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Abstract

We use detailed data on over 200,000 loans granted by a large microfi-
nance institution in Bosnia and Herzegovina to assess the impact of the
introduction of a credit registry in 2009 on loan quality. We find that
the introduction of mandatory information sharing among lenders had
a substantial positive impact on the quality of new loans. In line with
theory, this impact was the highest in areas with intense credit market
competition and for loans to first-time borrowers. While the introduction
of the credit registry did not lead to shifts in the average borrower pro-
file along observable characteristics, we find that loans became smaller,
shorter, and more expensive. This suggests that at least part of the im-
provement in loan quality was due to more conservative lending practices

at the intensive margin.
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1 Introduction

Agency problems in banking remain rife and this holds in particular for emerg-
ing markets, where information asymmetries tend to be high, screening and
monitoring is costly, and legal institutions are weak. This makes it difficult for
lenders to successfully apply mitigation mechanisms that are tried and tested
in more benign lending environments: requiring borrowers to post collateral
[Bester, 1987], acquiring private information about borrowers via relationship
lending [Bhattacharya and Chiesa, 1995] and employing contingency contracts
[Stiglitz and Weiss, 1983]. On the demand side, potential borrowers may want
to gradually reveal their quality by building up a reputation with their bank
[Diamond, 1989], but may simply find it too difficult to credibly signal initial
quality in order to get a first ’entry’ loan. Some of these issues become even
more salient as the number of lenders increases.

Perhaps not surprisingly then, various countries have recently introduced
credit reporting institutions, either private credit bureaus or public credit reg-
istries, in an attempt to increase transparency and reduce information asym-
metries in credit markets and, ultimately, to improve access to finance among
households and entreprencurs. The empirical evidence on the impact of such
formalized systems of information sharing remains limited and stems either from
broad cross-country comparisons or stylized experiments in a laboratory setting.

This paper presents direct evidence of what happens when lenders are re-
quired to share borrower information in a competitive credit market. We carry
out our analysis using a unique data set built around the loan portfolio of one of
the largest providers of small business loans in Bosnia and Herzegovina (BiH).
We match over 200,000 loans to both borrower and branch characteristics. We
also measure the level of local credit market competition, either in the form of
standard concentration measures or by culling information on loan officers’ own
perceptions of the intensity of local competition from a survey. Our sample pe-
riod runs from 2002 to 2012, with the introduction of the credit bureau taking
place in 2009. The result is a setting where we can exploit both time variation
in information sharing and a cross-sectional variation in competition. This al-
lows us to identify the impact of a mandatory credit register on loan quality. In
addition, we analyze whether the improvement in information sharing has had
an impact on loan conditions such as size, maturity and interest rates.

Our paper contributes to, and for the first time connects, two main strands
of the literature. First, we add to the evidence on the effects of information
sharing. On the theoretical side, Pagano and Jappelli [1993] model the condi-
tions under which information sharing arises endogenously in credit markets.
They find that size of the market and borrower mobility and heterogeneity all
increase the incentives for lenders to share information. Most importantly, un-
der severe adverse selection an information sharing system facilitates lending.
Moral hazard is mitigated too as information sharing also serves as a disci-
plining device that increases borrower effort [Padilla and Pagano, 1997, 2000].
Karapetyan and Stacescu [2008] prove that improvements in the distribution of
hard information may encourage lenders to invest more in soft information in



order to gain a competitive advantage, and this will lead to even better lending
decisions. These papers therefore tend to predict that (mandatory) information
sharing will increases the volume of lending while also improving loan quality.

The available empirical evidence appears to broadly confirm that countries
with a well-functioning information sharing system exhibit a higher level of bank
lending to the private sector, with lower default rates [Jappelli and Pagano, 2002,
Pagano and Jappelli, 1993] and lower interest rates. This beneficial impact is
particularly strong in developing countries [Djankov et al., 2007] and for opaque
firms [Brown et al., 2009]. Evidence also suggests that information sharing may
reduce bank risk taking, increase bank profits and lower the risk of financial
crises [Houston et al., 2010]. Using lab experiments, De Janvry et al. [2010]
show that the introduction of a credit bureau increases lending efficiency and
particularly so when borrowers are aware of its existence. Our contribution is to
use loan-level evidence from before and after the introduction of a mandatory
credit registry to assess at the microlevel, where we can adequately control for
both borrower and loan characteristics, how information sharing impacts lending
at the intensive margin.

Second, we contribute to the work on the relationship between bank com-
petition and credit availability. This literature has long been characterized by
two opposing views. On the one hand, there is theory - the market-efficiency
view, cf. Pagano and Jappelli [1993] - as well as evidence to suggest that bank
competition alleviates credit constraints as more loans become available at bet-
ter terms. This can in turn positively influence local economic growth and
entrepreneurship [Guiso et al., 2004].

Other contributions, however, suggest that less bank competition may ben-
efit firms, especially more opaque ones, as market power allows banks to forge
long-term lending relationships (Berger and Udell [1995], Ongena and Smith
[2001], Petersen and Rajan [1994]). Petersen and Rajan [1995] show theoret-
ically how in a concentrated banking market lenders subsidize early loans by
extracting rents from later ones. Banks will only be willing to assist firms in the
beginning of a relationship if these firms can commit not to leave the bank in
the future. This will be impossible in highly competitive markets, thus ruling
out the intertemporal smoothing of interest rates that is needed to give opaque
borrowers a chance. Interestingly, a small branch of this literature suggests that
even in a relationship-lending setting more competition may be beneficial to
access to credit [Boot and Thakor, 2000]. If competition incentivizes banks to
invest more in generating ‘soft’ information about borrowers, then competition
may benefit small and opaque firms in particular [Dell’Ariccia and Marquez,
2004, Hauswald and Marquez, 2006].

Empirically, Degryse and Ongena [2007], Elsas [2005] find that Belgian and
German firms, respectively, indeed enjoy stronger credit relationships in more
competitive markets. Recently, attempts have been made to reconcile both
opposing views. Bonaccorsi di Patti and Dell’Ariccia [2004] use Italian data
to show that while bank market power boosts firm creation, in particular in
opaque industries, after some optimum additional market power starts to have a
negative impact on firm creation. Likewise, Cetorelli and Gambera [2001] - with



a cross-country, industry-level dataset - show that bank concentration promotes
the growth of sectors that depend on external finance. Yet, overall there is
a negative association between banking-industry concentration and economic
growth.

While our paper speaks to both of these streams of the literature, our main
contribution lies at their intersection, an as yet unexplored territory in particular
among empiricists. On the theoretical side, Hoff and Stiglitz [1998] posit that
without information sharing between lenders, borrowers perceive a lower cost of
default when competition increases as defaulting borrowers can now more easily
get a loan from another lender. Impatient borrowers have an incentive to take
multiple smaller loans from different lenders instead of applying for one larger
(more expensive) loan from one lender. If they can hide their outstanding debt,
these loans will be considered less risky and cheaper. This will increase average
debt levels, eventually leading to worse repayment rates and higher interest
rates. In this view, increased competition in the absence of information sharing
may lead to overindebtedness and a gradually worsening of loan repayment. The
introduction of an effective information sharing mechanism may put an end to
this as borrowers can no longer hide multiple loans and will also realize that
default will cut them off from future credit from all lenders.

McIntosh and Wydick [2005] come to a similar conclusion by taking the
lenders’ perspective. They demonstrate that under imperfect information shar-
ing, competition between for-profit and non-profit lenders can leave poor bor-
rowers worse off as it becomes more difficult for a non-profit lender to cross-
subsidize among borrowers. At the same time, as in Hoff and Stiglitz [1998],
impatient borrowers may obtain multiple loans and become overindebted. Fi-
nally, Hauswald and Marquez [2006] show that as competition increases, banks
invest less in proprietary information. The result is a drop in interest rates
but also a loss of efficiency in lending, resulting in higher default rates. If ad-
verse selection contributes to overindebtedness, then the latter is expected to
be particularly troublesome in markets with a high level of competition. Shar-
ing information may then be an important way to overcome adverse selection
problems and to prevent the resulting overindebtedness, in particular in highly
competitive credit markets. Our contribution to this literature is to provide
the first empirical evidence on the interaction between changes in information
sharing and local credit market competition and to directly test some of the
main conjectures that theory has put forward over the last couple of years.

Our identification relies on cross-sectional and time-series variation in com-
petition, which we combine with the introduction of a mandatory national credit
register. Further facilitating our analysis, we can distinguish between first-time
customers, for whom information sharing can result in large decreases in asym-
metric information and repeat customers, who have already built up a credit
history with their bank (but whose behavior may still change in line with the
dynamic incentive mechanisms outlined by Hoff and Stiglitz [1998]). To assess
what happens when information sharing becomes mandatory, we fully exploit
the richness of our data by modeling the repayment performance of borrowers
using hazard function estimators or survival analysis. This class of estimators



is particularly suited for our dataset as it corrects for right censoring, which
would lead to biased estimates in static logistic models [Shumway, 2001]. Fur-
thermore by taking the duration of the loan into account it will not only provide
information on whether but also on when a loan is most likely to default.

To preview our results, we find that the introduction of mandatory infor-
mation sharing leads to a significant decrease in defaults. In line with the
theoretical work outlined above, the effect of the credit register introduction on
loan performance is particularly striking in markets with high levels of compe-
tition and for first-time borrowers. Moreover, mandatory information sharing
results in smaller, shorter and more expensive loans, indicating that information
sharing led to more conservative lending behavior at the intensive margin. Our
results are robust to a large set of specification choices. Moreover, a placebo
analysis confirms that we correctly identify treatment effects from the introduc-
tion of the credit register.

