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Abstract

We analyze a new dataset on borrowing decisions of a sample of customers of a credit card com-
pany. This credit card allows customers to pay for their purchaseisstalment creditover terms
up to 12 months at an interest rate that depends on the customer’s credit score and the duration of the
installment loan. We use these data to estimate the effect of interest rates on consumers’ demand for
credit. We show that conventional econometric methods (including regression, instrumental variables,
and matching estimators) predict that the demand for installment crediinsr@asingfunction of the
interest rate, an inference we dismiss as spurious due to the endogeneity of the interest rate and the
effect of unobserved credit constraints that cause customers with worse credit scores to have higher de-
mand for installment credit. To make more credible inferences about the effect of interest rates on the
demand for credit we exploit a novel feature in our data: customers are more or less randomly offered
free installmentsi.e. the opportunity to pay back a given purchase over a fixed term ranging from 2
to 12 months at an interest rate zéro. We exploit these free installment offers agj@asi-random
experimenthe help identify the demand for credit by estimating a discrete choice model of the install-
ment credit decision that accounts for censoring (choice based sampling) in observed free installments.
Despite the significant censoring, we show that it is possible to identify consumers’ choice probabili-
ties and the probability they are offered free installments. fideinstallment puzzleesults from our
finding that less than 3% of the transactions in our sample were made as free installments, even though
our model predicts that the average probability of being offered a free installment in our sample is
approximately 20%. Our model predicts a high incidence of “pre-commitment behavior” even among
the minority of individuals who do take the free installment offers. For example, the model predicts
that 88% of individuals who were offered (and chose) a 10 month free installment offer pre-commited
at time of purchase to pay the balancédwerthan 10 installments. This pre-commitment behavior is
puzzling since there are no pre-payment penalties, and traditional economic models predict that con-
sumers should choose the maximum loan duration when a loan is offered at a 0% interest rate. This
puzzling consumer behavior raises questions about the company’s behavior: why does it make so many
free installment offers if the response to them is so poor? We also present evidence that the increasing
interest rate schedule the company offers its customers may not be profit-maximizing.
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Seoul National University, Seoul, Korea, emailingcho@nu. ac. kr or John Rust at Department of Economics, University of
Maryland, College Park, MD 20742 e-mgil: ust @eni ni . econ. und. edu.



1 Introduction

This paper presents new findings on the demand for credit based on a unique data set that allows us to
observe borrowing decisions made by a sample of customers of a major credit card company. Unlike
traditional revolving creditprovided by most U.S.-based credit cards, the main type of credit contract
offered by the company we study iisstallment credit. This is a common contract used by credit card
companies in Latin American countries. Installment credit contracts require customers t@xakie

choices of the number of installments over which they will pay back the amount of each purchase, and they
do this on d@ransaction by transaction basi€ustomers are aware that they have this opportunity because

it is described to them on each of their monthly statements, along with the interest rate schedule that
determines the interest rate they would pay for installment loans payable over to 2 to 12 billing statements
(months).

In contrast, under revolving credit customers do not make borrowing decisions on a transaction by
transaction basis. Instead, their borrowing decisions are made at they time theggbalyill. Revolving
credit amounts to an option pay only part of their balance due, and to use a sequence of one period loans
of endogenously chosen sizes (subject to an overall credit limit) that allows customers to pay off their
balances according to their own chosen time path. The company we study did not offer revolving credit to
most of its customers until 2005, and then only to a minority of its customers with the best credit scores.
Thus, without access to revolving credit, a customer’s entire credit card balance is due and payable at each
statement date unless the customer chose to pay for some of their purchases on installment.

A credit card company provided us with data on all purchases, billing statements, and payments made
by a sample of 938 of its customers from late 2003 to spring 2007. We observ&8,600 individual
purchase transactionfor these customers over this period, and in the vast majority of these transactions
constitutedmicro-borrowing decisiongbout the whether to pay for the purchased amount in full at the
next billing statement (which we denote as the chalece 1) or to make the purchase under installment
credit over 2 to 12 subsequent billing statements (which we denote as a dhpitee set{2,...,12}).

To our knowledge there is no previous study that analyzes these sorts of micro-borrowing decisions,
especially at the level of detail and with the huge number of observations that we access to in this data
set. In addition to having considerable data on the amount and type of the transaction, we also observe
the company’s proprietary credit scores for these customers, and we resolved problems of unobserved

pre-sample balances (initial conditions) and were able to recreate the trajectories of their credit card and



installment balances. We were also able to uncover (ecomimait) the formula the company uses for
setting installment credit interest rates, and we show that these interest rates not only depend on the credit
score of the customer, but also on the duration of the installment loan. We show that the credit card
company uses a particular non-linear increasing interest rate scheduledbiansrto all its customers.
Thus, while the intercept of the interest rate schedule does shift to reflect consumer credit score and other
credit history information, the schedule of interest rates for installment loans above a “base rate” for 2
month loans is common to all customers. So, for example, the interest rate the company charges for a 12
month installment loan is 7 percentage points higher than the interest rate it charges to a customer for a 2
month installment loan and this differential is the same for all customers.

The main goal of this paper is to use these data to try to infectldit demand functiomnd de-
termine its elasticity with respect to the interest rate charged. Unfortunately, we show that conventional
reduced-form econometric approaches, including regression, instrumental variables, and matching esti-
mators, all imply that the demand for credit is apward sloping function of the interest rate charged
to consumers. Of course, we believe this is a spurious finding, a likely result of unobserved factors that
make consumers who have high need for credit to be charged higher interest rates than consumers who
have better credit scores or other lower cost borrowing opportunities, or who are otherwise not “liquidity
constrained.” Though we have reasonable instrumental variables (such as the Certificate of Deposit or “CD
rate”) that lead to credible, exogenous variation in the company’s cost of credit (and therefore we presume
exogenous variation in the interest rates it offers to its customers), in practice the “markup” the company
charges to its customers over this CD rate is huge and highly variable and much more responsive to other
factors such as credit card competition than it is to the relatively minor variations in the cost of credit to
banks. As as result we find that the CD rate and other similar instrumental variables are actuallgalery
instrumentghat are nearly uncorrelated with actual interest rates the company charges its customers. To
the extent there is any correlation at all, we find customer interest rates are stig#iivelycorrelated
with the CD rate and other similar instruments!

To make more accurate inferences about the demand for credit, we estimate a discrete choice model
of a consumer’s choice of installment loan duration (i.e. the choice of the number of instalnevis
which the amount purchased is paid back). The model has a flexible specification, so depending on the
value of its parameters, it can approximate a wide variety of rational as well as “behavioral” theories of

decision making. The model also accounts for the increasing, time-varying and customer-specific interest



rate schedules that are difficult to handle using converti@mgmession methods. Most importantly, it also
enables us to exploit the quasi-random variability in the interest rates charged to consumers as a result
of interest-free installment opportunitiébat arise from promotions offered by the credit card company,
sometimes in conjunction with merchants.

However we also confront econometric problems due to significamsoring(choice-based sampling)
in free installment offers. That is, we only observe a subset of free installment offers that customers ac-
tually chose: we do not observe offers that were made and not chosen. Further, the company provided
us with no data to independently estimate the probability distribution of how free installment offers were
provided to customers over time and across different merchants. Despite the econometric challenges (we
show that accounting for censoring results in a likelihood function that is akin to a mixture of choice prob-
abilities, that is potentially difficult to identify) we show that the conditional probability of free installment
offers can be separately identified from customers’ choice probabilities, and that we can even identify the
probability distribution of the maximum duration of different free installment offers. We show that our
estimated model provides remarkably good predictions of the borrowing decisions of our sample of con-
sumers, and can successfully control for the endogeneity of interest rates, resulting in a downward sloping
demand for credit.

However we find that the demand for credit is highly inelastic and the take up rate for free installment
offers is surprisingly low: we estimate that on average, the probability that customers who are offered
free installment opportunities will actually take them is only 15%. Instead, in the vast majority of cases,
customers choose to pay the purchased amount in full at the next statement date. Of course, our model
predicts that the probability of purchasing under installment is higher the larger the amount paid for a given
transaction, and individuals who we suspect are “liquidity constrained” are uniformly more likely to take
advantage of free installment offers than individuals who do not appear to be liquidity constrained.

Our estimated model leads to an even more puzzling prediction: a large fraction of the customers
who are offered and actually choose free installment offers engageeinommitment behavidn the
sense of making amex antedecision to pay off their purchase fawer installmentsthan the maximal
number of installments allowed under the free installment offer. For example, our model predicts that
88% of individuals who were offered and who chose a 10 month free installment offer pre-commited at
the time of purchase to pay off their balance due in fewer than 10 installments. This pre-commitment

behavior is puzzling since there is no pre-payment penalty in installment loans, so traditional economic



theories predict that rational consumers should never gmaat to a free installment offer for a term that

is less than the maximum offered. We find that only a small minority of customers who are offered free
installment loans would choose the maximum installment term offered to them (fewer than 1% of those
offered 12 month loans, slightly over 2% of those offered 10 month loans, and approximately 10% of those
offered 3 month free installment loans). The apparent aversion these customers have to taking advantage
of zero interest loan opportunities constitutes what wetbalfree installment puzzle.

This aversion is very hard to explain using the standard economic model of behavior by rational
individuals who maximize the expected discounted value of a time-additive utility with geometric dis-
counting of future utilities. Early work by Strotz [1955] and subsequent contributions by Laibson [1997]
and Gul and Pesendotfer [2001] and others on hyperbolic discounting, temptation, and self-control have
shown that time-inconsistent behavior can arise in variety of extensions of the standard model of time-
separable geometrically discounted utility maximization. Versions of these theories for “sophisticated”
agents (i.e. agents who are self-aware of their time-inconsistent behavior) can explain a desire by some of
these individuals to pre-commit to actions that restrain the options available to their “future selves”. As
Gul and Pesendorfer [2001] note, there are situations where pre-commitment can make these individuals
“unambiguously better off when ex ante undesirable temptations are no longer available” (p. 1406).

Casari [2009] notes that “Although the implications of naiveté or sophistication are profound, the
behavioral evidence is still quite limited” (p. 119). However there is some evidence, including laboratory
evidence that Casari provides in his paper, that shows that “the demand for commitment was substantial”
even though “Commitment always carries an implicit cost due to the uncertainty of the future.” (p. 138).

Our findings are also puzzling in view of the conventional wisdom that many credit card customers
are liquidity constrained and willing to borrow at usuriously high rates of interest. Indeed, at the same
time as we infer large fractions of the customers in our sample forgoing free installment opportunities,
other customers are paying very high rates of interest, averaging about 15%, to borrow varying amounts
over varying lengths of time under traditional positive interest installment purchases. Our results are also
puzzling in view of the aggressive use of free installments by credit card companies as a marketing tool in
an attempt to gain a larger share of the credit card market. Why do these companies use free installments
so frequently if they are aware that the take up rates of free installment offers are so low?

Finally, the highly inelastic demand response that we find to variations in interest rates is a puzzle,

since we would expect that especially individuals who are liquidity constrained would have a strong moti-



vation to use free installment credit opportunities at neevkery opportunity that they are offered to them.
Although we have no precise way of identifying customers in our sample who are liquidity constrained,
there is substantial heterogeneity in the free installment take up rates in the customers in our sample. We
tentatively identify the individuals with the highest take up rates as those who are potentially liquidity
constrained, though some of them could also be the rational time-separable, 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 the importance of merchant fees as a significant
component of the profit that this company earns: we believe this is the main motivation for the company’s
frequent use of free installments. Section 3 introduces the econometric methods we employed to infer the
demand for credit starting with the more traditional regression-based and reduced-form treatment effect
approaches. We show that the empirical findings from these reduced form methods result in implausible
estimates of the demand for credit. In particular, all of the methods lead to the conclusion that the demand
for credit is anincreasingfunction of the interest rate.

Section 4 introduces our discrete choice econometric model of installment choice and derives the like-
lihood function for the discrete choice model accounting for the censored, choice-based nature of our
observations of free installment offers (i.e. that we only observe free installment offers when customers
actually choose them, not when customers do not choose them). We establish the identification of the struc-
tural parameters, and present the estimation results, including an evaluation of the goodness of fit of the
model and the predicted installment credit demand function, as well as several counterfactual predictions
of customer response to alternative installment credit policies. 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 the expected utility of this alternative schedule to the
customer is no lower than their utility under the company’s currerstatus qudnterest schedule. Our
calculated optimal interest rate schedules differ significantly depending on customer characteristics and
generally are very different from the particular schedule that the company has chosen. We view this as a
further puzzle raised by our analysis.

Section 5 presents our conclusions and speculative comments about the underlying reasons for the free
installment puzzle, as well as suggestions for future research provided additional data and particularly new

experimental data could be gathered.



2 Credit Card Data

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

We observe installment purchases of varying lengths, from 2 to 12 months. The most commonly
chosen term is 3 months: 61.5% of all of the installment purchases we observe have a 3 month term. The
maximum installment term we observe is 12 months, and is chosen in 1.7% of the cases. Other frequently
chosen terms are 2 months (20.0% of cases), 5 months (5.0%), 6 months (4.9%), and 10 months (3.7%).
There are no installment purchases with a term of 1 month, since this is equivalent to a regular charge, i.e.
a payment due at the next billing statement. Thus, we define the “installment choice set” for a consumer
as beindD = {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 two billing
statements, and so forth, so thib&= 12 denotes an installment contract that is payable over the next 12
billing statements (which typically arrive monthly).

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

We calculated the realized rates of internal rate of return on 8987 installment transactions in our credit
card data set. The internal rate of return is the interestrritat sets the net present value of the stream

of cash flows involved in the installment transaction to 0, where the initial purchase is regarded as a cash



outflow (from the credit card company) at tirhe= 0, and the successive payments (including interest)

are treated as cash inflows at the successive statementtdates.,ty. There were only 141 cases out

of the 8987 installment transactions where the customer did not follow the original installment contract
by paying in thed installments that the customer originally agreed to pay. There were pre-payments in
127 cases, i.e. where the customer paid off the installment balance more quickly than necessary under
the original installment agreement. Given that there is no direct benefit to the customer from pre-paying
the installment (since the credit card company will continue to collect interest from the customer as if the
installment loan had not been pre-paid), it seems hard to rationalize these cases under a standard model
of a rational, well-informed consumer. In 31 of these cases, the customer was given a 0% installment
loan, and yet still pre-paid. One possible explanation is that these customers were not aware that they
had what was in effect an interest-free loan, and not aware that there was no benefit to pre-paying. These
customers might have believed (incorrectly) that by paying off their installment balance more quickly they
were saving interest charges, or perhaps some other explanation such as “mental accounting” (e.g. the
desire to be free of the mental burden of having a large outstanding installment balance to pay), that might
explain this behavior.

