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Abstract

This paper examines the causal effect of additional credit on default rates using the universe
of formal credit from the Mexican Credit Bureau. We make use of a regression discontinuity
design over the credit score-based approval rules to generate exogenous variations in the prob-
ability of a credit card application being approved and credit expanded. In an effort to include
unbanked consumers, our bank experimented with lower cutoffs. We document that moral haz-
ard is substantial and concentrated in applicants with lower credit scores. We also document
default externalities as credit by the new bank increases default of the clients in their other
banks. The results suggests that moral hazard is important, that servicing lower income/score

clients is hard, and that sequential banking may lead to high default equilibria.
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1 Introduction

The expansion of credit is often a goal of governments and of profit seeking banks. The former
often worry that riskier and lower income segments of the population are underserved, while the
latter focus on middle and high income consumers often giving several loans to the same person.
Mexico is one such country where the government, and the central bank, have repeatedly com-
plained about the low private credit to GDP ratios, while seeking ways to increase credit access.

At the same time the recent financial crisis was a painful reminder that together with a credit
expansion there is a chance of default and systemic risk. Unfortunately we still know little about: 1i.
the elasticity of default with respect to credit; ii.if and how much this elasticity varies for different
consumers; and iii. the systemic effects (or default externalities) whereby the loan of one bank
causes default on other credit lines potentially from different institutions. In this paper we study
these three issues.

Although several recent papers have studied the credit-default elasticity (?, ?, and ?) they have
reached qualitatively different conclusions as we discuss below. This may be because they study
very different populations, different countries, and use different sources of variation and methods.
We document that there is substantial heterogeneity in the elasticity which could potentially explain
why the results may differ. Although ? have shown theoretically that the existence of a default
externality may lead to inefficient equilibria (with higher price of credit, more leverage, and more
default), we provide, to the best of our knowledge, the first convincing test of such effects at the
consumer level.

Our identification strategy relies upon quasi-experimental variations in the credit availability
through a simple regression discontinuity design. As the probability of obtaining a new credit card
is a discontinuous function of the credit score of the applicant, we are able to compare (obser-
vationally equivalent) applicants with credit scores slightly above and below of the discontinuity
point. That is, we take advantage of the fact that applicants to an anonymous Bank (Bank A here-
after) credit card in the neighborhood of the discontinuity points are essentially identical, but those
with credit scores above the set thresholds (unknown to the applicants) have a markedly higher
probability of obtaining the new credit card and therefore larger credit. Importantly, Bank A ex-
perimented with the threshold for obtaining a new credit card, moving it from 700 to 670 and then
680 in the credit score as they were trying to go down the market and serve lower score applicants.
These policy changes allow us to circumvent the local nature of RD estimation and to rigorously
measure the heterogeneity of the default elasticity, as we have treatment and control comparisons

at 3 levels of the score. Finally, since we observe all formal loans for a given consumer, we are

"'As in the US and other countries the credit score in Mexico measures the likelihood that a person defaults as a function of
credit behavior including previous defaults; it does not measure the credit-default elasticity necessarily. The Mexican credit bureau
score which Bank A uses was designed by Fair Isaac, which is meant to capture the probability of default (or 90 days delinquent)
in the next 12 months. In the US the horizon is typically 24 months.



able to study whether default and delinquencies are concentrated on existing, applied for, or new
loans we define the former as our main measure of externality.

The range of credit scores we study (between 640 and 730, which corresponds to about 44%
of the total applicants to Bank A) map to a significant range of incomes, in particular applicants
span from the second to the fourth quartile of the income distribution.> For example, In the US
this range would move a consumer between a (marginally) poor to a good credit score.® That is
to say the population we are studying is a relevant population for testing for the importance of
asymmetric information problems and credit expansion.

Our empirical analysis first assesses the validity of the RD strategy: (a) applicants from the
left and right of the thresholds are statistically ‘identical’ in observable characteristics, and that
density of the the credit score (or running variable) is smooth, suggesting it is not manipulated by
the applicants. We then show that the probability of approval increases by about 45 percentage
points just to the right of the score threshold, over a basis of 3pp to the left. This jump in the
probability of approval translates into an immediate 70% increase in the credit limit (on average)
or about MXN 16,000 (USD 970) for those who obtained the new card. Interestingly we find that
rejected applicants close to the threshold do not apply to other loans with larger probability than
approved applicants afterwards, as if they were somehow discouraged by their rejection. In fact,
the difference in the number of cards between our controls and treatments persists for more than
two years.

Using this exogenous variation in the amount of credit, we find that the overall probability of
default on a credit card increases by 6.6pp or 33% over a basis of 20pp for those who received
the Bank A card. Consistently with the substantial heterogeneity in the credit score effect we find
much larger increases at the lower threshold of 670, where the probability of default on a credit
card increases by about 17.4pp or 84% and no effect for the 700 threshold. Note that our empirical
strategy holds constant the selection of applicants (at the threshold) and gives more loans to some
of them quasi-randomly. Following ? and ? we call “moral hazard” any increase in default caused
by more credit when we hold fixed the population.*

There is substantial heterogeneity in terms of the number of cards: the effect of the increase in
credit on default rates is larger for individuals with fewer credit cards at the moment of application.
These results are fully consistent with a simple model of borrowing we present later, where we
allow for unobserved heterogeneity in the type of borrowers and for agents to make a rational

choice on their amount of effort (or expected probability of repayment) in a dynamic environment

2 Although not straight-forwardly comparable, in the US about 30% of those with a credit score would have a scores between
those two extremes.

3See https://www.creditkarma.com/fag/what-is-a-good-credit-score.

*In the papers cited larger debts imply less effort from the consumer as a larger part of the gains of this effort are captured by
the bank because it gets paid the larger debt with larger probability. Another channel which may lead to larger default is purely
mechanical —not strategic— as larger debts are less likely to be paid if income has an stochastic component. We will not separately
identify these channels.


https://www.creditkarma.com/faq/what-is-a-good-credit-score

where agents can access an increasing number of credit lines overtime.

Importantly, we test for the existence of a default externality. We find that for the lowest
threshold, the probability of default on an existing credit card increases by 11pp or 65% for those
who get a Bank A card. Similarly the probability of default on a pre-existing credit line (not a
credit card) for the same threshold increases by 16pp or 64%. To the best of our knowledge this
is the first clean test of the externality effect in the credit market. And the magnitudes suggest that
these externalities are large and merit careful consideration.

There are a number of recent papers on the issue of asymmetric information in the credit mar-
ket. However, the convincing identification of the extent of asymmetric information has proven
rather challenging. Since ? called for the need of more empirical work on documenting asymmet-
ric information, a number of papers have come to fore. Although it is fair to say that most of these
papers relate to insurance markets, recent contributions by 2, ?, and ? —to cite a few— study credit
markets. ? focus on microcredit costumers in South Africa and randomly vary current and future
interest rates and document that a 100 basis points decrease in the promised future interest rate
causes a decrease of 4% in default, but they find little effect of changes to current interest rates,
suggesting low moral hazard/debt overhang. ? are closer to us in that they focus on variation in
the quantity of credit instead of price variation. They focus on subprime auto loans in the US and
show that, conditional on selection, an increase of $1,000 USD in the size of auto car loans leads
to a 16% higher hazard rate of default. They also look at variation in prices and in contrast to ?
they find large moral hazard effects in this dimension. Interestingly, using an RD design in the
context of payday lending in the US, ? find the opposite: that a $50 USD larger loan leads to a 17
to 33 percent decrease in default. They interpret this as showing that greater liquidity may allow
for better debt management and timely payment.

Our paper differs from the ones mentioned above in several important dimensions. First, while
all the above study the subprime market, we study a market for middle income individuals. Second,
the percentage change in the quantity of the loan is much bigger than that used in the cited papers,
which may explain our larger default elasticity estimates. We are able to look not only at the
extensive margin of default, such as the probability of default, but also at the intensive margin,
i.e. the number of defaulted lines as well as the amounts defaulted upon. Third, we can study
heterogeneity of the response at different levels of the risk score and show that the widely different
responses may explain the heterogeneity of results in the literature. Fourth, the study uses an RD
methodology that gives clear variation in quantities, while ? use randomized price variation and
? use econometric techniques to isolate variations in loan amounts. Most importantly perhaps, we
are explicitly interested not only on default on loans within a given institution, but importantly also
on default externalities across all financial institutions. Our data allow us to study to what extent an

increase in the loan supply from one bank affects default rates in other banks and all types of loans.



This last point is important: ? show that default externalities may lead to inefficient equilibria and
high interest rates, although so far there is little evidence on the quantitative importance of these
externality effects in practice. Finally, we are able to look into long-term effects by following our
borrowers for up to four years and trace out the dynamics of delinquency and default.

Methodologically our approach is similar to ? who also use a discontinuity in loan size ap-
proval to study default on existing payday loans from the awarding institution. Our data however
contains larger changes in loan amounts in different parts of the risk score.”> ? also use a regression
discontinuity design where the running variable is the credit score, but they study moral hazard in
the securitization of mortgage portfolios.® Further a recent paper by ? use a design that is similar
in spirit to ours to estimate the Marginal Propensity to Lend (MPL) and Borrow (MPB) in the US
credit market.

The rest of the paper proceeds as follows: Section 2 describes the institutional features of the
market we study and the data used in the analysis; Section 3 presents the empirical strategy; Section
4 discuss the results; Section 5 develops a simple model for the interpretation of the findings;

finally, Section 6 concludes.