The article is organized as follows. In Section 2 we give some more back-
ground on our empirical setting in Bosnia and Herzegovina, while Section 3
describes our data and identification strategy. In Section 4 we then present our
empirical results, after which Section 5 discusses the implications of our analysis
and concludes.

2 Information sharing and small business lending
in Bosnia

Loan portfolio data have been obtained from EKI Mikrokreditina Fondcija
(henceforth EKI), a local Bosnian micro lender. EKI was founded in 1996
in Zenica as a part of World Vision International. It is now the fourth largest
provider of individual liability microloans in Bosnia, it operates via 14 branches
and 52 regional offices. In May 2012 it had an outstanding loan portfolio of BAM
93 million (USD 65.5 million) and around 34,000 active borrowers. According
to EKI’s website its mission is to "provide financial services and technical sup-
port to those who have no access to bank services or to businesses that are
creating and sustaining jobs in the whole of BiH, wherever there is a need and
opportunity."

EKI went through a number of regulatory changes following the evolution of
the Microfinance sector in the country. It changed its status first in 2001 from
NGO to Microfinance organization (MCO) and again in 2008 when it became
a Microfinance Foundation (MCF). EKI now falls under the supervision of the
Bosnian Central Bank, it is allowed to give loans but cannot accept deposits. It
funds its operations mainly through loans from Microfinance Investment Vehi-
cles (MIVs) or Development Financial Institutions (DFIs).

2.1 Microcredit in Bosnia and Herzegovina

Microfinance plays a central role in the provision of small business loans in
Bosnia and Herzegovina (BiH). The Bosnian microfinance market is the largest



in South East Europe and has reached penetration rates second only to Bangladesh.
From their initial status as independent NGOs, Bosnian MFIs have evolved into
financially sustainable and sometimes highly profitable micro-lenders. These in-
stitutions have grown in number and outreach and in certain cases compete di-
rectly with national and international commercial banks in the supply of loans
to micro entrepreneurs Woodworth [2006].!Nevertheless a repayment crisis in
2008 re-dimensioned the growth prospects of the sector.

In 1995, when BiH emerged devastated by the Yugoslavian civil war, mi-
crofinance was one of the main tools adopted by the international community
to aid the economic recovery and development of the country. The industry
grew quickly, but did so with somewhat different characteristics from the mi-
crofinance model pioneered by Mohammed Yunus in Bangladesh. Unlike in
South East Asia and Africa, MFIs in BiH were allowed to lend to a highly ed-
ucated entrepreneurial middle class who had lost its livelihood due to the civil
war [Hartarska and Nadolnyak, 2008, Demirgii¢c-Kunt et al., 2007]. As a result
the microfinance business model in BiH quickly moved away from joint liability
lending and focused on providing individual loan products tailored to the needs
of able and experienced micro-entrepreneurs.

In the year 2006, the sector underwent a large regulatory overhaul, when
limits to interest rates and loan size were lifted [Welle-Strand et al., 2010].
The new regulatory framework in combination with good financial performance
generated an increase in investment by development financial institutions and
microfinance investment vehicles [Chen et al., 2010]. Abundant capital allowed
MFTs to significantly increase lending and led to growth rates of 38% p.a. up to
2009. In a small country of 3.8 million people, penetration rates quickly doubled
from 10% to 20% prior to the crisis [Liitzenkirchen et al., 2012].

Intensive growth combined with high competition levels and decreasing lend-
ing standards led to a sharp increase in over-indebtedness, as 40% of borrowers
had more than one microfinance loan at the same time. The signs of market
saturation where already clear in early 2008 when at least 16% of borrowers
were late on repaying their loans. The already precarious situation collapsed at
the onset of the financial crisis when PAR30 went from 1% to 11% in one year
and return on asset turned negative [Liitzenkirchen et al., 2012]. MFIs reacted
with an immediate reduction in lending and by aggressively writing off non-
performing loans. Despite high losses and significant contractions in portfolio
size, the industry did not collapse and since 2010 lending has started to grow
again [Glisovic et al., 2012].

2.2 Information sharing system in Bosnia and Herzegov-
ina

One of the causes of the spike in non-performing loans in 2008 was the fact that

lenders were unable to check whether borrowers already had a loan outstanding

IInternational banks like Intesa San Paolo and Raiffeisen Bank are heavily involved in
the provision of loans to micro entrepreneurs.The difference in loan size between MFIs and
commercial banks has been converging since the early 2000s [Berryman and Pytkowska, 2003].



with another institution. Multiple lending was in fact quite possible despite the
existence of a privately owned and operated credit bureau (the LRC) since the
year 2000. The problem with the LRC was that participation was voluntary
and expensive, making it incomplete and therefore ineffective. Experimental
evidence by Brown and Zehnder [2010] shows that in highly competitive markets
lenders do not have incentives to share information via a private credit bureau.

The Bosnian Central Bank introduced a public credit registry (Centralni
Registrar Kredita, CRK) in 2006, but it was not until July 2009 that the cover-
age was extended and participation was made mandatory to all formal lenders,
including MFIs. The most important feature of the CRK is that the submission
of credit history and current balance is mandatory, granting complete coverage
of the entire lending market [Lyman et al., 2011]. Interviews with local stake-
holders confirm that the July 2009 introduction of the mandatory and full CRK
led to a sudden change in the amount of information about prospective borrow-
ers that both banks and MFIs had access to. According to one manager at a
large Bosnian MFT: “Before that date, we were basically blind”. Importantly,
no other regulations in the area of banking or financial regulation more broadly
were undertaken in the Summer or Autumn of 2009 that may have confounded
the effect of the CRK introduction in July 2009.

The strict requirements imposed on lenders by the introduction of the CRK
resulted in a significant improvement in the degree of information sharing. In
particular, the Bosnian Central Bank requires every lender to submit a report
to the CRK every time a loan is disbursed, repaid in full, late or written off.
A credit score is given to each borrower, based on the information on current
debt and past performance. The CRK also includes information on whether
the borrower has a guarantor or whether she is a guarantor himself. Lenders
are required to introduce a condition in each loan contract to be signed by the
borrower, in which the latter agrees on a credit check via the CRK and on
the submission of his or her credit history. Borrowers are therefore completely
aware of the fact that their repayment performance will be recorded and shared
with other lenders. Submitting updates is obligatory, but checking the data is
voluntary and subject to a small fee (BAM 0.15).

3 Data and Methodology
3.1 Data

We obtain data from a number of different sources. Our main dataset consists
of individual loan information from a large Bosnian microlender. This institu-
tion has been operating since 1996 and is active in 15 geographically distinct
branches. This data contains information on the characteristics and repayment
schedule for more than 200,000 microloans disbursed from June 2002 until De-
cember 2012. This information is particularity useful as we do not only observe
loan characteristics such as size, maturity, interest rate, collateral and loan pur-
pose, but we also have precise information on whether and when there was a late



repayment, whether the loan was written off and how much of the principal and
interest was recovered. Furthermore, for each loan we can match characteristics
of close to 130,000 clients, including income, education, gender, employment
status and family size.

Using this information we construct our measure of loan quality which is a
dummy equal to 1 if repayment on a loan is at least 30 days late and the loan
is subsequently written off. Around 97% of loans that are late once end up
being written-off. The time between disbursement and late repayment is our
main variable of interest for the estimation of the hazard rate. We do not use
the write-off date as our variable of interest because its timing would be more
dependent on the lender rather than on the borrower.

Our main independent variable is the local level of competition. We con-
struct a branch-based HHI index by collecting information on the amount of
branches in each area of operation. Given the incompleteness of most available
datasets on microlenders we need to collect this data from a number of different
sources. We conduct a survey where we ask two loan officers for each branch
a number of questions relating to their perception of the competitive environ-
ment. One of these questions requires loan officers to list the main competitors
operating in the area. We then cross-check this list with the list of microlenders
operating in Bosnia as reported by the MIX dataset. Once we have a complete
picture of the universe of Bosnian microlenders, we proceed to compile a panel
dataset of the geographical distribution of branches. In order to do so we ask
each MFT for a list of their branches and year of operation. We have a response
rate of around 50%. Therefore we complete the dataset manually by extracting
lists of branches from annual reports of each MFI. We are then able to produce a
year-location branch-based measure of competition which is equal to 1 — HH I,
where b indicates branch and y the year.

We also construct a perception-based measure of competition based on the
loan officer survey. We ask the loan officers how much they agree, on a scale
from one to seven, with the following statement: “In the last ten years I think
that there has been an increase in competitive pressure in my area of operation”.
This measure of competition, or rather increase in competition, is time invariant
and available only for 14 branches as one branch had closed down by the time
the questionnaire was sent out.

For both measures of competition we construct a dummy equal to one for
values above median. We do so for two reasons. First, Stepanova and Thomas
[2002]show that grouping observations into cohorts improves the performance
and the interpretation of hazard models. Second, we are aware of the limitations
of using concentration as a measure of competition , and do not want to attach
too much weight to interpreting a marginal decrease in concentration, but we
are more interested in a measure that allows us to rank branches.

