Figure 1, we observe that the relative price of exclusive versus non-exclusive loans is quite

volatile before credit scores became available and does not show any clear trend, moving around the

estimated premia (β1) from Table 2. However, immediately after credit scores are introduced, we see a

drop and a smooth downward trend in the coefficients’ size. This suggests that in the period after the

credit register, the effect of exclusivity on loan pricing consistently and persistently diminished. The

figure also supports our assumption that the reduction in the importance of strong relationship loans

started to decline only after the information shock, i.e. it supports the parallel trend assumption.

As discussed in Section 3, the coefficient estimates in Table 2 may be biased due to endogeneity

and selection concerns. To remedy such concerns, we introduce borrower fixed effects in Equation 2.

Including borrower fixed effects ensures that borrowers’ specific time-invariant differences are not driving
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the results. To estimate this specification, we restrict our sample to borrowers with at least one loan

before and one loan after April 2019. The results from the estimation of Equation 2 are presented in

Table 4.

[Table 4 to be added here]

Recall that our main coefficient of interest is β2, the coefficient on the interaction term between

Exclusive and Post. Similar to our baseline estimation, β2 is negative and statistically significant

across all columns. From Table 4 we observe that the premia charged to exclusive borrowers decreases

by approximately 15 basis points once credit scores are available. These results provide empirical support

that our findings in Table 2 were not merely driven by unobserved borrowers’ characteristics correlated

with our relationship banking measure (Exclusive). Thus, our restricted sample findings further re-

inforce our claim that once information asymmetry in credit markets is mitigated informational rents

extracted by banks decrease significantly.

Our baseline specification focuses on the exclusivity component of relationship banking. Exclusivity

is an important driver of the hold-up problem. Banks, through exclusive relationship learn about their

consumers’ creditworthiness, thus obtain monopolistic power over such information. Such power allows

them to extract informational rents from borrowers. Another important driver of the relationship’s

strength is the length of the relationship. In order to learn about their consumers, lenders have repeated

interactions with their clients over a period of time. A commonly used proxy for relationship lending is

the length of the bank-borrower relationship (see, for example, Petersen and Rajan (1994) and Berger and

Udell (1995) among many others). Accordingly, we will combine both the exclusivity of the relationship

and its length to offer an additional measure of relationship strength. The first data points in the credit

register are from July 2017. The sample period used in this paper begins on August 2018. Therefore,

we account for the length of the relationship by restricting the sample to borrowers that had a checking

account with the lending bank for at least 12 months before the loan was granted.

Furthermore, restricting both our treated and control groups to borrowers with longer relationship

reduces possible concerns that any promotions at the time of the account opening may be driving our

results. In addition, this restriction limits the effect of any unobserved events that may have induced

non-exclusive borrowers to open additional checking accounts. Accordingly, this refined definition of

exclusivity permits us to better isolate the informational rents extracted by banks resulting from infor-

mation asymmetry in credit markets. Therefore, we expect that the effect of the introduction of credit

scores would be more pronounced under this specification.

Table 5 reports the estimation of Equation 1 after restricting the sample to borrowers who had a

relationship at least 12 months prior to the loan, both for exclusive and non-exclusive borrowers. The

coefficient estimate on Exclusive (β1) is positive and significant. However, this coefficient is of smaller

magnitude compared to our baseline specification. The coefficient estimate on the interaction term

Exclusive ∗ Post (β2) is significant and negative. The relative magnitude of the estimated β1 and β2,
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for the overall sample in column 1, is larger compared to our baseline estimation. In fact, we find a 90

percent decrease in the hold-up premia exclusive versus non-exclusive borrowers pay once credit scores

are introduced. Interestingly, when we observe the coefficient estimate for borrowers with good credit

history, in column 2, we find that the hold-up premia disappears once credit scores are available. In

column 3, we find that for borrowers with bad credit history the premia only decreases by approximately

50%. Taken together, the results reported in Table 5 suggest that once relationship’s length is accounted

for, the introduction of credit scores reduced most of the hold-up premia. We show that the premia

between low risk exclusive and non-exclusive borrowers in this specification is nearly zero in the post

period. Consistent with our hypothesis, consumers with longer relationship are more prone to the

hold-up problem as their bank is the only lender that is able to assess their creditworthiness. With

the introduction of the credit register, these consumers are posed to most benefit from the decrease in

information asymmetry, as more lenders are able to assess their credit information. This effect is most

pronounced for lenders with good history.

[Table 5 to be added here]

Overall, the results presented in this section suggest that when credit scores were unavailable, banks

were able to extract informational rents from exclusive borrowers. Across all specifications in this

section, we find that exclusive borrowers paid a higher interest rate on their loans compared to non-

exclusive borrowers. That is, consistent with theoretical models, exclusive borrowers were subject to

the hold-up problem. We then provide empirical evidence that a decrease in information asymmetry

between lenders and consumers resulting from the introduction of credit scores mitigates the hold-

up problem. Our baseline estimation is further reinforced by our sample split and more restrictive

estimations. Alternative explanations, such as better screening by banks, would predict that interest rate

should decrease for non-exclusive good borrowers. However, we show that the effect of the credit register

is negative and significant for borrowers with good credit history across all specifications. Economically,

the decrease in the hold-up premia is quite large. In our baseline estimation it is around 30 %. However

when we isolate better the relationship banking strength by restricting the relationship length to at least

12 months, we find that the premia mostly disappears, especially for borrowers with good credit history.