2 Context and Data

2.1 Some Background

A few facts on the Mexican credit card market are worth mentioning. The credit card market is
relatively underdeveloped, owing perhaps to a history of nationalization, privatization and recurrent
financial crises in the 1980s and 1990s, including the tequila crisis of 1994. To give a birds eye
comparison, even 10 years after this crisis, in 2004, there were 0.13 credit cards per person in the
country compared to 0.35 in Argentina, 0.38 in Brazil (?). After 2002, the number of credit cards
awarded grew rapidly, close to 9.9 percent from 2002 to 2008. However, due to the financial crisis,
growth stopped completely from 2008 to 2012. As of the early 2010’s the coverage rate was still
low: there were 30 cards per every 100 inhabitants in 2010, whereas there were about 120 credit
cards for each 100 US member of the population in that same year.” This is not only a feature
of the credit card market, in fact total credit to the private sector over GDP is close to 30% only,

whereas for developed countries it is above 100%.

They use $50 USD jumps in credit availability, while we use changes of about $1,000 USD (we use the 2010-2012 average
MXN to USD exchange rate of .08), amounting roughly to a 70% increase in the size of their total credit lines.

Two papers studying the credit card market are also related to ours. ? examines default risk as a function of the interest rate
offered and finds evidence of asymmetric information. He does not try to separately identify moral hazard and adverse selection
effects while we study only moral hazard (driven by adverse selection). ? study the elasticity of debt with respect to changes in
interest rates and credit card limits using an instrumental variables strategy. They find large marginal propensities to consume out
of credit line increases, however they do not look at how this affects default.

"See ? and ?.



For this paper’s purpose it is important to note that this growth came in no small way from
banks issuing new cards to existing cardholders: between 2006 and 2008 the number of cards
held by the average cardholder increased from 3.4 to 4.2 (?). The increase in the number of cards
has been accompanied by increases in default rates (although it is confounded also with the 2008
financial crisis): while the non performing card debt was 4.9% as a percentage of total credit
card debt in 2002, it was 12.2% in 2012. Part of the increase may be due to the incorporation of
(riskier) marginal borrowers who did not have cards before, while another part may have to do
with the awarding of cards to existing cardholders who may already have substantial debt. In fact a
non-negligible fraction of new cards are awarded to clients who already have cards. In 2006, 42%
of new cards went to people who already had at least one card.® Many Mexicans have more than
one card: in 2010 half the cardholders have one credit card, 20% have two cards, 11% have three,
7% have four and 12% have five or more. We suspect this is true in the US and other countries as
well.

Another noteworthy fact is that credit card industry is and has been highly concentrated. The
five largest banks held a steady market share of close to 90% from 2001 to 2012 in terms of the
number of cards and outstanding credit card debt. The average credit card interest rate has been
close 29 percent per year although there is substantial dispersion, while the government federal
discount rate (TIIE) has between 5 and 7 percent.” Compared to the US which has thousands
of credit card issuers, Mexico has only about 20. In Mexico only banks are credit card issuers.
Finally we should mention that credit cards are the main financial instrument for formal financial
inclusion in Mexico. ? documents that about 70% of first loans are credit cards (not personal loans,
mortgages, auto loans, etc).

Since we use the approval policies of one large bank to generate variation in total credit line
sizes, one may wonder whether we are sampling from a population that is very different from the
average. This turns out not to be the case. In order to compare the sample of applicants we use in
the analysis to the general population within this market, we drew a random sample of of 1,000,000
cardholders from the whole market for June 2010. It turns out that the basic measures of debt are

not that different from those of our RD sample.

2.2 Data

We rely on two main data sources. The first one comes from all the credit card applications made to

Bank A between March 2010 and April 2012 from applicants that were not already clients of Bank

8This number was 45%, 41%, 25%, and 20% respectively in 2007, 2008, 2009, and 2010.

9See the Reports by the Bank of Mexico (2014) Reporte sobre las condiciones de competencia en el mercado de emision de
tarjetas de credito.



A.'° The data contain all the information recorded by Bank A at the moment of the application
and used during the approval decision, including information on applicants’ credit score, date of
application, self-reported annual income (which we are now verifying with social security data),
gender, client status, and type of credit card applied for, some credit bureau information as well as
an id number that allowed us to merge it with the the credit bureau data. The data also include the
bank’s approval decision, type of card, and credit limit awarded in case of approval.

A crucial variable in our analysis is the applicant’s credit score at the moment of application,
as we will exploit such variable as our running variable in the research design. The credit score
is computed by the the credit bureau and sold to Bank A. We use exactly the same score that
Bank A used for its approval decision. The calculation of the score is similar to the ones in the
US (in fact the scoring method was designed by Fair Isaac, the leading credit scoring company in
the US), using the individual’s credit history, types and number of credits in use, and amount of
outstanding debt, among others. It does not use any information about the individual’s occupation,
income, employment history, gender, age, or geographic location. The range of the credit score
observed in our sample goes from 400 to 800. As it will be shown later, the bank’s approval policy
has a large discontinuity for some specific values within this range. More importantly, Bank A
changed the threshold twice during our sample period, so that ultimately we have 3 thresholds
which will allow the identification of our parameters of interest in multiple parts of the credit score
distribution. Observations with a cutoff of 700 points correspond to applications made in 2010, and
between January and April of 2011. Observations with a cuff of 670 correspond to applications
made between June and November of 2011, and observations with a cutoff of 680 correspond to
applications made between December 2011 and April 2012."!

We merge this Bank A data with a second dataset coming from the Credit Bureau that contains
the universe of loans for all these individuals. In this second dataset an observation corresponds
to a single loan, and for each loan we observe its type (mortgage, personal credit, credit card,
etc.), opening and closing date, the credit limit and debt at the time the snapshot is taken, the
current status of the credit (late payments, default, etc.) and the monthly payment history up to the
last 7 years. Such a data setting allows us to precisely measure all possible delinquencies in for
every month.'> While for variables on quantities such as current limit and debt we rely on up to

6 snapshots. This merging step only drops 4.5% of the original sample of applicants for which a

10The reason for excluding existing Bank A clients is that the bank’s approval rules with respect to applications from its existing
clients is less strict and thus no discontinuity in the approval decision can be exploited. We further restrict the sample by dropping
applicants with credit cards from other two banks. The problem with these banks is that they seem to be following a similar approval
policy to the one used by the anonymous bank, creating a discontinuity in the predetermined characteristics of our applicants. In
particular, they generate a discontinuity in the number of active credit cards just before the application at Bank A.

""'We discard all applications made in May 2011 because Bank A was experimenting with two simultaneous cutoffs, which made
the discontinuities in the probability of approval very small. We also discard a small set of observations where the same person
applied more than once to Bank A.

12A card is delinquent one month if the minimum payment corresponding to that month was not paid. In keeping with the legal
definition in Mexico and with most papers in the literature, a card is in default if it is delinquent for 3 consecutive months or more.



match could not be found.'?

Data on dates of opening and closing, and on the history of delinquency, which are our main
outcomes of interest are very precisely measured. The variables related to credit limits and debt
are a bit more problematic for several reasons. First, we do not observe monthly information for
these variables, just snapshots of the months when the credit bureau data was extracted. Since
card applications fall in different months, for each snapshot a different number of months elapsed
for different applicants.'* Second, the authorities (and banks) are very concerned with the amount
of on time payments in part because reserve requirements depend on this; they are less concerned
with the amount of debt partly because lacking a reliable measure of income no regulation depends
on leverage. Third, borrowers can legally complain about false positives in the case of default
which they see in their credit report, but the credit report does not show debt. Finally, debt is a
variable with unbounded support that tends to have high variance. This variance is exacerbated for
revolving loans like credit cards which can have different debt in different days, and the bank report
the balance on the day it uploads the information to the credit bureau, there is no legally determined
reporting date. We do report credit limits and debt as outcome variables subject to these concerns.
To reduce to some extent the variance of the outcomes, and to alleviate the measurement error, we
also report results for threshold dummy variables.

Originally we obtained two snapshots of information from the credit bureau in January of 2010,
before the thresholds we use were set, we use this snapshot to asses balance across the threshold(s).
i.e. across treatment and control groups, and December of 2012 to measure outcomes. These are
our main periods of study. We later obtained other snapshots from June 2012, June and December
2013, and finally April 2014, which we use in the later sections of the paper to asses longer term

impacts.!

2.3 Descriptive Statistics

The working sample we use is described in Table 1. Our sample comprises all applicants to Bank A
credit card who applied for a card between January 2010 and April 2012. Panels A and B show pre-
treatment summary statistics using data from Bank A, collected at the moment of application and
from the banking commission obtained for the January 2010 financial statement of the applicant.
We provide statistics on the pooled sample of applicants as well as by credit score thresholds (in
each column we include applicants with credit scores in the +-5 points range around the threshold).

It is important to point out that the sample we consider for our analysis, i.e. all the applicants

BThis occurs mostly because of typos in the registration of the applicant id number.
'“In all regressions we control for elapsed time since application.

