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Abstract

We analyze a new dataset on borrowing decisions of a sammlestémers of a credit card com-
pany. This credit card allows customers to pay for their pases vianstallment creditover terms
up to 12 months at an interest rate that depends on the cus$arresdit score and the duration of the
installment loan. We use these data to estimate the effanterest rates on consumers’ demand for
credit. We show that conventional econometric methodsyding regression, instrumental variables,
and matching estimators) predict that the demand for iinsgait credit is anncreasingfunction of the
interest rate, an inference we dismiss as spurious due tertiegeneity of the interest rate and the
effect of unobserved credit constraints that cause custowith worse credit scores to have higher de-
mand for installment credit. To make more credible infeenabout the effect of interest rates on the
demand for credit we exploit a novel feature in our data: @ugrs are more or less randomly offered
free installmentsi.e. the opportunity to pay back a given purchase over a figed ranging from 2
to 12 months at an interest rate zdro. We exploit these free installment offers agj@asi-random
experimenthe help identify the demand for credit by estimating a disechoice model of the install-
ment credit decision that accounts for censoring (choisettaampling) in observed free installments.
Despite the significant censoring, we show that it is posdiblidentify consumers’ choice probabili-
ties and the probability they are offered free installmefitsefree installment puzzlesults from our
finding that less than 3% of the transactions in our sample wexde as free installments, even though
our model predicts that the average probability of beingi@ft a free installment in our sample is
approximately 20%. Our model predicts a high incidence oé“pommitment behavior” even among
the minority of individuals who do take the free installmerfters. For example, the model predicts
that 88% of individuals who were offered (and chose) a 10 iménete installment offer pre-commited
at time of purchase to pay the balancdéeéwerthan 10 installments. This pre-commitment behavior is
puzzling since there are no pre-payment penalties, anditmaal economic models predict that con-
sumers should choose the maximum loan duration when a logifei®ed at a 0% interest rate. This
puzzling consumer behavior raises questions about the aoy'gobehavior: why does it make so many
free installment offers if the response to them is so poor?alsle present evidence that the increasing
interest rate schedule the company offers its customersnoiye profit-maximizing.
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j rust @eni ni . econ. und. edu.



1 Introduction

This paper presents new findings on the demand for credidbasea unique data set that allows us to
observe borrowing decisions made by a sample of customeasnadjor credit card company. Unlike
traditional revolving creditprovided by most U.S.-based credit cards, the main type ediccontract
offered by the company we study iisstallment credit. This is a common contract used by credit card
companies in Latin American countries. Installment credibtracts require customers to made ante
choices of the number of installments over which they wilf pack the amount of each purchase, and they
do this on a@ransaction by transaction basiS€ustomers are aware that they have this opportunity because
it is described to them on each of their monthly statemenrtmgawith the interest rate schedule that
determines the interest rate they would pay for installnhesmis payable over to 2 to 12 billing statements
(months).

In contrast, under revolving credit customers do not makedadng decisions on a transaction by
transaction basis. Instead, their borrowing decisiongraade at they time they paach bill. Revolving
credit amounts to an option pay only part of their balance dué to use a sequence of one period loans
of endogenously chosen sizes (subject to an overall criediif) Ithat allows customers to pay off their
balances according to their own chosen time path. The coynparstudy did not offer revolving credit to
most of its customers until 2005, and then only to a minorftitsocustomers with the best credit scores.
Thus, without access to revolving credit, a customer’'srerttiedit card balance is due and payable at each
statement date unless the customer chose to pay for someiroptiichases on installment.

A credit card company provided us with data on all purchals#iflg statements, and payments made
by a sample of 938 of its customers from late 2003 to spring’20e observe ovet80,000 individual
purchase transactionfor these customers over this period, and in the vast mgjofithese transactions
constitutedmicro-borrowing decisiongbout whether to pay for the purchased amount in full at the ne
billing statement (which we denote as the chaice 1) or to make the purchase under installment credit
over 2 to 12 subsequent billing statements (which we derogechoicel in the set{2,...,12}).

To our knowledge there is no previous study that analyzeseterts of micro-borrowing decisions,
especially at the level of detail and with the huge numberhsfepvations that we access to in this data
set. In addition to having considerable data on the amouhtiygre of the transaction, we also observe
the company’s proprietary credit scores for these custeymand we resolved problems of unobserved
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installment balances. We are also able to uncover (ecommaist) the formula the company uses for
setting installment credit interest rates, and we showttiede interest rates not only depend on the credit
score of the customer, but also on the duration of the imsait loan. We show that the credit card
company uses a particular non-linear increasing inteegstschedule that sommonto all its customers.
Thus, while the intercept of the interest rate schedule dbdsto reflect consumer credit score and other
credit history information, the schedule of interest rd@sinstallment loans above a “base rate” for 2
month loans is common to all customers. So, for example,ntezast rate the company charges for a 12
month installment loan is 7 percentage points higher tharirterest rate it charges to a customer for a 2
month installment loan and this differential is the samealbcustomers.

The main goal of this paper is to use these data to infectédit demand functioand determine its
elasticity with respect to the interest rate charged. Unfmately, we show that conventional reduced-form
econometric approaches, including regression, instrémh@ariables, and matching estimators, all imply
that the demand for credit is arpward sloping function of the interest rate charged to consumers. Of
course, we believe this is a spurious finding, a likely restitnobserved factors that make consumers who
have high need for credit to be charged higher interest tht@sconsumers who have better credit scores
or other lower cost borrowing opportunities, or who are otfise not “liquidity constrained.” Though
we have reasonable instrumental variables (such as théi€ze of Deposit or “CD rate”) that lead
to credible, exogenous variation in the company’s cost etlicr(and therefore we presume exogenous
variation in the interest rates it offers to its customens)practice the “markup” the company charges to
its customers over this CD rate is huge and highly variabteranch more responsive to other factors such
as credit card competition than it is to the relatively minariations in the cost of credit to banks. As
result we find that the CD rate and other similar instrumevdaiables are actually vemyeak instruments
that are nearly uncorrelated with actual interest ratesctitapany charges its customers. To the extent
there is any correlation at all, we find customer interestgaire slightlynegativelycorrelated with the CD
rate and other similar instruments!

To make more accurate inferences about the demand for cvegliestimate a discrete choice model
of a consumer’s choice of installment loan duration (i.e ¢hoice of the number of installmerdsover
which the amount purchased is paid back). The model has &liespecification, so depending on the
value of its parameters, it can approximate a wide varietsatbnal as well as “behavioral” theories of

decision making. The model also accounts for the increasimg-varying and customer-specific interest



rate schedules that are difficult to handle using conveatigggression methods. Most importantly, it also
enables us to exploit the quasi-random variability in thernest rates charged to consumers as a result
of interest-free installment opportunitiekat arise from promotions offered by the credit card congpan
sometimes in conjunction with merchants. We treat theseifrstallment offers aguasi random exper-
imentsbecause executives at the credit card company assuredtubdhzhance of being offered a free
installment does not directly depend on customer chaigtitsy, or the amount of their purchase. There
may beindirect selection effecti§ customers are more likely to shop at a store and make peeshtere

if they know that they can take advantage of a free instaltnoffier at that store over a particular time
interval. However we believe the company executives thatlechanism by which free installments are
offered to its customers does not directly depend on thairathristics, or the amount of their purchase.

However we also confront econometric problems due to sitanficensoring(choice-based sampling)
in free installment offers. That is, we only observe a suliddfree installment offers that customers
actually chose: we do not observe offers that were made anchosen. Further, the company provided
us with no data to independently estimate the probabiliggrithution of how free installment offers were
provided to customers over time and across different metshdespite the econometric challenges (we
show that accounting for censoring results in a likelihoadction that is akin to a mixture of choice
probabilities, making our model potentially difficult toddtify) we show that the conditional probability
of free installment offers can be separately identified frustomers’ choice probabilities, and that we
can even identify the probability distribution of the maxim duration of different free installment offers.
We exploit thea priori information from the company executives that free instalits do not depend
on customer characteristics (or the purchase amount) as/arfub exclusion restrictiorto help identify
our model. We show that our estimated model provides remarkgood predictions of the borrowing
decisions of our sample of consumers, and can successhuilyat for the endogeneity of interest rates,
resulting in a downward sloping demand for credit.

We find that the demand for credit is highly inelastic and teetup rate for free installment offers
is surprisingly low: we estimate that on average, the proibalihat customers who are offered free
installment opportunities will actually take them is onl§%. Instead, in the vast majority of cases,
customers choose to pay the purchased amount in full at tktestegement date. Of course, our model
predicts that the probability of purchasing under instaihiis higher the larger the amount paid for a given

transaction, and individuals who we suspect are “liquidityistrained” are uniformly more likely to take



advantage of free installment offers than individuals wbaodt appear to be liquidity constrained.

Our estimated model leads to an even more puzzling predictidarge fraction of the customers who
are offered and actually choose free installment offersagagnpre-commitment behavidn the sense
of making anex antedecision to pay off their purchase fawer installmentsthan the maximal number
of installments allowed under the free installment offenor Example, our model predicts that 88% of
individuals who were offered and who chose a 10 month frewlinsent offer pre-commited at the time
of purchase to pay off their balance due in fewer than 10 lins¢ats. This pre-commitment behavior
is puzzling since there is no pre-payment penalty in inst@fit loans, so traditional economic theories
predict that, barring special explanations to the conjrajonal consumers should never pre-commit to
a free installment offer for a term that is less than the maxmoffered. Doing so is to arbitrarily limit
their future options without receiving any obvioag antecompensation for doing so. We find that only a
small minority of customers who are offered free installtrieans would choose the maximum installment
term offered to them (fewer than 1% of those offered 12 moaéms, slightly over 2% of those offered
10 month loans, and approximately 10% of those offered 3 mbree installment loans). The apparent
aversion these customers have to taking advantage of Zereshloan opportunities constitutes what we
call the free installment puzzle.

This aversion is very hard to explain using the standard exdn model of behavior by rational
individuals who maximize the expected discounted value tima-additive utility with geometric dis-
counting of future utilities. Early work by Strotz [1955] drsubsequent contributions by Laibson [1997]
and.Gul and Pesendoifer [2001] and others on hyperboliodiging, temptation, and self-control have
shown that time-inconsistent behavior can arise in vardtgxtensions of the standard model of time-
separable geometrically discounted utility maximizatioversions of these theories for “sophisticated”
agents (i.e. agents who are self-aware of their time-insterg behavior) can explain a desire by some of
these individuals to pre-commit to actions that restram dptions available to their “future selves”. As
Gul and Pesendorrer [2001] note, there are situations whrereommitment can make these individuals
“unambiguously better off when ex ante undesirable tergstatare no longer available” (p. 1406).

Casali [2009] notes that “Although the implications of v&é or sophistication are profound, the
behavioral evidence is still quite limited” (p. 119). Hoveg\there is some evidence, including laboratory

evidence that Casari provides in his paper, that “the derf@mbmmitment was substantial” even though



“Commitment always carries an implicit cost due to the utaiety of the future.” (p. 1389.

Our findings are also puzzling in view of the conventionaldeis that many credit card customers
are liquidity constrained and willing to borrow at usuritpsigh rates of interest. Indeed, at the same
time as we infer large fractions of the customers in our sanfiptgoing free installment opportunities,
other customers are paying very high rates of interest,agieg about 15%, to borrow varying amounts
over varying lengths of time under traditional positiveargst installment purchases. Our results are also
puzzling in view of the aggressive use of free installmentsiedit card companies as a marketing tool in
an attempt to gain a larger share of the credit card markely fldithese companies use free installments
so frequently if they are aware that the take up rates of fismilment offers are so low?

Finally, the highly inelastic demand response that we fingdaidations in interest rates is a puzzle,
since we would expect that especially individuals who ageidlity constrained would have a strong moti-
vation to use free installment credit opportunities at lyeavery opportunity that they are offered to them.
Although we have no precise way of identifying customersun gample who are liquidity constrained,
there is substantial heterogeneity in the free installntake up rates in the customers in our sample. We
tentatively identify the individuals with the highest talip rates as those who are potentially liquidity
constrained, though some of them could also be the ratiom&-$eparable, geometric discounted ex-
pected utility maximizers — i.ehomos economicus- who are predicted to ruthlessly exploit every free
installment opportunity that is presented to them.

Section 2 describes the credit card data and documents pguetemce of merchant fees as a significant
component of the profit that this company earns: we belieigaghthe main motivation for the company’s
frequent use of free installments. Section 3 introduce®tmmometric methods we employed to infer the
demand for credit starting with the more traditional regres-based and reduced-form treatment effect
approaches. We show that the empirical findings from thedeced form methods result in implausible
estimates of the demand for credit. In particular, all oftiiethods lead to the conclusion that the demand
for credit is anincreasingfunction of the interest rate.

Section 4 introduces our discrete choice econometric mafdastallment choice and derives the like-

Iashrateral. [2006] find a correlation between hyperbolipey of discounting and choice of a commitment savings prod-
uct from a randomized controlled field experiment in the Riles. They note that “identifying hyperbolic preferescand
observing a preference for commitment is difficult” but bysidg hypothetical survey questions, we identify individuaho
exhibit impatience over near-term trade-offs bt patieneer duture trade-offs. Although we find this reversal unetated with
most demographic and economic characteristics, we do fawt this reveral predicts take-up of a commitment savingdymt,
particularly for women.” (p. 668).



lihood function for the discrete choice model accounting tfee censored, choice-based nature of our
observations of free installment offers (i.e. that we onbhgerve free installment offers when customers
actually choose them, not when customers do not choose thengstablish the identification of the struc-
tural parameters, and present the estimation resultsjdimgy an evaluation of the goodness of fit of the
model and the predicted installment credit demand functenwell as several counterfactual predictions
of customer response to alternative installment credicpgd. In particular, using the estimated demand
system we search for alternaticensumer-specifimterest rate schedules that result in higher profits to
the credit card company subject to the constraint that theeted utility of this alternative schedule to the
customer is no lower than their utility under the companylsrent orstatus quadnterest schedule. Our
calculated optimal interest rate schedules differ sigaifity depending on customer characteristics and
generally are very different from the particular schediattthe company has chosen. We view this as a
further puzzle raised by our analysis.

Section 5 presents our conclusions and speculative consrabout the underlying reasons for the free
installment puzzle, as well as suggestions for future mebgarovided additional data and particularly new

experimental data could be gathered.

2 Credit Card Data

Our data consist of six data files: sales, billing, revolvamy collection, credit rating, and a final file
defining the merchant classification codes that appear isdhes data. For sales data, we should note
that there are three types of sales 1) sales payable in fthleabhext statement date, 2) sales payable in
installments over two or more statement dates, and 3) cagtnads. Cash advances can either be paid in
full at the next statement date, or paid by installment oveltiple future statements. Generally purchases
and cash advances that are paid by installment are donea#ivedl high interest rates, except when
customers are offered free installment options.

We observe installment purchases of varying lengths, frotn 22 months. The most commonly
chosen term is 3 months: 61.5% of all of the installment pasels we observe have a 3 month term. The
maximum installment term we observe is 12 months, and isashos1.7% of the cases. Other frequently
chosen terms are 2 months (20.0% of cases), 5 months (5.09nths (4.9%), and 10 months (3.7%).

There are no installment purchases with a term of 1 montleedinis is equivalent to a regular charge, i.e.



a payment due at the next billing statement. Thus, we defméristallment choice set” for a consumer
as beingd = {1,2,...,12} where a choice ofl = 1 is equivalent to a regular charge that will be due at the
next billing statement, a choice df= 2 corresponds to equal installments payable in the next fid
statements, and so forth, so tlth= 12 denotes an installment contract that is payable over éike 12
billing statements (which typically arrive monthly).

Customers typically pay off their installment purchasesgual installment amounts. For example, if
a consumer purchases an amoBninder an installment contract with a totaldfnstallments payments,
then the consumer will pay back the “principa”in d equal installments oP/d over the nexd billing
periods. If the consumer is charged interest for this ilst@ht purchase, the credit card company levies
additional interest charges that are due and payable alatingtie installment payment at each of the
successivel statement dates. However in some cases there are unequoa sy sometimes as a result of
late payments, or accelerated or pre-payment of instalisndine installment agreement does not formally
allow for a pre-payment option, so that if a consumer doegppsean installment contract, the credit card
company still charges the interest at the successstatement dates, as if the customer had not pre-paid.

We calculate the realized internal rate of returns for 898tdllment transactions in our credit card
data set. The internal rate of return is the interest rafeat sets the net present value of the stream of
cash flows involved in the installment transaction to O, wehiiwe initial purchase is regarded as a cash
outflow (from the credit card company) at time= 0, and the successive payments (including interest)
are treated as cash inflows at the successive statementtgdgies. ,ty. There were only 141 cases out
of the 8987 installment transactions where the customendidollow the original installment contract
by paying in thed installments that the customer originally agreed to payeréhwere pre-payments in
127 cases, i.e. where the customer paid off the installmalainbe more quickly than necessary under
the original installment agreement. Given that there is inectl benefit to the customer from pre-paying
the installment (since the credit card company will corginol collect interest from the customer as if the
installment loan had not been pre-paid), it seems hard ionaize these cases under a standard model
of a rational, well-informed consumer. In 31 of these casies,customer was given a 0% installment
loan, and yet still pre-paid. One possible explanation & these customers were not aware that they
had what was in effect an interest-free loan, and not awatetliere was no benefit to pre-paying. These
customers might have believed (incorrectly) that by payfigheir installment balance more quickly they

were saving interest charges, or perhaps some other exiplarsich as “mental accounting” (e.g. the



desire to be free of the mental burden of having a large audstg installment balance to pay), that might
explain this behavior.

