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Abstract

In partnership with a Personal Finance Platform in Brazil, I implement a ran-
domized intervention to measure the effect of reminders for timely payment of credit
cards. While I find an 13% reduction in the cost of late payment fees paid, 31% of
the users that avoid credit card late payments, incur instead checking account over-
draft fees. This behavior leads to heterogeneous gains from the intervention with
some users saving 15% in total fees paid, and others incurring increased fees of 5%.
I analyze these results using theories of selective attention, and argue that when
multiple tasks need to be performed, reminders that increase information about one
task may crowd out attention from other less salient but equally important tasks.
The results of this experiment suggest that when designing policy interventions, one
size may not fit all, and targeting nudges to those who are more likely to benefit

has the potential to significantly increase the gains from the intervention.
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1 Introduction

The role of limited attention has been studied in economics in a variety of
settings ranging from monetary policy and labor search, to public finance and
income inequality. The typical application assumes that attention is optimally
allocated to acquire and process information from different stimuli, and that, from
an individual decision making perspective, more information can do no harm. The
free-disposal property of information has motivated the use of informational nudges
which have proven effective in influencing behavior in a wide range of applications
such as consumer finance (Beshears et al., [2015)), health (Vervloet et al., 2012},
and environmental policy (Allcott and Kessler, [2015). But, could nudging with
information have unintended consequences? Recent findings from psychology and
neuroscience show that attention affects consumers perception of what is important,
and that consumers’ allocation of attention can be distorted by the salience of
alternative options. I argue that when consumers have to attend to multiple tasks,
informational nudges focusing on one task may crowd out attention from other
equally important, but less salient tasks.

This paper explores the effects of single-task reminders in the context of con-
sumer finance. Specifically, I focus on the effect of reminders for timely credit card
payments across two high stakes margins: credit card late payment fees, which rep-
resent 41% of the total cost of credit card fees (Agarwal et al., 2015)); and overdraft
fees, which make up a more than $23 billion business (Melzer and Morgan), 2015).
To do so, I design a field experiment in which credit cardholders are exposed to
“attention shocks” about future credit card payments and due dates. These atten-
tion shocks take place at different stages of the credit card billing cycle and take
the form of smart-phone push notifications. The experimental pool is made up of
users of a personal finance management platform in Brazil that collects transac-
tional level data from both checking accounts and credit cards, for each user over
time.

When evaluating the effects of the intervention on credit card performance,
the treatment lowers the probability of being charged a late payment fee by 2.6

percentage points from a basis of 29.1%, and reduces the cost of fees paid by



12.9% from a basis of $R32.94. However, I also find that the cost of overdraft fees
paid increases by 10.5% from a basis of $R25.96. This effect is driven by users
that have paid overdraft in the past, and whose probability of paying overdraft
during the treatment period increases by 2.9 percentage points, from a basis of
76%. Furthermore, for this group of users, substituting late payments for overdraft
leads on average to a 5% increase in the total amount of fees paid, from a basis of
$R129.48. On the other hand, for the 71% of users that did not incur overdraft at
baseline, the intervention reduced the total cost of fees paid by 15% from a basis
of $R30.48. These gains and loses average to a 2.5% reduction in the total cost of
contingent fees for the treatment group.

This study constitutes, to my knowledge, the first evidence showing the exis-
tence of trade-offs when influencing consumer behavior with nudges. As opposed
to (Chetty et al. (2014) who find that nudging to save for retirement with auto-
matic contributions does not crowd out savings from other financial instruments, I
find that nudging individuals to avoid late payments in their credit card leads to
increased overdraft fees in their checking account. I argue that the no-crowd-out
result found by |Chetty et al.| (2014) using Danish data cannot be generalized to
settings where the resource affected by the nudge is close to a relevant trade-off
margin. One such margin is negative income: for individuals on a tight budget,
the opportunity cost of essential consumption is high, and allocating resources for
additional savings (or debt payback) would have to come at the expense of savings
in other instruments (or increased debt in other products). Liquidity constraints
in Brazil are indeed more likely to bind compared to Denmark: according to the
World Bank, among the richest 60% of Brazilians, one third would not be able
to come up with funds for an emergency, while the corresponding figure is 5% for
Denmark. [

To investigate the nature and optimality of the trade-off between late pay-
ments and overdraft fees, Section [6] argues that under certain assumptions, this
trade-off can be considered an overreaction to reminders caused by a distortion

in consumers’ allocation of attention towards the most salient tasks. This argu-

'Source: Global Findex 2014, The World Bank.



ment is based on findings from psychology and neuroscience, which differ from the
standard treatment of attention in economics in two main ways. First, attention
is shown to affect consumer choice by altering the weights assigned to different
product attributes in consumer’s decision utility: attributes that receive more at-
tention are considered more important. Second, consumers’ allocation of attention
towards different product attributes is allowed to be distorted by variables such
as priming, salience or availability (Bordalo, Gennaioli and Shleifer| (2013)), Hare,
Malmaud and Rangel (2011), Fehr and Rangel (2011),Thaler and Sunstein| (2003))).
Specifically, I interpret the empirical findings of this study using the intuition from
Bordalo, Gennaioli and Shleifer| (2015) theory of selective attention under which
reminders have both an informational and psychological effect. In their framework
some consumers are “Forgetful But Otherwise Rational” and others are “Forgetful
And Salient Thinkers”. While the former group can only benefit from receiving a
reminder, the latter may instead overreact, distorting their allocation of attention
towards the most salient option in their choice set.

The results of this experiment suggest that when designing policy interventions,
one size may not fit all, and targeting nudges to those who are more likely to benefit
from them, given their observable characteristics, can lead to larger welfare gains.
One such targeting strategy consists of establishing differentiated defaults under
which users whose observable characteristics predict overreaction to reminders are
enrolled in an opt-in program, while the remaining fraction of users who are likely
to benefit from the intervention are enrolled in an opt-out reminder based program.

I complement the analysis by presenting repayment and spending patterns that
reveal details about the channels through which attention shocks affect consumer
behavior. Even though some reminders were sent early in the billing cycle to
encourage users to set some money aside for their next payment, the treatment
effect on late payments is not driven by changes in spending patterns or changes
in resources available at the time the payments are due. Instead, it is driven by
increased attention towards credit card payments conditional on available liquidity.
Furthermore, the effect almost fully disappears in the billing cycle immediately after

the intervention when no additional messages were sent, and seems to be driven by



“short-term delinquents” who, in the absence of the treatment, would have paid
their bill within 30 days of their due date.

Finally, while various papers have tested the effect of attention shocks and re-
minders across settings ranging from overdraft use (Stango and Zinman) [2014),
microcredit loan payments (Cadena and Schoar, 2011), savings (Karlan et al.,
Forthcoming), and Islamic credit cards (Bursztyn et al. 2015)), this paper is, to
my knowledge, the first test of the effect of reminders in credit card repayment
decisions when card holders are in good standing, and with a control group that re-
ceives no message. Importantly, and as opposed to previous work using reminders,
this paper looks at a richer set of outcomes that span not only direct effects on
credit card performance, but also indirect effects on checking account outcomes.

The rest of the paper is organized as follows: In Section [2] I provide background
on credit card late payment fees, and review the related literature. Section |3| de-
scribes the data and the Partner company. I present the experimental design in
Section [4 and the empirical results in Section [5} Sections [6] and [7] discuss potential

psychological mechanisms and policy implications. Section 8] concludes.

2 Background and literature review

2.1 Institutional background

Credit cards offer a form of revolving credit, in which consumers have the flex-
ibility of borrowing and paying back continuously as long as the total amount
borrowed is less than the individually assigned credit limit, and as long as at least
the minimum payment is paid back no later than an individually assigned due date.

The billing cycle for the typical credit card lasts approximately 30 days. After
this period, the minimum payment required to stay current is calculated taking into
account the amount of money borrowed during the cycle. Such minimum payment
needs to be covered in the so called grace period, which ends on the credit card
due date. Failure to cover the minimum payment by the due date leads to a late

payment fee.



Figure 1: Typical credit card billing cycle
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As for the specific case of Brazil, the grace period on a credit card lasts 5 to 10
daysE| Credit cards late payment fees are regulated to be no more than 2% of the
full balance in the account, plus an additional moratory interest of 1% per month.
Importantly these fees and interest are charged on top of the regular monthly
revolving interest which is usually higher than 10% per monthE| For example, an
individual with a balance of $R2,000 that misses a payment, and pays 15 days after
his due date will be charged a fee of $R40, plus moratory interest of $R10 for the
15 days overdue. On top of that, the regular interest charge would be $R200. Not
surprisingly, given these very high interest rates, the fraction of individuals that
pay in full is close to 93% conditional on making a payment. Among those that do
not pay in full, 78% are paying latelﬂ In this example, had the individual paid in
full and on time, he would have saved $R250.

Despite these very high penalties as of the end of 2015, the rate of delinquent
credit cards in the Brazilian market was 39%E| What can explain this high delin-
quency rate? In the context of high liquidity constraints, we would expect that
some people would simply not be able to make their payment, or would strategi-
cally choose not to pay. However, it is important to notice that, due to the revolving
nature of credit cards, for individuals with a sufficiently large probability of even-
tually paying back their credit card balances, liquidity constraints are not enough
to justify a late payment: when an individual makes a payment on his credit card,

he frees up a fraction of credit limit equal to the payment made and, therefore,

2In the US, grace periods for the major banks are approximately 27 days.

3Brazilian Central Bank and [Ferman| (Forthcoming)).

“https://www.spcbrasil.org.br/uploads/st_imprensa/analise_inadimplencia_e_cartao_
de_credito.pdf

%http://agenciabrasil.ebc.com.br/economia/noticia/2015-11/inadimplencia-com-
rotativo-do-cartao-de-credito-atingiu-389-em-setembro
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that same amount of money can still be used for whatever liquidity needs the user
may have, as long as credit cards are accepted as a payment form. Therefore, it is
not only high liquidity constraints, but more precisely high cash needs that may,
in fact, justify the need to miss a credit card payment.

The nature of the data used in this project allows me to observe not only infor-
mation on credit card balances and due dates for the selected pool of experimental
users, but also the corresponding checking account balances and transactions. I find
that 36% of users charged a late payment fee had enough balance in their checking
account, at the time of their credit card due date, to cover their credit card balance
in full. This observation alone motivates the widespread idea that some of these
late payments may be the result of consumers’ mistakes, potentially in the form of
limited attention to late payment fees or to credit card due dates.

On the one hand, some recent observations, both empirical and from the struc-
ture of credit card contracts, support the idea that consumers do not pay attention
to late payment fees. Gabaix and Laibson (2006), and Heidhues, Koszegi and
Murooka| (Forthcoming)) present models in which not advertising certain product
attributes (e.g., credit card late payment fees) when a fraction of myopic consumers
do not pay attention to these attributes when shrouded, is in fact an equilibrium
outcome. Furthermore, recent empirical evidence shows that decreasing the level
of late payment fees, does not lead to an increase in late payments (Agarwal et al.)
2015)).