There were only 17 cases where the number of installment payments were greater than the number of
installments originally agreed to in the original installment transactions. These do not appear to be “de-
faults” since the total amount collected in each of these cases equals the initial amount purchase. The delay
in payment was typically only one billing cycle more than the originally agreed number of installments.
For this reason, we believe that these cases might reflect the effect of holidays (such as where a payment is
allowed to be skipped since a statement falls on a special holiday) or some other reason (e.g. axagreed
postmodification in the installment agreement). Since there are so few of these cases, we basically ignore
them in the analysis below.

In the data we observe most installment purchases have a positive internal rate of return, but in nearly
half of all installment purchases we observed (47.7%) the internal rate of return was 0, so the customers
were in effect given an interest-free loan by the credit card company. These “zero interest installments”
are usually a result of special promotions that are provided either at the level of individual merchants (via
agreement with the credit card company to help promote sales at particular merchants via the “free credit”
aspect of an installment purchase with a 0% interest rate), or via “general offers” that the credit card

company offers to selected customers during specific periods of time either to encourage more spending,



increased customer loyalty, or as a promotion to attract nstomers. Our data does not contain enough
information for us to determine exactly which customers are offered 0% installment options, so we model
them as occurring probabilistically, depending on the merchant code where the customer makes a purchase,
and dummies for the date of purchase (since some of these promotions tend to be offered at specific times in
the year). The vast majority of interest-free installment loans have a term of 6 months or less. If a customer
wishes to have a longer term than the one being offered, the customer generally must pay a positive interest
rate for longer term installments, according to the schedule described below. In our analysis below, we will
assume that when a customer is offered a interest-free installment purchase option, the maximum term is
exogenously specified according to a probability distribution that we will estimate from our data.

In order to make customer-specific profit and rate of return calculations and analyze time patterns of
credit card spending and installment usage, we had to assemble the data 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, rather we hamhgtruct the longitudinal data
from the information we were provided\Vhile at first it may seem to be a relatively trivial exercise in
stock/flow accounting to reconstruct thdsdance 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 collections table would tell agatiment amount
and information on dates of collection and amounts received, but without knowing an initial balance, it
was not always easy to determine if a customer had paid the initial statement or any previous statements in
full, or had unpaid balances that needed to be carried over from previous statement dates. We could obtain
some indirect evidence of the presence of such overdue balances from late fees charged, but without going
into more detail, it proved to be a rather challenging accounting exercise to infer the initial balances of the
customers in our sample accounting for the variable left and right censoring in the data.

In particular, not all sales records in the sales table could be matched with billing records in the billing
table and vice versa. In some cases, we observed purchases that were at a date before any date in the
billing table, and we also observed billing records for which we could not find a corresponding record in
the sales table. Fortunately the billing table had redundant information on whether the transaction was on
installment or not, so in most cases we could reconstruct an entire installment transaction even if we only

observed a truncated series of installment payments in the billing record and no record of the initial sale in



the sales table.

Similarly there were also problems of right censoring in our data, since in many cases we observe
sales in April 2007 for which we had no corresponding billing records, or no collection records at the
end of a balance history that would enable us to determine whether an outstanding balance would be fully
paid at the next (yet to be observed) statement date that was missing in the collection table. In such cases
after making the best inference on the value of the customer’s initial balance at the start of the interval we
observed the customer, we followed the customer for as long as possible so we could also match every
sale with its corresponding record in the billing table and track payments received on balances due in the
collections table. In some cases this required us to “back up” by one or more months on the full history
of the customer and discard transactions in the last month when we could not find matching records in the
billing table and a record of payment in the collections table.

However, overall, our care in preparing the data paid off and we did not lose too many observations
by doing this and the result is a considerably more accurate record for making profit/loss calculations on
a customer by customer basis. If we did not do this, customers would be artificially classified as being in
deficit if a balance due happened not to have been recorded for them in the collections table due to right
censoring. Thus, we would end a record on a customer on a date where a balance due was received and
for which all previous charges up to that date had been accounted for. Any subsequent charges that were
made by the customer that would be billed and paid for in the future but which we could not yet observe in
the billing or collections tables were discarded in our analyses of customer level profitability and returns.

Figure[1 plots our constructed longitudinal balance histories for one of the customers in our data set.
We chose this example because the customer made only a single installment transaction and this makes
it very easy to understand how the constructed balance histories behave. The top left panel bf figure 1
is the overall creditcard balance for this customer. We start observing this customer making a charge of
$118.30 on December 12, 2003. However we did not know what the outstanding balance was for this
customer at this date since the first statement date for the customers was on January 20, 2004. We were
able to determine in this case that this customer had no outstanding unpaid balances and we were able to
allocate all charges the customer made in the sales table to matching entries in the billing table and thus
track this customer with an accurate determination of the customer’s initial balance at the first installment
date. Thus, the top right panel of figlide 1 displays our inferred balance for this customer, $427.24, on the

first statement date we observe for this customer, January 20, 2004.
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Figure 2: Balance and credit history of customer 809
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The dashed vertical lines in the figures represent the statetates. Because this company has links
to its customers’ bank accounts and auto-debits the amount due on each statement date, its customers
almost always pay the full balance daractlyon each statement date, unlike for many American credit
card companies where customers may mail in a check or pay online and the date paid may often be plus
or minus the statement date by several days. Thus, this feature leads to the inverted sawtooth appearance
of balances in the top right hand panel of figure 1: balances tend to grow monotonically (though stochasti-
cally) between successive statement dates representing the spending the customer is doing on their credit
card, then it drops discontinuously on each statement date representing the payment of the balance due.

Note that the discontinuous drops in the credit card balance at each statement date do not bring balances
exactly to zero. The reason is that the credit card company assigns to each purchase a particular statement
date at which that purchase will be due (unless it is an installment, which leads to a different treatment
we will discuss shortly) and therefore any purchases a customer makes that are sufficiently close to an
upcoming statement date will be assigned as due and payable by the companipliowirg statement
date. Thus, the level of credit card balances just after a statement date reflects the sum of all purchases
made prior to that statement date that the company assigned to be due and payable at the next statement
date. This implies that a person’s credit card balance will almost never be exactly zero, even on a statement
date — at least for customers who are sufficiently active users of their credit card.

Note the “balance check” in the lower right panel of figure 1. The balance check should be identically
zero if we had correctly inferred the customer’s initial balance and perfectly tracked all charges and fees.
However there were some small charges and payments that we could not reconcile or ascribe to any late
charge, annual fee or so forth. These appear as the spikes in the lower right panel bf figure 1. In some cases
the balance check will be non zero due to a pre-payment or some slightly mis-timed or out of sync payment
but shortly after the balance check returns to zero showing that we have basically correctly calculated the
full balance history for this customer.

Now consider the top right panel of figuré 1, which shows itigtallment balance historjor the
customer. We keep two separate accounts for the customer, 1) the credit card balance and 2) the installment
balance. In this case, we see that the customer did not charge anything on instaliment until May 31, 2005
when the customer made an installment purchase in the amount of $169.90. This is reflected by the
discontinuous upward jump in the installment balance in the top right panel of figure 1. We can see from

the graph that this balance was paid off in 10 equal installments of $16.99. This installment also happened
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to be an interest-free installment and so at each of the 1@®edowy statement dates after the item was
purchased on May 31, 2005 the installment balance decreased by $16.99 until the balance was entirely paid
off at the statement date of March 20, 2006. Note that on each such statement date, the amount currently
due on the customer’s installment balat@nsfersand is added to the customer’s credit card balance.

The final, lower left panel of figuriel 1 plots the credit score that the company maintained on this cus-
tomer. Credit scores are integers on a scale from 1 to 10 with 1 being the best possible credit score and 10
being the worst. This customer generally had excellent credit scores, though for reasons that are not en-
tirely clear from figuré L, the customer had periods of time (particularly May to September 2004 and May
to July 2005) where the customer’s credit score deteriorated for some reason. We see that the customer’s
worst credit scores appear to have coincided with the customer’s installment purchase in May 2005.

We present another balance history for a more interesting customer, customer 809, inlfigure 2. This
customer generally maintained larger credit card balances and also larger installment balances than cus-
tomer 125, and we see that this customer also tends to have uniformly worse credit scores than customer
125 had. The red boxes in the lower right panel of figure 2 also indicate another behavior that is a big “no-
no” for the credit card company: the customer was late in making payments and assessed late payments
on three occasions. Because balances due are automatically debited from the customer’s bank account,
this means that on these three occasions the customer’s bank accowvensrawnand the credit card
company was unable to collect the full statement amount due. While the customer may have also been
charged penalties by his/her bank, the late payment penalties charged by this credit card on these three
occasions were trivially small by American standards: $0.18 in each case. The main penalty seems to be a
degradation of the credit score, though the late fee of $0.45 that the customer was assessed on September
4, 2006 did not seem to have any effect on the credit score around that time.

Now that we have shown how we were able to construct the spending and payment patterns and thus
the balances histories of our sample of customers dynamically, we 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 companyost of creditj.e. the credit card company’s borrowing cost or opportunity cost
of capital. In the case of customers who default, the company also loses the unpaid balance of their loan to
the customer. The revenues include annual fees, late fees, interest and service charges, and merchant fees.
We note that our measure is onegobss profitsj.e. we do not know the cost of things such as 1) rewards

programs, 2) advertising costs, and 3) other fixed operating costs such as billing and collection costs and
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wages and salaries and payments to other credit card corsganieut of network transactions.

Figure[3 plots the distributions of installment terms for 4700 installment transactions made by cus-
tomers that chose installment with positive interest rates, and also the distribution of installment terms
offered to 4287 customers who chose free installment offers. The distributions are roughly similar ex-
cept that the mean installment term chosen by customers under positive interest installments, 3.66 pay-
ments/months, is longer than the 3.42 payments/months offered to customers who chose free installment
options. We see that when customers choose installments with a positive interest rate, they are generally
more likely to choose longer payment terms, though the difference in the two distributions is not particu-
larly striking.

Note that due to censoring we are not always able to observe the full duration of installment transac-
tions. For example we observe some installment transactions in our billing data for which the date of the
initial installment purchase is not in our sales table. This is why, although we can identify 11175 install-
ment transactions in our billing data, when we eliminate censored observations we obtain a smaller set of
8987 uncensoredbservations of installments where we can match the transaction in the billing table to
the original sale in the sales table. The reason we want to make such matches is because the information
on the merchant fee charged is only available in the sales table, not in the billing table. As we will show
below, the merchant fee contributes a significant amount to the overall rate of return that the credit card
company earns on installments. However the rates or return on installments quoted abmtohtke
merchant fee. That is, these are the effective rates of interest that the customer paid for the installment
loan. The company earns a much larger rate of return when we also factor in the merchant fee it earns at
the time of the installment transaction.

In addition to installments, the company allows its customers to borrovasin advancesiVe observe
11,818 such transactions in our data. These are typically of shorter duration than installments: the average
duration of a cash advance is 45 days. The interest rates for such loans is also typically higher than for
installments: it averages 24% compared to an average of 15% for installment transactions that are done
at a positive interest rate (i.e. excluding the free installment transactions). The average amount of cash
advances, $734, is more than twice as high as the average installment purchase done at a positive interest
rate, $352. However this ranking is reversed in the upper tails of the distributions of purchases and cash
advances: the largest cash advance in our data was $8300 whereas the largest installment purchase done at

a positive interest rate was $15,740.
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Figure 3: Durations of Free and Non-Free Installment Loans
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Because the motives for cash advances are likely to be difféi@an for installment purchases and
because cash advance terms are shorter and zero interest cash advance opportunities were not offered to
the the company’s customers (at least in our data for our sample of customers) we have chosen to limit our
analysis to the choice of installment term and leave the analysis of customers’ choice of cash advances to
future work.

For each credit card purchase we have the following information: customer ID, types of credit card
(regular card, gold card, platinum card, debit card, check card, and etc), NSS (number of the sales slip, the
unique identifier for each transaction), the type of sale (including whether the sale is a return or reversal
or cancellation), the date of sale (both the date of the actual sale and the date it was “posted” to the credit
card), the merchant fee earned by the credit card company, and a code for the merchant type, which will
be —1 for merchants that are not “in network” (i.e. for which the credit card company does not have a
formal merchant agreement but does the transaction via a competing credit card’s network and merchant
agreement as discussed above). The sales data also include the installment term chosen if the purchase was
an installment sales transaction, and the up-front cash advance fees in case of cash advance transactions.
Overall, we have a total of 182,742 observations for 884 customers. The average number of transactions
per customer is therefore approximately 206. Figligs 4, 5-and 6 below present the distribution of the
transaction amounts or ordinary (non-installment) sales, installment purchases done at a zero interest rate,
and installment purchases done at a positive interest rate.

We see that, as expected, the average installment purchases are sigificantly larger than the average
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Figure 4: Distribution of non-installment credit card puashs
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Figure 5: Distribution of positive interest installment poases
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Figure 6: Distribution of zero interest installment puratgs
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Figure 7: Cumulative Distributions of Credit Card TransactAmounts
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non-installment purchase: on average interest-free imstats are four times larger and positive interest
installments are seven times larger than ordinary credit card purchases. However already we can see the
free installment puzzla figures 7 and 8: the average size of a positive interest rate installment is more
than 75% larger than the average installment done under a zero interest rate. Economic intuition would
suggest that installments done at a lower interest rate, and particularlgead mterest rate should be
significantlylarger than those done at a positive interest rate.

Figure[T plots the cumulative distribution of non-installment purchases, as well as zero and positive-
interest installments. We see a striking pattern: the distribution of positive-interest instalktuaitasti-
cally dominateghe distribution of zero-interest installments, and this in turn stochastically dominates the
distribution of non-installment purchases. Again the latter is to be expected: we would expect consumers
to put mainly their larger expenditures on installment and the remaining smaller charges as regular, non-
installment credit card charges. However the surprising result is that installments done at a positive rate
of interest are substantially larger than installments done at a zero interest ¥eryatuantileof the
respective distributions. For example, the median installment 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 sales dataset, 87%, are regular (non-installment)
credit card purchase transactions. These tend to be smaller in size with an average size of $50. The
remaining transactions consist of cash advances (7% of the transactions) and installments (6% of the

transactions). The installments we observe are roughly equally divided between zero interest and positive
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Figure 8: Distribution of Rates of Return on Installmentst dfeMerchant Fee
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Figure 9: Distribution of Rates of Return on Installmentg|diing Merchant Fee
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interest transactions. Specifically, for the subset of lims&nt transactions that we are able to match to the
billing table (which enables us to determine the interest rates actually paid, which are not contained in the

sales table), approximately 47% of the installments are at zero interest and the remaining ones are done at

a positive rate of interest.