5 Robustness

Our results suggest that following the shock to consumer credit information, the hold-up premia paid

by exclusive households decreased significantly. Consistent with theoretical models once information

asymmetry is mitigated, banks’ monopoly over consumers’ credit information decreases. Thus, we

would expect to find that consumers that were most prone to the hold-up problem experience a larger

decrease in loan prices once credit scores are introduced. At the same time, other explanations could

potentially drive our results. In this section, we provide additional tests to support our main hypothesis
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and rule out alternative explanations.

A potential concern with our main specification is that there may be bank specific time-varying factors

that are not accounted for in the baseline specification. While borrower fixed-effects and bank fixed effects

account for possible borrower-specific and bank-specific time invariant variables, any unobserved bank

time-variant factors could bias our results.16 To address this issue, we add bank-time fixed-effects, which

account for time-varying bank-specific factors that may influence the interaction between the strength

of bank-borrower relationships and consumer loan interest rates. Results are presented in Table 6. Here

as well we find that the coefficient estimate β2 is negative and statistically significant. Therefore, our

results are robust to the introduction of these more restrictive fixed-effects.

[Table 6 to be added here]

In addition, recall that our sample includes loans with one or two borrowers. As noted in Section

2.3, the latter required us to make various decisions on measurements of borrower characteristics like

age and available credit line. Throughout our analysis, we control for the number of borrowers, however,

these loans may have other differences which we do not account for. To address this concern, we restrict

our sample to loans with only one borrower. Thus, this sample is not subject to the same measurement

concerns. The results from this estimation are reported in Table 7. We find that here as well, β2 is

negative and statistically significant. Therefore, it appears our results are not merely driven by any of

the measurement choices we made when structuring our sample of loans with multiple borrowers.

[Table 7 to be added here]

Finally, we examine the effect of the introduction of credit scores on alternative lenders. Consistent

with relationship banking theory, prior to the introduction of credit scores, obtaining an unsecured

loan from a lender other than your own bank was rather difficult due to information asymmetry. The

introduction of credit scores alleviates some of this information asymmetry. Accordingly, the need to

establish a relationship with a bank in order to borrow diminishes and it becomes easier to borrow from

alternative lenders. Therefore, once credit information is made public through the credit register, we

conjecture that credit availability would increase at better terms, especially for good borrowers. To test

this conjecture we examine the effect of the credit register on consumer loans originated by credit card

companies.

As noted in Section 2, credit card companies were required to report their consumer credit data

for the period prior to the introduction of credit scores. We utilize this institutional setting and use

these alternative lenders to examine the effect of the credit register outside of the banking system.

We hypothesis that, for credit card companies, there is significant asymmetric information between

16We should note that as part of the attempt to promote competition in the banking industry, specific banks went through
some structural changes during the sample period. These changes could have potentially impacted their lending strategies.
Most notably was a regulation mandating the separation of credit card companies from banks. This regulation has affected
so far Hapoalim and Leumi, Israel’s two largest banks.
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the lenders and the borrowers before the introduction of the credit register. At the same time, these

lenders can learn some information about potential borrowers if they hold a credit card with them. In

contrast to banks, credit card companies are not the only lenders who there is no deep relationship that

is established through the issuance of a credit card. Hence, we don’t expect credit card companies to be

able to extract informational rents from their consumers. In fact, through the credit card channel, credit

card companies could alleviate some of the information asymmetry surrounding a potential borrower’s

creditworthiness. Therefore, we expect that prior to the credit register, loan prices for borrowers with

good history, but no existing credit card with the lender, would be higher relative to existing consumers

with good credit history. Once credit scores are introduced, credit card companies are able to learn about

potential borrowers’ creditworthiness even if they do not hold any credit card with them. Accordingly,

we conjecture that for borrowers with good history, the price difference between existing and non-

existing consumers would decrease. To estimate this effect, we propose a specification similar to our

baseline specification but for loans originated by credit card companies. We define a new binary variable

ExistingConsumer which equals 1 if the borrower also holds a credit card with the lender from which

he borrowed. We modify Equation 1 and estimate the following specification:

Spreadi,j,k,t = γk+δt+β1ExistingConsumerj,k+β2ExistingConsumerj,k∗Postt+β3Xi+β4Zj,t+ei,j,k,t

(3)

Table 8 presents the results from this estimation. First, note that the number of loans made by credit

card companies during the sample was a little over 190,000, around 13% of the number of consumer

loans made by banks during the same period. Therefore, while minor relative to bank credit, loans

originated by credit card companies are not entirely negligible.17 We find that β1, the coefficient on

ExistingConsumer, is negative and significant. This coefficient estimate suggests that borrowers, who

also hold a credit card with the lender, pay on average 78 basis points less relative to borrowers who

do not hold a credit card with the lender. For borrowers with good history, this difference is even

higher. As we see in Column 2, on average, existing consumers pay 82 basis points less compared to

borrowers who do not hold a credit card with the lender. Consistent with our hypothesis, as information

asymmetry diminishes with the introduction of credit scores, this price difference significantly decreases.