In order to make sure that we are estimating the effect of competition and in-
formation sharing on repayment behavior we need to make sure that we control
for differences in economic activity both geographically and over time. Unfortu-
nately, it is impossible to find conventional measures of local economic activity.
At the country level the highest frequency data on GDP is yearly. We control



for local economic activity by using local yearly night light data from 2003 to
2010 as proposed by Henderson et al. [2011]. We use the Bosnian Investment
Fund Index published by the Sarajevo stock exchange as a high frequency proxy
for national economic activity.

3.2 Identification strategy

For our identification strategy, we fully exploit the rich data that are at our
disposal to identify the effects of mandatory information sharing on the loan
conditions of opaque borrowers.

In the context in which we study it, mandatory information sharing requires
the co-occurrence of two things. The first is a means for sharing information,
i.e., a well-functioning credit register. The second is for that credit register
to result in mandatory information sharing: after all, in markets with a low
degree of competition, there is less of a need to share information and less of a
possibility to share information, since there are fewer banks. Put simply, in a
market with only one bank, there is still the introduction of the credit register,
but there is no information sharing as a result of that introduction. However, in
a market with a high degree of competition the introduction of a credit register
truly introduces mandatory information sharing in that market.

Now that we have started to describe, at least informally, the treatment
effect we aim to measure, it is time to take a closer look at the treated. Most
importantly, mandatory information sharing can have an effect, if there is an
information advantage from doing so. If a bank has a long credit history with a
borrower, it is impossible to argue that this borrower is, to this bank, opaque.
In that case, mandatory information sharing is a treatment for the healthy: we
cannot expect any serious effects. However, for first-time borrowers who do not
have a credit history with their bank, mandatory information sharing can be
the treatment that cures the negative effects the large degree of asymmetric
information may otherwise have on the lending process.

More formally, we can best describe our identification process as follows:

E[L1it| MIS = 1] = E[L1;4|M1S = 0] + (1)

where L;; is a loan characteristic for a borrower i at time ¢, for example loan
quality or loan amount, and if M IS = 1, there is mandatory information shar-
ing. Assuming for now that we can perfectly measure MIS and identify the
treated, E[L1;:|MIS = 1] — E[L14+|MIS = 0] measures the average treatment
effect, since for each treated borrower E[L1;|MIS = 1] is the expected (or av-
erage) value for the loan characteristic after treatment, and E[Ly;|MI1S = 0]
is the expected value of the same loan characteristic before treatment. The
remaining selection bias is captured by E[Lg;:|MIS = 1] — E[Loit|MIS = 0],
since E[Lg;|MIS = 1] is the expected value of the loan characteristic after the



treatment, for those who did not receive the treatment, and E[Lg;|MIS = 0] is
the same value before treatment, for those who did not receive the treatment.
Of course, a proper identification strategy minimizes the selection bias, so as to
more accurately measure the average treatment effect.

In practice, of course, both measuring the existence of mandatory informa-
tion sharing and those that are 'treated’ by it (rather than just undergoing it) is
not necessarily straightforward. In Table 1 we explain how we can still identify
the impact of mandatory information sharing on opaque borrowers.

Table 1: Identification

Asymmetric information

High Low

= B. Control for
g W
é aa A. Treated, MIS =1 asymmetric information,
= MIS =0
S
© % C. Control for

— D. Control, M1S =0

competition, M1S =0

First, we observe that the borrowers we are interested are those that operate
in markets with a high degree of asymmetric information and a high level of
competition. In Table 1, these borrowers are located in A. For these borrowers,
the introduction of the credit register results in the introduction of mandatory
information sharing. Borrowers in B also exist in markets with a high degree of
competition, but because they have already reduced the degree of asymmetric
information with a lender, the introduction of the credit register does not ’treat’
them quite in the same way. To separate these borrowers from those in A, we
have to carefully control for the degree of asymmetric information. Likewise,
borrowers located in C' are ’eligible’ for treatment, as they too face a high degree
of asymmetric information (i.e., they are first-time borrowers), but since they
operate in a market with a low level of competition, there is little to share once
the credit register is installed. To separate these borrowers from those in A, we
have to carefully control for the degree of competition. Finally, borrowers in D
constitute the best control group: they differ the most from the borrowers in
A, since they operate in markets with low competition and have a low degree
of asymmetric information.

For our interpretation of Table 1, three remaining matters are important.
First, we require that first-time borrowers do not select into treatment. Put
differently, we will verify that - especially in high-competition markets - first-
time borrowers’ characteristics are not significantly different before and after the
introduction of the credit register. Second, in practice mandatory information



sharing of course also occurs for returning borrowers. And whereas we can
control for the level of competition rather well, controlling for the exact amount
of asymmetric information is more difficult. So, in interpreting the impact of the
mandatory information sharing on first-time borrowers, we will use the impact
on returning borrowers as a benchmark, so as to not overestimate the former
effect. Third, we wish to rule out that strategic timing of the introduction
of the credit register drives our results. Therefore, in the second part of our
analysis we run placebo analyzes where we either postpone or bring forward the
introduction of the credit register.

Our objective, then, is to exploit both the cross-sectional and time-series
variation in local competition and asymmetric information to separate treatment
effects from selection bias to the best our abilities. In the next subsections, we
explain how we do this, both for effects of mandatory information sharing on
loan defaults and for its impact on loan characteristics.

3.3 Modelling loan defaults

In the first part of our analysis, we wish to identify the impact of mandatory
information sharing on defaults. In line with the strategy outlined above, we
especially want to investigate the impact of the introduction of the credit reg-
ister in high-competition markets, for first-time borrowers. As also explained
above, by also identifying the other cases (low competition markets, returning
borrowers), we can more precisely extract this impact.

We do so using a hazard model, where the hazard rate is defined as the
probability of a borrower being late on its repayment in time ¢ conditional on
the fact that she has repaid regularly up to that point. Hazard functions allow
us to model not only whether a loan is going to default but how the probability
of default changes over time. This is particularly important for studying loan
repayments as the reasons to default might change during the life of the loan
(i.e. strategic default).

Aside from their economically intuitive interpretation, the main advantage
of hazard models is their ability to deal with censoring. Censoring occurs when
the loan is repaid or when the life of the loan extends beyond the sample period
(right censoring). Given that most loans are repaid successfully, the effects of
censoring in estimating the probability of default of a loan will be particularly
severe. In fact not correcting for it will yield static biased and inconsistent
estimates in static probability models Ongena and Smith [2001]. The semi-
parametric model developed by Cox and Lewis [1966], Cox [1972] is able to deal
with right censoring as the log-likelihood function takes into account the ratio
of completed vs. non-completed loans.?

With the hazard model, we can compare the hazard rates for each of the four
cases outlined in Table 1, before and after the introduction of the credit register.
If mandatory information sharing indeed results in a better allocation of credit,

2Left censoring can cause biased estimates as well, but it is not an issue in our case as we
only observe new loans.
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then we expect a large drop in the hazard rate for all borrowers with loans in A.
For borrowers in B, we may also observe a drop in the hazard rate, but it should
be considerably smaller, as there is less need to share information. Likewise,
for borrowers in C, although there is a need to share information, there is less
information to be shared, as there are fewer competitors, so we expect a smaller
drop in the hazard rate. Finally, borrowers in D constitute our baseline: even if
mandatory information sharing lowers strategic defaults, bad luck ensures that
there is still a proportion of borrowers that are not able to repay their loans.

To estimate the baseline hazard, as well the different reference cases, let T'
measure the amount of time before the first late repayment of the loan. The
hazard function can be used to describe the distribution of T and it is defined
as:

he= A,

{P(t§T<t+At\T2t)}. @)

At

The hazard function h(t)is the probability of repayment on a loan being late
in time ¢ conditional on regular repayments until then. Alternatively we can
model the distribution of time until first late repayment as its survivor function:

S(t) = P(T 3

The relationship between the survivor function and the hazard function is:

_ —dlogS(t)

h(t) L

: (4)
Using the non-parametric [Kaplan and Meier, 1958| estimator we can plot the
survival function for different groups of loans. This estimator is easily adjustable
for right censoring.
Following Cox [1972] we can estimate the effect of a set of covariates X; and
the distributions of time to late repayment with the proportional hazard model:

h(t)

lim
At—0

= ho(t) exp(8'Xy),

{P(t§T<t+At|T2t,X(t)aﬁ)}

At (5)

where hg represents the baseline hazard when X = 0. Therefore the hazard rate
for each individual with characteristics X; is proportional to hg. The marginal
effect X; on the log of the covariates hazard rate is represented by the estimated
B coefficients. In the Cox [1972] semi-parametric approach the functional form
of hg is not specified, the model uses the ranking of duration times to estimate
the 8 parameters via maximum likelihood.

The Cox proportional hazard model relies on two assumptions. First, it
assumes continuous time as the presence of tied events in discrete time would
make ranking impossible. Practically late repayments are only observed at
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intervals so we deal with tied events with the approximation by Breslow [1974].
Second, it assumes proportionality, which implies time fixed S coefficients. We
relax this assumption by estimating a model where the effect of covariates X,
can change over the life of the loan.

We check the robustness of our results to the functional form of the hazard
rate by estimating two common parametric specifications: the exponential and
the Weibull distributions. The exponential distribution is widely used, it is
easy to interpret and is characterized by a constant hazard rate. It is therefore
considered memory less as the probability of late repayment is constant over
time [Kiefer, 1988]. The exponential distribution is a special case of the Weibull
distribution when « is equal to 1. The Weibull distribution is expressed as:

h(t) = ~yat*™! (6)

The coefficient « is particularly interesting as it measures duration depen-
dence. If a>1 the hazard rate increases with time and vice versa, giving us an
indication of the shape of the baseline hazard which is unobserved in the Cox
specification.

