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Abstract

This paper examines the causal effect of additional credit on default rates on new and

existing credit cards 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 probability of a credit card application being approved

and credit expanded. Our regression discontinuity estimates indicate that moral hazard is rather

substantial in the credit market and it’s driven by worse clients. The effects on default are

inversely related to the credit score and the number of cards owned at baseline. These results

are consistent with an adverse selection driven moral hazard model.
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1 Introduction

The financial inclusion and credit expansions to the undeserved population of less developed coun-
tries are some of the crucial goals that the banking expansion of the last 30 years has targeted. It
is however unclear whether such credit expansion, and in particular the financial inclusion of the
poorer segments of the middle class, would result in an increased level of delinquency and default.
In the presence of informational asymmetries regarding borrowers’ types and actions (Stiglitz and
Weiss (1981)) we might see an increase in defaults on credit. The goal of this paper is to pro-
vide empirical estimates of such effects on credit card default. Importantly, we are also able to
shed light on the externality effects induced by a new credit line on the pre-existing lines of credit
(Bizer and DeMarzo (1992)). We provide, to the best of our knowledge, the first convincing test of
such effects.

Our tests for the presence of asymmetric information in the credit market, in the form of moral
hazard driven by adverse selection (Einav et al. (2013)), exploit plausibly exogenous variations in
the ability to borrow. 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 (observationally 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 hereafter) credit card in the neighborhood of the discontinuity points are essentially
identical, but those with credit scores above these thresholds have a markedly higher probability of
obtaining the new credit card and therefore larger credit. Importantly, Bank A experimented with
the threshold for obtaining a new credit card, moving it from 700 to 670 and then 680 in the credit
score. These policy changes allow us to test for the extent of adverse selection driven moral hazard
in the credit market, as the lower the credit score the worse the type of the applicant.

What we test and find support for in the data is the interaction between the type of the appli-
cant and the ex-post moral hazard, which drives the differential behavior along the credit score
distribution. We note here that our estimation sample comprises individuals with scores between
640 and 730, that would correspond to about 44% of the total applicants to Bank A. Further, as a
comparison, we note that in the US about 30% of those with a credit score would have a scores
between those two extremes. More importantly, across these 90 credit score points one would
move between a (marginally) poor to a good credit score.1 That is to say the population we are
studying is a relevant population for testing for the relevance of asymmetric information problems
and credit expansion.

In our empirical analysis we first show that applicants from the left and right of the thresholds

1See https://www.creditkarma.com/faq/what-is-a-good-credit-score.
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are ‘identical’, and that the credit score (or running variable) is not manipulated by the applicants.
These two facts provide supporting evidence for the research design. We then show that on average
(at the different thresholds) the probability of approval increases by about 45 percentage points
over a basis of 3pp. This jump in the probability of approval translates into an immediate 70%
increase (see Table 1) in the credit limit (on average) or about MXN 16,000 (USD 970) for those
who obtained the new card. The magnitude of the increase in the available credit is even larger for
those at the lowest threshold (670) for whom the available credit limit increases by 76%.

Using these exogenous and substantial variation in credit availability we find that the extent
of moral hazard is quite substantial as the overall probability of default on a credit card increases
by 6.6pp or 33.6% over a basis of 19.5pp for those who received the Bank A card. Consistently
with the substantial heterogeneity in the credit score effect (adverse selection driven moral hazard)
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 87%.

We also find that 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 (adverse selection) and for agents to make a rational choice on their amount of
effort (or expected probability of repayment) in a dynamic environment where agents can access
an increasing number of credit lines overtime.

We also able to test for the existence of externality in the credit market possibly due to the
sequential banking problem (Bizer and DeMarzo (1992)). We find that for the lowest threshold
(and for those with fewer lines at baseline) the probability of default on an existing credit card
increases by 11.2pp 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 16.1pp or 61.7%.
To the best of our knowledge this is the first clean test of the externality effect in the credit market.

On the empirical side, it is crucial to think of our set-up as one in which agents select to
apply for a credit card, but are (more likely) approved if their credit scores just falls above a given
threshold, which is unknown to applicants. This has the implication that, except for the approval
decision, those individuals on either side of the discontinuity threshold are essentially ‘identical’,
the only difference being that those above the threshold have a much larger credit available.