15Using data several years after credit origination has a cost however. By law the credit bureau has to delete defaulted loans in
at most 6 years after default happens, but it can be as early as 2 years after default depending on the size of the amount defaulted.
This means that looking beyond two years may generate some attrition issues in our data.



to the credit card of Bank A with scores between 640 and 730, is not a small fraction of the entire
sample of applicants and in fact is quite heterogeneous in many respects, most importantly in credit
worthiness. It is also important to note that the distribution of the credit scores in the overall sample
of applicants is the following: 37% below 640, 55% below 670 (lowest cutoff), 59% below 680
(middle cutoff), 69% below 700 (highest cutoff) and 83% below 730.

The average self reported income of applicants is MXN 27,350 (about USD 2,200) per month
(unreported in Table), we will be using administrative data on income in later drafts. This level of
income would place our applicants’ sample in the top second decile of the overall Mexican income
distribution (?). However, given the large variation, the income distribution of applicants kept in
our estimation sample spans a large chunk of the Mexican income distribution, with most of the
observations concentrated in the 6th or higher deciles. The majority of the applicants are males
(57%). The population in the study has on average been in the credit bureau records for almost 8
years. The average applicant has debt of $34,732 MXN, which is higher for the 700 threshold, and
on average has 1.5 credit cards from different banks other than Bank A and 3.5 credit lines (these
include personal loans, car loans, mortgages, etc.) from all banks. The average credit card debt
is $7,949 MXN (about $600 USD). These applicants have access to other sources of credit since
credit card debt only represents 25% of total debt.

One of our main outcomes —and a proxy for moral hazard in many models— is default, which
is measured as a late payment past due for more than 90 days. We choose this measure since it
is the standard definition of default used by the Mexican authorities (and has legal consequences
in Mexico in terms of the ability to sue the client and in terms of reserve requirements) and in
the literature (?). However in the paper we also present results for payments that are between 30
and 60 days past due, which we call delinquency. Both definitions will show results in the same
direction.

The risk measures we use in Panel A consider default and delinquency in the 12 months before
application for each applicant, regardless of whether the card was still open at the moment of
application. On average 6% of applicants have defaulted in the year before they applied for the
new card, and on average 0.07 credit cards were in default in the same period. We also calculate
the share of cards in delinquency or default to be 5%. Measuring default as a share of cards will
help ease concerns about default being driven mechanically just by having more cards to default
upon for those above the threshold(s). The downside of using shares is that we might care about the
number, and probability of cards in default rather than the shares. These risk measure are inversely
related to the credit scores which is an indication that the credit score is a “sensible” screening

mechanism.'® If we focus only on credit cards that were active at the moment of application, in

1%1n order to avoid overlaps in observations across thresholds (columns) we only use observations that are at most a distance of
5 points from the respective cutoff in this Table.



Panel B, we see that only 1% of them were in default in January 2010. If we focus on a less severe
measure of delinquency we see that 2% credit cards were delinquent.

In Panel C we show some descriptive statistics which apply to approved cards. Bank A’s data
shows that around 30% of all applications were approved with an average credit limit of $15,502
MXN ($1,400 USD). This change in credit limit is substantial as it represents about 65% of the
sum of the limit in all cards 30 days before application. We view this large shock as an advantage
of the paper over previously cited literature and a possible reason why we are finding large effects
on default. Two things suggest that applicants are credit constrained, beyond the fact that they
applied for loans. First, interest rates are high at 37% per year'’. Second, on average people are

getting about 20% lower amounts of credit than what they actually requested.

3 Empirical Strategy and Methodology

The wealth of data and the clear rules for obtaining a Bank A credit card give us the opportunity to
apply a simple (fuzzy) regression discontinuity design approach for the identification of the moral
hazard problem in the credit market, and to document the risk of furthering financial inclusion and
expanding credit. (?, ? and ?).

The probability of obtaining an extra credit card, i.e. an extra line of credit, changes discon-
tinuously at a Bank A established threshold. Interestingly that threshold has been modified twice
by the bank so that we have in fact 3 thresholds with heterogeneous populations, starting from
the more credit-worthy (score 700) to the less credit worthy (score 670). The reason for this is
that Bank A tried to serve costumers in these lower scores only to find out that it was not a prof-
itable strategy. These different thresholds allow us to analyze whether the effects of extra credit
are heterogenous across the credit score distribution. In fact, there are good reasons to expect the
default and delinquency rates to be differential across the score distribution, since the scope of the
credit score is to reflect credit worthiness. This point will be made more formally with the aid of a
simple model in section 5. Note however that there is no necessary connection between the level
of predicted default and the treatment response to more credit (a cross-partial derivative basically).

In the empirical analysis we proceed with the typical RD estimating equation:

yir = a + B1 (scorey > score;) + f(scorey; v, vT) + X'€+ e, (1)

where the parameter of interest is 5. This is the estimate of the local Intent-to-Treat (/1T

effect, which is identified by the fact that ¢;;, as well as all the possible observables X's, are

"This is above the interbank rate (TIIE) which is about 4 percent; it does not include fees as in APR in the US.



continuous at the threshold score;. In order to accommodate potential differences away from the
discontinuity point, we control for a third order polynomial in the running variable indicated by
the function f(.,.,.) where we allow the shape of the polynomial (but not the degree) to vary on
the left (v ™) and right (v ™) of the discontinuity. We will later provide a series of robustness checks
with respect to the f(.,.,.) function. In practice, since we have multiple discontinuities along the
credit score, we estimate 3 different /'T7"s, one for each threshold. In the baseline estimations we
allow for a different cubic polynomial for each of the thresholds.

As our design is a “fuzzy” one, i.e. not all applicants above the thresholds are given a card's.
Since we are also interested in estimating the effect of actually obtaining a card (i.e. in the local
ATT), we instrument the endogenous variable (i.e. Bank A’s approval of the credit card applica-
tion) with an indicator variable that is equal to one if the applicant’s score is above the correspond-

ing threshold. The two-stage representation of this strategy is the following:

CRy; = aj+ Bil(scorey > 5cores) + f(scorey, 07,07) + e, 2)

Yie = ag+ BCRy+ f(scorey, v, 7+) + Nit.- 3)

We will discuss the parameters of interest as we go along with the analysis. At this point we just
want to mention that although the analysis presented in the main tables is performed through para-
metric regressions where we control for third-order polynomials on both side of the discontinuity,
the Appendix D shows a battery of robustness checks with respect to bandwidth selection, includ-
ing the optimal “IK” bandwidth (?), nonparametric estimation, and different functional forms for

f(.,.,.), as well as adding a set of controls. The results show substantial robustness.

3.1 Validity of the Design

We present a series of visual, and formal, tests of the three main assumptions underlying the RD
design: first, we show that the probability of obtaining a credit card is discontinuous at the thresh-
olds; second, that the density of the credit score (the running variable) is continuous around the
thresholds; and third, that an extensive set of applicants’ characteristics (the X's) are continuous
at the thresholds."

8Bank A told us that after passing the credit score threshold they take into account other variables in the decision.

We provide a similar analysis by number of credit cards held at the moment of application, as part of our analysis of heteroge-
neous effects, in Appendix C.

10



3.1.1 Discontinuous Probability

As one can see in Figure 1 the discontinuity in the approval probability is quite stark at the thresh-
olds. When we pool all of them together, we see that on average the probability of obtaining a
credit card to the left of the thresholds is virtually 0, while it sharply jumps to about 0.45 just to the
right of the discontinuity. Such differential probability of receiving a credit card is fairly similar
over the three different score thresholds, in fact we cannot reject that the jumps are statistically the
same, as can be seen in the first column of Table 4. Essentially the probability of getting a new
line of credit is about 45pp higher for someone who has a score just above the threshold rather
than just below the threshold. It is also clear that our design is a fuzzy discontinuity design where
not everyone just above the discontinuity point gets a new credit card, therefore one can estimate
either the local I'T'T or the local ATT by IV. We produce both sets of estimates in the sections
below.

The fuzziness in the design, on the right hand side of the thresholds, arises from a set of rules
imposed by Bank A. In particular some extra criteria in terms of observable characteristics such as
income, existing credit lines, and limits play a role in the approval process. We are not at liberty
to disclose or use the exact criteria employed by Bank A in determining approval to the right hand
side of the thresholds. However, what is crucial for identification is that even controlling for all
those criteria the discontinuities are essentially the same as the sequence of conditions imposed
starts off with the credit score. That is why all other applicants’ characteristics are balanced at the

thresholds as we show below.

3.1.2 Applications’ Density

Another assumption that needs to hold for the RD design to be valid, is that applicants do not have
the ability to precisely manipulate their credit score in order to precisely sort themselves around the
discontinuity thresholds (?). Figure 2 shows the histograms of the standardized credit score in our
pooled sample and in each subsample. The figures include the results of a parametric version of
the test presented by ?, in which we formally test whether there is a discontinuity in the density of
the credit score at the cutoff values. As it can be seen, there are no noticeable discontinuities in the
density at the three cutoff values. For example the McCray’s test, which tests the null hypothesis
is of no discontinuity, has a p-value of 0.34 for the pooled sample. The same statistics equals 0.36,
0.66, and 0.4 for the 670, 680, and 700 thresholds, respectively.

