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Abstract

We analyze a new data set on installment borrowing decisibrassample of customers of a credit
card company. In an attempt to increase its market share;dimpany more or less randomly of-
fers its customerfree installmentsi.e. opportunities to finance credit card purchases vialinsént
loans at a zero percent interest rate for durations up tovev@lonths. We exploit these offers as a
quasi-random field experimet better understand consumer demand for credit. Althobgtetis
considerable customer-level heterogeneity in instaltmeage, we show that the average take-up rate
of free installment offers is low: customers choose theny @ of time they are offered. Further,
we provide evidence of pervasive precommitment behavidndiyiduals who do decide to take free
installment offers. For example, we estimate that of thesstibf 10 month free installment offers
that are taken, only 18% are taken for the full 10 month teriowadd under the offer. In the other
82% of these offers, customers precommit at the time of @mgeho pay the balance fewerthan 10
installments. Thus, only 3.6% (18% 20%) of all 10 month free installment offers are taken for the
full 20 month duration. It is challenging to explain this lagfor using standard expected utility models
since there are no pre-payment penalties and the transadasts involved in choosing these loans
are small: rational customers should take every instaltraar for the maximum allowed term when
the interest rate is 0%. One explanation for this behavithas consumers have financial self-control
problems and resist the temptation to take interest-frap fffers. If they absolutely must borrow,
most consumers choose repayment terms that are shortethinanaximum allowed term to avoid
becoming excessively indebted.

Keywords: installment credit, credit cards, demand for credit, bé&raV finance, field experiment, quasi-random experiment,
discrete choice models, precommitment behavior, selfrobrprice discrimination, nonlinear pricing
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1 Introduction

This paper presents new findings on the demand for credidbasa unique new data set that allows us
to observe “micro-borrowing” decisions made by a sampleustamers of a major credit card company.
Unlike revolving creditprovided by most U.S.-based credit cards, the main typeetficoffered by the
company we study igstallment credita contract that is commonly used by credit card companieatimL
America and Asia. Installment credit contracts requirgdamers to makex antechoices of the number
of installments over which they will pay back the amouneath purchasenade using their credit cards.
Our data enable us to observe many thousands of these nuimmaling decisions on &ansaction by
transaction basisCustomers are aware that they have this opportunity bedtissgescribed to them on
each of their monthly statements, along with the interastsehedule for installment loans with durations
of 2 to 12 billing statements (months).

In an attempt to increase its market share, the company mdégewrandomly offers its customdrse
installmentsj.e. pre-approved installment loans at a zero interestfoatdurations up to twelve months.
We exploit these free installment offers agj@asi-random experimerio help identify the demand for
credit using a flexible “behavioral” discrete choice modeihstallment credit decisions that accounts for
censoring (choice based sampling of free installmentsipie the fact that we only observe free install-
ment offers when consumers choose them, we show that it @hpeto separately identify consumers’
choice probabilities and the probability they are offenefinstallments. In particular, we can identify the
probability that consumers will decline free installmeffecs, and the probability they will accept them
but precommit to repay the loan in fewer installments thantaximum number allowed under the offer.

The average interest rate the company charges to consuongreditive interest installment loans is
approximately 15%, so we would expect that free installnodfietrs would have a high take-up rate. How-
ever we show that the take-up rate for these offers is agtually low: fewer than 3% of the transactions
in our sample were made as free installments, even thoughstiraate that customers are offered free
installments in approximately 15% of all transactions thegke with this credit card, which imply an av-

erage take-up rate of only 20%. Further, we provide evidehsgnificant “suboptimal” precommitment

1in contrast, under revolving credit contracts, customea&erborrowing decisions at the time they mach bill. Revolving
credit amounts to an option pay only part of their balance dod to use a sequence of one month loans of endogenousknchos
sizes (subject to an overall credit limit) to pay off theirspaurchase balances according to their own desired tinte Jate
company did not offer revolving credit to its customers URE05, and then only to a minority of its customers with thetbe
credit scores. In the absence of revolving credit the fulibee is due at each statement date unless the customertohuse
for some of their previous purchases on installment.



behavior among the subset of individuals who do decide te tide installment offers. For example, we
estimate that over 80% of the individuals who are offered eémabse a 10 month free installment loan
offer will precommit at the time of purchase to pay off thedrale infewerthan 10 installments.

Since free installment offers are pre-approved, entailigiete transaction costs, and have no pre-
payment penalties, the frequent selection of “dominatestratives” is difficult to explain using standard
expected utility models: rational consumers should alwehy@ose to borrow for the maximum allowed
term when the interest rate is 0%. However theories of tingensistent decision making and decision
making by individuals with self-control problems can expléhis behavior. One interpretation for our
findings is that consumers try to resist the temptation piexiby interest-free loan offers because they
have financial self-control problems and want to avoid bangrexcessively indebted.

Though there is well established and influentfeoreticalliterature on time inconsistency and self-
control problems, there is not a great deal of empirical @vig supporting the predictions of these theo-
ries. As Bernheim and Meer [2012] note “Over the last twergrg, the concept of time inconsistency has
emerged as a central theme in behavioral economics. As lskn@lvn, any consumer sufficiently self-
aware to notice her time-inconsistent tendencies will fieghia demand for precommitment technologies.
At a minimum, consumers should acquire such self-awarenglsespect to frequently repeated activi-
ties for which they consistently fail to follow through oniqarintentions. Yet oddly, there is surprisingly
little evidence that people actually value and exploit premitment opportunities.” (p. 1).

The main contribution of this paper is to provide evidena the customers in our sample do actually
value and exploit precommitment opportunities. However\hrious theories of time inconsistency or
self-control problems may not be the only way to explainrtbehavior. There could be stigma associated
with the decision to take a free installment offer, or constsrmay believe that taking these offers could
hurt their credit rating. While these latter explanatioas explain low take-up rates, it is not clear that
they can explain why customers precommit to repay intdrestioans faster than necessary.

There is independent evidence that individuals in the ggumé study do have financial self-control
problems — at least in the aggregate. Just prior to the pefiodr sample, which covers the years 2003 to
2007, there was a large credit card “bubble and bust” tharegvimpacted the economy of this courHry.

Between the late 1990s and 2002 a combination of factorsdima government policy favoring credit

2Unfortunately confidentiality restrictions prevent usrreevealing the country or the identity of the credit card pamy
that provided the data.



cards to improve tax collection and the entry of new credid ¢gssuers dramatically increased the number
of individuals using credit cards and overall credit cardrgpng. At the peak of the credit card “boom” in
2002, the average credit card customer had more than 3 cerds, average credit card balances were in
excess of $2000 per capita, and aggregate credit card deliréed to nearly 15% of GDP.

Much of the aggressive expansion of credit card accountsiaselcured lending by the new non-bank
entrants proved unwise and in 2003, the year preceding nasgtralata, there was a significant “credit
card bust” with default rates in the credit card industry aghale exceeding 25%. This lead to massive
losses in the financial sector, several near bankruptciggmffr banks and major non-bank companies that
entered the credit card market, and a government bailouteteept a wider financial panic from ensuing.
The bailout was largely successful and in combination wilbydion of better risk-management policies at
the major credit card companies, average credit card bedagmed default rates rates declined rapidly after
2003. By 2005 the credit card default rate had fallen by maae 60% to just over 10%, per capita credit
card balances had fallen to less than $700, or about onedhteeir peak in 2002 just before the crisis,
and credit card debt as a fraction of GDP had fallen to a mucte measonable level of approximately
4%. By 2007, the last year of our data, the default rate onitccadds had fallen to less than 4%, roughly
comparable to credit card default rates in other OECD c@satr

In light of this history, an alternative explanation foruefance of consumers to take free installment
offers could bestigmatizationand perhaps a degree of overreaction to the excessive hpga@nd high
credit card defaults in the boom and bust just prior to théopeof our sample. However we stress that
the low take-up rate of free installment opportunities @drre ascribed to credit limits imposed by the
company we are studying since interest-free loan offerp@-@pprovedand the company does not impose
an explicit borrowing constraint on its customers as lontiag are not delinquent. Thus, low take-up rate
of interest-free installments can only be ascribed to a@ons choice by customers to forgo them.

Though we demonstrate that the decision to take free installs doesiot worsen a customer’s credit
score, we cannot rule the possibility that some custorbeligvethat taking too many free installment
offers could worsen their credit scores and limit their fatborrowing options. So the behavior we observe
might also be explained by an expected utility model, but where consumers haweational beliefs.

In an era of rampant financial fraud, it may not be entirelgtional to suspect that there is some hidden
“catch” in an interest-free loan offer, or a fear that borirygwvill increase the risk of late payment penalties

that could exceed interest savings on the amount borrowean Ehough we show that late payment



penalties are small (at least by American standards) anbdelnef that taking free installment offers will
degrade a credit score is incorrect, if enough consumess ti@ge beliefs, it can constitute an alternative
explanation as to why so many customer interest-free bangpapportunities. Specifically, the behavior
could reflect gprecautionary motivéy consumers who want to avoid compromising their creditesby
using installment credit in non-critical situations in erdo preserve their option to borrow in emergency
situations that might arise in the future. A belief-baseglamxation for low take-up rates cannot explain
why customers precommit to repaying interest-free loasgefathan necessary unless they also believe
that doing this helps their credit score somehow. Theoffiesemtal accounting cosend “debt aversion”
might be alternative ways to explain this behavior.

In section 2 we review the existing empirical literature oedit card borrowing and tests of consumer
time-inconsistency and self-control issues and relatediest that have shed some light on these questions.
Section 3 describes the credit card data and documents fiwtamce of merchant fees as a significant
component of the profit that this company earns: we beliegaslthe main motivation for the company’s
frequent use of free installments — to incentivize incrdaggending by its customers in order to increase
its own market share and profits. Though we find that the takefdree installment offers is low, it does
not follow that it is a bad idea for the firm to offer them to itsstomers. We show that individuals who
are heavy installment spenders are also the individualsasanost likely to respond to free installment
offers, and these individuals tend to be among the compamg& profitable customers.

Section 4 introduces a flexible behavioral model of instafitchoice and derives the likelihood func-
tion for the choice of payment term for the 167,000 creditideainsactions in our data set. The likelihood
accounts for the censored, choice-based nature of ounathses of free installment offers. We establish
the identification of the structural parameters and preenestimation results, including an evaluation
of the goodness of fit of the model. We show that the estimatedeirfits the data extremely well, and
the borrowing behavior it predicts reflects a great deal oomer-specific heterogeneity, and generally
results in very inelastic estimated demand for installneetlit. Most importantly, the model predicts the
low take-up rate for free installment loan offers, and thighhincidence oex anteprecommitment to loan
terms that are shorter than the maximum term allowed undelotm offer. We test and strongly reject
strong and weak dominance restrictiotigat constitutea priori restrictions on the behavioral model that
rule out the anomalous precommitment behavior.

The low take-up rate of free installment offers raises daestabout the cost-effectiveness and over-



all profitability of the aggressive use of free installmehisthe credit card company as a strategy for
capturing a larger share of the credit card market. Why doiescompany use free installment offers so
frequently if the take-up rates are so low? In section 5 weideosome evidence on the rationality of
the company’s behavior. We conduct a counterfactual eseitiat uses the estimated demand system to
search for alternativeonsumer-specifiinterest rate schedules that result in higher profits to tedit
card company subject to the constraint that the expecthty ofi this alternative schedule to the customer
is no lower than their utility under the company’s currenstatus qudnterest schedule. Our calculated
optimal interest rate schedules differ significantly defieg on customer characteristics and generally are
very different from the particular schedule that the conypaais chosen. This suggests that the company
may have suboptimal pricing and advertising policies, apstas a result of a limited understanding of the
behavior and preferences of its customers.

Section 6 presents our conclusions. We view the primaryritnion of this paper is to provide ev-
idence that individuals do make “suboptimal” financial demis — they frequently reject interest-free
loan offers even though they are willing to pay very highiiagt rates to borrow on other occasions where
the interest-free offer is not present. Further we haveidealevidence that among the subset of indi-
viduals who do take interest-free offers, a large fractibthem precommit to paying the loan off over
a shorter term than the maximum term allowed under the offfés. a challenge to explain this behavior
using standard expected utility theory, but this behavdocdnsistent with a variety of theories of indi-
viduals with time inconsistent preferences and self-abrgroblems. Though there may be alternative
models involving stigma, irrational beliefs, or “mentataanting costs” that can explain why consumers
make these decisions, a secondary contribution of thisrpape introduce a simple behavioral model of
installment credit decisions which is flexible enough to@npass a variety of theories of the underlying
behavior of these customers. Though our econometric medhdtirich or detailed enough to distinguish
between alternative theories for the behavior we find (andwspect that some of these theories may be
nearly observationally equivalent), its ability to approate the behavior and the high degree of hetero-
geneity we observe in this data set suggests that it couldusefal tool to enable firms to develop better
models of the behavior of their customers, and potentitdiyhelp them design more efficient/profitable
loan contracts. However our ability to develop richer, mibegiled behavioral models that might be able
to distinguish different theories of customer behavioratefs critically on the company’s willingness to

collect additional data and conduct experiments with tbegtomers.



2 Existing Literature on Credit Cards and Self-Control Problems

The earliest work on time inconsistency and precommitmieat we are aware of is by Strotz [1955],
but much of the current interest in this area is due to sulesgqeontributions by Gul and Pesendorfer
[2001],[Fudenberg and Levine [2006], Laibson [1997], aritert on hyperbolic discounting, temptation,
and self-control. Versions of these theories for “sopbétd” agents (i.e. agents who are self-aware
of their time-inconsistent behavior) can explain why indinals might precommit to actions that restrain
the options available to their “future selves”. As Gul andgé&welorfer|[2001] note, there are situations
where precommitment can make these individuals “unambigjydbetter off when ex ante undesirable
temptations are no longer available” (p. 1406).

As we noted in the quote from_Bernheim and Meer [2012] in theoduction, there has been com-
paratively little empirical work that finds behavior consi®t with these theories, particularly with regard
to whether individuals intentionally make costly precortiménts to constrain their future selves. In their
own empirical study, Bernheim and Meer [2012] conclude ttmbur considerable surprise, we find no
evidence that precommitment strategies affecting auvéithalplay meaningful roles in aggregate liquor
consumption.” (p. 12).

Most of the evidence that is consistent with these theomeses from laboratory experiments rather
than “field data”. | Casari [2009] notes that “Although the lioations of naiveté or sophistication are
profound, the behavioral evidence is still quite limite@. (119). Casari’'s own experiment suggests that
“the demand for commitment was substantial” even thoughmi@itment always carries an implicit cost
due to the uncertainty of the future.” (p. 1&).

Though there is a very old literature on installment creaiing back to the U.S. during the Great
Depression (see, e.g. Kisselgoff [1952]), and there haea lseveral previous studies of credit card bor-
rowing under revolving credit arrangements that are commdime U.S. (e.g. Gross and Souleles [2002]),
to our knowledge there is no previous study that analyzesybe of credit card installment borrowing
that we study in this paper, especially at the level of detad with the large number of transactions that
we have access to in this data set. In addition to having derale data on the amount and type of the
transaction, we also observe the company’s proprietaditcseores for these customers, and we resolved

problems of unobserved pre-sample balances (initial tiomd) and were able to recreate the trajectories

binding self-imposed deadlines) may have limited value selfacontrol device to avoid procrastination.



of their credit card and installment balances. However aamtdge of the data usedlby Gross and Solleles
[2002] is that they observe usage and borrowingtbncredit cards, whereas our study only allows us to
study borrowing related to singlecredit card.

Besides the low take rate of free installment loan offers, estimated model predicts that the de-
mand for credit is highly inelastic for most customers in sample. This differs from the conclusions of
Gross and Souleles [2002] who find a significant fraction eélitrcard consumers are liquidity constrained
and are highly responsive to credit offers. For example Saosl Souleles [2002] find that “increases in
credit limits generate an immediate and significant riseaghtd(p. 151). Further, Gross and Souleles
[2002] find that “Unlike most other studies, we also founasty effects from account-specific interest
rates.” The high elasticity of credit demand they find is duénet changes in total borrowing” rather
than balance shifting across different credit cards (p).1B@rthermore, they found that “The elasticity is
larger than average for declines in interest rates, refigdtie widespread use of temporary promotional
rates.” (p. 182).

Perhaps the closest previous studies to our’s is Ashraf {2@06] and Kaur et al| [2012] which pro-
vide evidence from field experiments that some individuadkenvoluntary choices that are suboptimal
from the standpoint of expected utility theory. [In Ashrab&t|2006] randomly selected customers of a
Phillippine bank were offered a savings precommitmentasptalled “SEED” in order “to test whether
individuals would open a savings account with a commitmeattfre that restricts their access to their
funds but has no further benefits” (p. 636). Though they foanelatively small 28% take-up rate among
the individuals who were offered the SEED savings plan, &edaiverage bank balance was only $8.20
higher for those who choselit, Ashraf et al. [2006] argued din@ to the relative poverty of the individuals
in their sample that SEED had “a strong positive impact onnggv’ (p. 669). Further, Ashraf etlal.
[2006] asked subjects in the treatment group a set of hypo#théime-discounting questions designed to
elicit whether the individual has time-inconsistent prefees. They found that individuals who exhibited
evidence of time-inconsistent preferences were moreylikethoose the SEED option.

Kaur et al. [2012] report the results of an experiment in widata entry workers in an Indian company
were offered the choice ofdominated contractThe standard contract for these workers is a combination
of a fixed wage plus a piece-rate bonus to create an incemtiemter data quickly but correctly. The
experiment gave a subset of workers a choice of an alteenadintract that provided only half of the piece

rate bonus if they failed to reach a specified target leveluppat. Since the subjects only face a penalty



for failing to reach the target but no extra bonus if they extci, expected utility models predict that no
worker would choose these dominated contracts. Yet in tageriment| Kaur et all [2012] found that
“workers take-up the dominated contract by selecting atpesiarget 36% of the time when present.”
They found that total output was 2% higher for the subjects wimose the dominated contracts and the
difference is statistically significant.

Our study can also be regarded as a field experiment, but weréreatment” of interest is the free
installment loan offer. However unlike Ashraf et al. [20Q6]d Kaur et al.[[2012] who had the benefit
of a direct randomized experiment with separate treatmeditcantrol groups, our study of installment
offers is aquasi-random experimenitiowever our biggest econometric challenge is not the laglediect
random assignment, but rather the significant censoringimata. That is, we only observe the subset of
individuals who were offered zero interest installmeatsl chose them. We do not observe individuals
who were offered interest-free installments and did nobskedhem. However we show how we can solve
the censoring problem econometrically and exploit the frestallment “quasi experiments” to learn a
considerable amount from the data we have, despite somelhitations.

