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We analyze contract-level data on approved and rejected microloans to as-
sess the impact of a new credit registry in Bosnia and Herzegovina, a country
with a competitive microcredit market. Our findings are threefold. First, in-
formation sharing reduces defaults, especially among new borrowers, and
increases the return on lending. Second, lending tightens at the extensive
margin as loan officers, using the new registry, reject more applications.
Third, lending also tightens at the intensive margin: microloans become
smaller, shorter, and more expensive. This affects both new borrowers and
lending relationships established before the registry. In contrast, repeat bor-
rowers whose lending relationship started after the registry introduction be-
gin to benefit from larger loans at lower interest rates.
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1. INTRODUCTION

Over the past three decades, microcredit—granting small
loans to poor people—has experienced unprecedented growth inmany emergingmar-
kets and developing countries. Because of this rapid expansion, there are currently
about 139 million microcredit clients worldwide.1 The screening and monitoring of
all these borrowers has proven challenging for many microfinance institutions. As
microcredit markets have become increasingly competitive, numerous clients have
started to engage in multiple loan taking (McIntosh, de Janvry, and Sadoulet 2005).
Such “double dipping” has eroded loan quality and contributed to microcredit repay-
ment crises in countries as diverse as Bangladesh, Bolivia, Cambodia, India, Mo-
rocco, Nicaragua, Nigeria, and Pakistan (Schicks and Rosenberg 2011). These crises
were preceded by fast microcredit growth due to aggressive lender competition and
characterized by an initial increase in nonperforming loans (typically triggered by a
recession) and subsequent widespread strategic defaults.
The specter of largescale repayment problems among microcredit borrowers raises

the question of how to financially include poorer segments of the global population
without eroding financial stability. Policy makers view public credit registries, which
require lenders to share borrower information, as an important tool to manage this
trade-off. Yet, while many countries have recently introduced such registries, these
typically only involve commercial banks. Only few countries have made credit re-
porting mandatory for microlenders. Empirical evidence on whether and how credit
registries can improve the functioning of competitive microcredit markets hence re-
mains scarce.
To help fill this gap, we use data from Bosnia and Herzegovina—one of the first

countries to introduce a credit registry that includes microfinance institutions—to
trace the impact of mandatory information sharing on the quality and quantity of
microcredit. Evaluating the impact of a new credit registry is challenging for two
main reasons. First, borrower information is typically only publicly available after the
registry is set up. Second, even if pre-registry data exist, it is difficult to identify the
impact of information sharing if all borrowers are similarly affected. Our data have
some unique features that help us surmount these challenges. In particular, we use
contract-level information from a large microfinance institution about both accepted
and rejected microcredit applications, the reason why applications were rejected, and
the complete repayment history of each approved loan. Importantly, we have these
data for the period before and after the credit registry introduction. This enables us
to observe decisions by the same loan officers under different information-sharing
regimes and to disentangle immediate and longer-term effects.
We combine the time variation in information sharing with cross-sectional bor-

rower variation. For each applicant and approved borrower, we know whether

1. This is the estimated number of active borrowers in 2017 (source: http://www.themix.org/
mixmarket).

http://www.themix.org/mixmarket
http://www.themix.org/mixmarket
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they were new to the lender or a repeat client. Loan officers build up proprietary
information through repeat lending (Rajan 1992 and Boot 2000) and can reuse this
information when lending to the same borrower (Agarwal and Hauswald 2010). We,
therefore, expect that the introduction of a credit registry affects new borrowers more
than repeat borrowers.
By way of preview, we find that mandatory information sharing can be an effective

tool to improve the quality of microcredit, especially among first-time borrowers, and
to increase the return on lending. Yet, we also show that information sharing initially
tightens lending at both the extensive and intensive margins. Our data indicate that
loan officers reject more applications using the new registry information and that,
conditional on loan approval, borrowers receive smaller, shorter, and more expensive
loans that require more collateral. This affects not only first-time borrowers—that is
to say, clients that are new to the lender whose portfolio we study—but also existing
lending relationships that had been established before the registry. In contrast, new
relationships established after the registry introduction start to benefit from larger
and longer loans at lower risk premiums. This suggests that repeat borrowers can
now signal their quality to competing lenders, thus forcing the incumbent lender to
offer better terms.
This paper builds on an extensive theoretical literature, which we review in Sec-

tion 2, and contributes to an expanding empirical literature on mandatory information
sharing. Cross-country evidence suggests that information sharing is associated with
less risk taking by banks (Houston et al. 2010, Büyükkarabacak and Valev 2012) and
more lending to the private sector, fewer defaults, and lower interest rates (Jappelli
and Pagano 2002). These effects appear stronger in developing countries (Djankov,
McLiesh, and Shleifer 2007) and for opaque firms (Brown, Jappelli, and Pagano
2009). Yet, cross-country studies only imperfectly control for confounding factors
that may lead to a spurious correlation between information sharing and credit out-
comes. They also remain silent about the mechanisms through which information
sharing affects credit markets.
A small literature has, therefore, started to exploit contract-level information to

identify the impact of information sharing. These papers study changes in the cover-
age (of borrowers) or participation (of lenders) of existing credit registries. Doblas-
Madrid and Minetti (2013) focus on the staggered entry of lenders into a credit bu-
reau for the U.S. equipment financing industry. Entry improved repayment for opaque
firms but reduced loan size. Hertzberg, Liberti, and Paravisini (2011) find that lower-
ing the reporting threshold of the Argentinian credit registry resulted in less lending
to firms with multiple lending relationships. Banks that had negative (but private)
information about borrowers reduced their exposure to these borrowers when it was
announced that this information would become public. Lastly, Ioannidou and Ongena
(2010) find that Bolivian firms switch banks once information about prior defaults is
erased and the incumbent lender no longer holds them up.
We also exploit contract-level data and contribute to the literature in three im-

portant ways. First and foremost, we are among the first to assess the role of in-
formation sharing in a mature microcredit market, a part of the financial system
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characterized by large information asymmetries and, increasingly, overindebtedness
and repayment problems.2 Existing work on this topic remains scarce. De Janvry,
McIntosh, and Sadoulet (2010) analyze the staggered use of a registry by the branches
of a GuatemalanMFI. They document tighter screening of borrowers and an improve-
ment in loan quality. Our empirical setting is quite different as, unlike the Guatemalan
registry, participation in our setting is mandatory for all MFIs and banks. Moreover,
we analyze the impact of the actual registry introduction rather than the (nonrandom)
staggered increase in its use.
Second, by comparing the effect on existing versus new borrowers, we can differ-

entiate between the immediate impact of the new registry and its longer-term effects.
We show that these effects are very different.
Third, our data are rich in that we observe both rejected loan applications and ap-

proved loans; the identity of the loan officer (so that we can observe one and the same
loan officer under different information regimes); and why individual loan applica-
tions were rejected. That is, we see which type of information (“positive” or “neg-
ative”) loan officers use to reject applications. This allows us to document directly
how loan officers use the registry once it becomes available.

2. REVIEW OF THEORETICAL LITERATURE

The literature on information sharing builds on theories that explore how asymmet-
ric information causes lenders to provide either too little credit or too much credit.
Stiglitz andWeiss (1981) show that lenders ration credit when they fear that a market-
clearing interest rate will attract riskier borrowers. Some entrepreneurs with ex ante
profitable projects are then denied credit. Making borrower information public can re-
duce such rationing. In contrast, de Meza andWebb (1987) and deMeza (2002) show
that when information about entrepreneurial ability is private, too many individuals
apply for a loan and some negative NPV projects receive credit. If entrepreneurial
ability would instead be publicly observable, then lenders could better tailor inter-
est rates. Marginal entrepreneurs consequently no longer apply for credit and overall
lending declines.
Building on these seminal contributions, subsequent theoretical work has explored

in detail how information sharing can reduce moral hazard, adverse selection, and
overborrowing. First, moral hazard may decline as borrowers no longer fear that
their bankwill extract rents by exploiting proprietary information (Padilla and Pagano
1997). Hold-up problems due to informational lock in (Sharpe 1990, Rajan 1992, von