3.1.3 Balance of Applicants’ Characteristics

A third test of the validity of the research design is that the characteristics of the applicants on both

side of the discontinuity are statistically identical. We perform such tests on the available variables,
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graphically in Figure 3, and in a regression framework in Table 2. For brevity we present in the
main text only the figures for the pooled sample, while the tables produces the relevant statistics
for both the pooled sample and the different thresholds. The corresponding figures for the different
thresholds can be found in the Appendix B.1. As can be seen in the Figures and Tables we cannot
detect any statistically significant difference between applicants’s traits (at the time of application)
to the left and right of the discontinuity point, for the pooled sample, on income, gender, tenure
in the credit bureau, number of credit cards, number of credit lines (including loans) and amount
of credit available. Such results are essentially confirmed when we split the sample according to
the different thresholds, aside from two marginally significant differences at the 10% level for the
share of male for the 680 threshold, and tenure in the bureau of about less than half-a-year for the
700 threshold.

Further, we test for differences in those variables that will be our main outcomes of interest in
the analysis to follow, i.e. several measures of delinquency and default. The picture presented in
Figure 4 and in Table 3 is that overall individuals to the left and right of the thresholds do not appear
to be different in terms of delinquency and default. Only the number of cards and probability of
2 months delinquencies appear marginally (at the 10 percent level) statistically different at the
threshold for the pooled sample, while no differences are detected for the 3 thresholds separately.

Overall, we take these results as consistent with the identifying assumptions, i.e. quasi-random
assignment at the threshold, where a few points difference in the credit score do not reflect almost
any differences in observables. This results leads us to conclude that individuals in the neighbor-
hood of the threshold are essentially identical, while the probability of obtaining a new credit card

for those to the right of the threshold is about 45pp larger.

4 Main Results

4.1 Effect on Credit Card Availability, Credit Limit and Debt

The previous section gives us confidence in the ability to identify potential informational frictions
in the credit market. We are able to investigate their relevance for the financial inclusion of the
middle class as well their externality effects on the pre-existing credit lines, a crucial issue for the
credit sector.

We first show the probability of approval, and number of credit cards 30 days after application.
We will then consider the impact on the available credit and debt on all the cards before application
and acquired after by December 2012, the first ex-post snapshot of data where we can look into
both credit limits and debt balances. Further, in order to easy the concerns on measurement we also

show the probability of credit and debt being above median. We note, as already mentioned, that
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for the monetary quantities of credit and debt we need to rely on the different snapshots available
to us, while for the measures of default and delinquency we have continuous time information as
we will show later in section 4.2 where we look into the dynamics of delinquency and default.

The first two columns of Table 4, as well as Figure B1.4, confirm the discontinuity in the
probability of approval for the new credit card for individuals who are just above the specified
threshold in terms of credit score. The probability of obtaining a new card increases by about
45pp for the pooled sample, while the number of credit cards owned mechanically increases by
about 1 for those who obtain the new card and given that 45% of the applicants get a new card
that essentially translate into the .45 effect of column two of Table 4 and Panel (a) of Figure B1.4.
This also suggests that the thresholds set by Bank A are not crucial for obtaining (once applied for)
other cards, otherwise the number of new cards on average would be “substantially” larger than
.45. While confirming the validity of the design those results are not unexpected as they are almost
mechanical.

As we do not observe the immediate increase in credit limits and debt, due to the data structure,
we can easily apply a back of the envelop calculation on the increase in credit limit as we know
from the results in column 1 and 2 of Table 4 that applicants to the right of the discontinuity will
have a 45pp increase in the probability of obtaining the new credit line from bank A. This means
that we can compute the average ['7"I" for credit limit by simply multiplying the probability by
the amount of the credit limit which we observe in our data from Bank A: from Table 1 we have
that the approved credit limit is about 16,000MXN (1,300 USD) therefore the immediate increase
in credit limit is /'7"T'(credit limit)= .45 x 16,000 = 7,200MXN or about a 30% increase over
the existing total credit availability. Obviously, the increase in the credit limit for those who are
actually approved is exactly 16,000MXN or about a 70% increase over the existing limits. This is
to say that the increase in credit limit is actually a substantial increase.

Similarly, we find a sustained increase in the credit limit if we look at all the active cards by
December 2012 for the lowest threshold but not for the others. In general we see a substantial and
significant increase in credit limits and debt for the lowest threshold either if we look at different
measure of credit availability and debt as we do in Table 4.

It is also interesting to notice that on existing cards before application it seems that the control

group somewhat obtaing slightly larger credit limits (column 7).

4.2 Effect on Delinquency and Default

Baseline Results
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4.2.1 Effect on Delinquency and Default: All Lines

In Figure 7 below we show the effects on default and delinquency for either those applicants with
score (slightly) above the thresholds (/77") or those who actually get a new card (AT'T). In partic-
ular we can see a pretty clear increase in the number of cards ever 2 months delinquent for the two
lowest thresholds as well as for the pooled sample. The effects are decreasing over the score distri-
bution, i.e. the effects are largest for the applicants around the 670 threshold. The relative 771" ef-
fects with respect to applicants whose scores are zero to five point below the thresholds (the means
for the dependent variables are found at the bottom of the table) vary from 40% (.084/.381) for
the pooled sample to about 57% (.188/.331) for the lowest threshold. The corresponding A7"I" are
clearly larger in magnitude, as the AT'T is essentially the ITT/Probability of a new card (roughly
in order to get at the magnitude of the ATT"s we should just multiply the /7T"s by 1/.44 ~ 2).

A similar picture emerges if we look at the extensive margin: the probability of having a card
being 2 months delinquent. The average ['1"1" effect is .0415 (or an increase of 20%) and again
the effect is largest for the 670 threshold: .107 over a basis of .217 for the just below 670 (or
about 50% increase). Once again, the AT7T"s are about double the I77T"s. Importantly, we find
that the effects for the 700 threshold are smaller and insignificant, reflecting the importance of the
heterogeneity in types along the distribution of scores.

As mentioned before, the prior two measures of delinquency (and similar measures for default)
are plagued by some potential mechanical effects as the number of cards (or credit lines) increases
differentially across the thresholds. We therefore present also a measure of delinquency and default
which is immune from such mechanical effects: the share of cards or credit lines that exhibit the
delinquent behavior. If we turn to such a measure as in the next column of Table 5, we get the
same heterogenous effects where the increase in delinquency is largest for the 670 threshold. For
that sample, we estimate an increase in the share of delinquent cards of .072 over a counterfactual
mean of .158 (a 45% increase). At the same time we do not detect any significant effect for the
pooled sample, and for the 700 threshold we detect a smaller but significant fall in the share of
delinquent cards. We have similar effect if we look at our measure of default.

Importantly, in the last 3 columns of Table 5 we start to analyze the externality effects of an
additional credit line. There, we analyze the behavior of different credit lines, not credit cards, and
therefore not the new line offered by Bank A. We find that the probability of default for credit lines
that are not credit cards (and therefore not the Bank A new card) increases substantially for the
670 threshold by more than 25% for the ITT and therefore more than 50% for the ATT. We will
dig deeper into the externality effects in Table 6, where we analyze the impacts on existing credit
cards and credit lines at the moment of application. These latter results are quite important and
provide a first empirical test of the externality in sequential banking in the presence of asymmetric

information.

14



4.2.2 Effect on Delinquency and Default: Externality Effects on Existing Lines

We devote this section to the study of the externality effects of an increase in credit limit on pre-
existing credit lines. First, we can show that the there is no differential increase in credit availability
on existing lines at the moment of application nor by December 2012, so that if we see any effect
on those pre-existing credit lines it will entirely be due to the existence of the externality and not
to the direct effect of an increase in credit limit on those lines nor to a price effect. Table 6 follows
a similar ordering of outcome variables as Table 5, but focuses on the default of credit cards that
were active at the moment of the application. What emerges from a look through the different
measures of delinquency and default is a substantial increase in the likelihood of being delinquent
as well as defaulting on other credit cards or credit lines already open at application. In particular,
our most robust measures, based on the shares of CC delinquent, CC defaulted, and other than
credit lines defaulted, all show a substantial positive effect (more delinquency and default) for the
lowest credit score. This result is consistent with a substantial degree of heterogeneity along the
distribution of the credit score, with worse types the lower the credit score. Focusing on those
measures, we see an increase in the share of credit card delinquent for the 670 threshold by .063 or
about 40% for the I7"T", which translate into a increase in the share of delinquent cards for those
who actually obtain a new card of about 84%.

Interestingly such result is confirmed for a harsher measure of behavior, i.e. share of credit
card in default (for existing card) increases by about 5.84pp or 40% for the 670 threshold for the
ITT, and by 12.4pp or more than 80% for the ATT. No significant effect is found for higher
thresholds. Not only the externality effect appears on credit cards but also on all credit line open
at time of application. For example, if one looks at the effect on the share of defaulted credit lines
(not credit cards) that shows an increase by 6.3pp or 35% for the 670 sample. Overall these set of
results show a very significant and robust externality effect of an increase in credit limit given by
other financial institutions on existing credit lines. To our knowledge this paper provides the first
convincing test of the existence of such externality which clearly is not fully internalized by the

financial institutions as the results on delinquency and default in Table 6 show.

4.3 Heterogeneous Effects by Number of Credit Cards at Baseline

Our conceptual framework which we will discuss in detail in Section 5 is based on potential bor-
rowers of different types, not fully observable, who have differential costs of repayment for any
given level of debt. These borrowers face in each period the decision to repay their debt and
improve their likelihood of obtaining extra credit, which contributes to their consumption. This
set-up leads directly to at least two interconnected testable implications on default and delinquen-

cies: decrease of delinquent behavior i. in the credit score, and ii. in the number of credit cards (or
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lines). In practice a well behaved borrower, which typically is a good type, will repay with higher
likelihood and as such have a larger number of cards (in turn, this will also imply higher credit
score for better types who are also more likely to repay). In the previous sections we tested for the
first of these two implications, i.e. delinquencies decrease with credit score, below we tackle the

second implication.