3.4 Loan characteristics

In the second part of our analysis, we study the impact of mandatory information
sharing on loan and client characteristics using both univariate analysis and
multivariate regressions. To assess the consequences for credit supply, we study
the impact on the loan amount, maturity and interest rate.

Here, our identification strategy translates into two elements. The first is
the distinction between first-time and returning borrowers. In all analyses in
this part, we focus on first-time borrowers, for whom mandatory information
sharing is the most important. We start by testing whether these borrowers
themselves are significantly different after the introduction of the credit regis-
ter. In addition, in our multivariate analyses, we control for as many borrower
characteristics as possible.

The second element is testing the joint effect of the introduction of the credit
register and the fact that a borrower is in a highly-competitive market. After
all, according to our earlier description, it is this joint effect that results in the
mandatory information sharing we aim to measure. In our univariate analyses,
we therefore split our data along both the competition dimension (high and
low) and based on whether a loan is granted before or after the introduction of
the credit register. In our multivariate analyses, we introduce both dimensions
individually, but test the importance of their joint effect, as measured by their
interaction.

Throughout, in our multivariate analyses, we of course control not only for
other loan and client characteristics, but also for economics conditions. We now
turn to our measurement of each of these.
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4 Results

4.1 Information sharing, lender competition and loan qual-
ity
4.1.1 Non-parametric results

Figure 1 provides a first non-parametric look at our data in the form of a Kaplan-
Meier survival analysis over the sample period June 2002 to December 2012. The
graphs show how the probability that a borrower has not (yet) defaulted on her
loan changes over time (horizontal axis, in quarters). At time of disbursement
(t=0) the probability of survival is by definition 1 but then gradually erodes over
time.? Panel (a) compares, for the whole sample period, the survival probability
of borrowers in the branches that face below median competition versus those
that are confronted with an above median level of competition. Competition is
here measured as 1 minus the local Herfindahl-Hirschman Index (HHI), where
local market shares are expressed in number of branches operated by a bank or
MFTI in the locality where the EKI branch is based.*

The key point to take away from Panel (a) is that there are is a limited dif-
ference in the survival behavior among borrowers in high versus low competition
areas. After a year, the cumulative survival probability in the high competition
areas is slightly higher. The statistical significance of this difference between
both curves is confirmed by a logrank test (p-value=0.00). In economic terms,
the difference is minimal however, an amounts to only 0.4 percentage points
after a year. We come back to this result when we discuss Panel (c) below.

In Panel (b), we start to compare for the first time the survival behavior of
loans provided before and after the introduction of the CRK. In this context
right censoring will affect disproportionately the more recent group of loans.
The correct hazard rate is then calculated as the ratio of loans that have de-
faulted at time t over the remaining loans [Ongena and Smith, 2001].> The
results show a substantial difference in repayment behavior, with loans after the
CRK displaying a significantly higher survival probability compared to loans
provided before mandatory information sharing was introduced. This is the
first piece of evidence we bring to bear that points to a positive impact of the
CRK introduction on loan quality. A striking aspect of Panel (b) is that the
difference between both loan types seems to be mainly concentrated in the first
couple of quarters after loan disbursement. Indeed, the probability of a loan
not being late in the first six months after disbursement was increased from
94.6 percentage points before the CRK to 98.6 percentage points after the CRK
introduction. Over time this difference is gradually reduced and becomes in-
significant. This suggests that one of the mechanisms through which the CRK
has impacted default is by affecting borrowers’ behavior. Default in the first

3In effect, the graph thus shows the inverse of the cumulative default probability.

4Appendix Table A.1 (A.2) contains variable definitions and sources (summary statistics).

5Without correcting for right censoring, the hazard rate would be calculated as the ratio
of all loans dropping from the dataset over remaining loans.
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Figure 1: Information sharing, credit-market competition and loan quality:
Kaplan-Meier survival analysis

These three graphs show Kaplan-Meier survival estimates over the sample period Jun 2002-
Dec 2012. Logrank test statistics for differences between the curves: Panel 1: x2(1)=27.35
(p-value=0.00). Panel 2: »2(1)=1667.5 (p-value=0.00). Panel 3 (left): »2(1)=0.53 (p-
value=0.47); Panel 3 (right): x2(1)=105.57 (p-value=0.00).

(a) High versus low competition branches (b) Before versus after CRK introduction

5 10 15 o 5 10 15
Analysis time (quarters) Analysis time (quarters)

—— Low competition  ——~ High competition —— Before CRK  ——~— After CRK

(c) Interaction of credit-market competition and CRK in-
troduction

Pre CRK Post CRK

0 15 0 15

5 10 5 10
Analysis time (quarters) Analysis time (quarters)

—— Low competiion —— High competition —— Low competiion —— High competition

three months after disbursement is unlikely to stem from ’'real’ repayment prob-
lems and may to a large extent be due to strategic defaults. In line with some
of the theories set out in the introductory section, one way in which a credit
registry may improve repayment behavior is by disciplining borrowers through
tougher dynamic incentives.

Finally, in Panel (c) we look for the first time at the interaction of the CRK
introduction and the level of local competition. The graph on the left shows
that before the CRK introduction there was no difference in survival probabil-
ity between low and high competition areas (p-value of a logrank test is 0.47).
However, after the CRK introduction, a significant gap opens up between re-
payment behavior in high versus low competition areas (and this is what drove
the more limited overall difference over the whole sample period in Panel (a)).
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With the CRK in place, repayment performance is now significantly higher in
the high-competition areas (p-value =0.00). This difference amounts to 1 per-
centage points after 12 months, 2 percentage points after 24 months and remains
significant throughout. Therefore, the CRK seems to have had most impact in
high-competition areas where repayment rates before information sharing was in
place were significantly below the level attainable in the presence of information
exchange.

Figure 2: Information sharing and credit-market competition: First-time vs.
repeat borrowers, Kaplan-Meier survival analysis

These four graphs show Kaplan-Meier survival estimates over the sample period Jun 2002-Dec
2012. Logrank test statistics for differences between the curves: Panel a: %2(1)=523.90 (p-
value=0.00). Panel b: »2(1)=151.47 (p-value=0.00). Panel c: x2(1)=797.98 (p-value=0.00);
Panel d: ¥2(1)=202.04 (p-value=0.00).

a. High competition, repeat borrowers b. Low competition, repeat borrowers
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In Figure 2 we take this analysis one step further and now split our sam-
ple between first-time borrowers (that is, borrowers that were completely new
clients to EKI) and repeat borrowers. One the one hand, we expect the impact
of the CRK to be concentrated among first-time borrowers as the information
asymmetry between lender and prospective borrower is largest. On the other
hand, however, to the extent that the CRK introduction (also) had an impact
on borrower behavior, we would also expect to observe an improvement in re-
payment behavior among repeat borrowers as these now realize that a default
will ’cost’ them more in terms of foregone future borrowing opportunities. As
before, we also slice our data by competition level, leading to four separate
quadrants in Figure 2. In Panels (a) and (b) we first focus on repeat borrowers.
Independent of the level of competition, we see that the CRK introduction was
accompanied by an upward shift of the survival function: at each point in time,
repeat borrowers were less likely to have defaulted, suggesting that increased
borrower discipline was indeed an mechanism through which the CRK had an
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impact. However, while in both graphs the differences between the ’before’ and
‘after’ lines are statistically significant (p-value is 0.00 in both cases), this dif-
ference is limited and, moreover, fizzles out over time. This result links back to
our earlier observation that part of the impact on the borrower side was in the
form a reduction in ex ante moral hazard and strategic default.

Next, in Panel (c) and (d) we present a similar comparison, but now on
the sample of first-time borrowers only. Compared to the two upper panels
discussed before, there is now a striking difference. The impact of the CRK
introduction appears to be much larger for new borrowers, suggesting that the
CRK mainly 'worked’ through the lender side. Comparing the low-competition
areas (right) to the high-competition areas (left), we now also see clearly that
the difference between both survival functions is widest and most persistent
in the high-competition areas, exactly as theory would suggest. It is in these
highly-competitive areas, where adverse selection problems are rife, that the
CRK introduction had the most bite and EKI loan officers were able to put the
borrower information that was hitherto unavailable to them to the best use. As
a result, in these areas the survival probability for first time borrowers after 12
months went up from 94.3 to 98.7 percentage points.

4.1.2 (Semi-)parametric results

In Table 2, we follow up on Figures 1 and 2 by providing semi-parametric and
parametric evidence. As discussed in Section 3.2, an important advantage of
using hazard models - where the hazard rate is defined as the probability of
a borrower being late on its repayment in time ¢ conditional on having repaid
regularly up to that point - is that it allows to deal properly with right censoring.
A second advantage is that the specifications in Table 2 also allow us to control
for a large battery of standard borrower and loan level covariates. Throughout
the table we cluster the standard errors conservatively at the individual loan
officer level. Results remain quantitatively and qualitatively unchanged when
we do not cluster or cluster by EKI branch.

In columns 1-5 we present the results of our semi-parametric Cox propor-
tional hazard model, while in columns 6 and 7 we show equivalent specifications
using a parametric exponential and a Weibull model, respectively. In the first
three columns we limit our sample to loans to first-time borrowers only, whereas
in the following columns we use all loans while including a dummy First loan for
first-time borrowers. We also interact this dummy with the CRK time dummy
to test whether the impact of mandatory information sharing was larger for
first-time than for repeat borrowers (as Figure 2 would suggest).