2. In our setting, microcredit takes the form of individual-liability loans instead of joint-liability
(group) loans as pioneered by the Bangladeshi Grameen bank in the 1970s. MFIs are increasingly mov-
ing from joint toward individual-liability credit as the latter is less time-consuming and less onerous for
borrowers (Cull, Demirgüç-Kunt, and Morduch, 2009; de Quidt, Fetzer, and Ghatak, 2018). The trend
of liability individualization has, by its very nature, eroded the protective role of joint liability (see also
Attanasio, Augsburg and De Haas, 2019). This underlines the need for alternative mechanisms, such as
information sharing, to contain agency problems in microcredit markets.
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Thadden 2004) diminish in particular for repeat borrowers. Moreover, with a registry
in place, defaulting borrowers lose their reputation in the whole credit market and not
just with their current lender. This further reduces moral hazard (Padilla and Pagano
2000). Theory suggests that both mechanisms improve loan quality and lead to more
lending at lower interest rates.
Second, the availability of centralized credit data can reduce adverse selection and

bring safe borrowers back into the market (Pagano and Jappelli 1993). While such
improved screening boosts loan quality, the effect on the quantity of lending is am-
biguous as more lending to safe borrowers may be offset by less lending to riskier
clients.
Third, a credit registry can prevent borrowers from taking loans from multiple

banks (so-called double dipping) instead of applying for one single loan (Hoff and
Stiglitz 1997, McIntosh and Wydick 2005). Bizer and DeMarzo (1992) show that
when borrowers cannot credibly commit to borrow from one lender only, double
dipping can in equilibrium result in excessive borrowing, higher default risk, and
higher interest rates. An implication of their model is that information sharing may
reduce such negative externalities, leading to less lending but higher loan quality and
lower interest rates.3 Bennardo, Pagano, and Piccolo (2015) also provide a model
of multiple-bank lending. While their set up allows for an overlending equilibrium
as in Bizer and DeMarzo (1992), they show that when creditor protection is poor,
(the threat of) multiple-bank lending can in equilibrium also lead to credit rationing
by lenders and strategic default by borrowers. Information sharing may reduce such
rationing and result in better loan quality and lower interest rates.
To sum up, the extant body of theoretical work predicts an unambiguously positive

effect of information sharing on loan quality. However, the impact on the quantity and
the price of credit varies across theoretical models. In the remainder of this paper, we,
therefore, first use our data to test the clear theoretical prediction that the introduction
of information sharing improves loan quality. Here, our data allow us to assess various
dimensions of loan quality: late payments, nonrepayment, and the net return on loans.
After that, we investigate other loan-level outcomes and will discuss which of the
theories outlined above are most consistent with the data patterns we observe.

3. EMPIRICAL SETTING

3.1 Bosnia and Herzegovina

Bosnia and Herzegovina is a middle-income country with a competitive financial
sector that includes 12 microfinance institutions and 27 banks. Domestic credit ex-
panded from 23.4% of GDP in 2001 to 67.7% of GDP in 2013.4 Microcredit in

3. Degryse, Ioannidou, and von Schedvin (2016) use data from a Swedish bank to show that when a
previously exclusive firm obtains a loan from another bank, the initial bank decreases its internal limit to
that firm, suggesting that information sharing allows lenders to condition their terms on loans from others.

4. Source: World Bank (http://data.worldbank.org/country/bosnia-and-herzegovina).

http://data.worldbank.org/country/bosnia-and-herzegovina
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Bosnia and Herzegovina almost exclusively takes the form of individual-liability
loans. While a private data-collection agency had been present since 2000, most
lenders neither used it nor contributed information to it. Participation was voluntary
and expensive, and coverage therefore incomplete. Lenders could not check whether
loan applicants had already borrowed elsewhere. Loan officers of competing lenders
sometimes even disseminated false information about their borrowers. Coordination
failures thus prevented voluntary information sharing. This allowed many borrowers
to take out multiple microloans at the same time (Maurer and Pytkowska 2011).5

In response to this institutional gap and growing overindebtedness, the Bosnian
central bank began to establish a public credit registry (Centralni Registrar Kredita,
CRK) in 2006. Yet, it was only in July 2009 that participation became mandatory
for all lenders, both banks and microfinance institutions. This is also the month in
which EKI, the microfinance institution whose loan portfolio we analyze, started to
provide information to the registry and began using it. Discussions with loan officers
indicate that the July 2009 registry introduction marked a sudden improvement in
the available information about loan applicants. No other financial regulation was
introduced at this time.
The Bosnian credit registry requires lenders to submit a report each time a loan

is disbursed, repaid, late, or written off. The registry contains both “negative” infor-
mation on past loan defaults and “positive” information on pre-existing loans of the
applicant. It also includes data on whether applicants have a guarantor or are a guar-
antor themselves. When loan officers contact the registry, they buy separate files that
contain either negative or positive information. The registry keeps borrower informa-
tion for 5 years. Each loan applicant also has a credit score that reflects current debt
(if any) and their past repayment performance. This score is calculated using uni-
form regulatory guidelines for credit-risk assessment and ranges from A (best) to E
(worst). For instance, after 15 days of late payment, a borrower moves from category
A (“Good”) to B (“Late”).
The central bank monitors whether reporting follows the appropriate formatting

and undertakes random checks on data quality. Registry information is, therefore,
regarded as comprehensive and reliable.6 Lenders are required to include a clause
in each loan contract in which the borrower agrees to a credit check at the registry.

5. The competitive nature of the Bosnian microcredit market was also revealed by a randomized con-
trolled trial conducted in 2009 with a large local MFI (Augsburg et al., 2015). The goal of the experiment
was to assess whether the MFI could profitably target somewhat poorer and riskier clients by incentivizing
a random set of loan officers to take more risk. The resulting portfolio of marginal clients showed a default
rate that was three times as high as the regular portfolio, suggesting that loan officers had already been
pushing lending to its limits and that there were no viable borrowers left unserved in this competitive credit
market.

6. Some information manipulation may occur. Yet, while submitting information to the registry is
mandatory, using the data is voluntary and subject to a small fee. Our data show that the registry is actively
used, suggesting that lenders attach value to it. The registry receives over 240,000 requests a month.
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Borrowers are thus aware that their repayment performance is recorded and may be
shared with other lenders.

3.2 The Lender

Our analysis is based on the entire loan portfolio of microfinance institution EKI.
Founded in 1996, EKI lends through a network of 15 branches across both parts of
the country (the Republika Srpska and the Federation of Bosnia and Herzegovina).
Most borrowers are sole proprietorships: formal or informal firms without a legal
distinction between the owner and the business. Borrowers are, therefore, personally
liable for their loans. Most of them are small entrepreneurs that are not covered by
rating agencies or auditing firms.
EKI loan officers collect all loan applicant information, including from the credit

registry, to make an initial lending decision. They fill out an electronic site-visit form
with information on the borrower, her credit history, and the available collateral. Ini-
tial lending decisions are discussed by the branch-level loan committee and applica-
tions are then approved or rejected. A branch employs on average 14 loan officers.
Officers’ pay is a function of both the quantity of new loans disbursed (flow) and the
quality of their outstanding loan portfolio (stock). Like other lenders in the compet-
itive Bosnian microcredit market, EKI loan officers could not observe pre-existing
debt with other banks of either new loan applicants or existing clients before the reg-
istry introduction. As one loan officer put it: “Before the introduction of the credit
registry, we were basically blind.”
EKI did not make any changes to its lending policies around the time of the intro-

duction of the credit registry. Throughout the period 2007–10, it had ample access to
funding and funding costs did not change materially.