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 Chiappori and Salanie (2000) called for the need of more empirical work
on documenting asymmetric 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 Karlan and
Zinman (2009), Adams et al. (2009), and Dobbie and Skiba (2013) –to cite a few– study credit
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markets. Karlan and Zinman (2009) 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. Closer to us, Adams et al. (2009) focus on quantities of credit instead of prices 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. Interestingly, in the context of payday lending Dobbie and
Skiba (2013) find the opposite: that a $50 usd larger loan leads to a 17 to 33 percent decrease in
default.

We note that 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-to-high income
individuals, i.e. those who are most likely to be the target of a credit expansion. Second, we rely
on large exogenous shocks to credit availability at different levels of the risk score, and as such
we are able to test for adverse selection driven moral hazard, while Karlan and Zinman (2009)
rely on randomized price variation and Adams et al. (2009) use econometric techniques to isolate
variations in loan amounts. Third, we are explicitly interested not only on default on loans within
a given institution, but importantly also on default externalities across financial institutions. Our
data allows us to study to what extent an increase in the loan supply from one bank affects default
rates in other banks and credit lines. This last point is important: Bizer and DeMarzo (1992)
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.
Fourth, 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. Fifth, 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.

Methodologically our approach is similar to Dobbie and Skiba (2013) who also use a disconti-
nuity in loan size approval 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.2 Keys
et al. (2010) is likely the closest to us methodologically. As in our paper they use a regression dis-
continuity design where the running variable is the credit score, but they study moral hazard in the
securitization of mortgage portfolios.

Two papers studying the credit card market are also related to ours. Ausubel (1999) 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). Gross and Souleles (2002b) study the elasticity of

2They use $50 dollar jumps in credit availability, while we use changes of about 1,000 dollars (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.
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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.

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 The Credit Card Market in Mexico

2.1 Background

It is worth mentioning here a few facts on the Mexican credit card market. First, the Mexican credit
card market still has low coverage rates, despite recently experiencing high rates of growth close
to 9.9 percent from 2002 to 2008. However, due to the financial crisis, growth stopped completely
from 2008 to 2012. In spite of this spurt in growth the coverage rate is 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.3

The increase in the number of cards has been accompanied by increases in default rates (al-
though 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.4

Another interesting fact about this market is that, compared to the US which has thousands of
credit card issuers, Mexico has only 16, with the largest 5 capturing about 90% of the number of
cards. Average interest rates in 2009-2013 have oscillated very closely around 29%, although there
is substantial dispersion.5

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

3See Comision Nacional Bancaria y de Valores (2013) and Federal Reserve Bank of New York (2010).
4This number was 45%, 41%, 25%, and 20% respectively in 2007, 2008, 2009, and 2010. Regarding the distribu-

tion of the number of cards 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.

5See the Reports by the Bank of Mexico (2014) Reporte sobre las condiciones de competencia en el mercado de
emision de tarjetas de credito.
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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

Our main source of data comes from the entire universe of individuals who applied for a credit
card from Bank A. The data include information on applicants’ full name, address, national ID
number, credit score, date of application, self-reported annual income, gender, client status and
type of credit card applied for. Basically, it contains all the information asked by Bank A at the
moment of the application and used during the approval decision. Our dataset also includes the
bank’s approval decision, type of card, and credit limit awarded in case of approval. The full
sample covers all applications made between March 2010 and April 2012 from applicants that
were not already clients of Bank A.6

The availability of the individuals’ national ID allows us to merge their credit card application
information with the full financial records kept by the Comision Nacional Bancaria y de Valores

(CNBV) - the national banking commission. The merged dataset includes several snapshots of
the applicant’s complete financial statement starting in January 2010.7 However, the time series
dimension of our data comes from the several snapshots we obtained from the CNBV so that we
can follow the entire sample of applicants up to April 2014. Namely, we have snapshots of the
data in June and December 2012, June and December 2013, and finally April 2014. In our data
an observation corresponds to a single financial instrument and the information available for each
instrument is the type of credit (mortgage, personal credit, credit card, etc.), opening and closing
date, the credit limit, 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

6The 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.