The results in the first three rows show, robustly across all specifications,
that the CRK introduction is associated with a statistically significant reduction
in the hazard rate and that this impact is almost twice as large in the high-
competition areas. This confirms the evidence of Figure 1 and is line with the
literature that we discussed before. The third line shows that the level of lender
competition as such does not have an impact on the hazard rate. This confirms
the visual evidence of Figure 1, Panel (c).
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In the lower part of the table we show the estimated coefficients for a broad
set of control variables. All of these have the expected sign and have in most
cases a statistically significant relationship with the hazard rate. We find that
more productive loan officers, as measured by Loans/officer, are characterized
by better performing loan portfolios. On the borrower side, older and more
educated clients pose less risk. Urban borrowers tend to be more risky, a result
likely reflecting less tight social networks in urban as compared to rural areas.

As regards loan characteristics, we find that longer and larger loans tend to
have higher repayment risks whereas - in line with various earlier contributions
Rice and Strahan [2010], Roszbach [2004] - the presence of various types of
collateral is an indicator of higher borrower risk.

We find a positive correlation between compliance with our MFI’s collat-
eral requirement and late payment though not with actual default. This is an
interesting indication of adverse selection: to be a marginal client despite hav-
ing collateral reveals other strong negative characteristics relating to repayment
capacity.

As expected, columns 4-7 show that the interaction term between First loan
and the CRK dummy is significantly negative, indicating that the CRK intro-
duction reduced default risk in particular for these relatively opaque borrowers.
The coefficient for First loan itself is positive, underlining the significantly higher
risk associated with lending to borrowers previously unknown to the lender.

In column 5, we relax the proportionality assumption of the Cox model and
allow the effect of the covariates to change over the life of the loan. This is
accomplished by estimating another set of coefficients that change linearly over
time since disbursement (not reported). We see that even without proportion-
ality assumption the model still yields practically identical estimates.

Finally, the Weibull model in column 7 produces a positive alpha of 0.525
(note that the exponential model shown in column 6 is a special case of the
Weibull distribution where « is equal to 1). The « coefficient is particularly
interesting as it measures duration dependence. The fact that alpha is smaller
than one means that the hazard rate decreases with time, suggesting that a
substantial part of the borrower risk if 'front loaded” and may reflect to a certain
extent strategic default considerations.

In Appendix Table A.3, we provide further evidence on the robustness of
these findings by estimating similar models while now allowing covariates to
change over the life of the loan. In order to include time-varying covariates we
need to modify the structure of our dataset. The previous models are estimated
using a cross section of loans where every loan has one observation or line of
data. In order to include time varying coefficients we expand the dataset so
that we have a loan-period dataset. In the loan-period dataset each loan has
multiple observations equal to the number of periods between disbursement and
either repayment or default Singer and Willett [1993]. In this way the hazard
rate does not depend only on the characteristics of the loan and the client at the
time of disbursement, but also on a set of other variables that change during its
life.

The results in Table A.3 are in line with those in Table 2: there is less default
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risk after the CRK introduction, in particular in more competitive areas and
in particular for first-time borrowers. An interesting difference is that Local
competition now enters negative and is estimated precisely. This reflects that
in this more flexible specification we can actually exploit the time variation in
our measure of local lender competition.

Figure 3: Cox proportional hazard model: Placebo test

This graph shows the odds ratio estimates (and a 95% confidence interval) for the variable Post
CRK as used in column 3 of Table 1. The value at t shows the coefficient when using the actual
timing of the CRK introduction. The values at t-1, t-2, etc. show the coefficient estimates
when introducing the CRK 1 quarter, 2 quarters, etc. earlier than the real introduction date.

1

0.0331 Odds ratio
Upper 95 % confidence interval

rrrrrrr Lower 95% confidence interval

-0.7199***

Finally, in Figure 3 we undertake a 'placebo’ analysis in order to make sure
that we the CRK variable we use really picks up the sudden introduction of
the new credit registry and not some ongoing secular trend. The graph shows
the odds ratio estimates (and a 95% confidence interval) for the variable Post
CRK as used in column 3 of Table 2. The value at time ¢ shows the coefficient
when using the actual timing of the CRK introduction. The values at t-1, t-
2, etc. show the coefficient estimates when introducing the CRK 1 quarter,
2 quarters, etc. earlier than the real introduction date. The results show that
when we artificially bring the CRK introduction day forward, the placebo impact
is quickly reduced in size and at three quarters before the actual introduction
data becomes essentially zero. This gives us additional confidence that the
significant and substantial effect that we detect exactly at the time the CRK
was introduced is truly the impact of this shift in information sharing regime
and not an ongoing longer-term trend.
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Table 2: Information sharing and loan quality: Hazard analysis

Functional form Cox Exponential Weibull
1] 2l [3] [4] 5] [6] [7]
Post CRK*local competition -0.735%¥* -0.550%** _0.513***  .0.343%*  -0.341** -0.375%** -0.360%**
(3.83)  (2.88) (2.78) (2.57) (2.55) (2.65) (2.61)
Post CRK -0.886* K% -0.624%**  -0.720%F*  -0.502*%**  -0.788*** -0.372%** -0.434%+%
(5.93)  (4.18) (4.84) (4.58) (6.57) (3.23) (3.87)
Local competition 0.0529 -0.0518 -0.0617 -0.0920 -0.0916 -0.0674 -0.0780
(0.40)  (0.43) (0.55) (0.76) (0.76) (0.50) (0.61)
Local GDP -0.00671  -0.00816  -0.00925  -0.00925 -0.0116 -0.0105
(1.00) (1.32) (1.38) (1.38) (1.53) (1.45)
Local stock index -0.00826  0.0405%** 0.0602***  0.0595%** 0.0596***  0.0611***
(0.67) (3.18) (4.91) (4.87) (4.24) (4.64)
Loans/officer -0.0144*** -0.00827** -0.0107** -0.0129%** -0.0111%* -0.0109**
(3.03) (2.12) (2.54) (2.91) (2.41) (2.47)
Borrower education S0.241%%F  L0.215%F%  _0.251%FF (. 211F** -0.253%F* -0.252%%*
(4.91) (4.35) (5.99) (4.69) (5.52) (5.74)
Borrower age -0.0148*** -0.0130%** -0.0111*%** -0.0142%** -0.0126%**  -0.0118%**
(11.65) (10.76) (10.57) (10.36) (11.02) (10.80)
Borrower female 0.0724**  0.0934***  -0.0146 0.0439 -0.0273 -0.0216
(2.12) (2.73) (0.58) (1.40) (1.01) (0.84)
Urban borrower 0.561%**  0.155%** 0.0777* 0.0792%* 0.0839* 0.0793*
(13.91) (4.06) (1.92) (1.98) (1.90) (1.88)
Stable income -0.151% -0.138* 0.0254 0.0243 0.0671 0.0467
(1.68) (1.69) (0.28) (0.27) (0.69) (0.50)
Interest rate 0.0159* 0.00902 -0.0116 0.0211%%* 0.0151%*
(1.85) (1.26) (1.35) (2.76) (2.05)
Loan maturity 0.00631%*  0.0219%**  0.0275%** 0.00427 0.0147+%*
(2.16) (8.13) (9.68) (1.30) (4.96)
Loan/income ratio 0.0426***  0.0282%**  (.0273*** 0.0301%**%  0.0292%**
(3.77) (3.27) (3.20) (3.08) (3.18)
Loan immovable -0.367*F  -0.479%F*  -0.482%** -0.519%** -0.498%**
(2.29) (3.96) (4.03) (3.81) (3.87)
Loan movable -0.0760 -0.145 -0.147 -0.197 -0.170
(0.51) (1.22) (1.25) (1.46) (1.33)
Loan stock 0.113 0.0586 0.0564 0.0320 0.0463
(0.77) (0.54) (0.52) (0.26) (0.40)
Loan household -0.129 -0.0626 -0.0665 -0.136 -0.0964
(0.79) (0.48) (0.51) (0.93) (0.70)
Personal collateral 1.561%F*  1.593**%*  1.666*** 1.438%** 1.508%***
(19.40)  (21.80)  (20.45) (18.25) (19.93)
Social collateral 0.0428 0.290%**  (0.382%** 0.160** 0.223%**
(0.57) (3.73) (4.40) (1.98) (2.82)
Third-party collateral 1.895%H*  1.085%** 2. 114%* 1.939%** 1.955%*%
(22.70)  (25.90)  (26.25) (20.96) (23.18)
First loan 0.589*%**  (.648%** 0.538%** 0.564%**
(15.55)  (14.96) (13.37) (14.44)
Post CRK*First loan -0.196** -0.200** -0.247%* -0.222%*
(2.04) (2.07) (2.44) (2.26)
Constant -6.087FFF -4.042%FF
(14.27) (12.17)
Alpha 0.525***
(115.03)
Competition measure HHI HHI HHI HHI HHI HHI HHI
No. of obs 70,804 55,034 55,034 185,935 185,935 185,935 185,935
No. of branches 15 15 15 15 15 15 15
Log-likelihood ratio -60,116.7 -56,757.7 -54,832.0 -119,509.3 -119,307 -52,901.6 -49,771.0
Proportionality assumption Yes Yes Yes Yes No na na

Notes: This table shows the results of Cox proportional hazard models in column [1] to [4], a Cox non-proportional hazard model in
[5], a parametric exponential hazard model in [6] and a parametric Weibull hazard model in [7]. 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 of by EKI. Sample period: June
2002-December 2010. We restrict the sample to first-time borrowers in columns [1]-[3]. Post CRK is a dummy variable that is "1" if the
CRK was in place in a given month, zero otherwise. Local competition: Dummy variable that is '1’ if local credit-market competition
is above the median level of competition as measured by 1 minus the HHI index where local market shares are measured in number of
branches. Robust standard errors are clustered by loan officer and z-statistics appear in parentheses. ***, *¥ * correspond to the 1%,
5%, and 10% significance level, respectively. Table A.1 in the Appendix contains all variable definitions.
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4.2 Information sharing, lender competition and loan con-
ditions

In Table 3, we proceed with our analysis of the change in lending conditions
around the CRK introduction to gauge to what extent EKI loan officers reacted
to the new credit registry by adjusting their lending at the intensive margin. In
the left-hand side we use Loan amount, Loan maturity, and Interest rate as the
key loan characteristics of interest. In the odd columns we include the CRK
dummy by itself whereas in the even columns we also interact this dummy with
our Local competition variable.