There were only 17 cases where the number of installment paigwere greater than the number of
installments originally agreed to in the original instadin transactions. These do not appear to be “de-
faults” since the total amount collected in each of thesesaguals the initial amount purchase. The delay
in payment was typically only one billing cycle more than treginally agreed number of installments.
For this reason, we believe that these cases might refleefféne of holidays (such as where a payment is
allowed to be skipped since a statement falls on a speciadylor some other reason (e.g. an agrered
postmodification in the installment agreement). Since theresariew of these cases, we basically ignore
them in the analysis below.

In the data we observe most installment purchases have tvpasternal rate of return, but in nearly
half of all installment purchases we observed (47.7%) therial rate of return was 0, so the customers
were in effect given an interest-free loan by the credit cauthpany. These “zero interest installments”
are usually a result of special promotions that are provildter at the level of individual merchants (via
agreement with the credit card company to help promote salearticular merchants via the “free credit”
aspect of an installment purchase with a 0% interest rateyjao“general offers” that the credit card
company offers to selected customers during specific peiddime either to encourage more spending,
increased customer loyalty, or as a promotion to attract cusstomers. Our data does not contain enough
information for us to determine exactly which customersaifered 0% installment options, so we model
them as occurring probabilistically, depending on the hant code where the customer makes a purchase,
and dummies for the date of purchase (since some of thesefions tend to be offered at specific times in
the year). The vast majority of interest-free installmerars have a term of 6 months or less. If a customer
wishes to have a longer term than the one being offered, #temmer generally must pay a positive interest
rate for longer term installments, according to the schedelscribed below. In our analysis below, we will
assume that when a customer is offered a interest-fredlimstat purchase option, the maximum term is
exogenously specified according to a probability distitiuthat we will estimate from our data.

In order to make customer-specific profit and rate of retutnutations and analyze time patterns of
credit card spending and installment usage, we had to assd¢ngbdata that were contained on customers
in the sales, billing, and collections tables intdoagitudinal formatthat would enable us to track the

evolution of both credit card and installment balances dayby day basisWe emphasize that the credit



card company did not provide us with these latter data, ratleehad toconstruct the longitudinal data
from the information we were provided/hile at first it may seem to be a relatively trivial exercise i
stock/flow accounting to reconstruct thdssance historiesrom the sales, billing and collection data, we
faced a significaninitial conditions problem.That is, we were not given the outstanding installment and
credit card balances at any initial date. Instead the didies table would tell us thetatement amount
and information on dates of collection and amounts receibet without knowing an initial balance, it
was not always easy to determine if a customer had paid ttial isiatement or any previous statements in
full, or had unpaid balances that needed to be carried owar firevious statement dates. We could obtain
some indirect evidence of the presence of such overduedssdrom late fees charged, but without going
into more detalil, it proved to be a rather challenging actiogrexercise to infer the initial balances of the
customers in our sample accounting for the variable leftrigitt censoring in the data.

In particular, not all sales records in the sales table cbalthatched with billing records in the billing
table and vice versa. In some cases, we observed purchadesdie at a date before any date in the
billing table, and we also observed billing records for whige could not find a corresponding record in
the sales table. Fortunately the billing table had reduhitdiarmation on whether the transaction was on
installment or not, so in most cases we could reconstruchéreanstallment transaction even if we only
observed a truncated series of installment payments inillivegtrecord and no record of the initial sale in
the sales table.

Similarly there were also problems of right censoring in data, since in many cases we observe
sales in April 2007 for which we had no corresponding billirgcords, or no collection records at the
end of a balance history that would enable us to determinghghan outstanding balance would be fully
paid at the next (yet to be observed) statement date that wesgugnin the collection table. In such cases
after making the best inference on the value of the cust@matial balance at the start of the interval we
observed the customer, we followed the customer for as lengoasible so we could also match every
sale with its corresponding record in the billing table aratk payments received on balances due in the
collections table. In some cases this required us to “batkymne or more months on the full history
of the customer and discard transactions in the last mon#gnwie could not find matching records in the
billing table and a record of payment in the collections ¢abl

However, overall, our care in preparing the data paid off eeddid not lose too many observations

by doing this and the result is a considerably more accuesterd for making profit/loss calculations on



a customer by customer basis. If we did not do this, custonverdd be artificially classified as being in
deficit if a balance due happened not to have been recordeteor in the collections table due to right
censoring. Thus, we would end a record on a customer on a daeeva balance due was received and
for which all previous charges up to that date had been at¢eduor. Any subsequent charges that were
made by the customer that would be billed and paid for in theréubut which we could not yet observe in
the billing or collections tables were discarded in our gs@$ of customer level profitability and returns.

Figurell plots our constructed longitudinal balance histofor one of the customers in our data set.
We chose this example because the customer made only a sistgiment transaction and this makes
it very easy to understand how the constructed balancerigistbehave. The top left panel of figude 1
is the overall creditcard balance for this customer. Wet stbserving this customer making a charge of
$118.30 on December 12, 2003. However we did not know whabthstanding balance was for this
customer at this date since the first statement date for thimers was on January 20, 2004. We were
able to determine in this case that this customer had noamatstg unpaid balances and we were able to
allocate all charges the customer made in the sales tablatiching entries in the billing table and thus
track this customer with an accurate determination of thetauaer’s initial balance at the first installment
date. Thus, the top right panel of figdide 1 displays our iféfpalance for this customer, $427.24, on the
first statement date we observe for this customer, JanuargQ2e.

The dashed vertical lines in the figures represent the satedates. Because this company has links
to its customers’ bank accounts and auto-debits the amawumiod each statement date, its customers
almost always pay the full balance deeactlyon each statement date, unlike for many American credit
card companies where customers may mail in a check or pageoalid the date paid may often be plus
or minus the statement date by several days. Thus, thisréekgads to the inverted sawtooth appearance
of balances in the top right hand panel of figllre 1: balanaes tie grow monotonically (though stochasti-
cally) between successive statement dates represenérgpémding the customer is doing on their credit
card, then it drops discontinuously on each statement datesenting the payment of the balance due.

Note that the discontinuous drops in the credit card balaheach statement date do not bring balances
exactly to zero. The reason is that the credit card compasig@sto each purchase a particular statement
date at which that purchase will be due (unless it is an ims&adt, which leads to a different treatment
we will discuss shortly) and therefore any purchases a oumtaonakes that are sufficiently close to an

upcoming statement date will be assignhed as due and payalie bompany to théllowing statement
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date. Thus, the level of credit card balances just aftert@rstent date reflects the sum of all purchases
made prior to that statement date that the company assigneel due and payable at the next statement
date. This implies that a person’s credit card balance wilbst never be exactly zero, even on a statement
date — at least for customers who are sufficiently activesusétheir credit card.

Note the “balance check” in the lower right panel of figlire healance check should be identically
zero if we had correctly inferred the customer’s initialdrate and perfectly tracked all charges and fees.
However there were some small charges and payments thatwiek oot reconcile or ascribe to any late
charge, annual fee or so forth. These appear as the spikess limier right panel of figurdg 1. In some cases
the balance check will be non zero due to a pre-payment or sbghely mis-timed or out of sync payment
but shortly after the balance check returns to zero showiagwe have basically correctly calculated the
full balance history for this customer.

Now consider the top right panel of figuké 1, which shows itheallment balance historfor the
customer. We keep two separate accounts for the custontbe &jedit card balance and 2) the installment
balance. In this case, we see that the customer did not chaygiing on installment until May 31, 2005
when the customer made an installment purchase in the anodu$169.90. This is reflected by the
discontinuous upward jump in the installment balance inttéiperight panel of figur€ll. We can see from
the graph that this balance was paid off in 10 equal instaitmef $16.99. This installment also happened
to be an interest-free installment and so at each of the 1€eeding statement dates after the item was
purchased on May 31, 2005 the installment balance decrégsklb.99 until the balance was entirely paid
off at the statement date of March 20, 2006. Note that on eacih statement date, the amount currently
due on the customer’s installment balatinsfersand is added to the customer’s credit card balance.

The final, lower left panel of figurel 1 plots the credit scorattthe company maintained on this cus-
tomer. Credit scores are integers on a scale from 1 to 10 wighirig the best possible credit score and 10
being the worst. This customer generally had excellenticsedres, though for reasons that are not en-
tirely clear from figurdL, the customer had periods of timar{jgularly May to September 2004 and May
to July 2005) where the customer’s credit score deteridriie some reason. We see that the customer’s
worst credit scores appear to have coincided with the custsrinstallment purchase in May 2005.

We present another balance history for a more interestisgpauer, customer 809, in figuké 2. This
customer generally maintained larger credit card balaaoeksalso larger installment balances than cus-

tomer 125, and we see that this customer also tends to hafgeralyi worse credit scores than customer
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125 had. The red boxes in the lower right panel of fidiire 2 aldaate another behavior that is a big “no-
no” for the credit card company: the customer was late in m@gkiayments and assessed late payments
on three occasions. Because balances due are automatiehitgd from the customer’s bank account,
this means that on these three occasions the customer’saganknt wa®verdrawnand the credit card
company was unable to collect the full statement amount tMeile the customer may have also been
charged penalties by his/her bank, the late payment pesalhiarged by this credit card on these three
occasions were trivially small by American standards: 80rleach case. The main penalty seems to be a
degradation of the credit score, though the late fee of $thdbthe customer was assessed on September
4, 2006 did not seem to have any effect on the credit scorendrtiat time.

Now that we have shown how we were able to construct the spgradid payment patterns and thus
the balances histories of our sample of customers dynaly)iead are now in a position to calculate returns
and profitability on austomer by customer basls.terms of profits, we can think of the primary cost of a
customer is the companytost of creditj.e. the credit card company’s borrowing cost or opporyniist
of capital. In the case of customers who default, the compdstyloses the unpaid balance of their loan to
the customer. The revenues include annual fees, late féesest and service charges, and merchant fees.
We note that our measure is onegrbss profitsj.e. we do not know the cost of things such as 1) rewards
programs, 2) advertising costs, and 3) other fixed operatisgs such as billing and collection costs and
wages and salaries and payments to other credit card coagpfmmiout of network transactions.

Figure[3 plots the distributions of installment terms fol087nstallment transactions made by cus-
tomers that chose installment with positive interest rasesl also the distribution of installment terms
offered to 4287 customers who chose free installment off@itse distributions are roughly similar ex-
cept that the mean installment term chosen by customers poddive interest installments, 3.66 pay-
ments/months, is longer than the 3.42 payments/monthsedff® customers who chose free installment
options. We see that when customers choose installmertisawgbsitive interest rate, they are generally
more likely to choose longer payment terms, though the mdiffee in the two distributions is not particu-
larly striking.

Note that due to censoring we are not always able to obseevulihduration of installment transac-
tions. For example we observe some installment transactioour billing data for which the date of the
initial installment purchase is not in our sales table. T&ighy, although we can identify 11175 install-

ment transactions in our billing data, when we eliminatesoeed observations we obtain a smaller set of
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Figure 3: Durations of Free and Non-Free Installment Loans
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8987 uncensorebservations of installments where we can match the tréiogain the billing table to
the original sale in the sales table. The reason we want termakh matches is because the information
on the merchant fee charged is only available in the salds,tabt in the billing table. As we will show
below, the merchant fee contributes a significant amourtieécoverall rate of return that the credit card
company earns on installments. However the rate of returmstallments quoted above amet of the
merchant fee. That is, these are the effective rates ofasitd¢hat the customer paid for the installment
loan. The company earns a much larger rate of return when seefattor in the merchant fee it earns at
the time of the installment transaction.

In addition to installments, the company allows its custmte borrow orcash advancesiNe observe
11,818 such transactions in our data. These are typicahaifter duration than installments: the average
duration of a cash advance is 45 days. The interest ratesifbrIsans is also typically higher than for
installments: it averages 24% compared to an average of ds¥dtallment transactions that are done
at a positive interest rate (i.e. excluding the free instalit transactions). The average amount of cash
advances, $734, is more than twice as high as the averagdiimett purchase done at a positive interest
rate, $352. However this ranking is reversed in the uppés tdithe distributions of purchases and cash
advances: the largest cash advance in our data was $8300ashbe largest installment purchase done at
a positive interest rate was $15,740.

Because the motives for cash advances are likely to be eliftehan for installment purchases and

because cash advance terms are shorter and zero interesiccasice opportunities were not offered to
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the the company’s customers (at least in our data for our kaafjgustomers) we have chosen to limit our
analysis to the choice of installment term and leave theyaisabf customers’ choice of cash advances to
future work.

For each credit card purchase we have the following infoimnatcustomer ID, types of credit card
(regular card, gold card, platinum card, debit card, chenklcand etc), NSS (number of the sales slip, the
unique identifier for each transaction), the type of salel{iding whether the sale is a return or reversal
or cancellation), the date of sale (both the date of the &stla and the date it was “posted” to the credit
card), the merchant fee earned by the credit card compadya aode for the merchant type, which will
be —1 for merchants that are not “in network” (i.e. for which thedit card company does not have a
formal merchant agreement but does the transaction via @etmg credit card’s network and merchant
agreement as discussed above). The sales data also irftoduidstallment term chosen if the purchase was
an installment sales transaction, and the up-front cashradvfees in case of cash advance transactions.
Overall, we have a total of 182,742 observations for 884arusts. The average number of transactions
per customer is therefore approximately 206. FiglideE 4, dbléubelow present the distribution of the
transaction amounts or ordinary (non-installment) satesgallment purchases done at a zero interest rate,
and installment purchases done at a positive interest rate.

We see that, as expected, the average installment purchesesgificantly larger than the average
non-installment purchase: on average interest-freelimsats are four times larger and positive interest
installments are seven times larger than ordinary credd parchases. However already we can see the
free installment puzzla figures 7 and 8: the average size of a positive interestinatallment is more
than 75% larger than the average installment done undercaimgrest rate. Economic intuition would
suggest that installments done at a lower interest rate partitularly at azerointerest rate should be
significantlylarger than those done at a positive interest rate.

FigurelT plots the cumulative distribution of non-instadim purchases, as well as zero and positive-
interest installments. We see a striking pattern: theibligion of positive-interest installmenséochasti-
cally dominateghe distribution of zero-interest installments, and thisurn stochastically dominates the
distribution of non-installment purchases. Again thediais to be expected: we would expect consumers
to put mainly their larger expenditures on installment amel temaining smaller charges as regular, non-
installment credit card charges. However the surprisiragltas that installments done at a positive rate

of interest are substantially larger than installmentsedaha zero interest rate, every quantileof the
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Figure 4: Distribution of non-installment credit card poases
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Figure 5: Distribution of positive interest installmentrpbases
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Figure 6: Distribution of zero interest installment pursba
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Figure 7: Cumulative Distributions of Credit Card TransactAmounts
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respective distributions. For example, the median insiafit at positive interest rates is nearly 60% larger
than the median installment done at a zero interest rate.

In summary, the vast majority of transactions in our saldagid, 87%, are regular (non-installment)
credit card purchase transactions. These tend to be sniralldze with an average size of $50. The
remaining transactions consist of cash advances (7% ofrémsactions) and installments (6% of the
transactions). The installments we observe are roughlglggdivided between zero interest and positive
interest transactions. Specifically, for the subset ofihsient transactions that we are able to match to the
billing table (which enables us to determine the interefgsactually paid, which are not contained in the
sales table), approximately 47% of the installments areia interest and the remaining ones are done at
a positive rate of interest.

Figures[8 and19 show the distribution of internal rates ofinethat the credit card company earns
on these installment sales, before and after accountinthéomerchant fee. Recall that the internal rate
of return is the (continuous time) rate of interest that $leésnet present value of the cash flow stream
associated with an installment purchase to zero. The cradit company experiences a cash outflow (to
the merchant for the amount of the purchase) on the date tsterner makes the purchase which we
normalize as “day 0". At the same time the firm received a caibw equal to the merchant fee received,
which is actually an amount discounted from the amount paithé merchant (if the merchant is not in-
network, then the discounted payment is made to the credit@ampany that handles the transaction).

Then at the nexh statement dates the credit card company receives cash inéflqual to the repayment
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Figure 8: Distribution of Rates of Return on Installmentgt Nf Merchant Fee
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Figure 9: Distribution of Rates of Return on Installments;lliding Merchant Fee
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of “principal” plus interest on the installment loan.

Figure[® shows the distribution of internal rates of retuntgen the merchant fee is not accounted for.
This distribution is effectively the distribution of intest rates charged to the company’s customers. We
see the pronounced bi-modal distribution reflecting thé tfzat roughly 50% of installment purchases are
done at a zero percent interest rate and the other half isatampositive interest rate. As noted above, the
mean interest rate for positive interest rate installmenis.25%.

However figurd P shows that when we add the merchant fee, vgnmhdes the distribution of gross
returns that the credit card company earns on its instalifoems, we see the distribution of returns is
shifted significantly to the right. Even with the “free indtaents” included, the company is earning an
average rate of return of 23% on its installment loans, andHe positive interest installment loans the
average internal return inclusive of the merchant fee i4%il.Of course, these calculations do not include
defaults. However fortunately for the credit card company we studibere were only 23 individuals
out of the 938 in our sample who defaulted and whose credit aacounts were sent to collection. We
cannot determine the amount of the unpaid balances thataitmpany was ultimately able to recover
from these 23 individuals, however even if all 23 were demlatomplete losses, including the losses into
the distributions in figurel§l 8 ard 9 would not significantlyndiish the estimated rates of returns that the
company earns on its installment loans. Overall, we corecthdt at least for this company, the installment
loan business is a very good one: it pays very high rates oftretith relatively low risk of default.

Already, our analysis of the credit card data in this secl@us to a number of key conclusions. First,
we already see the “free installment puzzle” emerging by maning the distributions of expenditures for
zero interest installments to the corresponding distidioubf positive interest installments. We showed
that the latter distribution stochastically dominatesftrener distribution, so that at every quantile in the
distribution, these customers are spending more on installs that come with a large interest rate than
for installments that are offered at an interest rate of z8exondly, we showed that the company is highly
profitable and that merchant fees contribute in an impostaayt to the overall profitability of the firm.