7Due to data limitations the CNBV uses the first 10 digits of the Mexican government Tax ID (Registro Federal
de Contribuyentes) along with the names of the individuals to merge data across data sources. The full ID has 13
characters, of which the first 4 are the initials of the individual’s first name, the father and mother maiden name, the
next 6 are the individual’s birth date (yymmdd) and the last 3 are an individual-specific code assigned by the tax
authority. In order to guarantee the quality of the merging procedure we dropped all applicants in Bank A’s dataset
if the first 10 digits of their national ID do not correspond with a unique combination of first and last names. This
step only drops 4.5% of the original sample of applicants. A full description of the merging procedure is available in
Appendix A.
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possible delinquencies in continuous time, as we know exactly the due dates and the repayment
behavior.

A crucial variable in our analysis is the applicant’s credit score as we will exploit such variable
as our running variable in the research design. The credit score is computed by the CNBV, in a
similar fashion to the typical credit scores in the US, using the individual’s credit history, types
and number of credits in use, and amount of outstanding debt, among others. However, the CNBV
explicitly states that they do not use any information about the individual’s occupation, income,
employment history, gender, age nor geographic location when computing the credit score. 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 2012.8

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
to 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, and 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: 55% below 670 (lowest cutoff), 59% below 680 (middle
cutoff) and 69% below 700 (highest cutoff).

The average income of applicants is MXN 27,350 (about USD 2,200) per month, increasing
along the score distribution, as one would expect higher scores are associated with larger incomes.
This level of income would place our applicants’ sample in the top second decile of the overall
Mexican income distribution (INEGI (2012)). However, given the large variation, the income

8We 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.
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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 distribution of credit scores, around the different thresholds,
appears (smoothly) increasing along the scores (up to our sample limit), this is also visible in Figure
2. The population in the study has on average been in the credit bureau records for almost 8 years.
The average applicant has access to credit which increases with the credit score threshold between
USD 1,800 and USD 3,300 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.). Average
credit card debt is about USD 600, which represents a 52% utilization rate of the total credit card
limit. However, 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, measure of moral hazard, is credit card default, which is mea-
sured as a late payment beyond 90 days, partial or total debt not recovered, and/or fraud committed
by the client. We choose this measure since it is the standard definition of default used by the
Mexican authorities and in the literature (Gross and Souleles (2002a)). Unlike other papers in the
literature, here we study a population with relatively low average default rates. On average, only
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. As in the following analysis we would want
to ease any concern about mechanical effects of an extra credit line on the number and probability
of default and delinquency, we introduce a measure of delinquency which is immune from the
counting issue, i.e. the share of credit cards in default or delinquent at the individual level. If we
look at such measure of default, on average 5% of the credit cards were in default.

If we focus only on credit cards that were active at the moment of application (which are the
ones that we will keep track of in our subsequent analysis of moral hazard) we see that only 1%
of them were in default in January 2010. If we focus on a less severe measure of delinquency
(late payment between 30 and 60 days) we see that 2% credit cards were delinquent . As expected,
default rates (and delinquency in general) are decreasing in the credit score, which is in an indicator
that the credit score is a “sensible” screening mechanism.

Panel C of Table 1 presents the summary statistics of the outcome variables we will be analyz-
ing later in the paper using data from Bank A about the outcomes of the application process. Bank
A’s data shows that around 30% of all applications were approved with an average credit limit of
USD 1,400 and an annualized interest rate of 37%. This change in credit limit is substantial since
it represents, on average, a 140% increase in the total credit card limit available a month from
application.
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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 regression discontinuity design approach for the identification of the moral hazard
problem in the credit market (Thistlethwaite and Campbell (1960), Hahn et al. (1999) and Imbens
and Lemieux (2008)). The probability of obtaining an extra credit card, i.e. an extra line of credit,
changes discontinuously 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). 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.