It becomes directly apparent that the introduction of mandatory informa-
tion sharing was accompanied by a reduction in both loan amounts and loan
maturities and an increase in the interest rate charged. All of these effects are
statistically significant, stronger in the relatively competitive areas, and hold
when including our standard set of borrower and other covariates.

More specifically, post CRK introduction loans showed an overall decrease
in size of 6 percentage. With a much stonger reduction in size of 22 percentage
points in high competition areas. The same pattern can be found looking at
loan maturity, where loans were 6 percentage points shorter overall and 14.5
percentage points shorter in high competition areas. Smaller loans did not lead
to lower interest rates as they were 0.7 percentage points higher overlall and 1
percentage point higher in competitive areas.

They suggest clearly that with the introduction of the CRK, loan officers
tightened their lending conditions at the intensive margin. Interestingly, when
we compare the (firs-time) borrower population before and after the introduction
of the CRK along a number of observable characteristics, we do not find many
substantive differences. From Table A.2 we see that even if differences are
statistically significant, they are minor in economics terms. The only variables
that see a moderate change are income (3% decrease) and the percentage of
borrowers with stable employment (3% decrease). This indicates that EKI did
not react to the CRK introduction by shifting its lending to a different type of
borrower (nor did the number of loans decline). Instead, we find that, given
certain borrower characteristics, loan amounts and maturities went down. At
the same time, the improved borrower information from the CRK seems to
have contributed to a relatively sharp improvement in borrower quality (again,
this holds when we control for a large batch of standard observable borrower
characteristics).

The covariate coefficients show that older, more highly educated, higher-
income, and rural borrowers receive larger loans at lower interest rates. This
squares with our earlier finding that these borrowers tend to have lower de-
fault rates too. In branches where the loan volume expands more rapidly, loan
amounts tend to be higher and interest rates lower, most likely reflecting a
residual competition effect not picked up by our competition variable.

In Table 4 we show a number of robustness tests. The same borrower covari-
ates as in Table 3 are included but not shown for reasons of brevity. In columns
1, 2,4, 5, 7 and 8 we re-estimate our results over two time windows that are
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Table 3: Information sharing, credit-market competition, and loan characteris-

tics

Dependent variable —

Loan amount

Loan maturity

Interest rate

[ 2 B3] [4] [3] [6]
Post CRK intro -0.145%F* -0.0582*%* -0.104%** -0.0601%%* 0.886%** 0.723%*%*
(7.25) (2.00) (7.32) (3.25) (12.66) (7.49)
Post CRK intro*Local competition -0.162%** -0.0846%** 0.305%*
(4.54) (3.48) (2.30)
Local competition -0.0283 -0.0488** 0.0813
(1.09) (2.59) (1.02)
Borrower age 0.00286***  0.00300%** 0.00161%%*  0.00171%** -0.0102%%*  -0.0105*%*
(6.89) (7.16) (5.54) (5.93) (6.90) (7.07)
Borrower female 0.0167* 0.0187** -0.0234%** -0.0219%** -0.0976*** -0.102%**
(1.89) (2.16) (3.12) (2.97) (2.64) (2.79)
Borrower education 0.0314%* 0.0322%* -0.00728 -0.00636 -0.0389 -0.0408
(1.99) (2.10) (0.63) (0.56) (0.77) (0.81)
Borrower income 0.400%** 0.396%+** 0.0424%** 0.0372%** -0.171%%* -0.160%**
(22.59) (23.16) (3.81) (3.41) (3.02) (2.86)
Stable employment -0.0511%%*  -0.0631%** -0.0364***  -0.0493%** 0.0244 0.0523
(2.75) (3.42) (2.66) (3.46) (0.43) (0.95)
House members -0.00165 -0.00106 0.0178%** 0.0182%** -0.130%** -0.131%%%
(0.29) (0.19) (4.42) (4.56) (6.57) (6.57)
Number of dependents 0.00961 0.0105 -0.00262 -0.00231 -0.0217 -0.0232
(1.42) (1.55) (0.55) (0.49) (0.96) (1.01)
Minority 0.0314 0.0314 0.0150 0.0138 -0.118 -0.117
(0.61) (0.59) (0.39) (0.37) (0.76) (0.73)
Disabled -0.0478 -0.0525 -0.0225 -0.0248 0.0878 0.0965
(1.16) (1.28) (0.79) (0.86) (0.78) (0.86)
Client urban -0.0649***  -0.0671%** -0.0138 -0.0156* 0.370%** 0.375%**
(5.40) (5.68) (1.41) (1.69) (8.51) (8.91)
Investment fund index 0.0000769*** 0.0000732%**  0.0000465*** 0.0000416***  -0.000940*** -0.000931***
(8.03) (7.60) (6.73) (6.09) (30.62) (29.33)
Lending growth volume 0.109%** 0.101%** 0.0640*** 0.0555%** -0.742%*%* -0.724%**
(5.18) (4.78) (4.05) (3.50) (9.93) (9.73)
Personal collateral 0.373%** 0.372%+* 0.305%** 0.305%** -0.631%** -0.628%**
(29.72) (29.36) (31.52) (31.15) (18.11) (17.98)
Social collateral 0.239%** 0.249%%* 0.110%** 0.118%** -0.555%%* -0.576%%*
(25.06) (25.84) (15.20) (17.11) (18.80) (19.57)
Third-party collateral 0.359%%* 0.358%%* 0.186%** 0.186%** -0.636%** -0.635%%*
(16.41) (16.45) (12.03) (12.09) (11.95) (11.88)
Local econ. control Yes Yes Yes Yes Yes Yes
No. of obs. 17,035 17,035 17,035 17,035 17,035 17,035
No. of branches 15 15 15 15 15 15
R-squared 0.4337 0.4382 0.3129 0.3188 0.3124 0.3143

Notes: This table shows OLS re
amounts ([1]-[2]); loan maturi oss branches that experience varying degrees of credit-market competition. Pre CRK
introduction : July 2008-July 2009. Post CRK introduction: August 2009-As 2010. All specifications include a time-varying nigh-light measure of
local economic activity. Constant not shown. Local competition: Dumm hat is 1" if local credit-

competition as measured by 1 minus the HHI index where local market
variable definitions. Sample contains first-time EKI borrowers only.
**% %% correspond to the 1%, 5%, and 10% level of significance,

(181-14): and interest rates ([5]-[6]) acr

arket competition is above the median level of

sured in number of branches. Table A.1 in the Appendix contains all
andard errors are robust and clustered by loan officer (t-statistics in parentheses).
cctively.

either broader or narrower than our standard two-year window (in Table 3 the
time window spanned July 2008-July 2009 (pre CRK) and August 2009-August
2010 (post CRK)). These are Feb 2009-Feb 2010 (Narrow window) and May
2008-Dec 2010 (Broader window). In columns 3, 6 and 9 we use the same sam-
ple as in Table 3 but we use an alternative competition measure, reflecting the
perceptions of EKI loan officers as culled from a survey among loan officers in
all EKT branches (see Table A.1 for the exact definition). The results in Table
4 show that our earlier findings are robust to these changes in window width as
well as the competition measure used.

Lastly, in Table 5 we again perform a set of four placebo tests to carefully
check whether our results are not driven by any secular data trends that hitherto
remained undetected. We first rerun our analysis but now consider the pre-CRK
period as the actual treatment period. If a secular trend was driving our results,
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Table 4: Information sharing, credit-market competition, and loan characteris-
tics: Robustness tests

Dependent variable — TLoan amount Toan maturity Tnterest rate
Nartow  Broader Perceived  Narrow  Broader  Perceived  Narrow Broader Perceived
window  window competition  window  window competition window window competition

] 2] 131 [ [l 16] 7 8] 1]

Post CRK intro*Local competition -0.137%%% 01375 01445 -0.0906*** -0.0852%* -0.0740%*  0.530%** 0.239* 0.482%%+
(3:30)  (3.93) (3.46) (3.06) (3.50) (2.45) (3.51)  (1.91) (3.50)

Borrower covariates s Yes Yes Yes Yes Yes Yes s

Local econ. control Yes Yes Yes Yes Yes Yes

No. of loans 21,391 16,523 7,357 21,391 16,523 7,357

No. of branches 15 14 15 15 14 15

Adjusted R-squared 04228 04262 0434 02802 0.3062 0.309 0.1974

Notes: This table shows robustness tests of our main results as reported in Table 2 (where the pre CRK period was July 2008-July 2009 and the post
CRK period August 2009-August 2010). In columns [1], [2], [4], [5], [7] and [8] we re-estimate our results over two time windows that are either longer
or shorter than our standard two-year window These are Feb 2009-Feb 2010 (Narrow window) and May 2008-Dec 2010 (Broader window). In columns
3], [6] and [9] we use the same sample as in Table 2 but we use an alternative perception based measure of competition. Robust standard errors are
clustered by loan officer and t-statistics appear in parentheses. ***, ** * correspond to the 1%, 5%, and 10% level of significance, respectively. Table
A1 in the Appendix contains all variable definitions. The same borrower covariates as in Table 3 are included but not shown.