In fact, when we computed the (undiscounted) revenues dirthdor the 938 customers we analyzed,
we found that merchant fees amounted to 36% of the total tmseneceived from these customers. It
seems likely that the company sees merchant fees as a majpmooent of its profits, and due to the
structure of payments in this country, it places great irtgooze on rapid growth, both in absolute and in

terms of its market share, as the key to its future success.
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This in turn creates strong incentive for credit card comgaro try to attract new customers and
to stimulate the credit card spending of its existing cugtenby offering free installment opportunities.
However this only heightens the basic puzzle: if consumppgar to be spendirlgss per transaction on
the free installment opportunities they are offered in cargon to their average transaction sizes when
they pay the full interest rate, what evidence is there tles installments are really stimulating spending
or enabling the company to attract a significant number of cestomers?

Before we go into a more focused empirical analysis direetiethe specific issue of attempting to
estimate the “demand for credit” we find it useful to presemhe additional distributions and scatterplots
that reveal some additional important facts and featuratsair data that our empirical models will need to
explain. In particular, we present some further data thigshes to understand which types of individuals
are the most likely users of installment credit.

FiguredID anf1 show the distribution of the number of ¢realidtransactionsand theshare of alll
credit card spendinglone as installment purchases. We see that while instaénaee less than 9% of all
credit card transactions, they account for more than 25% ofedit card spending.

Of course, this is due to the fact that the average credit parchase is $74 while the average install-
ment purchase is $364, with the full distributions of therage purchase and installment transaction sizes
over the consumers in our sample plotted in figlirds 12[ahd h8s,Tconsumers generally pay for much
larger items (or more expensive baskets) on installmerntchoose to pay smaller amounts in full at the
next statement date. We are also struck by the much greatamsiss of the distribution of installment
purchases relative to that of credit card purchases as aewhol

Our analysis reveals a substantial degree of heterogemaidgs credit card customers in their propen-
sity to make use of installments to pay for their credit candchases. Overall our analysis suggests that
the best single measure of the propensity to use instalbnemot the mean fraction of transactions done
via installment, but rather the mean share of credit cardhmses paid for by installment. Hereafter we
will refer to the latter measure as tivestallment shareNow we will turn to a series of scatterplots that
relate the installment share to other covariates we obsemver credit card data set.

Figured T#H[T5 and 16 present scatterplots (with the cetainalency of the data indicated by a local
linear regression fit to the data) of how the installment shatates to various measures of creditworthi-
ness. Figur€4 plots the installment share against custoradit scores, using the company’s internal

(proprietary) credit scoring system where a score of 1 regmes the best possible creditworthiness and 12
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Figure 10: Distribution of the Fraction of Credit Card Tran8ons done as Installments
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Figure 12: Distribution of the Average Amount of a Credit @&urchase across Customers
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Figure 13: Distribution of the Average Amount of an Instadimh Purchase across Customers
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is the worst. Customers who have credit scores in this raregsetdl allowed to borrow on installment and
face no credit limits. However consumers who are in the mead collection will have their credit card
borrowing and spending privileges suspended and they sipaw our data set as having a credit score of
0. We see generally negative correlation between the sedre and the installment share (remember that
higher credit scores indicate worse credit, so the relatigmin figureT# is actually positively sloped).

We see figurEZ14 as a potential first indication of possibldito®nstraints, or at leasigh demand for
creditamong the customers that are heavy installment spendetsagetheir poor credit score indicates
that they are also regarded as poor credit risks to otheelsnénd as a result of this, they are forced to
make heavier use of the installment credit facility of thiedit card company at relatively high rates. On
the other hand, the customers with the best credit scoregalzerally the least heavy users of installment,
which could be an indication that they are not liquidity coased, or have other lower cost sources of
access to credit elsewhere.

FiguredIb anfl16 illustrate the incidence of late paymdFitpure[IH shows that the average number
of late payments per customer is positively correlated \ligh installment share, and figurel 16 shows
that the number oferiously latepayments (i.e. payments that are 90 or more days past dueaboat
the threshold where the company suspends credit card dgapgivileges) is also positively correlated
with the installment share. These figures confirm the cormiug/e obtained in figureZ15, namely, that
customers who are heavy users of installment spending swenadrse credit risks.

Figures IV an@“18 relate the installment share to three a@pandicators of the type of installment
spending that customers do. Figliré 17 presents a scatteffthee ratio of the size of a typical installment
purchase to the typical credit card purchase. As we notedqusgly, credit card customers generally pay
for only relatively large purchases on installment, and feaythe smaller transactions in full at the next
statement date. We see that as a function of the installnfané sthe low intensity installment users tend
to buy items on installment that are between 4 and 6 timesrge &t their typical credit card purchase.
However for the heaviest users of installment spending rttie falls to less than 3, which potentially
indicates a more “desperate” individuals who are more Yikel pay for smaller “everyday” items by
installment.

Figure[I8 shows a scatterplot of the ratio of the installnieénce to the average statement balance as
a function of the installment share. Of course, this ratpasitively correlated with the installment share is

almost definitional, but the figure does show that the heainietallment users carry installment balances
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Figure 14: Customer-Specific Average Credit Scores by linstat Share
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Figure 15: Number of Late Payments by Installment Share
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Figure 16: Number of Seriously Late Payments (over 90 daysh&tallment Share
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Figure 17: Ratio of Installment Size to Typical Purchasee®iy Installment Share

Scatterplot of ratio of average installment to average purchase
versus the percentage of spending done on installment
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Figure 18: Ratio of Installment Balance to Average StatarBatance by Installment Share
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Figure 19: Fraction of Installment Transactions done ag Frstallments by Installment Share
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that are on average 10 times larger than their typical mgrdtddit card balances (statement amounts).

FiguredIDP and20 relate the usage of free installments togbalment share. In figuiedl9 we see that
the fraction of installment transactions done as free iimséants is positively correlated with the installment
share. The previous figures in this section lead to an immneshat the heavy installment spenders are
relatively desperate for credit, and thus, it would seenickighat they are the ones who would be most
likely to take the greatest advantage of free installmengodjpinities when they encounter them. The
upward sloping relationship in figuEe]19 is consistent witis interpretation, and shows that the heaviest
installment users are doing as much as 20% of their instalipearchase transactions as free installments
(i.e. at 0% interest rate).

Figure[2ZD shows a similar relationship but instead of pigttihe fraction of installment transactions
that are done as free installments it shows the share oflinstat spending that is done via free install-
ments. Both of these graphs show a similar pattern, namatyhie customers with the highest installment
shares are doing about 15-20% of all of their installmentdeations and 15-20% of all installment spend-
ing via free installment offers.

We conclude this section with figurEsl21 dndl 22 that give usesiasight into the profitability of the
“free installment marketing strategy” used by this firm. Rié&from section 2 that we suggested that the
company’s use of free installment offers seems motivated tgsire to increase its customers’ use of its
credit cards in an attempt to increase its credit card mathate, since doing this increases its leverage in
setting merchant fees, which we showed in section 3 are arrmajoponent of the high profitability of this
company. However we have also shown in this section thatuk®mmers that are most likely to act on the
free installment offers are those with worse credit scorestagher incidence of late payments. As such,
the use of free installments as a promotional device may Ha@erverse effect of offering free credit
to the company’s least creditworthy customers, and thisignmay be the most likely to default. This
creates the possibility that free installments might bdatixely ineffective and/or highly costly means of
increasing credit card usage.

Figurel21 plots the average internal rate of return on athiiment transactions (including free install-
ments) against the installment share. We see that this ¢aygward sloping, which indicates that even
though the “installment addicts” are the ones most likelgedaking up the free installment opportunities,
the interest rates that they pay on their positive interesthilment transactions are rising sufficiently fast

with the installment share that it counteracts the “fredaliment effect” so that overall average install-
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Figure 20: Share of Installment Spending Done as Free Imstats
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Figure 21: Average Internal Rates of Return on Installmegtistallment Share
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ment interest rates paid by its customers increase moratibnas a function of the installment share. Of

course the reason for this is likely to be related to the faat the customers with high installment shares
have significantly worse credit scores, and as we will shogeiction 4, the interest rates that customers
pay is a monotonically increasing function of their crediore (i.e. customers with higher scores, which

indicate worse credit risks, pay higher interest rates).

Figure[22 plots the average daily profits for each consumainagthe installment share. This figure
indicates a pronounced upward sloping relationship betvike installment share and the profitability
of customers. If we believe this is the relevant figure to ®om, then the company’s free installment
marketing policy seems rational and well targeted: it apptabe succeeding in having the biggest impact
on the most profitable customers, but these customers aigeehdo have worse credit scores and present
higher credit risks.

However given the relatively small number of observationd tne relatively large number of outliers,
we think it is hazardous to come to any definite conclusionwas or the other about the wisdom of free
installments at this point. As we noted in the previous sective cannot address with our data a crucial
missing piece of information that would be needed to proddeller answer to this question: to what
extent does the knowledge of free installments cause cestoto increase their spending? Recall that we
are doing our analysisonditional on the decision to purchase a given item. We would need additi
information to determine whether the existence and knogéeaf free installment opportunities causes the
company’s customers to go to stores more often, purchase abargiven store than they otherwise would,
or increase their likelihood of using the company’s credgtéad of paying for the item using a competing

credit card or cash.

3 Reduced-Form Approaches to Inferring the Demand for Credi

The data we have would appear ideal for empirically modethrey conditional demand for credit- at

least as it pertains to relatively smaller scale short teorrdwing decisions. As we noted above, we
define the conditional demand for credit as the demand to dmangiven credit card purchase through
borrowing rather than to pay the amount purchased in fulhatriext purchase date. It is conditional on
having made a decision to make a given purchase of a giverirsihe first place. As we noted above,

we do not have the appropriate data that would enable us telhhow access to borrowing and how the
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interest rate schedule that a customer can borrow at alsotafthe frequency and amounts of purchases.
We would need additional sources of data, then, to attengstioate the fulleunconditional demand for
credit.

To make this a bit more precise, we introduce a bit of notatlagt ¢ denote the decision by the con-
sumer to pay using the company’s credit card (as opposedyiaghy cash, or using some other credit
card). Letr be the interest rate charged to a customer with observeddeaistics for purchasing via in-
stallment credit. As we show in more detail below, we shontdrpretr as an entirénterest rate schedule
since the customer can ordinarily choose the term of thalinstnt loan and thus faces a consumer-
specific “term structure” of interest rates. Consider theded for credit via the company’s credit card
over a specific interval of time, say one month. The (uncaortit) expected demand for credit by a single
customer with characteriog ED(r,x,c) (wherex includes variables such as the customer’s credit score,
spending history, and might also include information oetliest rates offered by competing credit cards or

interest rates for other sources of credit) can be writtefolb@ys
ED(r,x,c) = [/ a[l—P(1ja,r,x,c)]f(alxr,c)dal mi(c|r,x) EN(x,r). 1)
0

whereP(1]a,r,x,c) is the probability that a customer will choose to pay for aghaise amourd in full at
the next statement date given the interest schadtliee consumer characteristiksind the decision to use
the company’s credit cardto carry out the transaction. We Igtc|r,x) denote the customer’s decision to
use the credit card compawis credit card to pay for the transaction, af(h|x,r,c) denotes the density
of the amount purchased using the company’s credit carchgamy given shopping trip. FinalBZN(x,r)
denotes the expected number of shopping trips that the mestmakes during the specified interval of
time. The overall expected demand for credit from the custsmof credit card companyis then just the
sum over the customer-specific expected demand cE s X, C).

The data we have are not sufficient to estimate the objgcts x) or EN(x,r). Separate survey data
would have to be collected that would enable us to study thehagse habits of a sample of the company’s
customers, and how something like free installment offensng) a given period of time might affect the
number of shopping trips they make (thus enabling us to es&BEIN(x,r)), or the likelihood that they will
use the company'’s credit caedo pay for the purchase (thus enabling us to estimété, r,x)).

However since we do observe all of the purchase amounts thiaea consumer makes during any
given shopping trip where the customer uses the compangditccard, we can potentially estimate

f(alx,r,c). Further, since we also observe customers’ choices of wehéthpurchase on installment or
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whether to pay the amouitin full at the next statement date conditional on having diedito use the
company’s credit card, we can potentially estimateitiséallment choice probability fl|a,r,x,c), where
the optiond = 1 indicates a choice to pay the purchase amauintfull at the next statement date. If so,
then by segregating customers’ purchases into those tagtaad in full at the next statement date and
those that are paid on installment, we can estimate two tiondl densitiesfo(alx,r,c) (i.e. the distribu-
tion of purchase amounts that are paid in full at the nexestant date) and; (ax, r, c) (the distribution of
purchase amounts that are paid for by installment). We higady presented the unconditional analogs
of fg and f1 in figures T2 an13 of section 2, where we showed in partidhiar the average size of an
installment purchase was nearly 5 times larger than theagessize of a non-installment transaction. Since
fo and f, are conditional distributions, we can write them accordinghe usual formulas of probability
theory

P(1ja,r,x,c)f(alxr,c)

Jo P(1lar,x,c)f(ax,r,c)da

B [1—P(1la,r,x,c)]f(alx,r,c)
f@kre) = Js [1—P(1]a,r,x,c)]f(ajx,r,c)da’ 2)

fO(a|X7 r, C) =

Thus, we can at least use our data to estimatedhéitional expected demand for credit EDx,c) which

we define as

ED(r,X,C) :/0 afi(alxr,c)da (3)

Just as we expect the unconditional demand curve to be a dandrshboping function of, we also expect
the conditional demand for credit to be downward sloping lecause we expect customers to borrow
larger amounts on installment when the interest rate is lol&en if the distribution of purchase sizes
was unaffected by (i.e. if f(ax,r,c) was not a function of), a downward sloping demand would still
follow if the probability that a customer chooses to pay thechase amourg in full at the next statement
date is an increasing function of(in which case the customer’s credit demand is nothing beybat
inherent in the typical “float” i.e. the lag between buyingitem with a credit card and paying for it at the
next statement date).

It follows that if we restrict attention to the subset of tsantions that a customer purchases on install-

ment credit, we have the regression equation
éi = EDl(ra X, C) + gi (4)
whereg is the amount borrowed in thH installment transaction made by the customer, &ula residual
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satisfyingE{&;|r,x,c} = 0. We refer to the regression equatidh (4) as the conditideaiand curve for
credit, and it seems like a natural place to start is to eséritas regression by ordinary least squares.
However rather than attempt to specify parametric funetidorms for the underlying components of the
regression functiofe Dy (r,x,c), i.e. the probabilityP(1|a,r,x,c) and the densityf (a|x,r,c) which would
result in a specification that is nonlinear in the underlyiagameters, it is also natural to start by estimating
a flexible linear-in-parameters approximation to the regi@n functionE D4(r, X, C).

However, perhaps not surprisingly, we find that when we dsdtmdinary least squares regressions
for every specification we tried where the dependent vagiabthe amount of an installment purchase and
for different combinations of right hand side, r) variables, we always found that the regression predicted
a strong, and statistically significapbsitive relationshipbetween the expected amount of installment
borrowing and the interest rate to have apositive and statistically significant coefficienthat is, the
regressions are suggesting that teaditional (expected) demand for credit is upward sloping

Of course, the ordinary least squares regression reseligkaty to be spurious due to tlendogeneity
of the interest rateThat is, we can imagine that there aneobserved characteristicef consumers that
affect both their willingness/desire to make purchasesreditand the interest rate they are charged. In
particular, we would imagine that customers who kgeidity constrainedand who might exhibibad
characteristicghat can lead them to simultaneously wish to borrow more biliteasame time constitute a
higher credit riskwill have worse credit score and therefore face a higherafigterest, but will still have
a higher propensity to borrow due to their liquidity congita and a dearth of alternative, better borrowing
options. Indeed, as we already showed in figuie 14 of sectibatzhere is a strong correlation between
the fraction of spending on installment credit and the dredore: individuals with worse credit scores
tend to do a higher fraction of their credit card purchasemstallment. Given the monotonic relationship
between credit scores and installment interest ratespitikard to see why the regression estimate of the
installment interest rate is positive and statisticaltyngicant.

We attempted to deal with the endogeneity problem using tdwedard arsenal of “reduced form”
econometric techniques, includimgstrumental variablesIn particular, we have access to daily interest
rates that measure the “cost of credit” to the bank for theddamakes to its customers, includingthg
certificate of deposit CD ratand 2)the call rate. The latter is an interbank lending rate for “one day
loans.” Both the CD rate and the call rate change on a dailisba¥e use these rates as instrumental

variables on the theory that in a competitive banking markesingle bank can affect the CD or call rates,
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and thus changes in these rates can be regarded as exogbaogs<sin the cost of credit that the credit
card companies ultimately “pass on” to their credit cardtaoners. However the instrumental variables
(two stage least squares) estimate of the coefficient ofitieedst rates the company charges its customers
becomestatistically insignificantis you can see in tallé 1 below. The coefficient estimatesoftarest
rater are highly sensitive to whether we include all installmeahsactions (including those with= 0

or just those withr > 0. We obtain a highly negative but statistically insignifit@oint estimate in the
former case, and positive and statistically insignificastineate in the latter.