Instead, attention shocks coming from experiencing credit card fees in the past,
can affect the incidence of credit card fees in the future. Agarwal et al.| (2013
present a model in which consumers build a stock of “knowledge” (that depreciates
over time) on how to avoid late payment fees. Using a sample of US cardholders,
they find that incurring a late payment fee, reduces the probability of incurring a
late payment fee during the subsequent month by 44 percent.

In this paper, I argue that a fraction of credit card late payments is caused by
consumers’ limited attention. I do that by exogenously imposing attention shocks
in the form of reminders and studying the reaction of consumers in a variety of

outcomes.



2.2 Selective attention and reminders in consumer fi-
nancial markets

The benchmark framework for the analysis of limited attention in economics is
based on the rational inattention model in which attention is a scarce resource that
is allocated towards different signals as a result of a frictionless optimization process.

This framework has been applied in a variety of settings ranging from monetary

policy (Sims| 2003) and labor markets (Mackowiak and Wiederholt}, 2015) to income

inequality (Banerjee and Mullainathan, [2008)).

An alternative view based on results from psychology and neuroscience has two
main components. First, attention is thought to play a role in the computation of
value at the time of choice, affecting the weights assigned to different attributes in
the decision utility. Second, the allocation of attention is allowed to be distorted

by supposedly irrelevant factors through priming, salience or availability (Bordalo,

|Gennaioli and Shleifer| (2013)), Hare, Malmaud and Rangell (2011)), Fehr and Rangel

(2011), Thaler| (2015, Thaler and Sunstein| (2003))). These models also emphasize

the selective nature of attention by which mental effort is allocated to the processing

of some stimuli in preference to others (Kahneman) |1973]).

The policy relevance of limited attention either in its rational or quasi-rational

form has been discussed by Fishman and Hagerty (2003), Hirshleifer and Teoh|

(2003)), and Dranove and Jin (2010) among others. A growing literature looks at

the role of attention shocks on consumer decision making in the telecommunications

(Grubbj, 2015), fitness (Calzolari and Nardottol 2011]), medical (Vervloet et al.,

2012) and electricity (Allcott and Rogers| |2014) markets.

In the context of consumer financial markets, |Stango and Zinman| (2014) is

the first paper to look at behavioral responses to attention shocks using micro-
data. Specifically, they focus on the overdraft market. In their context, consumers’
attention is affected when taking a marketing survey that in a quasi-random fashion
includes questions related to overdraft fees. They find that consumers receiving
overdraft related questions are about 12.3% less likely to incur overdraft during the

survey month. This effect lasts and depreciates over the following 2 years.



A number of papers have looked at the effect of attention shocks in the form of
cell-phone text messages in randomized control trials. |Karlan et al.| (Forthcoming))
remind individuals about future lumpy expenses (such as health emergencies or
a durable good to be purchased), and find significant increases in saving rates on
commitment savings products in Bolivia, Peru and the Philipines. Alan et al.| (2015])
find that when advertising a discount in the cost of overdraft via text message,
consumer demand for overdraft decreases, as predicted by shrouded equilibrium
models. As for reminders to repay existing debt, Karlan, Morten and Zinman| (2015|)
investigate the effect of messages with different content reminding individuals to
make their micro-loan payment on time, and find the largest effect for messages
containing “a personal touch” in which the name of the loan officer is included in
the text. These results are consistent with |Cadena and Schoar| (2011)) who find that
the size of the effect of reminders for repayment of micro-loans in Uganda is in the
same order of magnitude as the size of the effect of a 25% reduction in the cost of
capital. However, so far only Bursztyn et al. (2015), and this paper have looked at
reminders for repayment in the context of revolving credit.

In Bursztyn et al.| (2015), the key manipulation tries to disentangle the roles
of morality and religion among holders of an Islamic credit card. Their experi-
mental pool is made up of users who were already late in their payments and who
had already been asked with a text message to pay back to their bank. They find
that one additional message emphasizing the morality of repayment increases the
fraction of people meeting their minimum payment by nearly 20%. This message
is more effective than substantial cash rebates and is also more effective than one
additional neutral (non-moral) reminder. In contrast, in this paper the key manip-
ulation across treatments is in the timing and number of reminders sent over the
billing cycle. The experimental pool is made up of users that are both current or
late in their payments, and the control group receives no message. Importantly,
this paper looks at a richer set of outcomes that span not only direct effects on
credit card performance, but also indirect effects on checking account outcomes.

This paper contributes to a better understanding of the role of nudges to redirect

attention towards financial tasks in two main ways. On the one hand, given the



nature of the data, I am able to look at a wider set of outcomes, including individual
spending, checking account balances, and spillovers to other types of feesﬁ

On the other hand, in terms of the broader literature on the allocation of atten-
tion towards different stimuli and the effect of reminders (inclusive of non-financial
settings), this paper provides some light in to the psychological mechanisms through
which reminders affect behavior. Under certain assumptions, the results are not
consistent with the fully-rational inattention model, and instead can be interpreted
through theories of selective attention under which the choice of which stimulus to
pay attention to is affected by its salience. Specifically, I find that the taxonomy
proposed by [Bordalo, Gennaioli and Shleifer| (2015) matches and explains the het-
erogeneous overreaction to reminders, in which the salience of an option may affect
the behavior of some users in a way that Forgetful But Otherwise Rational users
would not be affected[]

In that sense, while most of the results presented in this paper take an agnostic
approach on the nature and sources of inattention, Section [f] argues that when
jointly considered, and under certain reasonable assumptions, the results provide
supporting evidence to theories of selective attention where individuals’ allocation
of attention is disproportionally drawn to tasks that are more salient or stand out

in their choice set.

3 Partner company and data

The Partner company (the “Partner” from now on) is a personal finance man-
agement (PFM) platform operating in Brazil since August 2014. It currently has a
user base of over 2 million users. The Partner operates on two platforms, a website

and a smart phone app, and through these platforms, offers various services.

6While other papers such as Baker| (2015), Kuchler| (2015), |Gelman et al| (2014) and Pagel and
Vardardottir| (2016) have used data from similar providers, this is the first among those to introduce
experimental variation to the analysis of data from a Personal Finance Management company.

"Importantly, this paper does not use the definition of salience introduced in Bordalo, Gennaioli
and Shleifer| (2013) and Bordalo, Gennaioli and Shleifer| (2015)), but instead given the context of the
application in which a prospective memory task is receiving an attention shock I consider a stimulus to
be more salient if it is more vivid, visible or available than other stimuli. This is similar to the definition
used by (Chetty, Looney and Kroft| (2009) that in the context of taxation “define salience in terms of the
visibility of the tax-inclusive price.”



The main services consist of aggregation of information across accounts and
banks: when a user signs up, he registers his accounts on the platform and provides
the Partner with his credentials to log in to his online banking services. The partner
has access to as many credit cards, checking accounts or savings accounts as the
users register, and provides aggregate statistics of individuals’ financial position
(e.g., net balance (debit balances — credit balances), total value of deposits, and
total cost of expenses related to groceries, leisure, etc.).

In addition, it allows for classification and tracking of expenses: for each regis-
tered account, the partner collects the date of the transaction, a string description
of the transaction, and the monetary value of the transaction. It later classifies
these transactions into one of 35 predefined categories, such as utilities, transporta-
tion, grocery, bars and restaurants, tuition, etc. Users can subsequently look up
their total expenses in each of these categories.

Finally, the Partner also offers a budgeting tool that allows individuals to input
into a friendly template, how much they plan to spend in each of the 35 predefined
categories, or any other user-defined category. The Partner then classifies expenses
in real time into the corresponding categories, and reports consumers’ “net position”
in each of the budget categories. Notably, only around 12% of the user base utilizes
the budgeting tool.

The main channels through which the Partner interacts with its users are mobile
surveys and messages sent through mobile push notifications. The surveys are
displayed on the main screen of the phone once the user logs in to the app and
are used for various market research purposes. The push notifications are routinely
sent to invite consumers to log in to the app to track their expenses, or to make a
budget at the beginning of the month.

In terms of data availability, the raw data for the analysis consists of transac-
tional level data, login information, and snapshots of account balances. Specifically,
for each transaction originating from a registered account, I observe its value, date,
string description, account _id and user_id. Notably, the string description of each

transaction allows identification of bank fees. Similarly, for each user I observe the
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date and time of account creationﬁ the login channel (mobile or website), and date
and time of loginﬂ Finally, for each account I observe the type of account (credit
card, or checking account), bank_id, user_id, and a snapshot of balances. A draw-
back of the dataset is that, for privacy reasons, it is not possible to get demographic
information at the user level.

The data is collected from online banking platforms through the following pro-
tocol: when signing up, users provide the Partner with their credentials to access
their own online banking services. With such information, and with appropri-
ately encrypted protocols, the usual operational procedure consists of retrieving
the transactional information of the user accounts whenever the user logs in to the
PFM app or website. When such logins take place the Partner is able to retrieve
three months of information. Importantly, in addition to the usual operational
procedure, the Partner has access to a special “brute force” tool, that allows them
to establish the connection with the banks and retrieve the same three months of
information even when the user does not log in to the app. This “brute force”
tool is crucial to ensure that observations in treatments and control groups are

comparable.

4 Experimental design

4.1 Experimental pool and sample allocation

To run the experiment, the Partner company agreed to provide access to the
information of 26,069 users, to send them push notifications containing information
on credit card due dates and late payment fees over two billing cycles (September
25, 2015 to December 13, 2015), and to send each participant a survey ten days
after receiving the last push notification. They also agreed to retrieve information
with the “brute force” method at the end of October and November 2015, as well

as in early January and February 2016.

8The date and time of account creation refers to the account created with the Partner. I do not
observe the date in which bank accounts were created.
9More than 80% of interactions occur through the mobile app.
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Figure 4: Experimental pool and timing of the intervention
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The experimental pool corresponds to the universe of users that were charged a
late payment fee between August 2014 and April 2015, and whose last login was on
or after May 2015. Access is granted for available transactions taking place between
August 1, 2015 and January 31, 2016 (See Figure 4]).

The main design consists of randomly assigning 26,069 users into four groups:
one Control Group, two main Treatment Groups, and one additional Robustness
or alternative-control Treatment Group. This last group is used to investigate
explanations alternative to the main limited attention channel proposed in this
paper.

Sample size (SS) is allocated to maximize the minimum detectable effect across
the following comparisons: Each of the two main Treatments with each other and
with the Robustness Treatment Group, and the pool of the two main Treatments

with the Control Group. Ideally we would like to have:
SSu = SSi2 = SSrobustness = %

Due to some logistical limitations, S.Sys is 33% smaller than SS;; and SS,opustnesss
deviating the sample allocation from the optimal, and leading to the following final
allocation of users: Treatment Group 1 received 5,987 users, Treatment Group 2
received 4,038 users, the Robustness Treatment Group received 5,954, and finally
the Control Group received 10,090 users (See Figure [5)).