Table 5: Information sharing, credit-market competition, and loan characteris-
tics: Placebo tests

Dependent variable Toan amount Toan maturity Tnterest rate
Pre period s Similar period Lehman _Structural Pre period 5 Sumilar_ Leln Structural Pre period 5 Stmilar  Lehman  Structural
post-CRK 2003 Brothersas break  post-CRK puwl 2003 Brothers as break Sept-  post-CRK period 2003 Brothers as  break Feb-
period 05 break  Oct-2010 _ period break 2006 period 05 break 2009
] 2] £l [ ] \GI ] ] 2] [10] ] 2]
Post CRK intro*Local competition 0.000992 00120 -0.00277 -0.00067 00255 000530  -0.0285  0.0673% 0126 00490 0.195%* 0.0244
(0.02) (0.22) (010) (032 (0.749) (0.24) (140)  (191) (0.96) (0.56) (1.98) (0.20)
Borrower covariates 2 Yes Yes Yes Yes Y s Yes Yes Yes Yes
Local econ. control s Yes Yes Yes Yes Yes Yes Yes Yes Yes
No. of loans 7.803 8,000 19,596 7.803 8,000 19,596 7.803 8,000 19,596 20,916
No. of branches 15 15 15 5 15 15 15 15 15 15 5
Adjusted R-squared 0.3556 0.2201 04804 04693 02182 01492 0.3647 0.14 01513 0.2679 0.3459

Notes: Tn columns [1], [5] and [9] we show results for a placcbo test where the control (pre) period is the actual treatment period. In columns [2], [6] and [10] we show results for a placcbo
test where we estimate over a period with compasable lending growth five vears before the actual CR introduction. I columus 3], [7] and [11] we show sesults for a placebo test where
the starts in September 2008 (Lehman brother bankrupey

test indicates a break point in that month for each dependent variable) all regres s, 3 o measure is (1- HHI) Robust standard err
-atatistcs appear in pirentheses. *++, . % cortespond to the 1%, 3%, and 10% lovel of significance, respectively. Table A.1 in the Appendix contains all varisble ddmmmh The same
borrower covariates as in Table 3 are included but not shown.

we would expect to still find a result here. Second, we show results for a placebo
test where we estimate over a period with comparable levels of credit growth
exactly five years before the actual CRK introduction. Third, we perform a
test where the placebo treatment starts in September 2008 - the collapse of
Lehman Brothers - and ends with the introduction of the CRK in July 2009. If
we would simply pick up a crisis effect, this should show up here. Fourth and
finally, we show results for a placebo test where the placebo treatment starts
in October 2010 for Loan size, September 2006 for Loan maturity and February
2009 for Interest rate. These placebo start times are chosen on the basis of a
Clemente-Montanés-Reyes unit-root test which indicates a possible break point
in that month for each dependent variable. The results in Table 5 show that
throughout all these placebo tests, our original results disappear. This suggests
that we are pick up the true CRK effect and not another trend or break-point
such as the global financial crisis.
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5 Conclusion

In this paper, we have presented evidence of what happens when lenders are
required to share borrower information in a competitive credit market. In doing
so, we have successfully connected the literature on the effects of information
sharing to the literature on the relationship between bank competition and
credit availability.

We have carried out our analysis using a unique data set built around the
loan portfolio of one of the largest providers of small business loans in Bosnia and
Herzegovina (BiH). We match over 200,000 loans to both borrower and branch
characteristics, and use both standard concentration measures and loan officers’
own perceptions to measure local competition. By exploiting the time variation
in information sharing and cross-sectional variation in competition, we have
been able to identify the impact of a mandatory credit register on loan quality.
In addition, we have analyzed whether the improvement in information sharing
has had an impact on loan conditions such as size, maturity and interest rates.
In doing so, we have drawn attention to the role of competition in local mar-
kets and to the (in)existence of a credit history, by separating high-competition
markets from low-competition markets and first-time borrowers from returning
borrowers.

Our analysis has emphasized the importance of connecting the literature on
competition and credit conditions with the literature on information sharing.
When we limited our analysis to a comparison of high versus low competitition
markets, we inititally found that there was only a limited difference in the sur-
vival behavior among borrowers. Turning only to the impact of the CRK, we
found that loans granted after the introduciton of the CRK displayed a signifi-
cantly higher survival probability compared to loans provided before mandatory
information sharing was introduced, as well a some evidence of strategic defaults
prior to the introduction of the CRK. Combining both elements, however, we
observed that with the CRK in place, repayment performance was significantly
higher in high-competition areas, where repayment rates before information
sharing was in place were significantly below the level attainable in the presence
of information exchange.

In line with theory, our results appeared to be particularly pronounced for
first-time borrowers, for whom the information asymmetry between lender and
prospective borrower was the largest. Indied, for repeat borrowers, we found
only limted evidence of increased borrower discipline after the introduction of
the CRK. The impact of the CRK introduction was indeed be much larger for
first-time borrowers, in particular in high-competition areas, suggesting that the
CRK mainly 'worked’ through the lender side.

Further analyses showed that the introduction of mandatory information
sharing was accompanied by a reduction in both loan amounts and loan maturi-
ties and an increase in the interest rate charged, especially in high-competition
areas.

While our approach has clear strengths and is the first to provide empirical
micro evidence on the interaction between lender competition and a sudden
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change in the information sharing regime, it has drawbacks as well. First,
while we have access to the complete loan portfolio of a large lender, this is
just one lender in one country. This of course limits the external validity of
our findings. Having said that, the Bosnian market for small business loans
has much in common with other rapidly expanding (individual-liability) credit
markets in other middle-income countries. Second, we have no information on
loan rejections, which means that our analysis takes place at the intensive not
the extensive margin. We note, however, that at the portfolio level the data
from our lender shows no major shift in the type of client while at the same
time there was no decline in overall amount of lending or number of loans.
Instead, the improvement in loan quality appears to follow from changes in loan
terms give to the same type of clients (that is, a tightening at the intensive
margin) and a better client selection along unobservable characteristics based
on the information drawn from the credit registry.

Our results point to a number of policy implications regarding the most
effective design and implementation of information sharing regimes. The most
important determinant of the success of a credit registry is coverage. Lack
of information on a subset of borrowers or lenders will seriously hamper the
effectiveness of any information sharing system. In Bosnia both the private
credit bureau with voluntary participation and bank only public credit registry
were unable to mitigate over borrowing, Participation should then be mandatory
and extended to all types of lender.
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Appendix

Table A.1: Variable definitions and data sources

Dependent variables:
Loan amount
Loan /income ratio

Loan maturity
Poor borrower

Interest rate
Problem loan

Independent variables:
CRK introduction

Local competition: 1-HHI

Local c iti Survey

Definition Source Unit
Loan amount at time of disbursement. EKI BAM
Loan amount at time of disbursement divided by annual borrower income. Income EKI Ratio
includes primary plus secondary income.

Length (tenor) of the loan at time of disbursement EKI Months
Dummy=1 if borrower belongs to the poorest 30 percent of the population as mea- EKI Dummy
sured by annual income; 0 otherwise.

Annual nominal interest rate on loan EKI Percentage
Dummy=1 if loan i is defaulted on in month t; 0 otherwise. A default event occurs EKI Dummy
when a borrower is at least 30 days late in making a payment and the loan was

eventually written of by EKI.

Dummy=1 for all quarters after and including August 2009 (time of CRK introduc- Central ~Bank of Dummy
tion); 0 otherwise. Bosnia

1 minus HHI index. The (time-varying) HHI index ranges between [0, 1] and mea- BEPS, MIX, Annual [0, 1]

sures microcredit market concentration in the locality where an EKI branch is based.
Market shares are expressed as number of branches.
[¢ ition intensity as perceived by the two most senior loan officers in each branch.

Borrower age
Borrower female
Borrower education

Borrower income
Urban borrower
Stable income
Loan immovable
Loan movable
Loan stock

Loan household
Personal collateral
Social collateral
Third-party collateral
Stock index

Local GDP

Loans/officer
Branch growth

Average score on a 7-point Likert scale to the question: "Over the past ten years,
I think that other microcredit providers have increased their competitiveness in my
area".

Borrower age.

Dummy= 1 if borrower is female; 0 otherwise.

1 = None, 2 = Primary, 3 = Secondary, 4 = Tertiary (College/University/Post Grad-
uate).

Total annual borrower income (primary plus secondary income source).

0 = Rural; 1 = Urban.

0 = unemployed or casually employed; 1 = stable employment (agricultural producer;
full-time employed; own business; part-time employed) or pension.

Loan purpose — Purchase immovable assets (land and/or buildings).

Loan purpose — Purchase movable assets (equipment, fixed assets, vehicles).

Loan purpose = Purchase of stock (merchandise, raw material, working capital, agri-
cultural inputs, livestock for reproduction, seedlings for orchards).