4.3.1 Effects on Credit Availability and Debt by Number of Credit Cards

We first present the distribution of credit cards held in our population in Figure 8. At the moment
of application, consumers hold 1.5 credit cards on average. However, about 30% of consumers
hold no credit card at the application date, about 25% hold 1, 18% hold 2, 12% hold 3, 5% hold 4,
and about 5% hold 5 or more credit cards. We describe the characteristics of the sample based on
credit cards held at time of application in Table C.1. The number of credit cards held increases with
income, and tenure in the credit bureau. At the same time, total credit (debt) also increases with the
number of credit cards, while consistent with our theoretical framework default and delinquency
fall with the number of cards. This is consistent with the fact that financial institutions are able to
discriminate across consumers also based on their credit score, which increases with credit cards
held. Also consistently with a sensible credit market and screening mechanisms, the limit approved
and interest rates charges fall with number of credit cards.

We proceed by interacting our parameters of interest with a quadratic polynomial in the number
of credit cards at baseline. The reason for proceeding in this fashion, rather than with a fully non
parametric specification, is that we would have no statistical power left if we were to cut the data
by number of credit cards and score (we would have more than 40 cells, 3 scores by 15 possible
credit cards). Obviously some of the cells would be sparsely populated, in fact slightly above 10%
of the overall sample has 4 or more credit cards. The IV results are presented in Tables F.1 (for all
credit cards) and F.2 (for credit cards active at the moment of application only), and Figures F.1
(for all credit cards) and F.2 (for credit cards active at the moment of application only).

The effects can be summarized in the following statement: default and delinquency increase
substantially (and significantly) for those with lower scores and with fewer existing credit cards at
the moment of application. However, for customers with higher scores and larger number of cards
it appears that the effects are negative and significant on default and delinquencies. These latter

consumers seem better able to buffer shocks and possibly transfer balances across cards.

4.4 Elasticity of Defaults to Credit Availability

TO BE WRITTEN TABLE 7 AND 8.
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5 A Simple Theoretical Framework

The previous sections showed that the effects of an additional credit card on default rates are
heterogeneous in two aspects: the credit score threshold used by the bank and the number of credit
cards the applicant had at the moment of application. That is, the moral hazard effect was found
to be stronger for applicant’s with lower credit score thresholds and with fewer number of credit
cards at the moment of application. In this section, we present a stylized model that combines both
results in a unified framework.

We present a very simple model in a dynamic setting with multiple credit lines overtime. This
is a partial equilibrium model in which banks play no direct role. An infinitely-lived consumer tries
to get access to credit in each period in order to be able to fund a project. At the beginning of each
period a consumer enjoys a utility that depends on the number of (identical) credit cards available
from the previous period. At the end of the period, he makes a repayment decision by choosing
the an effort level p, which is equivalent to the probability of repayment. The repayment choice is
simplified to two options: repay all cards or default at most one card. Repayment is costly and the
cost of repayment is given by a cost function v (p; #), which satisfies v, > 0, v; > 0 and v, , > 0.
The parameter ¢ can be interpreted as the type of the consumer, with higher  representing a higher
cost of repayment for a given level of p.

The banking sector works in the following way. After the consumer made a repayment deci-
sion, he goes to the credit card market to apply for a new card. New applications are not always ap-
proved. Banks approve new applications with probability ¢, which is a function of the consumer’s
repayment behavior in the last period. If the consumer repaid his previous debt the application is
approved with probability ¢, and with probability ¢; < ¢; otherwise. The difference in these
probabilities mimics the role of the credit score, which is a function of past behavior but not of
types. This assumption is not unreasonable, given the way actual credit scores are computed. The
difference in approval probabilities could also capture the relationship between the credit score of
the applicants and the approval policies of banks for different values of the score.

The value of a consumer in possession of n credit cards in period ¢ is given by

Vi (n) = maxu (n) — v (5:0) + B0 (64 Virr (n+1) + (1= ) Vi (n) — Rn)

p

+ (1=p) (@Viga (n) + (1 = é) Visa (n = 1) = R(n — 1))]

where (3 is a discount factor, R is the gross interest rate payed on credit cards and u (n) is the flow

utilities of having n credit cards, satisfying v’ > 0 and u” < 0.2° In order to induce a strictly

This is a way to represent the value of credit cards in a reduced form. One could microfound this preference in a simple
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positive holding of credit cards we assume that «/(0) = oo and v/(0;60) = 0. With probability p
the credit gets repaid and with a probability ¢;, the application gets approved, so the future value
of the consumer goes from V;, (n) to Vi1 (n + 1). Similarly, with probability 1 — p the loan is
not repaid and a credit card is lost, but with probability ¢; the consumer gets a new credit card and
the value goes from V;; (n — 1) to Vi, (n). The first order condition of the repayment problem

is given by

>3 gp*_; O < BWier (1) = R+ 60 (Vis (0 + 1) — (Vi (1))

—(Vin(n=1) = R(n = 1) + & (Vera (n) = Viga (n — 1))

The consumer will increase the probability of repayment until the marginal cost equals the marginal
benefit, given by the difference of the value of repayment and keeping n credit cards with the value
of not repaying and loosing a card. Given our assumptions, the comparative statics with respect to

0 are straightforward. Since the right hand side of the FOC does not depend on p, we have:

op(0) _ v (pi0) /520 (p;9)
00 Opdl 0?p

Thus, consumers with higher cost of repayment will choose lower probability of repayment

<0

(i.e., will default more often), which will in turn imply lower holdings of credit cards on average
by the effect of a lower credit score on the probability of approval of new credits. Our empirical
results can be interpreted within the implications of this simple model. Even though for a given
bank-chosen threshold in the credit score the total population is similar across the threshold value,
there is variability in the average characteristics of individuals (or types) across thresholds, with
applicants near the 670 threshold having higher type (€ in the model) than those near the 680 and
700 thresholds. Thus, differences in types are responsible for the heterogeneous effects across the
three thresholds. Our model also predicts that individuals with higher cost of effort also have a
lower number of cards (on average) due to the impact of default decisions on the applicant’s credit
score. This would explain the negative correlation between the number of credit cards and the

moral hazard effect.

6 Conclusions

This paper studies the effects of credit expansion and inclusion to the Mexican middle class using

a set plausibly exogenous shocks to the credit availability of borrowers. Those shocks are large in

Aiyagari economy ?, in which the borrowing limit is defined as the number of credit cards available from the last period. Then,
u (n) would represent the indirect utility as a function of the borrowing limit.
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magnitude, i.e. about 1,000USD of extra credit or 70% increase over the existing limits. Exploiting
those variations we are able to find support for a simple model of adverse selection driven moral
where borrowers differ in type and repayment actions, we show that worse types of borrowers will
end up with a lower number of credit lines and default more often than good borrowers. The effects
in terms of default are quite large and could explain why there is a substantial amount of rationing
in the credit market just below certain levels of credit worthiness, in a similar vein to ? and ?. In
fact the behavior of Bank A is totally consistent with our findings, as default increases noticeably
for the 670 threshold over the 680, the Bank decided to raise the threshold to 680, while 700
seemed too high of a threshold given that from the very start there was no evidence of differential
default.
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Table 1: Summary Statistics

Score Cutoff P-value
All 670 680 700 670=680 670=700 680=700
Panel A: Pre-treatment Credit Characteristics
Credit Score 689 671 680 700 0000 0000  0.000
(13) 3 3) 3)
Tenure in Bureau (Years) 717 80 78 76 0304 0009 0142
(@.75) (506) (499  (45)
# of non-Bank A CC 30 days before 153 148 147 158 0876 0095 0043
(1.75) (164)  (15)  (1.89)
# of Active Credits 30 days before 362 385 371 349 081 0000 0010
28) (284)  (262)  (286)
CC Debt (MXN) 7949 7242 6052 8861 0042 0004 0000
(14720)  (14276) (12652) (15464)
Total Debt (MXN) 34732 30865 27623 38542 0164 0001  0.000
(59141)  (55087) (52066) (62409)
Total CC Limit 24278 22306 22374 25930 0959 0006  0.003
(38645)  (35860) (34423) (41392)
#CC in Default} 6 months before 003 003 003 002 0383 0043 0330
0.18) 021) (019  (0.16)
Probability of CC Defaultf 6 months before 002 003 002 002 0406 0089 0447
(0.15) 017) (015 (0.14)
Share of CC in Defaultf 6 months before 002 003 002 002 0246 0157 0971
0.13) 0.15)  (013)  (0.13)
#CC in 2 months delinquencyt 6 months before 002 003 001 001 0071 0002 0280
©.11) 015)  (0.1)  (0.09)
Probability of CC 2 months delinquencyf 6 months before 002 003 002 001 0074 0000 0.4
(0.13) 017) 014  (0.12)
Share of CC in 2 months delinquency 6 months before 0.02 003 002 002 0035 0002 0484

(0.15) 0.19)  (0.14)  (0.14)

Panel B: Active cards at the moment of application

#CC in Default} 002 002 002 001 0461 0.008 0
0.13) 0.14)  ©17) (1)