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

yit = α + β1 (scoreit ≥ scoret) + f(scoreit; ν
−, ν+) +X ′ξ + εit, (1)

where the parameter of interest is β. This is the estimate of the local Intent-to-Treat (ITT ) effect,
which is identified by the fact that εit, as well as all the possible observables X ′s, are continuous at
the threshold scoret. 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 (ν−)
and right (ν+) of the discontinuity. We will later provide a series of robustness checks with respect
to the f(., ., .) function. In practice, as we have multiple discontinuities along the credit score,
we estimate 3 different ITT ′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,
we are also interested in the effects of obtaining an extra line of credit on default and delinquency.
In other words, we are interested in the local ATT or the effect for those who actually obtain an
extra credit line. In order to estimate the ATT we instrument the endogenous variable, i.e. Bank
A’s approval of the credit card application, with an indicator variable that is equal to one if the
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applicant’s score is above the corresponding threshold. The two-stage representations is:

CRit = α1 + β11 (scoreit ≥ scoret) + f(scoreit, θ
−, θ+) + εit, (2)

Yit = α2 + β2CRit + f(scoreit, γ
−, γ+) + ηit. (3)

We will discuss the parameters of interest as we go along with the analysis. The analysis presented
in the main tables is performed through parametric regressions where we control for third-order
polynomials on both side of the discontinuity. However, we also run an extensive set of robustness
checks that is presented in Appendix D where we test robustness with respect to bandwidth se-
lection, including the optimal “IK” bandwidth (Imbens and Kalyanaraman (2011)), nonparametric
estimation, and different functional forms for f(., ., .), as well as adding a set of controls.

In order to confirm the validity of our design we need to show: i. there exists a discontinuity
in the approval probability at the thresholds; ii. the densities of the running variable are smooth
at the thresholds (a test presented in McCrary (2008)), ruling out some form of gaming (i.e. the
credit score rule is supposed to be not manipulable in the vicinity of the cutoff); iii. observable
characteristics are a smooth function of the credit score at the discontinuity point. In the next
section we provide convincing evidence of the design validity.

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.9

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

9We provide a similar analysis by number of credit cards held at the moment of application, as part of our analysis
of heterogeneous effects, in Appendix C.
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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 ITT 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 (Lee and Lemieux (2010)). 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 McCrary (2008), 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, graphically in Figure 3, and in a regression framework in Table 2. For brevity purposes,
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
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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 probability of default and the
share of credit cards in default for the 680 threshold appears marginally (at the 10 percent level)
statistically different at the threshold.

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 a set of results on the initial effects of the new credit card on credit
limits and debt both on existing and total lines. In particular we will consider the impact on the
available credit and debt both on the cards acquired in the first 30 days from the application date
(although the quantity will be measured as of December 2012) and then on all the cards acquired
by December 2012, the first ex-post wave of data where we can look into both credit limits and
debt balances. We note, as already mentioned, that 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 5, confirm the discontinuity in the proba-
bility 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
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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 trans-
late into the .45 effect of column two of Table 4 and Panel (a) of Figure 5. 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 ITT 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 ITT (credit limit)= .45 ∗ 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.

We can also look at a proxy for the measure of immediate credit limit increases, i.e. the
credit limit on cards opened within 30 days of application. Those estimates reported in column
3 essentially confirm the back-of-the-envelop with some due caveats due to the heterogeneity of
the compliers’ population. In particular we find an increase of about 28 log points on average and
84 log points for those who obtain the Bank A card at the lowest threshold. 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.

4.2 Effect on Delinquency and Default

Baseline Results

4.2.1 Effect on Delinquency and Default: All Lines

In Figure 6 below we show the effects on default and delinquency for either those applicants with
score (slightly) above the thresholds (ITT ) or those who actually get a new card (ATT ). 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-
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bution, i.e. the effects are largest for the applicants around the 670 threshold. The relative ITT 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 ATT are
clearly larger in magnitude, as the ATT 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 ITT ′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 ITT 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 ATT ′s are about double the ITT ′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 .063 over a counterfactual
mean of .158 (a 40% 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.

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.