Figures.8 and]9 show the distribution of internal rates of return that the credit card company earns
on these installment sales, before and after accounting for the merchant fee. Recall that the internal rate
of return is the (continuous time) rate of interest that sets the net present value of the cash flow stream
associated with an installment purchase to zero. The credit card company experiences a cash outflow (to

the merchant for the amount of the purchase) on the date the customer makes the purchase which we
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normalize as “day 0”. At the same time the firm received a castmirequal to the merchant fee received,
which is actually an amount discounted from the amount paid to the merchant (if the merchant is not in-
network, then the discounted payment is made to the credit card company that handles the transaction).
Then at the nexh statement dates the credit card company receives cash inflows equal to the repayment
of “principal” plus interest on the installment loan.

Figurel8 shows the distribution of internal rates of returns when the merchant fee is not accounted for.
This distribution is effectively the distribution of interest rates charged to the company’s customers. We
see the pronounced bi-modal distribution reflecting the fact that roughly 50% of installment purchases are
done at a zero percent interest rate and the other half is done at a positive interest rate. As noted above, the
mean interest rate for positive interest rate installments is 15.25%.

However figuré B shows that when we add the merchant fee, which provides the distribution of gross
returns that the credit card company earns on its installment loans, we see the distribution of returns is
shifted significantly to the right. Even with the “free installments” included, the company is earning an
average rate of return of 23% on its installment loans, and for the positive interest installment loans the
average internal return inclusive of the merchant fee is 31.4%. Of course, these calculations do not include
defaults. However fortunately for the credit card company we studied, there were only 23 individuals
out of the 938 in our sample who defaulted and whose credit card accounts were sent to collection. We
cannot determine the amount of the unpaid balances that the company was ultimately able to recover
from these 23 individuals, however even if all 23 were declared complete losses, including the losses into
the distributions in figurels| 8 amnd 9 would not significantly diminish the estimated rates of returns that the
company earns on its installment loans. Overall, we conclude that at least for this company, the installment
loan business is a very good one: it pays very high rates of return with relatively low risk of default.

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

In fact, when we computed the (undiscounted) revenues of the firm for the 938 customers we analyzed,
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we found that merchant fees amounted to 36% of the total regereceived from these customers. It
seems likely that the company sees merchant fees as a major component of its profits, and due to the
structure of payments in this country, it places great importance on rapid growth, both in absolute and in
terms of its market share, as the key to its future success.

This in turn creates strong incentive for credit card companies to try to attract new customers and
to stimulate the credit card spending of its existing customers by offering free installment opportunities.
However this only heightens the basic puzzle: if consumers appear to be spkasdipgr transaction on
the free installment opportunities they are offered in comparison to their average transaction sizes when
they pay the full interest rate, what evidence is there that free installments are really stimulating spending
or enabling the company to attract a significant number of new customers?

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

Figured 10 an 11 show the distribution of the number of credit tan$actionsand theshare of all
credit card spendinglone as installment purchases. We see that while installments are less than 9% of all
credit card transactions, they account for more than 25% of all credit card spending.

Of course, this is due to the fact that the average credit card purchase is $74 while the average install-
ment purchase is $364, with the full distributions of the average purchase and installment transaction sizes
over the consumers in our sample plotted in figlirds 14ahd 13. Thus, consumers generally pay for much
larger items (or more expensive baskets) on installment, but choose to pay smaller amounts in full at the
next statement date. We are also struck by the much greater skewness of the distribution of installment
purchases relative to that of credit card purchases as a whole.

Our analysis reveals a substantial degree of heterogeneity across credit card customers in their propen-
sity to make use of installments to pay for their credit card purchases. Overall our analysis suggests that
the best single measure of the propensity to use installments is not the mean fraction of transactions done
via installment, but rather the mean share of credit card purchases paid for by installment. Hereafter we
will refer to the latter measure as thstallment shareNow we will turn to a series of scatterplots that

relate the installment share to other covariates we observe in our credit card data set.
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Figure 10: Distribution of the Fraction of Credit Card Trartgans done as Installments
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Figure 11: Distribution of the Share of all Credit Card Spegdione as Installments
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Figure 12: Distribution of the Average Amount of a Credit CBuwtchase across Customers
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Figure 13: Distribution of the Average Amount of an Instalmh®urchase across Customers
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Figured 14[ 16 and 16 present scatterplots (with the cemtndlency of the data indicated by a local
linear regression fit to the data) of how the installment share relates to various measures of creditworthi-
ness. Figuré 14 plots the installment share against customer credit scores, using the company'’s internal
(proprietary) credit scoring system where a score of 1 represents the best possible creditworthiness and 12
is the worst. Customers who have credit scores in this range are still allowed to borrow on installment and
face no credit limits. However consumers who are in the process of collection will have their credit card
borrowing and spending privileges suspended and they show up in our data set as having a credit score of
0. We see generally negative correlation between the credit score and the installment share (remember that
higher credit scores indicate worse credit, so the relationship in figlire 14 is actually positively sloped).

We see figure_14 as a potential first indication of possible credit constraints, or dtiggademand for
creditamong the customers that are heavy installment spenders. Perhaps their poor credit score indicates
that they are also regarded as poor credit risks to other lenders, and as a result of this, they are forced to
make heavier use of the installment credit facility of this credit card company at relatively high rates. On
the other hand, the customers with the best credit scores also generally the least heavy users of installment,
which could be an indication that they are not liquidity constrained, or have other lower cost sources of
access to credit elsewhere.

Figured 15 anfl 16 illustrate the incidence of late payments. Higlire 15 shows that the average number
of late payments per customer is positively correlated with the installment share, and figure 16 shows
that the number oferiously latepayments (i.e. payments that are 90 or more days past due, or at about
the threshold where the company suspends credit card charging privileges) is also positively correlated
with the installment share. These figures confirm the conclusion we obtained in[figure 15, namely, that
customers who are heavy users of installment spending are also worse credit risks.

Figured 1V and 18 relate the installment share to three separate indicators of the type of installment
spending that customers do. Figlreé 17 presents a scatterplot of the ratio of the size of a typical installment
purchase to the typical credit card purchase. As we noted previously, credit card customers generally pay
for only relatively large purchases on installment, and pay for the smaller transactions in full at the next
statement date. We see that as a function of the installment share, the low intensity installment users tend
to buy items on installment that are between 4 and 6 times as large at their typical credit card purchase.
However for the heaviest users of installment spending this ratio falls to less than 3, which potentially

indicates a more “desperate” individuals who are more likely to pay for smaller “everyday” items by
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Figure 14: Customer-Specific Average Credit Scores by Instalt Share
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installment.

Figure[18 shows a scatterplot of the ratio of the installment balance to the average statement balance as
a function of the installment share. Of course, this ratio is positively correlated with the installment share is
almost definitional, but the figure does show that the heaviest installment users carry installment balances
that are on average 10 times larger than their typical monthly credit card balances (statement amounts).

Figured 1D and 20 relate the usage of free installments to the installment share. Infigure 19 we see that
the fraction of installment transactions done as free installments is positively correlated with the installment
share. The previous figures in this section lead to an impression that the heavy installment spenders are
relatively desperate for credit, and thus, it would seem logical that they are the ones who would be most
likely to take the greatest advantage of free installment opportunities when they encounter them. The
upward sloping relationship in figure]19 is consistent with this interpretation, and shows that the heaviest
installment users are doing as much as 20% of their installment purchase transactions as free installments
(i.e. at 0% interest rate).

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

We conclude this section with figuresl21 22 that give us some insight into the profitability of the
“free installment marketing strategy” used by this firm. Recall from section 2 that we suggested that the
company’s use of free installment offers seems motivated by a desire to increase its customers’ use of its
credit cards in an attempt to increase its credit card market share, since doing this increases its leverage in
setting merchant fees, which we showed in section 3 are a major component of the high profitability of this
company. However we have also shown in this section that the customers that are most likely to act on the
free installment offers are those with worse credit scores and higher incidence of late payments. As such,
the use of free installments as a promotional device may have the perverse effect of offering free credit
to the company’s least creditworthy customers, and this group may be the most likely to default. This
creates the possibility that free installments might be a relatively ineffective and/or highly costly means of
increasing credit card usage.

Figure[21 plots the average internal rate of return on all installment transactions (including free install-
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Figure 17: Ratio of Installment Size to Typical Purchase 8izénstallment Share
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Figure 18: Ratio of Installment Balance to Average StaterBatdnce by Installment Share
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Figure 19: Fraction of Installment Transactions done as Fr&allments by Installment Share
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Figure 20: Share of Installment Spending Done as Free Inwatis
Share of installment spending done via free installments
versus percentage of spending done on installment
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Figure 21: Average Internal Rates of Return on Installmeptsistallment Share
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ments) against the installment share. We see that this csityaward sloping, which indicates that even
though the “installment addicts” are the ones most likely to be taking up the free installment opportunities,
the interest rates that they pay on their positive interest installment transactions are rising sufficiently fast
with the installment share that it counteracts the “free installment effect” so that overall average install-
ment interest rates paid by its customers increase monotonically as a function of the installment share. Of
course the reason for this is likely to be related to the fact that the customers with high installment shares
have significantly worse credit scores, and as we will show in section 4, the interest rates that customers
pay is a monotonically increasing function of their credit score (i.e. customers with higher scores, which
indicate worse credit risks, pay higher interest rates).

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

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

credit card or cash.

3 Reduced-Form Approaches to Inferring the Demand for Credit

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

least as it pertains to relatively smaller scale short term borrowing decisions. As we noted above, we
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define the conditional demand for credit as the demand to fenargiven credit card purchase through
borrowing rather than to pay the amount purchased in full at the next purchase date. It is conditional on
having made a decision to make a given purchase of a given size in the first place. As we noted above,
we do not have the appropriate data that would enable us to model how access to borrowing and how the
interest rate schedule that a customer can borrow at also affects the frequency and amounts of purchases.
We would need additional sources of data, then, to attempt to estimate thesfdtarditional demand for

credit.

To make this a bit more precise, we introduce a bit of notation.cld&note the decision by the con-
sumer to pay using the company’s credit card (as opposed to paying by cash, or using some other credit
card). Letr be the interest rate charged to a customer with observed charactetistigairchasing via in-
stallment credit. As we show in more detail below, we should interpastan entirénterest rate schedule
since the customer can ordinarily choose the term of the installment loan and thus faces a consumer-
specific “term structure” of interest rates. Consider the demand for credit via the company’s credit card
over a specific interval of time, say one month. The (unconditional) expected demand for credit by a single
customer with characteriogs ED(r, x,c) (wherex includes variables such as the customer’s credit score,
spending history, and might also include information on interest rates offered by competing credit cards or

interest rates for other sources of credit) can be written as follows
ED(r,x,c) = [/ all—P(1la,r,x,c)]f(alx,r,c)da| m(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 a purchase anagoritill at
the next statement date given the interest schagtlie consumer characteristicand the decision to use
the company’s credit cardto carry out the transaction. We fc|r, x) denote the customer’s decision to
use the credit card compais credit card to pay for the transaction, ah|x,r,c) denotes the density
of the amount purchased using the company’s credit card during any given shopping trip. EN@lly)
denotes the expected number of shopping trips that the customer makes during the specified interval of
time. The overall expected demand for credit from the customers of credit card comjgaiwen just the
sum over the customer-specific expected demand cE1¢g x, C).
The data we have are not sufficient to estimate the objects x) or EN(x,r). Separate survey data
would have to be collected that would enable us to study the purchase habits of a sample of the company’s

customers, and how something like free installment offers during a given period of time might affect the
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number of shopping trips they make (thus enabling us to estild(x,r)), or the likelihood that they will
use the company'’s credit cacdo pay for the purchase (thus enabling us to estiméte, r,x)).

However since we do observe all of the purchase amounts that a given consumer makes during any
given shopping trip where the customer uses the company’s credit card, we can potentially estimate
f(alx,r,c). Further, since we also observe customers’ choices of whether to purchase on installment or
whether to pay the amouatin full at the next statement date conditional on having decided to use the
company’s credit card, we can potentially estimateitiséallment choice probability @|a,r,x,c), where
the optiond = 1 indicates a choice to pay the purchase amatintfull at the next statement date. If so,
then by segregating customers’ purchases into those that are paid in full at the next statement date and
those that are paid on installment, we can estimate two conditional denjti@s,r,c) (i.e. the distribu-
tion of purchase amounts that are paid in full at the next statement daté)(@pdr, c) (the distribution of
purchase amounts that are paid for by installment). We have already presented the unconditional analogs
of fp and fy in figures 12 an@ 13 of section 2, where we showed in particular that the average size of an
installment purchase was nearly 5 times larger than the average size of a non-installment transaction. Since
fo and f; are conditional distributions, we can write them according to the usual formulas of probability
theory

P(1a,r,x,c)f(alx,r,c)
Jo P(1ja,r,x,c)f(alx,r,c)da
[l _ P(1|aa r,X, C)] f(a.|X, r, C)

fi(axr.c) = Jo [1—P(1a,r,x,c)] f(ajx,r,c)da’ @

fO(a’X7 r, C)

Thus, we can at least use our data to estimatedhéitional expected demand for credit ERx, ) which
we define as

ED(r,x,C) :/o afi(alxr,c)da (3)

Just as we expect the unconditional demand curve to be a downward sloping functieveadlso 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 lower. Even if the distribution of purchase sizes
was unaffected by (i.e. if f(alx,r,c) was not a function of), a downward sloping demand would still
follow if the probability that a customer chooses to pay the purchase araaufitll at the next statement

date is an increasing function of(in which case the customer’s credit demand is nothing beyond that
inherent in the typical “float” i.e. the lag between buying an item with a credit card and paying for it at the

next statement date).
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It follows that if we restrict attention to the subset of tractions that a customer purchases on install-

ment credit, we have the regression equation
& = ED1(r,x,C) +& 4

wheregj is the amount borrowed in th installment transaction made by the customer,&isa residual
satisfying E{€;|r,x,c} = 0. We refer to the regression equatidh (4) as the conditional demand curve for
credit, and it seems like a natural place to start is to estimate this regression by ordinary least squares.
However rather than attempt to specify parametric functional forms for the underlying components of the
regression functiofE D1 (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 underlying parameters, itis also natural to start by estimating
a flexible linear-in-parameters approximation to the regression fungtioyir, x, ).

However, perhaps not surprisingly, we find that when we do these ordinary least squares regressions
for every specification we tried where the dependent variable is the 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¢baditional (expected) demand for credit is upward sloping!

Of course, the ordinary least squares regression results are likely to be spurious duntiotieneity
of the interest rateThat is, we can imagine that there angobserved characteristicef consumers that
affect both their willingness/desire to make purchases on credit and the interest rate they are charged. In
particular, we would imagine that customers who kgaidity constrainedand who might exhibibad
characteristicghat can lead them to simultaneously wish to borrow more but at the same time constitute a
higher credit riskwill have worse credit score and therefore face a higher rate of interest, but will still have
a higher propensity to borrow due to their liquidity constraints and a dearth of alternative, better borrowing
options. Indeed, as we already showed in figude 14 of section 2 that there is a strong correlation between
the fraction of spending on installment credit and the credit score: individuals with worse credit scores
tend to do a higher fraction of their credit card purchases on installment. Given the monotonic relationship
between credit scores and installment interest rates, it is not hard to see why the regression estimate of the
installment interest rate is positive and statistically significant.