Another closely related study to ours is Alan etlal. [2011D{A who analyzed data from a randomized
experiment undertaken by a British credit card company. AIDH that “individuals who tend to utilize
their credit limits fully do not reduce their demand for dteghen subject to increases in interest rates as
high as 3 percentage points.” They interpret their findingeadence of binding liquidity constraints.”
(p. 1). Their finding of highly inelastic demand for creditfdrs from/ Gross and Souleles [2002] but is
consistent with our empirical findin&However ADL did not present evidence on whether the custemer
in their data exhibited a preference for costly precommitimevhich is the focus of this study.

The lack of sensitivity to interest rates may reflect some@e@f “consumer inertia” either of the
“rational inattention” variety (e.g. Sims [2003]) or thepiarct ofswitching and information costacluding

the costs of becoming informed about other ways to borrowvegt interest rates, and switching balances

4ADL argue that the random assignment of interest rates iin shedy enables them to get more credible estimates of the
credit demand elasticity than Gross and Soul€ies [2002]daising hon-experimental data “We show that estimatingdsird
credit demand equation with the nonexperimental variatoour data leads to seriously biased estimates, and tlsisttiue
even when we condition on a rich set of controls control \@es and on individual fixed effects.” (p. 27). However ADLipn
have access to data from a single credit card, whéreas Grassaiieies[[2002] can observe borrowing over multiple itred
cards. One would expect that due to substitution in balaacesss credit cards, that ADL should find more elastic demand
than Gross and Souieles [2002] found. However the actuahfind precisely the reverse of this economically expectéate
Further, we would exped priori that a failure to fully control for endogeneity in intereates would lead Gross and Souieles
[2002] to underestimatethe demand elasticity. So the discrepancy between the §adiom[Gross and Souieles {2002] and
ADL is doubly puzzling. While there is substantial hetenogi¢y in our estimated credit demand elasticities, the medure is
between the values estimated by ADL and Gross and SauidieR]2i.e. we find small but statistically significantly néga
demand elasticities for installment credit.



to other credit cards in response to solicitations thatrattnsumers balance transfer opportunities at
significantly lower interest rates.

This sort of inertia may explain puzzling behavior obserire@d another field experiment analyzed
bylAusubel and Shui [2005] (AS2005). They analyzed a margegxperiment conducted by a large U.S.
credit card company in 1995 in which a mailing list of 600,@@hsumers was divided into six subsets
with approximately 100,000 individuals each. Customersich subset were offered (via a letter delivered
by mail) the opportunity to apply for a “pre-approved” crechrd from this company with the opportunity
to do balance transfers from other credit cards at variousritroductory rates for varying lengths of time.
The most popular offer was the one that offered the lowestast rate but for the shortest duration, 4.9%
for 6 months.

The take-up rate for these offers was uniformly small: 1% —esult consistent with our finding of
low take-up rates for free installment offers. (AS2005)ali® another puzzling aspect of the behavior
of the subset of consumers who took these offers, which thkyank reversal.When they analyzed the
actualex postinterest rate paid by customers for each of the six intraatyabffers over a 13 month period
after the cards were adopted, the interest rate paid byroessowho chose the least popular offer (7.5%
for 12 months) was thlewest(just over 7.9%) whereas the interest rate paid by the ciea®mho chose
the most popular offer (4.9% for 6 months) was substantklijner (10.2%).

The rank reversal puzzle is a closely related to anotherlpunamely, that the majority of these
customers (60%) failed to cancel their accounts after thrednctory rates ended. As (AS2005) note, it
is puzzling why these customers were not motivated to retheie balances or switch out of these cards
when the low interest rates period expired, given that teilderest rates were evidently one of their
primary motivations to switch into these cards in the firatel These results suggest that either inattention
or switching costsmay be an important reason for the low response rates to thpamy’s introductory
low interest rate offers, and may explain the inertia thaghhbe responsible for the relatively inelastic
customer response to changes in interest rates overalle¥owWAS2005) argue that switching costs alone
cannot fully explain the puzzles they find. Instead, theyarthat a model of time inconsistent decision
makers with hyperbolic discounting does a better job of &ixjshg the behavior of the customers in their
sample than a time-consistent dynamic programming modalswitching costs.

The low take-up rates we find cannot be so easily ascribedde &witching or transaction costs since

the ability to borrow on installment credit is an opportynifffered to customerafter they have received



their credit card and this opportunity is available &rery customer and for nearly every transaction.
Thus, there is no additional onerous paperwork that mustlled fiut to apply for the installment loan,
and there is no issue about an installment loan being detliede loans are essentially pre-approved and
can be done at the check out counter at very low marginal séstms of time and effort. Since installment
transactions are designed to be easy and are not subjeetiblenits (provided the customer is in good
standing), our finding that customers are not very respertsilow free installment offers may be more
compelling evidence of a desire for precommitment thandherésponse rates to low introductory interest

rate opportunities that (AS2005) found in their study.

3 Credit Card Data

A credit card company provided us with data on all purchaséls)g statements, and payments made by a
sample of 938 of its customers from late 2004 to spring 200& oldgerve over 180,000 individual purchase
transactions for these customers over this period, and dkemajority of these transactions involved
customer-level micro borrowing decisions about the whettheay 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 (denctedchoiced from the se{2,...,12}).

The primary focus of this paper is to understand how custerdecide whether to pay for individual
purchases as a “regular purchase” (i.e. as payable at thesta®ment date to which the transaction
is assigned) or as an installment purchase in which caseaymgnt is spread out over 2 to 12 future
statement dates. We are particularly focused on idengftlie effect of the installment interest rate on the
customer’s choice of installment term. Although the avaliey of installment credit can potentially affect
the customer’s decision whether to purchase a given itenotron to purchase via credit versus cash or
some other credit card, as we discuss below, our data arenibédi usefulness for studying these other

related effects on interest rates on spending and creditusage decisions.

3.1 Installment Loans and Interest Rates

In our data we observe installment purchases of varyingthsndrom 2 to 12 months. The most commonly
chosen term is 3 months: 61.5% of all of the installment pasels we observe have a 3 month term.

The maximum installment term we observe is 12 months, wisathbsen in 1.7% of the cases. Other
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frequently chosen terms are 2 months (20.0% of cases), S @0%), 6 months (4.9%), and 10 months
(3.7%). There are no installment purchases with a term of atimaince this is equivalent to a regular
charge, i.e. a payment due at the next billing statement.v@ikemajority of all transactions, 93% in our
data set, involve the default option of paying the balandelirat the next statement dateé = 1.

Almost all installment purchases are paid off in a serieqjobpayments. For example, if a consumer

purchases an amouRtunder an installment contract with a total @finstallments payments, then the
consumer will pay back the “principalP in d equal installments dP/d over the nexd billing periods.
If the consumer is charged interest for this installmentpase, the credit card company levies additional
interest charges that are due and payable along with thallmsht payment at each of the successive
d statement dates. However in some cases there are unequakmisy sometimes as a result of late
payments, or pre-payments. The installment agreementramdsave a pre-payment option, so that if a
consumer does pre-pay an installment loan, the credit aargbany still charges principal and interest at
the successivd statement dates, as if the customer had not pre-paid.

We calculated the realized internal rates of return on 888filment transactions in our credit card
data set. This is the interest rate that sets the net preakmst of the cash flows in the installment transac-
tion to zero. There were only 141 cases out of the 8987 instait transactions where the customer did not
follow the original installment contract by paying in tbénstallments that the customer originally agreed
to pay. There were pre-payments in 127 cases, i.e. whereautiterger paid off the installment balance
more quickly than necessary under the original installnagméement. Given that there is no direct benefit
to the customer from pre-paying the installment (since teelit card company will continue to collect
interest from the customer as if the installment loan hadeen pre-paid), it seems hard to explain why a
rational, well-informed consumer would do this. In 31 ofsbeases, the customer was given a 0% install-
ment loan, and yet still pre-paid. One possible explanatidhat these customers were not aware that they
had what was in effect an interest-free loan, and not awateltiere was no benefit to pre-paying. These
customers might have believed (incorrectly) that by pawffigheir installment balance more quickly they
were saving interest charges, or perhaps some other ekiplarsaich as “mental accounting” (e.g. the
desire to be free of the mental burden of having a large mdstg installment balance to pay), that might

explain this behaviﬁ

5There were only 17 cases where the number of installment patamvere greater than the number of installments originall
agreed to in the original installment transactions. Theseal appear to be “defaults” since the total amount coltksteach of
these cases equals the initial amount purchase. The dgtayinent was typically only one billing cycle more than thigioally
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Most installment purchases have a positive internal ratetofn, but in nearly half of all installment
purchases we observed (47.7%) the internal rate of retumOyao the customers were in effect given
an interest-free loan by the credit card company. Theseintest or “free installments” are usually a
result of special promotions that are provided either atiéliel of individual merchants (via agreement
with the credit card company to help promote sales at pdaticuerchants), or via general offers that the
credit card company offers to selected customers duringfepperiods of time either to encourage more
spending, increased customer loyalty, or as a promotioittitaca new customers. We will discuss these
offers in more detail in the next subsection.

Though the company does not publish its schedule for seititggest rates, We were also able to
uncover (econometrically) the formula the company usesdtting installment credit interest rates, and
we show that these interest rates not only depend on thet aeatie of the customer, but also on the
duration of the installment loan. The credit card compargsusparticular non-linear increasing interest
premium schedule for loans over two months in duration thabmmonto all its customers, but with a
base rate or intercept that varies with customer charatitey; particularly the customer’s credit score. For
example, the interest rate premium the company chargesmass for a 12 month installment loan is 7
percentage points (i.e. the interest rate on a 12 monthlimstat is 7 percentage points higher than the

interest rate it charges for a 2 month installment loan) aiddifferential is thesame for all customers.

3.2 Interest-free Installment Loans

We already noted in the introduction that the credit card mamy uses interest-free loans as a marketing
device to attract new customers and to incentivize its otizastomers to stay with the firm and to spend
more using its credit card instead of using credit cardssof@mpetitors. This company is very profitable
and merchant fees associated with credit usage contribwe important way to the overall profitability
of the firm. Specifically, when we computed the (undiscountedenues of the firm for the 938 customers
we analyzed, we found that merchant fees amounted to 36%edthl revenues received from these
customers. Due to the structure of payments in this coutmeycompany places great importance on rapid
growth, both in absolute and in terms of its market sharehaskey to its future success. A combination

of increasing returns to scale and network externalitieseahe cards offered by the dominant firms to be

agreed number of installments. For this reason, we belimaethese cases might reflect the effect of holidays (suchhasew
a payment is allowed to be skipped since a statement fallsspeeial holiday) or some other reason (e.g. an agesegbst
modification in the installment agreement). Since theresariew of these cases, we basically ignore them in the asabesow.
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accepted by more merchants and this in turn enables thenatgechigher merchant fees.

The credit card company does not keep a record of when ancevalnerto whom interest-free install-
ment offers are made. Instead, we can only learn about thdimeatly via customers who chose them,
since in these cases the choice is recorded in the compaalyadat at time of purchase. Although they
keep no central records, company management told us thasitheir impression that between 10 to 20%
of all credit card transactions involve free installmerfeds, and the majority of these involve a maximum
term of 3, i.e. the installment loan is paid off in equal paytsan the subsequent three statement dates.

Company management confirmed that interest-free offergraversalin the sense that they are made
to all customers regardless of their credit score, ins&tlinbalance, or other customer-specific charac-
teristics except for customers who are not in good standirg, customers whose accounts have been
classified as in collection for having unpaid balances forarthan 6 months. The only way customers
may have differential access to free installment offersissttheir shopping patterns (since free installments
are offered with different probabilities at different mieants and vary by time of year) and the possibil-
ity that installment-prone customers might actively seekfoee installment offers. Free installments are
sometimes made available &l of the company’s customers regardless of where they sholinfiied
periods of time announced on the company’s web site, or imslgeads that are included in the monthly
statements that it mails to its customers. Management alsiirmed that the maximum term of the offer
is not determined in any systematic fashion, and is alsqiedgent of the characteristics of the customers,
or other variables such as merchant type, or time of year. Westimate the probability distribution for
the maximum term of the free installment offer as an additidnuisance parameter” in section 4.

Installments are typically decided upon at the time of paseh where the customer notifies the cashier
of their intention to have the purchase be done on instaliroeer their chosen term. The interest rate
applicable for positive interest installment loans is tgtly not displayed to the consumer at transaction
time, though customers are informed of their installmetdrigst rates on their monthly statements and via
their accounts on the company’s web site. In situations &tiex customer is offered a free installment, the
cashier will typically inform the customer of the availatyilof this option at the time of purchase. The free
installment term is always determined as part of the fremiimsent offer, and thus is not a variable that
the customer can choose (unlike the case of positive inteaEsinstallments), except that customers are
allowed to precommit to pay off the installmentfewerthan the maximum number of payments allowed

under the offer. If a customer wishes to borrow for a longemtéhan the one offered, it must be done
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Figure 1: Durations of Free and Non-Free Installment Loans
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at a positive interest rate according to a customer-spesfiedule for positive interest installment loans
presented in section 4.2.

Figure[1 plots the distributions of installment terms fo0@7nstallment transactions made by cus-
tomers who chose positive interest rate installments, udthe distribution of installment terms chosen
in 4287 transactions where customers chose free instadllofiars. The distributions are roughly simi-
lar except that the mean installment term chosen by cus®orater positive interest installments, 3.66
payments, is greater than the 3.42 payments offered toroessowho chose free installment options. We
see that when customers choose installments with a positeeest rate, they are generally more likely
to choose longer duration loans, though the differenceerntwo distributions is not particularly striking.
What we cannot tell at this point is whether the lower freaquyeof longer duration interest-free install-
ments is a result of consumer choice, or due to the fact tlatdimpany makes relatively few longer
duration free installment offers.

Figure[2 plots the cumulative distribution of non-instadimh purchases, as well as zero and positive-
interest installments. We see a striking pattern: theidigion of positive-interest installmensdochas-
tically dominatesthe distribution of zero-interest installments, and timigurn stochastically dominates
the distribution of non-installment purchases. The Iditating is not surprising: we would expect con-
sumers to put mainly their larger expenditures on instailna@d the remaining smaller charges as regular,
non-installment credit card charges.

However the surprising result is that installments done positive rate of interest are substantially

larger than installments done at a zero interest rateyety quantileof the respective distributions. For
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Figure 2: Cumulative Distributions of Credit Card TransattAmounts
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example, the median installment at positive interest rigtasarly 60% larger than the median installment
done at a zero interest rate. Thus we can see what we have talfeee installment puzzlm figure[2:

the average size of a positive interest rate installmenbierthan 75% larger than the average installment
done under a zero interest rate. Economic intuition (e ghtipothesis of a downward sloping demand for
installment credit) would suggest that installments dadng lawer interest rate — and particularly those

done at &erointerest rate — should be significanthrger than those done at a positive interest rate.

In summary, the vast majority of transactions in our saleasgd, 87%, are regular (non-installment)
credit card purchase transactions (93% if we exclude casnad transactions). These tend to be smaller
in size, about $50 per transaction. The remaining trar@matonsist of cash advances (7% of the transac-
tions) and installments (6% of the transactions). The linsémts we observe are roughly equally divided
between zero interest and positive interest transactibhs. most common installment term is 3 and the
mean size of an interest-free installment transaction sagimately $200 whereas the mean size of a
positive interest installment transaction is $350.

Figure[3 plots the distribution of internal rates of retunattthe credit card company earns on these
installment sales, including the merchant fee. Due to spag&tions, we do not plot the distribution of
internal rates of returns that exclude the merchant fees distribution is effectively the distribution of
interest rates charged to the company’s customers. It isr@opnced bi-modal distribution reflecting the
fact that roughly 50% of installment purchases are done at@gpercent interest rate and the other half of
positive interest installments are done at a mean intea¢staf 15.25%. When we include the merchant

fee, the distribution of returns shifted significantly teethght. Even with the interest-free installment
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Figure 3: Distribution of Rates of Return on Installmentglliding Merchant Fee
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transactions included, the company earned an averagefnatim of 23% on its installment loans. For
the positive interest installment loans the average iateeturn inclusive of the merchant fee is 31.@%.
Overall, we conclude that at least for this company, instelit loans are excellent investments that offer
very high rates of return. Further, in this post-financiasisrera, the sample of customers we analyzed
exhibited relatively low risk of default.

The high rates of return from installments point to the padsfiility of the company’s non-installment
credit card purchases as well. Due to billing lags, the ayeeduration between a purchase and repayment
of a non-installment purchase transaction is about 50 daks. average merchant fee that the company
earns on its purchase is 2% which implies that the companys an average gross return of 15% even on
its regular credit card transactions even when it is givitg ¢ustomers a 50 day interest-free lbarhis
may be why the credit card company might be interested in i@tyanf promotional devices, including
use of free installment offers, aimed at increasing its nemds customers, the spending per customer,
extending the network of merchants that accept the comga&ayd, and ultimately in raising the merchant
fee that the company can charge. If the company were ablesw ita average merchant fee to 4%, then
the rate of return it earns on ordinary purchases more thablés, to 29.8% (assuming the same average

delay between purchase and repayment on non-installmeciiases).

6These calculations do not includefaults. However fortunately for the credit card company we studtedre were only
23 individuals out of the 938 in our sample who defaulted ahdse credit card accounts were sent to collection. We cannot
determine the amount of the unpaid balances that the compasiyltimately able to recover from these 23 individualsyéxer
even if all 23 were declared complete losses, factoringethesses into the distribution in figure 3 would not signifitadiminish
the returns the company earns.
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3.3 Characteristics of Installment-Prone Customers

Our analysis reveals a substantial degree of heterogem&itgs credit card customers in their propensity
to use of installment loans, and we find that the best singlasore of this propensity is not the mean
fraction of transactions done via installment, but ratherrhean share of credit card purchases paid for by
installment, something we refer to as thetallment share.

The left hand panel of figuifd 4 presents a scatterplot (wigthctinditional mean of the data indicated
by a local linear regression fit to the data) that shows hovirtstaliment share relates to creditworthiness
as reflected by the company’s internal (proprietary) credhiring system where a score of 1 represents the
best possible creditworthiness and 12 is the worst. Custwleo have credit scores in this range are still
allowed to borrow on installment and face no credit limitawéver consumers who are in the process of
collection will have their credit card borrowing and spemgprivileges suspended and they show up in
our data set as having a credit score of 0. We see a positaorehip between the credit score and the
installment share so individuals with higher installmgmtrsding tend to have worse credit scores.