We define the average treatment effect (ATE) as our “paranuétmterest” even though our actual
interest is to estimate the conditional demand curve foditré&siven the poor results from instrumental
variables estimation, we are now willing to settle for a mileds ambitious goal: can we even show that
people will borrow more when offered 0% interest compare@vben they must pay high positive rates
of interest? The ATE is simply an estimate of the differeneesdeen mean borrowing for the treatment
group who were offered zero interest

We do not really believe the inferences from our instrumievdgiables regressions, or the suggestion
that we have a unique finding that the demand for credit is ssorteof Giffen good.After all, if the firm
believed that charging higher interest rates causes itommess to spendnore, why would it offer free
installment opportunities? Instead we believe that theeed-form results are spurious, and in particular
both the CD and call rate ameak instrumentdndeed, not only are they weakly correlated wtih consumer
interest rates, we find that the CD and call ratesreagatively correlatedwith the interest rates the firm
charges to its customers. We view this as evidence that dtit @ard market is not “competitive” and the
are substantial “markups” in the interest rates chargedigtotners over the cost of credit to the banks,
and this markup is driven more by customer specific risk f@ctnd by competitive trends within the
credit card market itself than by the the much smaller dayatpftlictuations in the CD and call rate. The
latter have hovered in a fairly narrow band between 3 or 4gu@rover the period of our analysis whereas
installment interest rates vary much more widely acrossotusrs and over time as their credit scores
change, ranging from as low as 5% to 25% or higher.

The next approach we considered in order to try to infer treu$al effect” of interest rates on the
demand for credit wamatching estimatorsThe idea behind these estimators is to compare the average
amount purchased by individuals who were offered free limsémts (the “treatment group”) with a cor-

responding and “similar” set of individuals who took outtiémnent loans when purchasing from similar
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Table 1: Instrumental Variables-Fixed Effects RegressiminConditional Demand for Credit
Dependent variabldbg(a) wherea =amount borrowed. Amounts in parentheses are
P-values for tests of the hypothesis that the coefficiaxii#sic is zero.

ltem Specification 1| Specification 2| Specification 3| Specification 4
Instruments CD rate CD rate CD rate CD rate
credit score credit score
Fixed effects yes yes yes yes
Free Installments yes no yes no
Variable Estimate Estimate Estimate Estimate
r 0.965 -72.903 0.739 -102.20
(0.249) (0.591) (0.382) (0.628)
credit score 0.001 -0.002
(0.442) (0.835)
d=2 0.314 2.733 0.317 3.695
(0.000) (0.531) (0.000) (0.588)
d=3 0.896 4.9644 0.912 6.543
(0.000) (0.690) (0.000) (0.561)
d=4 1.028 5.434 1.042 7.099
(0.000) (0.474) (0.000) (0.549)
d=5 1.06 6.623 1.061 8.668
(0.000) (0.472) (0.000) (0.547)
d==6 1.828 7.172 1.840 9.243
(0.000) (0.450) (0.000) (0.533)
constant 11.500 20.559 11.519 24.104
(0.000) (0.216) (0.000) (0.349)
Oy 0.651 1.276 0.652 1.708
O¢ 0.656 1.788 0.657 2.420
p 0.495 0.337 0.496 0.331
Sample size 8183 4109 8078 4049
F-test(uy=0) | F(613) =8.03 | F(474 =0.97 | F(598 =8.08 | F(464) = 0.53
(0.00) (0.687) (0.00) (1.00)
Hausmantest | H(8)=6.54 H(8) =1.96 H(6) = 4.45 H(6) = 0.23
(0.59) (0.96) (0.61) (0.99)
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merchants at similar periods of time but at a positive irgerate (the “control group”). Since there are
many individuals in our sample for which we observe a largaber of installment transactions (these are
the heavy installment “addicts” that we discussed in theiptes section who have installment shares in
excess of 50%), we can even use a number of individuals dscedrols” — that is we can compare the
average size of free installments with the average sizestdlilments done at positive interest rates for the
same individual, where we do additional matching by selgct set of free installments and positive in-
terest rate installments that were done at approximatelgéme intervals of time and from approximately
the same set of merchants.

Specifically, we focuses on attempting to estimate the ‘&yertreatment effect ” (ATE) where the
“treatment” in question is offering a customer a free irlgtaht borrowing opportunity, which we denote
asr = 0. The ATE is defined as the difference in the expected bormgpvietween the treatment group
r = 0 and control group > 0

ATE = E{a|r =0} — E{a|r > 0}, (5)

wherea is the amount borrowed andis the interest rate. The idea behind the matching estimator
that if we are able to match a sufficiently large number of @urs in the treatment and control groups
on a sufficiently narrow set of criterid such that we can plausibly assume that the “assignment’eof th
“treatment”’r = 0 is essentially random for the matched individuals/tratieas, then we can infer what
the installment spending for a treated person would be bingathe mean installment spending for the
matched individuals in the control group (and vice versa) essentially estimate the ATE as if it were a
result of a classical controlled randomized experimenstdrsets of matched individuals and transactions
and averaging these match-specific treatment effectssaatomatched groups in the sample. The validity
of this approaches depends on a conditional independesaenpion known by the (unfortunate) name,
“the unconfoundedness assumption” (or also, the “stromgrigpility assumption”). The table below
presents our estimates of the ATE, which we would expect tpdsitive if the demand for credit were
downward sloping.

We can see from tablg 2 that regardless of how we do the matdfiindividuals/transactions the
estimated treatment effects are all estimated to be ofvilomg sign and highly statistically significant.
The estimated treatment effects become increasingly negat we use increasingly relaxed criteria for
matching individuals, but overall given the magnitude af #stimated standard errors for the estimated

ATE’s, there is no strong evidence that the various estimate statistically significantly different from
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Table 2: Effect of Free Installments: Results from Matchitsgimators

Matching Criteria Estimated ATE| Standard Erron P-value forH, : ATE =0
customer, credit score -$56.60 $15.20 0.000
CD rate, merchant code
customer, credit score -$69.51 $16.45 0.000
merchant code
customer, merchant code -$79.33 $19.93 0.000
customer -$76.72 $18.75 0.000
merchant code -$61.07 $16.00 0.000

each other. However we can strongly reject the hypotheaistiie ATE is zero. Thus, we are left with the
paradox that the matching estimator predicts that frealins&ént opportunities cause customerseduce
the amount of their borrowingnd therefore, the matching estimators implywgnward sloping demand

for credit.

4 Exploiting the Quasi-Random Nature of Free Installment Ofers

In view of the failure of the various reduced form methodd tha tried in the previous section we started
to think “outside the box” for other ways to provide more dlde and econometrically valid estimates of
the conditional demand for credit. Our goal was to developgroach was that is capable of exploiting
the information contained in the company’s use of free iimatnt offers as a&juasi random experiment.
Note that we already tried to do this, albeit unsuccessfullyhe previous section, where we applied
one of the standard approaches in the “treatment effed¢&sature, namely the use of matching methods.
Unfortunately the matching estimators were all strongdyistically and economically significant but of the
wrong sign. Although the quasi-random nature of the way thditcard company offers free installment
offers to its customers does provide a strong degreprinfia facie plausibility for the validity of the
key conditional independence assumption that justifiesiieeof matching estimators, the fact that there
is a great deal o$elf-selectiorin which individuals choose to take free installment offsuggests that
there could be an important problem sélection on unobservablélsat could invalidate the conditional
independence assumption and cause the matching estinatsult in spurious estimates. We now
present an approach that can exploit the quasi random rafténee installment offers that is also robust to
the possibility of selection on unobservables. Unfortahain the absence of further data, or without the

ability to conduct randomized, controlled experiments;, alility to exploit free installments as a quasi
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random does require some degree of modeling and assumptions

Consider first what would be possible if we had data froraradlomized controlled experimefRCE).
Though the company we are studying has not done this to ourlkdge, one could imagine that the
company could be convinced to undertake such a study to ¢fer lestimates its customers’ demand for
installment credit. For example the recent study (Alan 2j26)11] is an example where an enlightened
credit card company did choose to undertake a large scalet®Béiter understand its customers’ demand
for credit. In a classical RCE the company would randomlygmsa subset if its customers to a control
group and a treatment group. Individuals in the control grawuld continue to receive the same interest
rates for installments that they receive understatus quawvhile individuals in the treatment group would
be offered randomly assigned alternative installment@sierates. The alternative interest rates could be
either higher or lower, or even zero, and by comparing theatehfor installment loans for the treatment
and control groups, we could essentially use the randongrassint as a valid “instrument” to help solve
the problem of endogeneity in the interest rate, and makd ugkerences about the conditional demand
for credit

In order to exploit the free installment promotions the d@redrd offers as a type afuasi random
experiment(QRE) we can no longer do simple comparisons of responsgs @emand for credit) of
“control” and “treatment” groups. In particular, in our datvhile we can be sure that individuals who
accepted free installments were offered the “treatmeng’cannot simply assume that individuals who did
not choose free installments are are in the “control grouyg. (were not offered free installments) since
some of these individuals might have been offered freelinstat opportunities, but decided not to accept
them. Therefore, in order to fully exploit the informatiomopided by the existence of free installment
offers, we do have to undertake some additional modelingnaake some additional assumptions.

In particular, the self-selected nature of customers’ slens to take advantage of free installment
offers is compounded by another potentially serious messant issue, namelgensoring. That is, our
data only allows us to observe free installment offers whestamers actually choose them, however for

all other non-free installment transactions, we cannotesiee whether the customer was not offered a

2Note thafAUSIbeand Sihui2005] analyzed data from a raimgrexperiment, but it was not a RCE since there were no
“controls” corresponding to the subjects who were offetel‘treatments” (i.e. the six introductory offers). Howet@a certain
extent the individuals who were offered different introthry offers could be regarded as controls. For example tHiittuals
who were offered a 7.9% 12 month introductory offer couldveeas controls for the individuals who were offered the 4.9% 6
month introductory offer, but doing this only allows us tet@ow customers respond to one of these offers relativectottier
one. They cannot tell us how the customers who accepted eitlieese introductory offers behaved relative to custanveno
were not offered either introductory offer: the company Widhave have to have included an explicit control group totde +—-
i.e. a 7th group of customers who decided to sign up for thditecard without being offered any special introductoryeoff
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free installment opportunity, or if the customer was offieaefree installment opportunity but the customer
chose not to take itSince we are willing to make some reasonable assumptionpatresbme additional

structure on the credit choice problem, we can provide ecmidc solutions to the censoring and self-
selection problems, enabling us to infer how interest raféect the choice of installment term and the

conditional demand for credit.

4.1 The Discrete Choice Model

Assume that a customer with characteristicevaluates each transaction in terms of tiet utility of
postponing the payment of the purchase over a term ofonths. The customer faces an interest rate
r(x,d) for borrowing over a term ofl months, except that(x,1) = 0, i.e. all customers get an “interest
free loan” if they choose to pay the purchase amauint full on the next statement date. We normalize
the net utility of this “pay in full” option,d = 1, to 0. However for the installment purchase options
d=23,...,12 we assume that the net utility is of the forfa,x,r,d) = ov(a,x,d) — c(a,r,d) where
ov(a, x,d) is theoption valueto a customer with characteristiasof paying for the purchase amouat
overd months rather than paying the amount in full a the next statérdate (which has an option value
normalized to O as indicated abow®(a, x,1) = 0).

The functionc(a,r,d) is thecost of creditequal to the (undiscounted) interest that the customer pays

for an installment loan of amoumtover durationd at the interest rate. The net utility
v(a,x,r,d) = ov(a,x,d) —c(a,r,d) (6)

can therefore be regarded as capturing an elementary ensfibcalculation that the customer makes each
time he/she makes a transaction with their credit card.

We add onto each of the net utilitiega, x,r,d), d = 1,2,...,12 an additional Type | (Gumbel)
extreme value error componentd) that represent the effect of “other idiosyncratic factotsat af-
fect an individual's choice of installment term that are épdndent across successive purchase occa-
sions, so that the overall net utility of choosing to puréhas amount on an installment of duration
d months isv(a,x,r,d) + og(d), whereo > 0 is a scale parameter that determines the relative impact of
the “idiosyncratic factors(d) relative to the “systematic factors” affecting decisiorssiscaptured by

v(a,x,r,d) = ov(a,x,d) —c(a, r,d)H Examples of factors affecting a person’s choice that mighintthe

3Specifically, we assume thafd) are “standardized” Type | extreme value random variablemdardized to have scale
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€(d) term is whether there is a long line at checkout (so the custdeels uncomfortable weighing the
optionsd = 2,...,12 relative to doing the “default” and choosidg= 1), or if a customer has time-varying
but uncorrelated psychological uncertainty about whagiotiills or payments may be due at various up-
coming monthgl =2,...,12.

As is well known, when we “integrate out” these unobservemiponents of the net utilities we obtain
a multinomial logit formula for the conditional probabylithat a consumer will choose an installment
termd € {1,...,12}. For consumers who are not offered any free installmenth@ase opportunity, their
choice set is the full set of 12 alternativdss {1,2,...,12}. However for a consumer who is offered
a free installment opportunity to spread a purchaswer a maximum od > 1 payments, we will test
a keydominance assumptiomamely that all customers strictly prefer a free installingpportunity of
durationd over any positive interest rate installmentsbbrterduration,d =2,3,...,0— 1. The dominance
assumption implies that the probability of choosing anyitp@sinterest rate alternative < d is zero.

We consider and test two versions of the dominance assumpiibestrong dominance assumption
is the one described above, namely that a customer who iedfeny free installment offer of maximum
duration d will never choose any duratiod < & including the option of paying in full for the amount
purchased at the next statement date, which is the choickeohaived = 1. The strong dominance
assumption emerges as a limiting outcomewfa, x,d) > 0 andov(a, x,d) is non-decreasing id in the
limit as o | 0, since for any free installment offer we will hawga,r,d) = 0 for d <  whered is the
maximum allowed duration of the free installment offer. &§ 0, the implied choice probabilities from the
discrete choice model will assign probability O any chaice 8, though it does not rule out the possibility
that a sufficiently liquidity constrained consumer could papositive interest rate for a installment loan
of longer duration that the maximum teroffered under the free installment option.

We will show shortly that we can strongly reject the strongniltance assumption. In particular. while
the credit card does not keep records that can enable it tispig estimate what the overall probability of
free installment offers is, company employees we did speake quite certain that the rate is significantly
higher than 2.7%. which is the fraction of transactions wssotee being done under free installment offers,
and would constitute an estimate of the average probalofifyee installment offers in our sample if the
strong dominance assumption held.

Therefore we consider and test an alternatwsak dominance assumptiddnder the weak dominance

parameter equal to 1, si£(d) is then a Type | extreme value random variable with scalemeterc.
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assumption, we assume that there may be “mental accourdstg’dhat might deter a customer from
taking an installment offer, even if it were free, but if a tamer finds it optimal to incur these mental
accounting costs and choose the free installment optiem, these customers will always choose a loan
durationd equal to the maximum loan duratignpermitted by the company under the free installment
offer. After all, since there is no pre-payment penaltgfpostevents make it optimal for the customer to
pay off the installment balance faster than overdhaonths allowed under the free installment offer, the
customer is always free to do so. As we noted in the introduagtit is very hard for standard economic
theories to explain why an individual would pre-commit t&ite the installment for any shorter term
de{2,...,0— 1} when there is no apparent cost to choosing the maximal afi¢erend and choosing the
maximal term gives the customer the option that has the nabampostflexibility in terms of uncertain
future events that may affect his/her ability to pay off treeicount balance.

We do not test a third variant of the dominance assumptiomeha that if a customer were to choose
an installment loan of shorter duration than the maximunation offered, 1< d < §, the customer would
always choose this loan to be at a zero interest rate rathaeraha positive interest rate. We cannot test
this even weaker variant of the dominance assumption bedhescredit card comparfgrces customers
to choose the zero interest installment option over thetipesinterest installment option whenever the
duration of their installment loan is less than the maximwmation offered,d. However customers do
always have the option to choose installment loanwader duration than the maximum duration of the
free installment offed (unlessd = 12) and then in such cases the customer would pay a positeeegt
rate to choose one of the longer installment duratas{d+1,...,12}. As we will see, our model allows
for this possibility and predicts that it will occur, thoudiire probability that it happens is small.

If we observed whether consumers had a free installmenbmopdgardless of whether or not they
choose the free installment optiaur life would be much simpler. Then we could writdud informa-
tion likelihood functionthat is the product of the probability of whether or not thetomer is offered a
free installment option or not on any specific purchase aonasmes the probability of their choice of
installment term (where the choice probability is condiabon whether they are offered a free installment
option or not). This would result in a relatively easy estiimia exercise, where we could use a flexible pa-
rameterization for the option value function and estimbhe&rhodel no differently than most static discrete
choice models are estimated.

In particular, we would then be able to directly observe afimins of the weaker version of the dom-
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inance assumption, namely we could observe situationsendneustomer was offered a free installment
opportunity of duratiord > 2 and nevertheless, the customer chose a free installmerghairter duration

d < 8. Even though we cannot directly observe such violationdhiefdominance assumption in our data
set, we are able to estimate the probability that they o@nu,thereby test the hypothesis that the weaker
form of the dominance assumption holds empirically.

However to do this, we need to recognize the difficulties isgabby the fact that our observations of
free installment opportunities arensoredn a way that is very similar tehoice based samplinghat
is, we only observe whether a consumer is offered a freelimstat option for those purchases where the
consumer actually chose the free installment option. Ihsusituation, how is it possible to infer the
probability that customers are offered free installmenians? More importantly, how can we estimate
the probability that customers do not choose the free inséait option when it is offered to them? We
show that we can solve the problem by forming a likelihoodcfiom that accounts for the censoring.
The likelihood function takes the form ofraixture modelwhere the probability of being offered a free
installment option is a key part of thmixing probabilities(there are additional component corresponding
to a probability distribution over the duratioh offered to customers who are offered free installment
options).

Though there are well known econometric difficulties inwvin identifying mixture models, and
the degree of censoring in our application is very high (wk atbserve free installments being chosen
in 2.7% of the 167,946 customer-purchase observations insaal econometric analysis), we show that
under reasonable bparametricassumptions about the forms of the probability functionayaing free
installment options and for flexibly parameterized funeébforms for customers’ option value functions
ov(a,x,d), we are able to separately identify the probability of bedffgred a free installmenk](z) which
depends on a set of variablesicluding time dummies and merchant class code dummiesa@amslimers’
conditional choice probabilities for installmeriéd|a, r,d, X).