We attempted to deal with the endogeneity problem using the standard arsenal of “reduced form”

econometric techniques, includimgstrumental variablesln particular, we have access to daily interest
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rates that measure the “cost of credit” to the bank for theddtamakes to its customers, includingtip
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 daily basis. We use these rates as instrumental
variables on the theory that in a competitive banking market, no single bank can affect the CD or call rates,
and thus changes in these rates can be regarded as exogenous changes in the cost of credit that the credit
card companies ultimately “pass on” to their credit card customers. However the instrumental variables
(two stage least squares) estimate of the coefficient of the interest rates the company charges its customers
becomestatistically insignificanfis you can see in tallé 1 below. The coefficient estimates of the interest
rater are highly sensitive to whether we include all installment transactions (including those with

or just those withr > 0. We obtain a highly negative but statistically insignificant point estimate in the
former case, and positive and statistically insignificant estimate in the latter.

We define the average treatment effect (ATE) as our “parameter of interest” even though our actual
interest is to estimate the conditional demand curve for credit. Given the poor results from instrumental
variables estimation, we are now willing to settle for a much less ambitious goal: can we even show that
people will borrow more when offered 0% interest compared to when they must pay high positive rates
of interest? The ATE is simply an estimate of the difference between mean borrowing for the treatment
group who were offered zero interest

We do not really believe the inferences from our instrumental variables regressions, or the suggestion
that we have a unique finding that the demand for credit is some sGiffeh good.After all, if the firm
believed that charging higher interest rates causes its customers torapesavhy would it offer free
installment opportunities? Instead we believe that the reduced-form results are spurious, and in particular
both the CD and call rate aveeak instrumentdndeed, not only are they weakly correlated wtih consumer
interest rates, we find that the CD and call ratesremgatively correlatedwith the interest rates the firm
charges to its customers. We view this as evidence that the credit card market is not “competitive” and the
are substantial “markups” in the interest rates charged to customers over the cost of credit to the banks,
and this markup is driven more by customer specific risk factors and by competitive trends within the
credit card market itself than by the the much smaller day to day fluctuations in the CD and call rate. The
latter have hovered in a fairly narrow band between 3 or 4 percent over the period of our analysis whereas
installment interest rates vary much more widely across customers and over time as their credit scores

change, ranging from as low as 5% to 25% or higher.
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Table 1: Instrumental Variables-Fixed Effects Regressajridonditional Demand for Credit
Dependent variabldog(a) wherea =amount borrowed. Amounts in parentheses are
P-values for tests of the hypothesis that the coefficient/statistic is zero.

Item 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 Installmentg 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) =196 H(6) = 4.45 H(6) =0.23
(0.59) (0.96) (0.61) (0.99)

31



The next approach we considered in order to try to infer theisaheffect” 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 installments (the “treatment group”) with a cor-
responding and “similar” set of individuals who took out installment loans when purchasing from similar
merchants at similar periods of time but at a positive interest rate (the “control group”). Since there are
many individuals in our sample for which we observe a large number of installment transactions (these are
the heavy installment “addicts” that we discussed in the previous section who have installment shares in
excess of 50%), we can even use a number of individuals as “self-controls” — that is we can compare the
average size of free installments with the average size of installments done at positive interest rates for the
same individual, where we do additional matching by selecting a set of free installments and positive in-
terest rate installments that were done at approximately the same intervals of time and from approximately
the same set of merchants.

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

ATE = E{a|r =0} —E{a|r > 0}, (5)

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

We can see from tablg 2 that regardless of how we do the matching of individuals/transactions the
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Table 2: Effect of Free Installments: Results from MatchirsgjiBators

Matching Criteria Estimated ATE| Standard Erron P-value forHy : 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

estimated treatment effects are all estimated to be ofvthag sign and highly statistically significant.

The estimated treatment effects become increasingly negative as we use increasingly relaxed criteria for
matching individuals, but overall given the magnitude of the estimated standard errors for the estimated
ATE's, there is no strong evidence that the various estimates are statistically significantly different from
each other. However we can strongly reject the hypothesis that the ATE is zero. Thus, we are left with the
paradox that the matching estimator predicts that free installment opportunities cause custoeoersto

the amount of their borrowingnd therefore, the matching estimators implyugvard sloping demand

for credit.

4 Exploiting the Quasi-Random Nature of Free Installment Offers

In view of the failure of the various reduced form methods that we tried in the previous section we started
to think “outside the box” for other ways to provide more credible and econometrically valid estimates of
the conditional demand for credit. Our goal was to develop an approach was that is capable of exploiting
the information contained in the company’s use of free installment offergjaasi random experiment.

Note that we already tried to do this, albeit unsuccessfully, in the previous section, where we applied
one of the standard approaches in the “treatment effects” literature, namely the use of matching methods.
Unfortunately the matching estimators were all strongly statistically and economically significant but of the
wrong sign. Although the quasi-random nature of the way the credit card company offers free installment
offers to its customers does provide a strong degrepriafia facie plausibility for the validity of the
key conditional independence assumption that justifies the use of matching estimators, the fact that there
is a great deal o$elf-selectionin which individuals choose to take free installment offers suggests that

there could be an important problem s#lection on unobservableglsat could invalidate the conditional
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independence assumption and cause the matching estimatmgsult in spurious estimates. We now
present an approach that can exploit the quasi random nature of free installment offers that is also robust to
the possibility of selection on unobservables. Unfortunately, in the absence of further data, or without the
ability to conduct randomized, controlled experiments, our ability to exploit free installments as a quasi
random does require some degree of modeling and assumptions.

Consider first what would be possible if had data fromaadomized controlled experime(RCE).
Though the company we are studying has not done this to our knowledge, one could imagine that the
company could be convinced to undertake such a study to get better estimates its customers’ demand for
installment credit. For example the recent study (Alan et al. [2011] is an example where an enlightened
credit card company did choose to undertake a large scale RCE to better understand its customers’ demand
for credit. In a classical RCE the company would randomly assign a subset if its customers to a control
group and a treatment group. Individuals in the control group would continue to receive the same interest
rates for installments that they receive underdtadus quavhile individuals in the treatment group would
be offered randomly assigned alternative installment interest rates. The alternative interest rates could be
either higher or lower, or even zero, and by comparing the demand for installment loans for the treatment
and control groups, we could essentially use the random assignment as a valid “instrument” to help solve
the problem of endogeneity in the interest rate, and make valid inferences about the conditional demand
for credi

In order to exploit the free installment promotions the credit card offers as a typeasi random
experiment(QRE) we can no longer do simple comparisons of responses (e.g. demand for credit) of
“control” and “treatment” groups. In particular, in our data while we can be sure that individuals who
accepted free installments were offered the “treatment”, we cannot simply assume that individuals who did
not choose free installments are are in the “control group” (i.e. were not offered free installments) since
some of these individuals might have been offered free installment opportunities, but decided not to accept
them. Therefore, in order to fully exploit the information provided by the existence of free installment

offers, we do have to undertake some additional modeling and make some additional assumptions.

INote thatAusubeiand Shui{2005] analyzed data from a randomized experiment, but it was not a RCE since there were no
“controls” corresponding to the subjects who were offered the “treatments” (i.e. the six introductory offers). However to a certain
extent the individuals who were offered different introductory offers could be regarded as controls. For example the individuals
who were offered a 7.9% 12 month introductory offer could serve as controls for the individuals who were offered the 4.9% 6
month introductory offer, but doing this only allows us to test how customers respond to one of these offers relative to the other
one. They cannot tell us how the customers who accepted either of these introductory offers behaved relative to customers who
were not offered either introductory offer: the company would have have to have included an explicit control group to do this —-
i.e. a 7th group of customers who decided to sign up for the credit card without being offered any special introductory offer.
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In particular, the self-selected nature of customers’ datssto take advantage of free installment

offers is compounded by another potentially serious measurement issue, remsdying. That is,our

data only allows us to observe free installment offers when customers actually choose them, however for
all other non-free installment transactions, we cannot observe whether the customer was not offered a
free installment opportunity, or if the customer was offered a free installment opportunity but the customer
chose not to take itSince we are willing to make some reasonable assumptions and put some additional
structure on the credit choice problem, we can provide econometric solutions to the censoring and self-
selection problems, enabling us to infer how interest rates affect 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 the utility of
postponing the payment of the purchase over a term wfonths. 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 foxta,x,r,d) = ov(a,x,d) — c(a,r,d) where
ov(a,x,d) is theoption valueto a customer with characteristiesof paying for the purchase amouat
overd months rather than paying the amount in full a the next statement date (which has an option value
normalized to O as indicated abows(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 amouatover 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 cost/benefit calculation 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 componeatd) that represent the effect of “other idiosyncratic factors” that af-
fect an individual's choice of installment term that are independent across successive purchase occa-

sions, so that the overall net utility of choosing to purchase an ansuontan installment of duration
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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 decisions as is captured by
v(a,x,r,d) = ov(a,x,d) —c(a, r,d)H Examples of factors affecting a person’s choice that might be in the
g(d) term is whether there is a long line at checkout (so the customer feels 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 what other bills or payments may be due at various up-
coming monthgl =2,...,12.

As is well known, when we “integrate out” these unobserved components of the net utilities we obtain
a multinomial logit formula for the conditional probability that a consumer will choose an installment
termd € {1,...,12}. For consumers who are not offered any free installment purchase opportunity, their
choice set is the full set of 12 alternativdse {1,2,...,12}. However for a consumer who is offered
a free installment opportunity to spread a purchaseer a maximum obd > 1 payments, we will test
a keydominance assumptiomamely that all customers strictly prefer a free installment opportunity of
durationd over any positive interest rate installmensbbrterduration,d=2,3,...,0— 1. The dominance
assumption implies that the probability of choosing any positive interest rate alterdatives zero.

We consider and test two versions of the dominance assumptionstiidmg dominance assumption
is the one described above, namely that a customer who is offered any free installment offer of maximum
durationd will never choose any duratiod < & including the option of paying in full for the amount
purchased at the next statement date, which is the choice of alterdativé. 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 haega,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 0 any chaice 8, though it does not rule out the possibility
that a sufficiently liquidity constrained consumer could pay a positive interest rate for a installment loan
of longer duration that the maximum te@offered under the free installment option.

We will show shortly that we can strongly reject the strong dominance assumption. In particular. while
the credit card does not keep records that can enable it to precisely estimate what the overall probability of

free installment offers is, company employees we did speak to are quite certain that the rate is significantly

2specifically, we assume tha(d) are “standardized” Type | extreme value random variables, standardized to have scale
parameter equal to 1, sx£(d) is then a Type | extreme value random variable with scale parameter
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higher than 2.7%. which is the fraction of transactions weolesbeing done under free installment offers,
and would constitute an estimate of the average probability of free installment offers in our sample if the
strong dominance assumption held.

Therefore we consider and test an alternatreak dominance assumptiddnder the weak dominance
assumption, we assume that there may be “mental accounting costs” that might deter a customer from
taking an installment offer, even if it were free, but if a customer finds it optimal to incur these mental
accounting costs and choose the free installment option, then these customers will always choose a loan
durationd equal to the maximum loan durati@gnpermitted by the company under the free installment
offer. After all, since there is no pre-payment penaltgxfpostevents make it optimal for the customer to
pay off the installment balance faster than overdhmonths allowed under the free installment offer, the
customer is always free to do so. As we noted in the introduction, it is very hard for standard economic
theories to explain why an individual would pre-commit to taking the installment for any shorter term
de{2,...,6—1} when there is no apparent cost to choosing the maximal allowedXard choosing the
maximal term gives the customer the option that has the max@mpbstflexibility in terms of uncertain
future events that may affect his/her ability to pay off their account balance.

We do not test a third variant of the dominance assumption, namely, that if a customer were to choose
an installment loan of shorter duration than the maximum duration offered] & d, the customer would
always choose this loan to be at a zero interest rate rather than at a positive interest rate. We cannot test
this even weaker variant of the dominance assumption because the credit card compEsgustomers
to choose the zero interest installment option over the positive interest installment option whenever the
duration of their installment loan is less than the maximum duration offéretowever customers do
always have the option to choose installment loaneiager duration than the maximum duration of the
free installment offed (unlessd = 12) and then in such cases the customer would pay a positive interest
rate to choose one of the longer installment duratibas{6+1,...,12}. As we will see, our model allows
for this possibility and predicts that it will occur, though the probability that it happens is small.

If we observed whether consumers had a free installment optigerdiess of whether or not they
choose the free installment optiaur life would be much simpler. Then we could writdull informa-
tion likelihood functionthat is the product of the probability of whether or not the customer is offered a
free installment option or not on any specific purchase occasion times the probability of their choice of

installment term (where the choice probability is conditional on whether they are offered a free installment
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option or not). This would result in a relatively easy estiimaexercise, where we could use a flexible pa-
rameterization for the option value function and estimate the model no differently than most static discrete
choice models are estimated.

In particular, we would then be able to directly observe violations of the weaker version of the dom-
inance assumption, namely we could observe situations where a customer was offered a free installment
opportunity of duratiod > 2 and nevertheless, the customer chose a free installment of a shorter duration
d < &. Even though we cannot directly observe such violations of the dominance assumption in our data
set, we are able to estimate the probability that they occur, and thereby test the hypothesis that the weaker
form of the dominance assumption holds empirically.

However to do this, we need to recognize the difficulties imposed by the fact that our observations of
free installment opportunities amensoredn a way that is very similar teahoice based samplinghat
is, we only observe whether a consumer is offered a free installment option for those purchases where the
consumer actually chose the free installment option. In such a situation, how is it possible to infer the
probability that customers are offered free installment options? More importantly, how can we estimate
the probability that customers do not choose the free installment option when it is offered to them? We
show that we can solve the problem by forming a likelihood function 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 theixing probabilities(there are additional component corresponding
to a probability distribution over the duratiah offered to customers who are offered free installment
options).

Though there are well know econometric difficulties involved in identifying mixture models, and the
degree of censoring in our application is very high (we only observe free installments being chosen in
2.7% of the 167,946 customer-purchase observations used in our econometric analysis), we show that
under reasonable bparametricassumptions about the forms of the probability function governing free
installment options and for flexibly parameterized functional forms for customers’ option value functions
ov(a, x,d), we are able to separately identify the probability of being offered a free installmézjtwhich
depends on a set of variablemcluding time dummies and merchant class code dummies and consumers’
conditional choice probabilities for installmerRgéd|a, r,d, x).