We see figurgl4 as a potential first indication of possibleitoemstraints, or at leastigh demand for
creditamong the customers that are heavy installment spendetsaetheir poor credit score indicates
that they are also regarded as poor credit risks to otheetendnd as a result of this, they are forced to
make heavier use of installment credit at relatively higiesa On the other hand, the customers with the
best credit scores also generally the least heavy userstaflment, which could be an indication that they
are not liquidity constrained, or have other lower cost sesiof access to credit elsewhere.

Other scatterplots (not shown) show that both the inciderfidate payments and seriously late pay-
ments (i.e. payments that are 90 or more days past due, ooat #ie threshold where the company
suspends credit card charging privileges) are also pekitsorrelated with the installment share. These
figures confirm that customers who are heavy installmentdgrsrare also worse credit risks.

The right hand panel of figuté 4 shows that the fraction ofifrsient transactions done as free install-
ments is positively correlated with the installment sharggesting that the take-up rate for free install-
ments is an increasing function of installment share. Taleea whole, the main impression that we draw
from these figures is that the heavy installment spendersetatively desperate for credit, and thus, it
would seem logical that they are the ones who would be madiylido take the greatest advantage of free
installment opportunities when they are offered. The upvgmping relationship in figuild 4 is consistent

with this interpretation, and shows that for the heaviestaliment users as many as 20% of their install-
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Figure 4: Customer-specific credit scores and share of fisgaliments by installment share
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ment purchase transactions are free installments. If theidst installment users had a take-up rate for
free installments of nearly 100%, the fact that 20% of altafisent transactions for these individuals are
free installments is consistent with the company estimiiasfree installments are offered to customers
in about 10 to 20% of all credit card transactiB']s.

We conclude this section with figufé 5 that give us some insigio the profitability of the “free
installment marketing strategy” used by this firm. We haveady suggested that the company’s use of free
installment offers seems motivated by a desire to increaseistomers’ use of its credit cards. However we
have also shown that the customers who are most likely totteké&ee installment offers are more likely
to have worse credit scores and make late payments. As sigchsé of free installments as a promotional
device may have the perverse effect of offering free credin¢ company’s least creditworthy customers,
and this group may be the most likely to default. This cretltegpossibility that free installments might
be a relatively ineffective and/or highly costly means afrgasing credit card usage.

The left hand panel of figulfd 5 plots the average internalafiteturn on all installment transactions
(including free installments) against the installmentreh&\Ve see that this curve is upward sloping, which
indicates that even though the “installment addicts” aeedhes most likely to be taking up the free in-
stallment opportunities, the interest rates that they payheir positive interest installment transactions
are rising sufficiently fast with the installment share torentinan offset their higher take-up of free install-

ments. Of course the reason for this is that customers wgth imstallment shares are worse credit risks

7In fact, if the most installment prone customers eithenatjiseek out free installment opportunities, or canceids&tions
where a free-installment opportunity is not offered, thiegirt personal share of free installment transactions cexted the
general rate at which free installments in the overall patoih.
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Figure 5: Customer-specific rates of return and daily praiggaliment share
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and have significantly worse credit scores, and as we willvshosection 4, the interest rates that cus-
tomers pay is a monotonically increasing function of the@dit score (i.e. with higher scores indicating
worse credit risks).

The right hand panel of figuke 5 plots the average daily prifitsach consumer against the installment
share. This figure also shows a monotonic relationship beitlat is concave, with daily profits flattening
out for the more installment-prone customers. Though tbes®mers pay higher interest rates on average,
the volume of their spending is not as high as customers witied installment shares, accounting for the
flattening out of daily profits for the most installment-peocustomers.

Casual inspection of Figuké 5 suggests that the compamgsifistallment marketing policy is rational
and well targeted: it tends to attract customers with higiiedit risk but these customers are also more
profitable. However given the relatively small number of @lations and the relatively large number
of outliers, we think it is hazardous to come to any definiteatasion about the wisdom of interest-free
installments at this point. As we noted in the previous sective are missing a crucial missing piece
of information that would be needed to provide a fuller ansteethis question: to what extent does the
knowledge of free installments cause customers to incrémsespending? Our analysis ¢enditional
on the decision to purchase a given amount at a given item. @Wadwneed additional information to
determine whether the existence and knowledge of freellmsiat opportunities causes the company’s
customers to go to stores more often, purchase more at agiimenthan they otherwise would, or increase

their use the company’s credit card instead of paying fon&@ising a competing credit card or cash.
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4 Exploiting the Quasi-Random Nature of Free Installment Ofers

We now present a simple, flexible behavioral model of custshwhoice of installment loans that can
exploit the quasi-random nature of free installment offe@ur original motivation was to use free in-
stallments as amstrumental variablgo help identify the effect of interest rates on consumer alsin
for credit. When we regress the size of installment loanshenimterest rate the company charges its
customers, we usually obtain apward slopingestimated demand curve. The positive slope is spurious,
due to the endogeneity of the interest rate: customers ugthdemand for installment credit also tend to
have worse credit scores and therefore are charged highezshrates as we showed in section 3. Several
obvious choices of instrumental variables such as the ggtgeadaily CD or Call rates (which affect the
banks’ opportunity cost of credit and thus serve as exogeshifters of the interest rates they charge to
their customers) turn out to lmeeak instrumentdue to the huge, highly variable markups that swamp the
small variations in the CD or Call rates). As a result, instemtal variables approaches fail to provide
reliable estimates of credit demand. We reasoned that ttesmnal and often unpredictable interest-free
installment offers that this company makes to its custoroeutd function as guasi-random experiment
(QRE) since these offers are made to everyone equally fegardf their characteristics or credit scores.

It is useful to contrast how our use of free installmentsated as a QRE, differ fromandomized con-
trolled experiment$RCES) that have been used in previous work discussed iilosetsuch as Alan et al.
[2011], Ashraf et al.|[[2006] and Kaur etlal. [2012]. RCEs liegiuhe cooperation of enlightened com-
panies that are willing to incur significant costs to bettederstand their customers’ demand for credit
(or savings behavior in the caselof Ashraf etlal. [2006], opleyees’ behavior in the caselof Kaur et al.
[2012])

Consider some of the benefits and costs of using a RCE to éstiima average treatment effect of
free installment offers on overall credit card usage. Stheecompany already offers free installments
to its customers, a RCE would require a treatment group dbmesrs who are randomly selected to be
deniedall such offers. The main benefit of a RCE is that measuringtieeage treatment effect requires
few assumptions or econometric modeling: we simply compagan credit card spending and installment
usage for customers assigned to the treatment group (@se thho no longer receive any free installment

offers) to those in the control group. Further, if the compaould record all instances where individuals

8AUSUbel and Shui[2005] analyzed data from a randomizedrrpat, but it was not a standard RCE since there was no
“control group” against which they could measure the eféé¢he various “treatments” (i.e. the six introductory offe
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in the control group were offered but did not take free iristaht offers (or take them but not for the
maximum term offered), then it would also be straightfordvér directly estimate both the take-up rate
and the fraction of customers who accept these offers buisha repayment horizon that is shorter than
the maximum term allowed.

However there are significant technological and logistitxtacles to the company’s ability to conduct
such an experiment. For example many interest-free installs are offered by merchants and advertised
via store-wide promotions. Customers in the treatmentgreould have to be issued special credit cards
and merchant data systems would have to be reprogrammedkéthese cardigeligible for any interest-
free installment offers. At the same time, customers in thatinent group would have to be convinced
that these cards are identical in all other respects to thesting credit card. Recording responses to
interest free offers would seem to be an easier task (i.erdezvents where a free installment was offered
but not taken, or taken for less than the maximum term), bwbiild involve software changes in a huge
variety of merchant payment terminals — something mucheeasiid than done.

While the company we analyze has not conducted RCEs to owl&dge (perhaps due to the practical
difficulties discussed above), they were willing to sharmemf their data with us. So our only option
was to see if it is possible to successfully exploit the comyfginterest-free installment promotions as
a QRE. However in a QRE we cannot do simple comparisons obmsgs (e.g. demand for credit)
of “control” and “treatment” groups. In particular, whileeacan be sure that individuals who accepted
free installments were offered the “treatment”, we cannoip/ assume that individuals who did not
choose free installments are in the “control group” (i.ereveot offered free installments) since some of
these individuals might have been offered free installnogortunities, but decided not to accept them.
Therefore, in order to fully exploit the information proeid by the existence of free installment offers, we
have to undertake some additional modeling and make sonioadt assumptions.

Thus, the main econometric problem we faceésnsoring:the company’s data systems only record
free installment offers when customers actually choosetHeor all other transactions, we do not know
whether the customer was offered a free installment oppityt@nd chose not to take it. Since we are
willing to make some reasonable assumptions and put sonitoaadl structure on the credit choice prob-
lem, we can provide econometric solutions to the censorioglem. The model we present in the next
section will enable us tmfer the probability customers are offered free installmentsl @ predict how

these offers affect their choices.
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4.1 A Flexible Behavioral Model of Installment Loan Choice

We hypothesize that customers with characteristitakes a simple cost/benefit calculation about whether
to pay for a given transaction in fultd(= 1) or choose to pay for the transaction amaoaioh installment
(de{2,...,12}). We assume that customers choose the payment alteraatizag offers the highestet
value of benefit less cost, where the cost includes the interestatabe installment credit (except for
d = 1 or interest-free loan offers where this cost is zero), {eescash equivalent value of any additional
psychictransactions cosinvolved in choosing a payment optiahbesides the “default optiord = 1.

A customer of typex faces an interest ratéx,d) for an installment loan involvingl equal payments.
By default,r(x,1) = 0, i.e. all customers get an “interest-free loan” if they ab®to pay the transaction
amounta in full on the next statement date. We normalize the valudisf‘pay in full” option,d =1, to

0. However for the installment purchase optiahs 2,3,...,12 we assume that the net value has the form
V(a> XTI, d) = OV(a, X, d) - C(a7 f d) (l)

wherec(a,r,d) is the cost of creditequal to the (undiscounted) interest that the customer fmyan
installment loan of amourd over durationd at the interest rate andov(a, x,d) is theoption valueto a
customer with characteristiosof paying for the purchase amoumbverd months rather than paying the
amount in full a the next statement date (which has an optidmevnormalized to 0 as indicated above,
ov(a, x,1) =0). The option value is net of any transactions costs of dhgame of the non-default options
d € {2,...,12} and specific functional forms for these functions will becdissed in more detail shortly.
Thusv(a,x,r,d) reflects a simple cost/benefit calculation that the custanaes for all of the installment
alternativesd € {2,...,12} each time he/she makes a transaction with their credit cahe. consumer
chooses the alternativkthat has the highest valwga, x,r,d).

We also allow for transitory unobserved factors that affemisumers’ decisions about installment
term by incorporating additive random shoeKd) so that the net utility of installment choickobserved
by the customer (but not the econometriciany(ia, x,r,d) +&(d), d = 1,2,...,12. Examples of factors
affecting a person’s choice that might be in #{d) term is whether there is a long line at checkout (so
the customer feels uncomfortable weighing the optidns 2,...,12 relative to doing the “default” and
choosingd = 1), or other time-varying but serially uncorrelated fastsuch as transitory or unexpected
financial shocks that affect the customer’s valuations efrtat benefits of the other installment choices

d=2,...,12.
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Our baseline specification is that the “error termis{d),d € {1,...,12}} arellD Type | (Gumbel)
extreme value random variables, though we will also estirspecifications whergis from the General-
ized extreme value family (GEV) that allows for correlatiorthe random variables(d) (see_McFadden
[1981]). This correlation can reflect “similarity” in unolrsed factors affecting consumer choices that
violates thelndependence from Irrelevant Alternativ@bA) property that holds when the error terms are
independently distributed.

Specifically, since/(a,x,r,d) = ov(a,x,d) whenr = 0, if the option value function is nonnegative and
monotonically increasing in the loan duratidnfor each(a,x), then in the absence of a random error
term, this simple cost-benefit model predicts that consamsieould always choose the maximum duration
o€ {2,...,12} allowed in any interest-free installment loan offer. Hoeewhen there are random, un-
observable factors affecting consumers’ utility of difet installment choices, there is a possibility that
the model could predict that @dominated alternative & & could be chosen by a customer because the
realized value o€(d) is sufficiently greater than(d) so thatov(a,x,d) +&(d) > ov(a,x,d) +€(d), even
thoughov(a, x,8) > ov(a,x,d). Under the GEV specification far, we can allow for correlation ig(d)
for d in the set of interest-free alternativés,...,d}, and in the limiting case of perfect correlation in
these random components, the model predicts that the plibpalb choosing any of the “dominated”
interest-free alternativese {1,...,6— 1} will be zero.

In addition, we are able to estimate the scale paran@efer these random components of the value
of different installment choices. Tleeparameter is proportional to the standard deviation ofelsé®cks.
We will show that the maximum likelihood estimate of thgarameter is very small, so that the predic-
tions of this model are driven by the properties of tia,x,r,d) function rather than the distribution of
the unobserved componerg&). Thus, any evidence we find for choices of dominated alteresiare
not artifacts of a high probability of large shocks that léadandom “irrational” choices of dominated
alternatives.

We can integrate out the unobserved components of the valulee different installment alternatives
to obtainconditional choice probabilitiesin the case where the shocks have independent Type 1 extreme
value distributions with scale parametel 0, these probabilities are given by the well knomnltinomial
logit formula. When we allow for correlation in the unobserved componehth@value of the interest-
free alternatives, we get mested logit mode{McFadden|[1981]). We will provide formulas for these

below.
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Let P, (d|x,a) be the probability that a customer with characteriskiasill choose to pay for a pur-
chase of amouna on installment at a positive interest rate over a termddilling months, where
d e {2,3,...,12}. We omit the interest rate since as we show below, the interest rate charged to a
consumer with characteristiosfor an installment loan with terrd is r(x,d). Thus, substituting this into
the value function, the model predicts that the net utilftglmosing a term ofl is v(a, x,r(x,d),d) +&(d),
and when we integrate out over the distributiore@fe obtain a conditional choice probabiliB (d|x,a)
that is a function ofx,a) only.

Now consider a consumer who is offered a free installmenbrdppity to spread a purchaseover
a maximum ofé > 1 payments. We lePy(d|x,a,0) denote the conditional choice probability for the
installment term in this situation. This case is similarhiie thoice problem for a consumer who does not
have any free-interest installment offer, except t{@atr,d) = 0 for d € {1,...,8} in this case, whereas
c(a,r,d) =0 only ford = 1 in the absence of a free installment offer. Presumablyptésence of the free
installment optiord should have a major impact on a consumer’s choice of instaitralternative, and this
is reflected by the presence of the maximum term of the frealimgent offerd as an additional argument
in the conditional choice probabilitiy(d|x, a, d).

Our empirical analysis will focus on testing a kdgminance assumptiamplied by expected utility
theory: namely all customers should strictly prefer a fregtdllment opportunity of duratiob over any
positive interest rate installment siiorterduration,d = 2,3,...,8— 1. The dominance assumption implies
that the probability of choosing any positive interest @ternatived < & is zero.

Strong Dominance Assumption
Po(d|x,a,0) =0ifd € {1,...,0—1}. 2

We also consider and test a slightly weaker version of theigiamce assumption.

Weak Dominance Assumption
Po(d|x,a,0) =0ifd € {2,...,6—1}. (3)

The weak dominance assumption allows the possibility thetconsumer may choose to pay for the
transaction amourg in full at the next billing cycled = 1, rather than take the free installment offer. This
behavior is not completely consistent with expected wttlieory, but may be consistent with a behavioral

theory ofhabit formationin which consumers are used to taking the default aatienl. Consumers

24



may perceive a “transactions cost” associated with takimg af the other free installment alternatives,

d e {2,...,8}, and this could explain why consumers frequently chadse 1 over any of the options

d € {2,...,0}. Thus, we single out the default choide= 1 as constituting a special case. Even though
it is technically a “dominated alternative” when a free @llshent offer is present, a variety of theories

including habit formation or several of the theories of dedin the presence of self-control problems may
explain why the strong dominance assumption would be \adlat

The weak dominance assumption allows for the possibilitystamer might choose the default al-
ternatived = 1. However there may be situations where transactions emstsot too high where the
consumer prefers one of the interest-free alternative2,...,8} to the default choicd = 1. The weak
dominance assumption states that whenever this is the lmasensumer will only want to choosk= 9,

i.e. the maximum term allowed under the free installmenerpfind not precommit to repaying over a
shorter ternd € {2,...,0—1}.

To see how the weak dominance condition can hold when thegstominance condition fails, even
when the option value functioov(a, x,d) is strictly monotonically increasing id, assume that there is a
small positive transaction cost associated with choosiyge#ternatived € {2, ...,12}, whereas the value
of the default choicel = 1 is normalized tos(a, x,r,1) = 0. Then it can be the case that the transaction
cost is greater than the option value of installment creatitstifficiently small transactions, making it
optimal for the consumer to choode= 1 in these cases. Thus, even in the absence of any randonsshock
to utility, this model is flexible enough to predict that cansers will sometimes choose the dominated
alternatived = 1 instead ofd = .

However ifov(x,a,d) is monotonic ind anda, then ifov(x,a,d) > 0 for sufficiently large values of
a, the weak dominance condition will hold, i.e. the consumeuM never find it optimal to choose an
interest free alternative € {2,...,6— 1}. Thus both the weak and strong dominance assumptions rule ou
the possibility that consumers make the suboptimal predtmment decisions, i.e. choosing an interest-
free installment offer for less than the maximum allowedntér

Notice that neither the weak or strong dominance assungptige out the possibility that consumers
might choose a positive interest loan duratiba {6+ 1,...,12}. It may happen that a consumer has a
need for credit for a duration longer than the maximum térallowed under the free installment offer,
and every customer has this option if they are willing to pgpsitive interest rate.

In the remainder of this section we will focus our attentionestimation of arunrestricted model
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of consumer choice, that does not impose either the weak@rgsdominance assumptions. In the un-
restricted model, consumers always have the full choicd & ...,12} and can choose to take a free
installment loan offer for a shorter duration than the maximterm allowed under the offer. In the unre-
stricted model, it will generally be the case tfgtd|x,a,8) > 0, even wher is in the set of “dominated
alternatives”{2,3,...,6— 1}. The weak and strong dominance restrictions do emerge @mtincases

of the unrestricted model when the scaling parametéor the extreme value unobservables affecting
consumer choice of installments takes the vatue 0. The strong dominance assumption emerges as a
limiting outcome ifov(a,x,d) > 0 andov(a,x,d) is non-decreasing id, since in the limit aw | 0 the
consumer will choose the interest-free alternative withlifghest option value, and this will loe= & for

the reasons discussed above.