4. DATA

We have access to all loan applications received and all loans granted by EKI.
Figure A1 in the online Appendix summarizes the loan applications (Panel A) and
approved loans (Panel B) during the window June 2007–July 2011 around the in-
troduction of the credit registry.7 For the 116,517 loans approved during this period,
we have information on their size, maturity, interest rate, collateral, and purpose. We
know whether and when there was a late payment, whether the loan was written off
and, if so, how much principal and interest was recovered. In all, we observe the
complete borrowing history of 79,937 borrowers. We also know the identity of the
375 loan officers that granted the loans. We also show the distribution of new ver-
sus repeat borrowers. Before the registry, 55% of all loan applications and 55% of all

7. Table A2 in the online Appendix provides variable definitions and data sources.
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approved loans concerned new borrowers. After the introduction of the registry, these
percentages drop to 43% and 41%, respectively.
The unconditional probabilities in Panel A of Table 1 show that loan quality in-

creases significantly after the introduction of the credit registry. Our main measure
of loan quality, Problem loan, is a dummy equal to one if a loan was written off. For
each nonperforming loan, we observe the date when the borrower was first in arrears
(>30 days) and we use this as the default event in our hazard analysis (see Sec-
tion 6.1). We do not take the write-off date as our default indicator because its timing
depends more on the bank’s discretion than on borrower behavior. It would, therefore,
be a less clean signal of the start of repayment problems. Before the introduction of
the registry, 10.1% of all microloans defaulted, and this number went down to 2.8%
after the introduction. At the same time, the number of days that the average loan was
late declined slightly from 4.2 to 4.1 days although there is wide variation. Due to
this improved repayment performance, the return on microcredit went up from 18.1%
before to 21.6% after the registry introduction.
Panel B of Table 1 provides more insights into the mechanisms behind the sharp

improvement in loan quality.We find that the rejection rate almost doubles, from 8.8%
to 16.4%, after the introduction of the credit registry (the remainder of the applications
was approved or, in a few cases, withdrawn by the applicant). Online Appendix Table
A1 indicates that the rejection rate increases for both new and repeat applicants. As
expected, new applicants are still rejected more frequently.
An interesting feature of our data is that we know why loans were rejected, as loan

officers are required to enter the reason for declining an application in the manage-
ment information system. We split rejections into those using private versus public
information. The former are based on data that EKI collected itself, either in the past
or during the current screening. Rejections due to public information are based on
either “positive” information about outstanding debt elsewhere or “negative” infor-
mation about repayment problems. Both types of public information became easily
available with the introduction of the registry, while they were much more difficult
to access before.
Panel B of Table 1 shows a clear shift in the rejection reasonswith the credit registry

in place. Loan officers now rely more on public data about applicants, both “positive”
information about loans elsewhere and “negative” information about repayment dif-
ficulties. The likelihood that a loan is rejected based on public information increases
almost four times, suggesting that the registry led to an important change in loan of-
ficer behavior. Table A1 (Panel B) shows that the new public information not only
leads to more rejections of new but also of repeat borrowers. This indicates that the
registry provides loan officers with information that complements the private infor-
mation they already have about existing clients. Note that also before the registry
some loans were rejected because of public information as such data were available
for some larger applicants.
The median loan amount is almost three times the median monthly household in-

come of borrowers. Panel C of Table 1 shows that the median maturity is 2 years. As
is typical of microcredit, the nominal annual interest is relatively high at 21% (20.1
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before and 21.6 after the registry introduction).8 We transform this nominal interest
rate into a real risk premium that EKI charged to its micro clients by subtracting the
monthly nominal short-term interest rate charged by Bosnian banks to private enter-
prises and cooperates (published by the Central Bank of Bosnia and Herzegovina).9

The resulting real risk premium was on average 12.84 percentage points before the
credit registry introduction and 13.85 percentage points afterward (Panel C).
Borrowers use the loans mainly for business purposes, with about half of all loans

used to buy movable assets, such as equipment and vehicles (Panel C). Most loans
are collateralized, typically by some form of personal collateral and/or a guarantor.
In line with progressive lending, repeat loans tend to be larger, longer, and cheaper
(TableA1, Panel C). For each borrower, we know their income, education, gender, and
employment status (Panel D). After the introduction of the registry, the composition
of the borrower pool does not change much.
Lastly, in some specifications, we control for local economic activity through a

variable Night-light intensity that captures the amount of locally emitted light during
the night. This measure ranges between 6 and 43 in our data set and is slightly higher
in the period after the introduction of the credit registry (Table 1, Panel E).

5. EMPIRICAL METHODOLOGY

5.1 New Versus Repeat Borrowers

We expect that the introduction of a credit registry affects new borrowers more
than repeat borrowers because loan officers will already have built up proprietary
information about the latter (Rajan 1992 and Boot 2000). Throughout our analysis,
we, therefore, distinguish between effects on new versus repeat borrowers. Figure 1
illustrates this in the form of three stylized lending relationships that each consists of
a first loan (N) and a repeat loan (R) to the same borrower. At the time of the first
loans (N1, N2, and N3), these borrowers are all new to the lender. We can distinguish
between three types of repeat loans: those granted before the registry (R1), those
granted with the registry in place while the previous loan to the same borrower had
been granted before the registry (R2), and those granted with the registry in place
while the previous loan had also been granted with the registry in place (R3).
We expect that the introduction of the registry improved loan quality for first-time

loans after the registry introduction (N3) relative to those granted before the registry
(N1 and N2). Likewise, we expect that repeat loans that were granted with the reg-
istry in place (R2 and R3) perform better than observationally identical repeat loans

8. We consulted confidential documentation from four Bosnian MFIs to check whether the rates
charged by EKI were typical for our sample period. We find that they were, with the other MFIs charging
between 19.3% and 19.9%; between 18% and 30%; between 23% and 45%; and around 21%.

9. The average nominal rate charged by banks to enterprises is 7.45%. Annual inflation averaged
2.87% during 2007–2011. All loans provided by EKI are denominated in the local currency, the Bosnia
and Herzegovina convertible mark (BAM).
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Fig 1. Information sharing: New versus repeat borrowers. Notes: This figure provides a schematic overview of the three
types of repeat borrowers in our empirical analysis. Dots indicate loans and horizontal lines indicate lending relationships.
Each lending relationship consists of two subsequent loans: a first-time loan (N) to a new borrower and then a repeat loan
(R) to that same borrower. Lending relationship 1 (top) consists of two loans that were both granted before the introduction
of the credit registry. Lending relationship 2 (middle) consists of two loans, the first of which was granted before the
introduction of the credit registry and the second one afterward. Lending relationship 3 (bottom) consists of two loans
that were both granted after the introduction of the credit registry.

disbursed before the registry introduction (R1). Moreover, we expect the change in
loan quality to be larger for new as compared with repeat loans. After all, the lender
has already built up private information about existing borrowers and the newly avail-
able public information (for instance, about outstanding debt elsewhere), therefore,
carries less weight.
Comparing R2 to R1 gives the effect of the registry on lending relationships that

were already in place when information began to be shared. This shows whether loan
officers update their view of existing clients, using the new public information that
was not available when they first made a loan to these borrowers. If the new infor-
mation sheds a negative light on existing clients, we expect that loan conditions for
R2 repeat loans tighten as compared with similar preregistry repeat loans (R1). Such
a downward correction may, nevertheless, be partially offset by the increased ability
of loan officers to monitor clients after the introduction of the credit registry.

5.2 Impact on Loan Quality

We start our analysis by analyzing the impact of mandatory information sharing
on repayment performance and loan quality. As discussed in Section 2, all extant
theories of information sharing predict an improvement in loan quality. To test this
hypothesis, we first estimate a simple linear probability model with a binary default
variable as the dependent variable. In a next step, we define the hazard rate as the
probability that a borrower is late on their repayment at time t conditional on regular
repayment up to that point. The hazard model allows us to compare the development
of hazard rates before and after the introduction ofmandatory information sharing and
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for new versus repeat borrowers. It also allows us to estimate the effect of specific
time-varying covariates on the distribution of time to default. The variable of interest
is the time between disbursement and the first instance of significantly late (>30 days)
repayment.
An additional advantage of hazard models is their ability to deal with censoring,

which occurs when a loan is repaid or when the life of a loan extends beyond the
sample period. Such right censoring may yield biased and inconsistent estimates in
static probability models (Ongena and Smith 2001). A semi-parametric model can
deal with right censoring as the log-likelihood function accounts for the ratio of com-
pleted versus noncompleted loans.10 Wewill check the robustness of our results to the
functional form of the hazard rate by estimating two parametric specifications using
a Weibull and an exponential distribution.