Both in columns 1 and 2, β2 is negative and significant. For borrowers with good credit history, the

price difference between existing and non-existing consumers decreases by more than 50% once credit

scores are available. Thus, these findings show that the credit register alleviated information asymmetry

for borrowers outside of the banking system as well.

[Tables 8 to be added here]

A possible concern with the interpretation of our findings is that any observed decrease in the price

difference could be resulting from changes to our control group. For example, the observed 50% decrease

17Descriptive statistics for loans issued by credit card companies are presented in the online appendix.
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in the price difference could be resulting from an increase in interest rate for existing consumers with

good history rather than a decrease for non-existing consumers.

To deal with such a concern, we examine the effect of the credit register on both groups. Sim-

ilar to the exercise done in Table 3, we add to our specification in Equation 3 an interaction term

Non ExistingConsumer. Table 9 displays the coefficient estimates when adding this interaction term

for the sample of loans originated by credit card companies. Column 2 shows that the coefficient on the

interaction between Post and Non ExistingConsumer is negative and significant for borrowers with

good history. Whereas we do not find that the coefficient estimate on the interaction term between Post

and ExistingConsumer is statistically different than zero. This finding suggests that the observed de-

crease in the relative pricing of existing versus non-existing consumers is mostly driven by prices falling

for non-existing consumers after the introduction of the credit register. Interestingly, this decomposition

also permits us to understand why we do not observe any effect on the price difference for borrowers

with bad credit history following the introduction of credit scores in Table 8. As is shown in Table

9 Column 3 both the coefficients on the interaction terms between ExistingConsumers ∗ Post and

Non ExistingConsumers ∗Post are significant and negative. This suggests that after the introduction

of the credit register, interest rates decreased for both existing and non-existing consumers. Therefore

we do not observe any significant decrease in the price difference between the two groups in Table 8.

Taken together, the findings in tables 8 and 9 show that the effect of the credit register is not restricted

to loans originated by banks. Once credit scores are introduced, alternative lenders, such as credit card

companies, provide credit at better terms to consumers with whom they previously did not interact.

These results further support our original hypothesis − once information asymmetry attenuates, banks’

monopolistic power decreases. As shown in Section 4 this leads to a decrease in the hold-up premia

paid by exclusive borrowers. The findings in tables 8 and 9 demonstrate that one mean by which the

monopolistic power of banks decreases is through competition from alternative lending institutions.

6 Conclusion

In conclusion, our paper provides the first empirical evidence as to the causal impact of credit scores on

consumer loan pricing. As suggested by the theoretical literature, we find that banks extract monopolistic

rents from households with strong relationship banking. Credit scores help remedy the asymmetric

information problem between lenders and borrowers in consumer credit markets. Thus, credit scores

mitigate the monopoly power banks hold over consumers’ credit information. Consistent with the latter,

we find that the introduction of credit scores led to a significant decrease in the hold-up premia charged

by banks.

Due to data limitation, the effect of credit scores on relationship banking in the household context

has not been thoroughly examined in the literature. Our setting alongside the detailed dataset, provided

us with a unique opportunity to contribute to this important literature. We show that households with
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stronger relationship lending paid higher interest rates on their loans prior to the credit register. This

result is consistent with the hold-up problem. Once credit scores become available, we find that this

price difference between exclusive and non-exclusive borrowers significantly decreases. This result holds

across several specifications and robustness tests. Accordingly, we believe that our results show that

once credit information becomes public, the hold-up problem is mitigated. This is an important finding,

which as far as we know, was not previously shown empirically for households.

Our paper also contributes to the growing literature examining household financial decisions. In

particular, our paper points to the possible effects relationship banking could have on retail consumers’

loan prices. With the rapidly changing financial landscape, especially in the past decades with the

increase financial products and their complexity (Campbell 2006), our paper points to novel evidence as

to one of the most basic lending channel. The latter is important as in order to better our understanding

of complex financial interactions, we first need to have a clear understanding of the more basic household

lending channels. Furthermore, our findings suggest how regulations aimed at increasing transparency,

availability and verifiability of borrowers’ credit information can help mitigate informational frictions

in financial markets which could eventually improve retail consumers’ financial health. Finally, our

paper provides a glimpse into the future of banking as information is becoming more accessible with

technological improvements. Our results suggest that in the age of information the role of relationship

banking may be changing. The latter could have important implications for the banking industry

business model.
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A Tables and Figures

Figure 1: Impact of exclusive relationship by month

Note: This figure reports the impact of exclusive relationship lending on loan spreads by month. The coefficient
estimates reported are from the estimation of Equation 1 with interactions between Exclusive and monthly
dummies for each month from August 2018-February 2020. 90% confidence bands are presented in black. The
red dashed line represents estimated coefficient of the interaction between Exclusive and Post in the baseline
specification shown in Table 2.
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Table 1: Descriptive Statistics

Pre Post
n Mean St.