Probability of CC Default} 001 002 002 001 0546 0.005 0
©0.12) 0.14)  (0.15)  (0.09)

Share of CC in Default} 002 002 002 001 0861 0019 0019
©.11) 0.13)  (0.12)  (0.09)

#CC in 2 months delinquency} 0.03 005 004 002 0523 0 0
0.19) 022) (023 (0.14)

Probability of CC 2 months delinquencyf 003 005 004 002 0207 0 0
©.17) 022)  (02)  (0.12)

Share of CC in 2 months delinquency} 003 005 004 002 0.062 0 0

(0.16) ©21)  (017)  (0.12)

Panel B: Applications

Approved 028 033 024 028 0000 0002 0003
(0.45) 047)  (043)  (045)
Amount Requested (MXN) 19220 16104 15718 22063 0542 0000  0.000
(17444)  (17363) (16273) (17512)
Approved Amount (MXN)** 15502 16412 16321 14766 0906 0022 0.031
(11760)  (11456) (10216) (12421)
Interest Rate (%) 37.06 3719 3733 3690 0641 0480 0294
(6.4) (485)  (389)  (7.69)
N 6186 1260 1580 3337

Notes: This table presents summary statistics of our sample of applicants that had a credit score within the +/— 30 points range
around the threshold at the moment of application (means and standard deviations). The first column reports summary statistics
for the pooled sample. The last three columns report summary statistics for each of the three sub-samples. Observations with a
cutoff of 700 points correspond to applications made in 2010, and between January and April of 2011, observations with a cuff of
670 correspond to applications made between June and November of 2011, and observations with a cutoff of 680 correspond to
applications made between December 2011 and April 2012. { The variable was constructed using the information of all the credit
cards that were open at some time during the year previous to the bank’s decision.  We only consider the credit cards that were in
fact active at the moment of the decision. ** Conditional on approval.
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Figure 1: Percentage of Approved Applications by Score and Cutoff
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Notes: The figure presents the percentage of credit card applications that were approved by the bank for each pair of values of
the credit score. It also presents a polynomial fit of degree three to the raw data, allowing the intercept and the coefficients of the
polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its
assignment process.
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Figure 2: Distribution of Credit Score with a Polynomial Fit
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Notes: The figure presents the frequency distribution of credit scores in the population of applicants. The size of each bin corre-
sponds to one point of the credit score. Panel (a) shows the histogram for the pooled sample with the score standardized so that
0 equals the threshold score for each subsample. Panels (b), (c) and (d) show the histogram of the raw score for each subsample
separately. The blue lines represent two approximating third order polynomials at each side of the threshold (for the 670 sample we
included a fourth order term). We also report the value of the discontinuity at the threshold as a percentage of the mean frequency
and the p-value of the discontinuity.
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30. Panel (a) presents the logarithm of each applicant’s income, panel (b) refers to the
percentage of males in each score, panel (c) to the years each person has been in the bureau and panel (d) to the number of active
credit cards they had 30 days before. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the
coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used

Figure 3: Pre-Treatment Characteristics
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Figure 3: Pre-Treatment Characteristics
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between standardized scores of -30 and 30. Panel (e) presents the number of active credits each applicant had 30 days before the
application, panel (f) refers to the logarithm of the total lines they had before, panel (g) to the logarithm credit card debt held by each
person. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the polynomial
to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its assignment
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Figure 4: Pre-Approval Outcome Variables
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30. Panel (a) presents the number of credit cards with two months delinquency at the
moment of application. Panel (b) is a indicator variable which is equal to one if the person had a card with 2 months delinquency.
Panel (c) is the share of cards with two months delinquency. Panel (d) Is the number of cards ever in default before the application
(up to 84 months before), where default is defined as late payment of 3 or more months. Panel (e) is a variable indicating wether
the person ever had a credit card in default. Panel (f) is the share of credit cards that have ever been in default. It also presents a
polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the polynomial to differ in both sides of the

Pooled Sample

40

-20

Score

20

40

(b) Probability of credit card with 2 or less

months delinquency in the last 6 months

Pooled Sample

Score

(d) Number of credit cards ever in default
in the last 6 months

Pooled Sample

o
S
[ro)
S
.
S
0
31 *e )
.
. . 2 .
° e o
oA
T T T T
-40 -20 0 20 40
Score

(f) Share of credit cards in default in the
last 6 months

threshold. The vertical line located at O represents the cutoff value used by the bank in its assignment process.
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Figure 5: Effect on Credit Cards and Limit Availability
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Notes: The figures presents the mean of number of credit cards one month after application, credit card limit and debt in 2012,
and additional enquiries in the following six months. For each pair of values of the standardized credit score between standardized
scores of -30 and 30 for the pooled sample of applicants. It also presents a polynomial fit of degree 3 to the raw data, allowing the
intercept and the coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents the
cutoff value used by the bank in its assignment process.
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Figure 6: Effect on Different Measures of Delinquency
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Notes: The figures presents the mean of several measures of default for each pair of values of the standardized credit score between
standardized scores of -30 and 30. Panels (a) and (b) show the average across applicants of the number of total credit cards that
were 3 months delinquent at any point in time since the date of the application to December 2012, (a) includes all open CC whereas
(b) is only for CC already open at the moment of application. Panels (c) and (d) show the average across applicants of the number
of total credit card that were ever in default since the date of application, (c) includes all open CC whereas (d) is only for CC already
open at the moment of application. Panels (e) and (f) show an indicator variable indicating whether the applicant defaulted in any
of his/her credit cards since the date of application, (e) includes all open CC whereas (f) is only for CC already open at the moment
of application. All present a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the polynomial
to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its assignment
process.
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Figure 7: Effect on Different Measures of Delinquency
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Notes: The figures presents the mean of several measures of default for each pair of values of the standardized credit score between
standardized scores of -30 and 30. Panels (a) and (b) show the average across applicants of the number of total credit cards that
were 3 months delinquent at any point in time since the date of the application to December 2012, (a) includes all open CC whereas
(b) is only for CC already open at the moment of application. Panels (c) and (d) show the average across applicants of the number
of total credit card that were ever in default since the date of application, (c) includes all open CC whereas (d) is only for CC already
open at the moment of application. Panels (e) and (f) show an indicator variable indicating whether the applicant defaulted in any
of his/her credit cards since the date of application, (e) includes all open CC whereas (f) is only for CC already open at the moment
of application. All present a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the polynomial
to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its assignment
process.
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Figure 8: Histogram of Number of Credit Cards at the Moment of Application

Fraction
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Number of CCs Before Application

Notes: This histogram represents the number of credit cards each applicant had active at the moment of application.
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Figure 9: Effects of Credit Card Availability over Time
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Notes: This graphs represents the effect of an applicant being above the cutoft on the number of credit cards for different months
before and after the application. The effect is estimated by obtaining each variable through time and then making an OLS regression
with being above or below the cutoff.
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Figure 10: Effects of Credit Limit, Debt and Default over Time - 670 Cutoff
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38
Notes: This figure represents the effect of an applicant being above the cutoff on the number of credit cards for different months
before and after the application for the sample which had 670 points as their cutoff. Panels (a) and (b) are the effect on the number
of cards in default on all the cards and on the cards already open at the moment of application respectively. Panels (c) and (d) are
the effect on an indicator variable which represented if the person had a card in default on all the cards or on the cards already open



Figure 11: Effects of Credit Limit, Debt and Default over Time - 680 Cutoff

X T
15 20 25 -10 -5 0 15 20 25

5 10 5 10
Months Months

(a) Defaulted cards by month (Cumulative) t (b) Defaulted cards by month (Cumulative) I

T
15 20 25

10000
15000

/
\

10000
/

5000

5000

e S
o+ // S~
/// \\\ o
- S~ =1 N
- ~o QA ~
- ~< - © S~o
o \‘\\\\\ ///// o S~ -7
Jan-10 Jun-12 Dec-12 Jun-13 Dec-13 Apr-14 Jan-10 Jun-12 Dec-12 Jun-13 Dec-13 Apr-14
Snapshots Snapshots
(g) Debt by snapshot (h) Credit limit by snapshot

Notes: This figure represents the effect of an applicant being above the cutoff on the number of credit cards at the moment for
different months before and after the application for the sample which had 680 points as their cutoff. Panels (a) and (b) are the
effect on the number of cards in default on all the cards and on the cards already open at the moment of application respectively.
Panels (c) and (d) are the effect on an indicator variable which represented if the person had a card in default on all the cards or on



Figure 12: Effects of Credit Limit, Debt and Default over Time - 700 Cutoff
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Notes: This figure represents the effect of an applicant being above the cutoff on the number of credit cards at the moment for
different months before and after the application for the sample which had 700 points as their cutoff. Panels (a) and (b) are the
effect on the number of cards in default on all the cards and on the cards already open at the moment of application respectively.
Panels (c) and (d) are the effect on an indicator variable which represented if the person had a card in default on all the cards or on



APPENDIX

A Description of Merging Procedure and Sample Selection

Our merging procedure starts with data from the entire sample of applications for a Bank A credit
card made between January 2010 and September 2012. Out of 604,509 original observations we
keep observations from applicants for which the first 10 digits of the Mexican government Tax ID
and the first and last name uniquely identifies an application. We also keep the last application
made by each individual only (in case the same individual applied multiple times). After this pro-
cedure, 484,835 individuals/applications remain in the sample. The financial information provided
by the CNBV corresponds to 457,918 applicants, which implies a 94,4% matching rate.