5.3 Impact on the Extensive and Intensive Lending Margins

In the second part of our empirical analysis, we use a difference-in-differences
framework to systematically compare loan applications by new versus repeat bor-
rowers. We first assess the impact of information sharing on loan quantity, both at
the extensive margin—the probability that an application is rejected—and at the in-
tensive margin (loan amount). After that, we also assess the impact on other loan
terms, in particular loan maturity, real risk premium, and collateral requirements.11

Our baseline specification focuses on applications and approved loans in a time win-
dow of 1 year before and 1 year after the introduction of the credit registry. This OLS
regression model is:

Yilt = α1 ·Credit registryt + α2 · Newil + β · (Credit registry · New)ilt

+ γ · Xilt + εilt (1)

where Yilt is one of our outcomes for loan or loan application i to loan officer l in
month t; Credit registryt is a dummy variable that is one for observations after June
2009 (when the credit registry was in place); Newil is a dummy that is one for loans
and loan applications by clients of loan officer lwho had never borrowed before from
EKI; Xilt is a matrix of covariates and εilt is the error term. Our covariates Xilt are
dummies for specific loan types (financing movable assets, financing immovable as-
sets, financing stocks, and inventories) and key borrower characteristics (age, gender,

10. The Cox (1972) model uses the ranking of duration times to estimate parameters via maximum
likelihood methods. It assumes continuous time, as the presence of tied events in discrete time makes
ranking impossible. Since late repayments are only observed at intervals, we deal with tied events with
the approximation by Breslow (1974). The Cox model also assumes proportionality, which implies time
fixed coefficients. We relax this assumption by also estimating a model where the effect of covariates can
change over the life of the loan.

11. We include (logged) loan size and loan purpose as additional covariates in all regressions were
these variables are not the outcome variable. We cannot include loan maturity too as it is highly collinear
with loan size.
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education level, monthly income, and a rural/urban dummy). We cluster standard er-
rors at themonth-loan officer level. Results are quantitatively and qualitatively similar
when we cluster by month, branch, or month-branch.
A key parameter of interest is β: the additional impact of mandatory information

sharing on loan outcomes for new borrowers. If mandatory information sharing has
a larger impact on new borrowers as compared with repeat borrowers, then the inter-
action between the registry dummy and New will be positive for the outcomes Loan
rejected, Real risk premium, and Collateral and negative for Loan amount and Loan
maturity.
To measure this interaction coefficient more precisely, we also estimate:

Yilt = Al + Bt + β · (Credit registry · New)ilt + γ · Xilt + εilt (2)

where Al and Bt are loan officer and month fixed effects to control for omitted lender
characteristics and economy-wide shocks, respectively. If information sharing mat-
ters differentially for new borrowers, even after controlling for loan officer fixed ef-
fects, then this is strong evidence that our results are not driven by omitted local
variables.
Finally, we estimate:

Yilt = Clt + β · (Credit registry · New)ilt + γ · Xilt + εilt (3)

where Clt identifies loan officer x month fixed effects to absorb all factors, such as
local business cycle effects, that affect all borrowers of the same loan officer in the
same period.
Unbiased estimates should reflect the introduction of information sharing rather

than differences between new and repeat borrowers. We, therefore, use propensity-
score matching to ensure that new and repeat borrowers are comparable. Matching
borrower and loan characteristics also circumvent the issue of jointness of loan terms
(Brick and Palia 2007). We match microloans on borrower and loan characteristics
and calculate propensity scores with bias-corrected nearest-neighbor matching with
replacement (Abadie et al. 2004). This double-robust estimator yields unbiased es-
timates when either the propensity-score matching model or the linear regression
model is correctly specified (Robins 2000). There is ample common support with
less than 1% of all observations not being supported.
Like most countries, Bosnia and Herzegovina was not immune to the global finan-

cial crisis. One may, therefore, wonder whether any effects we find should be partly
attributed to the crisis rather than the introduction of the credit registry. We provide
three pieces of evidence to show that this is unlikely. First, and most importantly,
our data show that immediately after (but not before) the introduction of the credit
registry, loan officers started to reject more loan applications based on registry in-
formation. This “smoking gun” points directly to the registry causing the observed
changes in lending behavior. Second, we provide an extensive set of placebo tests that
show that our results quickly disappear if we let our registry “treatment” start just one
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Fig 2. Information sharing and loan quality: Kaplan–Meier survival analysis. (a) New versus repeat borrowers. (b) Before
versus during credit registry. (c) Before versus during credit registry: new. (d) Before versus during credit registry: repeat.
Notes: These four graphs show Kaplan–Meier survival estimates over the sample period June 2008–July 2010. Logrank
test statistics for differences between the curves: Panel A: χ2(1) = 8.19 (p-value= 0.00). Panel B: χ2(1) = 706.30 (p-
value= 0:00). Panel C: χ2(1) = 431.52 (p-value= 0.00); Panel D: χ2(1) = 278.62 (p-value= 0:00).

or two quarters earlier (i.e., when wemove the start date closer to the crisis but further
from the actual registry introduction). Third, we find a strong positive effect of the
new registry on loan quality. This is difficult to reconcile with the idea that we would
pick up a crisis effect, as the crisis would arguably have had a negative rather than a
positive effect on borrower quality.

6. RESULTS

6.1 Information Sharing and Loan Quality: Nonparametric Results

Figure 2 provides a nonparametric view of microcredit quality in the form of a
Kaplan and Meier (1958) survival analysis for the period June 2008–July 2010. The
graphs show the development of the inverse of the cumulative default probability: how
the probability that a borrower has not (yet) defaulted changes over time (horizontal
axis, in quarters). At disbursement (t = 0), the probability of survival is 1 but then
gradually erodes over time.
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Panel A compares, for the whole sample period, the survival probability of new
versus repeat borrowers. In this context, right censoring will affect disproportionately
the more recent loans. The correct hazard rate is then calculated as the ratio of loans
that have defaulted at time t over the remaining loans (Ongena and Smith 2001). The
key point to take away from this panel is the slightly lower survival probability of
new borrowers (the small difference between both curves is, nevertheless, statistically
insignificant as shown by a logrank test [p-value = 0.00]).

In Panel B, we start to compare the survival behavior of loans granted before and
after the introduction of the credit registry. On the one hand, we expect the impact of
the credit registry to be concentrated among new borrowers as the information asym-
metry between lender and loan applicant is largest. On the other hand, to the extent
that the registry (also) had an impact on borrower behavior, we expect an improve-
ment among repeat borrowers as well as these now realize that a default will “cost”
them more in terms of foregone future borrowing opportunities.
Already after a few quarters, a large gap opens between both curves: loans granted

with the credit registry in place have a significantly higher survival probability com-
pared with loans approved without mandatory information sharing. After a year, this
difference in repayment is a substantial 6.5 percentage points. This is the first piece
of evidence that points to a positive impact of information sharing on loan quality.
A striking aspect of Panel B is that the difference between both loan types already
emerges during the first quarters after loan disbursement. Indeed, the probability of
a loan not being late in the first six quarters after disbursement increases from 89.8%
before the credit registry introduction to 96.4% afterward. This difference declines
only very little over time.
Panels C and D split Panel B into a panel for first-time loans (C) and one for repeat

loans (D). As expected, this shows that most (but not all) of the increase in loan quality
that became apparent in Panel B is driven by new borrowers. The impact of the credit
registry is larger for new borrowers. The 1-year survival probability of these loans in
the year after the credit registry introduction (97%) is 8 percentage points higher than
in the preceding year (89%). The increase in survival probability is only 4 percentage
points for repeat loans. Yet, even in Panel D, we see that the registry introduction is
accompanied by a clear upward shift of the survival function: at each point in time,
repeat borrowers are less likely to default, suggesting that information sharing also
increases borrower discipline.
A logical next step is to further split Panel D of Figure 2 into the three types of

lending relationships of Figure 1. We do this in Figure 3, which is based on the full
population of repeat (second and third) loans. The solid line at the bottom shows the
benchmark survival probability for repeat loans granted before the introduction of
the credit registry (implying that the first loan was also granted before the registry).
The striped and dotted lines indicate the survival probability of repeat loans granted
after the introduction of information sharing. Both lines indicate an upward shift in
survival probability. This shift is largest for repeat loans as part of lending relation-
ships that were started after the registry introduction. Here, the survival probability
is highest as both the initial screening at the start of the lending relationship and the
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Fig 3. Information sharing and loan quality: Effect on different types of repeat borrowers. Notes: These graphs show
Kaplan–Meier survival estimates over the sample period June 2008–July 2010. These estimates are based on a sample of
second or third loans that have the same purpose and product type as the previous loan disbursed to the same client.

subsequent monitoring during the lending relationship benefitted from the new reg-
istry information. In contrast, the striped line in the middle shows a smaller upward
shift as these repeat loans are part of relationships that were started when public bor-
rower information was not yet available.