The sample is stratified according to the following variables: a dummy variable
indicating whether the user had enough balance in his checking accounts at the

time when he was charged an LPF, a dummy variable indicating whether or not
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Figure 5: Sample distribution
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the user receives periodic paychecks, a discrete variable indicating the due date (DD
from now on) on the main credit card of every user, and another dummy variable
indicating whether or not the gap between DD and paycheck date is between 0 and
15.

4.2 Main Treatment Groups

For this intervention, five messages were defined to be sent at different moments
of the credit card billing cycle. Three of these messages were designed to be sent
early in the billing cycle, to encourage planning. In an attempt to strengthen in-
dividuals’ mental accounts for credit card payments, the messages encourage users
to set some money aside for their next credit card payment. These messages are
referred to as “Planning” messages. Two more messages were designed to be sent
close to the credit card due date, to invite consumers to make their credit card pay-
ment on time. This last set of messages is referred to as “DD Alert” messages. The
specific content of the message can be found in Table The different moments
of the billing cycle in which the messages were sent can be found in Figure [6]

Treatment Group 1 received both Planning and DD Alert messages and is re-
ferred from now on as the Full-Treatment Group. Treatment Group 2 received only

DD Alert messages and is referred to as the DD Alert Group from now on. Finally,
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Figure 6: Timing of messages over the billing cycle.
(Messages were sent in red periods.)
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the Control Group received no messages. All users in the experimental pool were
removed from regular message lists sent by the Partner, and therefore received no

additional messages.

4.3 Robustness Treatment Group

In addition to the main experimental design, I set aside six thousand randomly
selected users as part of a Robustness Treatment Group. Users in this group re-
ceived different placebos in each of the treated billing cycles. In the first treated
billing cycle, they received only the first planning message (24-27 days before the
DD). In the second treated billing cycle, they received five messages from the pool
of messages regularly sent by the Partner. These messages were chosen for having
the same login rates as the main treatment messages, but contain no information
about late payment fees or credit card due dates (See Table [AZ). The order of
the messages was selected at random and one of these four messages was randomly
selected to be sent twice and to ultimately keep the number of messages equal to
the number of messages sent to the Full-Treatment Group.

The robustness group is used to investigate the alternative hypothesis that at-

tention shocks are affecting delinquency only through an informational channel, by
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informing consumers of the cost of late payment fees. It is also used to investigate
the possibility that the effect is coming from the fact that consumers are more
informed in general about their finances as they log in more often to the Partner
app as a result of the treatment. The details of how the robustness group is used
to investigate these two explanations is described in section [6] which deals with the

psychology and economics behind the treatment effects.

4.4 Randomization test and covariate balance

For the 26,069 users originally considered, transactional information was re-
trieved with the “brute force” method described in section [3] at the end of October
and November 2015, as well as in early January and February 2016, with each re-
trieval providing information for the three prior months. Out of the 26,069 users
provided by the partner company, only 13,538 users had transactional information
available during the billing cycles considered in the analysism The large difference
between the number of users originally considered in the study and the final number
of users for which information is available seems to be caused by users canceling
their accounts with the Partner company, changing their online banking passwords,
connectivity issues between the Partner company and individual banks, and, im-
portantly, changes in the security protocols of the second largest bank in the sample
that no longer allows the Partner company to retrieve transactional information.

Fortunately, despite high attrition levels, unbiased inference only requires at-
trition to be uncorrelated with the treatment. To show that is the case, in Table
I present a simple comparison of means between treatments and control groups
for the main variables of interest. Specifically I compare the mean value of these
variables at baseline, but considering only observations for which information is
available both at baseline and during the treatment period. These comparisons
suggest that randomization worked and unbiased inference can be drawn from the
experiment. To further familiarize the reader with the data, Table |2 presents addi-

tional descriptive statistics for the main variables used in the analysis.

10T consider that a user has available information when the total value of his monthly transactions is
different from zero, and it has at least one transaction in the first third of the period and at least one
transaction in the last third of that period.
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5 Results

I organize the results of the analysis in three categories. First I describe the
effect of the treatment on the incidence of credit card late payments. Specifically,
I explore the channels through which the treatment leads to reductions in late
payments. I find that the treatment effect is contingent on available liquidity at
the time the payment is due: the treatment effect on late payments is only present
for users that had enough balance in their checking account at the time their credit
card payment was due, and the treatment has no effect on spending patterns nor
on balances at the end of the billing cycle. I also find that the effect disappears
almost fully in the billing cycle immediately after the intervention, and it seems to
be driven by “short-term delinquents” that in the absence of the treatment would
have paid their bill within 30 days of their due date.

Then, I explore the treatment effect of the intervention on other types of fees.
Specifically, I focus on overdraft fees and find that in the intervention does not
lead to increased overdraft use in the extensive margin, but it does lead to a 10.5%
increase in the cost of overdraft fees paid (intensive margin). These aggregate
results mask strong heterogeneities across users with different baseline overdraft
patterns, with a large and significant increase for individuals that have incurred
overdraft in the past; as well as slight but not significant differential treatment
effects across users with different login patterns at baseline.

Finally, I consider the total amount of contingent fees paid by consumers in
credit card and checking accounts and find heterogeneous benefit gains from the
intervention. Specifically I explore the login-activity margin, and the overdraft-
activity margin, and find that while users with a clean history benefit significantly
from the intervention, those that have paid overdraft in the past end up with a
negative effect from the intervention. On average, the results are close to canceling
out, leading to a not statistically significant decrease on the total amount of fees
paid by consumers.

These results highlight the importance of considering a rich set of outcomes when

implementing treatment evaluations of policies designed to empower consumers.
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5.1 Late payment fees

Table[3|shows the results of regressing an indicator for late payment fees, on each
of the treatment indicators, with and without individual fixed effects. In columns
1-3, the specification consists of a simple linear regression without controls and
without individual fixed effects. As can be seen, the average treatment effect of the
pooled treatments is strongly significant. Furthermore, the Full-Treatment Group
has a significantly larger treatment effect, compared to the DD Alert Group.

Taking advantage of the availability of baseline data, for columns 4-6, I intro-
duce the preferred specification for the rest of the analysis that includes individual
level fixed effects, to absorb any remaining variation not captured by the random-
ized assignment of individuals to treatment and Control Groups. The resulting
specification is a difference in difference one, in which the coefficient of interest is
given by the interaction of the variable During which separates treatment periods
from baseline periods, and the corresponding Treatment Group indicator, denoted

below by T

Outcomey = o+ a; + 01 * Durings + 8o * T; + v * During; * T; + €4 (1)

Under the preferred specification, reminders reduce late payments by a magni-
tude between 3.42 and 1.39 percentage points (pp hereafter) from a basis of 29.1%
depending on the treatment. These reductions correspond to 11.75% and 4.77%
from control levels. Furthermore, the Full-Treatment leads to an effect that is sta-
tistically significantly larger than the effect generated by the DD Alert Treatment.
Back of the envelope calculations show that the average marginal benefit of sending
up to five reminders over one month is positive and decreasing, with the first two
messages having an average marginal effect of 0.695pp, and the subsequent three
messages having an average marginal effect of 0.676pp, corresponding to a 2.73%
reduction in the average effect of one additional message.

To investigate the channels through which attention shocks over the billing cycle

affect consumer behavior, I explore two hypotheses:
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Hypothesis 1: The messages induce individuals to change their spending pat-
terns to reach the time for payment with larger balances in their checking account,

making them better able to fulfill their repayment responsibilities.

Hypothesis 2: The messages increase individuals’ attention towards credit
card payments, and operate only conditional on having enough balance in their

checking account at the time when the payment is due.

I find precisely estimated null treatment effects on balances and spending pat-
terns. Instead, the evidence suggests that the treatment effect operates conditional
on available liquidity. Furthermore, a more intensive treatment in which more mes-
sages are sent leads to larger treatment effects on login rates into the app, which I
use to proxy for increased attention towards credit card payments.

Table {4 presents the results of estimating the same basic regression, using the
log of total expenses in selected categories as the outcome variable. The basis of the
analysis are the 35 automatic categories in which the Partner company classifies
transactions, grouped in to four economically meaningful classes. This classification
does not pretend to be exhaustive, and is not always mutually exclusive, but is
intended to represent different degrees of discretion in spending.

Under “Essential expenses” I group home expenses (rent and/or mortgage pay-
ments), residential bills, health, education, TV /internet/phone, transportation,
work expenses, groceries and services. I consider house keeping, gifts/donations,
leisure, personal care, bars/restaurants and shopping as “Discretionary expenses.”
And finally, under “Short Run Consumables” I include coffee shops, bars and alco-
hol, restaurants and fast food. Even when credit card payments account for $R1,318
on average (conditional on making a payment), and overall monthly spending ac-
counts to R$8,859, I do not find a significant reduction in consumption across the
main spending categories. This result is robust to different grouping of categories.
The appendix provides a test for treatment effects of spending across all 29 non-

financial categories automatically created by the Partner company.
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Furthermore, even when three of the Full-Treatment messages were sent early in
the billing cycle to encourage users to set some money aside for their next credit card
payment, there is no effect in credit card and checking account balances, measured
at the time when credit card payments are due.

Finally, to look at the interaction between the checking account and credit card
margins, I construct a variable of relative liquidity (EB) defined as an indicator
variable that takes the value of one when an individual has enough balance in his
checking account to cover the total balance in his credit card, and zero otherwise.
The results show that instead of changing available liquidity, the magnitude of
the treatment effect depends on existing levels of liquidity: To explore the role of
liquidity, I interact individuals’ relative liquidity with each treatment indicator, to
test whether there are differences in the magnitude of the effect for individuals that
have enough money in their checking account, and those who do notH

The resulting specification is the following:

Outcome; = o+ oy + B1 * Durings + Bo * T; + B3 * E By + 1 * During: * T;

+v9 % During: * EB 4+ 3 % T; x EBj + ¢During: * T; * EBy + €4,

where the triple interaction ¢ is the coefficient of interest.

As can be seen in Table [6] the treatment effect is significantly larger for in-
dividuals that carry enough liquidity in their checking accounts, with the pool of
treatments leading to a reduction of 3.63pp in the fraction of individuals paying late
payment fees. This number should be benchmarked against the baseline fraction
of individuals that have enough liquidity but still pay late their credit card, which
is 21.86%. Furthermore, conditional on existing balances, the difference between
treatment effectiveness accounts for 2.2pp. While this difference is not statistically
different from zero, I argue that the effect is robust across a variety of specifications.