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
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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 delinquency for the 670 threshold by .057
or about 40% for the ITT , 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 5.4pp or 39% for the 670 threshold for the
ITT , and by 11.5pp or 83% 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 3pp or 23% for the pooled sample, with a much larger
effect for the 670 population of 6.05pp or 39%. 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 im-
prove 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 delinquencies: de-
crease of delinquent behavior i. in the credit score, and ii. in the number of credit cards (or lines).
In practice a well behaved borrower, which typically 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
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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 7. 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 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 8 (for
all credit cards) and 9 (for credit cards active at the moment of application only), and Figures 8
(for all credit cards) and 9 (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 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.

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
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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; θ), which satisfies v′p > 0, v′′p > 0 and v′p,θ > 0.
The parameter θ can be interpreted as the type of the consumer, with higher θ 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 φ, 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 φh, and with probability φl < φh 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 t is given by

Vt (n) = max
p
u (n)− v (p; θ) + β [p (φhVt+1 (n+ 1) + (1− φh)Vt+1 (n)−Rn)

+ (1− p) (φlVt+1 (n) + (1− φl)Vt+1 (n− 1)−R(n− 1))]

where β 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 u′ > 0 and u′′ < 0.10 In order to induce a strictly
positive holding of credit cards we assume that u′(0) = ∞ and v′(0; θ) = 0. With probability p
the credit gets repaid and with a probability φh the application gets approved, so the future value
of the consumer goes from Vt+1 (n) to Vt+1 (n+ 1). Similarly, with probability 1 − p the loan is
not repaid and a credit card is lost, but with probability φl the consumer gets a new credit card and

10This is a way to represent the value of credit cards in a reduced form. One could microfound this preference in
a simple Aiyagari economy Aiyagari (1994), 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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the value goes from Vt+1 (n− 1) to Vt+1 (n). The first order condition of the repayment problem
is given by

∂v (p∗; θ)

∂p
≤ β (Vt+1 (n)−Rn+ φh (Vt+1 (n+ 1)− (Vt+1 (n)))

− (Vt+1 (n− 1)−R(n− 1) + φl (Vt+1 (n)− Vt+1 (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
θ are straightforward. Since the right hand side of the FOC does not depend on p, we have:

∂p(θ)

∂θ
= −∂

2v (p; θ)

∂p∂θ
/
∂2v (p; θ)

∂2p
< 0

Thus, consumers with higher cost of repayment will choose lower probability of repayment
(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 (θ 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
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 Hendren
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(2013) and Hendren (2015). 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.

18



Table 1: Summary Statistics

Score Cutoff

All 670 680 700

Panel A: Baseline Characteristics
Income (MXN) 27333 27206 27164 27461

(23197) (22877) (18601) (25197)
Male 0.57 0.55 0.57 0.59

(0.49) (0.50) (0.50) (0.49)

Panel B: Pre-treatment Credit Characteristics
Credit Score 689 671 680 700

(13) (3) (3) (3)
Tenure in Bureau (Years) 7.7 8.0 7.8 7.6

(4.7) (5.1) (5.0) (4.5)
Sum of Active Lines before (MXN) 22889 22556 22778 23068

(32190) (30774) (29876) (33743)
# of non-Bank A CC 30 days before 1.53 1.48 1.47 1.58

(1.75) (1.64) (1.50) (1.89)
# ofActive Credits 30 days before 3.62 3.85 3.71 3.49

(2.80) (2.84) (2.62) (2.86)
Average Utilization* 0.54 0.56 0.57 0.52

(0.34) (0.35) (0.35) (0.33)
CC Debt (MXN) 6344 5344 4095 7789

(12594) (11832) (10067) (13712)
Total Debt (MXN) 27793 22885 18735 33944

(50602) (45678) (41616) (55212)
Total CC Limit 24304 22309 22377 25975

(38684) (35871) (34435) (41448)
# CC ever in Default† 0.07 0.09 0.09 0.05

(0.30) (0.38) (0.35) (0.24)
Probability of CC Default† 0.06 0.07 0.07 0.04

(0.23) (0.26) (0.25) (0.20)
Share of CC in Default† 0.05 0.06 0.05 0.04

(0.18) (0.21) (0.19) (0.17)
# CC ever in 2 months delinquency† 0.14 0.20 0.16 0.10

(0.43) (0.51) (0.47) (0.36)
Probability of CC 2 months delinquency† 0.07 0.10 0.08 0.05