6.2 Information Sharing and Loan Quality: (Semi-)Parametric Results

In Table 2, we present simple linear probability models of loan default. Column
(2) shows that once the credit registry is introduced, the probability of default is 2
percentage points lower for repeat borrowers and 2.8 percentage points lower for
first time borrowers.
Table 3 provides semi-parametric and parametric evidence on the impact of manda-

tory information sharing on loan quality. As discussed in Section 5.2, an important
advantage of hazard models—where the hazard rate is the probability of a borrower
defaulting at time t conditional on having repaid up to that point—is that they deal
properly with right censoring.We stratify by branch so that the form of the underlying
hazard function varies across branches (the coefficients of the remaining covariates
are assumed constant across strata).
In column 1, we present the results of a semi-parametric Cox proportional hazard

model, while columns 2 and 3 show equivalent specifications using a parametric ex-
ponential andWeibull model, respectively. In line with Figure 2, the results show that
the registry introduction is associated with a statistically significant reduction in the
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TABLE 3

Information sharing and loan quality: Hazard analysis

Dependent variable → Hazard ratio
Functional form → Cox Exponential Weibull

[1] [2] [3]

Credit registry −0.710*** −0.651*** −0.679***
(0.066) (0.070) (0.067)

New borrower 0.051 0.001 0.016
(0.041) (0.041) (0.039)

Credit registry*New Borrower −0.373*** −0.310*** −0.309***
(0.110) (0.112) (0.109)

Ln(Alpha) −0.645***
(0.023)

No. of loans 57,581 57,581 57,581
Log-likelihood ratio −48,304 −22,932 −21,673
Borrower and loan covariates Yes Yes Yes
Branch stratification Yes Yes Yes

Notes: This table shows the results of a Cox proportional hazard model [1], a parametric exponential hazard model [2] and a parametric
Weibull hazard model [3]. The dependent variable is the hazard rate, the probability that a loan i is defaulted on in a given month t given
that default did not occur earlier. A default event occurs when a borrower is at least 30 days late in making a payment and the loan was
eventually written off. Sample period: June 2008-July 2010. Credit registry is a dummy variable that is ‘1’ if the credit registry was in place
in a given month, zero otherwise. New borrower: Dummy variable that is ‘1’ if the loan applicant has never borrowed from EKI (the lender)
before; ‘0’ otherwise. All specifications include a time-varying night-light measure of local economic activity and are stratified at the branch
level. Robust standard errors are clustered by month-loan officer and appear in parentheses. ***, **, * correspond to the 1%, 5%, and 10%
significance level, respectively. Table A2 in the Appendix contains all variable definitions.

hazard rate. Importantly, this effect is more than 50% higher for new EKI borrow-
ers. The second line shows that this difference between new and repeat borrowers
only emerges after the registry introduction. While before the registry, the survival
probability of new borrowers is somewhat lower than that of repeat borrowers, the
(semi-)parametric results in Tables 2 and 3 show that this difference is not significant
when controlling for an extensive set of covariates and fixed effects. The parametric
exponential model in column 2 and the parametric Weibull model in column 3 pro-
duce very similar results. The latter shows an Ln(alpha) of −0.645, indicating that
the hazard rate decreases over time as borrower risk is front loaded.
Table 4 provides semi-parametric evidence similar to the graphical evidence in

Figure 3. We focus on the Cox proportional hazard model and the sample consists
of repeat loans only. The first column uses the sample of all repeat loans, while the
second and third columns focus on second and third loans that have the same loan
purpose as the previous loan. Columns 1 and 2 show that repeat loans granted after
the introduction of information sharing are significantly less likely to default even
when controlling for a battery of borrower and loan covariates. The size of the effect
declines when we move from column 1 to 2, suggesting that about a third of the
improvement in loan quality stems from changes in the observable characteristics of
repeat versus first-time loans. Still, two thirds of the quality improvement results from
a better screening and/or monitoring of observationally similar clients.
In column 3, we again split the postregistry repeat loans into those where the first

loan was preregistry and those where the first loan was postregistry as well. That is,
as before, we compare the two types of postregistry repeat loans with a benchmark
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TABLE 4

Information sharing and loan quality: Hazard analysis for repeat borrowers

Dependent variable → Hazard ratio (Cox)

[1] [2] [3]

Credit registry −0.618*** −0.394***
(0.069) (0.110)

Credit registry −0.358***
No registry at time of previous loan (0.110)

Credit registry −0.878**
Registry at time of previous loan (0.346)

No. of loans 29,472 8,434 8,434
Log-likelihood ratio −22,167 −6,413 −6,411
Borrower and loan covariates Yes Yes Yes
Sample All repeat Narrow Narrow

Notes: This table shows the results of a Cox proportional hazard model where the dependent variable is the hazard rate, the probability that a
loan i is defaulted on in a given month t given that default did not occur earlier. A default event occurs when a borrower is at least 30 days late
in making a payment and the loan was eventually written off. Sample period: June 2008-July 2010. All specifications include a time-varying
night-light measure of local economic activity and are stratified at the branch level. Robust standard errors are clustered by month-loan officer
and appear in parentheses. ***, **, * correspond to the 1%, 5%, and 10% significance level, respectively. Credit registry is a dummy variable
that is ‘1’ if the credit registry was in place in a given month, zero otherwise. Credit registry (No registry at time of previous loan): Dummy
variable that is ‘1’ if the previous loan was disbursed before the introduction of the credit registry and the current loan after the introduction
of the credit registry; ‘0’ otherwise. Credit registry (Registry at time of previous loan): Dummy variable that is ‘1’ if the previous loan and
the current loan were both disbursed after the introduction of the credit registry; ‘0’ otherwise. In columns 2 and 3 the reference group is 2nd
and 3rd loans disbursed before the introduction of the credit registry. Narrow sample refers to 2nd and 3rd loans which have the same purpose
(e.g. agricultural inputs, fixed assets, working capital, etc.) and product type (e.g. small business, housing, revolving, etc.) as the previous
loan disbursed to that client. Table A2 in the Appendix contains all variable definitions.

group of observationally similar repeat loans that were disbursed before the start of
information sharing. In line with Figure 3, these estimates show that the improvement
in loan quality (compared to the benchmark group of repeat loans before the registry
introduction) is about 2.5 times as large for repeat loans that are part of lending rela-
tionships that were started when information sharing was already in place.

6.3 Information Sharing and Loan Quality: Late Repayment

Table 5 analyzes the impact of the credit registry on the number of days that mi-
crocredit is paid late. As most loans are paid on time (zero late payment), we estimate
Tobit regressions. As before, we include Credit registry and New borrower as well
as their interaction term. The introduction of the registry is accompanied by a sig-
nificant reduction in the number of days that the typical first-time loan is repaid late.
The coefficients in column 4 imply an average reduction of 0.6 days (from 4.4 days
late repayment by first-time borrowers before the registry). We find no impact on late
payment by repeat borrowers.
Columns 5 and 6 showmultinomial logit regressionswhere the base outcome is that

microcredit is always paid on time (at most 1 day late). We are interested whether the
credit registry affected the likelihood that borrowers were at any time either between
2 and 15 days late (column 5) or between 16 and 30 days late (column 6). The 15-day
threshold is important because this is when loans get reclassified from credit score A
(“Good”) to B (“Late”). While this classification was private information before the
introduction of the credit registry, it became public afterward. Borrowers may thus
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have started to try harder to avoid being downgraded from score A to B once the
registry was in place. Indeed, our results indicate that the reduction in late payment
among new borrowers is exclusively driven by a sharp decline in the likelihood that
borrowers were between 16 and 30 days late. This is in line with borrowers exerting
additional effort to stay below the 15-day threshold to avoid blemishing their (now
public) track record.