Further, as we show below, the Strong and Weak Dominancerdsions can also hold in the GEV
specification even whea > 0. In this case there is an additional correlation paranetexpplicable to
the subset of interest-free alternatives. We derive thieddsgit choice probabilities below and show that
the Strong and Weak Dominance assumptions can hold whe® provided thaty; = 0 and the option

value functionov(a, x,d) satisfies monotonicity and positivity restrictions.

4.2 Nonlinear Customer-Specific Interest Schedules

A key piece of information required in order to estimate thedel is the interest rate schedule offered
to customers. The company does not publish its scheduleetong interest rates, which are determined
according to a rather complex, proprietary, proprietamycfion of a) the consumer’s credit score and
payment history (including the number of recent late paytsjeib) the number of installment payments,
and c) the current economic environment, including thellefveverall interest rates and dummy variables
capturing current economic conditions. Though the crealitt company does not publish this schedule
and did not provide us with the formula it uses to set interatts on installment loans, we were able to
uncover it from our data econometrically.

As we described in section 3, we were able to calculate tleeriat rate of return for each installment
loan contract in our data. For the subset of installmentrectgd where a positive internal rate of return
was calculated, we regressed this internal rate of returthercustomer specific variables, as well as
time and merchant dummies in order to uncover the formulatimpany uses to set interest rates. Our

regression resulted in an extremely good fit, withRénvalue of 099, indicating that we were successful
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Figure 6: Interest Premium for Installment Purchases asactifin of the Installment Term
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in econometrically uncovering the interest formula the pany uses to set interest rates to its customers.
Let ri(d,x) denote thenstallment interest rate schedutdfered on calendar dayto a customer with
characteristicx who desires to finance an installment purchase ditfistallments. Our regression anal-

ysis revealed that this schedule has the form

I’t(d,X) = pO(X>t)+pl(d)v (4)

where the effects of time-varying macroeconomic and maskatlitions are captured by the time effect
t and the characteristics of the particular consumenly enter via the intercept terpy(x,t). The term
p1(d) represents thenterest premiunior installments longer thad = 2 months. Our regression results
reveals that this term does not dependkamt but onlyd. Figure[6 graphs the interest premium customers
must pay for various installment terrds> 2.

Note that one of the individual-specific factors that we dat include in thex vector is the cus-
tomer’s installment balance, or other measures of usagastdiliment loans. These variables are not
statistically significant predictors of the interest rataiged to consumers after we include other customer
characteristics, particularly the credit score and nundbdate payments. However as we discussed in
the introduction, there is a possibility that customersiddae reluctant to take installments (both free
installments and installments at a positive interest ratg)of a concern that a high installment balance
would compromise their credit score. Company managemenires us that the company does not pe-
nalize customers for installment borrowing by degradirejrthredit score. However when we regress the
company’s 12 point integer-valued credit score on a valétyustomer-specific characteristiesnclud-

ing the various measures of installment usage such as tmgeha installment balances, it does emerge
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as a significant predictor of credit scores, and in the exgkedirection — an increase in installment bal-
ances predict worse (higher) credit scores. However th@infinis not robust to the inclusion of other
customer-specific covariates such as the number of late gratgmThis suggests that the positive corre-
lation between changes in installment balances and creciices reflectspurious causalityand omitted
variable bias due to information that we do not observe tiaicompany uses to set credit scores that is
correlated with installment balances. We ran fixed-effegtessions to try to get further evidence as to the
effect of installment spending on credit scores, and foumdignificant effect of changes in installment
balances on changes in credit score. This confirms the cofispelaim that usage of installments does
not cause them to degrade credit scores. The most impontagicior of credit scores is the number of
late payments, and measures of how large and how late thesebésa are.

In summary, our regression analysis of actual interess rettarged to customers confirms our discus-
sion with company management, namely, that the intereshipre captured by the, term is, to a first
approximation, independent bandx and thus is a time-invariant function that is also commonlitofa
the company’s customers. We found that the most importanibri® determining the customer-specific
intercept termpo(x,t) are factors a) and b) above. In particular, we found that wmes characteristics
determine the “base interest rate” for an installment logh @ = 2 payments. It is a puzzle why the
company would choose an interest rate scheduyte x) of this particular form, with a duration premium
p1(d) that is bothtime invariantandcommon to all consumer$§\Ve will return to this question and try to

shed more light on the optimality of this interest rate schedh section 5.

4.3 Choice Probabilities and Likelihood Function

Consider a consumer who is about to pay for a transactionnf@naounta; but who is not offered a free

installment option. The consumer chooses installment teenD = {1,2,...,12} if and only if
V(@ %1t (d,x), d) +£(d) = max|v(a, x, re(d', ), d') +e(d)] (5)

The extreme value assumption implies that the conditiohaioce probability is given by the standard

multinomial logit model

~ exp{v(a,%,rn(d,x),d)/a}
P, (dag,x) = S 4o exp{v(at,x:,rt(d’,&),d’)/o}’ (6)

where the+ subscript denotes a situation where no interest-freelimstat offer is present, so the con-

sumer can must pay positive interest ratéd,x) > 0 for all installment choiced € {2,...,12}.

28



The consumer’s choice problem is slightly more complicatéen the consumer is offered an interest-
free installment option. Suppose this consumer is offerethterest-free installment option with a max-
imum duration ofd payments (months) whe&< 12. The consumer can either to choose to pay in full,
d =1, or purchase the item via the interest-free installmetibogout over any number of installments
d e {2,...,8}, or to pay over even longer installment duratiahs {+1,...,12}, but at the cost of
paying a positive interest rate on these installment bawnthe consumer will choose a free installment
optiond € {2,...,8} that satisfies

v(a,x,0,d) +¢&(d) = max de?l?.)fa}v(a’ x,0,d) +€(d)’d/e{6T%¥712} [V(a,x,re(d',x),d) +(d)] |, (7)
where for simplicity we omitted thesubscripts on tha andx variables.

A customer may also choosepasitiveinterest rate installment optiathe {6+ 1,...,12}. The cus-
tomer will do this if they obtain a greater net benefit for lowing for a longer term than the maximum
termd allowed under the free installment offer. This will occuravh
v(a,x, r¢(d,x),d) +¢&(d) = max d/er{qf.i.)fa} v(a,x,0,d") + s(d/)’d'e{érﬂ?,.).(.,lz} [v(a,x,re(d’,x),d") +€(d)] |,

8
with the understanding that the set of positive interest cabices(d+ 1,...,12} is empty ifd = 12. The
implied choice probability is denoted I5%(d|x,a,d) and is given by

exp{v(a,x,r¢(d,x),d)/o}
280:1 exp{v(a,x,0,do)/0} + zéf:6+1exp{v(a, x,re(dy,x),d;)/o}’

if de {6+1,...,12}, i.e. the consumer chooses an installment term longer Heamaximum free install-

Po(d|x,a,8) = )

ment duration offered, or

exp{v(a,x,0,d)/o}
5 -1xp{V(a,x,0,do)/0} + 3 5. exp{V(a,x 1 (d;,x),d; )/}

if d e {1,...,8}, i.e. the consumer chooses to pay the amount purctegedull at the next statement

PO(d|X7 a, 6) = (10)

date, or chooses one of the free installment options.

The probabilities given above are the multinomial logithmabilities that are implied by the Type 1
Extreme value assumption for the unobserved comporie(ty|d € {1,...,12}}. We also estimate an
alternative model where the unobserved comporgitshave a GEV distribution to allow for the possible
correlation among the componeutsl) in the subset of interest-free alternatives {1,...,d}. Following

the discussion above, if we regatd= 1 as the “default payment option” it may be reasonable torassu
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that the unobserved componell) corresponding to this alternative does not reflect the saatterp of
similarity as for the unobserved componentd) for d € {2,...,8}. So we will consider two variants
of the GEV distribution, one in which we allow for correlatin the unobserved componerstsl) of the
value all of the interest free alternativés {1,...,6}, and the other where we allow for correlatioreiul)
ford € {2,...,8}. When the unobserved componesatd) of the values of these alternatives are perfectly
correlated, which holds whesy = 0, then the Strong and Weak Dominance Assumptions will haridfe
respective nested logit models.

Following McFadden[[1981], let; > O be a parameter indexing the degree of correlation or “sim-
ilarity” in the GEV distribution for the unobserved componee(d) of the values of the interest-free
alternatives (either including or excluding the alteviatl = 1). McFadden showed that this results in

nested logit choice probabilities given by

B exp{v(a,x,0,d)/o1}
Po(dx,,8) = [zdoe{l ..... - o0, /01}] Po({1,...,5}[x,8,9) (11)
ford € {1,...,0} where
B exp{li(x,a,01)/0)}
Pt 080 = [exp{ll(x, 8.00/0} + 3a.cio 2 exp{v(a,x,r<d+,x>,d+>/o}] (2

andly(x,a,01) is theinclusive valuggiven by

l1(x,a,01) = 01log ( exp{v(a,x, 0,d)/01}> . (13)

de{1,...,5}

The probability of choosing a positive interest installmére {3+ 1,...,12} is given by
exp{v(a,x,r(d.x),d)/0)}

eXp{ll(X, a, 01)/0} + Zd+6{5+17“4712} eXp{V(a, X, r(d+7x)7 d+)/0}

If the value functions/(a, x,0,d) are non-negative and strictly monotonically increasind,iit is not hard

P, (d|x,a,8) = [ ] - (14)

to show that in the limit ag; — 0, thatPy(d|x,a,8) will satisfy the Strong Dominance Assumption, i.e.
Po(d|x,a,0) =0ford € {1,...,0—1}.

The choice probabilities given above are for the case wHareuhobserved components of all of
the interest-free alternativese {1,...,8} are correlated with scale parametar We also consider an
alternative nesting where we assume that the correlatighere(d) components is limited to the set

{2,...,0}. In this case we have

Po(1lx,2,3) = L

(15)
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and
eXp{V(a, X, Ovd)/o-l}

Po(d|x,a,0) = [ ] Po({2,...,0}|x,a,0) (16)
forde {2,...,0} where

Po({2,...,8}|x,8,3) = exp{l2(x,a,01)/0)}

] (17)

andl»(x,a,01) is the inclusive value given by

I>(x,a,01) = 01log ( exp{Vv(a,x, O,d)/01}> . (18)

The probability of choosing a positive interest installmére {3+ 1,...,12} is given by

P, (d|xa,8) = exp{v(a,x,r(d,x),d)/o)}

] . (19)

If the value functions/(a,x,0,d) are strictly monotonically increasing h it is not hard to show that in
the limit aso, — 0, thatPy(d|x,a,d) will satisfy the Weak Dominance Assumption, iRy (d|x,a,8) =0
forde {2,...,0—1}.

The parameters to be estimated fre (0,01,9,a,B) where@ are parameters of consumers’ value
functions. The parameter subvectorepresents parameters characterizing the probablljigioa) that a
customer is offered a free installment offer (wherare variables characterizing the date and merchant
category), ang are parameters of the distribution of the maximum term & frstallment offerd (3, 3).
Note thatz does not contain any customer-specific varialdelsut does include dummies indicating the
date of the purchase and the type of merchant the customerdkasing the item from, since as we noted
above, the main determinants of the interest-free inseadtroption are a) the time of year, and b) the type
of merchant (since different merchants can negotiatedstdree installment deals with the credit card
company as a way of increasing their sales). We now presékelénbod function for our observations
that accounts for the fact that in certain situations we daohgerve whether or not a customer is offered
a free installment opportunity.

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

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

sumer was eligible for an interest-free installment pusehaption or not. Even wheah> 1, we only know
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if the consumer was offered an interest-free installmentipase option when the customer actually chose
that alternative. However it is possible that in some cage®mers may have been offered an interest-free
installment purchase option with ternbut decided to choose an installment with a longer term than
but pay a positive interest rate. Our likelihood must be stgjd to account for these possibilities and to
“integrate out” the various possible interest-free instaht options that the consumer could have been
offered and did not choose, and therefore (given the comp#aiiure to record offers made by not taken)
which we do not observe.

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

component of the likelihood is

Lo(6) = ['] P(ck|x,z,,0) (20)

telp

where

P(dx.za6) = 5 P(dlxad¢f(3B)N(Za), (21)
{5/d=5)

where for each transaction in the set of tinfgsd; is less than or equal to the free installment (maximum)
term & offered to the customer under the interest-free instaltroption and of course; > 1 (otherwise
the consumer would have chosen to pay the amauim full at the next statement date). When the
Strong or Weak Dominance assumptions hold, we Have:|x,a,&,9) =0 if ¢ € {2,...,6 — 1}, and
the customer always chooses the maximal loan duration gietminder the free installment offer. In that
case we havd = ¢ and

P(d|x,z a,08) = Py(d|x,a,d,@) f(d,B)N(Za). (22)

Now consider the likelihood for the casés; T /Tp, where we do not know for sure if the customer
was offered the interest-free installment option or noterEhare two possibilities here: a) the consumer
chose not to purchase under installment, b) the consumeediogourchase under installment but paid a
positive interest rate, rejecting the free installmenefConsider first the probability thdt= 1, 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) = N(Za) > Po(1xa,8,¢)f(8,B) | +[1-M(Zo)]P:(1]x,a@). (23)
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The other possibility is that the customer chose to pay uimgallment for a duration ofi months, for

d e {2,...,12} but at a positive rate of interest. In the case wibre 2, i.e. where the consumer pays a
positive interest to pay the purchased amauater two installments, we deduce that the customer could
not have been offered a free installment opportunity of 2 or nmeoaths due to the company’s procedures
which essentially force the customer into the free instatitroffer any time then chosen duration is less
than or equal to the maximum duration of the free installmoggortunity that it offers to the customer.

This implies thaP(2|x,z,a) is given by
P(2x,2.a,8) = [1-N(Z0)]P: (2[x2,¢). (24)

The other cased € {3,...,12} are where the customer chose a positive interest ratelmstatl option but
we cannot be sure whether the customer was offered a fredlinsht or not. In this case we have

P(d[x,.za,8) =N(za) | 5 Po(d[x,a,3,9)f(3,B) | +[1—N(Za)]P.(d]x a @). (25)
o<d

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 iinséadt optiond if the customer had been offered
a free installment option of duratiamgreater than or equal @ LetL;(8) denote the component of the
likelihood corresponding to purchases that the consumé&esm the subsel /Ty, i.e. purchases either
that were not done under installment, or which were done mimdéllment but at a positive interest rate.
This is given by

teT/To

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

The full likelihood for a single consumeris thereforeL;(0) = Lio(0)Li1(8) whereL;(0) is the
component of the likelihood for the transactions that thesconer did under free installment offers (or
Lio(8) =1 if the consumer had no free installment transactions), laa(®) is the component for the
remaining transactions, which were either choices to pdylirat the next statement};; = 1, or to pay
a positive interest rate for a non-free installment loarhwdtirationd,; > 1. The full likelihood for all

consumers is then

N
L(8) = u Lio(8)Li1(8). @7)
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4.4 Model Specification

We estimated flexible functional forms for the value funetida, x,r, d) that can capture behavior implied
by a variety of theories, as well as the substantial heter@igein consumer behavior that our analysis in
section 3 revealed. Recall thata, x,r,d) = ov(a,x,d) — c(a,r,d) whereov(a,x,d) represents the value
to a consumer with observed characteriskas the option to borrow an amouatfor d periods (billing
periods, roughly equal to months). We assumed that theroptitue is a linear function of the amount
borrowed, but there may be “transaction costs” involvedhioasing non-default alternativels> 1. Thus,

we estimated the following specification fov(a, x,d)
ov(a,x,d) = ap(x,d) — A(x,d) (28)

wherep(x,d) is the percentage “shadow interest rate” that a customér etiarracteristicx is willing

to pay for a loan of duratiod months and\(x,d) represents the fixed transaction costs of deciding and

undertaking an installment transaction at the checkountesuNote that the transaction cagik,d) does

not depend on the amount purchasedhereas the option valueyv(a,x,d) = ap(x,d) is assumed to be

a linear function of the amount purchasedA(k,d) > 0, then consumers will not want to pay for suffi-

ciently small credit card purchases on installment sineebinefit of doing thisap(x,d), is lower than

the transactions coa{x,d). We can also think ok as capturing potential stigma associated with purchas-

ing on installment, as well as “mental accounting costs’hsag any apprehension customers might have

that adding to their installment balance increases thelraf making a late payment on their installment

account in the future, or beliefs that installments havesesk effects on their credit score, and so forth.
Notice that we assume the option value of having the benetiktefhded payment does not depend

on the interest rate the credit card company charges thernastand the customer-specific interest rate

scheduler(d, x) only enters via the cost functia{a,r,d) which is a known function that does not have

to be estimated. Combined with the location normalizatieat ¥(a, x,r,1) = 0O, this simple cost-benefit

specification fov(a, x,r,d) is an important identifying assumption because it fixes Ilo¢hlocation and

scale of the value functions and thereby enables us to fgdidih scale parametef®,o01). Typically

neither the location or scale parameters of the unobsenmgpanentg(d) of the value or utility functions

are identified, so they are arbitrarily normalized. HowéMeFadden|[1981] showed that the valuemf

can be identified relative to any normalization @or

We assume that the financial cost that a customer perceieds guirchasing an item under installment
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equals the excess of the total payments that the customessnaler the term of the agreement less
the current cost of the item. That is, we assunteequals the difference between the total payments
the customer makes under the installment agreemm@mnulated 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(1l—exp{—rtq/365}), (29)

wherety is the elapsed time (in days) between the next statementftatehe item was purchased and the
statement date when the final installment payment is dueinf@eest rate is the internal rate of return on
the installment loan, and is given by= r(d,x). Obviously, for interest-free installment opportunity- 0
and sac(a,r,d) = 0 as well. To a first approximation (via a Taylor series appnation of the exponential
function) we havee(a,r,d) = ri(d,X)aty /365, so the cost of the installment loan equals the produitteof
duration of the loan, the amount of the loan, the interest offered to the consumer, and the fraction of
the year the loan is outstanding.