(0.25) (0.30) (0.27) (0.22)
Share of CC in 2 months delinquency† 0.04 0.06 0.05 0.03

(0.17) (0.21) (0.18) (0.14)

Panel C: Applications
Approved 0.28 0.33 0.24 0.28

(0.45) (0.47) (0.43) (0.45)
Amount Requested (MXN) 19232 16104 15718 22083

(17456) (17363) (16273) (17530)
Approved Amount (MXN)** 15502 16412 16321 14766

(11760) (11456) (10216) (12421)
Interest Rate (%) 37.06 37.19 37.33 36.90

(6.40) (4.85) (3.89) (7.69)
N 32320 7661 8165 16494
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Table 1: Summary Statistics (continued)

Score Cutoff

All 670 680 700

Panel D: Active cards at the moment of application
# CC ever in Default‡ 0.02 0.03 0.03 0.01

(0.16) (0.17) (0.19) (0.13)
Probability of CC Default‡ 0.02 0.03 0.03 0.01

(0.14) (0.16) (0.17) (0.12)
Share of CC in Default‡ 0.01 0.02 0.02 0.01

(0.11) (0.12) (0.12) (0.09)
# CC ever in 2 months delinquency‡ 0.05 0.07 0.06 0.03

(0.22) (0.27) (0.27) (0.17)
Probability of CC 2 months delinquency‡ 0.03 0.05 0.04 0.02

(0.17) (0.22) (0.20) (0.12)
Share of CC in 2 months delinquency‡ 0.02 0.04 0.03 0.01

(0.13) (0.17) (0.15) (0.09)
N 32320 7661 8165 16494

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.
* Average utilization is the ratio of debt on credit limit, both measured in 2010. † 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 0 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 corresponds 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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Figure 3: Pre-Treatment Characteristics
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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 0 represents the cutoff value used by the bank in its assignment process.
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Figure 3: Pre-Treatment Characteristics
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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 (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
years each person has been in the bureau and panel (h) to the logarithm credit card limit requested 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 0 represents the cutoff value used by the bank in its
assignment process.
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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 threshold. The vertical line located at 0 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 0 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 0 represents the cutoff value used by the bank in its
assignment process. 30
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Figure 7: Histogram of Number of Credit Cards at the Moment of Application
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Notes: This histogram represents the number of credit cards each applicant had active at the moment of application.
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Figure 8: 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 9: 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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Figure 10: Effects of Credit Card Availability over Time
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Notes: This graphs represents the effect of an applicant being above the cutoff 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 11: Effects of Credit Limit, Debt and Default over Time - 670 Cutoff
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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 at the moment of application respectively. Panels (e) and (f) are the
effect on the share of cards in default for all the cards or for the cards already open at the moment of application respectively. Panel (g) is the effect
on the debt amount on different snapshots and panel (f) is the same for the total credit card limit. 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 12: Effects of Credit Limit, Debt and Default over Time - 680 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 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 the cards already open at the moment of application respectively. Panels
(e) and (f) are the effect on the share of cards in default for all the cards or for the cards already open at the moment of application respectively.
Panel (g) is the effect on the debt amount on different snapshots and panel (f) is the same for the total credit card limit. 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 13: 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 the cards already open at the moment of application respectively. Panels
(e) and (f) are the effect on the share of cards in default for all the cards or for the cards already open at the moment of application respectively.
Panel (g) is the effect on the debt amount on different snapshots and panel (f) is the same for the total credit card limit. 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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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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Figure A.1: Time between application and Result Dates
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Notes: These histograms show the density of the time between application and result dates for different cutoffs and
different result dates. Panels (a) (b) (c) and (d) are the time between the application to December 2012 for the 670,
680, 700 cutoffs and the pooled sample respectively. Panels (e) (f) (g) and (h) are the time between the application to
April 2014 for the 670, 680, 700 cutoffs and the pooled sample respectively.
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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 0 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 0 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 0 represents
the cutoff value used by the bank in its assignment process.
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Figure B1.4: 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 0
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 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 0
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 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 0
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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C Applicants’ Characteristics 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) 23102 25173 28468 30230 33930 40891