The results are qualitatively the same when exploring the very intuitive notion

that the fraction of people charged a late payment fee while having enough bal-

HNotice that the concerns for potential endogeneity of balances can be ruled out on two grounds:
first, the section above just showed that the three messages sent before the grace period had no effect on
liquidity. Second, the DD Alert Group receives messages only at the end of the billing cycle, i.e. during
the grace period in which payments are due, and therefore by construction, the balances at the end of
the billing cycle are unaffected by the treatment.
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ance in their checking account, should decrease depending on the intensity of the
attention shocks. To conduct such a test, I construct as an outcome variable the
interaction between having been charged a late fee, and having enough checking
balance to cover the full balance due on the corresponding credit card. This evi-
dence is presented in Table[7] It can be seen that the fraction of users with enough
balance in their checking account to cover their credit card balance in full, reduces
by 2.17pp when considering the pooled treatments. The persistent differences be-
tween the Full-Treatment and the DD Alert treatment even conditional on liquidity,
suggest that individuals that receive more messages are more likely to pay, partly
because they allocate more attention to their credit card payments.

To find evidence supporting the hypothesis that the effect is driven by a reallo-
cation of attention towards credit card related tasks, I proxy for attention towards
credit card payments with the number of logins in to the PFM. Table [§| shows that
individuals in the Full-Treatment Group are 60% more likely to log into the app
during the treatment period, compared to the DD Alert Group.

Given that login in more often in to the app leads to increasing attention to-
wards overall finances in general and not exclusively towards credit card payments,
I explore the alternative explanation that the results are driven by increased at-
tention towards overall finances and not by increased attention towards credit card
payments. When analyzing the effect of the placebo messages on the Robustness
Treatment Group, I find in Table that individuals receiving a simple credit card
message in the first period, and five additional status quo messages in the second
period, logged in as often as the Full-Treatment Group (column 1), but however
have a significantly larger fraction of late payers (column 2). In fact, the fraction
of late payers for this placebo group is not significantly different from that of the
Control Group (column 3).

The Partner also gave access to data corresponding to the billing cycle imme-
diately after the intervention, when no more messages were sent. Using this data,
I find no statistically significant difference between treatment and Control Groups,

in the fraction of people incurring late payment fees (See Table .
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To complete the analysis of the treatment effect on late payment fees, I look
for heterogeneous treatment effects depending on repayment behavior at baseline.
I find suggestive evidence that the effect is larger for individuals that are current
in their payments, compared to those that are carrying arrears at the time when
they receive the message. I first look at the differential effect of the treatment on
individuals that experienced a late payment fee at baselineE

In Table column 1, I look at heterogeneous effects using three indicator
variables, the first one (current 1) taking the value of 1 when the individual is
current in his payments at the time when the intervention started; the second
variable (current 2) takes the value of 1 when the individual paid a late payment
fee in the period previous to the intervention and did not make a payment by the
time when the messages were sent (these users, by construction have been late for
less than 30 days). The omitted category indicates when an individual had been
late in his payments by more than 30 days, at the time when the messages were
sent.

The resulting specification is the following:

3
Outcomey =a + «; + Z ¢ During; x T; x Current j;;
j=1

3
+ 1 * During; + B2 * T; + Z Bsj * Current i
j=1

(3)

3
+ 1 * Duringy * T; + Z V25 * During; x Current
=1

3
+ Z 35 * T; * Current;; + €;
j=1
Where Current; indicates that an individual is current in his payments, Currents
indicates that the individual has been late for less than 30 days in his payment,
and finally Currents (omitted category) indicates that an individual has been late

for more than 30 days. The triple interactions are the coefficients of interest. I find

12Note that while all users in the experimental pool have paid a late payment fee in the past, only
37.7% of them paid a late payment fee in the two periods previous to the intervention, which are here
defined as “the baseline period”. The probability of paying a late fee conditional on paying one at
baseline is 44.4%.
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that the effect is the largest for individuals that are current, however there are no
statistically significant differences.

Column 2 follows the same classification of users, but instead of three indicator
variables, I use a single discrete variable that takes values 0 to 2 with 0 indicat-
ing that a user is current in his payments. The resulting econometric specification
is analogous to the one described in equation [2| where the treatment indicator is
interacted with the variable indicating the treatment period, and another variable
indicating the heterogeneity of interest, which in this case corresponds to the re-

payment status which is labeled below as CurrentSummary:

Outcome; =a + oy + B1 * Durings 4+ B2 * T; + B3 x CurrentSummary;:
+ 71 * During; x T; + 2 * During; x CurrentSummary;
+ 73 * T; x CurrentSummary;

+ ¢During; x T; x CurrentSummary;; + €;

As before, the coefficient of interest is the triple interaction ¢.

Table [L0] column 2 shows that going from being current to late by less than 30
days reduces the treatment effect by 2.3 percentage points, and it is statistically
significant. Finally, when I compare in column 3 individuals that are current, vs
all non-current individuals (more and less than 30 days late), I find that current
individuals have a treatment effect that is larger in magnitude by 2.69 percentage
points compared to individuals that are not current in their payments that have a
reduction of 0.0597pp. As a benchmark notice that the average effect of the pooled
treatments on credit card late fees is a reduction of 2.6pp (See Table |3). These
results seem consistent with standard collection practices in the credit industry:
typically when an individual is late in his payments, banks initiate collection pro-
cesses by reaching out directly to consumers asking for repayment and eventually
reporting to the corresponding credit bureaus. For users carrying arrears that are
already undergoing a collection process, we would expect that the marginal effect
of receiving a reminder by a company other than the bank, would be lower.

Finally, to complete the analysis of the dynamics of consumer credit card re-

payments, I look at the treatment effect of the intervention on long delinquencies,
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defined as those that last for more than 30 days; and short delinquencies, defined as
those that are paid within 30 days of the corresponding payment deadline. In Table
[1], I find that the treatment has a significant effect on short delinquencies, with a
reduction of 1.85pp (notice that the reduction in overall delinquencies is 2.6pp, and
this is therefore a significant fraction of the effect), and a non-significant reduction
in the fraction of users incurring “long delinquencies”. This supports the idea that
the treatment effect is operating through an attention channel, as it is likely that
the driver of people paying late for more than 30 days is financial hardship and not
necessarily limited attention: the treatment is affecting the behavior of individuals
that in the absence of the treatment would have in fact paid, but would have done

it late, after being charged a late payment fee.

5.2 Other types of fees

The richness of the data allows me to extend the analysis to outcomes related
to contingent fees in checking accounts. Specifically, in this section I look at the
treatment effect on overdraft fees. During the two billing cycles previous to the in-
tervention, the average fraction of users incurring overdraft each month was 22.5%,
and the average cost was $R89 per month (conditional on paying). To estimate the
effect of the treatment on overdraft, I use the specification described in equation
[I} with two outcomes. The first outcome is defined as an indicator variable taking
the value of one when a user incurs overdraft in a given period (extensive margin).
The second outcome is the cost of overdraft fees paid (intensive margin). I look at
heterogeneities across two dimensions: overdraft use and login activity, both iden-
tified at baseline. The resulting econometric specification is analogous to the one
used in equation [2] where the treatment indicator is interacted with the variable
indicating the treatment period, and another variable indicating the heterogeneity
of interest.

In columns 1 to 3 of Table[I21 find that the intervention does not lead on aver-
age to a detectable increase in the fraction of people using overdraft in the sample.
However, such aggregate results hide important heterogeneities, since among users

that have incurred overdraft at baseline there is a of 2.89pp increase in the fraction
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of people paying overdraft fees, from a basis of 76%@ Similarly, increased login
activity at baseline leads to a (statistically non-significant) reduction in the magni-
tude of this effect: going from the first to third quartile of the login distribution (1
to 5 logins) changes the treatment effect from an increase of 0.952 pp to a smaller
increase of 0.8588pp in the fraction of people paying overdraft fees. In columns
4 to 6 I find that on average, the total cost of overdraft increased $R2.73 from
a basis of $R25.98. This effect is driven by users who paid overdraft at baseline,
who represent 29% of the experimental pool. For this subset of users, there is an
increase of $R6.62 from a basis of $R98, whereas for the rest of users that have not
paid overdraft fees in the past, the treatment has no effect on overdraft use.

It is important to notice the strong persistence of overdraft use over time: after
paying overdraft in the pre-treatment period, the probability of using overdraft goes
up to 76%. It seems reasonable that the strong persistence of overdraft use together
with an attention shock towards an alternative task can be the slight “nudge” that
in this case pushes consumers towards the unintended outcome of overdraft use.

provides some more details on the mechanics of the treatment effect

on overdraft fees.

5.3 Total cost of contingent fees

I now look at the overall effect in the amount of total contingent fees paid by
users in the Treatment Group compared to the Control Group. Specifically I look
at the sum of the total cost of credit card late fees and the total cost of overdraft
fees paid by consumers. 1 focus on the average treatment effect for the overall
experimental pool, but also look across two relevant heterogeneities, individuals
that have incurred overdraft in the past, as well as individuals with different baseline

login frequency.

13The set of users that paid overdraft at baseline represents 29% of the user base. A 2.89 percent
increase in the probability of incurring overdraft among the member of this subgroup, represents a 0.8
percentage point increase in the fraction of the overall treatment group paying overdraft, which in turn
represents 31% of the 2.6% of users that avoid credit card late payment fees as a result of the intervention.
Furthermore, under the standard assumption of decreasing marginal utility of money, this is the most
vulnerable group, as they are paying the most in fees, and running out of money in their checking account
routinely.
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In Table I find that there is a 2.5% decrease in the total cost of fees paid.
However, this effect is not statistically signiﬁcant@ However, relevant hetero-
geneities are again hidden in the averages: Among those that do not paid overdraft
fees at baseline, there are savings that account for $R4.62 from a basis of $R30.31,
while for those that did pay overdraft at baseline, there are losses of $R6.59 from
a basis of $R129.98]E Similarly, login at baseline has an increasing effect on the
benefits of the intervention, but these effects are not statistically significant: going
from the first to third quartile of the login distribution (1 to 5 logins) changes the
treatment effect from a decrease of 62 cents in the total amount of fees paid, to a
larger decrease of 80 cents.

The appendix presents the analogous regression in logs, as well as details of the

effects on the cost of overdraft and credit cards contingent fees separatelym

6 The psychology and economics behind the

treatment effects

6.1 Salience distortions in consumer choice

In this section, I argue that reminders are affecting consumer behavior, not
only through an informational channel that brings to memory a task potentially
forgotten, but also by affecting how much attention consumers allocate to such a

task. The distinction between information and attention is relevant because for

4The change in benefits gains from 10.8% in the credit card market alone, to 2.5% when considering
both credit and checking outcomes, comes mechanically from two sources: first, the numerator decreases
as part of the credit card savings is offset by increased overdraft. Second, the denominator increases, as
now we are considering both credit card fees and overdraft fees. An alternative comparison would keep
the denominator fixed in both calculations. If we were to do that, the benefits from the intervention
would decrease from 10.8% to 4.6%.