Recall that the parameters of the model @re (0,01,9,a,B). We are interested in the and 3
parameters only to the extent that we are interested inifeathe conditional probability1(z o) and the
distribution of the maximum terms of free installment offeiVe present thf parameters below (since
there are only 10 of them required to estimate the 11 prakiabiff (3,B) for 6 € {2,...,12}), but due to
space constraints we omit the maximum likelihood estimatélse 26a parameters.

Table[1 presents the maximum likelihood estimatesab, @, ) for three specifications. The first
column, Unrestricted NMNL, presents estimates withoutr@syriction on thep, o or o, parameters.

The column labeled “Strong Dominance” corresponds to addegit specification where alternative
d =1 is included in the set of interest-free alternatives inldveer nest of the choice tree, under the
additional restriction that; = 0. As we noted above, whem, = 0, there is perfect correlation in the
unobserved componentgd) of the value of the interest-free alternatives, so the cmesuwchooses the
alternatived € {1,...,0} with the highest option valuev(a,x,d) with probability 1.

The remaining column labeled “Weak Dominance” correspdods nested logit specification where

the default payment optiod = 1 is not included in the set of interest-free payment altires in the

9We also estimated a multinomial logit specification, whishispecial case of the nested logit model when we impose the
restrictiong; = o, but due to space constraints we do not present these estinmafabld L. However we will discuss the
differences in the estimates and fit of the NMNL versus the Mhtidel in section 4.5.
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lower level nest of the choice tree, and with the additioeatnictiono; = 0. As noted above, this implies
that consumers will choose the alternatives {2,...,8} with the highest option valuev(a, x,d) with
probability one, but the unobserved random componentseofdtue of the default pay in full alternative
d =1, or any of the positive interest alternativess {3+ 1,...,12} have the common positive scale
parameteo > 0, which implies these shocks have a positive (though swafiance.

We specifiedbv(a, x,d) = ap(x,d) where

1
p(x.d) = 1+exp{h(x,d, )} (30)
where
12
h(x,d,9) = @l{d>2}— zsexp{(pj_z}l {d > j} + @uiib+ @poinstallshare
=
+@screditscoret @ianlate+ @qsl {r = 0}. (31)

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

10
A(x,d) = exp{(plsl {r =0} + @7installshare+ ;(plsﬂ-l{d = j}+ @l {d > 10}} . (32)
=

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

ratios of each customer’s average statement amount.

4.5 Estimation Results

The estimation results are presented in table 1. Note thggneral, most though not all of the parameters
are estimated very precisely — something we would expeengilie large number of observations in our
sample. Due to the large numberaparameters (26) and because they are not of central interdss
paper, we omit them from tablgl(1). However we note that thienased probabilities of receiving a free
installment offerl1(z, &) vary rather significantly over our sample, from a low o41x 10~* to a high of
0.527. The variability justifies our treatment of free ingtadints as quasi-random experiments since there

appears to be no easy way to predict when and where frediinstat will be offered to consumers. Note
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Table 1: Maximum Likelihood Parameter Estimates, Dependariable: installment terng

Model Unrestricted Nested Logit Strong Dominance Weak Dominance
Parameter Estimate Std. Error | Estimate Std. Error | Estimate Std. Error
01 0.027 28x10%] 0.0 0.0 0.0 0.0

o 0.033 3.6x104 | 0.048 70x10% | 0.042 58x104
@ 1{d>2} -3.553 0.015 -3.374 0.020 -3.428 0.018
exp{@} 1{d >3} 0.282 0.013 0.293 0.017 0.271 0.015
exp{@} 1{d > 4} 0.212 0.025 0.196 0.036 0.018 0.033
exp{@s} 1{d > 5} 0.083 0.027 0.117 0.038 0.102 0.035
exp{@} 1 {d > 6} 0.112 0.011 0.124 0.016 0.129 0.015
exp{gs} 1{d>7} | 1.9x10°?7 | 0.022 1.98x 10?7 | 405x 1076 | 1.98x 10727 | 4.7x 1076
exp{@s} 1 {d > 8} 0.105 0.036 0.099 0.047 0.087 0.036
exp{e;} 1{d > 9} 0.076 0.035 0.101 0.052 0.087 0.042
exp{@s} 1{d > 10} | 0.072 0.022 0.045 0.026 0.072 0.026
exp{@} 1{d>11} | 3.7x1071% | 0.058 1.98x 10716 | 0.088 2.72x 10718 | 0.076
exp{@o} 1{d =12} | 0.207 0.058 0.088 0.222 0.213 0.076

@11 (ib) -0.056 0.0002 -0.061 0.001 -0.058 0.001

@12 (installshare -2.254 0.028 -2.513 0.033 -2.585 0.032

@13 (creditscorg -0.002 0.001 -0.005 0.001 -0.002 0.001

(14 (nlate) -0.020 0.001 -0.035 0.001 -0.027 0.001

@5 (I{r =0}) -0.841 0.016 -0.819 0.017 -0.805 0.017

@16 (installsharg -0.218 0.012 -5.498 0.099 -5.303 0.066

@7 (1{r=0}) -1.501 0.014 -1.129 0.018 -1.263 0.017

@s (1{d =2}) -1.721 0.014 -1.304 0.017 -1.438 0.016

Qo (1{d =3}) -1.046 0.020 -0.688 0.023 -0.823 0.023

Mo (1{d =4}) -1.220 0.016 -0.853 0.019 -0.980 0.019

@1 (1{d =5}) -1.181 0.015 -0.724 0.019 -0.858 0.018

@2 (1{d =6}) -0.966 0.019 -0.720 0.019 -0.854 0.018

@3 (1{d=7}) -0.849 0.025 -0.459 0.032 -0.597 0.031

@4 (1{d =8}) -0.850 0.024 -0.513 0.029 -0.625 0.029

@5 (1{d =9}) -1.181 0.015 -0.767 0.020 -0.906 0.019

M (1{d =10}) -0.934 0.017 -0.556 0.021 -0.691 0.020

@7 (1{d > 10}) -1.974 0.045 -0.407 0.115 -1.129 0.083
f(2,B) 0.028 0.006 0.159 0.005 0.153 0.005
f(3,B) 0.576 0.019 0.697 0.007 0.706 0.006
f(4,B) 0.007 0.009 0.006 0.001 0.006 0.001
f(5,B) 0.017 0.011 0.029 0.002 0.028 0.002
f(6,B) 6.2x 1071 | 0.028 1.4x 10717 | 0.004 1.4x 10717 | 0.004
f(7,B) 0.078 0.047 0.039 0.005 0.038 0.005
f(8,B) 2.00x 10715 | 0.048 0.003 8.2x10* | 0.003 8.0x 1074
f(9,B) 1.30x 10 | 0.014 0.002 7.2x 1074 | 0.002 7.1x10°4
f(10,B) 0.192 0.212 0.054 11.71 0.053 19.81
f(11,B) 1.26x 10716 | 0.265 111x1071 | 11.71 1.1x10°17 | 19.81
f(12,B) 0.101 0.016 0.009 0.001 0.008 0.001
Log-likelihood -45716.9 -49350.8 -48518.8
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that the prior information we obtained from company managem— namely that free installment offers
do not depend on consumer characteristics — provides a fdvesd justified exclusion restriction that
helps us to identify the model. The exclusion restrictioth&t M (z o) depends only on merchant and time
time dummies but not on any customer characteristics

Over our entire sample, the average estimated probalfility dustomers in our sample receive free
installment offers at check-out time of is 15%. We obtained estimate by simulating the model con-
ditioning on the observed transaction data and tabulatiegfraction of all simulated transactions that
resulted in free installment offers. This estimate app&alse reasonable in light of our discussions with
the credit card company executives and is in the midpoinhefl0% to 20% range that they provided
as their rough expectation of the fraction of all transaxdion which free installments are offered. While
the simulations display considerable customer-specifierbgeneity in take-up rates for free installment
offers, the average take-up rate over all consumers anskitéions in our simulations is 18%.

Note that the simulations allow us to “observe” phenomeiadwe cannot observe in the actual data
due to the censoring. Specifically, in the simulations wesggnthe number of times where customers were
offered but did not choose free installment offers, and therall fraction of times consumers do accept
these offers, which is 18%. Taking the product of the 15% a&tehich free installments are offered on
average times the 18% average take-up rate results in tdetioa that 2.7% of the transactions in our
simulated data are free installments. This is the same pege of free installment transactions that we
do observe in the actual data set.

Now consider the question of whether the individuals in @mple make suboptimal precommitment
decisions, by choosing one of the “dominated” interest fkternativesd € {1,...,6—1}. We do a
Likelihood Ratio test the Weak and Strong Dominance Assigngt which rule out the possibility that
customers make these suboptimal precommitment decisaoigisthe data overwhelmingly reject both of
these assumptiondkecall that the Strong Dominance Assumption holds in théeddsgit specification
given by the choice probabilities in equatiofs](15)[fd (1®ew the similarity parameter; = 0, which
corresponds to the case where all the unobserved comparfahtsvalue of the interest-free alternatives
d e {1,...,8} are perfectly correlated with each other.

The second column of Tablé 1 presents the parameter essimdtten the Strong Dominance As-
sumption is imposed and we see that doing this causes themakatitainable value of the likelihood

function to fall considerably, from-457169 for the unrestricted nested logit model-t@93508 when
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the Strong Dominance condition holds. Under the null hyesiththaio; = 0, the likelihood ratio test has
an asymptotic Chi-square distribution with 1 degree ofdm®, and the Chi-square statistie2 times the
log-likelihood ratio value, equals 7267, which is so far iouthe tail of the Chi-square distribution that we
can reject the null hypothesis at any reasonable signifechvel.

The third column of Tablg]1 presents the maximum likelihostineates of the parameters when the
Weak Dominance Assumption is imposed. Recall that undewisak Dominance Assumption, we allow
for the possibility that consumers might treat the defalitiice to pay for a transaction in full, =1, as
having unobserved characteristics that are not perfeotliselated with the remaining interest-free alter-
nativesd € {2,...,8}. The Weak Dominance Assumption holds for a nested logit inetere we allow
for perfect correlation in the unobserved valggg) of the alternativesl € {2,...,0} wheno; =0, but
allows the unobserved componefl) for the default choicel = 1 to be independently distributed of the
commong(d) value for the other interest-free alternatives.

We see from Tablé]1 that while the Weak Dominance Assumpgsnlts in a significantly higher
log-likelihood value than we can achieve under the StrongnDance Assumption-2 times the log-
likelihood ratio is still 5604 in this case, so we can alsdlgasject the Weak Dominance Assumption at
any reasonable significance level.

Though we do not report it due to space limitations, we altimesed the standard Multinomial Logit
specification where the unobserved componefds of the values of all alternatives are assumed to be
independently distributed. The maximized log-likelihoadue of this model, is-457279 which is much
closer to the maximized value of the unrestricted, bestjttiested logit model. However we can also test
and reject the multinomial logit model, which corresporalthe null hypothesisl, : 0 = 01. The product
—2 times the loglikelihood ratio, 24, is much smaller but also has an asymptotic Chi-squarelaigon
with 1 degree of freedom under the null hypothesis. Phalue the likelihood ratio statistic undel is
3.7x 1076, so we can also reject the MNL specification at any reasorsapeficance level.

However from a behavioral and overall model fit perspectitiere is not a huge difference in pre-
dicted behavior between unrestricted nested logit modeltb@ MNL model, whereas the difference in
the behavior implied by the Weak or Strong Dominance Spetifins is huge. Also, imposing these as-
sumptions has significant implications for the estimategbabilities of free installment offefd(z, a) and
the probability distribution of maximum free installmeetins offered.

In particular, when we impose either the Weak or Strong Damie Assumption, the model predicts
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implausibly low average probabilities of being offeredefiastallment offers — far below 10%, the lower
bound that company management suggested in their ranggettations of the fraction of transactions
where free installments are offered. Under the Weak Dont@&@ssumption, the model predicts that free
installments are offered on average in only 4% of all tratieas, but in order to be consistent with the
2.7% of transactions where we observe free installmentgiffeing chosen by customers in our sample, the
model estimates a much higher average take-up rate of 75%erUine Strong Dominance Assumption,
the model predicts thaveryfree installment offer is taken, so the take-up rate is 100% tae model
predicts that free installments are offered on average lin2ii% of the transactions in our sample.

We can also see directly from talple 1 that the estimatedhlisions of the maximum duration of free
installment term offeredf (3, ) are very different under the Weak and Strong Dominance Apsons
relative to the unrestricted nested logit parameter estisnaln particular, since we observe very few
customers choosing free installment loans with a 12 monthtitun, the model predicts that almost no
free installments with a 12 month duration are offered (otliwe there would be too many customers
who take them, which would be inconsistent with what we olmemhereas the unrestricted nested logit
model predicts that 10% of the company’s free installmeanloffers have 12 month maximum duration.

The model explains the fact that fewer than 1% of all obsefxeslinstallment loan choices have a 12
month duration by predicting that consumers have a highglitity of choosing installment terms that
are shorter than 12 months. In particular, in our simulaiofthe model we see strong preference for
installment loans of shorter durations, particularly fon&tallments. Only 8% of the customers who took
the 12 month free installment offer chose the full 12 instaiht maximum. The most popular option was 3
installments, chosen by 38% the customers who acceptagsttieee installment offers with a maximum
of 12 installments.

We now discuss the parameters of interestgtharameters entering the option value funcidr, d, @)
and the fixed cost functioh(x,d, @) that are two key “behavioral objects” underlying our diserehoice
model. Note that due to the large variability in spendingbasrdifferent consumers, we normalized each
customer’s credit card spending and installment balarcée ratios of their average statement amounts
(the monthly balance due on their credit card bill). Thusyachase amourg = 2 denotes a purchase that
is twice as large as the average amount of that customenrageeredit card balance on each statement
date. The installment balande, of 3 corresponds toan installment balance that is 3 timésrgs as the

average of the customer’s credit card statement balance.
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Consider first the estimation results for the parametersriexgt the option value functiop(x,d, @).

We did not include a constant term in our specification in équa(31) 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 parametgrto be unconstrained and take positive or negative valuesdier o

to to play the effective role of the constant term. Howeverdigeconstrain the coefficients ofd > j}

for j =3,...,12 to be positive by writing them as exponential functionshef underlying parameters,
i=1..., 10 This constrain®(x, d, @) to be a non-decreasing function af

The two largest coefficients (in absolute value) afigare @, the coefficient of thenstallsharevari-
able, andyp;s, the coefficient of a dummy variable indicating that the $&etion was done as a free install-
ment. The latter coefficient indicates that customers pardece installments to have evaigher option
value than installments done at positive interest ratesaM/@ot quite sure of how to interpret this finding,
but the data are clearly telling us that it needs to make thieropalue of a free installment extra high,
otherwise the model would have difficulty in explaining thember of free installment chosen in our sam-
ple, since the take-up rate is already low. This finding satgythat customers evaluate free installments
differently than regular positive interest installmenteo$. We also included thiglr = 0} dummy in the
transaction cost functiok and find that it has a strong significantly negative coefficieare as well.

The estimated parameters imply that consumers perceiw@r limansactions costs for free installment
offers than regular positive-interest installments, alltedfat is inconsistent with a stigma explanation for
the low take up rate of free installments. We found that wddsignificantly increase the likelihood by
including thel {r = 0} dummy in both the andA functions, which suggests that not only do customers
regard free installment offers has having lower transastimosts than regular positive-interest installment
transactions, but they also find free installment offersstoore valuable than positive interest installments
in a manner that is proportional to transaction size

This finding is hard to explain using traditional expecteititytmodels, where the consumer’s evalua-
tion of the option value of credit is independent of the cdstredit. Here we find that customers regard
the option to borrow to be more valuable to them if this opi®tfree” than if it was costly. Of course the

model already factors the cost of credit into customergdations by deducting the actual cost of credit

10n table[] we report the exponentiated values instead of anenpeters themselves, and used the delta method to calculat
the implied standard errors.
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as given by the(a,r,d) function. The estimation results tell us that the fact tt{atr,d) = O for free in-
stallment offers is not sufficient incentive for customersading to a traditional cost-benefit calculation
with a fixed option value functiomv(a, x,d) that is independent of the interest rateThe model fit is
significantly improved when we allow a significantly higheation valueov(a, x,d) for borrowing oppor-
tunities where = 0 compared to the default case situations wheter;(x,d). One possible explanation
is that customers realize that free installment opporiesidre “fleeting chances” which they value more
highly because they are transitory opportunities to bomoder the best possible terms.

The most importank variable turned out to bmstallshare,the share of creditcard spending that the
customer does under installment. We includestallsharebecause it serves as an important observable
indicator of unobserved preference heterogeneity, asaselh observed indicator about which consumers
are most likely to be liquidity constrained. We found thattmer creditscorenor the number of late
paymentqlateare as powerful as thiastallsharevariable in enabling the model to fit the data and capture
the high degree of customer-specific heterogeneity thabwed in our analysis in section 3. We think that
installshareis a better indicator of customers who are “credit consgrdiirthan thecreditscoreor nlate
variables, though it may also capture customers who ar¢afingent addicts” who make frequent use of
installment credit.

The large negative and strongly statistically significatineated coefficient of thimstallsharevariable
(12 indicates, not surprisingly, that customers with highalistent shares have uniformly higher estimated
option values, and thus a higher proclivity to take instaihts, both those at zero and those at positive
interest rates. As we discussed previously in sectiomsallshareis the most important single factor
affecting differential take-up of free installment offersross customers in our sample, as shown in the right
hand panel of figurel4. We usestallshareas a covariate in our model as a convenient, low-dimensional
means of capturing unobserved heterogeneity in the bahafvibe consumers in our sample.