We find that our model fits the data extremely well, but implies a highly inelastic demand for credit. In

particular, we find a relatively limited degree of consumer responsiveness to free installment options: the
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probability of turning down these options is relatively higlen though we estimate that for our sample
customers are offered free installments approximately 27% of the time, Thus, these customers are taking
free installments in only about 15% of the times that they are offered them. We refer to this low take-up
rate of what would appear to be a “costless” option for an interest-free loan fisaliastaliment puzzle.

Our data are not sufficiently detailed to enable us to delve a great deal further and uncover a more de-
tailed explanation for the reasondy customers appear so unwilling to take up free installments and their
demand for credit is so inelastic. Our model attributes the reasons for this low takeup rate to a combination
of a relatively low option value of credit relative to the cost of credit and to relatively high fixed transac-
tions costs associated in undertaking each installment purchase transaction. However these “transactions
costs” could also be interpreted as capturstigmaassociated with installment transactions, and the low
option value may be associated with a fear (whether rational and well-founded or not) that installment
credit balances could undermine one’s credit rating, or that there are some unspecified hidden future fees
or “gotcha’s” associated with installment loans beyond the interest rate (e.g. an unfounded belief that there
are pre-payment penalties, or a concern that an installment balance could lead to a higher risk of missed
future payments and thus late fees). Unfortunately, we are unable to delve further to determine which of
these various more subtle psychological explanations is the dominant explanation of the free installment
puzzle.

Customers who were not offered interest-free installment purchase options, or who desire a greater
number of installment payments than they are offered under an interest-free installment opportunity can
borrow (subject to borrowing limits that we do not directly observe in our data) according to a nonlinear,
increasing customer-specific interest rate schedules. These schedules are determined according to a rather
complex function of a) the consumer’s credit score and payment history (including the number of recent
late payments), b) the number of installment payments, and c) the current economic environment, including
the level of overall interest rates and dummy variables capturing current economic conditions. Though the
credit card company does not publish and did not provide us with the formula it uses to set interest rates
on installment loans, we were able to uncover it econometrically.

As we described in section 2, we were able to calculate the internal rate of return for each installment
loan contract in our data. For the subset of installment contracts where a positive internal rate of return
was calculated, we regressed this internal rate of return on the customer specific variables, as well as

time and merchant dummies in order to uncover the formula the company uses to set interest rates. Our
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Figure 23: Interest Premium for Installment Purchases asdai@n of the Installment Term
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regression resulted in an extremely good fit, withRénvalue of 099, indicating that we were successful
in econometrically uncovering the interest formula the company uses to set interest rates to its customers.
We found that the most important factors determining the customer-specific interest rates are factors a) and
b) above. In particular, we found that consumer characteristics a) determine the “base interest rate” for
an installment loan witld = 2 payments, but there is a step-wise increasing schedule tbamison to
all consumerghat determines successive increases in the interest rate offered for longer installment terms
d > 2. Figure[ 2B graphs the interest “premiums” customers must pay for successively longer installment
termsd.

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

has the form
r(d,x) = po(x) + p1(d), (7)

where the characteristics of the particular consuxmtly enter via the “intercept” termpo(x), andp(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 bz~ 2. Note that our regression analysis
of actual interest rates charged to customers confirms thastfienction is, to a first approximation,

independent ok and thus common to all of the company’s customers.
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Consider a consumer with characteristicwho is interested in purchasing a given item that costs an
amounta. We take as a given that the consumer is going to make the purchase and focus on modeling the
customer’s choice of installment term, i.e. whether to pay the bakaimctull at the next statement(= 1),
or request an installment purchase option wdtl 2 installments at an interest raterof r(d, x). Later,
we will consider separately the question of how interest rate schedule affect the size of the transaction by
estimating the conditional distribution(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 from choosing installment option
d (where again, we have normalized the net gain for paying indu#,1 tov(1,x,a,r) = 0. Since we do
not expect to be able to perfectly predict every consumer’s choice of installmentifemmintroduce to
commonly used device of Type | extreme value unobservable components ofaftilitijunobservable to
the econometrician, but not to the customers) that also affect the choice of installment term. We assume
thate(d) ande(d’) are independently distributeddf d’ and thaE{e(d) } = 0 ford € D but with unknown
common scale factar > 0 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) > [jp&)x[v(d’,x, a,r(d’,a))+e(d)]. (8)

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

exp{v(d,x,a,7(d,x))/o}
Zd’ED exp{v(d’, X, a’T(d/’ X))/O'} ’

where the+ subscript denotes a choice situation where the consumer can only choose from installment

P, (dla,x) = 9)

that have positive interest rat&$d,x) > Ofor d € {2,...,12}. The choice séD 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 nexttstatement dates, though at the cost of a positive interest rate on the outstanding
installment balance.

The consumer’s choice problem is slightly more complicated when the consumer is offered an interest-
free installment option. Suppose this consumer is offered an interest-free installment option with a maxi-
mum duration oBy payments (months) whedg < 12. The consumer can either to choose to pay in full,

d = 1, or purchase the item via the interest-free installment option but over any number of installments
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de {2,...,00}, or to pay over even longer installment duratiahs {5y + 1,...,12}, but at the cost of
paying a positive interest rate on these installment balances. The consumer will choose a free installment
optiondp € {2,...,80} that satisfies

d 0) +&(dg) =m m d 0)+¢(d m d r(d,a) +e(d
v(do,x,a,0) + €(do) ax[de{L?% }v( ,%,a,0) +&( )’d/e{ 5112(“’12} [v(d',x,a,T(d,a)) +&( )]},
(10)

The consumer will choose a positive interest rate installment option {dp + 1,...,12} that satisfies

v(d,,xa,r(d.,a))+e(dy) =max LG{T?),(%} v(d,x,a,0) + s(d)’d'e{aonlal%,lz} [v(d',x,a,T(d,a))+ s(d’)]} ,
(11)
with the understanding that the set of positive interest rate chdes 1,...,12} is empty if & = 12.
The implied choice probability is denoted By(d|x,a,dy) and is given by
exp{v(d,x,a,7(d,x))/o}

PO(d|X’ a, 60) = ) 12 — s
ZdO:]_ eXp{V(do, X, a, O)/O} + Zd+:60+l exp{v(d-i-vxv a, r(d+7x))/0}

(12)

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

PO(d‘Xa a7 60) = 60 12 _ )
ZdO:]_ eXp{V(do, X, a, O)/O} + Zd+:60+l exp{v(d-i-vxv a, r(d+7x))/0}

(13)

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

date, or chooses one of the free installment options to pay the amdugtto dq installments.

4.2 Likelihood Function

The parameters to be estimated @re (o,@,a,3) where@ are parameters of consumers’ utility/value
functionsv(d,a,x,r,@). For notational simplicity, we will include the extreme value scale paranweter

as part of thap vector, so the implied choice probabilities when a consumer is offered a free installment
offer of durationdg, Po(d|a, X, 8o, ®), and the choice probability when the consumer is not offered a free
installment offerP, (d|a, x, @), are both functions of an unknown vector of paramegeis be estimated.

The parameter subvectarrepresents parameters characterizing the probablligo) that a customer is
offered a free installment offer (whezare variables characterizing the date and merchant categony, and
are parameters characterizing the distribution of offered durations of free installmentf¢8gs3). We

use the method of maximum likelihood to estimate these parameters. Below, we describe the likelihood
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function that accounts for the fact that in certain situaiare do not observe whether or not a customer is
offered a free installment opportunity.

Consider the likelihood function for a specific customer who makes purchases at a set of times
{t,...,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 without installment,

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 installment purchase option or not. Evemlwhenwe

only know if the consumer was offered an interest-free installment purchase option when the customer
actually chose that alternative. However it is possible that in some cases customers may have been offered
an interest-free installment purchase option with t&gbut decided to choose a longer term option at a
positive interest rate. Our likelihood must be adjusted to account for these possibilities and to “integrate
out” the various possible interest-free installment options that the consumer could have been offered but
which we did not observe.

As noted abovell(z;|a) is the probability that a customémwho makes a credit card purchases at
datet is offered an interest-free installment opportunity. The vegtodoes not contain any customer-
specific variables, but does include dummies indicating the date of the purchase and the type merchant
the customer is purchasing the item from, since as we noted above the main determinants of the interest-
free installment option are a) the time of year, and b) the type of merchant (since different merchants
can negotiate interest-free installment deals with the credit card company as a way of increasing their
sales). Conditional on being offered an interest-free installment purchase optidriddet 6) be the
conditional distribution of the installment term that is associated with the interest-free installment option.
Note thatf(1|z,0) = 0: by definition an installment payment plan must have 2 or more future payment
dates. Equivalently, by default every consumer has the option to pay in a single installment, and they get
what amounts to an interest free loan covering the duration between the date of purchase until the next
billing date.

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

component of the likelihood is

Lo(8) = ['] P(dk|%,z,&,8) (14)

teTp
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where

P(dxza8)= > Po(d|x,a d,9)f(d[zB)M(Za), (15)
{0|d<d0}

where for each transaction in the set of tiffgsd; is less than or equal to the free installment (maximum)
term &o; offered to the customer under the interest-free installment option and of ajursk (otherwise
the consumer would have chosen to pay the amauntfull at the next statement date). When the (weak)
dominance assumption holds, we h&d;|x,a,dor, ) = 0 if & € {2,...,80; — 1}, i.e. the customer
always chooses the maximal loan duration permitted under the free installment offer. In that case we have
d =&y and

P(d|x,z a,08) = Py(d|x,a,d, ) f(d|z,B)M(Za). (16)

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

P(1x,z,a,0) = MN(Za) z Po(1]x,a,00,9) f(d0|z,B) | +[1— M (Za)]P.(1]x,a,¢). a7)
doe{2...,12}

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

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

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

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

P(d[x,.za,8) =M(za) | 5 Po(d]x,a,8,9)f(o|z,B) | +[1—M(Zo)]Py (d]x,a,¢). (19)
dp<d

44



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 installment ogtiicthe customer had been offered

a free installment option of duratia® greater than or equal th LetL;(8) denote the component of the
likelihood corresponding to purchases that the consumer makes in the $ubigete. purchases either

that were not done under installment, or which were done under installment but at a positive interest rate.
This is given by

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

whered; = 1 if the customer chose to purchase an item at timéthout installment, and; > 1 if the
customer chose to purchase via installment, but with a positive interest rate.

The full likelihood for a single consumeris thereforeL;(0) = Lio(0)Li1(8) whereL;o(0) is the
component of the likelihood for the transactions that the consumer 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 pay in full at the next stateijeat], or to pay
a positive interest rate for a non-free installment loan with duratign> 1. The full likelihood for alll

consumers is then

N
L(B) = [l Lio(8)Li1(8). (21)

4.3 Model Specification

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

that are designed to capture the net “option value” to the customer of purchasing an item under installment.
We assume that(d,x,a,r) has the additively separable representation given in equéfion (6) above. Thus,
we can view consumers as making “cost-benefit” calculations where 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 hawga, r,d) = 0, but this does not necessarily imply that customers will necessarily
always take every free installment option. One reason is due to the randomly distiiliutegdtreme

value shocks(d) representing unobserved idiosyncratic factors that affect a consumer’s choice of the
installment term. In some cases these shocks will be sufficiently negative to cause a consumer not to take a
free installment offer even bv(a, x,d) is positive (and thus higher than the utility of paying the purchase

in full at the next statement date, which is normalized to 0). Another 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 characterisisosilling to pay for a

loan of duratiord months and\ (x,d) represents the fixed transaction costs of deciding and undertaking an
installment transaction at the checkout counter. Note that this component is assumed not to be a function
of the amount purchasedwhereas the other component of the option vahpéx, d) is a linear function of

the amount purchased. This implies tkahsumers will not want to pay for sufficiently small credit card
purchases on installment since the benefit of doing tipiss,d), is lower than the transactions costx,d).

We can also think ol as capturing potential “stigma costs” associated with purchasing on installment,
as well as “mental accounting costs” such as any apprehension customers might have that adding to their
installment balance increases their risk of making a late payment on their installment account in the future,
or that undertaking another installment transaction will have adverse effects on their credit score, and so
forth.

Notice that we assume the option value of having the benefit of extended payment does not depend
on the interest rate the credit card company charges the customer, 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 customer perceives due to purchasing an item under
installment equals the excess of the total payments that the customer makes over the term of the agreement
less the current costof the item. That is, we assuneeequals the difference between the total payments
the customer makes under the installment agreemm@emulated with interest to the time the installment
agreement endsss the amount the customer purchasediscounted back to the ddtevhen 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 statement date after the item was purchased and
the statement date when the final installment payment is due. The interestisatee internal rate of

return on the installment loan, and is given by 7(d,x). Recall that this is the positive interest rate

that company offers to the customer for an installment purchase withderhotice that ifd = 1 and

the consumer chooses not to do an installment tifeyr,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 hasfe,r,d) = raty/365, so the cost of the installment
loan equals the product of the duration of the loan, the amount of the loan, the interest rate offered to the
consumer, times the fraction of the year the loan is outstanding.

Notice that thec(a,r,d) function has no unknown parameters to be estimated. The parameters to be
estimated are the parametgrentering the option value functiony(a, x,d, @), the scale parameter of
the Type | extreme value distributions for the unobserved components efaher,d, @) functions, and
a, the parameters entering the probability of being offered a free installmént,and the probability
distribution over the maximum term of the free installment offers that are offered to consufrfeees3).
Recall thatd = (o, ¢,a,p) is the full set of parameters to be estimated. Table 3 presents the maximum
likelihood estimates ofo, @). We discuss the maximum likelihood estimates of thex2@rameters later.
Clearly, the parameters of interest &e@). We are not interested in tlreparameterger sethough we
do want to know if our estimate of the conditional probabilityz,a) of receiving a free installment offer
is reasonable.

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

1

d) = 24
POed) =17 exp{h(x,d, )} (24)
where
12
h(x,d,) = ql{d>2}— zaexp{(pj,z}l {d > j} + @uib + @oinstallshare
=
+@acreditscoret @qnlate+ @sl {r = 0}. (25)

The fixed transaction cost of choosing an installment term at the checkout caumtel, is specified as

10
A(x,d) = exp{cplsl {r = 0} + @u7installsharet zchlsﬂ-l{d =j}+@{d> 10}} . (26)
J:

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

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

spending that the customer does under installment. We inclind¢allsharebecause, as we showed in
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section 2, it serves as an important observable indicatonobserved preference heterogeneity, as well

as an observed indicator about which consumers are most likely to be 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-specific heterogeneity that we observe in our sample.