We find that our model fits the data extremely well, but impadsghly inelastic demand for credit. In
particular, we find a relatively limited degree of consumesponsiveness to free installment options: the
probability of turning down these options is relatively higven though we estimate that for our sample
customers are offered free installments approximately ®7%e time, Thus, these customers are taking
free installments in only about 15% of the times that theydfered them. We refer to this low take-up

rate of what would appear to be a “costless” option for arréttefree loan as thigee installment puzzle.
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Our data are not sufficiently detailed to enable us to delveeatgleal further and uncover a more de-
tailed explanation for the reasomdy customers appear so unwilling to take up free installmendstheir
demand for credit is so inelastic. Our model attributes gasons for this low takeup rate to a combination
of a relatively low option value of credit relative to the ¢ad credit and to relatively high fixed transac-
tions costs associated in undertaking each installmemhpase transaction. However these “transactions
costs” could also be interpreted as capturgtigmaassociated with installment transactions, and the low
option value may be associated with a fear (whether ratiandl well-founded or not) that installment
credit balances could undermine one’s credit rating, ot ttiiere are some unspecified hidden future fees
or “gotcha’s” associated with installment loans beyonditierest rate (e.g. an unfounded belief that there
are pre-payment penalties, or a concern that an installivedatce could lead to a higher risk of missed
future payments and thus late fees). Unfortunately, we aable to delve further to determine which of
these various more subtle psychological explanationseigiiminant explanation of the free installment
puzzle.

Customers who were not offered interest-free installmantipase options, or who desire a greater
number of installment payments than they were offered uadénterest-free installment opportunity can
borrow (subject to borrowing limits that we do not directlgserve in our data) according to a nonlinear,
increasing customer-specific interest rate schedulessel$ehedules are determined according to a rather
complex function of a) the consumer’s credit score and payrhistory (including the number of recent
late payments), b) the number of installment payments, atiegecurrent economic environment, including
the level of overall interest rates and dummy variablesuwragg current economic conditions. Though the
credit card company does not publish and did not provide tis thie formula it uses to set interest rates
on installment loans, we were able to uncover it econonadlyic

As we described in section 2, we were able to calculate tleeriat rate of return for each installment
loan contract in our data. For the subset of installmentreotg where a positive internal rate of return
was calculated, we regressed this internal rate of returthencustomer specific variables, as well as
time and merchant dummies in order to uncover the formulactmpany uses to set interest rates. Our
regression resulted in an extremely good fit, withRérvalue of 099, indicating that we were successful
in econometrically uncovering the interest formula the pamy uses to set interest rates to its customers.
We found that the most important factors determining theéauaer-specific interest rates are factors a) and

b) above. In particular, we found that consumer charadiesi®) determine the “base interest rate” for
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Figure 23: Interest Premium for Installment Purchases asetibn of the Installment Term
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an installment loan witld = 2 payments, but there is a step-wise increasing scheduiéstbammon to
all consumerghat determines successive increases in the interestffatedfor longer installment terms
d > 2. FigureZB graphs the interest “premiums” customers magtfpr successively longer installment
termsd.

Let(d,x) denote thenstallment interest rate schedutdfered to a consumer with characteristics
who desires to finance an installment purchase ditstallments. By our discussion above, this schedule

has the form
T(d,x) = po(x) + p1(d), @)

where the characteristics of the particular consurnanly enter via the “intercept” terrpo(x), andps(d)
represents thenterest premiumsor installments longer thad = 2 months. Thugi(d) =0 ford < 2
andp;(d) > 0 is given by the function graphed in figurel 23 fibe> 2. Note that our regression analysis
of actual interest rates charged to customers confirms kiggpt function is, to a first approximation,
independent ok and thus common to all of the company’s customers.

Consider a consumer with characteristic&ho is interested in purchasing a given item that costs an
amounta. We take as a given that the consumer is going to make the ggg@mnd focus on modeling the
customer’s choice of installment term, i.e. whether to eg/dalanceain full at the next statementl(= 1),

or request an installment purchase option wdtls 2 installments at an interest raterof= r(d, x). Later,
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we will consider separately the question of how interest sathedule affect the size of the transaction by
estimating the conditional distributiof(a|x, r,c) in equation[{lL) in section 4.5.

Letv(d,x,a,r) represent the net gain in utility the consumer obtains frtvwosing installment option
d (where again, we have normalized the net gain for payinglindu= 1 tov(1,x,a,r) = 0. Since we do
not expect to be able to perfectly predict every consuméntsioe of installment terndl, we introduce to
commonly used device of Type | extreme value unobservabigpooents of utilitye(d) (unobservable to
the econometrician, but not to the customers) that alsettfie choice of installment term. We assume
thate(d) ande(d’) are independently distributeddf# d’ and thaE {€(d) } = 0 ford € D but with unknown
common scale factar > 0O that is an additional parameter to be estimated.

The consumer chooses installment tetra D = {1,2,...,12} if and only if
v(d,x,a,7(d,x)) +¢(d) > (rjn%x[v(d’,x, a,r(d’,a))+eg(d)]. (8)
gs

The extreme value assumption implies that the conditioratbaility of observing the consumer choose
installment termd is (after integrating out the unobserved components ofytfle(d’)|d’ € D} is given
by the standard multinomial logit model

exp{v(d,x,a,7(d,x))/o}
Yaepexp{v(d’, x.ar(d’,x)/c}’

where the+ subscript denotes a choice situation where the consumeordgrchoose from installment

Py (dla,x) = (9)

that have positive interest rat@$d,x) > 0 ford € {2,...,12}. The choice seb in this case is just the set
D ={1,2,...,12} where choical = 1 denotes the decision to pay the amount of the purcaaséull at
the next statement date, and choides 2,3,...,12 denote the decision to spread out the paymentaver
installments over the nextstatement dates, though at the cost of a positive interesbrathe outstanding
installment balance.

The consumer’s choice problem is slightly more complicatbén the consumer is offered an interest-
free installment option. Suppose this consumer is offerethierest-free installment option with a maxi-
mum duration oy payments (months) whefg < 12. The consumer can either to choose to pay in full,
d =1, or purchase the item via the interest-free installmenibagout over any number of installments
de {2,...,00}, or to pay over even longer installment duratiahs {8y + 1,...,12}, but at the cost of

paying a positive interest rate on these installment basnthe consumer will choose a free installment
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optiondy € {2,...,d0} that satisfies

v(dp, X, a,0) +g(dg) = max max v(d,x,a 0)-+¢e(d max v(d' . x.ar(d. a —|—€d/
( 0, A A, ) ( O) |:d€{17“475} ( s N A, ) ( )7d/6{5 174“712}[( IR ( 5 )) ( )]:|7

The consumer will choose a positive interest rate instailnoptiond.. € {8y +1,...,12} that satisfies

v(d,,x,ar(d,,a))+e&(d, ) =max Le{rgééo}v(d, x,a,0) + s(d)’dfe{zsm?f,lz} [v(d',x,a,T(d",a)) + s(d’)]} ,
(11)
with the understanding that the set of positive interest ciibices{dy + 1,...,12} is empty if &g = 12.
The implied choice probability is denoted By(d|x,a,dy) and is given by
exp{v(d,x,a,r(d,x))/o}

PO(d‘X7 a, 60) = 3o 12 — s
Zdozl exp{v(d07 Xa a7 O)/G} + Zd+:60+1 eXp{V(d+7X, a7 r(d-l-?X))/O}

(12)

if de {do+1,...,12}, i.e. the consumer chooses an installment term longer thammaximum free
installment duration offered), or
exp{v(d,x,a,0)/0}

Po(d[x,2,80) = — R )
Zdozl eXp{V(dO,X, a, O)/G} + Zd+:60+1 eXp{V(d_i_’X, aar(d-l-?X))/O}

(13)

if de {1,...,00}, i.e. the consumer chooses to pay the amount purctesetull at the next statement

date, or chooses one of the free installment options to pagntmount in 2 to &g installments.

4.2 Likelihood Function

The parameters to be estimated fre- (0,¢,a,B) where@ are parameters of consumers’ utility/value
functionsv(d,a,x,r,@). For notational simplicity, we will include the extreme wal scale parameter

as part of thep vector, so the implied choice probabilities when a consuimeifered a free installment
offer of durationdy, Py(d|a, X, do, ®), and the choice probability when the consumer is not offerdécke
installment offer,P, (d|a, x, @), are both functions of an unknown vector of parametets be estimated.
The parameter subvectarrepresents parameters characterizing the probabiligia) that a customer is
offered a free installment offer (wheeare variables characterizing the date and merchant cafegmd3

are parameters characterizing the distribution of offetedhtions of free installment offef&o|z,3). We
use the method of maximum likelihood to estimate these patenst Below, we describe the likelihood
function that accounts for the fact that in certain situagiave do not observe whether or not a customer is

offered a free installment opportunity.

43



Consider the likelihood function for a specific customer whakes purchases at a set of tinTes-
{t1,...,tn}. Of these times, there is a sub3etC T where the customer purchased under installment, i.e.
whered > 1. The complement /T, consist of times where the customer purchased withoutlinstat,

i.e. whered =1. We face a censoring problem that in many cases wtetel, we do not know if

the consumer was eligible for an interest-free installnmmchase option or not. Even when> 1, we
only know if the consumer was offered an interest-free it purchase option when the customer
actually chose that alternative. However it is possiblé ihngaome cases customers may have been offered
an interest-free installment purchase option with té&gut decided to choose a longer term option at a
positive interest rate. Our likelihood must be adjusteddooant for these possibilities and to “integrate
out” the various possible interest-free installment apgichat the consumer could have been offered but
which we did not observe.

As noted abovdl(z; |a) is the probability that a customewho makes a credit card purchases at date
t is offered an interest-free installment opportunity. Tleetorz; does not contain any customer-specific
variablesx, but does include dummies indicating the date of the pueclasl the type of merchant the
customer is purchasing the item from, since as we noted athmvenain determinants of the interest-
free installment option are a) the time of year, and b) thes tgp merchant (since different merchants
can negotiate interest-free installment deals with thelitieard company as a way of increasing their
sales). Conditional on being offered an interest-freeailrsent purchase option, I€ft(dp|z 0) be the
conditional distribution of the installment term that isasiated with the interest-free installment option.
Note thatf(1|z,0) = 0: by definition an installment payment plan must have 2 orenfoture payment
dates. Equivalently, by default every consumer has theopt pay in a single installment, and they get
what amounts to an interest free loan covering the durateiwéen the date of purchase until the next
billing date.

Let Tp be the subset of purchase dafesvhere the customer did choose the installment option and
we observe that this was an interest-free installment ofice can determine this by observing that the
consumer never made interest payments on the installmenttescribed above). For this subset, the

component of the likelihood is

Lo(8) = [] P(dk|x,z,2,0) (14)

telp
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where

P(dx,za,6)= > Po(d|x.a ,9)f (3|2 B)(Z0r), (15)
{0|d<do}

where for each transaction in the set of tinfgsd; is less than or equal to the free installment (maximum)
termdg; offered to the customer under the interest-free instaltroption and of course: > 1 (otherwise
the consumer would have chosen to pay the amauntfull at the next statement date). When the (weak)
dominance assumption holds, we hd&d %, a,dot,9) =0 if & € {2,...,80 — 1}, i.e. the customer
always chooses the maximal loan duration permitted undefréie installment offer. In that case we have
d= &y and

P(d|x,z,a,0) = Py(d|x,a,d, @) f(d|z,B)M(za). (16)

Now consider the likelihood for the caséss T /Ty, where we do not know for sure if the customer
was offered the interest-free installment option or notefBhare two possibilities here: a) the consumer
chose not to purchase under installment, b) the consumeedaopurchase under installment but paid a
positive interest rate, rejecting the free installmenenfiConsider first the probability thdt= 1, i.e. the
consumer chose to pay the purchased amaumfull at the next statement date. LRe{1|x,z a,6) denote
the probability of this event, which is given by

P(1xza®)=N(zZa)| >  Po(1x.ad0,¢) (3|2 )| +[1—N(Za)Ps(1]x,a,¢). 17)

d0e{2....,12}

The other possibility is that the customer chose to pay uintiallment for a duration ofl months,
for d € {2,...,12} but at a positive rate of interest. In the case where 2, i.e. where the consumer
pays a positive interest rate to pay the purchased amaaner two installments, we deduce that the
customer couldhot have been offered a free installment opportunity of 2 or months due to the
company’s procedures which essentially force the custonterthe free installment offer any time then
chosen duration is less than or equal to the maximum durafidhe free installment opportunity that it

offers to the customer. This implies that2|x,z a) is given by
P(2lx,2,,6) = [1-N(Za)|P;(2/x.2,¢). (18)

The other cased € {3,...,12} are where the customer chose a positive interest ratelimstai option but

we cannot be sure whether the customer was offered a fresdlineht or not. In this case we have

P(d\x,z,a,e) :I'I(z\or) Z Po(d‘X,&,éo,(p)f(éo‘Z,B) +[1—I'I(z\0()]P+(d]x,a,(p). (19)
So<d
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The summation term in the formula fé¥(d|x,z,a) above reflects the company’s billing constraint: the
customer is not allowed to choose a positive interest ilmséadt optiond if the customer had been offered
a free installment option of duratiaby greater than or equal . LetL;(6) denote the component of the
likelihood corresponding to purchases that the consumdeman the subsel /Ty, i.e. purchases either
that were not done under installment, or which were done muimdtallment but at a positive interest rate.
This is given by

L1(6) = P(ck|%,z,a,8). (20)
teT /To

whered; = 1 if the customer chose to purchase an item at tilméthout installment, and; > 1 if the
customer chose to purchase via installment, but with aigesiiterest rate.

The full likelihood for a single consumaeris thereforeL;(8) = L;io(0)L; 1(8) whereL;o(0) is the
component of the likelihood for the transactions that thescmner did under free installment offers (or
Lio(8) = 1 if the consumer had no free installment transactions), lan(®) is the component for the
remaining transactions, which were either choices to pduylirat the next statement; = 1, or to pay
a positive interest rate for a non-free installment loarhvdtirationd;; > 1. The full likelihood for all

consumers is then

N
L(6) = u Lio(B)Li,1(8). (21)

4.3 Model Specification

We maximize the log-likelihood with respect €for various “flexible functional forms” fow(d, x,a,r)

that are designed to capture the net “option value” to theoowsr of purchasing an item under installment.
We assume that(d,x,a,r) has the additively separable representation given in equ) above. Thus,
we can view consumers as making “cost-benefit” calculatishere they compare the benefit or option
valueov(a,x,d) of paying a purchase amount ower- 1 installments with the interest cost&, r,d). For
free installments, we haw&a, r,d) = 0, but this does not necessarily imply that customers wiksesarily
always take every free installment option. One reason istdubte randomly distributedD extreme
value shocks(d) representing unobserved idiosyncratic factors that affeconsumer’s choice of the
installment term. In some cases these shocks will be sufflgieegative to cause a consumer not to take a
free installment offer even ibv(a,x,d) is positive (and thus higher than the utility of paying theghase

in full at the next statement date, which is normalized toAY)other reason is that we specify the option
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value function as follows

ov(a,x,d) = ap(x,d) — A(x,d) (22)

where we can think gb(x,d) as the percentage rate a customer with characteristicwilling to pay for a
loan of durationd months and\ (x,d) represents the fixed transaction costs of deciding and taidieg an
installment transaction at the checkout counter. Notettliatcomponent is assumed not to be a function
of the amount purchasedwhereas the other component of the option vafp¢x, d) is a linear function of
the amount purchased. This implies tkahsumers will not want to pay for sufficiently small creditcc
purchases on installment since the benefit of doing tipiss,a), is lower than the transactions costx, d).

We can also think ok as capturing potential “stigma costs” associated with pasmg on installment,
as well as “mental accounting costs” such as any appreheonsstomers might have that adding to their
installment balance increases their risk of making a lay@at on their installment account in the future,
or that undertaking another installment transaction waNéd adverse effects on their credit score, and so
forth.

Notice that we assume the option value of having the benetiktefhded payment does not depend
on the interest rate the credit card company charges theroest and the customer-specific interest rate
scheduler(d, x) only enters via the cost functiot{a,r,d). This is an important identifying assumption.
Furthermore we assume that the financial cost that a custpeneeives due to purchasing an item under
installment equals the excess of the total payments thatistemer makes over the term of the agreement
less the current cost of the item. That is, we assunteequals the difference between the total payments
the customer makes under the installment agreemamiulated with interest to the time the installment
agreement endsss the amount the customer purchasediscounted back to the ddteshen the customer

purchased the item. This value can be shown to be
c(a,r,d) =a(l—exp{—rtq/365}), (23)

wherety is the elapsed time (in days) between the next statementftatethe item was purchased and
the statement date when the final installment payment is de. interest rate is the internal rate of
return on the installment loan, and is given by 1(d,x). Recall that this is the positive interest rate
that company offers to the customer for an installment pasehwith termd. Notice that ifd = 1 and
the consumer chooses not to do an installment ti{err,1) = 0. Notice also that for any interest-free

installment opportunityr = 0 and soc(a,r,d) = 0 as well. To a first approximation (via a Taylor series
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approximation of the exponential function) we has(@,r,d) = raty/365, so the cost of the installment
loan equals the product of the duration of the loan, the amofithe loan, the interest rate offered to the
consumer, times the fraction of the year the loan is outatagnd

Notice that thec(a,r,d) function has no unknown parameters to be estimated. Thengtess to be
estimated are the parametegrentering the option value functiooy(a, x,d, @), the scale parameter of
the Type | extreme value distributions for the unobservemmanents of the(a, x,r,d, @) functions, and
a, the parameters entering the probability of being offerddea installment,1(z) and the probability
distribution over the maximum term of the free installmeffers that are offered to consumergd,z,(3).
Recall thatd = (0,¢,a,p) is the full set of parameters to be estimated. Table 3 pregartmaximum
likelihood estimates ofo, ¢). We discuss the maximum likelihood estimates of theiZ@rameters later.
Clearly, the parameters of interest & ¢@). We are not interested in tlee parameterper sethough we
do want to know if our estimate of the conditional probailit(z,a) of receiving a free installment offer
is reasonable.