15The effect on overdraft fees for the group of users that paid overdraft before the intervention is larger
than the effect on the group that did not pay overdraft at baseline by $R11.21, as can be seen in the
triple interaction regression coefficient of Table

6Qverdraft in Brazil has a very non-linear pricing structure in which withdrawals above existing
balances an up to a pre-specified limit on an individual checking account are offered at competitive
interest rate in the same range or lower than credit card monthly interest rates. However, intensive use
of overdraft, above the pre-established limit, leads to hefty increases in prices, that are unambiguously
higher than interest rate credit cards, for the major companies. The first level of overdraft is known in
Brazil as “cheque especial”, the second level is know as “adiantamento a depositante”. See appendix

for a description of overdraft prices for the largest banks in Brazil.

26



a Forgetful But Otherwise Rational agent, reminders can do no harm. However,
for a Forgetful And Salient Thinker agent, reminders can lead to distortions and
suboptimal choices.

Consider a setting in which individuals choose from a choice set whose elements
are made of all the alternatives that a consumer can remember. For a given choice
set, consumers assign different attention weights to the elements in the set, and
choose the element that maximizes their decision utility. Under this setting, the
effect of reminders is potentially two-fold: On the one hand, a reminder can bring to
memory an element that was previously being excluded from the choice set. But on
the other hand a reminder can also (potentially simultaneously) affect the weights
that each element receives, by making one element more salient than the others.

For a given choice set, a salience shock may disproportionally affect the weight
that a certain element receives, leading to an overreaction to reminders. In my
setting, two elements that should be present in a consumer choice set are overdraft
fees (which are widespread in Brazil) and late payment fees. Sometimes overdraft
fees are more expensive than late payment fees. Consider an individual for whom
overdraft fees are in the choice set, but due to lack of memory late payment fees
are not present. If this user receives a treatment message about late payment
fees, it could be that the message brings late payment fees into the choice set
without distorting the rational weights that overdraft and LPFs should have, or
alternatively, it could be that the message not only brings LPFs in to the choice
set, but also makes LPFs more salient.

To test for an attention distortion in the weights that consumers allocate to
different elements of a choice set, I assume that if a consumer pays an overdraft
at baseline, then overdraft fees are in his evoked choice set, or in other words he
remembers overdraft fees.

Table shows that the pattern of not paying a late payment fee and instead
incurring an overdraft fee, occurs 11% more often in the Treatment Group, com-
pared to the Control Group. This change in behavior leads to a 5% increase in the
total cost of fees incurred by these users. I try to argue that this behavior is an

overreaction to information caused by salience.
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An alternative explanation is that consumers are rationally choosing to incur
overdraft instead of paying late on their credit cards, because credit scores might be
differentially affected by late payments and overdraft. Information from the major
credit scoring agency in Brazil show that when a fee is missed, it takes on average
60 days for it to affect a credit score, and this occurs typically after several attempts
to collect debts. In general, banks initiate the reporting process only after a credit
card has been delinquent for 30 days or more. This practice is also common in
other countries, including the US.

Therefore, the relevant question to assess the credit score consequences of the
trade-off between credit card late fees and overdraft use, depends on whether or
not the compliers of the treatment (in the statistical sense) that are substituting
away from a credit card LPF and instead incurring overdraft, are affecting their
credit scores. For there to be a credit score effect, we would need to have a decrease
in the probability of spending more than 30 days without a payment. However, as
can be seen on Table it seems that the treatment is operating on the margin of
short-term delinquents, that may incur a payment but nevertheless pay within 30
days of their payment deadline. Putting together the institutional background and
the results on long term delinquency, it seems that the treatment would leave credit
scores unaffected. In particular, it seems that the substitution between credit card
late fees and more expensive overdraft is not leading to additional benefits in terms
of credit scores.

The heterogeneity in benefits from the intervention leads to a natural taxon-
omy of consumers taken from Bordalo, Gennaioli and Shleifer| (2015)), where some
consumers are Forgetful But Otherwise Rational (FBOR) and will not overreact
to attention shocks; but some other consumers are Forgetful And Salient Thinkers
(FAST) and the weights they assign to elements in their choice set will be distorted
by salience, potentially leading to overreaction. I think the results of this section

provide supportive evidence of the existence of FAST thinkersm

"In an unreleased 2016 working paper with the same title, Bordalo, Gennaioli and Shleifer develop
an alternative model of memory, founded on two psychological properties: similarity and interference
(Kahanay 2012). Under this formulation, the repetition of a reminder increases the probability of re-
membering credit card tasks, but crowds out the probability of remembering checking account tasks
(interference property), effectively distorting the weights assigned to the two tasks at hand in consumers’
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6.2 Alternative explanations

In this subsection, I explore two explanations under which the effect is not driven
by changes in the allocation of attention and instead is driven by information or a
signaling/contextual inference channel.

First, I discuss as a potential alternative explanation, a purely informational
channel under which, when receiving the message, individuals are informed about
the contractual terms of their credit card: if they do not pay on time, they will be
charged a late payment fee that averages $R40. Consider a fully rational individual
that somehow does not know (or underestimates) the price of a late payment.
Suppose that as a result of a cost-benefit analysis, this individual chooses not to
pay his credit card this month. For this individual, receiving and seeing a message
containing information about the real LPF could lead to a revised decision, and
decrease the fraction of late payers through a purely informational channel.

To investigate the hypothesis that all the effects are coming from such a purely
informational channel, I look at the first period of the intervention, and compare the
effect of the Full Treatment, to the effect of the Robustness Treatment, considering
only individuals that logged in (and therefore saw) the first message sent. If the Full-
Treatment has a larger effect than the robustness treatment, I consider it as evidence
that information is not the only channel through which attention shocks are having
an effect. The results are in Table I find that the Full-Treatment Group has a
significantly larger effect, which means that receiving the same message more than
once has an incremental effect, which is not consistent with the “information-only
channel.”

I now investigate the possibility that the treatment effect is taking place through
a signaling or contextual inference channel, under which users infer that the PFM
is giving them Financial Advice. Under this alternative hypothesis, users infer that

a specialized party that has rich information about their finances is telling them to

decision utility. In the specific setting of this paper, the model of memory in the unrealeased working
paper, leads to the same prediction as that of the 2015 formulation for FAST thinkers, when two condi-
tions are met: recall is a binary function, and salience is defined as availability or visibility of a product.
For this analysis, I will use the simpler memory formulation of 2015, and interpret the distortion in
consumer choice as being driven by attention instead of memory. The policy implications, and the rest

of the analysis remains unchanged.
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pay their credit card on time, because that is the task that requires their attention
the most. First, it is worth noticing that the Partner does not provide financial
advice to their users, nor does it advertises financial advise services. The main
service provided by the PFM is to allow tracking and categorization of transactions.
Furthermore the message is framed as a reminder that a payment is coming up,
and not as a suggestion, advice or demand.

The implications of such an inference, would be that consumers act as if credit
card payments were more important than say, overdraft fees. From a reduce form
perspective, this is equivalent to saying that individuals pay more attention to credit
cards, over checking accounts, and in that sense it does not reject the explanation
that reminders make individuals act as if credit cards were more important than
checking accounts. In that sense, we may say that the advice sent by the informed
party is in fact making credit card related tasks more salient, than checking account
tasks.

Furthermore, if one wants to consider the “advice” channel, as different from
the “salience” channel, it is important to notice that under a fully rational model,
receiving the same piece of advice once, or more than once should have no dif-
ferential effect. I however find in my data that the treatment that receives more
messages leads to consistently larger effects than the treatment that has only two
messages, as can be seen through section [5.1] Furthermore, the results in Table

support the same hypothesis.

7 Policy implications

7.1 Targeted nudging

The results of this study show that there are heterogeneities in benefits gained
from the intervention. Furthermore these heterogeneities are predictable. I propose
a policy intervention with the potential to more than double the benefits found in
this study, by sending reminders only to those that are more likely to benefit from
them. Under a “targeted nudging” approach, individuals that given their observable

characteristics are likely to benefit from the intervention would be enrolled into an

30



opt-out reminder based program to reduce credit card late payments. The rest of
the users would be enrolled into an opt-in program in which they would be free to
self select to receive messages, but would not receive, by default, any message. The
procedure to change from one program to another should have as low transaction
costs as possible.

In this specific context, individuals that typically carry sufficiently large balances
in their checking accounts, or individuals that did not incur overdraft at baseline
would be enrolled in an opt-out reminder based program. All other users would be
enrolled in an opt-in version of the program. If inertia is large enough and users do
not switch from one program to another, back of the envelope calculations suggest
that the benefits from the intervention would increase to account for a reduction of
more than 5.6% in the total amount of contingent fees paid by consumers@ which
corresponds to a 224% increase in net benefits, from the current level of Q.S%E

More generally, the “targeted nudging” approach suggests that individuals with
different expected responses from the treatment should get different versions of
the treatment. One version of this policy could have different users receiving dif-
ferentiated default treatments, another version could have some users not being
treated at all, and yet another version could have some users sent different mes-
sages that, for example, shock their attention towards overdraft fees instead of credit
card late payment fees. This targeted approach is aligned with the discussion of
Beshears et al.| (2009) that, in the context of retirement savings, proposes different
default portfolios for individuals with different demographic characteristics. It is
also closely related to the policy recommendation of Allcott and Kessler (2015
that in the context of energy saving policies, consider the potential dis-utility from
behavioral changes induced by providing one-page letters comparing a household’s

energy use to that of its neighbors, and propose sending these informational nudges

18This 5.6% is given by the 15% reduction in fees experienced by 71% of users carrying 37.5% of the
total value of fees paid, that would be enrolled in the program.

9 An important caveat, is that these calculations do not take in to account that the existence of
“annoyance” cost from receiving too many messages documented byDamgaard and Gravert| (2016). To
try to learn about consumers subjective evaluation of the intervention, [Appendix 5| provides the results of
a satisfaction survey sent treatment participants 10 days after they received the last treatment message.
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only to users for which energy savings out-weight the dis-utility cost (measured by
individuals’ willingness to pay) of receiving the nudge.

The results of this paper show that while nudges have a huge potential to in-
crease benefit at low costs, it is not always clear what the best way to nudge is,
and the choice of a specific policy should be based on a careful evaluation, with a

sufficiently rich set of outcomes.

8 Conclusion

The welfare evaluation of a nudge-based policy intervention will not be complete
if outcomes that could be indirectly affected are not taken in to account: could more
savings lead to increased debt? (Ashraf, Karlan and Yin, 2006)); could buying more
fertilizer, lead to lower pesticide use? (Duflo, Kremer and Robinson, [2011)); or could
grammar improvement crowd-out studying time from math or arts? (Mayer et al.,
2015)).