An alternative strategy would be to replaicestallshareby a random parametear representingun-
observed heterogeneityith the interpretation that lower values ofindicate customers who are more
desperate for liquidity and thus have a higher subjective willingness to pay for loans of various durations,
p(x,d,T,¢). However, we have had considerable difficulty so far in estimating specifications with un-
observed heterogeneity due to the fact that we have an unbalanced panel where for some consumers we
observe many hundreds of transactions. Conditioning,dhe likelihood for these hundreds of condi-
tionally independent choices of installment duration is typicallyeay very small numbetJnobserved
heterogeneity specifications require us to take averages (i.e. integrate over the distribujiohtbkse
very small numbers and we often found that when we tried to take the logarithm of the resuiltinige
probability it was sufficiently small to be below the “machine epsilon” i.e. the lowest positive number a
computer is capable of representing, even on 64-bit machines.

In view of these problems, we foumuktallshareto 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, the estimation results (particularly the overall fit of
the model) of a specification with a sufficiently rich specification of unobserved heterogeneity but omitting

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

4.4 |dentification

It is not immediately obvious that the model we specified in sections 4.2 and 4.3 above is identified. Even
without accounting for the mixture model specification that results from accounting for unobserved het-
erogeneity as described in section 4.3, the likelihood function we derived in section 4.2 can already be re-
garded as a type ohixture modekince the conditional probabiliti€’(d|x, z a,0) entering the likelihood
function are themselves mixtures of the underlying choice probabiliéd|x, a, d,¢) and P, (d|x,a, ®)

that constitute the probabilities of choosing different installment terms with and without the presence of
a free installment offer with maximum duratidn respectively. As is well known, it is very difficult to

identify econometric models that are formulated as mixtures of probabilities, since a wide variety of prob-
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ability distributions can be well-approximated by convexntiinations of a given a set of probabilities
(also known as “components”), and there are generally many different ways to do this. For example,
Marc Henry and Salanié [2011] note that “Without further assumptions there is of course no way to iden-
tify the mixture weights and components” (p. 2).

Identification can be especially problematic when we relax the 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 these two conditional probabilities. If we view the
identification problem from the lens of “multicollinearity”, another way to state the concern about iden-
tification is that it is far from obvious that probabiliti¢® and P, are sufficiently different from each
other to rule out the possibility that are many different ways to represent the “reduced-form” probabil-
ities P(d|x,z a,0) that enter the likelihood in terms of various convex combinations of the “structural”
probabilitiesP, andP,.

The identification of our model is key to the plausibility of the conclusions we draw about individual
behavior from this exercise. To see why, consider the following two explanations for the relatively small
fractions (2.7%) in our sample that are done as free installments: a) consumers will take virtually any free
installment that it is offered to them (so the strong dominance assumption hol&s(a&hda, d, @) = 1) and
the average probability of being offered a free installment is very low (i.e. about 2.7%), versus explanation
b) the average probability of being offered a free installment is very high, but consumers are averse to
choosing free installments, so that even though the probability of being offered a free installment is high,
the probability that it is chosen is sufficiently low that the average probability that free installments are
actually offeredand are chosen is very small, i.e. approximately 2.7% on average. It is not obvious how
the method of maximum likelihood can distinguish between these two competing explanations for the low
share of free installments in our sample.

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

As is well known, in the case of the multinomial logit model, the expectation of the log-likelihood is
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concavein the underlying parameters, and identification amounts to verifying additional conditions that
imply that this function is alstrictly concave. However the concavity property generally no longer
holds when the expected log-likelihood function involves mixtures of multinomial logit models. When a
parametric model is unidentified, there are typically two ways in which the identification condition fails:
either 1) the expected log-likelihood function is “flat” in a neighborhood of the global maximum (so there
is a continuum of values d that maximize the likelihood), or 2) each local maximum of the expected
log-likelihood is “regular” in the sense that the hessian matrix at each local maximum is negative definite
(implying that there are a finite number of isolated local maxima, each one is unique within a sufficiently
small neighborhood of each local maximum point) but there are two or more distinct local maxima that
happen to have the same exact value of the expected log-likelihood, so the set of such distinct global
optima are observationally equivalent and the model is unable to distinguish them.

Given the large number of observations in our samples 167,946, the empirical log-likelihood
log(L(8))/N (whereL(8) is the likelihood function defined in equatidn {21) above) provides a very good
approximation to its expectatidi{log(P(d|%, 2 4,0))} by the uniform law of large numbers. Therefore it
is sufficient to show that the sample log-likelihood function has a unigue maximizer since for the very large
sample size we have in this case, the probability is very high that the sample log-likelihood is uniformly
close to its expectation. Therefore, since the hessian of the likelihood is a continuous function of the
parameter®), the continuous mapping theorem implies that if the sample log-likelihood has a unique
maximizer (or equivalently each local maxima that we find are “regular” — the type 2 case discussed
above), then we can rule out the most obvious type of non-identification, i.e. namely that the expected
log-likelihood is locally flat in a neighborhood of the global maximum. We have indeed verified this
numerically: at each local maximum we found in the course of a thorough search of the likelihood over
the parameter space, we found that the hessian of the sample log-likelihood function was negative definite.

Further, though we did encounter multiple local maxima of the likelihood function in the course of
running our estimation algorithm, we we unable to find distinct local maximizers that resulted in the
identical values of the sample log-likelihood function. Instead we found a single “global optirﬁuhﬁt
resulted in a significantly higher sample log-likelihood than for any of the local optima we encountered
in our thorough search for a global optimum of the likelihood. Although we are not aware of any general
argument that we can rely to provide a mathematical proof that there are no other vauessafes the

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

The intuition for how the data are able to distinguish between the two hypotheses a) and b) for the
low take up of free installments discussed above is as follows. If hypothesis a) were the correct one, i.e.
that the strong dominance assumption holds (or nearly holds), then consumers would take nearly every
free installment opportunity that is offered to them and the low incidence of free installments could only
be a result of free installments being rarely offered to consumers. However in this case, the model would
assign a high option value to borrowing under installment — at least sufficiently high that consumers’
option values exceed any fixed costs involved in undertaking the free installment transaction. However the
high option value would then imply a relatively high proportion of positive interest installments as well,
something we do not observe in our data. This provides an intuitive argument for how the data are able to
reject the strong dominance assumption and instead provide strong evidence in favor of explanation b) as
the model most consistent with the data we observe.

Identification of the parametef% probabilities of the maximum durations of free installment offers,
f(d|z,B) is more problematic than the estimation of the probability of receiving a free installment offer
itself, M(z a), since when we relax the strong dominance assumption, if we observe a customer taking
a free installment offer of duratiod the customer could have been offered a free installment with a
maximum duratiord for any é € {d,...,12}. This gives considerable freedom to how the model might
“explain” the particular set of installment durations that consumers actually choose. For example, one
possibility is to setf (12z,) = 1, so that the maximum duration of every free installment offer is 12, and
the pronounced peak we observe in free installments at a duratwe: & is purely a result of consumers
pre-commiting and choosing their most popular loan duratien3 rather than choosing the fulll= 12
month loan duration. Although this explanation might seem a bit implausible on its face, recallfigure 3,
which showed that = 3 is the most likely term of installment loan for individuals who choose to do
installments at a positive interest rate.

Though we have independent evidence that in fact most free installment loans that are offered to
consumers have a maximum ®f= 3 installments, how can the likelihood distinguish between the case
where all free installments offered have a maximumdef 12 installments versus the case where all
free installments have a maximum & 3 installments? One easy way that the latter hypothesis can be

rejected is by virtue of the fact that we do observe a small number of free installments that did involve 12
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payments. This enables us to conclude that not all free imstat offers could have a maximum &&= 3
installments. However, beyond, this, the precise identification of the probabilifdg, 3) seems more
tenuous, since due to the censoring, we never directly observe someone being offered a free installment
with a maximum o installments and choosing to take the installmentfer & installments.

We do note that we made several impliekclusion restrictionghat assist in the identification of the
parameters of the model. First, we assume thartraiables that affect the probability of being offered
a free installment opportunity do not enter the choice probabilRieandPy. This is because contains
dummy variables for merchant codes and calendar time intervals that are relevant for predicting whether
a free installment is offered but do not seem directly relevant for predicting a consumer’s choice of in-
stallment term. Conversely, the customer specific variablds enter these choice probabilities but can
be plausibly excluded from the probabilities that a customer would be offered a free installment opportu-
nity. Finally, we also assume that the probabilities of being offered free installments of various maximum
durations are independent anf so only 10 parameters are necessary to estimate these 11 probabilities.
Following our pragmatic approach to identification, we verified numerically that various convex combina-
tions of the choice probabilitieR, (where the duration probabilities(d|3) 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 would imply that the log-likelihood function has
a singular hessian matrix at any such point. However we found in fact that the hessian is strictly negative
definite at the maximum. Further evidence is provided by the fact that if we fiX plaeameters at arbitrary
values and maximize over the remaining paramef@ra), the value of the likelihood falls significantly
below the value we attain when we free Bignd optimize ove(g,a,3) simultaneously.

In summary, the identification of our model results from a combination axt)usion restrictions
and 2)parametric functional form assumptionde have not investigated conditions under which the
“structural objects” in our mod€lP,, Py, I, f } arenon-parametrically identifiethowever recent work by
Marc Henry and Salanié [2011] and others may represent promising avenues for further investigation. For
this study, we feel that are exclusion restrictions are well-justified and our specification of the option value
function p and fixed cost functiona are sufficiently flexible that none of our conclusions are fragile, or
depend on arbitrary or hard to justify assumptions. In a fundamental sense, we view the data are telling
us that we can separately identify these various probabilities, so the inferences we draw are unlikely be a

artifacts of strong, “tricky” modeling assumptions.
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45 Estimation Results

The estimation results are presented in table 3. Note that in general, most though not all of the parameters
are estimated very precisely — something we would expect given the large number of observations in our
sample. Due to the large numberaparameters (26) and because they are not of central interest to this
paper, we omit them from tablgl(3). However we note that the estimated probabilities of receiving a free
installment offerl1(z &) vary rather significantly over our sample, from a low o41lx 10~ to a high of

0.527. Over our entire sample, the average estimated probability that a given transaction was subject to a
free installment offer is 17%. This estimate appears to be reasonable from our discussions with the credit
card company executives. As we see below, it implies that the “take up rate” of free installments is low:
although the model predicts substantial consumer-specific heterogeneity in take up rates, on average only
15% of the individuals who are offered free installment opportunities actually take them.

The free installment probabilities vary over the calendar year and across merchants, and the combina-
tion of merchant and time dummies enabled us to capture the high degree of variability of free installment
options, both over time and across merchants. The variability also justifies our treatment of free install-
ments as “quasi random experiments” since there appears to be no easy 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 funcigr, d, ¢)
and the fixed cost functioh(x,d, @) that are two key “behavioral objects” underlying our discrete choice
model. Note that due to the large variability in spending across different consumers, we normalized each
customer’s credit card spending and installment balances to be ratios of their average statement amounts
(the monthly balance due on their credit card bill). Thus, a purchase armeuftdenotes a purchase that
is twice as large as the average amount of that customer’s average credit card balance on each statement
date. An installment balance, denotedla®qual to 3 would denote an installment balance that is 3 times
as large as the average of the customer’s credit card balance due.

Consider first the estimation results for the parameters entering the option value fus(ctidng).

We did not include a constant term in our specification in equalioh (25) 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
choicesd € {2,...,12} since we have normalized the option value for the decidienl to equal zero.
Therefore, we allowed the parametgyrto unconstrained and take positive or negative values in order to

to play the effective role of the constant term. However we did constrain the coefficieiftd of j } for
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Table 3: Maximum Likelihood Parameter Estimates, Dependarid@ble: chosen installment teriah,

p(x,d, @) (option value) Estimate Standard Error
o] 0.066 397x 104

M 1{d > 2} -3.693 0.025
exp{@.} 1{d >3} 0.227 0.018
exp{@} 1{d > 4} 0.251 0.179
exp{@s} 1 {d > 5} 0.067 0.049
exp{@} | {d > 6} 0.136 0.026
exp{@s} 1{d > 7} 2.265x 10°2° 0.072
exp{@s} 1{d > 8} 4.430x 10714 0.092
exp{e;} 1{d > 9} 0.156 0.079
exp{@s} [ {d > 10} 0.082 0.053
exp{@} 1{d > 11} 9.070x 10°1° 0.180
exp{@p} 1{d =12} 0.281 0.180
@11 (ib) -0.087 0.001
@12 (installshare -2.202 0.040
@13 (creditscore -0.207 0.005
M4 (nlate) -0.015 0.002
@5 (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
Qg (1{d =2}) -0.740 0.010
Qo (1{d=3}) -1.006 0.009
@0 (1{d=4}) -0.297 0.016
(pﬂ (1{d =5}) -0.487 0.012
@ (1{d=6}) -0.208 0.018
@3 (1{d=7}) -0.106 0.024
@4 (1{d=8}) -0.106 0.022
@s (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 10712 0.025
f(5,B) 5.362x 10713 0.022
f(6,B) 1.356x 10~ 0.044
f(7,B) 3.314x 10714 0.112
f(8,B) 2.358x 10716 0.150
f(9,B) 1.565x 1071 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 observation

slog(L(0)) = —465613 N = 167,946
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j =3,...,12 to be positive by expressing these as exponential functions of the underlying paragpeters
i=1..., 10H It is easy to seee that this is equivalent to constraining the option value fupgticoh ¢)
to be non-decreasing as a functiondof

Figured 24 and 31 plot the estimated option value function and compares it ¢gathel) function
(which, recall, has no unknown parameters in it). Howeverctlaer,d) function does depend on the set
of interest ratest(x,d), which do depend on customer characteristictVe plotted these figures for an
illustrative consumer with a creditscore ofiB,= 2, and an installment share of 30%. From figuré 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 installment creditp{t)d, @)
function has its largest jumps dt= 3 andd = 12.

Figurel25 plots the net benefits from installment borrowpi(g, d, @) — c(a,r,d), as a bar-plot. We see
that for this particular customer, the highest net benefits occur at a duratiba df where the customer
experiences a net benefit to taking an installment, net of the cost of the installment, of about 7% of the
transaction amourd. The net benefit of installments is generally the highest for shorter duration install-
ment loans, fod € {2,...,6}, and then falls for the longer duration loadis {7,...,11} but increases
again for loans withl = 12 installments. This pattern of net benefits is generally consistent with the pattern
of installment loan choices, although it does not show any pronounced peakathat could explain the
peak in installments at this duration that we observed in figure 23. We will explain how the model is able
to capture this peak when we describe the estimation results farftiection below.

Other points to note about the estimated parametepsisfthat the option valuéncreaseswith the
size of the customer’s existing installment balance (ggethe coefficient ofib). The option value is
also an increasing function afeditscorewhich means customers with worse (i.e. higher) credit scores
are predicted to have higher option values for installment credit. Similarly, another indicator of credit
problems, the number of late payments that the customer has on his/her rdatechlso increases the
option value and thus the value of installment credit.