Dev
Median n Mean St.

Dev
Median

Panel A. All Loans

Exclusive 727172 0.68 0.47 1 713505 0.69 0.46 1
Bad Hist 727172 0.19 0.39 0 713505 0.17 0.38 0
Spread (%) 727172 5.33 3.12 5.80 713505 5.03 2.97 5.40
Amount (Thousand NIS) 727172 41.73 45.69 25 713505 43.14 45.91 26
Maturity (Month) 727172 41.98 27.19 36.50 713505 42.15 27.17 37
Borrowers 727172 1.35 0.48 1 713505 1.36 0.48 1
Credit Lim (Thousand NIS) 727172 18.28 19.06 12.50 713505 18.46 18.90 13
Utilization 727172 0.62 0.41 0.82 713505 0.60 0.42 0.78
Mortg 727172 0.35 0.48 0 713505 0.36 0.48 0
Age 727172 6.33 2.76 6 713505 6.25 2.76 6
Socio 727172 5.31 2.15 5 713505 5.33 2.14 5

Panel B. Only Exclusive Borrower-Loans

Bad Hist 491505 0.13 0.33 0 489264 0.11 0.32 0
Spread 491505 5.64 3.14 6.40 489264 5.31 2.99 5.90
Amount (Thousand NIS) 491505 38.31 42.57 21 489264 39.51 42.78 24
Maturity (Month) 491505 41.11 26.35 36.50 489264 41.08 26.24 36.50
Borrowers 491505 1.29 0.45 1 489264 1.29 0.46 1
Credit Lim (Thousand NIS) 491505 14.87 15.95 10 489264 15.15 15.98 10
Utilization 491505 0.60 0.42 0.81 489264 0.58 0.43 0.76
Mortg 491505 0.28 0.45 0 489264 0.29 0.45 0
Age 491505 6.13 2.76 6 489264 6.06 2.78 6
Socio 491505 5.24 2.11 5 489264 5.25 2.11 5

Panel C. Only Non-Exclusive Borrower-Loans

Bad Hist 235667 0.33 0.47 0 224241 0.29 0.46 0
Spread 235667 4.69 2.99 4.80 224241 4.42 2.82 4.35
Amount (Thousand NIS) 235667 48.86 50.87 30 224241 51.06 51.20 32.80
Maturity (Month) 235667 43.80 28.79 46 224241 44.49 28.97 47.50
Borrowers 235667 1.47 0.50 1 224241 1.49 0.50 1
Credit Lim (Thousand NIS) 235667 25.38 22.70 20 224241 25.67 22.44 20
Utilization 235667 0.66 0.38 0.85 224241 0.64 0.39 0.81
Mortg 235667 0.51 0.50 1 224241 0.52 0.50 1
Age 235667 6.74 2.70 6 224241 6.68 2.69 6
Socio 235667 5.46 2.21 6 224241 5.50 2.19 6

Panel D. Only Borrowers With Good History

Exclusive 589036 0.73 0.44 1 591959 0.73 0.44 1
Spread 589036 5.17 3.16 5.50 591959 4.88 3 5
Amount (Thousand NIS) 589036 41.96 46.06 25 591959 43.63 46.39 27
Maturity (Month) 589036 41.93 27.27 36.50 591959 42.18 27.20 37
Borrowers 589036 1.35 0.48 1 591959 1.36 0.48 1
Credit Lim (Thousand NIS) 589036 18.12 18.72 12.40 591959 18.36 18.56 13
Utilization 589036 0.58 0.42 0.75 591959 0.57 0.42 0.71
Mortg 589036 0.35 0.48 0 591959 0.36 0.48 0
Age 589036 6.38 2.79 6 591959 6.30 2.79 6
Socio 589036 5.37 2.13 6 591959 5.39 2.12 6

Continued on next page
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Table 1 (continued)

Pre Post
n Mean St.

Dev
Median n Mean St.

Dev
Median

Panel E. Only Borrowers With Bad History

Exclusive 138136 0.45 0.50 0 121546 0.46 0.50 0
Spread 138136 6.02 2.88 6.75 121546 5.79 2.71 6.30
Amount (Thousand NIS) 138136 40.73 44.08 25 121546 40.72 43.43 25
Maturity (Month) 138136 42.22 26.88 37 121546 42.02 27.06 37
Borrowers 138136 1.33 0.47 1 121546 1.35 0.48 1
Credit Lim (Thousand NIS) 138136 18.92 20.42 12.60 121546 18.93 20.47 12.50
Utilization 138136 0.77 0.37 1 121546 0.75 0.38 0.99
Mortg 138136 0.37 0.48 0 121546 0.37 0.48 0
Age 138136 6.10 2.60 6 121546 6 2.61 6
Socio 138136 5.06 2.21 5 121546 5.03 2.22 5