In this paper, I present new evidence of the effect of informational nudges on
consumer behavior. As opposed to previous studies, I find that nudges have not
only direct effects on outcomes of interest, but also indirect effects on unintended
outcomes. Specifically, I look at the effect of reminders for credit card timely
payment using credit card and checking account transactional data. The Brazilian
personal finance market provides an appropriate setting to learn about the effect
of informational nudges on a rich set of outcomes since a large fraction of users
incur overdraft every month, and are therefore close to a relevant trade-off margin.
I find that the effects of the intervention are different for consumers with different
observable characteristics and while in general, credit card late payments decrease,
checking account overdraft use increases for users that were close to the overdraft
margin.

Informed by the results of this paper, I propose a second generation of nudge-
based policies, that takes in to account that consumers response to nudges is hetero-
geneous, and makes use of the growing availability of rich data: targeting nudges

to users whose observable characteristics predict strictly positive welfare effects.
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Future research could use machine learning techniques to further characterize sub-
populations with differential benefit gains from nudging (Athey and Imbens, 2016)),

and target different versions of the policy to users with different expected responses.
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Table 5: Treatment effect on balances at the end of the billing cycle

(1) (2) (3)
Log CC Balance Log Ch. Acct. Balance Rel. Liquidity

During*Full-Treatment 0.000865 -0.00216 -0.00331
(0.0132) (0.0124) (0.00907)

During 0.0260%** -0.104*** 0.0489*+*
(0.00807) (0.00764) (0.00554)

Mean of dependent variable

during intervention period 1,572.34 2,163.23 1.39

in control group ($R)

Observations 33,220 32,887 33,220

Number of clusters 8,305 8,305 8,305

This Table presents the results from OLS regressions estimating equation [I] with different outcomes.
Full — treatment takes the value of one if a given user belongs to the Full-treatment group, that
received five messages. The information corresponds to two billing cycles before the intervention,

and two billing cycles during the intervention. During takes the value of one for billing cycles during
the treatment period. Standard errors clustered at the user level in parenthesis. Individual fixed

effects included in all regressions. Observations are windsorized at the 1st and 99th percentile. Negative
balances are mapped to the positive domain by adding a constant equal to its minimum observed value.
CC stands for credit card. *** p<0.01, ** p<0.05, * p<0.1
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Table 6: Liquidity and treatment effects

Dep. Var: Paid CC Late Fee {0,1}

(1)

(2)

(3)

During*Pooled treatments -0.0125
(0.0105)

During*EB*Pooled treatments -0.0363**
(0.0163)

During*Full-Treatment

During*EB*Full-Treatment

During*DD Alert

During*EB*DD Alert

During 0.0760***
(0.00755)

During*EB -0.0318%**
(0.0119)

EB*DD Alert

EB*Full-Treatment

EB*Pooled treatments 0.00820
(0.0145)

Enough balance (EB) -0.0503%***
(0.0105)

Mean of dependent variable

during intervention period 0.219

for control group with EB=1

Observations 41,740

Number of clusters 10,435

-0.0173
(0.0120)

-0.0451%*
(0.0186)

0.0760%**
(0.00755)

-0.0318%**
(0.0119)

0.00790
(0.0166)

-0.0503 %+
(0.0105)

0.219

33,220
8,305

-0.00560
(0.0138)
-0.0231
(0.0215)

0.0760%%*

(0.00755)

-0.0318%%*
(0.0119)
0.00831
(0.0190)

-0.0503 %+
(0.0105)

0.219

29,244
7,311

This Table presents the results from OLS regressions estimating equation [2] with
different treatments. Full — treatment takes the value of one if a given user
belongs to the Full-treatment group, that received five messages. DD Alert
takes the value of one if a given user belongs to the DD Alert treatment group,
that received two messages. Pooled Treatments takes the value of one when a
given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing cycles
during the intervention. During takes the value of one for billing cycles

during the treatment period. EB takes the value of one when a given individual
has enough balance in her checking account to cover the full outstanding balance
in her credit card. Standard errors clustered at the user level in parenthesis.
Individual fixed effects included in all regressions. *** p<0.01, ** p<0.05, * p<0.1
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Table 7: Fraction of users with enough checking balance when LPF was
charged

Dep. Var: Enough Balance* Late payment {0,1}

(1) (2) (3)

During*Pooled treatments -0.021 7+
(0.00471)
During*Full-Treatment -0.0281*#*
(0.00530)
During*DD Alert -0.0124%**
(0.00625)
During 0.0307*** 0.0307*** 0.0307***
(0.00348) (0.00348) (0.00348)
Mean of dependent variable
during intervention period 0.0781 0.0781 0.0781
in control group
Observations 41,740 33,220 29,244
Number of clusters 10,435 8,305 7,311
Omitted Category Control Group Control Group Control Group

This Table presents the results from OLS regressions estimating equation [I] for various treatments.
Full — treatment takes the value of one if a given user belongs to the Full-treatment group, that
received five messages. DD Alert takes the value of one if a given user belongs to the DD Alert
group, that received two messages. Pooled Treatments takes the value of one if a given user belongs
to either of the two treatment groups. The information corresponds to two billing cycles before the
intervention, and two billing cycles during the intervention. During takes the value of one for billing
cycles during the treatment period. Enough Balance takes the value of one when a given individual
has enough balance in her checking account to cover the full outstanding balance in her credit card.
Standard errors clustered at the user level in parenthesis. Individual fixed effects included in all
regressions. *** p<0.01, ** p<0.05, * p<0.1
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Table 8: Treatment effect on login activity

Dependent variable: Number of logins per period

(1) (2) (3)

During*Pooled treatments  0.930***

(0.124)
During*Full-Treatment 1.098%+*
(0.141)
During*DD Alert 0.684%+*
(0.167)
During -0.374%F*  _0.374%HFF  (0.374%**

(0.0878)  (0.0878) (0.0879)
Mean of dependent variable

during intervention period 4.67 4.67 4.67

in control group

Observations 41,740 33,220 29,244
Number of clusters 10,435 8,305 7,311

This Table presents the results from OLS regressions estimating equation
with different treatments. Full — treatment takes the value of one if a given
user belongs to the Full-treatment group, that received five messages.

DD Alert takes the value of one if a given user belongs to the DD Alert
group, that received two messages. Pooled Treatments takes the value of
one if a given user belongs to either of the two treatment groups. The
information corresponds to two billing cycles before the intervention, and
two billing cycles during the intervention. During takes the value of one for
billing cycles during the treatment period. Standard errors clustered at the
user level in parenthesis. Individual fixed effects included in all regressions.
R p<0.01, ** p<0.05, * p<0.1
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Table 11: Treatment effect on short and long delinquencies

(1) (2)
Payment late for ~ Payment late for
less than 30 days more than 30 days

During*Pooled treatments -0.0185%** -0.00744
(0.00694) (0.00492)
During 0.0394*+* 0.021 7%+
(0.00500) (0.00349)
Observations 41,740 41,740
Number of clusters 10,435 10,435

This Table presents the results from OLS regressions estimating equation [I]
with different outcomes. Pooled Treatments takes the value of one if

a given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing
cycles during the intervention. During takes the value of one for billing cycles
during the treatment period. Standard errors clustered at the user level in
parenthesis. Individual fixed effects included in all regressions.

Rk p<0.01, ** p<0.05, * p<0.1

48



1°0>d 4 “G00>d 4y ‘TO0>d i

"SUOISSoI301 [ UT POPNIOUL S}09]j PoXIj [enpIAIpuU] sisoyjuated UI [0A9] IOSN 97} B POISISND SIOLId PIePULR)S

o104 Jur([iq pue Iesn Iod sUISO[ JO IOQUINU S} PAYRIIPUL yuow 4od surboT "ouUI[ese( e 1JRIPISAO PALINOUI I9ST USAIS © JI 9UO JO anfeA oY}
soxe) 2ULJASDq 9D (7O ‘Poled Jueuiyeal) oY) SULINP SO[0ADd SUI[[I I0J SUO JO anjeA dY) soxe} Hulun(] "UOTJUAIIIUL o1} SULMP So[AD SuI[[iq

OM} PUR ‘UOTJUSAIINUT A} 9I0Jo( SA[0LD SUI[[Iq 0M) 0} SPUOdSdII0d UOTYeULIOFUT oY ], *SAdNOIS JUoTIBAI) OM) I} JO IOTIO 09 SSUOT( IISTL WAAIS ® JI
OUO JO 9NJRA JT[} SONR) SIUIULIDA.L ], P00 "SIWOINO JUSISPIP [41m [g] uoryenbo Surjemrise suorssaIdor g WOIJ $HNSAT 9T} sjuasaid o[qr], ST,

GeT0T Gev'or1 Geror Cer0T S AN Ger0T SI9ISTI[D JO Ioquun N
VLTV N ZANZ 0L TV VLTV 0ovL TV ovL'TY SUOIJeAIdS( ()
dnoi8 [oxyuoo ur
96°G% 9820 potrad uonueAIS)IL SULINP
o[qeLreA juepuadop Jo Ues|N
(0£g0) (¢620)  (zsv0)  (¢ep000)  (92£00°0)  (L8£00°0)
w5x6LGT w4 SVLC s CET'G 4k 16700 55502800  54x£090°0 Suum(
(0ze'T) (7010°0)
+5x608°G $110°0 oureseq e (JO,3uLn(g
(0090°0) (06£000°0)
VIv0°0- +xx 1660070 qjuowr 1od surdory, urm(y
(2#2000°0)
€ez000°0- uowt 10d SUISOTT, STUOUIIRIL) PO[OO], SULIN(]
(882°2) (¢¥10°0)
%*%wﬁm.ﬁ %*@%N0.0 wgﬂwwﬁn_ e QO*EQ@QB@@.B GGMOO&*MQCSQ
(982°0) (9¥%°0)  (ggL0)  (G0900°0) (L2%00°0) (I¥S00°0)
+%x8C6°C 9690  4%46CL°C  TS600°0  6L£000°0  6¥800°0 SJUDUIFEIT} PI[OO], SULIN(]
(9) () (%) (€) (2) (1)

(Mg) 901 qO Jo anfep :rea ~do(g

{10} ®a4 O pred :rea -doq

9STL }JeIPISAO UO }I9J0 juourjead], :ZT 9[qel

49



Table 13: Treatment effect on the total cost of contingent fees paid

Dep. var.: Total cost of contingent fees ($R)

(1) (2) (3)

During*Pooled treatments -1.518  -4.625%** -1.299
(1.417)  (1.286) (1.551)
During*Pooled treatments*OD at baseline 11.21%%*
(3.943)
During*Pooled treatments*Logins per month -0.0458
(0.113)
During*OD at baseline 10.14%%*
(2.778)
During*Logins per month 0.216%+*
(0.0815)
During 13.18%F*  10.24%%* 12.09%**
(1.015)  (0.946) (1.114)
Mean of dependent variable
during intervention period 59.29 59.29 59.29
in control group ($R)
Observations 41,740 41,740 41,740
Number of clusters 10,435 10,435 10,435

This Table presents the results from OLS regressions estimating equation [1| for various
outcomes. Pooled Treatments takes the value of one if a given user belongs to either of the two
treatment groups. The information corresponds to two billing cycles before the intervention, and
two billing cycles during the intervention. During takes the value of one for billing cycles
during the treatment period. OD at baseline takes the value of one if a given user incurred
overdraft at baseline. Logins per month indicated the number of logins per user and billing
cycle. Standard errors clustered at the user level in parenthesis. Individual fixed effects included
in all regressions. *** p<0.01, ** p<0.05, * p<0.1

Table 14: Treatment effect on individuals that had overdraft at baseline

Overdraft and Total value of
No CC LPF contingent fees
(1) (2)
During*Pooled treatments 0.05017#+* 6.582%*
(0.0158) (3.728)
During 0.00863 20.38%**
(0.0111) (2.612)
Observations 11,984 11,984
Number of clusters 2,996 2,996

This Table presents the results from OLS regressions estimating equation
with different outcomes. Pooled Treatments takes the value of one if

a given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing
cycles during the intervention. During takes the value of one for billing cycles
during the treatment period. Standard errors clustered at the user level in
parenthesis. Individual fixed effects included in all regressions.