6.4 The Impact of Information Sharing on the Return on Loans

Table 6 analyzes the impact of information sharing on lender profitability at the
loan level. We calculate the realized return (Haselmann, Schoenherr, and Vig 2018)
on microcredit earned in the year before and the year after the introduction of the
credit registry. For loans that were fully repaid, this return is simply the interest rate
charged. For loans that were defaulted on, the realized return is the weighted average
of the return before the moment of default and the return after default took place.
Before default, the return is again simply the interest rate charged over the (gradually
declining) outstanding amount. After the default, the return is negative and reflects
the amount of the loan outstanding at the time of default as well as the portion of that
amount that the lender managed to recover (if any).
Table 6 shows a significant increase in the return on microcredit of almost 1 per-

centage point, reflecting the better repayment behavior due to the registry. This is
an economically meaningful improvement equal to 6% of the preregistry average re-
turn on loans. The interaction terms in columns 2–4 indicate that this positive effect
is particularly prominent among new loans. These results can be interpreted in light
of the model by Padilla and Pagano (1997), which highlights the ambiguous effect
of information sharing on lender profitability. On the one hand, borrowers increase
their efforts, and this boosts loan quality and profitability. On the other hand, infor-
mation sharing increases lender competition as informational rents are reduced. This
puts pressure on interest rates and (future) profit margins. While we find evidence for
both mechanisms, the net effect is clearly positive for the lender whose portfolio we
study. While information sharing reduces the risk premium that the lender can charge
to well-performing repeat borrowers, this effect is more than offset by the substantial
increase in borrower quality—especially among new borrowers.

6.5 Information Sharing and Loan Rejections

So far we have established, in line with the theoretical work discussed in Section 2,
that the introduction of a credit registry in Bosnia and Herzegovina led to a significant
improvement in loan quality among new but also among repeat borrowers. We now
proceed by analyzing the role of information sharing for loan approval and other
loan-level outcomes. This will provide more insights into the mechanisms behind the
improvement in loan quality.
First, Table 7 provides estimation results to explain the probability that a micro-

credit application is rejected. In addition to Credit registry, New borrower, and their
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interaction term, all specifications include our standard applicant and loan covariates.
Moreover, each specification is based on a bias-corrected matched sample to ensure
that new and repeat borrowers are comparable. Columns 1–3 show the baseline spec-
ification estimated with a linear probability model, so that we can use month and loan
officer fixed effects (column 2) or their interaction (column 3); can interpret the coef-
ficients as marginal effects; and prevent problems with interaction effects in nonlinear
models (Ai and Norton 2003).
The introduction of the credit registry is associated with a large and statistically sig-

nificant increase in the probability that a loan application gets rejected, all else equal.
According to column 1, the marginal probability of rejection increases by 7.2 percent-
age points for repeat borrowers. This impact is clearly stronger for new borrowers:
the interaction term of New borrower and Credit registry is positive and significant.
The rejection probability increases by an additional 3.8 percentage points for new
borrowers. The total impact of the registry is about 50% stronger for new borrowers
than it is for repeat borrowers. This also holds when we add month and loan officer
fixed effects (column 2) or month x loan officer fixed effects (column 3).

Columns 4–6 present Tobit regressions to assess whether the introduction of the
registry also made loan officers more cautious, conditional on loan acceptance, in
terms of the percentage of the requested loan amount that they granted. We find this
to be the case. The registry led to a reduction in the percentage of the requested loan
amount that was granted of 5.5 percentage points for repeat borrowers and 9 percent-
age points (i.e., an additional 3.5 percentage points) for new borrowers.
The finding that information sharing increases the probability that an application is

rejected, for new borrowers but also for repeat ones, suggests that the newly available
information made loan officers more cautious. Table 8 looks at this more closely by
estimating regressions for different types of repeat loans as per the classification of
Figure 1. Column 1 confirms that the registry increased the probability that a repeat
loan got rejected. Conditional on approval, loan officers also started to grant a smaller
portion of the requested loan amount (column 4). Columns 2 and 5 show that this
also holds for a more constrained sample in which we only consider second and third
repeat loans (dropping the less common fourth, fifth, etc., loans) that have the same
purpose as the previous loan to the same client (e.g., both loans were intended to buy
fixed assets). We continue to find a strong negative impact of information sharing and
the estimated coefficients are only marginally smaller.
In columns 3 and 6, we differentiate between the effect of the registry on repeat

loans where the previous loan was granted before the registry introduction (R2 in
Figure 1) versus repeat loans where the previous loan was granted with the registry
already in place (R3 in Figure 1). The comparison group consists of preregistry repeat
loans (R1 in Figure 1). The negative impact of the registry is driven by repeat loans
to borrowers whose previous loan was disbursed before the registry. In contrast, the
coefficient for repeat loans to clients that already received at least one loan after the
registry is smaller and statistically insignificant.
These results suggest that the credit registry made loan officers adjust their views

about some existing clients downward. This effect is absent for repeat loan applicants
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about whom public information was available right from the beginning (R3). For
them, the rejection probability is no different than for otherwise similar repeat clients
before the introduction of information sharing (R1). When we run a Wald test on the
difference of coefficients, we find that the coefficients are significantly different from
each other at the 1% level.
To recap, the evidence so far indicates that the registry led to a decline in the likeli-

hood of loan approval for new clients and, to a lesser extent, existing ones. The latter
effect is driven by repeat loan applications by borrowers with whom the lender had
already established a lending relationship before the registry introduction and about
whom information sharing revealed new information that made loan officers revise
their views downward.
In Table 9, we assess what kind of information causes the increased scrutiny of

loan officers. We present multinomial logit regressions that link the probability of
loan rejection to various types of borrower information. The dependent variable is
categorical and indicates whether an application was rejected due to negative registry
information (i.e., information about past defaults), positive registry information (i.e.,
information about outstanding debt elsewhere), or private information. The baseline
option is that the loan application got accepted. As discussed before, private infor-
mation refers to data that EKI collected itself, either in the past or during the current
screening. This includes information about the character of the loan applicant or the
quality of the business proposal. It also includes rejections due to negative feedback
from neighbors or other clients as well as unsatisfactory financial ratios or a bad credit
history with EKI itself.
We estimate the effect of the credit registry on rejections as a result of the newly

available public information—negative (column 1) or positive (column 2)—or pri-
vate information (column 3). We do this separately for new borrowers (Panel A), all
repeat borrowers (Panel B), our narrow set of repeat borrowers (i.e., only second and
third loans for the same purpose as the previous loan, Panel C), and while splitting
repeat borrowers into those whose previous loans were granted before or after the
introduction of information sharing (Panel D).
Panel A reveals that the increased scrutiny of new applicants is indeed driven by

the registry information—both positive and negative. The average marginal proba-
bility that a new client is rejected due to unsatisfactory negative (positive) public
information is 4.7 (3.8) percentage points higher after the introduction of the credit
registry. The registry does not affect the likelihood of rejection due to private infor-
mation. Panels B and C show that both types of registry information also reduce the
probability that an application by a repeat borrower was accepted. Especially new
information about previous defaults or late repayments with other lenders led loan
officers to revise their views downward.
Panel D shows interesting variation across repeat loans. Column 1 indicates that the

newly available negative information (on repayment problems with other lenders) af-
fects repeat loans irrespective of whether the lending relationship was started before
or after the registry introduction. The probability of loan rejection based on nega-
tive information increases by about four times (an increase in the marginal rejection
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probability of 2.9 percentage points) for repeat loans to clients whose previous loan
was granted before the registry. This captures the combined effect of negative reg-
istry information on both the screening and monitoring of clients. In contrast, rejec-
tion rates due to negative information increase 2.5 times (an increase in the marginal
rejection probability of 1.9 percentage points) for repeat loans to borrowers whose
previous loan had been granted with the registry already in place. This captures how
negative registry information helped strengthen the monitoring of existing clients.
The data show that one important role of the registry is to provide loan officers with
up-to-date information on existing clients, allowing them to reject applications from
clients that have defaulted elsewhere since they last took a loan from EKI.
In contrast, the new positive information (on outstanding debt elsewhere) only af-

fects borrowers when the previous loan was granted before the registry. The average
marginal rejection probability goes up by 2 percentage points as compared with an
equivalent repeat request just before the introduction of information sharing. There
is no impact on repeat loans to borrowers with whom a relationship was started after
the registry introduction. This shows that “positive” information (about outstanding
debt elsewhere) mainly helps loan officers at the screening stage and not so much
the monitoring stage of the lending process. The increase in rejections due to public
information on pre-existing debt is in line with theories that stress that loans from
other lenders act as strategic substitutes when firms’ debt capacity is limited (Bizer
and DeMarzo 1992, Parlour and Rajan 2001).