To understand the parameter estimates, note that we hasifiegev(a,x,d) = ap(x,d) where

1

P = T el .9)) @
where
12
h(x,d,9) = @l{d>2}— ;exp{(pj_z}l {d > j} + @uiib+ @roinstallshare
J:
+@screditscoret @ianlate+ @qsl {r = 0}. (25)

The fixed transaction cost of choosing an installment tertheatheckout countek(x,d), is specified as

10
A(x,d) = exp{(plsl {r = 0} + @u7installshare}- ;(ﬁ_@_]l{d =j}+ @l {d > 10}} . (26)
=

The variablecreditscoreis the interpolated credit score for the customer at the ofiee transactions (the
company only periodically updates its credit scores so wg observed them at monthly intervals), and
nlate is the number of late payments that the customer had on hisgherd at the time the transaction
was undertaken, anb is the customer’s installment balance at the time of thesaation. Note that due
to the large variability in spending on credit cards by dif& customers, we normalized batlandib as
ratios of each customer’s average statement amount.

The most important variable of thevariables turned out to bimstallshare,the share of creditcard

spending that the customer does under installment. Wededlinstallsharebecause, as we showed in
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section 2, it serves as an important observable indicatanobserved preference heterogeneity, as well
as an observed indicator about which consumers are mobt tikée liquidity constrained. We found that
neithercreditscorenor nlate are as powerful as thiastallsharevariable in enabling the model to fit the
data and capture the large degree of customer-specificolgetegity that we observe in our sample.

An alternative strategy would be to replairestallshareby a random parametar representingun-
observed heterogeneityith the interpretation that lower values ofindicate customers who are more
desperate for liquidity and thus have a higher subjectiiBngness to pay for loans of various durations,
p(x,d,t,¢). However, we have had considerable difficulty so far in eating specifications with un-
observed heterogeneity due to the fact that we have an urdeglgpanel where for some consumers we
observe many hundreds of transactions. Conditioning,dhe likelihood for these hundreds of condi-
tionally independent choices of installment duration gi¢glly avery very small numbetUnobserved
heterogeneity specifications require us to take averagesifitegrate over the distribution of of these
very small numbers and we often found that when we tried te thk logarithm of the resultingnixture
probability it was sufficiently small to be below the “machine epsilor&. ithe lowest positive number a
computer is capable of representing, even on 64-bit mashine

In view of these problems, we foumaistallshareto be extremely convenient as an “observed indicator”
of the underlying unobserved heterogeneityVe conjecture that if we can somehow resolve the problem
of “underflow” in computing the mixing probabilities, thet@sation results (particularly the overall fit of
the model) of a specification with a sufficiently rich spedifion of unobserved heterogeneity but omitting

installsharewill be quite similar to the results presented below withmitted andnstallshareincluded.

4.4 ldentification

It is not immediately obvious that the model we specified intisas 4.2 and 4.3 above is identified.
Even without accounting for the mixture model specificatibat results from accounting for unobserved
heterogeneity as described in section 4.3, the likelihamdton we derived in section 4.2 can already be
regarded as a type afixture modesince the conditional probabilitiddd|x,z a, 0) entering the likelihood
function are themselves mixtures of the underlying choiababilities Py(d|x,a, 8, @) and P, (d|x,a, @)
that constitute the probabilities of choosing differergtallment terms with and without the presence of
a free installment offer with maximum duratia¥) respectively. As is well known, it is very difficult

to identify econometric models that are formulated as megwf probabilities, since a wide variety of
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probability distributions can be well-approximated by wexcombinations of a given a set of probabilities
(also known as “components”), and there are generally médffgreht ways to do this. For example,

Henry et al.[20111] note that “Without further assumptiolere is of course no way to identify the mixture
weights and components” (p. 2).

Identification can be especially problematic when we relex weak dominance assumption, since
then both of the conditional probabiliti€s. andPy have the same suppdt, ..., 12}, and the conditional
probabilities entering the likelihood are mixtures of thds/o conditional probabilities. If we view the
identification problem from the lens of “multicollinearftyanother way to state the concern about iden-
tification is that it is far from obvious that probabilitig® and P, are sufficiently different from each
other to rule out the possibility that are many different way represent the “reduced-form” probabil-
ities P(d|x,z a,0) that enter the likelihood in terms of various convex combores of the “structural”
probabilitiesP, andP,.

The identification of our model is key to the plausibility @ktconclusions we draw about individual
behavior from this exercise. To see why, consider the falgwiwo explanations for the relatively small
fractions (2.7%) in our sample that are done as free instaits a) consumers will take virtually any free
installment that it is offered to them (so the strong doma@sassumption holds afd(d|x,a,d, ) = 1) and
the average probability of being offered a free installmienery low (i.e. about 2.7%), versus explanation
b) the average probability of being offered a free instatimis very high, but consumers are averse to
choosing free installments, so that even though the prbtyabf being offered a free installment is high,
the probability that it is chosen is sufficiently low that theerage probability that free installments are
actually offeredand are chosen is very small, i.e. approximately 2.7% on avertds not obvious how
the method of maximum likelihood can distinguish betweasétwo competing explanations for the low
share of free installments in our sample.

Despite these concerns, we find that our maslétlentified and surprisingly, the method of maximum
likelihood is able to distinguish between the two explamadia) and b) for the low take up rate of free in-
stallments, with the likelihood for hypothesis b) beingfmigntly greater than the likelihood of hypothesis
a) that we are easily able to reject a) in favor of b). Note thatmodel is fullyparametricand the stan-
dard argument for identification of parametric involveswhng that the expectation of the log-likelihood
function, E{log(P(d|%,Z 4,6))} is uniquely maximized at a vall@ in the parameter space.

As is well known, in the case of the multinomial logit moddietexpectation of the log-likelihood is
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concavein the underlying parameters, and identification amountgetifying additional conditions that
imply that this function is alsatrictly concave. However the concavity property generally no longer
holds when the expected log-likelihood function involvetres of multinomial logit models. When a
parametric model is unidentified, there are typically twoysvan which the identification condition fails:
either 1) the expected log-likelihood function is “flat” imaighborhood of the global maximum (so there
is a continuum of values d that maximize the likelihood), or 2) each local maximum o #expected
log-likelihood is “regular” in the sense that the hessiarirmat each local maximum is negative definite
(implying that there are a finite number of isolated local me each one is unique within a sufficiently
small neighborhood of each local maximum point) but theeetero or more distinct local maxima that
happen to have the same exact value of the expected logibkel, so the set of such distinct global
optima are observationally equivalent and the model is lentbdistinguish them.

Given the large number of observations in our sample- 167,946, the empirical log-likelihood
log(L(8))/N (whereL(0) is the likelihood function defined in equatidn]21) above)ves a very good
approximation to its expectatidﬁ{log(P(d~|>~<, Z,4,0))} by the uniform law of large numbers. Therefore it
is sufficient to show that the sample log-likelihood funnthltas a unique maximizer since for the very large
sample size we have in this case, the probability is very thghthe sample log-likelihood is uniformly
close to its expectation. Therefore, since the hessianeofikielihood is a continuous function of the
parametersd), the continuous mapping theorem implies that if the sampiglikelihood has a unique
maximizer (or equivalently each local maxima that we find ‘@egular’” — the type 2 case discussed
above), then we can rule out the most obvious type of nontifitstion, i.e. namely that the expected
log-likelihood is locally flat in a neighborhood of the gldbmaximum. We have indeed verified this
numerically: at each local maximum we found in the course tifamough search of the likelihood over
the parameter space, we found that the hessian of the samgpligélihood function was negative definite.

Further, though we did encounter multiple local maxima & likelihood function in the course of
running our estimation algorithm, we we unable to find didtilocal maximizers that resulted in the
identical values of the sample log-likelihood function. Instead wen a single “global optimumé that
resulted in a significantly higher sample log-likelihoodmhfor any of the local optima we encountered
in our thorough search for a global optimum of the likeliho@dthough we are not aware of any general
argument that we can rely to provide a mathematical prodfttiere are no other values 6fbesides the

value we found that result in the same or a higher value of the sample laglitikod function, we feel that
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our numerical experience in maximizing the likelihood daé$east provide strong evidence suggesting
that the parameters of our model are in fact identified.

The intuition for how the data are able to distinguish betwtee two hypotheses a) and b) for the
low take up of free installments discussed above is as falldivhypothesis a) were the correct one, i.e.
that the strong dominance assumption holds (or nearly holden consumers would take nearly every
free installment opportunity that is offered to them and lthve incidence of free installments could only
be a result of free installments being rarely offered to comsrs. However in this case, the model would
assign a high option value to borrowing under installment tdeast sufficiently high that consumers’
option values exceed any fixed costs involved in undertattiedgree installment transaction. However the
high option value would then imply that customers who havécently low positive of positive interest
installments should also be frequent users of installmesdit; something we do not observe in our data.
This provides an intuitive argument for how the data are #dblesject the strong dominance assumption
and instead provide strong evidence in favor of explandbipas the model most consistent with the data
we observe.

Identification of the parameteftis assisted by an assumption we made that the merchant/aate v
ables inzdo not affect the distribution of free installment duraspso we write this distribution ai(d|(3)
rather than ag(d|z ). This assumption was motivated out of concerns fi{d{3) would be difficult to
identify that the probability of receiving a free installnteoffer itself, M(z a), since when we relax the
strong dominance assumption, if we observe a customergakinee installment offer of duratiod the
customer could have been offered a free installment with @mam durationd for anyd € {d,...,12}.
This gives considerable freedom to how the model might “a&ixplthe particular set of installment du-
rations that consumers actually choose. For example, osglplity is to setf(12/z ) = 1, so that the
maximum duration of every free installment offer is 12, ahd pronounced peak we observe in free in-
stallments at a duration af = 3 is purely a result of consumers pre-commiting and chootiiegq- most
popular loan duratiom = 3 rather than choosing the full= 12 month loan duration. Although this ex-
planation might seem a bit implausible on its face, recalirif3, which showed that = 3 is the most
likely term of installment loan for individuals who choosedo installments at a positive interest rate.

Though we have independent evidence that in fact most fretaliment loans that are offered to
consumers have a maximum & 3 installments, how can the likelihood distinguish betwé®n case

where all free installments offered have a maximumdaef 12 installments versus the case where all
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free installments have a maximum & 3 installments? One easy way that the latter hypothesis ean b
rejected is by virtue of the fact that we do observe a smalllmemof free installments that did involve 12
payments. This enables us to conclude that not all freeliimetat offers could have a maximum df= 3
installments. However, beyond, this, the precise ideatifinn of the probabilities (d|z,3) seems more
tenuous, since due to the censoring, we never directly ebssmymeone being offered a free installment
with a maximum o installments and choosing to take the installmentfer 6 installments.

We do note that we made several impliekclusion restrictionghat assist in the identification of the
parameters of the model. First, we assume thatztveriables that affect the probability of being offered
a free installment opportunity do not enter the choice pbiliges P, andP,. This is because contains
dummy variables for merchant codes and calendar time iltethat are relevant for predicting whether
a free installment is offered but do not seem directly rai¢vfar predicting a consumer’s choice of in-
stallment term. Conversely, the customer specific vargabldo enter these choice probabilities but can
be plausibly excluded from the probabilities that a customauld be offered a free installment opportu-
nity. Finally, we also assume that the probabilities of beiffered free installments of various maximum
durations are independent af so only 10 parameters are necessary to estimate these ladbjities.
Following our pragmatic approach to identification, we fred numerically that various convex combina-
tions of the choice probabilitieR; (where the duration probabilitie§(d|B) are the mixture weights) do
not result in the same reduced-form probabiltyd|x, z, a,0). Otherwise the likelihood function would be
flat in a neighborhood of any optimum, and this in turn woulghythat the log-likelihood function has
a singular hessian matrix at any such point. However we fonriidct that the hessian is strictly negative
definite at the maximum. Further evidence is provided bydlcethat if we fix thel parameters at arbitrary
values and maximize over the remaining paramefera ), the value of the likelihood falls significantly
below the value we attain when we free Bijand optimize ove(®,a,3) simultaneously.

In summary, the identification of our model results from a bamation of 1)exclusion restrictions
and 2)parametric functional form assumptiondie have not investigated conditions under which the
“structural objects” in our mode]P,., Py, I, f} arenon-parametrically identifiethowever recent work by
Henry et al. [[20111] and others may represent promising ae®ffor further investigation. For this study,
we feel that are exclusion restrictions are well-justified @ur specification of the option value function
p and fixed cost functiona are sufficiently flexible that none of our conclusions argifea or depend on

arbitrary or hard to justify assumptions. In a fundamen&isg, we view the data are telling us that we

53



can separately identify these various probabilities, sarferences we draw are unlikely be a artifacts of

strong, “tricky” modeling assumptions.

4.5 Estimation Results

The estimation results are presented in tible 3. Note thggmeral, most though not all of the parameters
are estimated very precisely — something we would expeerygitie large number of observations in our
sample. Due to the large numberfparameters (26) and because they are not of central interéss
paper, we omit them from tablgl(3). However we note that thienesed probabilities of receiving a free
installment offerl1(z,G) vary rather significantly over our sample, from a low o#1x 10~4 to a high of
0.527. Over our entire sample, the average estimated prdtyathiit a given transaction was subject to a
free installment offer is 17%. This estimate appears to beawable from our discussions with the credit
card company executives. As we see below, it implies thattdie up rate” of free installments is low:
although the model predicts substantial consumer-spdufierogeneity in take up rates, on average only
15% of the individuals who are offered free installment ajyaities actually take them.

The free installment probabilities vary over the calendzaryand across merchants, and the combina-
tion of merchant and time dummies enabled us to capture giedegree of variability of free installment
options, both over time and across merchants. The vatiglilso justifies our treatment of free install-
ments as “quasi random experiments” since there appears ho lrasy way to predict when and where
free installments will be offered to consumers.

We now turn to the parameters of interest, gigarameters entering the option value functigr, d, @)
and the fixed cost functioh(x,d, @) that are two key “behavioral objects” underlying our diserehoice
model. Note that due to the large variability in spendingoasrdifferent consumers, we normalized each
customer’s credit card spending and installment balarcé® tratios of their average statement amounts
(the monthly balance due on their credit card bill). Thusuechase amourg = 2 denotes a purchase that
is twice as large as the average amount of that customenagweredit card balance on each statement
date. An installment balance, denotedla®qual to 3 would denote an installment balance that is 3stime
as large as the average of the customer’s credit card bathrece

Consider first the estimation results for the parametersrieng the option value functiop(x,d, @).

We did not include a constant term in our specification in éqnal23) since the sum of the installment

duration dummy variables{d > j}, j = 2,...,12 adds up to the constant term on the set of relevant

54



Table 3: Maximum Likelihood Parameter Estimates, Dependamable: chosen installment teriah,

p(x,d, @) (option value) Estimate Standard Error
o 0.066 397x10%

@ 1{d>2} -3.693 0.025
exp{@.} 1{d >3} 0.227 0.018
exp{q} 1{d > 4} 0.251 0.179
exp{@s} I {d > 5} 0.067 0.049
exp{®} 1{d > 6} 0.136 0.026
exp{@s) 1{d>7} 2.265x 10°%° 0.072
exp{@s} 1 {d > 8} 4.430x 10714 0.092
exp{@;} 1{d > 9} 0.156 0.079
exp{@s} I {d > 10} 0.082 0.053
exp{@} 1{d > 11} 9.070x 10°1° 0.180
exp{@o} 1{d =12} 0.281 0.180
@1 (ib) -0.087 0.001
@12 (installshare -2.202 0.040
(3 (creditscore -0.207 0.005
M4 (nlate) -0.015 0.002
@s (1{r =0}) -2.166 0.061

A(x,d, @) (fixed cost) Estimate Standard Error
(16 (installshare) -0.941 0.015
@7 (1{r =0}) -0.246 0.011
(s (1{d =2}) -0.740 0.010
Qo (1{d =3}) -1.006 0.009
@ (1{d =4}) -0.297 0.016
@ (1{d=5}) -0.487 0.012
@2 (1{d=6}) -0.208 0.018
@3 (1{d=7}) -0.106 0.024
@4 (1{d=8}) -0.106 0.022
@5 (1{d =9}) -0.462 0.012
@ (1{d =10}) -0.215 0.014
@7 (1{d > 10}) -2.166 0.061

f(d,B) (maximum installment term) Estimate Standard Error
f(2,B) 0.695x 10~ ° 0.003
f(3,B) 0.594 0.290
f(4,B) 1.717x 107%? 0.025
f(5,B) 5.362x 10713 0.022
f(6,B) 1.356x 10~14 0.044
f(7,B) 3.314x 10714 0.112
f(8,B) 2.358x 10716 0.150
f(9,B) 1.565x 10~ 0.108
f(10,B) 0.256 0.425
f(11,B) 3.252x 10716 0.436
f(12,B) 0.149 0.024

Log-likelihood, number of observationslog(L(6)) = —465613 N = 167,946
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choicesd € {2,...,12} since we have normalized the option value for the decisienl to equal zero.
Therefore, we allowed the parametgyto unconstrained and take positive or negative values iardal
to play the effective role of the constant term. However weabinstrain the coefficients d{d > j} for
j =3,...,12 to be positive by expressing these as exponential furetd the underlying parametegs,
i=1,..., 10H It is easy to seee that this is equivalent to constraininggt®n value functiorp(x, d, @)
to be non-decreasing as a functiondof

Figures 2l and 31 plot the estimated option value functiah @mpares it to the(a,r,d) function
(which, recall, has no unknown parameters in it). Howeverdfa, r,d) function does depend on the set
of interest ratesr (x,d), which do depend on customer characteriskicd\Ve plotted these figures for an
illustrative consumer with a creditscore of ib,= 2, and an installment share of 30%. From fighiré 24
we see that indeed, the estimafeflinction is non-decreasing thand it is everywhere above the cost of
credit functionc(a, r,d), signaling a clear net benefit of purchasing under instailnoeedit. Thep(x,d, @)
function has its largest jumps dt= 3 andd = 12.