Rk p<0.01, ** p<0.05, * p<0.1
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Table 15: Information treatment

Dependent variable: Paid CC Late Fee {0,1}
(1) (2)

During*Robustness 0.0396*** 0.0591%**
(0.0119) (0.0162)
During -0.0122 -0.0333*#*
(0.00812) (0.0109)
Observations 18,681 10,083
Number of aux_statement_id 6,227 3,361
Only users that logged-in
Comments All users after first message

This Table presents the results from OLS regressions estimating equation
with different outcomes. Pooled Treatments takes the value of one if

a given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing
cycles during the intervention. During takes the value of one for billing cycles
during the treatment period. Standard errors clustered at the user level in
parenthesis. Individual fixed effects included in all regressions.

¥ p<0.01, ** p<0.05, * p<0.1
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Appendices

Appendix 1 Treatment effect on spending

For robustness, this section presents the (null) average treatment effect of the
treatment on spending categories, for each of the spending categories automatically

constructed by the Partner company. The specification comes from Section
Outcomey = o+ ; + B1 * During; + Bo * T; + v * During; * T; + €4 (1)

Where outcome represents the log of spending 41, in each of the categories, and
T represents an indicator variable that takes the value of 1 when a given user is a
member of the Full-Treatment Group.

The results are presented in Table Standard errors are clustered at the user

level. The omitted category is the Control Group at baseline.

Appendix 2 Liquidity

Coming from Section[5.1] below I present an alternative specification for the role
of relative liquidity, with a dummy variable indicating if an individual has enough
balance in his checking account to cover the minimum payment on his credit card. I
find that the treatment has a significant effect reducing the fraction of people being
charged a late payment fee while having enough balance in their checking account,
and furthermore, the Full-Treatment Group has a statistically significantly larger
effect (p-value 0.040), when compared to the DD Alert Group.

I now continue exploring the role of liquidity, constructing a liquidity ratio under
which I normalize balances in checking accounts at the end of the CC billing cycle,
by the corresponding credit card balance. This variable has a mean of 1.52, with a
median of 0.24, first quartile of -0.33 and 3rd quartile of 2.09.

To measure heterogeneous treatment effects for individuals with different levels

of liquidity (according to the measure defined above) I run the following specifica-
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tion:

LateFee; =a + a; + (1 * During; + B2 x Treatment; + B3 * Liquidity

+ B4 * During; x Treatment + B5 * During, * Liquidity
(2)
+ Be * T'reatment; x Liquidity

+ u * During, x Treatment; x Liquidity + €;

The main coefficients are presented in Table [A6] The coefficients of interest corre-
spond to the triple interactions of the treated periods, the treated group, and the
liquidity ratio. It can be seen that for the Full-Treatment Group going from the
first to third quartile of the liquidity ratio, leads to an increase of 0.59 percentage
points, which is 27% larger than the treatment effect on individuals in the first
quartile of the LR distribution.

Next, I explore a non-linear measure of liquidity, in which I construct indicator
variables for whether an individual has enough money in his checking account, to
cover the balance in full, to cover twice, three times, four or five or more times
the balance in his credit card. For exposition purposes I present selected coeffi-
cients of interest. It can be seen that the treatment starts having an effect only
when individuals have enough balance in their checking account to cover their full
balance, and not as soon as they have enough liquidity to cover the minimum pay-
ment. Measures of the treatment effect when individuals can cover their credit card
balance 2,3 and 4 times are very noisy, but consistently suggesting that reminders
reduce late payments when enough liquidity is available.

Finally, I look at the interaction between the paycheck cycle and the credit card
billing cycle, by looking at heterogeneous treatment effects for users that have a
paycheck arriving up to 15 days before their corresponding credit card due date,
and for users with paycheck arriving more than 15 days before the credit card
payment is due. To reduce differences between comparison groups, I restrict the
analysis to users that receive monthly payments, since users that receive more
periodic payments can be different across other characteristics as well. I find that
for individuals with a monthly paycheck for which the gap between due date and

paycheck arrival is small, the treatment effect is more than twice as large compared
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to individuals with a large gap between paycheck arrival and credit card due date.

However this difference is not statistically significant. See Table

Appendix 3 Overdraft fees

In this section of the appendix, I cover two main aspects. First, I describe the
non-linearities of overdraft prices, and secondly, I further look in to the mechanics
of overdraft charges by looking at the interaction of the timing of overdraft charges,
short term delinquencies and the timing of paycheck arrival.

To get a sense of contractual prices, Table [A9] presents contractual information
on credit card interest rates and other types of fees, taken from the websites of the
largest consumer banks in Brazil.

Where:

Overdraft. AKA “Cheque especial”, is a line of credit assigned to individuals
that allows them to withdraw or spend more that their actual balances in their
checking accounts up to a certain limit. This can be though as source of credit
alternative to credit card debt.

Extended overdraft AKA “Adiantamiento a depositante”, is form of “overdraft on
overdraft” that allows consumers to spend above their overdraft limit, but at a
very high cost. This fee seems to better match the intuition for an overdraft fees
in other countries such as the US.

As can be seen, the strong non-linearities in overdraft prices make users subject
to drastic changes in the prices they face when going above a certain spending limit.

Next, I present more detail on the mechanics of overdraft, specifically when
it comes to the relation between avoiding payments that in the absence of the
treatment would have been made less than 30 days late, and overdraft use. From
the results of Section [5.2] we can see that the treatment is affecting individuals
that in the absence of the treatment may have paid within 30 days anyways. To
understand how they can be paying overdraft fees as well, I look at the timing
of overdraft, and the timing of paycheck arrival. I find that the treatment effect

on overdraft is larger for individuals with weekly or bi-weekly paychecks, and that
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for bi-weekly users overdraft is actually taking place in the bi-weekly cycle that
contains the corresponding credit card due date and payment. See Table
These results emphasize the intricacies of liquidity management over the paycheck
cycle: it’s not just about having enough liquidity to fulfill financial obligations on

a given point of time, it is about having liquidity at the right time.

Appendix 4 Total cost of contingent fees

Tables to provide decompositions of the total cost of contingent fees
for individuals that have paid overdraft in the past and for individuals that have
not paid. To do that, I split the sample according to a dummy variable indicating
if an individual has paid overdraft in the past, and run two separate regressions.
The coeflicients presented in this appendix can also be obtained from the tables
presented in Tabldl3] by making the appropriate arithmetic.

As an additional robustness test, Table presents the analogous specification
as in table with a log-transformed dependent variable. The coefficients now
have a percentage change interpretation. While there are some differences in the

magnitude, the results are qualitatively the same.

Appendix 5 Survey results

Ten days after receiving the last message, individuals in all treatment groups
were sent a mobile survey. Only 1,028 individuals responded to the survey. Their
answers are presented in Table

As can be seen, the large majority of users (77.5%) want to continue receiving re-
minders. However, when asked about the number of messages they want to receive,
57.5% report a preference for getting only one or two messages, instead of the most
effective treatment among the ones tested here consisting of five messages.This sug-
gests that while there is potential for a profitable business proposition, there seems
to be a mismatch between ex-post treatment effectiveness and ex-ante consumer

satisfaction.
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Table A3: Treatment effects on spending by category

ATE Full-Treatment

Coefficient Std. error  T-stat  P-value
Salary 0.06976 0.06227 1.12034 0.26260
Bonus 0.00110 0.01111  0.09939 0.92083
Return -0.00960 0.04194 -0.22899 0.81888
Other income -0.00650 0.06934 -0.09370 0.92535
House 0.01321 0.03861  0.34220 0.73221
Residential bills 0.00531 0.04815 0.11020 0.91226
Health 0.03233 0.04736  0.68261 0.49487
Education -0.01034 0.03090 -0.33469 0.73787
Transport -0.00198 0.04449 -0.04444 0.96456
Market 0.00078 0.04628 0.01692 0.98650
House keeper 0.00005 0.01177  0.00413 0.99671
TV / INTERNET / Phone 0.00848 0.04541  0.18662 0.85196
ATM Withdrawals -0.00535 0.05758 -0.09284 0.92603
Bars/ Restaurants 0.00453 0.04063 0.11152 0.91121
Leisure 0.01196 0.03899  0.30686 0.75896
Shopping 0.02354 0.04311  0.54601 0.58507
Personal care 0.00904 0.05076  0.17804 0.85870
Services and insurance 0.06073** 0.02922  2.07844 0.03770
Travel -0.00882 0.04874 -0.18087 0.85647
Gifts/ Donations 0.03451 0.03882  0.88893 0.37406
Family/ Children 0.00684 0.01979  0.34558 0.72967
Work expenses 0.00722 0.01389  0.51990 0.60315
Other expenses 0.00010 0.01535  0.00639 0.99490
Taxes -0.00966 0.03940 -0.24515 0.80635
Loan type 0.00903 0.04036  0.22382 0.82290
Loan type 0.00545 0.02281 0.23890 0.81119
Loan type 0.00658 0.00935 0.70398 0.48147
Other loans 0.01533 0.03466  0.44242 0.65819
Card bill payment -0.04817 0.07003 -0.68789 0.49154
Recovered investment 0.01841 0.04723  0.38980 0.69670
Investment 0.03175 0.05037 0.63038 0.52847
Transfer 0.02535 0.03935  0.64407 0.51955
No category 0.03056 0.05612  0.54461 0.58604
Other personalized category -0.00357 0.02964 -0.12055 0.90405

This Table presents the results from OLS regressions estimating equation|l|

for various spending categories when the treatment corresponds to the Full-treatment.