The two largest (in absolute value) coefficients afigare ¢, the coefficient of thenstallsharevari-
able, andy;s, the coefficient of a dummy variable indicating that the transaction was done as a free in-

stallment. The latter coefficient indicates that customers perceive free installments to havégbesn

3In table[3 we report the exponentiated values instead of the parameters themselves, and used the delta method to calculate
the implied standard errors.
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Figure 24: Estimated option valyéx, d, @) function relative tax(a,r,d) function
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Figure 25: Net benefit of installment Credit as a function statiment duratiord
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option value than installments done at positive interesistatVe are not quite sure of how to interpret
this finding, but the data are clearly telling us that it needs to provide an extra boost to the option value in
order to explain the take up rate of free installment opportunities. Perhaps one explanation could be that
consumers enjoy the value of a loan that much more when they know it is 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 cost-benefit
tradeoff is not sufficient not fully capture how consumers evaluate free installment offers.

Finally, the negative and strongly statistically significant estimated coefficient afstalsharevari-
able @y, indicates, not surprisingly, that customers with high installment shares have uniformly higher
estimated option values, and thus a higher proclivity to take installments, whether free installments or at
positive interest rates. As we discussed previously in section 4.3, we usetsthléshareas an observ-
able indicator of unobserved heterogeneity, since we found it infeasible to implement a random effects
approach to control for unobserved heterogeneity for the reasons already discussed in section 4.3. We
view theinstallsharevariable as capturing customers who are “credit constrained” in 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 frequent use of 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 that result in time-consistent intertemporal preferences
and the prediction that these individuals would never pre-corexrdinteto choices that reduce their future
borrowing options, at least without any obvious compensation for doing so.

We now turn to a discussion of the estimated parameters of the fixed cost funtidng). Generally,
the model estimates indicate that consumers perceive high fixed costs 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 evidence, the people in the country we are studying
regard installment purchases as a sign of “weakness” especially in view of the bad experience that these
people had several years prior to the period we studied where there had been a credit bubble and a high fre-
guency of credit card defaults. Thus, the individuals may have been chastised or even scarred by that prior
experience and had resolved themselves to try to avoid the use of installment credit whenever possible.

One might ask why this scarring effect and aversion to installments doesn’t show up in lower estimated
option values. We believe that the fixed costs play an important role in explaining a clear pattern in our

data where generally only sufficiently expensive purchases are made under installment. Recdllfigures 12
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and 12 which showed that while the average credit card puedkas/4, the average installment purchase
is $364, or nearly 5 times larger than the average credit card purchase. The fixed costs are estimated to be
large in order to explain this differential pattern of spending.

Figure[26 illustrates this by plotting the “cut-off” value of spend&g, d) for which the net benefit

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

) - A(x,d, )
Axd) = p(x.d,q) —c(ar(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 ratio (i.e. the
amount is expressed as a ratio of the average credit card statement balance) is generally over 5 and is as
high as 12 or 13 for the less popular installment loan duratidrs8 andd = 11.

Notice thatg, 7, the coefficient of {r = 9} is negative and strongly statistically significaindicating
that consumers perceive free installments to have lower fixed costs, even though at the same time they
perceive the option value for free installment loans to be lower as well. Again, we are not quite sure
how to interpret this, but one possible interpretation is that since the free installment is a promotion, the
merchant may arrange extra assistance by the checkout clerk or provide other cues to try to encourage
customers to take the free installment, and this might show up in our model as a lower cost for choosing a
free installment loan over a comparable installment loan at a positive interest rate.

The net effect of free installment offers on credit decisions is to lowea theeshold since we already
showed that the free installment offer increases the option value of the loan, and it also zeros out the
cost of the loan which increases the denominatoi_of (27), and it also reduces the fixed costs of taking
an installment loan are estimated to be lower if the loan is a free installment offer, and this reduces the
numerator of[(27). This effect is illustrated in figlird 26 for the particular customer that we plotted, and is
particularly pronounced for loans of duratidn= 8 and higher: under a free installment offer the cutoff
point is less than 5 and as low as 3 times their average statement amount, whereas the cutoffs are over
10 for positive installment loans. We believe this effect explains the counterintuitive finding of section
2, where we showed that the average free installment loan amourbwesthan the average positive
interest loan amount. This is also what our estimated model predicts as well.

The final comment we have about the estimatefdinction is that the coefficienp,s of the install-
sharevariable is a large negative number that is very precisely estimated. Thus, we find that the model

captures the systematically higher use of installment credit by individuals with high valiretadfshare
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by increasing the option value of the loan and by reducing ttelfcost of undertaking the transaction.
This is how the model explains our finding in figlré 17 of section 2 that the ratio of the typical installment
purchase to the typical credit card (non-installment) purchase decredastalishareincreases.

Finally, we discuss the estimated probabilitié®|) representing the probability distribution over
the maximum duration of a free installment offer, conditional on one being offered to a given customer.
Recall that in section 4.3 we discussed concerns about our ability to identify this probability distribution
with much precision. We see that fortunately, the estimation does not imply that all free installment offers
involve a maximum ob = 12 installments, something we know is not the case from our discussions with
the credit card company. Instead, the estimation results are very reassuring, since they show that the most
commonly offered installment is for a maximum duration of 3 installments, something that we also believe
is the case from discussion with executives of the credit card company. However we were surprised to see
that the point estimates of our model imply that there is a near zero 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 standard errors
relative to the point estimates (again, the standard error&(ﬂjfi), de{2,...,12} were computed from
the standard errors f@rusing the delta method). The large standard errors reflect the uncertainty 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 distributigdi) that could be consistent with
the installment choice data we observe. However these probabilities are not of direct interest to us in this
study: instead, we are interest in consumer behavior and the uncertainty in the esfincatticients
fortunately does not transmit and result in huge uncertainty in thepkErameters entering thpeandA
functions. As a result, we are confident that our inferences and key behavioral conclusions are robust to
our uncertainty about the probabilitiéd|3).

We conclude this subsection with a discussion of our estimation results for the parameters of the
distribution of purchase§(a/x, r, c) that enters the expected demand curve for installment credit in formula
(@) of section 3. Via initial non-parametric estimation for various consumers, we found that this distribution
is well approximated as a log-normal probability density, so we estimated its parameters via regression
using loga) as the dependent variable. However for the reasons expressed above we were concerned
about potential endogeneity in the consumer-specific interest rates. Therefore we conducted a series of

regressions, using various types of fixed-effect regressions (e.g. regressing first differencé¢a)pbtog
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log(a) less customer-specific sample means ofdpgor estimating customer-specific intercepts, etc.) that

are possible given the panel nature of our data and the fact that we observe many purchase transactions for
each customer in our data set. We found that regardless of how we accounted for fixed effects and whether
we did OLS or instrumental variable regressions (where similar to our regressions in section 3 we used
the CD rate as an instrumental variable fpthe estimated coefficient ofis extremely sensitive to the
inclusion of time dummy variables in our regression. When time dummies are included, the coefficient

of the interest rate is estimated to be near zero with a large standard 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 squares regressions. However we do not believe this latter
result is the correct one. Note that we have relatively few customer-specific vanaldes thus, the
regression has no good way to account for macroeconomic shocks that affect credit card spending other
than via the interest rate, which typically moves countercyclically. Thus, in in good times interest rates
tend to be high and credit card spending tends to be high, whereas in bad times interest rates tend to be
low and credit card spending is lower too. This suggests that interest rates shpaisithesly correlated
with credit card spending, however as we discussed in section 3, we also find that our instruments, such
as the CD rate, is negatively correlated with customer-specific interest rates. As a result, the two stage
least squares regression predicts a weak negative relationship between the instrumented consumer-specific
interest rate and credit card spending.

However in the absence of adequate explanatory variables for income, employment, and other factors
that have strong direct effects on household spending decisions, including credit card spending, we believe
that time dummies are a next best substitute for capturing macroeconomic shocks that affect all households.
Thus, when we include these time dummies, the estimated coefficient on the interest rate in our regressions
falls to near zero and has a very large estimated standard error. Our conclusion is that it is plausible that
credit card interest rates have negligible direct impact on credit card spending decisions, especially given
that the vast majority of transactions in our sample are done without the benefit of any installment credit.

In any event, we feel that the data at our disposal is not sufficiently rich in customer-specific covariates
that we think are likely to have much stronger effects on credit card spending decisions than interest rates
(such as family income, employment, and other unexpected spending shocks such as health shocks and so

forth) that we do not trust results from regressions that have so many observations and so few covariates.
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We feel there is a strong likelihood that these regressiofisrafiect spurious correlationgddue classic
omitted variable bias. As a result, we have adopted as an initial working hypothesigitieg not enter
as a significant shifter of the distributidi{a/x, r,c), and thus we conclude that the key impact oh the

demand for credit is its effect on customers’ propensity to pay for a purchase via installment credit.

4.6 Model Fit

We now discuss the fit of the model. Figukes$[27, 28,[and 29 summarize the ability of the structural model
to fit the credit card data. Of course the predominant choice by consumers is to pay their credit card
purchases in full by the next installment date: this is the choice made in 93.57% of the customer/purchase
transactions in our data set. When we simulate the estimated model of installment choice, takimgdthe
purchase amountsas given for the 167,946 observations in our data set, we obtain a predicted (simulated)
choice of paying in full at the next statement (i.e. to chodse 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 can predict the installment choices made
by the customers in our sample, i.e. to predict the incidence of chdiced. Figure[ 2V plots the pre-
dicted versus actual set afl installment choices made the customers in our sample. We see that the
model provides a nearly perfect fit of actual installment choices. Figure 28 compares the actual versus
predicted choices for the subsample of individuals (both simulated and actual) who chose positive interest
installments. We see that once again, the model predicts the outcome we observe nearly perfectly.

The model does slightly overpredict the number of free installments chosen for duratidns f
installments, and underpredicts the numbedl ef 3 month installments chosen, but only slightly. Overall,
we feel that the model does an excellent job of capturing the key features that we observe in our credit card
data. In particular, when we use the simulated data to recreate analogs of the figures presented in section
2, we find that the model succeeds in capturing all of the key features that we observe in the actual data.

We also conducted a battery of Chi-squared goodness of fit tests using the random-cell Chi-squared test
of Andrews [1988]. These tests are based on partitioning the dependent variables as well as the covariates
entering the model into various “cells” and computing a quadratic form in the difference between the
model’s predicted probabilities of the customer’s choices in the various cells in the partition to the actual
frequency distribution of choices in each of the cells. The degrees of freedom depends on the number of

cells in the partition less the number of estimated parameters in the model. There are countless ways to
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Figure 27: Predicted versus Actual Installment Choices)mstallment Transactions
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Figure 28: Predicted versus Actual Installment Choicesitiresnterest Installment Transactions
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Figure 29: Predicted versus Actual Free Installment Choices
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partition the spac® x A x X x Z whereD = {1,...,12} is the choice setA is the set of (normalized)
purchase amountss is the set of observed characteristics of customerszaigla set of all possible
merchant code and time dummies that entered the model to predict the probability of a free installment
offer. For example, we could partition choices by purchases at various sets of merchants, or over various
intervals of time, or on a partition of the amounts purchased (e.g. large transaction amounts versus small
tranaction amounts) and so forth. We have done this for many different choices of partitions and while
particular values of the Chi-squared statistics are sensitive to how we choose these partitions, we found
that with few exceptions the Chi-squared test was unable to reject our model at conventional levels of
significance. Given the length of the paper, we decided to omit presentation of the actual test statistics
and the correspondence marginal significance values, but we are happy to provide this information upon
request.

As we noted in the introduction and elsewhere, our simulations also predict something that we could
not otherwise learn from our data without having a structural model: the model predicts that in 17% of
167,946 simulated customer-purchase transactions, the company offers customers free installment oppor-
tunities. This estimate strikes us as quite reasonable since if you recall from[figure 20 of section 2, the
most installment prone “addicts” witihstallsharevalues greater than 80% were were doing roughly 17%
of all of their purchases as free installments. If we assume that the most installment-prone individuals
would not pass up many opportunities to purchase items under free installment offers, then this reasoning

suggests that our estimated average rate of free installment offers is quite reasonable.

4.7 Model Implications and Counterfactual Simulations

We conclude this section by providing some illustrative simulations of the model and calculating some
counterfactual quantities to provide further insight into the model and into the behavior of the individuals

in our sample — at least to the extent that the reader trusts that our model provides a good representation
of choices consumers actually make.

Figured 30 anf 31 illustrate the predicted installment borrowing behavior for two different individuals
who are not offered free installment opportunities and so must borrow at an a positive interest rates. In
figure[30 we illustrate an “installment avoider” who hasiastallshareof 0, and in figuré 31 we illustrate
an “installment addict” who has anstallshareof 83.27%. The credit score happens to be the same

for both individuals, equal to 3 (which is a reasonably good score recalling that a score of 1 is the best
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possible), a moderate installment balancéct 1.85, and no late payments.

Figure[30 shows that the installment avoider will never choose an installment term of more than three
months, and it takes extraordinarily large purchases to motivate this customer to undertake any installment
transactions. Even for purchases as large as 10 times the size of the customer’s average statement balance,
there is still a 30% chance that this customer will chodbsel, i.e. to pay the purchased amount in full at
the next statement date. Figlird 31 shows that the installment addict is willing to select installment loans
of durationd = 12 and this customer’s choice probabilities are much more sensitive to the size of the
purchase amount. For small purchases, 20% of the size of this customer’s typical statement amount, there
is a 70% chance the customer will choose to pay in full at the next statecherit, 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 statement amount for this customer, then there is less than a
10% chance this customer would choakse 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 a 12 installment loan is over 60%, with the next
most likely alternatives beind = 10 andd = 6.

Figured 32 and 33 illustrate how the choice probabilities of these two customers are affected when they
are given a 10 month free installment offer. Although the free installment offer has little effect on the in-
stallment avoider for sufficiently small transactions (&g 0.2), the choice probabilities are dramatically
affected by the existence of the free installment option for larger purchase amounts, particularly for the
installment avoider. This person had virtually no chance of choosing any installment duration greater than
d = 3 when facing positive interest rates, however once a 10 month free installment offer is on the table,
the customer’s chance of taking the 10 month free installment offer 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 wiges 1.0 the probability of choosing alternatives= 1 and
d = 3 fall significantly relative to the case where a free installment offer is not available, and the probabil-
ities of choosing installment duratiods= 6 andd = 10 increase significantly. For even larger purchases,
such asa = 4.0, the probability of taking the full 20 month free installment offer rises to virtually 100%.

The story is similar for the installment addict, except that this person is motivated to take advantage
of the free installment option at lower purchase amounts than we 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
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Figure 30: “Installment avoider'igstallshare=0Q
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Figure 32: “Installment avoideriistallshare=Q with a 10 month free installment offer
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offer is present, compared to nearly 70% otherwise. It ig@sting to note that the installment addict is
less likely to choose the full 10 month duration of the free installment opportunity than the installment
avoider.