Panel F. All Loans Exclusive VS. Non-Exclusive Borrowers

Exclusive Non-Exclusive
Bad Hist 980769 0.12 0.32 0 459908 0.31 0.46 0
Spread 980769 5.48 3.07 6 459908 4.56 2.91 4.50
Amount (Thousand NIS) 980769 38.91 42.68 22.80 459908 49.93 51.04 30
Maturity 980769 41.09 26.30 36.50 459908 44.14 28.88 47.50
Borrowers 980769 1.29 0.45 1 459908 1.48 0.50 1
Credit Lim (Thousand NIS) 980769 15.01 15.96 10 459908 25.52 22.57 20
Utilization 980769 0.59 0.43 0.79 459908 0.65 0.39 0.83
Mortg 980769 0.28 0.45 0 459908 0.51 0.50 1
Age 980769 6.09 2.77 6 459908 6.71 2.70 6
Socio 980769 5.25 2.11 5 459908 5.48 2.20 6

Notes: This table presents the descriptive statistics of the observations in our sample. All observations are loan-
borrower observations. These include all variables we use in the estimation of our main specification represented
in Equation 1. Panel A displays the descriptive statistics for our entire sample. Panel B displays the descriptive
statistics of loans originated to exclusive borrowers. Panel C displays the descriptive statistics of loans originated to
non-exclusive borrowers. Panel D and E display the descriptive statistics for loans originated to borrowers with good
and bad credit history, respectively. In Panels A-E, columns 1 through 4 present loans originated in the period prior
to the introduction of credit scores (August 2018 - April 2019). Columns 5-8 present the loans originated in the period
following the introduction of credit scores (May 2019 - February 2020). Panel F presents the descriptive statistics of the
loans originated to exclusive borrowers (columns 1-4) and non-exclusive borrower (columns 5-8) for the entire sample
period. See Section 2.3 for details on the construction of the sample and the variables.
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Table 2: Baseline Estimations

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive 0.371∗∗∗ 0.321∗∗∗ 0.532∗∗∗

(0.021) (0.021) (0.032)
Exclusive ∗ Post −0.129∗∗∗ −0.120∗∗∗ −0.155∗∗∗

(0.011) (0.013) (0.012)
Amount −0.015∗∗∗ −0.015∗∗∗ −0.012∗∗∗

(0.0003) (0.0003) (0.0003)
Maturity −0.001∗∗ −0.0002 −0.004∗∗∗

(0.0004) (0.0003) (0.0005)
Bad Hist 0.798∗∗∗

(0.014)
Mortg −0.583∗∗∗ −0.582∗∗∗ −0.601∗∗∗

(0.010) (0.010) (0.009)
Socio −0.118∗∗∗ −0.121∗∗∗ −0.102∗∗∗

(0.002) (0.003) (0.003)
Age 0.065∗∗∗ 0.063∗∗∗ 0.088∗∗∗

(0.005) (0.005) (0.006)
Credit lim −0.029∗∗∗ −0.031∗∗∗ −0.020∗∗∗

(0.001) (0.001) (0.0005)
Borrower Number −0.631∗∗∗ −0.657∗∗∗ −0.421∗∗∗

(0.014) (0.015) (0.021)
Utilization 1.370∗∗∗ 1.423∗∗∗ 0.981∗∗∗

(0.021) (0.025) (0.021)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 1,440,677 1,180,995 259,682
R2 0.306 0.322 0.194

Notes: This table reports the coefficient estimates of Equation 1: Spreadi,j,k,t = γk + δt + β1Exclusivej,k +
β2Exclusivej,k ∗ Postt + β3Xi + β4Zj,t + ei,j,k,t. The sample in column 1 includes all the loans in our sample.
The samples in columns 2 and 3 are restricted to borrowers with good and bad credit histories, respectively. See
Section 2.3 for details on the construction of the sample and the variables. The time period is August 2018-
February 2020. Standard errors clustered by time are reported in parentheses. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

25



Table 3: Decomposition of the Premia Decrease

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive 0.372∗∗∗ 0.321∗∗∗ 0.535∗∗∗

(0.011) (0.013) (0.011)
Exclusive ∗ Post −0.176∗∗∗ −0.169∗∗∗ −0.227∗∗∗

(0.046) (0.046) (0.053)
Non− Exclusive ∗ Post −0.047 −0.051 −0.069∗

(0.038) (0.042) (0.036)
Amount −0.015∗∗∗ −0.015∗∗∗ −0.012∗∗∗

(0.0003) (0.0003) (0.0003)
Maturity −0.001∗∗ −0.0002 −0.004∗∗∗

(0.0004) (0.0004) (0.0005)
Bad Hist 0.801∗∗∗

(0.014)
Mortg −0.584∗∗∗ −0.583∗∗∗ −0.602∗∗∗

(0.010) (0.011) (0.010)
Socio −0.118∗∗∗ −0.121∗∗∗ −0.103∗∗∗

(0.002) (0.003) (0.003)
Age 0.065∗∗∗ 0.064∗∗∗ 0.089∗∗∗

(0.005) (0.005) (0.006)
Credit lim −0.029∗∗∗ −0.031∗∗∗ −0.020∗∗∗

(0.001) (0.001) (0.0005)
Borrowers Number −0.630∗∗∗ −0.656∗∗∗ −0.421∗∗∗

(0.014) (0.016) (0.021)
Utilization 1.372∗∗∗ 1.425∗∗∗ 0.983∗∗∗

(0.022) (0.025) (0.020)