Figure[Z5 plots the net benefits from installment borrowig, d, @) — c(a,r,d), as a bar-plot. We see
that for this particular customer, the highest net benefitainat a duration ofl = 4, where the customer
experiences a net benefit to taking an installment, net otdis¢ of the installment, of about 7% of the
transaction amourd. The net benefit of installments is generally the highesskarter duration install-
ment loans, fod € {2,...,6}, and then falls for the longer duration loads {7,...,11} but increases
again for loans witld = 12 installments. This pattern of net benefits is generalhsient with the pattern
of installment loan choices, although it does not show aop@unced peak at= 3 that could explain the
peak in installments at this duration that we observed inrég3. We will explain how the model is able
to capture this peak when we describe the estimation refsultte A function below.

Other points to note about the estimated parametesisfthat the option valuencreaseswith the
size of the customer’s existing installment balance (@gethe coefficient ofib). The option value is
also an increasing function afeditscorewhich means customers with worse (i.e. higher) credit score
are predicted to have higher option values for installmeatit. Similarly, another indicator of credit
problems, the number of late payments that the customerhassther recordnlate, also increases the

option value and thus the value of installment credit.

4In table[3 we report the exponentiated values instead of ananpeters themselves, and used the delta method to celculat
the implied standard errors.
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Figure 24: Estimated option valggx, d, @) function relative toc(a, r,d) function
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Figure 25: Net benefit of installment Credit as a functionnstallment duratiom
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Figure 26: Estimated breakeven amougi(ts d) for installment transactions
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The two largest (in absolute value) coefficients afigare ¢, the coefficient of thenstallsharevari-
able, andy; s, the coefficient of a dummy variable indicating that the si@stion was done as a free in-
stallment. The latter coefficient indicates that custonpenxeive free installments to have eveigher
option value than installments done at positive interetstaWe are not quite sure of how to interpret
this finding, but the data are clearly telling us that it needgrovide an extra boost to the option value in
order to explain the take up rate of free installment opputies. Perhaps one explanation could be that
consumers enjoy the value of a loan that much more when thay knis a free loan. This tells us that our
specification of cost function(a, r,d) and our formulation of the installment loan as a simple destefit
tradeoff is not sufficient not fully capture how consumeraleste free installment offers.

Finally, the negative and strongly statistically signifitastimated coefficient of thastallsharevari-
able @1, indicates, not surprisingly, that customers with high atistent shares have uniformly higher
estimated option values, and thus a higher proclivity te tastallments, whether free installments or at
positive interest rates. As we discussed previously inigeet.3, we used thastallshareas an observ-
able indicator of unobserved heterogeneity, since we fauideasible to implement a random effects
approach to control for unobserved heterogeneity for tlasaoas already discussed in section 4.3. We
view theinstallsharevariable as capturing customers who are “credit constdding ways that are not
well captured by thereditscoreand nlate variables, though it may also capture customers who are for
some other reason “installment addicts” who make frequeataf installment credit. Some of these could
be consumers who behave like the textbdwknos economicuwith time-separable utilities and non-
hyperbolic geometric discounting of future utilities tmasult in time-consistent intertemporal preferences
and the prediction that these individuals would never nenmit ex anteto choices that reduce their future
borrowing options, at least without any obvious compenpséfibr doing so.

We now turn to a discussion of the estimated parameters difibe cost functior\(x,d, @). Generally,
the model estimates indicate that consumers perceive higt fiosts to choosing any installment trans-
actions other than the “default” choick= 1. These “costs” may reflect perceived “stigma” associated
with taking installment transactions. From anecdotal ena®, the people in the country we are studying
regard installment purchases as a sign of “weakness” edpeiri view of the bad experience that these
people had several years prior to the period we studied where had been a credit bubble and a high fre-
guency of credit card defaults. Thus, the individuals mayeHaeen chastised or even scarred by that prior

experience and had resolved themselves to try to avoid #hefusastallment credit whenever possible.

58



One might ask why this scarring effect and aversion to ilmaehts doesn’t show up in lower estimated
option values. We believe that the fixed costs play an imporiale in explaining a clear pattern in our
data where generally only sufficiently expensive purchasesnade under installment. Recall figutek 12
andT2 which showed that while the average credit card peeclsa$74, the average installment purchase
is $364, or nearly 5 times larger than the average credit parchase. The fixed costs are estimated to be
large in order to explain this differential pattern of spewgd

Figure[Z® illustrates this by plotting the “cut-off” valué spendinga(x,d) for which the net benefit

of borrowing on installment equals the fixed cost of undenglt, i.e.

E(X,d) — )\(de>(p) (27)

p(X,d,(p) - C(av r(x,d),d) ‘
This figure was calculated for an individual withceeditscore=5(i.e. about average credit) withstall-

share=.1andib = 0 andnlate=4. We see that for positive interest loans, the breakeven (ato the
amount is expressed as a ratio of the average credit camtrstat balance) is generally over 5 and is as
high as 12 or 13 for the less popular installment loan dunatid = 8 andd = 11.

Notice thatg, 7, the coefficient of {r = 9} is negative and strongly statistically significaindicating
that consumers perceive free installments to have lowed feasts, even though at the same time they
perceive the option value for free installment loans to heeloas well. Again, we are not quite sure
how to interpret this, but one possible interpretation et thince the free installment is a promotion, the
merchant may arrange extra assistance by the checkout aigytovide other cues to try to encourage
customers to take the free installment, and this might shpw wur model as a lower cost for choosing a
free installment loan over a comparable installment loam @tsitive interest rate.

The net effect of free installment offers on credit decisiato lower thea threshold since we already
showed that the free installment offer increases the optalne of the loan, and it also zeros out the
cost of the loan which increases the denominatoof (27),iaatso reduces the fixed costs of taking
an installment loan are estimated to be lower if the loan ieea nstallment offer, and this reduces the
numerator of[(2I7). This effect is illustrated in figurg 26 the particular customer that we plotted, and is
particularly pronounced for loans of duratioh= 8 and higher: under a free installment offer the cutoff
point is less than 5 and as low as 3 times their average statemn@ount, whereas the cutoffs are over
10 for positive installment loans. We believe this effecplains the counterintuitive finding of section
2, where we showed that the average free installment loaruatmeaslower than the average positive

interest loan amount. This is also what our estimated moagligts as well, and we believe it explains
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the counterintuitive findings from the matching estimatotable 2 of section 3. Even though it is true
free installment offers tend to significantly lower the #ireld at which a customer is likely to accept a
free installment offer, therebgducingthe mean size of a free installment transaction relativepositive
interest installment transaction, we cannot conclude filusithat the demand for credit is upward sloping.
In fact, we show below that our model predicts that the denfi@anctedit is downward sloping, even though

it also predicts this counter-intuitive reduction in axggamounts purchased under free installment offers.

The final comment we have about the estimatedinction is that the coefficierpyg of the install-
sharevariable is a large negative number that is very preciselyneded. Thus, we find that the model
captures the systematically higher use of installmenticbsdndividuals with high values ahstallshare
by increasing the option value of the loan and by reducingfittesl cost of undertaking the transaction.
This is how the model explains our finding in figlird 17 of set@athat the ratio of the typical installment
purchase to the typical credit card (non-installment) pase decreases mstallshareincreases.

Finally, we discuss the estimated probabilitig®|B) representing the probability distribution over
the maximum duration of a free installment offer, conditibon one being offered to a given customer.
Recall that in section 4.3 we discussed concerns about dlity ab identify this probability distribution
with much precision. We see that fortunately, the estinmatioes not imply that all free installment offers
involve a maximum ob = 12 installments, something we know is not the case from aausdisions with
the credit card company. Instead, the estimation resudtseny reassuring, since they show that the most
commonly offered installment is for a maximum duration oh8taliments, something that we also believe
is the case from discussion with executives of the credd campany. However we were surprised to see
that the point estimates of our model imply that there is a meeo probability of being offered a free
installment for a duration o = 6 months.

The difficulty of identifying thef (d|B) probabilities is indicated by the large estimated standaroks
relative to the point estimates (again, the standard efomr‘s(d|[§), de{2,...,12} were computed from
the standard errors f(ﬁkusing the delta method). The large standard errors reflectribertainty our model
has in estimating these probabilities even with= 167,946 observations. Given these large standard
errors, there does appear to be a fairly wide range of digtdhs f (d|B) that could be consistent with
the installment choice data we observe. However these pilites are not of direct interest to us in this
study: instead, we are interest in consumer behavior andribertainty in the estimate@l coefficients

fortunately does not transmit and result in huge uncestaimthe keyq parameters entering thgeandi
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functions. As a result, we are confident that our inferenceskey behavioral conclusions are robust to
our uncertainty about the probabilitiégd|3).

We conclude this subsection with a discussion of our estimatesults for the parameters of the
distribution of purchase$(a/x, r,c) that enters the expected demand curve for installmenttareftirmula
(@) of section 3. Via initial non-parametric estimation f@rious consumers, we found that this distribution
is well approximated as a log-normal probability density,vee estimated its parameters via regression
using loga) as the dependent variable. However for the reasons expreds®/e we were concerned
about potential endogeneity in the consumer-specific ésterates. Therefore we conducted a series of
regressions, using various types of fixed-effect regress{e.g. regressing first differences of (ag or
log(a) less customer-specific sample means ofdggor estimating customer-specific intercepts, etc.) that
are possible given the panel nature of our data and the fatctvil observe many purchase transactions for
each customer in our data set. We found that regardless ofseomccounted for fixed effects and whether
we did OLS or instrumental variable regressions (wherelaimto our regressions in section 3 we used
the CD rate as an instrumental variable fdpthe estimated coefficient afis extremely sensitive to the
inclusion of time dummy variables in our regression. Whenetidummies are included, the coefficient
of the interest rate is estimated to be near zero with a laeyedard error, allowing us to easily reject the
hypothesis that affects purchase amounts.

However when we omit the time dummies, then the coefficient isfestimated to be negative and
statistically significant in our two stage least squaresasgions. However we do not believe this latter
result is the correct one. Note that we have relatively festamer-specific variables, and thus, the
regression has no good way to account for macroeconomidkstibat affect credit card spending other
than via the interest rate, which typically moves countelicglly. Thus, in in good times interest rates
tend to be high and credit card spending tends to be high,ealsdn bad times interest rates tend to be
low and credit card spending is lower too. This suggestsithetest rates should ositively correlated
with credit card spending, however as we discussed in se8tiove also find that our instruments, such
as the CD rate, is negatively correlated with customerifipaaterest rates. As a result, the two stage
least squares regression predicts a weak negative redhtiphetween the instrumented consumer-specific
interest rate and credit card spending.

However in the absence of adequate explanatory variabtesdome, employment, and other factors

that have strong direct effects on household spendingidasisncluding credit card spending, we believe
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that time dummies are a next best substitute for capturingroeaonomic shocks that affect all households.
Thus, when we include these time dummies, the estimatefiaeat on the interest rate in our regressions
falls to near zero and has a very large estimated standavd €ur conclusion is that it is plausible that
credit card interest rates have negligible direct impactmaulit card spending decisions, especially given
that the vast majority of transactions in our sample are duitfeout the benefit of any installment credit.
In any event, we feel that the data at our disposal is not gerffily rich in customer-specific covariates
that we think are likely to have much stronger effects on itigatd spending decisions than interest rates
(such as family income, employment, and other unexpecteddipg shocks such as health shocks and so
forth) that we do not trust results from regressions thaelsw many observations and so few covariates.
We feel there is a strong likelihood that these regressiolisreflect spurious correlationgdue classic
omitted variable bias. As a result, we have adopted as dalinibrking hypothesis that does not enter
as a significant shifter of the distributioi{a/x, r,c), and thus we conclude that the key impact oh the

demand for credit is its effect on customers’ propensitydg for a purchase via installment credit.

4.6 Model Fit

We now discuss the fit of the model. Figuke$ 24, 28,[and 29 suinenthe ability of the structural model
to fit the credit card data. Of course the predominant choicednsumers is to pay their credit card
purchases in full by the next installment date: this is theicdymade in 93.57% of the customer/purchase
transactions in our data set. When we simulate the estinmatel| of installment choice, taking tikxeand
purchase amountsas given for the 167,946 observations in our data set, wenbiaredicted (simulated)
choice of paying in full at the next statement (i.e. to chotbse 1) of 93.56% (this is an average over 10
independent simulations of the model).

Of more interest is to judge the extent to which our model caligt the installment choices made
by the customers in our sample, i.e. to predict the incidesfaghoicesd > 1. Figure[2¥ plots the pre-
dicted versus actual set afl installment choices made the customers in our sample. Wihaed¢he
model provides a nearly perfect fit of actual installmentices. Figurd_218 compares the actual versus
predicted choices for the subsample of individuals (battusated and actual) who chose positive interest
installments. We see that once again, the model predictsutteme we observe nearly perfectly.

The model does slightly overpredict the number of free ilmients chosen for durations of = 2

installments, and underpredicts the numbed ef 3 month installments chosen, but only slightly. Overall,
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Figure 27: Predicted versus Actual Installment Choicef|mstallment Transactions
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Figure 28: Predicted versus Actual Installment ChoicesjtRe Interest Installment Transactions
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Figure 29: Predicted versus Actual Free Installment Clwice
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we feel that the model does an excellent job of capturing dyeféatures that we observe in our credit card
data. In particular, when we use the simulated data to rexca@logs of the figures presented in section
2, we find that the model succeeds in capturing all of the katufes that we observe in the actual data.

We also conducted a battery of Chi-squared goodness oftitussg the random-cell Chi-squared test
of Andrews [198B]. These tests are based on partitioninglépendent variables as well as the covariates
entering the model into various “cells” and computing a qa#id form in the difference between the
model’s predicted probabilities of the customer’s choicethe various cells in the partition to the actual
frequency distribution of choices in each of the cells. Thgrdes of freedom depends on the number of
cells in the partition less the number of estimated pararmatethe model. There are countless ways to
partition the spac® x A x X x Z whereD = {1,...,12} is the choice setA is the set of (normalized)
purchase amounts{ is the set of observed characteristics of customerszimla set of all possible
merchant code and time dummies that entered the model ticptad probability of a free installment
offer. For example, we could partition choices by purchadegrious sets of merchants, or over various
intervals of time, or on a partition of the amounts purcha@ed. large transaction amounts versus small
tranaction amounts) and so forth. We have done this for mé#fsreht choices of partitions and while
particular values of the Chi-squared statistics are seasib how we choose these partitions, we found
that with few exceptions the Chi-squared test was unablejaxt our model at conventional levels of
significance. Given the length of the paper, we decided td preisentation of the actual test statistics
and the correspondence marginal significance values, batrevBappy to provide this information upon
request.

As we noted in the introduction and elsewhere, our simutatialso predict something that we could
not otherwise learn from our data without having a strudtaradel: the model predicts that in 17% of
167,946 simulated customer-purchase transactions, theawy offers customers free installment oppor-
tunities. This estimate strikes us as quite reasonable sinou recall from figurd_20 of section 2, the
most installment prone “addicts” withstallsharevalues greater than 80% were were doing roughly 17%
of all of their purchases as free installments. If we assumaé¢ the most installment-prone individuals
would not pass up many opportunities to purchase items Unekeinstallment offers, then this reasoning

suggests that our estimated average rate of free instdllofiens is quite reasonable.
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4.7 Model Implications and Counterfactual Simulations

We conclude this section by providing some illustrative @etions of the model and calculating some
counterfactual quantities to provide further insight itlie model and into the behavior of the individuals
in our sample — at least to the extent that the reader truattlr model provides a good representation
of choices consumers actually make.

Figured3D anf31 illustrate the predicted installmentdaimg behavior for two different individuals
who are not offered free installment opportunities and satnborrow at an a positive interest rates. In
figure[30 we illustrate an “installment avoider” who hasiastallshareof 0, and in figurd_31 we illustrate
an “installment addict” who has ainstallshareof 83.27%. The credit score happens to be the same
for both individuals, equal to 3 (which is a reasonably goodrs recalling that a score of 1 is the best
possible), a moderate installment balancécf 1.85, and no late payments.

Figure[3D shows that the installment avoider will never c®an installment term of more than three
months, and it takes extraordinarily large purchases tovatetthis customer to undertake any installment
transactions. Even for purchases as large as 10 times thefdize customer’s average statement balance,
there is still a 30% chance that this customer will chodsel, i.e. to pay the purchased amount in full at
the next statement date. Figlird 31 shows that the installauktict is willing to select installment loans
of durationd = 12 and this customer’s choice probabilities are much monsitee to the size of the
purchase amount. For small purchases, 20% of the size afubtemer’s typical statement amount, there
is a 70% chance the customer will choose to pay in full at the statementd = 1, but a 30% chance of
choosing some form of installment loan, with the chailce 3 being the most likely alternative. However
when the purchase amount equals the average statementtdiorahis customer, then there is less than a
10% chance this customer would choake 1, and the most likely installment terms the customer would
choose would be eithat = 3, d = 6,d = 10, ord = 12. For a purchase equal to 4 times the average
statement amount, the chance this customer will select astaliment loan is over 60%, with the next
most likely alternatives beind = 10 andd = 6.