An alternative estimation strategy would be to replatstallshareby a random parametearrepre-
sentingunobserved heterogeneityith the interpretation that lower values ofindicate customers who
are more desperate for liquidity and thus have a higher stigewillingness to pay for loans of various
durationsp(x,d, T, ). We also experimented with alternative ways of capturingbserved heterogeneity
such as the approach lof Heckman and Singer [1984] but fourmmiputationally infeasible to estimate

the mode

1A random effects approach requires integration over thibligion of possible types of preference parameters fer th
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We had much more success in capturing customer-specifimieteeity using &ixed effects approach.
Since we have (unbalanced) panel data, we have a subsettameus for whom we observe sufficiently
many transactions to be able to estimate subsets of herameters on austomer by customer basis.
For example, we observe more than 100 credit card transactar 470 of the 611 customers in our
estimation sample (the maximum number of observationsrgrsingle customer was 1981). Though it
is not realistically possible to estimate all 29 of thg@arameters on a customer by customer basis, even
for the subset of 470 customers for whom we have more thanra@8dction observations, we did find it
was possible to estimateistomer-specific constant teringheh(x, d, @) andA(x,d, @) functions given in
equations[(31) and (B2) above. Specifically, for the subsamfothe 470 customers for whom we have
at least 100 observations per customer, we estimated ces&pacific constanuﬁq,lz andfg,ls, wherei
indexes this subset of 470 customers; 1,...,470, so in effect we estimated a total of @parameters
that were common to all individuals, plus an additional 242 470 customer-specific intercept terms in
theh andA function

We found that although there is a substantial amount of mestespecific differences in the estimated
(Anﬁlz and (An,m coefficients the estimated coefficients were well approximated by a sifin@ar functions

of the installshare variableThat is, we found that

@roinstallshare + u; (33)

B
S
I

@15 = @ginstallshare+ g (34)

wherefplz is the maximum likelihood estimate of the coefficign in equation[(3IL) an&}ls is the maxi-
mum likelihood estimate of the coefficiegis in equation[(3R), and, as we will show beldw; } and{g }
are “residuals” that turned out to have approximate meamamed are mean-independent of thetallshare
variable.

Thus, while some readers may worry about the problem of “gadeity” by including thénstallshare

variable as an explanatory variable into the model of ilmstht choice, it is actually just a parsimonious

likelihood function for each individual consumer. For manystomers in our sample we have hundreds of transactiorshwhi
implies that the customer-specific likelihoods — the pradifcheir probabilities of choosing various payment opsidor their
many observed transactions — are very small probabilitéesshad great difficulty doing the numerical integration ireacurate
and reliable manner. When we try to maximize the log-likediti we ended up having to take logs of probabilities thatetdmut

to be too small to be reliably computed on 64 bit computers.

12For identification purposes, we normalizegl= 0 andg,7 = O to do these customer-specific fixed-effect estimatiomsesi
the sum of the installment loan duration variables equalsrestant term and thus, the customer-specific interceptsdwant
be identified without such additional normalizations. Rart in the cases where a customer does no installment senbe
customer-specific intercepts are not identified, so we weable to estimate these for the small number of individudis did
no installment spending.
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Figure 7:A function residualg e } by Installment Share
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way of capturing the considerable degree of customer-Bpgrrameter heterogeneity in our estimated
model. Even though there is some degradation in the likethe@sulting from usingp.installshare
instead offn;z, and fplsinstallshare instead offgis, there were major computational savings resulting
from having to estimate only 26 parameters instead of 965940+ 25 (here we account for the 28
parameters less the two identifying normalizations disedsn footnote 11 above), and we found that our
estimates of the othep parameters did not change significantly as a result usisgniiore parsimonious
specification for capturing unobserved heterogeneity émtiodel.

Figure[T plots the estimated “residualég } that capture customer-specific heterogeneity inXhe
function above and beyond the heterogeneity capturaﬁlbystallshare (see equatior (34) above). The
fact that there is no obvious trend in these residuals aridhibg are approximately mean zero and mean
independent ofnstallshare shows that the pattern of heterogeneity in the estimatetbimes-specific
constant termﬁqﬂ is well approximated by the simple linear specificatfminstallshare.

The residuals for tha function (see equatiof (33) above) are similar, though én@wce is larger. We
take this as very good evidence that our simplifiedpz@&rameter specification given in Table 1 is a very
good one, and that thaestallsharevariable is successful in capturing the majority of the costr-specific
heterogeneity we observe in our data in a very parsimonicarser.

Other points to note about the estimated parametegsisfthat counterintuitively, we find that the
option valueincreasesthe larger the customer’s existing installment balancesée ¢, the coefficient
of ib). While this could be a spurious estimate due to potentidbganeity of the installment balance,

we believe that we have already controlled for the effectnsfédllment via the inclusion of thiastall-
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sharevariable. Further, the coefficient gi; remains negative when we excluhstallshareand estimate
customer-specific constant termshimndA. The positive coefficient oib may reflect periods of persis-
tently high need for credit or a consumer who faces tighteditrconstraints in other aspects of his/her
financial life (recall that there are no explicit borrowingnstraints for the credit card we study). In such
situations, the consumer will borrow more under installtr@nd thus have a higher valueib) and will
also have a higher option value for credit. Thissnay be proxying fotime-varyingneeds for installment
credit that are not captured by the time invarierstallsharevariable.

A more intuitive finding is that the option value is an incriegsfunction ofcreditscorewhich means
customers with worse (i.e. higher) credit scores are prediito have higher option values for installment
credit. Similarly, another indicator of credit problemise tnumber of late payments that the customer has
on his/her recordlatealso increases the option value and thus the value of imstatl credit.

We now turn to a discussion of the estimated parameters dixbe cost functiori(x,d, ). The first
point to note is that the estimated transactions costs@remonotonic in loan duration d:hough we also
estimated specifications where we imposed monotonicitgdopletely exclude the dummy variables for
various installment termd), we can strongly reject both of these restrictions on theehoThe results
show that transaction costs are lowest for loan with either 3 ord € {6,7,8} installments, but are
significantly higher for the shortest duratidn= 2, or the longest duratiordse {11,12}. As a result of the
non-monotonicity in transactions costs, it is possibledgbvjolations of the Weak and Strong Dominance
assumptions for some transaction siaeven whero; = 0 and even though we have restricfga, d) to
be a monotonically increasing function @f Whether the non-monotonicity @f(x,d) in d really reflects
variations in transactions costs or is indirectly reflegtinspecific preference for particular duratiahis
not entirely clear. However the finding shows a key avenuehitivthe model captures both the low take
up and high incidence of choice of dominated repayment dun{2,...,6— 1} for free installment loan
offers, and our finding is not just an artifact of random nars¢he unobserved componergd) of the
values of the various interest-free alternatives.

Generally, the model estimates that consumers perceivefixigd costs to choosing any installment
transactions other than the “default” choide= 1. These “costs” may reflect perceived “stigma” asso-
ciated with taking installment transactions. From anegldetidence, the people in the country we are
studying regard installment purchases as a sign of “weaKresgpecially in view of the bad experience

that these people had several years prior to the period wiedtwhere there had been a credit bubble and
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Figure 8: Estimated breakeven amouaits, d) for installment transactions
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a high frequency of credit card defaults. Thus, the indigildunay have been chastised or even scarred by
that prior experience and had resolved themselves to trydia dhe use of installment credit whenever
possible.

One might ask why this scarring effect and aversion to imtaits doesn’t show up in lower estimated
option values. We believe that the fixed costs play an importade in explaining a clear pattern in our data
where generally only sufficiently expensive purchases @@enunder installment. The reason is that while
the average non-installment credit card purchase is $6@wbrage (positive interest) installment purchase
is $350. The fixed costs are estimated to be large in ordert@iexdifferential pattern of spending.

Figure[8 illustrates this by plotting the “cut-off” value spendinga(x,d) for which the net benefit of

borrowing on installment equals the fixed cost of undertgkini.e.

A(x,d, o)
p(x,d, @) —c(a,r(x,d),d)"

This figure was calculated for an individual withrceeditscore=5(i.e. about average credit) withstall-

a(xd) = (35)

share=.1andib = 0 andnlate=4. We see that for positive interest loans, the breakeven (aéo the
amount is expressed as a ratio of the average credit casrsat balance) is generally over 5 and is as
high as 12 or 13 for the less popular (and more expensiveglim&tnt loan durations] = 8 andd = 11.
Notice that@,7, the coefficient of {r = 0} is negative and strongly statistically significandicating that
consumers perceive free installments to have lower fixetscosich reinforces the effect of free install-
ments on the option value, as captured by the estimapesafiscussed above. Together, these coefficients
suggest that consumers regard free installments as “$pecthe sense that they are perceived to have

extra option value and a lower transaction cost than low baitpe interest loan offers. Despite this ef-
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fect, it is a puzzle as to why the model still predicts a lowetalp rate of free installments. Without the
[{r = 0} dummy included in thé andA function, the model fit would deteriorate and it would preaio
even lower take-up rate of free installments than the 15%thett the current specification predicts.

In any event, the net effect of free installment offers orditrdecisions is not immediately clear since
we have found that the free installment lowers the optiomevddut also zeros out the cost of the loan
which has ambiguous effects on the denominatol_df (35). Abave seen above, the fixed costs of taking
an installment loan are estimated to be lower if the loan iea installment offer, and this reduces the
numerator of[(35). Even though the effect of free installtaem the cutoff levefi(x,d) is ambiguous in
general, we see from figuré 8 that for the particular custdirarwe plotted, the net effect is to uniformly
lower the threshold at which the customer decides to urkkettze installment transaction. The effect 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 stateanmeunt, whereas the cutoffs are over 10
for positive interest installment loans.

This is how the model explains the fact (see figure 2 in se®@)dhat the distribution of free installment
transaction sizes is stochastically dominated by theibligion of positive interest transaction sizes. The
model is telling us that the “acceptance threshad d) for undertaking an installment transaction is
lower for free installment offers than for installments dat positive interest rates. The gap between these
thresholds is particularly pronounced at higher loan dlomat Thus, the model predict that customers are
more likely to choose to pay under installment for smallee siansaction when the installment is free than
when it is at a positive interest rate. This implies that tistrithution of transaction amounts for positive
interest installments stochastically dominates theitligion of transaction amounts for free installments
that we observed in figufé 2.

In simulations of the model the mean sizes of transactiong ds positive interest and free installment
transactions, respectively, closely match the values wervk in our data set. If we measuring transactions
as aratio of the average statement balance, transact@ireséhnot done on installment £ 1) average 9%
of the average statement balance, free installments areoB@¥% average statement balance and positive
interest installments are 49% of the average statemenndmlaln our simulations the corresponding
percentages are 9%, 38% and 53%, respectively. Given thdeastherrors of these percentages in our
simulations, we cannot reject the hypothesis that the sitioul estimates equal the true percentages at the

5% significance level.
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The final comment we have about the estimatdanction is that the coefficier; g of theinstallshare
variable is a large negative number that is very precisdiynased. Thus, we find that the model captures
the systematically higher use of installment credit by\vidlials with high values oinstallshareby in-
creasing the option value of the loan and by reducing the fixstl of undertaking the transaction. This is
how the model explains the fact that the ratio of the typinatallment purchase to the typical credit card

(non-installment) purchase decreasesatallshareincreases.

4.6 Model Identification

Given the high degree of censoring in our data (i.e. the fattwe observe free installments in only 2.7%
of all transactions), it may seem surprising that we canrs¢gly identify the consumer choice probabil-
ities P, (d|x,a), Po(d|a,x,8) from the probability that customers are offered free ihstahtsl(z,a) and
also identify the probability distributioi(d,3) of the maximum term of free installment offers. How is it
that the model can enable us to infer so much about custorhewrioe in the 97.3% of transactions where
we cannot observe whether a free installment was offeredt@r n

We start by observing that the modgldentified. Our model is a fully parametric one and we are also
greatly assisted by the priori exclusion restriction that the probabilify(z a) that a customer is offered
a free installment does not depend on customer charaitenstAs we have noted above, this is a strong
piece of identifying information but one that is completglgtified by virtue of quasi random nature of the
free installment offers. Company management confirmed tbaicustomerare offered free installments
without regard to their characteristiggnd we relied on this prior information and imposed this esicn
restriction as a powerful source of identification of our relod

For fully parametric models, lack of identification can omllgow up in two ways: 1) locally flat
likelihood, or 2) two or more isolated global maximums of tikelihood function. The fact that we can
numerically calculate the hessian matrix of the log-lilkethd function and confirm that this matrix is
well conditioned means that we can rule out possibility 1) &&o conducted a thorough search of the
parameter space and cannot find any evidence of two or mdagadalobal maxima for our model. From
standard results in differential topology, there is esaéyptino chance of a failure of identification of type
2):. almost all smoothregular functions (i.e. those that have only isolated critical pgjrhave a unique
global maximum. Thus, if there is any lack of identificatiohwill show up in the form of a singular

hessian matrix for the log-likelihood at the maximum likelod parameter estimates.
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Even in cases where the hessian is technically invertibleaaly flat or poorly identified model reveals
itself in the form of huge standard errors, since these doelleded from the negative of the inverse of the
hessian matrix of the log-likelihood function. As we can §een table[1, nearly all of the parameters
of the model have very small estimated standard errors arstl pasameters are statistically significantly
different from zero.

The parameters that are the least well identified ar@tharameters of the distributiof(d, 3) of the
maximum terms of free installment offers. Particularly enthe Weak and Strong Dominance Assump-
tions, the standard errors of the estimated probabilitid, [3) and f (11, [3) are indeed huge, and reflect
the fact that very few installments of these durations witcliesen in our dataset. For example, there are
only 5 cases wherd = 11 and none of these were free installment ofers. As a rdsailtnaximum like-
lihood point estimates fof (11, [3) is virtually zero but the standard errors are huge due to é¢ng small
number of observations.

However further evidence that the model is identified coma® fthe fact that we can decisively reject
both the Weak and Strong Dominance Assumptions. If the madslnot well identified, it would be
possible to fit the data under these restrictions nearly disasavithout them, since these assumptions
only restrict customer behavior in situations we do not oleseYet we are able to decisively reject these
assumptions because the model is unable to fit the data asvivei the Weak and Strong Dominance
Assumptions hold. Why? The reason is that there are twordiffevays to predict the small fraction of
free installment transactions. One way is to predict thay Yew of these offers are made, but the take
up rate is relatively high. The other way is to predict thaefinstallments are made at a higher rate but
the take up rate is lower. The data favors the former exglamatnce the latter explanation results in low
option values for installment credit (to explain the loweakp rate), but the low option values cause the
model to underpredict the number of positive interest Imnt offers chosen.

However the other explanation that the data prefer, namdipave the model predict high take-up rate,
but a low probability of being offered a free installmentshis own difficulties fitting all of the data. In
this case, the model overestimates the number of free arivpasstallment offers taken. For example,
under the Weak Dominance Assumption, simulations of theeh@dult in 3.3% of all transactions being
done as free installments and 4.1% as positive interestlimgnts, whereas in the data the corresponding
percentages are 2.7% and 3.7%, respectively.

The unrestricted nested logit model has additional fleikjttihat is lacking under the Weak and Strong
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Dominance assumptions that help it fit the data. Though tihestncted model can also explain low rate
of free installments in two different ways (e.g. low offeteand high take-up rate, or higher offer rate
and low take-up rate), the second explanation providesrifisigntly better fit to the data. The additional
flexibility comes from not requiring the unobserved compdseof the values of the various interest-free
alternatives to be perfectly correlated with each othee ihlareased flexibility provides more ways for the
model to explain the relative number and durations of fresugepositive interest installment transactions.
For example, simulations of the unrestricted nested logitleh result in 2.8% of all transactions being
done as free installments and 3.8% as positive interesdlim&nts. These are quite close to the actual
percentages and well within the standard deviations oktpescentages accounting for simulation noise
and estimation error.

Thus, it isnot the case that the various ways of explaining the 2.7% fraaiidfree installments and
the 3.7% fraction of positive interest installment trarigars in our data are observationally equivalent or
even nearly so. The likelihood clearly favors the unrestdmested logit model and with an explanation
that involves a relative high offer rate but low take-up @téree installments offers. Further evidence that
the model is identified is provided by the fact that, as we shiosection 4.7, we are unable to reject the
unrestricted nested logit model specification in Chi-squgoodness of fit tests of the model, whereas we
can strongly reject the specifications in which the Weak anoh§ Dominance assumptions are imposed.

Furthermore, we do not think that any of our key conclusiores atifacts of particular parametric
functional form assumptions. In fact, we have establishaificient conditiongor the non-parametric
partial identificationof the model. Though it beyond the scope of this paper to deowi full analysis of
the non-parametric identification of the model under thekestipossible conditions, in appendix 1 we
prove the following theorem.

Theorem Suppose there are a finite number of possible values of adxesnsumer types X, transaction
sizes a, and merchant types/time dummies z and that if weéedeR@nda as the number of possible values
for z, x and a respectively, then we assume thatl andax > 7. Further, if f(a,x,2) is the population
proportion for cell(a, x,z) we assume that for each z thatafx,z) > 0 for all possible values of a and X,
i.e. the conditional density(&, x|z) has full support for each possible value z. Define the strattbjects

I of the installment model as the following probabilities= { f (5),P(z), P (d|a,x),Py(d|a,x,d)} where
f(8),0€{2,...,12} is the probability distribution for the maximum term of adii@stallment offer, Fz) is

the conditional probability that a free installment offarrnade to customers purchasing at merchant/time
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z, P.(d|a,x) is the conditional probability of choosing payment terre d1,2,...,12} by a consumer of
observed type x making a transaction of amount a who was fesedfa free installment, andyRl|a, x, d)

is the probability a consumer of observed type x making asaation amount a will choose payment
option de {1,2,...,12} given that they are offered a free installment with maximemm®d € {2,...,12}.
Suppose the following conditions hold: 0) the model is arilyespecified, i.e. there is an underlying true
structurel* that generates the (censored) déthx, z) we observe (i.e. that a free installment offer is only
observed for customers that choose them}zI)(z) =0, and 2)Vd € {2,...,12} 3(a,X) Py(d|a,x,0) = 1.
Then the following structural objects Inare identified: {8),d¢ {2,...,12}, P(z) for all z, and P.(d|a, x)

for all (a,x). The choice probabilitiesdPd|x, a, d) are partially identified. We can identifyy3|a, x, 2) and
Po(12a,x,12) for all (a,x) and the following weighted averages of the remaining vaRigd|a, x, ) for

all (a,x):

12
S Po(da,x3)f(3) de{1,...,12}
0=2

d-1
S Po(dlaxd)f(d) de{3....12)
d=2

f Po(dja,x,8)f(8) de{3,...,12}. (36)
o=d

Note that Assumption 1) in the Theorem states that therdesst one merchant/time periddvhere there
is zero probability of a free installment offer. We belietistis a reasonable assumption given that certain
merchants such as fast food restaurants or newspaper selhilems where the transaction sizes are too
small to justify the use of free installments as a promofiole@ice. Indeed our estimates of the parametric
probability M(z &) resulted in values very close to zero and we are unable totrigje hypothesis that
MN(z a*) = 0 for many merchants/time periods

Assumption 2) states that theegists at least one “installment takelle. a type of customer that
always takes free installments when they are offered. Wa tasnake clear that this assumption does
not state thatall customer types are “installment takers” since a customeay iwtan installment taker
necessarily satisfies the Strong Dominance Assumptiorghaiir empirical analysis in section 4.5 has
strongly rejected. However note rejecting the hypothd®sall customers satisfy the Strong Dominance
Assumption doesot rule out the possibility thasome customers might be installment takers. Indeed,
we have found a great deal of heterogeneity in consumer @tevd our empirical analysis does show

that there a small fraction of “installment avoiders” whaygdoxically, behave as “installment takers”
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for sufficiently large transaction amounts. That is, thae @istomers who have no apparent liquidity
constraints or need for installment credit but who are rati@nd whowill take a free installment offer at
the maximum term offered for transactions that are sufficiently large.