6.6 Information Sharing and Loan Terms

We proceed by analyzing the change in lending conditions at the time of the credit
registry introduction. We consider the Loan amount, Loan maturity, Real risk pre-
mium, and Collateral (the sum of personal, social, and third-party collateral) and
again compare the impact of the registry on repeat versus new borrowers. As before,
new clients are new to EKI but may have borrowed from other lenders in the past.
Table 10 shows that information sharing is accompanied by a reduction in loan

amounts (Panel A) and maturities (Panel B) and an increase in the real risk premium
(Panel C) and required collateral (Panel D). These effects are statistically significant,
stronger for new borrowers, and hold when including the standard borrower and other
covariates. All these results hold when adding loan officer fixed effects (column 2),
loan officer and month fixed effects (column 3), or loan officer x month fixed effects
(column 4).12

After the introduction of the registry, average loan size drops by 5.8% for repeat
borrowers and by just over 8% for new borrowers. The same pattern emerges when
looking at maturity, with loans shortening by 5.2% (41 days) for existing borrowers

12. The same holds when we match to correct for possible longitudinal changes in the borrower pool.
New borrowers before and after the registry introduction are very similar along various observable charac-
teristics. This suggests that the lender did not react to information sharing by shifting to different borrower
types.
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and by 6.3% (49 days) for new borrowers. These smaller and shorter loans also be-
comemore expensive: real risk premiums increase by 0.43 and 0.20 percentage points
for new and repeat borrowers, respectively. In a similar vein, collateral requirements
go up after the introduction of the credit registry. The increased reliance on collateral
is in line with U.S. evidence by Doblas-Madrid and Minetti (2013) and theoretical
work by Karapetyan and Stacescu (2014) on the complementarity between informa-
tion sharing and collateral. Borrowers with a (now observable) blemished credit his-
tory become more likely to face collateral requirements.13 In all, our results indicate
that the introduction of the registry leads loan officers to significantly tighten lending
conditions along several margins.

6.7 Information Sharing and Loan Terms: Repeat Borrowers

Table 10 shows that the registry tightened lending conditions for new as well as
repeat borrowers. In Table 11, we compare three types of repeat loans: those granted
before the introduction of the registry (the benchmark group shown as relationship 1
in Figure 1), those granted after the registry introduction but where the previous loan
was granted beforehand (relationship 2), and those that were granted after the registry
introduction and where the previous loan had also been granted with the registry in
place (relationship 3). The dependent variables nowmeasure the percentage change in
loan outcomes (amount, maturity, real risk premium, and collateral) since the previous
loan to the same borrower.
The odd columns in Table 11 show the effect of the registry on the change in terms

(compared to the previous loan to the same borrower) for all second and third loans.
In line with Table 10, there appears to be a decline in the progressiveness of lending
terms. That is, after the credit registry, repeat loans increase less in size and become
costlier relative to the previous loan to the same borrower. The even columns split
these effects by type of repeat loan. It becomes clear that they are driven by repeat
loans after the introduction of information sharing where the previous loan occurred
before the registry (relationship 2 in Figure 1). All else equal, the size of these repeat
loans declines 37.2 percentage points faster and the risk premium increase is 8.7
percentage points higher (relative to the previous loan). The registry revealed new
information (about outstanding debt or repayment problems elsewhere) that made
loan officers tighten the lending terms for borrowers to whom they had already been
lending before the registry.

To filter out such one-off “surprise effects” due to the introduction of the registry
during ongoing lending relationships, we compare the change in loan terms between
first and repeat loans during relationships that were started just after the registry in-
troduction with the change in loan terms during relationships that ended just before

13. This fits with a broader empirical literature (Roszbach, 2004; Rice and Strahan, 2010; Berger, Scott
Frame, and Ioannidou, 2011) and theoretical work (Boot, Thakor, and Udell, 1991; Inderst and Mueller,
2007) highlighting that observably riskier borrowers are more likely to be required to pledge collateral. See
also De Haas and Millone (2020) on the impact of information sharing on the use of traditional collateral
versus guarantees.
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the registry introduction. This comparison, summarized in the last row of coefficients
in Table 11, gives a cleaner estimate of the equilibrium change in lending conditions
during lending relationships. Importantly, we find that with the registry in place, re-
peat loans grow faster in size and length (compared to first-time loans), while interest
rates decline more rapidly. That is, the progressiveness of microcredit increases due
to the registry. Back-of-the-envelope calculations show that at the time of the third
loan, the initial tightening is overcome. Compared to the preregistry equilibrium, third
loans are 12.4% larger and 3.6% cheaper. In equilibrium, when the registry impacts
both initial screening and subsequent monitoring, information sharing has a positive
effect on the loan terms for borrowers who successfully repay their loans.
We can interpret this result through the lens of existing theories on relationship

lending and information sharing. Note that the intertemporal pattern of loan amounts
and interest rates is relatively flat before the registry. Successful borrowers are re-
warded with only slightly larger and cheaper repeat loans. Qualitatively, this appears
in line with Boot and Thakor (1994), who show that interest rates can decrease with
the length of the relationship as the build-up of private information reduces the risk-
iness of lending over time.
However, the intertemporal interest rate curve steepens once the credit registry

is introduced. First-time borrowers start to pay more, while repeat borrowers start
to pay less. This is difficult to reconcile with Boot and Thakor (1994), who would
predict a reduction in interest rates especially for first-time borrowers. The steeper
downward-sloping curve instead aligns with theories that stress that information shar-
ing increases lender competition. Before information sharing, EKI charged first-time
borrowers a lower-than-competitive interest rate. At the same time, successful repeat
borrowers were charged a higher-than-competitive interest rate. This pattern is in line
with Sharpe (1990), Petersen and Rajan (1995), Bouckaert and Degryse (2006), and
Gehrig and Stenbacka (2007), who all predict that lenders in less competitive markets
(such as in the absence of information sharing) smooth interest rates over time. That
is, repeat borrowers get charged more because it is difficult for them to switch to an
outside lender. They know that they may get pooled with low-quality borrowers and
be offered an unattractive interest rate. The incumbent lender knows this as well and
can therefore hold up these clients and extract rents. These rents can then be used to
cross-subsidize first-time borrowers (for whom agency problems are most severe).
Implicit cross-subsidization becomes difficult in amore competitivemarket.With a

credit registry in place, lenders anticipate that good clients may eventually be poached
by outside lenders who can now observe borrower performance (Boot 2000 and Ioan-
nidou and Ongena 2010). The reduction in market power of the incumbent lender and
the increased ability of (reputable) clients to switch to competitors force the incum-
bent to reward repeat clients with larger and cheaper loans. With information sharing,
competition for repeat borrowers goes up (and interest rates down), while competi-
tion for first-time loans goes down (and interest rates up). This is exactly what we see
in the data.
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6.8 Information Sharing and Lending Profitability

The introduction of mandatory information sharing affected microcredit along sev-
eral margins: more applications were rejected, while granted loans became smaller,
shorter, and more expensive. At the same time, loan quality increased as repayment
went up. What has been the combined impact of these adjustments on the lender’s
profitability? To answer this question, we first evaluate the profitability of EKI in
the year before (June 2008–June 2009) and the year after (July 2009–July 2010) the
introduction of the credit registry. We calculate the present value of all microcredit
disbursed in each of those years. For the first year, all values (repayments and the
interest paid on the loan) are discounted to June 2008 and for the second one to July
2009. We use a weighted average of the interest rate on all debt funding to EKI as
the discount rate. For each year, we then calculate the present value of total loan dis-
bursements, the probability of loan default, the net present value of the loans, and the
net present value per dollar lent.
This calculation shows for the year after the introduction of the credit registry a sub-

stantial decline in the present value of lending (measured as the total amount of new
lending, net of fees, discounted back to the beginning of each period using the lender’s
average funding cost). The present value of total lending goes down by 49.7% due
to the combined effect of more loan rejections and smaller loans. At the same time,
however, the credit registry led to a substantial decline in the probability of default
(loans that were at least 30 days late and were subsequently written off) from 10% to
4%. Because of this strong increase in repayment performance, the net present value
of all loans (disbursements minus repayments) declined by only 31.2%. Indeed, the
net present value per US$ lent increased from 11 to 14 cents and the internal rate of
return on lending increased from 17.6% to 21.8% (an increase of 23.9%. Given that
the cost of capital was roughly the same during both periods, and under the assump-
tion that operational costs did not change substantially, these numbers indicate that
mandatory information sharing significantly increased the profitability of the lender.