Standard errors clustered at the user level. *** p<0.01, ** p<0.05, * p<0.1
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Table A4: Fraction of users with enough checking balance when LPF was
charged

Dep. Var: Enough balance * Late payment fee {0,1}
(1) (2) (3)

During*Pooled treatments -0.0205***

(0.00585)
During*Full-Treatment -0.0274%+*
(0.00662)
During*DD Alert -0.0105
(0.00778)
During 0.0314%%%  0.0314%** 0.0314%+*
(0.00427)  (0.00427) (0.00427)
Observations 41,740 33,220 29,244
Number of clusters 10,435 8,305 7,311

This Table presents the results from OLS regressions estimating equation

for various treatments. Full — treatment takes the value of one if a given user belongs
to the Full-treatment group, that received five messages. DD Alert takes the value

of one if a given user belongs to the DD Alert group, that received two messages.
Pooled Treatments takes the value of one if a given user belongs to either of the

two treatment groups. The information corresponds to two billing cycles before the
intervention, and two billing cycles during the intervention. During takes the value of
one for billing cycles during the treatment period. Enough Balance takes the value
of one when a given user has enough balance in her checking account to cover the

full outstanding minimum payment on her credit card. Standard errors clustered at
the user level in parenthesis. Individual fixed effects included in all regressions.

*K p<0.01, ** p<0.05, * p<0.1
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Table A5: A linear measure of liquidity

Dependent variable: Paid CC Late Fee {0,1}

(1) (2) (3)
During*Pooled treatments -0.0219%**
(0.00842)
During*Pooled treatments*LR  -0.00247
(0.00166)
During*Full-Treatment -0.0256%**
(0.00960)
During*LR*Full-Treatment -0.00406**
(0.00185)
During*DD Alert -0.0161
(0.0111)
During*LR*DD Alert -0.000132
(0.00222)
Liquidity ratio (LR) -0.00129 -0.00129 -0.00129
(0.00101)  (0.00101)  (0.00101)
During*LR -0.000992  -0.000992 -0.000992
(0.00123)  (0.00123)  (0.00123)
Pooled treatments*LR 0.000376
(0.00140)
LR*Full-Treatment 0.000365
(0.00156)
LR*DD Alert 0.000432
(0.00189)
During 0.0568***  0.0568%** 0.0568%**
(0.00610)  (0.00610)  (0.00610)
Observations 39,696 31,625 27,793
Number of clusters 10,415 8,289 7,296

This Table presents the results from OLS regressions estimating equation |z| for various

treatments. Full — treatment takes the value of one if a given user belongs to the

Full-treatment group, that received five messages. DD Alert takes the value of one if

a given user belongs to the DD Alert group, that received two messages. Pooled

Treatments takes the value of one if a given user belongs to either of the two

treatment groups. The information corresponds to two billing cycles before the inter-

vention, and two billing cycles during the intervention. During takes the value of one

during the treatment period. LR is defined as the ratio of checking account balance to

credit card balance, for each given user. Standard errors clustered at the user level.

*** p<0.01, ** p<0.05, * p<0.1
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Table A6: A non-linear measure of liquidity

Dependent variable: Paid CC Late Fee {0,1}

(1) (2) (3)
During*Pooled treatments*EBO  -0.0103
(0.0227)
During*Pooled treatments*EB1  -0.0557*
(0.0293)
During*Pooled treatments*EB2  -0.0282
(0.0274)
During*Pooled treatments*EB3  -0.0350
(0.0522)
During*Pooled treatments*EB4  -0.0204
(0.0563)
During*Pooled treatments*EB5  -0.0408
(0.0271)
During*Full-Treatment*EB0 -0.00821
(0.0262)
During*Full-Treatment*EB1 -0.0488
(0.0334)
During*Full-Treatment*EB2 -0.0398
(0.0313)
During*Full-Treatment*EB3 -0.0600
(0.0604)
During*Full-Treatment*EB4 -0.0104
(0.0649)
During*Full-Treatment*EB5 -0.0556*
(0.0303)
During*DD Alert*EBO -0.0138
(0.0297)
During*DD Alert*EB1 -0.0664*
(0.0388)
During*DD Alert*EB2 -0.0112
(0.0363)
During*DD Alert*EB3 0.00239
(0.0664)
During*DD Alert*EB4 -0.0350
(0.0740)
During*DD Alert*EB5 -0.0184
(0.0364)
Observations 41,740 33,220 29,244
Number of clusters 10,435 8,305 7,311

This Table presents the results from OLS regressions estimating equation for various
treatments. Full — treatment takes the value of one if a given user belongs to the
Full-treatment group, that received five messages. DD Alert takes the value of one if
a given user belongs to the DD Alert group, that received two messages. Pooled
Treatments takes the value of one if a given user belongs to either of the two
treatment groups. The information corresponds to two billing cycles before the inter-
vention, and two billing cycles during the intervention. During takes the value of one
during the treatment period. E B; takes the value of one when the ration of checking
account balance to credit balance is between ¢ and ¢ + 1. Standard errors clustered

at the user level. *** p<0.01, ** p<0.05, * p<0.1
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Table A7: Persistence: Treatment effects after the intervention

Dependent variable: Paid CC Late Fee {0,1}
(1) (2) (3)

Post*Pooled treatments -0.00864

(0.00929)
Post*Full-Treatment -0.0164
(0.0107)
Post*DD Alert 0.00271
(0.0124)
Post 0.0125* 0.0125%* 0.0125*
(0.00658)  (0.00658) (0.00658)
Observations 31,305 24,915 21,933
Number of clusters 10,435 8,305 7,311

This Table presents the results from OLS regressions estimating equation [1] for
various treatments. Full — treatment takes the value of one if a given user belongs
to the Full-treatment group, that received five messages. DD Alert takes the value
of one if a given user belongs to the DD Alert group, that received two messages.
Pooled Treatments takes the value of one if a given user belongs to either of the
two treatment groups. The information corresponds to two billing cycles before the
intervention, and one billing cycle after the intervention, when no further messages
were sent. Post takes the value of one for the one billing cycle after the
intervention. Standard errors clustered at the user level in parenthesis. Individual
fixed effects included in all regressions. *** p<0.01, ** p<0.05, * p<0.1
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Table A10: Interaction of paycheck arrival and attention shocks

(1)

Dep. Var: Late payment fee {0,1}

During*Pooled treatments -0.0122
(0.0136)
During*Pooled treatments*Paycheck close to CC DD -0.0256
(0.0182)
During*Paycheck close to CC DD 0.0184
(0.0134)
During 0.0596***
(0.0101)
Mean of Dep.var. when Paycheck close to CC DD =1
and During=1 0.221%+*
(0.00227)
Observations 27,924
Number of aux_statement_id 6,981

This Table presents the results from OLS regressions estimating equation 2| Pooled Treatments
takes the value of one if a given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing cycles during the
intervention. During takes the value of one for billing cycles during the treatment period. Only
information from users that receive periodic paychecks is included. Paycheck close to DD takes

the value of one for any given users whose paycheck is received no more than 15 days before her
credit card due date. Standard errors clustered at the user level in parenthesis. Individual fixed
effects included in all regressions. *** p<0.01, ** p<0.05, * p<0.1

Table A11: Overdraft and periodicity of paychecks

(1)
Dep. Var: Overdraft fee {0,1}

During*Pooled treatments* Bi-weekly or weekly paycheck 0.0234**
(0.0113)
During*Bi-weekly or weekly paycheck 0.02317#+*
(0.00814)
During*Pooled treatments -0.000157
(0.00668)
During 0.0518%+*
(0.00477)
Observations 41,740
Number of clusters 10,435

This Table presents the results from OLS regressions estimating equation 2| Pooled Treatments
takes the value of one if a given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing cycles during the
intervention. During takes the value of one for billing cycles during the treatment period. Only
information from users that receive periodic paychecks is included. Bi — weekly or Weekly paycheck
takes the value of one for any given users whose paycheck is received with bi-weekly or weekly
periodicity. Standard errors clustered at the user level in parenthesis. Individual fixed effects
included in all regressions. *** p<0.01, ** p<0.05, * p<0.1
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Table A13: Treatment effect on the total value of fees paid by users that
paid overdraft at baseline

Dep. var.: Cost of contingent fees ($R)

(1) (2) (3)

oD CcC Total
During*Pooled treatments 8.009***  -1.427 6.582%*
(2.245)  (2.691) (3.728)

During 9.552%H%  10.83%** 20.38**%
(1.492)  (1.931) (2.612)
Observations 11,984 11,984 11,984
Number of clusters 2,996 2,996 2,996

This Table presents the results from OLS regressions estimating equation
with different outcomes. Pooled Treatments takes the value of one if a
given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing
cycles during the intervention. During takes the value of one for billing
cycles during the treatment period. Standard errors clustered at the user
level in parenthesis. Individual fixed effects included in all regressions.

K p<0.01, ** p<0.05, * p<0.1

Table A14: Treatment effect on the total value of fees paid by users that did
not incurred overdraft at baseline

Dep. var.: Cost of contingent fees ($R)

(1) (2) (3)

OD CC Total

During*Pooled treatments — 0.696  -5.320%** -4 625%**
(0.446)  (1.193) (1.286)

During 3.T43%H*  6.494%** 10.24%%*
(0.293) (0.890) (0.946)
Observations 29,756 29,756 29,756
Number of clusters 7,439 7,439 7,439

This Table presents the results from OLS regressions estimating equation [I]
with different outcomes. Pooled Treatments takes the value of one if a
given user belongs to either of the two treatment groups. The information
corresponds to two billing cycles before the intervention, and two billing
cycles during the intervention. During takes the value of one for billing
cycles during the treatment period. Standard errors clustered at the user
level in parenthesis. Individual fixed effects included in all regressions.

Rk p<0.01, ** p<0.05, * p<0.1
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Table A15: Treatment effect on the log of total contingent fees

Dependent variable: Log of value of total fees {0,1}

(1) (2)

(3)

During*Pooled treatments*OD at baseline 0.150%*
(0.0735)
During*Pooled treatments*Logins per month
During*Pooled treatments -0.0333  -0.0761**
(0.0317)  (0.0361)
During*OD at baseline -0.0409
(0.0522)
During*Logins per month
During 0.409%#%  (.4217%%*
(0.0226)  (0.0259)
Observations 41,740 41,740
Number of clusters 10,435 10,435

-0.00348
(0.00298)
-0.0162
(0.0350)

0.00996*+*
(0.00217)
0.359%**
(0.0251)
41,740
10,435

This Table presents the results from OLS regressions estimating equation [I] for various
outcomes. Pooled Treatments takes the value of one if a given user belongs to either of the two
treatment groups. The information corresponds to two billing cycles before the intervention, and
two billing cycles during the intervention. During takes the value of one for billing cycles
during the treatment period. OD at baseline takes the value of one if a given user incurred
overdraft at baseline. Logins per month indicated the number of logins per user and billing
cycle. Standard errors clustered at the user level in parenthesis. Individual fixed effects included

in all regressions. *** p<0.01, ** p<0.05, * p<0.1
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