The Theorem shows that most of the structural objedts &re uniquely identified non-parametrically,
but that we can only partially identifip(d|a, x,8). We can exactly identify two values of these probabil-
ities for any(a,x), Po(3|a,x,2) andPy(12|a,x,12), but we cannot uniquely identify the remaining values
of Po(d|a, x,d) but only the weighted averages of these probabilities givemquation[(36).

Note that the non-parametric identifiability Bf(12]a, x, 12) is enough information to make the Strong
Dominance Assumption testable under very weak assumptiote that the Strong Dominance Assump-
tion implies thatePy(12)a,x,12) = 1. Since, the fraction of all free installment offers witke tthaximum
term of 12 paymentsf (12), is identified, we can test Strong Dominance by estimatiedrction of cus-
tomers in anya, x) cell who choose free installment offers of duratiba- 12. If this estimated probability
is less tharf (12) then we can reject the Strong Dominance Assumption. ThasSttong Dominance As-
sumption is one that can be tested under very weak assuraptiod with sufficient data, it can be tested
on “cell by cell” basis, i.e. separately for each possiblei®af (a,x).

However it appears that some additional prior informatiamstrbe imposed to test the Weak Domi-
nance Assumption, and to be able to make more detailed piedicof how free installment offers affect
customers’ choices when the data are censored. We beliegntiple model of choice of payment terms
that we introduced in section 4.1 does not rely on implaesdlhighly restrictivea priori assumptions,
yet this additional parametric structure allows us to maleerhore detailed predictions of how consumers
react to the presence of free installment offers that we aadinectly observe. In particular, we not not
believe that any of our main empirical conclusions are aote of functional form assumptions, and are
robust to reasonable modifications of the assumed fundtfonas for the value functions(a,x,r,d) or

the distributions of unobserved components of these vatgds d € {1,...,12}.

4.7 Model Fit

We now discuss the fit of the model. Figuré$ 9|, 10,[add 11 sumentire ability of the structural model
to fit the credit card data. Of course the predominant chojcedmsumers is to pay their credit card
purchases in full by the next installment date: this is theiahmade in 93.57% of the customer/purchase

transactions in our data set. When we simulate the estinmatei| of installment choice, taking tikxeand
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purchase amountsas given for the 167,946 observations in our data set, wéobfaredicted (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 the model e¢adipt the installment choices made by
the customers in our sample, i.e. to predict the incidenchoitesd > 1. Figurd 9 plots the predicted ver-
sus actual set dll installment choices made the customers in our sample. Wigene model provides
a nearly perfect fit of actual installment choices. Fidurec@fpares the actual versus predicted choices
for the subsample of individuals (both simulated and agtrab chose positive interest installments. We
see that once again, the model predicts the outcome we @bseavly perfectly.

The model does slightly overpredict the number of free Imtnts chosen for durations of = 2
installments, and underpredicts the numbed ef 3 month installments chosen, but only slightly. Overall,
we feel that the model does an excellent job of capturing dyeféatures that we observe in our credit card
data. In particular, when we use the simulated data to receemlogs of the figures presented in section
5, we find that the model succeeds in capturing all of the katufes that we observe in the actual data.

We also conducted a battery of Chi-squared goodness oftftusing the random-cell Chi-squared test
of Andrews [1988]. These tests are based on partitioninglépendent variables as well as the covariates
entering the model into various “cells” and computing a gatid form in the difference between the
model’s predicted probabilities of the customer’s choicethe various cells in the partition to the actual
frequency distribution of choices in each of the cells. Thgrdes of freedom depends on the number of
cells in the patrtition less the number of estimated parammétehe model.

There are countless ways to partition the sgaceA x X x ZwhereD = {1,...,12} is the choice set,
Ais the set of (normalized) purchase amoukMiss the set of observed characteristics of customerszand
is a set of all possible merchant code and time dummies thatezhthe model to predict the probability of
a free installment offer. For example, we could partitionicks by purchases at various sets of merchants,
or over various intervals of time, or on a partition of the amis purchased (e.g. large transaction amounts
versus small transaction amounts) and so forth. We have tti@&r many different choices of partitions
and while particular values of the Chi-squared statistiesansitive to how we choose these partitions, we
found that with few exceptions the Chi-squared test was lertalreject the model at conventional levels
of significance. At the same time the Chi-square tests ghiyeecisively reject both the specifications

where we impose the Weak and Strong Dominance assumptidnis.isTconsistent with our Likelihood
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Figure 9: Predicted versus Actual Installment Choices)istallment Transactions
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Figure 10: Predicted versus Actual Installment Choicesjt®e Interest Installment Transactions
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Figure 11: Predicted versus Actual Free Installment Clsoice
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ratio tests, which also provided strong rejections of thak\nd Strong Dominance Assumptions. Given
the length of the paper, we decided to omit presentationeohtitual test statistics and the correspondence
marginal significance values, but we are happy to provideitfiormation upon request.

As we noted in the introduction and elsewhere, our simulatiaso predict something that we could
not otherwise learn from our data without having a strudtaradel: the model predicts that in 15% of
167,946 simulated customer-purchase transactions, thpaioy offers customers free installment oppor-
tunities. This estimate strikes us as quite reasonable sigare[4 in section 2 shows that the installment
‘addicts” who do the highest share of their credit card spandn installment have the highest fractions
of installment transactions that are done as free installspeand the average for this group is approxi-
mately 15%. Thus, if we assume that the most installmentgiodividuals do not pass up opportunities
to purchase items under free installment offers and havikeaup rate of nearly 100%, then this provides

independent evidence that our estimated average ratesoffstallment offers is reasonable.

5 Model Implications and Counterfactual Simulations

The left hand panel of Figufe 12 plots the estimated subgdtiterest ratep(x,d) and compares it to
the estimated interest rate schedu(g,d) for an illustrative consumer with a creditscore ofi,= 2,
and an installment share of 30%. From figuré 12 we see thatstimated subjective interest ratesre
non-decreasing id and are everywhere above the interest rates the credit oargany charges(x,d),
signaling a clear net benefit of purchasing under instaltroegdit. Thep(x,d, @) function has its largest
jumps atd = 3 andd = 12.

The right panel of Figure_12 plots the net benefits from ihstht borrowing,p(x,d, @) —r(x,d), as
a bar-plot. We see that for this particular customer, thédst)net benefits occur at a durationdof 4,
where the customer experiences a net benefit to taking allinent, net of the cost of the installment, of
about 7% of the transaction amoumtThe net benefit of installments is generally the highessfarter
duration installment loans, fat € {2,...,6}, and then falls for the longer duration loath& {7,...,11}
but increases again fakr= 12 installment loans. This pattern of net benefits is gelyecahnsistent with
the pattern of installment loan choices, although it dogshow any pronounced peakdt= 3 that could
explain the peak in installments at this duration that weeoled in figurd 6. We will explain how the

model is able to capture this peak when we describe the @gimasults for the\ function below.
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Figure 12: Estimategd(x,d, @), r(x,d), andp(x,d) —r(x,d)
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Figure[13 illustrates how the choice probabilities of twifedtent customers — an installment “avoider”
(installshare=Q and an installment “addict’ijstallshare=0.83 — are affected by the presence of a 10
month free installment offer. The choice probabilitiesftsdiramatically in the presence of the free in-
stallment offer, particularly for the installment avoidétowever the choice probabilities are also depend
critically on the transaction siz& This person had virtually no chance of choosing any insiafit dura-
tion greater than = 3 when facing positive interest rates, however once a 10 mfoz¢ installment offer
is on the table, the customer’s chance of taking the 10 maathifistallment offer starts to increase sig-
nificantly with the size of the purchase amoantWhena = 0.2 (i.e. a transaction that is 20% of the size
of the customer’s average monthly balance due), the fraalliment option has very little effect on this
consumer’s choice probabilities. However wiaes 1.0 the probability of choosing alternativds= 1 and
d = 3 fall significantly relative to the case where a free insteiht 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 10 month free installmeffer rises to virtually 100%.

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

Figure[ I3 summarizes the key finding of the paper, nantelymodel predicts that there is a significant
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Figure 13: Choice probabilities in the presence of a 10 ménethinstallment offer
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probability that customers who choose a free installmelitobose a term that is less than the maximum
duration offered.In figure[13 we see this clearly. For example, the blue dashedr the left hand panel
of figure[13 shows that if an installment avoider who is pusiig an item that equals the average size of
his credit card statemerd,= 1.0, is offered a free installment with a maximum duration ofdénths, the
probability this person will actually choose the free ifistant at the maximum duration offered,= 10,

is less than 25%. Similarly, the solid red line in figlire 13whdhat if an installment addict who is
purchasing an item of amouat= 0.2 and is offered a free installment offer with a 10 month maxim
duration, the probability the person will choage- 10 is about 10%.

As we noted in the introduction, simulations of the modeldar full sample leads to the prediction
that 82% of individuals who were offered (and chose) a 10 iménee installment offer also precommited
at the time of purchase to pay the balancéemwerthan 10 installments. This precommitment behavior,
along with the fairly low probability that free installmeaffers are predicted to be chosen, constitutes a
significant challenge to expected utility models, whicheyally predict that rational individuals should
choose the maximum allowed term when offered an interestdivan. In other words, expected utility
models predict that individuals should satisfy the Strorgrinance Assumption, which our empirical
findings have decisively rejected.

While our model is capable of explaining behavior incomsistwith expected utility maximization,
the model is incapable of explainimghyindividuals in our sample are relatively reluctant to takef(lly
exploit) free installment offers. Although we speculatiedttindividuals might have some sort of stigma or

fear about some hidden catch or cost associated with takeegristallment offers, we simply do not have
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enough information to be able to isolate the underlying eomg, fears, or other psychological motivations
more precisely.

However as we noted in section 4.5, our finding that a dummiablar for free installment offers,
I{r = 0}, is a significant variable in both theandA functions of the option value functioov(a,x,r)
suggest that consumers regard free installments as “$pleciis” and there is little evidence that they feel
stigmatized by these offers. This could suggest that tigenstiexplanation is less likely, and may suggest
that our findings are maore consistent with the time-incaasisplanning explanation we discussed in the
introduction, where consumers avoid undertaking too mudit ds a self-control device to constrain their
“future selves.”

Though it is not the main focus of this paper, we can use thmattd model of installment choice to
calculate the implied demand curve for installment crediliough a simple regression of the amount of
installment borrowing on the interest rate charged resnltn upward sloping estimated demand curve
— a spurious result due to the endogeneity of the interest—+atthe implied demand curves from the
estimated discrete choice model are downward slopinggthéairly inelastic. We calculated the demand
elasticities for our two illustrative customers — the “@#inent avoider” and the “installment addict”
— at the average installment interest rate, 15%, and fourmbih cases their demand for credit is quite
inelastic. The calculated elasticity for the installmeadiat is -0.074 whereas the demand elasticity of the
installment avoider is -0.11. We find that the demand forailstent credit is highly inelastic for virtually
all of the individuals in our sample. The left hand panel otifef14 plots the distribution of estimated
demand elasticities for 607 individuals in our sample forowhwe had enough data on purchases to
calculate reasonable estimates of demand elasticitiessed/e very skewed distribution with the lower
tail containing a minority of individuals who have relatiyelastic demand functions, but the vast majority
of individuals have demand elasticities that are quiteaisktd and concentrated near 0.

The right hand panel of figute 14 compares the distributioth@imaximum terms of free installments
that areoffered to customers (blue line) to the distribution of terms thatenehosen(red dashed line).
We can now answer the question raised in section 3, namelthethpattern of chosen durations of free
installment offers is supply-driven and determined by tbmpany offering few interest-free installments
with long payback terms, or whether these durations are ddrddven and a consequence of customer
choices. We see that while the company does offer most ofitiésast-free loans at the most popular 3

month duration, it makes a significant share of interest-foan offers at durations of 10 and 12 months,
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Figure 14: Estimated Demand Elasticities and Durationsftéréd and Accepted Free Installments

Distribution of Distribution of Estimated Installment Demand Elasticities Distribution of Terms of Offered versus Accepted Free Installment Loans
T T T
0.7 A

Offered
= = = Accepted

25f Mean -0.25247 0.6
Median -0.15209
Minimum -1.8054
Maximum -0.0062975 0.5
2r Std dev 0.29601
N 607

o
>

o
w

Percent of Installments

o
N

051 0.1

92 71.‘5 7i 70‘.5 0 4 6 8 10 £2

Demand Elasticity at r=0.15 Installment Term (Number of Payments/Months)

yet few customers take these offers at the maximum duratiiased. Instead most customers who take
these offers precommit to loan terms of 3 months, and thitagxgwhy 70% of customers in our sample

chose interest-free installment loans for terms of 3 mgontiereas we estimate that the company offers

3 month interest-free installment loans 57% of the time.

5.1 Customer Responses to Counterfactual Interest Rate Setules

We conclude by examining the optimality of the credit carchpany’s interest rate schedule in light of
what we have learned about the demand for installment diadibtis sample of customers. We argue that
it is possible to obtain interesting insights into the oty of company’s particular nonlinear interest
rate schedule even using our “partial” demand model foallment credit. Recall from section 4.2 that
we found that the company sets customer specific interestsidtedules, but in a very particular way,
namely, it offers the same “duration premium” shown in figért all customers, and engages in third
degree price discrimination via the use of customer-speitifercepts which shift the entire interest rate
schedule up and down in a parallel fashion.

We consider the effect on the firm’s profitability from adoytialternative interest rate schedules, but
we constrain our search to alternative installment inteege schedules that guarantee that the customers’
expected welfare is no lower under an alternative hypatakiinterest rate than the expect understaus
quo. That is, we solve the following problem

o 12
max/ ;[c(a,rd,d)—c(a,R,d)]P+(d]a,x,r2,...,rlz)f(a\x)da (37)
0 d=

2,...,f112
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subject to:

12

G/OOOIog (ﬁ exp{v(d,x, a,rd)/c)}> f(alx)da> 0/000 log (dz exp{v(d,x,a,r (x,d))/c)}) f(alx)da,

=1 =1 (38)
whereR; is the credit card company’s opportunity cost of capita. (the rate at which it can borrow) and
ri(x,d) is the company’'status quanterest schedule from equatidd (4) that we plotted in fiiebove,
and f(alx) is the conditional distribution of transaction amountsgarchases by a customer of character-
isticsx The choice probability?, (d|a,x,r2,...,r12) is the model’s prediction of the probability that this
customer would choose an installment loan of duratiavhen confronted with a hypothetical alternative
interest rate schedul@o,...,ri12). The constraint in inequality (88) simply states that thpested net
benefit that the consumer expects from any alternative hgtioall interest rate schedule that the company
might offer must be at least as high as the customer expentséive under thetatus quaschedule.

While a fuller specification of the profit maximization prebi for the company would probably relax
this constraint and instead calculate overall companytgra$i a sum over all of its customers, accounting
for the fact that raising interest rates too much for soméorners might cause them to switch to other
credit cards or close their accounts entirely, we feel thatdonstrained optimization problemn [3[7)](38)
does give us insight whether the company'’s interest schadut least optimal in aecond bessense.
After all, if we can find ways to increase company profits byngiag interest rates to its customers
without changing the expected welfare they expect from st the installment borrowing opportunity,
the company cannot be maximizing profits in a global sensegddy holding customer welfare constant,
we have controlled for the effect of the proposed changeterést rates on the overall demand for and use
of the company’s credit card by its customers.

Figure[15 presents the optimal schedules that we calcufatethe same two individuals that we
have studied in our our analysis of predicted response toradtih free installment offer in section 4.7
(i.e. an installment “avoider” and and “addict”, respeely). These areustomer-specifiinterest rate
schedulegr,,...,r12) that increase the profits the company can expect to recee thhese consumers
while keeping both customers as well off in an expectedysiense as they are under the compastgsus

guo increasing interest rate schedule. Since the companygsesit rate schedules are already customer-

13we found that the distribution of transaction amounts isragimately lognormally distributed and used this specifaa
for f(alx) in equation[(3B). We also empirically analyzed the effeéhtérest rate on the size of transactions and did not find any
significant interest rate effect. For this reason the diistion f (a|x) does not include the interest rate as an additional comititip
variable.
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Figure 15: Optimal versustatus quadnstallment interest rates schedules
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specific, we believe it is feasible for the company to engagehird degree price discrimination and set
alternative customer-specific schedules such as the oggssted in figure_15.

From the left hand panel of figutell5 we see that for the imstit avoider, the model predicts that
the company could increase its profits by generallyering its interest rates except for installment loans
with d = 2 andd = 3 installments, for which its is optimal to increase thederest rates somewhat. The
overall decline in interest rates keeps the welfare of thisamer unchanged, while enabling the credit card
company to extract more surplus from this customer over tinatibns that the customer is most likely to
choose under the relatively infrequent occasions whenul®mer does do installment borrowing. Note
that due to the low rate of use of installments by this custpmeerall profits are very low, and even under
the alternative interest rate schedule the profits the cagnpan expect from installment loans from this
customer are negligible, even though our alternative sdeedbes increase these (negligible) profits by
10%.

The right hand panel of figute 115 shows a more interesting, ¢hseoptimal schedule for the install-

ment addict. Notice that in this case, the optimal interatd schedule is generalhygherthan thestatus
quointerest rate schedule, though the counterfactual scaeslidwer at installment loan duratiods= 8,
d =9 andd = 11, and the decreases in the rates at these durations aemqugih to keep this consumer
indifferent between this alternative interest schedule the status quo.In this case, the higher rate of
use of installment credit by this customer implies signifibahigher profits for the credit card company
relative to what it expects to earn from the installment deai We calculated profits under teatus

quo,as a fraction of the customer’s average credit card stateameount, of 06 percent. By adopting the
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alternative interest schedule in the right hand panel oféid® we predict that the company can increase
its expected profits by over 60% to@0percent of the average statement amount for this customaper
transactionbasis.