Given our matched sample of 457,918 applications, we proceed to select our final sample.
There are three criteria that determine which applications remain in the sample. First, since Bank
A has a much more lax approval policy with their existing clients (those who have a bank account
at the moment of application), no discontinuity in the probability of approval can be exploited. We
keep only applications from individuals that didn’t have a bank account in Bank A at the moment
of application. Second, during certain months within the sample period Bank A run several ex-
periments with the credit score threshold that determines eligibility of a new credit card. Thus,
in some months there were multiple close credit score thresholds that made the discontinuities in
the probability of approval not as strong as those exploited throughout this paper. We drop all
applications made within those sub periods. Third, we found that some other Mexican banks had
a similar approval policy for credit card applications, which generated discontinuities in the num-
ber of active credit cards at the moment of the application in Bank A. Therefore, we excluded all
applicants that had credit cards from any of those banks at the moment of application. After this
selection process, 106,444 applications are left with credit scores between 400 and 800. Finally,
given the local nature of the RD design, we narrow our final sample to applicants with a credit
score (measured at the moment of application) that is within the £30 points bounds around the

credit score threshold used by Bank A in the approval policy.
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B Graphical Results by Cutoff Value

B.1 Pre-Treatment Characteristics

Figure B1.1: Pre-Treatment Characteristics for Sample with a Threshold of 670
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 for the 670 cutoff. (a) Presents the logarithm of each applicant income. (b) refest to the
sum of credit lines the applicant had before the application. (c) refers to the percentage of males in each score. (d) to the number
of credits each had 30 days before. (e) To the years each person had been in the bureau and (f) to the number of credit cards each
had 30 days before. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the
polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its
assignment process
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Figure B1.2: Pre-Treatment Characteristics for Sample with a Threshold of 680
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 for the 680 cutoff. (a) Presents the logarithm of each applicant income. (b) refest to the
sum of credit lines the applicant had before the application. (c) refers to the percentage of males in each score. (d) to the number
of credits each had 30 days before. (e) To the years each person had been in the bureau and (f) to the number of credit cards each
had 30 days before. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the
polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its
assignment process.
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Figure B1.3: Pre-Treatment Characteristics for Sample with a Threshold of 700
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 for the 700 cutoff. (a) Presents the logarithm of each applicant income. (b) refest to the
sum of credit lines the applicant had before the application. (c) refers to the percentage of males in each score. (d) to the number
of credits each had 30 days before. (e) To the years each person had been in the bureau and (f) to the number of credit cards each
had 30 days before. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the coefficients of the
polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used by the bank in its
assignment process.
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Figure B1.4: Effect on Credit Cards and Limit Availability
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Notes: The figures presents the mean of number of credit cards one month after application, credit card limit and debt in 2012,
and additional enquiries in the following six months. For each pair of values of the standardized credit score between standardized
scores of -100 and 100 for the pooled sample of applicants. It also presents a polynomial fit of degree 3 to the raw data, allowing
the intercept and the coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents
the cutoff value used by the bank in its assignment process.
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Figure B1.5: Pre-Approval Outcome Variables for Sample with a Threshold of 670
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 which had 670 as their cutoff value. (a) represents the number of credit cards with 2
month delinquency each person had had. Pabel (b) is a indicator variable which is one if the person has a card with 2 months
delinquency. Panel (c) is the share of cards in 2 month delinquency. Panel (d) Is the number of cards ever in default the person has.
Panel (e) is a variable indicating wether the person ever had a credit card in default. Panel (f) is the share of credit cards the person
has which have ever been in default. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the
coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used
by the bank in its assignment process.
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Figure B1.6: Pre-Approval Outcome Variables for Sample with a Threshold of 680
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 which had 680 as their cutoff value. (a) represents the number of credit cards with 2
month delinquency each person had had. Pabel (b) is a indicator variable which is one if the person has a card with 2 months
delinquency. Panel (c) is the share of cards in 2 month delinquency. Panel (d) Is the number of cards ever in default the person has.
Panel (e) is a variable indicating wether the person ever had a credit card in default. Panel (f) is the share of credit cards the person
has which have ever been in default. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the
coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used
by the bank in its assignment process.
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Figure B1.7: Pre-Approval Outcome Variables for Sample with a Threshold of 700
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Notes: These figures present the mean of predetermined characteristics for each pair of values of the standardized credit score
between standardized scores of -30 and 30 which had 680 as their cutoff value. (a) represents the number of credit cards with 2
month delinquency each person had had. Pabel (b) is a indicator variable which is one if the person has a card with 2 months
delinquency. Panel (c) is the share of cards in 2 month delinquency. Panel (d) Is the number of cards ever in default the person has.
Panel (e) is a variable indicating wether the person ever had a credit card in default. Panel (f) is the share of credit cards the person
has which have ever been in default. It also presents a polynomial fit of degree 3 to the raw data, allowing the intercept and the
coefficients of the polynomial to differ in both sides of the threshold. The vertical line located at O represents the cutoff value used

by the bank in its assignment process.
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B.2 Effect on Default Rates

Figure B3.1: Effect on Different Measures of Delinquency for Sample with a Threshold of 670
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Notes: The figures presents the mean of several measures of default for each pair of values of the standardized credit score between
standardized scores of -30 and 30 for the sample of applicants with a threshold of 670 in their credit score. Panels (a) and (b) show
the average across applicants of the number of total credit cards that were 2 months delinquent at any point in time since the date
of the application to December 2012. Panels (c) and (d) show the average across applicants of the number of total credit card that
were ever in default since the date of application to December 2012. The probability of default, Panels (e) and (f), is an indicator
variable indicating whether the applicant defaulted in any of his/her credit cards since the date of application.The figures in the left
include all credit cards active at or opened after the application, including the credit card received by approved applications. The
figures in the right include only credit cards active at the moment of application.
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Figure B3.2: Effect on Different Measures of Delinquency for Sample with a Threshold of 680
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Notes: The figures presents the mean of several measures of default for each pair of values of the standardized credit score between
standardized scores of -30 and 30 for the sample of applicants with a threshold of 680 in their credit score. Panels (a) and (b) show
the average across applicants of the number of total credit cards that were 2 months delinquent at any point in time since the date
of the application to December 2012. Panels (c) and (d) show the average across applicants of the number of total credit card that
were ever in default since the date of application to December 2012. The probability of default, Panels (e) and (f), is an indicator
variable indicating whether the applicant defaulted in any of his/her credit cards since the date of application.The figures in the left
include all credit cards active at or opened after the application, including the credit card received by approved applications. The
figures in the right include only credit cards active at the moment of application.
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Figure B3.3: Effect on Different Measures of Delinquency for Sample with a Threshold of 700
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Notes: The figures presents the mean of several measures of default for each pair of values of the standardized credit score between
standardized scores of -30 and 30 for the sample of applicants with a threshold of 700 in their credit score. Panels (a) and (b) show
the average across applicants of the number of total credit cards that were 2 months delinquent at any point in time since the date
of the application to December 2012. Panels (c) and (d) show the average across applicants of the number of total credit card that
were ever in default since the date of application to December 2012. The probability of default, Panels (e) and (f), is an indicator
variable indicating whether the applicant defaulted in any of his/her credit cards since the date of application.The figures in the left
include all credit cards active at or opened after the application, including the credit card received by approved applications. The
figures in the right include only credit cards active at the moment of application.
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Applicants’ Characterlstlcs by Number of CC

Table C.1: Summary Statistics

Number of CC
0 1 2 3 4 5 or more
Panel A: Baseline Characteristics
Income (MXN) 23170 24608 29428 30476 33712 41346
(19078) (18815) (24803) (23751) (29378)  (34396)
Male 0.58 0.55 0.59 0.57 0.57 0.60
(0.49) 0.5) (0.49) 0.5) 0.5) (0.49)
Panel B: Pre-treatment Credit Characteristics
Credit Score 690 688 688 689 691 691
13) (13) (13) (13) (12) (12)
Tenure in Buro (Years) 6.28 7.50 8.29 8.95 8.63 10.88
(4.46) (4.57) 4.75) (4.82) (4.34) (4.48)
Sum of Active Lines before (MXN) 4061 15967 29181 39754 46610 73870
(12251) (21168) (30333) (34662) (37684)  (40861)
# of non-Bank A CC 30 days before 0.00 0.95 1.88 2.84 3.80 5.99
(0.06) 0.31) (0.46) (0.55) (0.59) (1.85)
# of Active Credits 30 days before 1.76 2.90 4.06 5.23 6.30 9.14
(1.6) (1.75) (1.99) (2.21) (2.2) (3.03)
Average Utilization* 0.61 0.56 0.53 0.54 0.52 0.52
0.42) 0.37) (0.33) 0.31) 0.3) (0.26)
CC Debt (MXN) 1000 5084 9219 13000 15639 26889
(5255) (9999)  (14388) (16989) (18317)  (21906)
Total Debt (MXN) 18165 25849 37036 47160 53248 87608
(42888) (47125) (58137) (66509) (70221)  (84501)
Total CC Limit 35 13466 31147 46941 59211 96117
(700) (19536) (34710) (42127) (46152)  (47133)
# CC ever in Defaultf} 0.06 0.08 0.07 0.08 0.03 0.03
0.27) (0.33) (0.36) (0.34) (0.18) (0.18)
Probability of CC Defaultt 0.05 0.07 0.05 0.06 0.03 0.03
0.22) (0.25) (0.23) (0.24) (0.18) (0.18)
Share of CC in Default} 0.43 0.04 0.02 0.02 0.01 0.01
(0.48) (0.18) 0.11) (0.09) (0.04) (0.04)
# CC ever in 2 months delinquency T 0.07 0.12 0.11 0.10 0.08 0.07
(0.29) (0.39) 0.4) 0.41) 0.3) 0.27)
Probability of CC 2 months delinquencyt 0.06 0.10 0.09 0.07 0.07 0.07
(0.23) 0.3) (0.28) (0.26) (0.26) (0.25)
Share of CC in 2 months delinquencyy 0.48 0.07 0.04 0.03 0.02 0.01
(0.49) (0.23) 0.14) 0.11) (0.07) (0.05)
Panel C: Outcomes
Approved 0.16 0.27 0.34 0.40 0.41 0.44
(0.36) (0.45) 0.47) (0.49) (0.49) 0.5)
Amount Requested (MXN) 15458 17034 20615 22640 26735 29865
(14097)  (15054) (18321) (18912) (21304)  (23248)
Approved Amount (MXN)** 9463 12722 16122 17728 17827 25854
(7137) (8251)  (11426) (11904) (13179)  (15412)
Interest Rate (%) 40.03 37.55 36.84 35.77 36.10 34.02
(6.2) (5.14) (6.08) (6.04) (7.42) (7.48)
N 1986 1619 1121 678 350 425
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Number of CC