Bank F.E Y Y Y
Observations 1,440,677 1,180,995 259,682
R2 0.306 0.321 0.193

Notes: This table reports the coefficient estimates of the following regression: Spreadi,j,k,t = γk+β1Exclusivej,k+
β2Exclusivej,k ∗ Postt + β3NonExclusivej,k ∗ Postt + β4Xi + β5Zj,t + ei,j,k,t. See Section 2.3 for details on the
construction of the sample and the variables. The time period is August 2018-February 2020. Standard errors
clustered by time are reported in parentheses. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4: Estimations Including Borrower Fixed Effects

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive ∗ Post −0.150∗∗∗ −0.116∗∗∗ −0.170∗∗∗

(0.015) (0.015) (0.019)
Amount −0.008∗∗∗ −0.008∗∗∗ −0.007∗∗∗

(0.0002) (0.0002) (0.0003)
Maturity −0.003∗∗∗ −0.003∗∗∗ −0.005∗∗∗

(0.0003) (0.0003) (0.001)
Bad Hist 0.127∗∗∗

(0.012)
Mortg 0.126∗∗∗ 0.121∗∗∗ 0.077

(0.027) (0.031) (0.065)
Credit lim 0.001∗∗ 0.001 0.002

(0.0004) (0.001) (0.001)
Utilization 0.321∗∗∗ 0.289∗∗∗ 0.429∗∗∗

(0.011) (0.011) (0.021)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 634,210 528,990 105,220
R2 0.802 0.824 0.796

Notes: This table reports the coefficient estimates of Equation 2: Spreadi,j,k,t = γk + δt + µj + β2Exclusivej,k ∗
Postt + β3Xi + β4Zj,t + ei,j,k,t. The sample is restricted to borrowers with at least one loan in the pre-credit
register period and at least one in the post-credit register period. See Section 2.3 for details on the construction
of the sample and the variables. The time period is August 2018-February 2020. Standard errors clustered by
time are reported in parentheses. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 5: Long Banking Relationship

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive 0.149∗∗∗ 0.103∗∗∗ 0.342∗∗∗

(0.015) (0.015) (0.027)
Exclusive ∗ Post −0.134∗∗∗ −0.123∗∗∗ −0.161∗∗∗

(0.020) (0.021) (0.040)
Amount −0.014∗∗∗ −0.014∗∗∗ −0.011∗∗∗

(0.0003) (0.0003) (0.0003)
Maturity 0.002∗∗∗ 0.003∗∗∗ −0.0002

(0.0004) (0.0004) (0.001)
Bad Hist 0.624∗∗∗

(0.014)
Mortg −0.523∗∗∗ −0.522∗∗∗ −0.524∗∗∗

(0.010) (0.011) (0.012)
Socio −0.113∗∗∗ −0.115∗∗∗ −0.098∗∗∗

(0.003) (0.003) (0.004)
Age 0.074∗∗∗ 0.073∗∗∗ 0.095∗∗∗

(0.005) (0.005) (0.007)
Credit lim −0.030∗∗∗ −0.033∗∗∗ −0.020∗∗∗

(0.001) (0.001) (0.001)
Borrower Number −0.533∗∗∗ −0.551∗∗∗ −0.347∗∗∗

(0.014) (0.015) (0.027)
Utilization 1.701∗∗∗ 1.693∗∗∗ 1.650∗∗∗

(0.022) (0.026) (0.033)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 1,104,173 933,134 171,039
R2 0.316 0.329 0.206

Notes: This table reports the coefficient estimates of Equation 1 when we restrict the sample to borrowers who
held a checking account with the lending bank for at least a year prior to the loan’s origination date. See Section
2.3 for details on the construction of the sample and the variables. The time period is August 2018 - February
2020. Standard errors clustered by time are reported in parentheses.∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

28



Table 6: Bank-Time Fixed Effects

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive 0.369∗∗∗ 0.323∗∗∗ 0.526∗∗∗

(0.010) (0.012) (0.011)
Exclusive ∗ Post −0.124∗∗∗ −0.123∗∗∗ −0.145∗∗∗

(0.019) (0.021) (0.030)
Amount −0.015∗∗∗ −0.015∗∗∗ −0.012∗∗∗

(0.0003) (0.0003) (0.0003)
Maturity −0.001∗∗ −0.0002 −0.004∗∗∗

(0.0004) (0.0004) (0.0005)
Bad Hist 0.799∗∗∗

(0.013)
Mortg −0.583∗∗∗ −0.581∗∗∗ −0.602∗∗∗

(0.009) (0.010) (0.009)
Socio −0.118∗∗∗ −0.121∗∗∗ −0.102∗∗∗

(0.002) (0.003) (0.003)
Age 0.065∗∗∗ 0.063∗∗∗ 0.088∗∗∗

(0.005) (0.005) (0.006)
Credit lim −0.028∗∗∗ −0.031∗∗∗ −0.020∗∗∗

(0.001) (0.001) (0.0005)
Borrower Number −0.630∗∗∗ −0.656∗∗∗ −0.420∗∗∗

(0.014) (0.015) (0.020)
Utilization 1.369∗∗∗ 1.421∗∗∗ 0.979∗∗∗

(0.020) (0.024) (0.021)