Loan purpose — Private (non-business related) expenses for the household.
Dummy=1 if borrower posted at least one type of personal collateral; 0 otherwise.
Personal collateral includes mortgages, administrative bans on the borrower’s salary
and pledges of movable assets.

Dummy=1 if loan was guaranteed by two or more guarantors; 0 otherwise.
Dummy=1 if at least one third-party collateral (checks or bills of exchange issued by
a guarantor company was posted); 0 otherwise.

Bosnia Investment Index (May 28th 2002=1).

Time varying measure of local economic activity as proxied by the night-light intensity
(derived from satellite images) in the locality where an EKI branch is based. Scale
ranges from 0 to 63 where higher value indicate higher light intensity.

Monthly number of loans per loan officer.

Quarterly growth in total new lending volume (flow) per branch.

reports

Loan officer survey

EKI
EKI
EKI

EKI
EKI
EKI

EKI
EKI
EKI

EKI
EKI

EKI
EKI

Sarajevo Stock Ex-
change

National Geophysical
Datacenter; Hender-
son et al. (2011)

EKI

0.5 increments

Years
Dummy
1tod

BAM

Dummy
Dummy
Dummy
Dummy

Dummy
Dummy
Dummy
Dummy
Dummy
Index

0, 63]

Loans
Percentage

Notes: BAM is Bosnian Convertible Marka. BEPS is the EBRD Banking Environment and Performance Survey. MIX: www.mixmarket.org/.




Table A.2: Summary statistics

Dependent variables:
Loan amount (BAM)
Loan/income ratio
Loan maturity
Interest rate
Problem loan

Independent variables:
CRK introduction
Competition: 1-HHI
Perceived competition
Borrower age

Borrower male

Borrower education
Borrower monthly income (BAM)
Urban borrower

Stable income

Loan immovable

Loan movable

Loan stock

Loan household

Personal collateral

Social collateral
Third-party collateral
Stock index (quarterly)
Local GDP (night light measure)
Loans/officer

Branch growth (quarterly)

Mean pre-CRK  Mean post-CRK Obs. Median St. dev. Min  Max
3,567.80 3079.17%** 191,956 3,000 2,871.91 500 15,000
3.18 2.89%** 191,956 2.50 2.34 0.44 11.93
22.98 23.50%** 191,956 19 11.38 6 60
18.56 21.66%+* 191,956 19 4.13 12 26
0.06 0.03*** 191,956 0 0 0 1
0 1 191,956 0 0.36 0 1
0.81 0.80%** 191,956 0.81 0.06 0.56  0.90
4.98 5.13%%* 189,248 5.50 117 3 6.50
40.09 42.01%* 110,294  39.50 11.92 20 68
0.59 0.60*** 110,294 1 0.49 0 1
1.93 1.94%%* 110,225 2 0.39 1 3
1,216 1,168%** 110,294 1,036 586.80 350 3,800
0.39 0.35%%* 89,021 0 0.49 0 1
0.86 0.83*** 110,295 1 0.35 0 1
0.08 0.11%%* 191,956 0 0.28 0 1
0.43 0.49%** 191,956 0 0.50 0 1
0.41 0.20%** 191,956 0 0.48 0 1
0.07 0.17*+%* 191,956 0 0.28 0 1
0.25 0.52%%* 191,956 0 0.57 0 2
1.98 2.16*** 191,956 2 1.11 1 6
0.04 0.09*** 191,956 0 0.28 0 2
4.36 1.68%** 186,187  3.77 2.12 1.29 835
26.47 26.44 191,956  26.04 9.67 5.96  46.36
21.39 16.27%** 191,956 20 9.57 2 46
0.06 0.06 192,301 0.03 0.27 -0.51 1

Notes: Sample period is June 2002-December 2010.
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Table A.3: Information sharing and loan quality: Hazard model extensions and

alternative specifications

] ol E] 0 Bl 0
Functional form Cox proportional Exponential Weibull
Time structure Time-varying predictors
Post CRK*local competition — -0.301%* -0.247F% -0.268% -0.203%* -0.264* -0.200%
(1.97) (2.44) (1.72) (1.98) (1.71) (1.96)
Post CRK -1.332%%* -1.230%** -0.789*** -0.732%%% -0.922%%% -0.856***
(11.60) (15.41) (6.68) (8.82) (7.91) (10.41)
Local competition -0.0556* -0.102%** -0.0488 -0.0960%**  -0.0690** -0.119%**
(1.85) (4.57) (1.42) (3.87) (2.09) (4.96)
Local GDP -0.00675%**  -0.00746%**  -0.0140%**  -0.0145%**  -0.0114%** -0.0120%**
(4.57) (6.67) (8.61) (12.00) (7.13) (10.11)
Local stock index 0.0000192** 0.0000269*** 0.0000510*** 0.0000422*** 0.000120*** 0.000108***
(2.24) (4.30) (5.17) (6.14) (14.91) (18.90)
Loans/officer -0.00745%**  -0.00996%**  -0.00982***  -0.0117***  -0.00942%** -0.0116%**
(5.35) (9.27) (6.33) (9.99) (6.24) (10.10)
Borrower education -0.220%%* -0.250%** -0.238%** -0.251%** -0.238%** -0.253%**
(6.21) (9.00) (5.73) (8.27) (5.92) (8.55)
Borrower age -0.0135%%*  -0.0117%%%  -0.0151%**  -0.0131%**  -0.0146%** -0.0126%**
(11.58) (13.01) (11.50) (13.16) (11.48) (12.99)
Borrower female 0.0967*** -0.00291 0.0909*** -0.0203 0.0920%** -0.0146
(3.32) (0.14) (2.75) (0.85) (2.89) (0.63)
Urban borrower 0.189%** 0.118%** 0.216%** 0.148%** 0.226*** 0.153%**
(7.40) (6.11) (7.49) (6.96) (8.18) (7.43)
Stable income -0.162%%* 0.00546 -0.119%%* 0.0471 -0.132%%* 0.0299
(4.08) (0.18) (2.63) (1.43) (3.02) (0.93)
Interest rate 0.00102 -0.00726* 0.0111* 0.00732%* -0.00238 -0.00588
(0.17) (1.77) (1.68) (1.67) (0.38) (1.40)
Loan maturity -0.00681***  0.000831 -0.0183***  -0.00865***  -0.0130*** -0.00392%**
(4.26) (0.77) (9.52) (6.87) (7.12) (3.27)
Loan/income ratio 0.0464%*** 0.0387*** 0.0465%** 0.0355%** 0.0416%** 0.0323%**
(7.18) (8.47) (6.06) (6.77) (5.70) (6.41)
Loan immovable -0.460%** -0.493%** -0.550*** -0.572%%* -0.570%** -0.591+**
(3.66) (5.21) (3.87) (5.50) (4.18) (5.86)
Loan movable -0.0909 -0.0746 -0.160 -0.146 -0.145 -0.130
(0.77) (0.83) (1.19) (1.48) (1.12) (1.36)
Loan stock 0.105 0.138 0.0655 0.0922 0.0651 0.100
(0.88) (1.52) (0.48) (0.93) (0.50) (1.04)
Loan household -0.119 0.0207 -0.197 -0.0896 -0.111 0.00596
(0.93) (0.21) (1.37) (0.84) (0.81) (0.06)
Personal collateral 1.687+%* 1.787%%* 1.661%** 1.705%%* 1.731%%% 1.779%%*
(41.95) (63.91) (55.65) (39.71) (60.38)
Social collateral 0.141%%* 0.467*%* 0.383%** 0.123%* 0.433%**
(2.90) (12.73) (9.76) (2.36) (11.31)
Third-party collateral 1.991%%* 2.129%F* 2.119%%* 2.049%+* 2.134%*
(41.18) (64.11) (54.60) (36.52) (57.42)
First loan 0.683%FF 0.665%F 0.684%FF
(30.80) (27.35) (28.85)
Post CRK*First, loan -0.329%** -0.219%** -0.244%%*
(4.30) (2.70) (3.06)
Constant -3.737FFF -4.7T59%FF -3.192FFF -4 217FFF
(16.12) (28.08) (14.33) (25.72)
Alpha 0.624%** 0.633%**
(68.42) (89.28)
No. of obs. 356,131 1,119,122 356,131 1,119,122 356,131 1,119,122
No. of branches 15 15 15 15 15 15
Log-likelihood ratio -49,419.9 -101,919.4 -20,653.5 -41,799.5 -20,115.8 -40,842.3

Notes: This table shows the results of semi-parametric and parametric hazard models. 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 in an earlier month. A default event occurs when a borrower is at
least 30 days late in making a payment and the loan was eventually written of by EKI. The hazard function specifications are: Cox proportional
in columns [1] and [2], exponential in [3]-[4], Weibull in [5]-[6]. Models [1] to [6] are estimated on the period-loan dataset in order to allow for
time-varying predictors and mitigate bias due to tied time observations. Sample period: June 2002-December 2010. We restrict the sample to
irst-time borrowers in columns [1], [3], and [5]. Post CRK is a dummy variable that is "1" if the CRK was in place in a given quarter, zero
otherwise. Robust standard errors are clustered by loan, and z-statistics appear in parentheses. Local competition: Dummy variable that is '1°
if local credit-market competition is above the median level of competition as measured by 1 minus the HHI index where local market shares are
measured in number of branches. **¥, ¥* * correspond to the 1%, 5%, and 10% level of significance, respectively. Table A.1 in the Appendix
contains all variable definitions.
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