0 1 2 3 4 5 or more
Panel D: Active Credit Cards at the moment of Application
# CC ever in Default] - 0.02 0.02 0.03 0.02 0.01
- (0.16) (0.14) (0.22) (0.13) (0.11)
Probability of CC Default} - 0.02 0.02 0.03 0.02 0.01
- (0.16) (0.13) (0.16) (0.13) (0.11)
Share of CC in Default} - 0.03 0.01 0.01 0.00 0.00
- (0.16) (0.08) (0.07) (0.03) (0.03)
# CC ever in 2 months delinquency} - 0.05 0.05 0.05 0.03 0.04
- (0.22) (0.23) (0.27) (0.18) 0.2)
Probability of CC 2 months delinquency} - 0.05 0.04 0.03 0.02 0.04
- 0.22) (0.2) (0.18) (0.15) 0.2)
Share of CC in 2 months delinquencyi - 0.05 0.03 0.02 0.01 0.01
- (0.22) (0.12) (0.1)  (0.05) (0.05)
N 1986 1619 1121 678 350 425

Notes: This table presents summary statistics of our sample of applicants (means and standard deviations) by number of credit
cards at the moment of application. * Average utilization is the ratio of debt on credit limit, both measured in 2010. t The variable
was constructed using the information of all the credit cards that were open at some time during the year previous to the bank’s
decision. I We only consider the cards that were in fact active at the moment of the decision. ** Conditional on approval.
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Figure C.1: Tests of Quasi-Random Assignment of Pre-Determined Characteristics
by Number of CC
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Notes: This graphs present the test of balance for being above the cutoff for the applicants on pre-application characteristics by
number of credit cards at the moment of application. Each color represents a different cutoff. Panel (a) represents the effect on
self-reportes Income. Panel (b) is the effect on the sum of credit lines.Panel (c) is the effect on a dummy variable indicating whether
the applicant is a male. Panel (d) is the effect on the years the applicant had been in the credit bureau and panel (e) is the effect on
the number of credit cards 30 days before the application.
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D Robustness results with respect to bandwidth, polynomial

degree and estimation methods

Figure D.1: Robustness of Baseline Results on Different Measures of Delinquency
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Notes: The figures presents the effect of Approval on different measures of delinquency and default, using different polynomials
(quadratic and cubic), different ranges above the cutoff (15, 30, 60) and those obtained from a local linear regression with optimal
bandwidths provided by ?. Each color represents a different cutoff. Panels (a) and (b) represent the effect on the number of
credit cards ever in 2 month delinquency for all cards and cards only open at the moment of application respectively. Panels
(c) and (d) represent the effect on the number of cards in default for all cards and cards only open at the moment of application
respectively.Panels (e) and (f) represent the effect on a dummy variable indicating whether the applicant incurred in default for all

cards and cards only open at the moment of application respectively.
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Figure D.2: Robustness of Interacted Results on Different Measures of Delinquency
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Notes: The figures presents the effect of Approval on different measures of delinquency and default, using different polynomials
(quadratic and cubic), different ranges above the cutoft (15, 30, 60) and those obtained from a local linear regression with optimal
bandwidths provided by ?. Each color represents a different cutoff. Panels (a) and (b) represent the effect on the number of
credit cards ever in 2 month delinquency for all cards and cards only open at the moment of application respectively. Panels
(c) and (d) represent the effect on the number of cards in default for all cards and cards only open at the moment of application
respectively.Panels (e) and (f) represent the effect on a dummy variable indicating whether the applicant incurred in default for all

cards and cards only open at the moment of application respectively.
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E Distributional Effects
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Figure F.1: Regression Discontinuity Estimates of the Effect of Approval on Different Measures
of
Delinquency by Number of Active Credit Cards at Application — IV Results
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Notes: This panel shows the regression discontinuity estimates of the effect of approval on different measures of delinquency by
number of active credit cards at application. Each color represents the estimation for a different cutoff. Panel (a) represents the
number of cards ever in 2 months delinquency. Panel (b) represents the number of cards ever in default. Panel (c) represents an
indicator variable of wether the person ever had a card in default. Panel (d) represents the share of cards in default.
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Figure F.2: Effect of Approval on Different Measures of Delinquency on Credit Cards Active at
the
Moment of Application Only by Number of Active Credit Cards at Application — IV Results
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Notes: This panel shows the regression discontinuity estimates of the effect of approval on different measures of delinquency on the
cards which were already active at the moment of application by number of active credit cards at application. Each color represents
the estimation for a different cutoff. Panel (a) represents the number of cards ever in 2 months delinquency which were active at the
moment of application. Panel (b) represents the number of cards ever in default which were active at the moment of application.
Panel (c) represents an indicator variable of wether the person ever had a card in default from the cards which were active at
the moment of application. Panel (d) represents the share of cards in default from the cards which were active at the moment of

application.
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G Year and month dummies effects
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Table H.1: Percentage of credit lines defaulted when default occurs

Number of credits during application Defaulted credits Defaulted credits Defaulted credits N
after 3 months after 6 months after 12 months

1 100% 100% 100% 25
2 58% 60% 63% 149
3 48% 50% 52% 294
4 38% 42% 45% 369
5 33% 37% 40% 364
6 28% 33% 36% 388
7 30% 35% 39% 326
8 27% 31% 33% 220
9 25% 29% 34% 176
10 25% 29% 34% 140
11 27% 31% 34% 97
12 23% 26% 29% 70

Notes: This table focuses on those applicants that (a) got their application accepted, and (b) defaulted on some credit after being
approved at some time up until Dec 2012 (i.e. post treatment). The table has one ro per group of people divided based on how many
credits did they have during application. On the next columns we have the average percentage of credit lines each person defaulted

on 3, 6, and 12 months after the first default.

H Default allocation
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Table H.2: Default allocation

Default 3 Months Default 6 months Default 12 months Mean
Top credit -0.0102 -0.00220 -0.000581 0.145
(0.0100) (0.0101) (0.0101)
Oldest line 0.0598#* 0.0476%%* 0.042]#%# 0.0946
(0.0122) (0.0122) (0.0123)
5 most important banks 0.0571%%* 0.0527 0.0322 0.0431 0.0409 0.0503 0.0226
(0.0252) (0.0327) (0.0253) (0.0329) (0.0254) (0.0329)
Secured loans -0.0436%* -0.0259 -0.0409%* -0.0306 -0.0583% -0.0554* 0.0513
(0.0171) (0.0302) (0.0172) (0.0304) (0.0173) (0.0304)
Log credit limit -0.0138%#* -0.0124#%* -0.0133%%* 8.322
(0.00172) (0.00173) (0.00173)
Log months old 0.00742%* 0.00204 -0.00241 2.294
(0.00287) (0.00288) (0.00289)
Constant 0.293%## 0.412%3%% 0.3377#% 0.458#% 0.371%%% 0.509%*
(0.00387) (0.0172) (0.00389) (0.0173) (0.00390) (0.0173)
N 17575 11556 17575 11556 17575 11556
Dependent mean 0.297 0.315 0.340 0.359 0.373 0.393
R squared 0.231 0.325 0.278 0.361 0.302 0.381

Notes: This table focuses on those applicants that (a) got their application accepted, and (b) defaulted on some credit after being
approved at some time up until Dec 2012 (i.e. post treatment). The table contains regressions at a credit level where we try to find
in which credits do applicants decide to default on. Columns 2, 4, and 6 have as independent variables 5 dummies: the maximal
credit the person has, the oldest line, if the loan was provided by one of the 5 most important banks in the country and if the loan
was a secured loan. The other columns replace the first two dummies with the log of the credit limit and the log of months that have
passed since the credit was opened. The first two columns have, as dependent variables, which credits were defaulted on the first
3 months since the first default. The next 2 refer to the next 6 months since, and the last 2 columns account for all defaults on the
first 12 months since the first default.
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