Bank-time F.E. Y Y Y
Observations 1,440,677 1,180,995 259,682
R2 0.308 0.324 0.197

Notes: This table reports the coefficient estimates of Equation 1 including bank-time fixed effects instead of bank
F.E and time F.E. See Section 2.3 for details on the construction of the sample and the variables. The time period
is August 2018-February 2020. Standard errors clustered by time are reported in parentheses. ∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01
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Table 7: Sample Restricted to Households Comprised of One Borrower

Spread

All Good Hist. Bad Hist

(1) (2) (3)

Exclusive 0.592∗∗∗ 0.566∗∗∗ 0.666∗∗∗

(0.022) (0.028) (0.017)
Exclusive ∗ Post −0.281∗∗∗ −0.272∗∗∗ −0.297∗∗∗

(0.027) (0.036) (0.030)
Amount −0.018∗∗∗ −0.019∗∗∗ −0.013∗∗∗

(0.0003) (0.0003) (0.001)
Maturity 0.003∗∗∗ 0.003∗∗∗ 0.001

(0.0004) (0.0003) (0.001)
Bad Hist 0.792∗∗∗

(0.014)
Mortg −0.615∗∗∗ −0.605∗∗∗ −0.596∗∗∗

(0.016) (0.016) (0.030)
Socio −0.125∗∗∗ −0.126∗∗∗ −0.114∗∗∗

(0.003) (0.004) (0.004)
Age 0.067∗∗∗ 0.066∗∗∗ 0.086∗∗∗

(0.005) (0.005) (0.006)
Credit lim −0.040∗∗∗ −0.044∗∗∗ −0.024∗∗∗

(0.001) (0.001) (0.001)
Utilization 1.048∗∗∗ 1.107∗∗∗ 0.609∗∗∗

(0.016) (0.019) (0.026)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 701,885 583,890 117,995
R2 0.247 0.269 0.128

Notes: This table reports the coefficient estimates of Equation 1 when we restrict our sample to loans originated
to households comprised of one borrower. See Section 2.3 for details on the construction of the sample and the
variables. The time period is August 2018-February 2020. Standard errors clustered by time are reported in
parentheses. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 8: Alternative Lenders

Spread

All Good Hist. Bad Hist

(1) (2) (3)

ExistingConsumer −0.781∗∗∗ −0.819∗∗∗ −0.648∗∗∗

(0.133) (0.132) (0.148)
ExistingConsumer ∗ Post 0.342∗∗∗ 0.429∗∗∗ 0.078

(0.097) (0.100) (0.106)
Amount −0.050∗∗∗ −0.049∗∗∗ −0.052∗∗∗

(0.001) (0.001) (0.001)
Maturity 0.031∗∗∗ 0.031∗∗∗ 0.028∗∗∗

(0.001) (0.001) (0.002)
Bad Hist 0.609∗∗∗

(0.022)
Mortg −0.761∗∗∗ −0.769∗∗∗ −0.721∗∗∗

(0.015) (0.016) (0.038)
Socio −0.114∗∗∗ −0.120∗∗∗ −0.095∗∗∗

(0.007) (0.007) (0.008)
Age −0.128∗∗∗ −0.131∗∗∗ −0.114∗∗∗

(0.005) (0.005) (0.007)
Credit lim −0.012∗∗∗ −0.012∗∗∗ −0.010∗∗∗

(0.0003) (0.0003) (0.001)
Borrower Number −4.264∗∗∗ −4.190∗∗∗ −4.458∗∗∗

(0.133) (0.196) (0.763)
Utilization 0.800∗∗∗ 0.869∗∗∗ 0.433∗∗∗

(0.023) (0.024) (0.057)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 190,842 149,339 41,503
R2 0.394 0.384 0.355

Notes: This table reports the coefficient estimates of the following regression: Spreadi,j,k,t = γk + δt +
β1Existing Consumersj,k + β2Existing Consumersj,k ∗ Postt + β3Xi + β4Zj,t + ei,j,k,t. Exisiting Consumer
is a dummy variable which equals 1 if the borrower had a credit card with the lender at the time the loan was
originated. The sample used in this estimation includes all loans originated by credit card companies from Au-
gust 2018 to February 2020. Standard errors clustered by time are reported in parentheses.∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01
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Table 9: Price Decrease Decomposition for Loans Originated by Alternative Lenders

Spread

All Good Hist. Bad Hist

(1) (2) (3)

ExistingConsumer −0.795∗∗∗ −0.829∗∗∗ −0.667∗∗∗

(0.135) (0.135) (0.148)
ExistingConsumer ∗ Post −0.125 −0.094 −0.252∗∗∗

(0.090) (0.092) (0.093)
Non ExistingConsumer ∗ Post −0.491∗∗∗ −0.545∗∗∗ −0.357∗∗∗