These results suggest that the company may not be maxinmigipgpfits since the particular interest
rate schedule it uses, with a duration-based interest pranfior installment terms that is common to
all customers, seems hard to rationalize as an optimal sthgiven that the company has the ability
to (and does) set customer-specific interest rates. We aargethat the company may not have a good
understanding of the behavior and preferences of its cus®mmand may have failed to take full advantage
of the strong preference of its customers for 3 month insetit loans. Our counterfactual calculation
suggests that the company can significantly increase ifdpby increasing the interest rate it charges for

this most popular installment loan duration.

6 Conclusions

We have analyzed a new data set on credit card transactiahsribbles us to observe micro-borrowing
decisions by customers. Specifically, the main way thattediccard company that we study offers credit
to its customers is viastallment creditwhich involves transaction by transaction decisions onthdre
to pay for a credit card purchase in full at the next statenj@nt 1), or to spread out the paymentdn
equal monthly installments fat € {2,...,12}.

In an attempt to increase its market share, the company mides® randomly offers its customers
interest-free installment loan opportunities. Theserefege made to all customers equally, without regard
to their characteristics. We have treated these offerscamsi-random experimerirh order to overcome
endogeneity in customer-specific interest rates and igahi demand for installment credit.

We have been able to circumvent another shortcoming in dar damely, the fact that the observations
on free installments areensored— we only observe whether a free installment was offered enctises
where customers chose them. We developed a flexible behhdiscrete choice model of installment
credit demand. Despite the high degree of censoring, wedtamgn that it is possible to identify customer
demand for credit, the probability that customers are effanterest-free installment opportunities, and
the distribution of the maximum duration of these offers.

Our main empirical finding is that though we estimate thatthrapany makes frequent use of interest-
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free installments — offering them in an average 15% of alidections in our sample — the take-up rate
for these offers is very low: customers accept them on aedragnly 18% of the transactions where they
are offered. The product of the 15% offer rate times the 18%-tg rate equals the 2.7% fraction of free
installment offers that we observe in our data set.

Further, we also find a high incidencesafboptimal precommitmeragsnong customers who do choose
free installment loan offers. For example, of the custormadrs choose interest-free loan offers with a 10
month maximum duration, 82% of them precommit to repay the infewerthan 10 installments. These
findings are hard to rationalize using standard expectdityutiodels, but are consistent with theories of
consumers who have self-control problems. Specificallg ioterpretation of our findings is that some
of the customers in our sample may have financial self-cbptablems and resist the temptation to take
interest-free loan offers. If they absolutely must borrovast consumers choose repayment terms that are
shorter than the maximum allowed term to avoid becomingssteely indebted.

We have noted that due to the censoring in our data, we caineatly observe this behavior: instead
it is inferred from our econometric model of installment loan choice. Wesharoven that many of the un-
knowns underlying this model are non-parametrically idiexat, but a key choice probability that predicts
how the presence of a free installment loan offer will affiaetir choice is only partially identified. Thus,
our empirical “findings” depend on additional parametriadtional form assumptions that enable us to
predict how consumers respond to free installment offeat we cannot always observe. However we
have argued that our findings are robust and are not senstiumctional form assumptions. Further we
are able to decisively reject the hypothesis that custosaisfy a “Strong Dominance Assumption” that
is implied by standard expected utility theory, namelyt thhenever a customer is offered an interest-free
loan opportunity, if they do take this offer, then they willays take it for the maximum duration offered.

Why should we care whether consumers sometimes make “smadpthoices, or choices that are
difficult to explain using traditional expected utility meld? We have shown that while there is a signif-
icant theoreticalliterature on consumer consumers who have self-contrddlenos or behave in a time-
inconsistent fashion, there is relatively little empitieaork that has shown consumers actually behave in
the fashion predicted by these theories.

However besides providing new empirical results that ssigtjet these theories could be relevant to
understanding consumer behavior, we have also demorbstdtitional puzzling behavior by the credit

card company itself. Specifically, why does the company seljheavily on free installment offers as a
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marketing device if the take-up rates and overall respongbem is so low? We have shown that the
though the company engages in third degree price discriinindy setting customer-specific interest
rate schedules, the particular schedule it uses is ratleedipe It has a common duration premium for
installment loans longer than 2 months (the same for allotosts) and the price discrimination occurs
only via a parallel customer-specific shift term in this coaminterest rate schedule.

If customer behavior is well approximated by our econornatiodel (and we find that the econo-
metric model provides an extremely good fit to the data), tharcounterfactual calculations in section 5
suggest that the interest rate schedule that the compasyslgefficient and cannot be profit-maximizing:
we have shown that there are other non-monotonic and custgeeific interest rate schedules that are
significantly more profitable for the firm. These alternatsehedules involve significant increases in the
most popular installment loan duration, 3 months, whiledang interest rates at other durations in order
to keep overall customer welfare unchanged.

A final reason why we might care about these results is beaausanalysis is a step towards address-
ing the much bigger picture issue of whether consumer fimduseif-control problems can have macro
effects and lead to financial instability in the country astoie. We have noted in the introduction that
there is evidence that consumers in the country we study bbettive financial self-control problems
since there was a credit card borrowing “boom and bust” irydas preceding our data set, with wave of
defaults from excessive credit card debt that nearly leaadftoancial collapse. This experience was not
unlike the experience in the US in 2008, when a wave of moggksjaults resulting from unwise lending
and borrowing lead to the largest financial disaster sined §29 stock market crash.

Due to competitive pressures to increase their market shardting from a “winner take all” struc-
ture of payoffs to becoming a dominant firm (a result of sulitsth network externalities in the perculiar
manner that merchant fees are collected in this countrggiiccard companies are locked into a fierce
competition for market share and try to encourage theirocnsts to increase their spending and borrow-
ing via a variety of means, including the aggressive usetef@st-free installment offers. The company we
study does not impose any formal credit limit and relies sititstomers to exercise their own self-control
to avoid getting in over their heads in credit card debt.

Our analysis indicates that the customers in our study aeecisxng substantial self-control by fre-
quently turning down attractive offers to borrow up to 12 iti@ninterest-free. We suspect that this behav-

ior may reflect consumer “chastisement” and learning inagasp to the credit card crisis that just preceded
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the period of our study. What we do not know is whether consymeferences and behavior shifted in
response to the credit card crash, or if we had estimated odehusing data from the credit card “boom”
period we would have found far less evidence of self-contrah we find in our post-crash data set.

These questions open up a number of interesting avenueagtfoe research, particularly to determine
the cause of the apparent collective failures of financiddcgmtrol: can these lapses be blamed entirely
on consumers, or do banks and and government regulatorexsvience periodic lapses in their own
financial self-control by making unwise loans or failing topgose reasonable borrowing constraints on
their customers, or faling to provide adequate monitoring supervision of the financial sector as whole?
We need to better understand consumer preferences andidiindacision making, and whether their
behavior is stable, or subject to collective influences sagtherding behavior” that appear to be present
during many financial “manias” as well as in the reactions deerreactions) to these excesses in the
crashes that follow.

A final contribution of our paper is methodological: to shoamwhto make the most out of firm data
when we are not lucky enough to have data gathered from ramddneontrolled experiments. In our
opinion the empirical literature has gravitated toward$eanthat the only valid route to knowledge is to
use data from RCEs and that empirical studies that use “adus@mal data” and must necessarily make at
leastsomeeconometric modeling assumptions to deal with problemdianithtions in the data cannot be
trusted.

We would certainly welcome the chance to analyze additida#d, including data from well designed
RCEs, but we have provided a number of reasons why it can lyecestly and difficult for this firm to
undertake RCEs on its customers. Howevver we feel that ildvioel a step backward to fail to analyze
any data that does not meet the “gold standard” of being gadhieom a RCE: there is a tremendous
amount of information that can be exploited from observatialata sets and not all econometric modeling
assumptions will necessarily result in untrustworthy iafeces.

All of the key findings from our analysis (namely the low takerate of free installment offer and the
precommitment behavior we predict) could be easily inddpatly verified via direct tabulations if the
company were willing and able to record all instances where ihstallments are offered, whether chosen
by customers or not. However we have discussed several dlomgpegistical reasons why it would be
difficult for the company to record this information, so itynzot be an easy task to independently validate

many of the findings and predictions in this paper.
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Besides this information, it is clear that a great deal marelwe learned about the motivations, pref-
erences, and behavior of the company’s customers if it wellsgvto undertake more extensive data
gathering and analysis. We have noted that a major limitaifcthis study is that our econometric model
is not rich or detailed enough to distinguish between th@eeenderlying explanations of why customers
behave in the way our model predicts. We have argued thatesuits are more in line with theories of
consumers with financial self-control problems rather thdrer belief-based or stigma explanations that
we outlined in the introduction. However we believe that asiderable amount could be learned if it
were possible to survey customers and ask them for their easons why they turn down free installment
offers.

Further, if the company could be convinced to undertake R@HSs paper provides some strong
testable predictions about customer responses to alterratstomer-specific interest rate schedules. We
believe RCEs are most valuable when usedonjunctionwith econometric models instead of being used
to avoid econometric modeling.

This point is connected to our final point, namely that an irtgo@t limitation of our study is that our
data only allows us to study credit decisions for customés single credit card company. Of course,
customers have a choice of many different ways to pay at teekchut counter, including using cash
or other credit or debit cards. Though we did find that demamdrfstallment credit is generally quite
inelastic, it is important to remember that our findingcanditional on the use of this particular credit
card and thus we have additional problems due to the choice-bzstede of our sample of data.

This is why we believe it is critically important to study gamer choice over multiple alternative
sources of payment similar to the studies by Gross and S [[2002] and Rysman [2007] who had access
to customer-level transaction data from multiple différeompeting credit cards. It seems reasonable to
suppose that the overall demand function for credit will bererelastic when we open up the analysis to
consider all of the possible alternative means of paymehte dompany cannot really begin understand
the behavior of its own customers until it knows more aboetrtfull array of payment options and the
factors that lead the to choose one of these (e.g. the corspaedit card) in preference to the others.

Appendix: Proof of the non-parametric identification of the model

Proof. In an analysis of identification we assume we have an unbalindenber of observations and
therefore can identify the “reduced form” i.e. the probipitlistribution of the data we observe, without

any sampling error. What do we observe under the hypothéfie @heorem? Observations can be written
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(d,a,x,zY) whered is the consumer’s choice of payment ted {1,...,12}, ais the transaction amount,
X is a vector of characteristics of the customer includingdhstomer’s creditcard card and installment
balances, credit score, and so forzhs an indicator for the merchant and date at which the trdimsac
occurs, ang is an indicator of whether the transaction is a free instfitror not, i.e. whether the interest
rate on the transaction is 0% for installment sales altetemtl € {2,...,12}. Note that the information
that they indicator conveys, i.e. whether an installment transactias done at a positive interest rate or at
a zero interest rate, is different from the observation oétlvbr a consumer wadfereda free installment.
We only know that a customer was offered a free installmergrthe customer chose it, though as we
have indicated the company allows customers to chooserigtallment offers for repayment terms that
are shorter than the maximum allowed term, which we havetddruy .

Observations wherd = 1 are always censored: we can never tell whether a customerchgoses
to pay for a transaction in full at the next purchase date vil@sedl a free installment and chode= 1
rather than to choose any of the installment techas{2,...,8} allowed under the free installment offer.
However for the other alternativesc {2,...,12} we do observe the interest rate for the transaction, and
y = 1 indicates installment transactions that were done atipesnterest rates given by=r(x,a) and
y = 0 indicates installment transactions where the customseroffared and chose a free installment offer
and hence = 0 in these cases.

For notational simplicity we combine the transaction ama@uas part of thex vector. By the assump-
tion of the Theorem there are finite numberwxafells. Similarly there are a finite numberotells, which
indicate the merchant and date of the transaction. A(&{x,z) be the probability that a customer with
characteristicx choose to pay in full on transactianWe assume this probability is known, as it could be
consistently estimated by the fraction of all transactioneell (x,z) where customers pay in full, given
an unbounded number of observations. Thus, we canR(@#t, z) as part of our “data” in the analysis of
identification. Since the default option to pay in full alvgayvolves an interest rate of= 0, we cannot
tell whether these customers were offered free installsnennot, and thus have not informatigin this
case.

However for installment optiond € {2, ...,12} we can observe thex postinterest rate for the install-
ment transaction and thus we observe yhedicator in this case. Le®(d,y|x,z) be the probability that
a customer of type doing a transaction at merchantvill choose installment optiod and whether the

installment is a free installment or not. These probabditalso constitute our “data” for the identification
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analysis.

Let X andz be the (finite) number af andz cells, respectively. Then the knowledge of the censored
data from the credit card company, via the probabiliBé$|x, z) andP(d,y|x,z) ford € {2,...,12} andy €
{0,1} andx € {1,...,X} andz € {1,...,2} amounts to a total of Z& pieces of information, or “knowns”
in our analysis of the non-parametric identification of thedel. Of course we also assume that we know
the joint distributionf (x, z) of the fraction of customers making transactions in gach) cell as well. For
convenience, we will identify the cells by the correspogdinteger labels so we treatas an element of
the set{1,...,X} andzas an element of the set {1,...,z}.

According to the Theorem, the “structure” is the set of otgéc= { f(8),P(z),P. (d|x),Po(d|x,0)}
wheref (d) is the probability that the maximum term of a free installtis® for d € {2,...12}, P(2) is the
probability that a customer will receive a free installmeffier at merchant celt, P, (d|x) is the conditional
probability that a customer with characteristicwho does not receive a free installment offer will choose
payment alternativd € {1,...,12}, andPy(d|x,d) is the probability that a customer with characteriskics
who receives a free installment offer with maximum te¥m {2, ..., 12} will choose a payment alternative
de {1,...,12}. Thus,I constitutes the set of “unknowns” in our analysis of idecifion.

By the assumptions of the Theorem, the model is correctlgipe so that there is a “true structure”
and the set of censored observations are generated fromnuhimodel as the underlying data generating
process. This implies that any structlirenust satisfy the following set of equations that map thecttmal

objects into the distribution of observables
P(1x2) = Py (1x)(1-P(2)+ Z Po(1/x,8)(3)
(1-P(2)P:(2x)

P(2,y=0x2) = P(2) E Po(2|x,8) (), (39)

P(2,y=1|x,2)

and ford € {3,...,12} we have

PAy=1x2 = (1—P(2)P.(d]x)+P(z dfpo (d|x,8) ()

P(d,y=0x,2) = P(2 122 Po(d|x,0) f (d). (40)

This is a system of 2& nonlinear equations in a total (22x) +z+ 131 unknowns, where we account for
the fact that each of the structural objectd iare probabilities and so must sum to one, so we only count

the total number of free parameters in these probabilitiesir count of the total unknowns of the model.
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Clearly the number of equations grows faster than the nuwfagrtknowns aX andzincrease, and we
assume that these are sufficiently large that total numbegquditions exceeds the number of unknowns. If

z=1 thenx > 132. However ifz > 1 then

z+131

X oz

(41)

For sufficiently large values & (e.g.z > 7) this will be satisfied provide® > 1. Further, by virtue of our
assumption that the model is correctly specified, there isast one solution to the system of nonlinear
equations given i (39) and (40) above.

We now show that there even though we have a system of mordé@ggithan unknowns, it will have
a unigue solution for only some of the objectslirbut there will generally be multiple solutions for the
objectsPy(d|x,8). That is, while some of the objects are non-parametricaiiniified,Py(d|x, d) is only
partially identified.

First by the assumption that' P(Z) = 0 it follows that we can identify?, (2|x) for all x € {1,...,X}.
For thisZ, it follows from the second equation in (39) that

P(Zay: 1|sz,) = P+(2|X)> (42)

sinceP(Z) = 0. However this implies in turn that we can identfyz) for all other values of from the
equation

P(2,y=1|x,2) = (1—-P(2))P,(2]%). (43)

Further, we can identify the functiops? , Po(2|x,8) f () from the third equation if(39)
12
P(2y=0[x2) = P(2) 5 P(2[x,8)f(3) (44)
8=2

since we have shown we can identi®jz). For similar reasons it follows from the second equatio) (
that we can identifyy 22 , Po(d|x,8) f (&) for d € {3,...,12}.

Further, sincedZ such thatfl(Z) = 0 it follows from the first equation if_(40) that we can ideytif
P, (d|x) for d € {3,...,12}. From this and by adding the first and second equatioris ini{4@)ows that
we can identifyy -2 Py(d|x, ) f (8) and thusy 22, Po(d|x,8) f (8) for d € {3,...,12}.

Similarly, we can identifyP, (1|x) from the first equation of(39) when we set Z whereP(Z) =0,

and thus, it follows that we can also identif§?, Po(1/x, 8) f (3).
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We now show that we can identif§/(5) from knowledge of the functions 2, Po(d|x,8)f (&) for
d € {1,...,12} when assumption 2) of the Theorem also holds. Recall thatassumption states that
for eachd € {2,...,12} there is at least one type of customémho is anfree installment taker.e.

Po(3|X,d) = 1. However this implies that
12
> Po(d|x,0)f(8) = f(3), 8¢ {2,...,12}, (45)
=2

and since we have already shown that the right hand side afiequ45) is identified, it follows that we
can identify f (), d € {2,...,12}.

It remains to show that the choice probabilities in the prneseof free installment offer®(d|x,d) are
only partially identified, as claimed in the Theorem. We haiready shown that the various weighted
averages oPy(d|x,8) given in equation[(36) are identified. The question is whethigen the knowledge
of the probabilitiesf (8), we can deconvolve these objects to identify the individRaédl |, 5).

Unfortunately the general answer is no, i.e. it is not pdedib identify all of the individual choice
probabilitiesPy(d|x, ). To see this, for any fixed value it is not hard to see that after accounting for the
adding up constraint thgt3? ; Po(d|x,8) = 1 for eachd € {2,...,12}, there are a total of 12& 11x 11
unknown values foPy(d|x, ). However the number of identified weighted averages of thesabilities
in equation [(3B) is 42, so we have a situation of a linear systéth equations than unknowns, so in
general there will be multiple solutions to the systén (36).

However we can identif’(3|x,2) andPy(12/x,12) for eachx as claimed in the Theorem. Note that

the third equation i (36) reduces to the equation
12
3 Po(d|x,8)f(8) = Po(12)x,12) f(12) (46)
3=d

whend = 12, and since the right hand side of equat(or (46) is idedtdied f (12) is identified, it follows
the Py(12]x,12) is identified.
Similarly, the second equation of the systéml (36) reducéset@quation
d-1

T Po(dx,8)f(3) = Po(3x.2) f(2) -
d=2

and since the right hand side of equatibnl (47) is identifiedl f42) is identified, it follows thaPy(3|x, 2)

is also identified. O
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