6.9 Robustness and Placebo Tests

We subject our results to several robustness and placebo tests. Online Appendix
Table A3 presents such tests for both the New borrower variable and the interaction
between Credit registry and New Borrower. In the first three columns, we vary the
time window to estimate the effect of the registry introduction. Our regular window
is 1 year before and 1 year after the introduction. In column 1, we use a narrower
symmetric window (September 2008–April 2010). In column 2, we use a wider win-
dow (January 2008–December 2010) while in column 3, we use the widest window
that our data permit (June 2007–July 2011). We show results for Loan rejected (Pro-
portion granted) in the top (bottom) half of the table. In all cases, the statistical and
economic significance is very similar to our baseline estimates in Table 8.
Columns 4–6 provide placebo tests to check that hitherto undetected secular trends

do not drive our results. This is also a test of the parallel-trends assumption: since no
credit registry was introduced at the placebo dates, we should not detect any impact.
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In column 4, we move our 2-year window a year forward. We thus take the true treat-
ment period as the control period and let the treatment start in July 2010 (basically
assuming that the credit registry was introduced a year later than in reality). In col-
umn 5, we move our 2-year window a year backward. We take the true control period
as the treatment period and assume that the registry was already introduced in July
2008. This placebo test is useful because it checks whether we are not picking up any
impact of the global financial crisis. As expected, in both columns, the interaction
term between Credit registry and New borrower is no longer statistically significant,
while the coefficient for New borrower continues to be.

Finally, in column 6, we randomly allocate borrowers to the category of new or
repeat borrowers. We repeat this random allocation a thousand times and show the
average result (here the treatment starts in July 2009, the actual date of the registry
introduction). As expected, now both the coefficient for New borrower and for the
interaction term are no longer statistically significant. Together, these robustness and
placebo tests give us confidence that the results in Table 8, indeed, reflect a change
in lending behavior due to the registry introduction in July 2009.
We conduct similar but unreported placebo and robustness tests for loan amounts

and loan maturity and interest rates and collateral. Our results again disappear if we
move the start of the treatment to a fictitious date 1 year earlier or later. And as before,
our coefficients of interest are robust to broadening or widening the window around
the start date of the registry. Further analysis shows that when we artificially bring the
registry introduction forward, the placebo impacts quickly dissipate and essentially
become zero just one or two quarters before the actual introduction date.We conclude
that our findings, indeed, capture the shift in information-sharing regime and not a
secular longer-term trend.14

Lastly, we have assumed that outcomes would have developed in parallel for new
versus repeat borrowers if no credit registry had been introduced. Any trend differ-
ences that appear once information sharing is introduced can then be attributed to the
registry. We shed further light on this assumption by including a series of dummies
in equation (2) that activate each bimonthly period for up to 1 year before and after
the registry introduction. Each dummy is interacted with our New borrower variable:

Yibt = Ab + Bt +
12∑

τ = −12

βτ · I(τ )ibt + γ · Xibt + εibt (4)

Online Appendix Figure A2 visualizes the estimated coefficients and 99% confi-
dence intervals for the 12 interaction terms (6 before and 6 after the registry intro-
duction) for our four dependent variables. If the set of interaction terms is insignif-
icant before the introduction of the credit registry, we cannot reject the hypothesis

14. We also perform a test where the placebo treatment starts in September 2008—the collapse of
Lehman Brothers—and ends with the introduction of the registry in July 2009. If we simply picked up a
crisis effect, it should show up here. Our original results disappear in all these placebo tests as well.
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of parallel trends. The graphs, indeed, show that the interaction terms are typically
statistically insignificant before the registry introduction—indicating the absence of
significant pretrends—but significantly different from zero afterward. Formal F-tests
confirm the absence of significant pretrends.

7. CONCLUSION

Microfinance is rapidly coming of age. Microcredit markets are becoming increas-
ingly competitive and liability individualization is exposing lenders to more credit
risk. Are credit registries a useful mechanism to broaden financial access without
endangering financial stability? To help answer this question, we present direct evi-
dence of what happens when lenders are required to start sharing borrower informa-
tion. We do so using data from a microfinance institution in a middle-income country
where individual-liability microcredit has been expanding rapidly. de Quidt, Fetzer,
and Ghatak (2018) show that the global trend toward individual-liability microcre-
dit is partly driven by increased competition among microlenders. The competitive
Bosnian microcredit market, with its strong focus on individual-liability lending, re-
flects these global microfinance trends. As such, it provides a suitable setting to an-
alyze whether (and how) information sharing can help contain agency problems in
microcredit markets that are characterized by both intense competition and liability
individualization.
We document how, in line with several theories of information sharing, the intro-

duction of the credit registry had a large and unambiguously positive impact on loan
quality. There was a clear improvement in repayment performance that had an eco-
nomically meaningful impact on the average return on loans and on the net present
value per dollar lent. However, our analysis also shows that in the short run, the intro-
duction of the credit registry involved a clear trade-off between higher loan quality
and lower loan volume. In line with theories in which borrowers cannot credibly com-
mit to only take out one single loan (Bizer and DeMarzo 1992), this suggests that the
credit market we study was initially characterized by overborrowing (de Meza 2002).
The immediate impact of the credit registry appears to have been to correct this situ-
ation by providing loan officers with a complete picture of total outstanding debt of
both new and existing clients. In the short term, this led to more loan rejections at the
extensive margin and smaller loans at the intensive margin.
However, for new lending relationships that were established after the registry in-

troduction, and about whom new public informationwas available right from the start,
we find a strong positive effect on the evolution of loan terms for borrowers who suc-
cessfully repay their loans. That is, while information sharing makes first-time loans
smaller and more expensive, repeat borrowers are now better off once they have suc-
cessfully repaid two loans. These findings support theories that underline how infor-
mation sharing gradually improves the ability of loan officers to monitor clients while
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at the same time limiting their ability to extract rents from these clients (e.g., Sharpe
1990 and Rajan 1992).
Our results underline the importance of making both negative and positive bor-

rower information available. Both types of information are valuable and are actively
used once they become public. Negative information is used both at the start and dur-
ing relationships. We observe that loan officers reject existing clients that ask for a
loan renewal if they observe in the registry that the client has experienced repayment
problems with another lender. In contrast, information on outstanding debt elsewhere
is mainly used at the start of a new lending relationship (and for ongoing relationships
at the time of the registry introduction). The strong increase in loan rejections due to
debt elsewhere indicates that outside loans act as strategic substitutes. One role of
information sharing in microfinance is thus to reduce coordination problems (as in
Bolton and Scharfstein 1996) and limit overall indebtedness. As such, our findings
support a benign view of transparency in credit markets: more public information
allows loan officers to make better lending decisions after taking outstanding debt
elsewhere into account.
In all, our findings illustrate how mandatory information sharing can help mi-

crofinance institutions to make better lending decisions. Yet, we also show that
the introduction of a registry does not necessarily lead to an immediate increase
in microcredit availability. Indeed, the short-term impact can be a reduction in
lending as the newly available information leads to a rational reassessment of
borrowers’ total indebtedness and repayment performance. Our findings, therefore,
help to explain why, when a new credit registry was recently introduced in the
United Arab Emirates, one that was widely expected to increase banks’ appetite to
lend, the introduction was instead followed by a sharp increase in loan rejections.
Our results should help to manage similar expectations in countries that will soon
introduce new credit registries (like Ukraine) or that are contemplating doing so (like
India).
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