This brings us to another key findingur model clear predicts that there is a significant probability
that customers who choose a free installment will choose a term that is less than the maximum duration
offered. In figures[ 32 and_33 we see this clearly. For example the blue dashed line in[figure 32 shows
that if an installment avoider who is purchasing an item that equals the average size of his credit card
statementa = 1.0, is offered a free installment with a maximum duration of 10 months, the probability
this person will actually choose the free installment at the maximum duration offiteed, is less than
25%. Similarly, the solid red line in figufe B3 shows that if an installment addict who is purchasing an
item of amounta = 0.2 and is offered a free installment offer with a 10 month maximum duration, the
probability the person will choos#= 10 is about 10%.

As we noted in the introduction, simulations of our model for our full sample leads to the prediction
that 88% of individuals who were offered (and chose) a 10 month free installment offer also pre-commited
at the time of purchase to pay the balancéewwerthan 10 installments. This pre-commitment behavior,
along with the fairly low probability that free installment offers are predicted to be chosen, constitutes what
we have termed “the free installment puzzle.” Although our econometric model enables us to show this
puzzling behavior exists, the model is incapable of explaimihgindividuals in our sample are relatively
reluctant to take (or fully exploit) free installment offers. Although we speculated that individuals might
have some sort of stigma or fear about some hidden catch or cost associated with taking free installment
offers, we simply do not have enough information to be able to isolate the underlying concerns, fears, or
other psychological motivations more precisely, or conclude that the behavior is indicative of some form
of “time-inconsistent” preferences.

Even though our model predicts puzzling behavior that is inconsistent with standard theories of rational
decision making by individuals time-separable discounted utility functions, figufes 34 and 35 below show
that our model nevertheless does predict downward sloping demand curves for installment credit. These
figures present the implied demand curves for the same "installment avoider” and “installment addict”
whose choice probabilities we illustrated above. These curves were calculated using the formula for the

conditional demand curve for installment credit given by

ED(r,x|c) = [ /0 “al1— P(1jarxc)] f(ax r,c)da 28)
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where f(alx,r,c) is the customer-specific log-normal distribution for the (relative) amount purchased on
any given purchase occasion, conditional on the consumer’s decision to use the company’s credit card
pay for the transaction. Note that from our empirical findings in section 4.6, we have no solid evidence
thatr affects the distribution of purchase amounts, so in calculating these demand curves we simply used
customer-specific log-normal distributiofigalx, c) estimated by maximum likelihood but without includ-

ing r as an explanatory variable since we found that it does not have any statistically significant effect on
aonce we included time dummies in the model to control for macroeconomic shocks on spending.

Figure[34 shows that the demand for installment credit by the “installment avoider” is indeed negli-
gible: regardless of the possible credit score, the demand for installment is only a fraction of 1 percent
of the average amount of the customer’s credit card statement balance. The “installment addict” on the
other hand, does have a significant demand for installment credit amounting to approximately an order of
magnitude greater than the installment avoider, in relative terms. Thus, depending on this person’s credit
score, the demand for installment credit in a typical purchase transaction could be anywhere from 10to 17
percent of the average amount of this person’s typical credit card statement amount.

We calculated the demand elasticities for these two customers at the average installment interest rate,
15%, and found in both cases their demand for credit is quite inelastic. The calculated elasticity for the
installment addict is -0.074 whereas the demand elasticity of the installment avoider is -0.11. Thus, perhaps
not surprisingly the installment avoider has a more elastic demand function than the installment addict, but
the important point is both of them have highly inelastic demand curves for credit. This is true for virtually
all of the individuals in our sample. Figure]36 plots the distribution of estimated demand elasticities for 607
individuals in our sample for whom we had enough data on purchases to calculate reasonable estimates
of demand elasticities. We see a very skewed distribution with the lower tail containing a minority of
individuals who have relatively elastic demand functions, but the vast majority of individuals have demand
elasticities that are quite inelastic and concentrated near O.

We conclude by examining the optimality of the credit card company’s interest rate schedule in light
of what we have learned about the demand for installment credit for this sample of customers. Although
admittedly, there are hazards to doing an investigation since we do not have a complete model of the
demand for credit (in particular, we do not know how interest rates affects customers’ decisions about
which credit card to use to pay for any given transaction, or how they might affect the total number

of shopping trips that the customer might make, i.e. we don’t have the data necessary to estimate the
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Figure 34: Estimated installment demand curves for an “finséat avoider” (nstallshare=(Q
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Figure 35: Estimated installment demand curves for an ‘finséant addict” {nstallshare=0.83
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Figure 36: Distribution of Estimated Demand Elasticities
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functionst(c|x,r) and EN(x,r) in the demand curve given in equatidd (1) of section 3), we argue that
such a calculation is reasonable provided we constrain our search for alternative installlment interest rate
schedules to guarantee that the customers’ expected welfare is no lower under an alternative hypothetical

interest rate than the expect under st@us quoThat is, we solve the following problem

o 12

max/ ;[c(a,rd,d)—c(a,T,d)]P+(d\a,x,r2,...,rlz)f(a]x)da (29)
0 =

subject to:

12

/Ooolog (df 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
=] =] (30)

wherer is the credit card company’s opportunity cost of capital (i.e. the rate at which it can borrow) and
r(x,d) is the company'status quanterest schedule from equatidf (7) that we plotted in fiQuie 23 above.
The choice probability, (d|a, x,rz,...,r12) is our model’s prediction of the probability that this customer
would choose an installment loan of duratiorwhen confronted with a hypothetical alternative interest
rate schedulér,, ... ,r12). The constraint in inequality (80) simply states that the expected utility that the
consumer expects from any alternative hypothetical interest rate schedule that the company might offer
must be at least as high as the customer expects to receive uncattrequoschedule. While a fuller
specification of the profit maximization problem for the company would probably relax this constraint
and instead calculate overall company profits as a sum over all of its customers, accounting for the fact
that raising interest rates too much for some customers might cause them to switch to other credit cards
or close their accounts entirely, we feel that the constrained optimization prdbléni (29) (30) does give us
insight whether the company'’s interest schedule is at least optimatdénand bestense. After all, if we
can find ways to increase company profits by changing interest rates to its customers without changing the
expected welfare they expect from access to the installment borrowing opportunity, the company cannot
be maximizing profits in a global sense, since by holding customer welfare constant, we have controlled
for the effect of the proposed change in interest rates on the overall demand for and use of the company’s
credit card by its customers.

Figured 3V and 38 present the optimal schedules that we calculated for the same two individuals that
we have studied in our other counterfactual calculations above. Thesasioener-specifimterest rate
schedulegr,, ..., r12) that increase the profits the company can expect to receive from these consumers

while keeping both customers as well off in an expected utility sense as they are under the costpaus/’s
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Figure 37: Optimal versustatus quainterest schedules for the “installment avoiderisfallshare=0Q
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Figure 38: Optimal versustatus quainterest schedules for the “installment addidtistallshare=0.83
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quo increasing interest rate schedule. Since the company’s interest rate schedules are already customer-
specific, we believe it is feasible for the company to engadgi@shdegree price discriminatioand set
alternative customer-specific schedules such as the ones suggested i figurels 37 and 38.

From figurd_ 37 we see that for the installment avoider, our model predicts the company could increase
its profits by generallyoweringits interest rates except for installment loans vits 2 andd = 3 install-
ments, for which its is optimal to increase these interest rates somewhat. The overall decline in interest
rates keeps the welfare of this customer unchanged, while enabling the credit card company to extract
more surplus from this customer over the durations that the customer is most likely to choose under the

relatively infrequent occasions when the customer does do installment borrowing. Note that due to the
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low rate of use of installments by this customer, overall psafie very low, and even under the alternative
interest rate schedule the profits the company can expect from installment loans from this customer are
negligible, even though our alternative schedule does increase these (negligible) profits by 10%.
Figure[38 shows a more interesting case, the optimal schedule for the installment addict. Notice that
in this case, the optimal interest rate schedule is gendrgherthan thestatus quadnterest rate schedule,
though the counterfactual schedule is lower at installment loan duralien8, d = 9 andd = 11, and
the decreases in the rates at these durations are just enough to keep this consumer indifferent between
this alternative interest schedule and #tatus quo.In this case, the higher rate of use of installment
credit by this customer implies significantly higher profits for the credit card company relative to what it
expects to earn from the installment avoider. We calculated profits undstatus quoas a fraction of
the customer’s average credit card statement amountbgiércent. By adopting the alternative interest
schedule in figure 44, we predict that the company can increase its expected profits by over 68% to 0

percent of the average statement amount for this custperdransaction.

5 Conclusions

The main contribution of our paper is to introduce a new data set on credit card spending and payment
decisions, and to study at a high level of micro detail the use of installment transactions, a topic that has not
been well studied in previous theoretical and empirical work in economics. We showed that the nature of
the installment purchase contract is such that it requires consumers to make individual “micro borrowing
decisions” on dransaction by transaction basig€ven though the number of consumers in our data set is

not huge (fewer than 1000), the panel nature of our data set combined with the frequent use of credit cards
by many of the individuals in our sample yield a huge (by economic standards) data set with over 180,000
of these micro-borrowing decisions.

The objective of our analysis was to use this unique set of data to infer 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 in the setting of customer-specific interest rate sched-
ules (i.e. consumers with worse credit scores who often have the highest need and demand for credit also
are assigned the highest interest rates), we found that the traditional “reduced form” econometric methods

produced non-sensical estimates of the demand for credit thapamrd slopingunctions of the interest
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rater. We found that the use of instrumental variables did not solve the problem since the credible instru-
ments at our disposal (e.g. the CD rate and other measures of the credit card company’s cost of credit)
are extremelweak instrumentthat do not succeed in producing in downward sloping estimated demand
curves for credit.

In order to obtain more credible estimates of the demand for credit we 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 customers makes them extremely useful “instruments”
an approach that treats free installmentgjaasi random experimentbat create extra variation that is
helpful in identifying the slope of the demand for credit. Unfortunately, we showed that other standard
econometric methods that are designed to exploit such quasi random variation mwatil@ing estimators
were not adequate, as they resultpward slopingestimated demand curves for installment credit.

In response to these problems we introduced a flexible discrete choice model of the decision to pur-
chase under installment credit. At each purchase occasion, the customer is modeled as choosing one of
twelve installment alternatives, whether to pay the purchased amount in full at the customer’s next credit
card statement] = 1 (an option that carries a default interest rate of zero), or to purchase the item un-
der installment credit payable uh installments wherel € {2,...,12} at a positive interest rate that is
customer-specific. We accounted for the free installment opportunity as a modification to the customer’s
choice set: a customer who is given the chance to take out a free installment loan of maximum duration
0 may choose from the s€®,...,0} of free interest option®r can choose to either pay in full, = 1,
or borrow for an even longer terche {6+ 1,...,12} at a positive interest rate. We modeled the choice
probability as arriving from a simple cost-benefit tradeoff, where the customer experiences a benefit which
we refer to as aoption value function da, x,d) = ap(x,d) that reflects the benefit of the extra flexibility
of being able to pay the purchased amoaioverd installments.

Offsetting this benefit is @ost of credit ¢a,r,d) ~ ar30d/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 functipremd A can be flexibly specified so that
our model can be consistent with a wide variety of rational and more “behavioral” theories of consumer
choice. In particular, our model results in a downward sloping demand for credit, even though for certain
parameter values our model can predict that consumers shiwdgstake free installment opportunities

when they are offered (and for the maximum duration offered), whereas for other parameter values our
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model can predict that customers are quite averse to ingatlivorrowing in general and would be even
willing to pass up many free installment offers.

We showed that it is possible to solve a major econometric challenge confronting the estimation of
our model: namely, that our credit card data are heasélysoredn the sense that we only observe free
installment offers when consumers actually choose them, but the company has no record of other purchase
situations where a customer is offered a free installment but did not choose it. Even though it would seem
impossible to separately identify the probability of being offered a free installment from the probability
of choosing it, we showed that we can indeed separately identify these probabilities. What we found was
surprising: even though only 2.7% of the transactions in our data set were done as free installments, our
model predicts that consumers face free installment offers in approximately 20% of all the transactions
they make.

Thefree installment puzzleesults from this key finding, namely that customers in our data set are pre-
dicted to frequently pass up “free” borrowing opportunities. Further, we also showed that in the minority
of cases (15%) where customers did choose the free installment offer, there was a very high probabil-
ity (approximately 88% for a 10 month free installment offer) that the consumer would pre-commit to a
choice of a loan duration that ghorterthan the maximum duration allowed under the offer. These de-
cisions present a challenge to traditional economic models of rational, time-separable discounted utility
maximization. Pre-commiting to “suboptimal” choices can be evidence that individuals have more com-
plicatedtime inconsistenpreferences for which this type of pre-commitment can be welfare improving by
constraining future options and the potential “temptations” that current borrowing poses for their welfare
of their “future selves.”

While we believe we have provided credible evidence that this type of pre-commitment behavior is
common (something that few other non-experimental empirical studies have done so far, to the best of
our knowledge) we still refer to our findings as the “free installment puzzle” since our data are not rich
enough to delve deeper into the psychological rationale for these decisions. Besides time-inconsistent
preference explanations, there are other potential “behavioral” explanations for these choices, including
social stigma against the use of installment credit and the scarring effect of past overuse of installment
credit. Since installment credit decisions are made at the check out counter in a public setting, the potential
stigmatization effect cannot be discounted (similar to the way the use of food stamps at check out counters

may be a source of embarrassment for consumers in the U.S.). We believe a distinct possibility is that
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our findings reflect the chastising effects of the rapid groarid sudden bursting of a large “credit card
bubble” in the country just prior to the period of our data, and that this experience could have significant
scarring effects that made many consumers hesitant to take advantage of installment credit opportunities
given that excessive use of installment credit had created so many problems for this country in the very
recent past.

While we presented calculations that suggest that the credit card company’s interest rate schedule may
not be optimal, we cannot provide any definite conclusions whether the company’s use of free installments
is an effective policy or not. We did show that the people who are among most likely to respond to free
installment offers — individuals with high values of tivstallsharevariable — also tend to have worse
creditscores but also tend to be more profitable customers. Although the response to free installment
offers seems small even for individuals with high valuegnstallshareour analysis is unable to address
the question of whether the primary effect of free installment occurs if customers switch credit cards at the
checkout counter in order to take advantage of free installment offer provided by one credit card but not
another.

This point is connected to our final point, namely that an important limitation of our study is that our
data only allows us to study credit decisions for customers of a single credit card company. Of course,
customers have a choice of many different ways to pay at the check out counter, including using cash
or other credit or debit cards. Though we did find that demand for installment 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-based nature of our sample of data. In the
future, it would be important to study consumer choice over multiple alternative sources of payment similar
to the study by Rysmamn [2007] who studied payment choices across multiple different competing credit
cards. It seems reasonable to suppose that the overall demand function for credit will be more elastic when

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