Figured3P anf33 illustrate how the choice probabilitiethete two customers are affected when they
are given a 10 month free installment offer. Although the firestallment offer has little effect on the in-
stallment avoider for sufficiently small transactions (eg- 0.2), the choice probabilities are dramatically
affected by the existence of the free installment optionldoger purchase amounts, particularly for the

installment avoider. This person had virtually no chancelmfosing any installment duration greater than
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Figure 30: “Installment avoider'istallshare=0Q
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d = 3 when facing positive interest rates, however once a 10 Imiveé installment offer is on the table,
the customer’s chance of taking the 10 month free instaltroéfer starts to increase significantly with
the size of the purchase amomtWhena = 0.2, the free installment option has very little effect on this
consumer’s choice probabilities. However whees 1.0 the probability of choosing alternatives= 1 and

d = 3 fall significantly relative to the case where a free ingtalht offer is not available, and the probabil-
ities of choosing installment durations= 6 andd = 10 increase significantly. For even larger purchases,
such asa = 4.0, the probability of taking the full 10 month free installmeoffer rises to virtually 100%.

The story is similar for the installment addict, except tthas person is motivated to take advantage
of the free installment option at lower purchase amounts tha predict for the installment avoider. For a
purchase of siza= 0.2, the probability of alternativd = 1 is only 20% when a 10 month free installment
offer is present, compared to nearly 70% otherwise. It isrggting to note that the installment addict is
less likely to choose the full 10 month duration of the frestatiment opportunity than the installment
avoider.

This brings us to another key findingur model clear predicts that there is a significant probéypil
that customers who choose a free installment will choosema tkat is less than the maximum duration
offered. In figures[3R and33 we see this clearly. For example the blsbeadhline in figuré_32 shows
that if an installment avoider who is purchasing an item #wtals the average size of his credit card
statementa = 1.0, is offered a free installment with a maximum duration ofrh®nths, the probability
this person will actually choose the free installment atrttaximum duration offered] = 10, is less than
25%. Similarly, the solid red line in figule B3 shows that if iastallment addict who is purchasing an
item of amounta = 0.2 and is offered a free installment offer with a 10 month maximduration, the
probability the person will choosg= 10 is about 10%.

As we noted in the introduction, simulations of our model dor full sample leads to the prediction
that 88% of individuals who were offered (and chose) a 10 iménete installment offer also pre-commited
at the time of purchase to pay the balancéemerthan 10 installments. This pre-commitment behavior,
along with the fairly low probability that free installmeolffers are predicted to be chosen, constitutes what
we have termed “the free installment puzzle.” Although ocwr@metric model enables us to show this
puzzling behavior exists, the model is incapable of expiginvhyindividuals in our sample are relatively
reluctant to take (or fully exploit) free installment oferAlthough we speculated that individuals might

have some sort of stigma or fear about some hidden catch basssciated with taking free installment
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offers, we simply do not have enough information to be ablsdtate the underlying concerns, fears, or
other psychological motivations more precisely, or codelthat the behavior is indicative of some form
of “time-inconsistent” preferences.

Even though our model predicts puzzling behavior that ismststent with standard theories of rational
decision making by individuals time-separable discounidy functions, figure§-34 and 85 below show
that our model nevertheless does predict downward slopgmgathd curves for installment credit. These
figures present the implied demand curves for the same lim&at avoider” and “installment addict”
whose choice probabilities we illustrated above. Theseesuwere calculated using the formula for the

conditional demand curve for installment credit given by
ED(r,x|c) = {/ a[l—P(1ja,r,x,c)]f(alxr,c)da (28)
0

where f (a|x,r,c) is the customer-specific log-normal distribution for theldtive) amount purchased on
any given purchase occasion, conditional on the consurdection to use the company’s credit can
pay for the transaction. Note that from our empirical findinig section 4.6, we have no solid evidence
thatr affects the distribution of purchase amounts, so in caltyahese demand curves we simply used
customer-specific log-normal distributioriga|x, c) estimated by maximum likelihood but without includ-
ing r as an explanatory variable since we found that it does nat hay statistically significant effect on
aonce we included time dummies in the model to control for maconomic shocks on spending.

Figure[32 shows that the demand for installment credit by‘itheallment avoider” is indeed negli-
gible: regardless of the possible credit score, the demanahétallment is only a fraction of 1 percent
of the average amount of the customer’s credit card statebaance. The “installment addict” on the
other hand, does have a significant demand for installmewlitcamounting to approximately an order of
magnitude greater than the installment avoider, in redatiirms. Thus, depending on this person’s credit
score, the demand for installment credit in a typical pusehaansaction could be anywhere from 10to 17
percent of the average amount of this person’s typical ted statement amount.

We calculated the demand elasticities for these two cugtoatehe average installment interest rate,
15%, and found in both cases their demand for credit is goi#astic. The calculated elasticity for the
installment addict is -0.074 whereas the demand elasti€itye installment avoider is -0.11. Thus, perhaps
not surprisingly the installment avoider has a more elagimand function than the installment addict, but
the important point is both of them have highly inelastic dechcurves for credit. This is true for virtually

all of the individuals in our sample. Figurel36 plots theilsttion of estimated demand elasticities for 607
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Figure 34: Estimated installment demand curves for anéilmsent avoider” installshare=0Q
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Figure 35: Estimated installment demand curves for andilment addict” {nstallshare=0.83
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individuals in our sample for whom we had enough data on @ges to calculate reasonable estimates
of demand elasticities. We see a very skewed distributicth thie lower tail containing a minority of
individuals who have relatively elastic demand functidng,the vast majority of individuals have demand
elasticities that are quite inelastic and concentrated Giea

We conclude by examining the optimality of the credit cardhpany’s interest rate schedule in light
of what we have learned about the demand for installmenttd@ucthis sample of customers. Although
admittedly, there are hazards to doing an investigationesine do not have a complete model of the
demand for credit (in particular, we do not know how inteneges affects customers’ decisions about
which credit card to use to pay for any given transaction, @w lthey might affect the total number
of shopping trips that the customer might make, i.e. we dbaite the data necessary to estimate the
functionsti(c|x,r) andEN(x,r) in the demand curve given in equatidd (1) of section 3), weartat
such a calculation is reasonable provided we constraineanch for alternative installlment interest rate
schedules to guarantee that the customers’ expected w&dfap lower under an alternative hypothetical

interest rate than the expect under $itgtus quoThat is, we solve the following problem

o 12
max / ; [C(av rdyd) —C(a,r,d)]P+(d|a,X,l'2,...,I’lz)f(a|X)da (29)
0 d=

ro,..., r2

subject to:

12

/Owlog (:Zz exp(v(d, x, a,rd)/o)}> f(ajx)da> /Ow log (dz exp(v(d, X, a,r(x,d))/o)}) f(ajx)da

=1 =] (30)
wherer is the credit card company’s opportunity cost of capita.(the rate at which it can borrow) and
r(x,d) is the company'status qudnterest schedule from equatidd (7) that we plotted in fiff#e@bove.
The choice probability, (d|a, x,rz,...,r12) is our model’s prediction of the probability that this cusier
would choose an installment loan of duratidrwhen confronted with a hypothetical alternative interest
rate schedulér,, ...,r12). The constraint in inequalitf (B0) simply states that thpested utility that the
consumer expects from any alternative hypothetical istergte schedule that the company might offer
must be at least as high as the customer expects to receiee ilmadtatus quoschedule. While a fuller
specification of the profit maximization problem for the camp would probably relax this constraint
and instead calculate overall company profits as a sum olvef @& customers, accounting for the fact
that raising interest rates too much for some customers tncigise them to switch to other credit cards

or close their accounts entirely, we feel that the constcioptimization problenT{29)-(80) does give us
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Figure 37: Optimal versustatus qudnterest schedules for the “installment avoiddrisfallshare=Q
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Figure 38: Optimal versustatus qudnterest schedules for the “installment addidtistallshare=0.83
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insight whether the company’s interest schedule is at lgatatnal in asecond bessense. After all, if we

can find ways to increase company profits by changing inteaéss to its customers without changing the

expected welfare they expect from access to the installip@mowing opportunity, the company cannot

be maximizing profits in a global sense, since by holdingamst welfare constant, we have controlled

for the effect of the proposed change in interest rates onvbeall demand for and use of the company’s

credit card by its customers.

Figured3¥V anf38 present the optimal schedules that welatduor the same two individuals that

we have studied in our other counterfactual calculatiorsvab These areustomer-specifimterest rate

scheduledr,,...,r12) that increase the profits the company can expect to recaive fihese consumers
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while keeping both customers as well off in an expectedysiense as they are under the compastgsus
guo increasing interest rate schedule. Since the companygseisit rate schedules are already customer-
specific, we believe it is feasible for the company to engadirst degree price discriminatioand set
alternative customer-specific schedules such as the oggested in figurelS_37 andl38.

From figure 3V we see that for the installment avoider, our@hpcedicts the company could increase
its profits by generallyoweringits interest rates except for installment loans vdth: 2 andd = 3 install-
ments, for which its is optimal to increase these interet@sraomewhat. The overall decline in interest
rates keeps the welfare of this customer unchanged, whiblieig the credit card company to extract
more surplus from this customer over the durations that tistotner is most likely to choose under the
relatively infrequent occasions when the customer doesisialiment borrowing. Note that due to the
low rate of use of installments by this customer, overalfits@re very low, and even under the alternative
interest rate schedule the profits the company can expett ifistallment loans from this customer are
negligible, even though our alternative schedule doegas® these (negligible) profits by 10%.

Figure[38 shows a more interesting case, the optimal schdduthe installment addict. Notice that
in this case, the optimal interest rate schedule is gegeraherthan thestatus quanterest rate schedule,
though the counterfactual schedule is lower at installnt@snh durationsd =8, d =9 andd = 11, and
the decreases in the rates at these durations are just etokgiep this consumer indifferent between
this alternative interest schedule and gtatus quo.In this case, the higher rate of use of installment
credit by this customer implies significantly higher profits the credit card company relative to what it
expects to earn from the installment avoider. We calculatredits under thestatus quoas a fraction of
the customer’s average credit card statement amountbgbdrcent. By adopting the alternative interest
schedule in figure 44, we predict that the company can ineréasxpected profits by over 60% tR0

percent of the average statement amount for this custpereransaction.

5 Conclusions

The main contribution of our paper is to introduce a new dataos credit card spending and payment
decisions, and to study at a high level of micro detail theaisestallment transactions, a topic that has not
been well studied in previous theoretical and empiricallknoreconomics. We showed that the nature of

the installment purchase contract is such that it requicesemers to make individual “micro borrowing
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decisions” on dransaction by transaction basigven though the number of consumers in our data set is
not huge (fewer than 1000), the panel nature of our data sebiced with the frequent use of credit cards
by many of the individuals in our sample yield a huge (by ecoiestandards) data set with over 180,000
of these micro-borrowing decisions.

The objective of our analysis was to use this unique set @& tiainfer customers’ demand for credit,
since our data also enabled us to identify thistomer-specifimterest rate schedules that the credit card
company charges. Unfortunately, due to endogeneity indtiing of customer-specific interest rate sched-
ules (i.e. consumers with worse credit scores who often Hadighest need and demand for credit also
are assigned the highest interest rates), we found thatatigional “reduced form” econometric methods
produced non-sensical estimates of the demand for crediiteupward slopingunctions of the interest
rater. We found that the use of instrumental variables did notestie problem since the credible instru-
ments at our disposal (e.g. the CD rate and other measuré® af¢dit card company’s cost of credit)
are extremelyeak instrumentthat do not succeed in producing in downward sloping esaohdemand
curves for credit.

In order to obtain more credible estimates of the demand feditwe exploited a novel feature of
our data:the company’s frequent use of free installment offéige argued that the quasi-random way
in which these offers are made to the company’s customergsnlem extremely useful “instruments”
an approach that treats free installmentgjaasi random experimentbhat create extra variation that is
helpful in identifying the slope of the demand for credit. founately, we showed that other standard
econometric methods that are designed to exploit such carddm variation such asatching estimators
were not adequate, as the estimated treatment effects sy lea misinterpreted as also implying an
upward sloping estimated demand for installment credit.

In response to these problems we introduced a flexible desctice model of the decision to pur-
chase under installment credit. At each purchase occagiercustomer is modeled as choosing one of
twelve installment alternatives, whether to pay the pusekdeamount in full at the customer’s next credit
card statement] = 1 (an option that carries a default interest rate of zerofpquurchase the item un-
der installment credit payable i installments wherel € {2,...,12} at a positive interest rate that is
customer-specific. We accounted for the free installmepbdpnity as a modification to the customer’s
choice set: a customer who is given the chance to take outdrstallment loan of maximum duration

0 may choose from the s€®,...,0} of free interest option®r can choose to either pay in full, = 1,
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or borrow for an even longer terehe {3+ 1,...,12} at a positive interest rate. We modeled the choice
probability as arriving from a simple cost-benefit tradewfhere the customer experiences a benefit which
we refer to as aoption value function d\a, x,d) = ap(x,d) that reflects the benefit of the extra flexibility
of being able to pay the purchased amoaoverd installments.

Offsetting this benefit is aost of credit ¢a,r,d) ~ ard(30/365) and additionally, we assumed that
the customer might incur additionfiked costs\(x,d) in deciding among the various installment options
at check-out time. We showed that the underlying functiprend A can be flexibly specified so that
our model can be consistent with a wide variety of rational arore “behavioral” theories of consumer
choice. In particular, our model results in a downward sigpilemand for credit, even though for certain
parameter values our model can predict that consumersahbuhystake free installment opportunities
when they are offered (and for the maximum duration offered)ereas for other parameter values our
model can predict that customers are quite averse to imsall borrowing in general and would be even
willing to pass up many free installment offers.

We showed that it is possible to solve a major econometritlanige confronting the estimation of
our model: namely, that our credit card data are heasélgsoredn the sense that we only observe free
installment offers when consumers actually choose thetrthbeicompany has no record of other purchase
situations where a customer is offered a free installmentlalinot choose it. Even though it would seem
impossible to separately identify the probability of bewiffered a free installment from the probability
of choosing it, we showed that we can indeed separatelyifdehese probabilities. What we found was
surprising: even though only 2.7% of the transactions indata set were done as free installments, our
model predicts that consumers face free installment offeegpproximately 20% of all the transactions
they make.

Thefree installment puzzleesults from this key finding, namely that customers in ouadzt are pre-
dicted to frequently pass up “free” borrowing opporturstid-urther, we also showed that in the minority
of cases (15%) where customers did choose the free installofier, there was a very high probabil-
ity (approximately 88% for a 10 month free installment offtérat the consumer would pre-commit to a
choice of a loan duration that &horterthan the maximum duration allowed under the offer. These de-
cisions present a challenge to traditional economic moaoletational, time-separable discounted utility
maximization. Pre-commiting to “suboptimal” choices candvidence that individuals have more com-

plicatedtime inconsistenpreferences for which this type of pre-commitment can bdaselimproving by
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constraining future options and the potential “temptagicimat current borrowing poses for their welfare
of their “future selves.”

While our model does raise new puzzles, it also resolvegsiti®r example, even though our model
generates downward sloping demand for installment crédi, nevertheless consistent with the coun-
terintuitive estimated treatment effects from the matgtestimators that we presented in section 2. The
matching estimators predict that consumers spend signifjckessper free installment transaction than
they do for positive interest installment loans, a findingttts easily misinterpreted as a prediction that
customers have upward sloping demand for credit. Our modligts that free installment offers sig-
nificantly lower the threshold at which consumers are wgllio make an installment purchase, thereby
lowering the average size of a free installment transactiBaot since this lower threshold also implies
a greater number of transactions will be done via instalbmear model predicts that free installments
increaseotal installment borrowingeven though the average size of a free installment purclsdewsér.

While we believe we have provided credible evidence that type of pre-commitment behavior is
common (something that few other non-experimental englistudies have done so far, to the best of
our knowledge) we still refer to our findings as the “free alshent puzzle” since our data are not rich
enough to delve deeper into the psychological rationaletlfese decisions. Besides time-inconsistent
preference explanations, there are other potential “betal’ explanations for these choices, including
social stigma against the use of installment credit and theriag effect of past overuse of installment
credit. Since installment credit decisions are made athlkelcout counter in a public setting, the potential
stigmatization effect cannot be discounted (similar tovttag the use of food stamps at check out counters
may be a source of embarrassment for consumers in the U.&)bdlieve a distinct possibility is that
our findings reflect the chastising effects of the rapid ghoad sudden bursting of a large “credit card
bubble” in the country just prior to the period of our datagddhat this experience could have significant
scarring effects that made many consumers hesitant to thientage of installment credit opportunities
given that excessive use of installment credit had createmiany problems for this country in the very
recent past.

While we presented calculations that suggest that thetaradi company’s interest rate schedule may
not be optimal, we cannot provide any definite conclusionstivr the company’s use of free installments
is an effective policy or not. We did show that the people wieamong most likely to respond to free

installment offers — individuals with high values of thestallsharevariable — also tend to have worse
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creditscores but also tend to be more profitable custometthodgh the response to free installment
offers seems small even for individuals with high valuesnstallshareour analysis is unable to address
the question of whether the primary effect of free instatitn@ccurs if customers switch credit cards at the
checkout counter in order to take advantage of free ins&dtnoffer provided by one credit card but not
another.

This point is connected to our final point, namely that an irtged limitation of our study is that our
data only allows us to study credit decisions for customérg single credit card company. Of course,
customers have a choice of many different ways to pay at teekcbut counter, including using cash
or other credit or debit cards. Though we did find that demamdrfstallment credit is generally quite
inelastic, it is important to remember that our findingcanditional on the use of this particular credit
card and thus we have additional problems due to the choice-baategle of our sample of data. In the
future, it would be important to study consumer choice oveltiple alternative sources of payment similar
to the study by Rysmamn [2007] who studied payment choicessaanultiple different competing credit
cards. It seems reasonable to suppose that the overall ddmaation for credit will be more elastic when

we open up the analysis to consider all of the possible @t means of payment.
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