(0.114) (0.124) (0.097)
Amount −0.050∗∗∗ −0.050∗∗∗ −0.052∗∗∗

(0.001) (0.001) (0.001)
Maturity 0.031∗∗∗ 0.031∗∗∗ 0.028∗∗∗

(0.001) (0.001) (0.002)
Bad Hist 0.615∗∗∗

(0.021)
Mortg −0.759∗∗∗ −0.767∗∗∗ −0.720∗∗∗

(0.015) (0.016) (0.039)
Socio −0.114∗∗∗ −0.120∗∗∗ −0.094∗∗∗

(0.007) (0.007) (0.008)
Age −0.127∗∗∗ −0.130∗∗∗ −0.113∗∗∗

(0.005) (0.005) (0.008)
Credit lim −0.012∗∗∗ −0.012∗∗∗ −0.010∗∗∗

(0.0003) (0.0003) (0.001)
Borrower Number −4.416∗∗∗ −4.357∗∗∗ −4.588∗∗∗

(0.147) (0.236) (0.754)
Utilization 0.808∗∗∗ 0.876∗∗∗ 0.442∗∗∗

(0.024) (0.025) (0.058)

Bank F.E Y Y Y
Time F.E Y Y Y
Observations 190,842 149,339 41,503
R2 0.390 0.380 0.351

Notes: This table reports the coefficient estimates of the following regression: Spreadi,j,k,t = γk + δt +
β1Existing Consumersj,k+β2Existing Consumersj,k∗Postt+β3Non Existing Consumersj,k∗Postt+β4Xi+
β5Zj,t + ei,j,k,t. Exisiting Consumer and Non Exisiting Consumer are dummy variable which equal 1 if the
borrower held or did not hold, a credit card with the lender at the time the loan was originated, respectively.
The sample used in this estimation includes all loans originated by credit card companies from August 2018 to
February 2020. Standard errors clustered by time are reported in parentheses.∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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B Online Appendix

Table 10: Descriptive Statistics - Credit Card Loans

Pre Post
n Mean St.

Dev
Median n Mean St.

Dev
Median

Panel A. All Loans

ExisitingConsumer 81617 0.69 0.46 1 109225 0.68 0.47 1
Bad Hist 81617 0.24 0.43 0 109225 0.20 0.40 0
Spread (%) 81617 7.47 3.03 7.40 109225 7.16 3 7.40
Amount (Thousand NIS) 81617 29.56 19.43 25 109225 32.12 21.77 28
Maturity (Month) 81617 47.68 17.06 59.50 109225 48.11 17.34 60
Borrowers 81617 1 0.01 1 109225 1 0 1
Credit Lim (Thousand NIS) 81617 24.02 22.45 20 109225 23.34 22.02 19.80
Utilization 81617 0.71 0.37 0.93 109225 0.70 0.38 0.91
Mortg 81617 0.42 0.49 0 109225 0.44 0.50 0
Age 81617 7.28 2.45 7 109225 7.13 2.48 7
Socio 81617 5.53 2.05 6 109225 5.51 2.07 6
Panel B. Only Existing Consumers

Bad Hist 56285 0.22 0.41 0 74464 0.17 0.38 0
Spread (%) 56285 6.81 2.93 6.75 74464 6.54 2.91 6.50
Amount (Thousand NIS) 56285 28.40 19.47 25 74464 30.83 21.47 25
Maturity (Month) 56285 47.62 17.49 59.50 74464 47.49 18 60
Borrowers 56285 1 0.01 1 74464 1 0 1
Credit Lim (Thousand NIS) 56285 23.51 21.69 20 74464 23.09 21.20 20
Utilization 56285 0.69 0.38 0.90 74464 0.67 0.39 0.87
Mortg 56285 0.43 0.50 0 74464 0.45 0.50 0
Age 56285 7.31 2.46 7 74464 7.18 2.48 7
Socio 56285 5.53 2.05 6 74464 5.52 2.07 6
Panel C. Only Non-Existing Consumers

Bad Hist 25332 0.29 0.45 0 34761 0.26 0.44 0
Spread (%) 25332 8.95 2.70 8.80 34761 8.49 2.74 8.80
Amount (Thousand NIS) 25332 32.14 19.10 30 34761 34.87 22.16 30
Maturity (Month) 25332 47.81 16.06 59 34761 49.44 15.75 60
Borrowers 25332 1 0.02 1 34761 1 0 1
Credit Lim (Thousand NIS) 25332 25.15 24.01 20 34761 23.88 23.66 18.50
Utilization 25332 0.77 0.35 0.98 34761 0.75 0.36 0.97
Mortg 25332 0.41 0.49 0 34761 0.41 0.49 0
Age 25332 7.23 2.44 7 34761 7.02 2.49 7
Socio 25332 5.54 2.05 6 34761 5.50 2.09 6

Notes: This table presents the descriptive statistics for the sample of credit card loan, comparing the loans given in the Pre credit
register period (Aug. 2018-April2019) to the Post period (May 2019- Feb. 2020).
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