(18565) (19685) (22964) (24091) (28049) (33747)
Male 0.57 0.57 0.58 0.57 0.57 0.60

(0.50) (0.50) (0.49) (0.50) (0.50) (0.49)

Panel B: Pre-treatment Credit Characteristics
Credit Score 691 691 693 693 694 694

(19) (20) (20) (20) (20) (20)
Tenure in Buro (Years) 6.5 7.4 8.1 8.8 9.2 10.5

(4.5) (4.6) (4.7) (4.7) (4.7) (4.6)
Sum of Active Lines before (MXN) 3881 16049 28743 40581 50760 71762

(11744) (21848) (30218) (35854) (39261) (41300)
# of non-Bank A CC 30 days before 0.01 0.95 1.90 2.87 3.80 5.83

(0.08) (0.29) (0.43) (0.55) (0.66) (1.70)
# of Active Credits 30 days before 1.77 2.80 3.94 5.19 6.24 8.90

(1.54) (1.80) (1.83) (2.10) (2.18) (3.05)
Average Utilization** 0.59 0.54 0.51 0.51 0.51 0.52

(0.42) (0.37) (0.34) (0.31) (0.29) (0.27)
CC Debt (MXN) 747 4079 7408 11159 14113 21499

(4272) (8835) (12239) (14924) (16491) (18493)
Total Debt (MXN) 13255 20890 30042 39038 48339 70030

(35159) (42444) (50337) (56339) (61905) (70153)
# CC ever in Default† 0.06 0.08 0.07 0.07 0.05 0.04

(0.27) (0.32) (0.34) (0.32) (0.28) (0.24)
Probability of CC Default† 0.05 0.06 0.06 0.06 0.04 0.04

(0.22) (0.24) (0.23) (0.24) (0.19) (0.19)
Share of CC in Default† 0.42 0.04 0.02 0.02 0.01 0.01

(0.48) (0.16) (0.10) (0.08) (0.05) (0.04)
# CC ever in 2 months delinquency† 0.61 0.13 0.12 0.11 0.08 0.08

(0.68) (0.41) (0.40) (0.40) (0.34) (0.30)

Panel C: Outcomes
Approved 0.16 0.30 0.39 0.45 0.46 0.47

(0.37) (0.46) (0.49) (0.50) (0.50) (0.50)
Amount Requested (MXN) 15449 17755 20650 22345 25721 29886

(14274) (15875) (17859) (19273) (21414) (23291)
Approved Amount (MXN)* 9625 13866 15679 18563 19924 24691

(7581) (9821) (10940) (13110) (13908) (15267)
Interest Rate (%) 39.80 37.62 37.25 36.18 35.78 34.26

(6.46) (5.93) (5.76) (6.16) (7.29) (7.57)
N 9911 8541 6066 3604 1940 2258
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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 0.02

- (0.14) (0.15) (0.20) (0.16) (0.15)
Probability of CC Default‡ - 0.02 0.02 0.03 0.02 0.02

- (0.14) (0.14) (0.16) (0.14) (0.13)
Share of CC in Default‡ - 0.02 0.01 0.01 0.01 0.00

- (0.14) (0.08) (0.07) (0.04) (0.03)
# CC ever in 2 months delinquency‡ - 0.04 0.04 0.05 0.03 0.04

- (0.20) (0.22) (0.27) (0.20) (0.21)
N 9911 8541 6066 3604 1940 2258

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. † 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 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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(c) #CC Ever in Default †
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(e) Probability of CC Default †
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(f) Probability of CC Default ‡

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 Imbens
and Kalyanaraman (2011). 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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(e) Probability of CC Default †

-.
2

0
.2

.4
.6

+
- 

15
 Q

ua
d

+
-3

0 
C

ub

+
- 

60
 C

ub

+
-4

7 
IK

+
- 

15
 Q

ua
d

+
-3

0 
C

ub

+
- 

60
 C

ub

+
-3

0 
IK

+
- 

15
 Q

ua
d

+
-3

0 
C

ub

+
- 

60
 C

ub

+
-5

0 
IK

670 680 700

(f) Probability of CC Default ‡

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 Imbens
and Kalyanaraman (2011). 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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