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Abstract
This paper analyzes a new dataset on credit card spendingjate; with the unique feature that
virtually any purchase made by its customers can be paithstallmentover terms up to 12 months
at an interest rate that is a function of the customer’s tiadire and the duration of the installment
loan. We use these data to estimate the effect of interesst cat these consumers’ demand for credit.
We show that conventional econometric methods, includeygeassion, instrumental variables, and
matching estimators, predict that the demand for instalineeedit is anincreasingfunction of the
interest rate, an inference we dismiss as spurious due tertthegeneity of the interest rate and the
effect of unobserved credit constraints that cause customi¢h worse credit scores to have higher
demand for installment credit. To make more accurate infsge of the effect of the interest rate
on customers’ demand for credit, we exploit a novel featareur data: customers are more or less
randomly offeredree installments,e. the opportunity to pay back a given purchase over a figgd t
ranging from 2 to 12 months at an interest rateef.We treat these free installment opportunities as
a quasi-random experimemtnd estimate a discrete choice model of installment chbiaeaccounts
for censoring (choice based sampling) in observed frealingnts. Despite the significant censoring,
we show that it is possible to identify the probability of hgioffered a free installment option and
consumers’ probabilities of choosing various installmenins at positive interest rates, or to pay for
the purchase in full at the next statement date. fiéeinstallment puzzhesults from our finding that
the average probability of being offered a free installmgoportunity is 27% in our sample, while
the fraction of purchases actually done under free ins@ibsis only 2.7%. Thus, we infer that the
demand for credit of these customers, while downward stppgremarkably inelastic. In particular,
our model predicts that there is only a 1 in 10 chance thatiaaypustomer in our sample will choose
a free installment option when it is offered to them.
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1 Introduction

This paper provides new evidence on the demand for credit fimew data set containing borrowing
decisions made by a sample of customers of a major creditaargany. We show that conventional
reduced-form econometric approaches, including regressnstrumental variables, and matching esti-
mators, all imply that the demand for credit is apward sloping function of the interest rate charged
to consumers. Of course, we believe this is a spurious findirdgely result of unobserved factors that
make consumers who have high need for credit to be chargéerhigterest rates than consumers who
have better credit scores and other, lower cost borrowipgpnities or who are otherwise not “liquidity
constrained.”

To make more accurate inferences about the demand for ,creeliestimate a structural model of
consumer’s choice over loan duration (i.e. the number dhilmsents over which the amount borrowed
is paid back) that accounts for a nonlinear increasing esterate schedule (with higher interest rates for
longer loan durations) faced by our sample of credit cardocnsrs. This model enables us to exploit
quasi-random variability in the interest rates chargedottsamers as a result ofterest-free installment
opportunitiesthat arise from promotions offered by the credit card corgpaometimes in conjunction
with merchants. We show that our structural model providesarkably good predictions of the borrowing
decisions of our sample of consumers, and is able to comrdhé endogeneity of interest rates and result
in a downward sloping demand for credit.

However we find that the demand for credit is remarkably stelaand the take up rate for free in-
stallment offers is surprisingly low: we estimate that orrage, the probability is less than 10% that the
customers in our sample will accept a zero interest insitoffer when it is presented to them. We view
this as a surprising finding in light of the prevailing viewatrmany consumers are liquidity constrained
and face extremely high interest rates, and should theré&khighly responsive to zero interest borrowing
opportunities. We refer to our finding #%e free installment puzzleecause our data do not enable us to
provide a deeper explanation of why these consumers appealustant to take zero interest installment
opportunities when they are offered to them. It is also a leuahy the credit card would place such heavy
reliance on interest-free installments as a promotionaicdegiven that it appears to have such a weak
impact on its customers.

While none of the customers in our sample whose credit casdm@ood standing are “liquidity con-

strained” in the formal sense of the term, namely that thep@om does not impose an explicit borrowing



limit on them, the conventional wisdom is that many consunweno hold credit cards at other credit card
companies are liquidity constrained and are frequentindiog near the maximum of their credit limits,
and are therefore remarkably insensitive to the interdesrihat they are charged. For example a recent
paper by Alan et al.l [2011] (ADL) analyze data from a randadizxperiment undertaken by a British
credit card company and find that “individuals who tend tdizaditheir credit limits fully do not reduce
their demand for credit when subject to increases in inteeges as high as 3 percentage points.” They
interpret their finding as “evidence of binding liquidityregiraints.” (p. 1).

The fact that credit card borrowing is so high in most co@steven though most credit card companies
charge interest rates that are significantly higher thasdftional” sources of credit such as home mort-
gages or equity lines (for example in the U.S. the averagsdimld credit card balance is over $15,000
and the average credit card interest rate is 14.65% aceptdiareditcard.com), could be regarded as ev-
idence that many credit card holders are at least “credistcaimed” in the sense that they either do not
have access to, or have already exploited, other loweresitesources of credit and are therefore will-
ing to borrow significant amounts on the margin at the muclhédvignterest rates charged by credit card
companies.

Thus, one possible explanation for ADL’s results is thatrtheedit card customers are liquidity con-
strained and “trapped” in eorner solutionso that neither decreases nor even increases in interest rat
have a measurable impact on their borrowing. However, wiafimd even more puzzling is that ADL
found “no evidence of sensitivity to either a 1 or 3 perceatagint increase (or the 3 percentage point
decrease, cell 9) in our sample, even after conditioningamialiles that are thought to be useful in charac-
terizingunconstrainedndividuals.” (p. 21, italics added). This suggests thahded for credit is inelastic
even among individuals who are not facing binding borrowgngstraints, and we regard this as a much
more puzzling finding and one consistent with the new evideme present in this paper.

The lack of sensitivity to interest rates may reflect someaae@f “consumer inertia” either of the
“rational inattention” variety (e.d._Sims [2003]) and oetimpact ofswitching and information cosis-
cluding the costs of becoming informed about other ways toomoat lower interest rates, and switching
balances to other credit cards in response to solicitatiweisoffer consumers balance transfer opportuni-
ties at significantly lower interest rates.

This sort of inertia may explain additional types puzzlirehavior observed in a different credit card
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credit card company in 1995 that generated a mailing lisDOf@00 consumers which was divided into six
subsets with approximately 100,000 individuals each. @usts in each subset were offered (via a letter
delivered by mail) the opportunity to apply for a “pre-apped” credit card from this company (including
the opportunity to do balance transfers from other credd<eat various low introductory rates for varying
lengths of time. The most popular of these offers was the ffiegirmy the lowest interest rate, 4.9% for
6 months. However the response rate to these offers wasrmyfemall: only 1.07% of the customers
offered the lowest interest rate offer actually respondwdi @pplied for the credit card, whereas the least
popular offer, the one offering a 7.9% interest rate over anbath period, had a response rate of only
0.94% (a statistically significantly lower rate of acceun

Thus, while there iprima facieevidence of some level of consumer response to lower iritieoegow-
ing opportunities, the “take up rate” to the chance of a lowtarest rate appears to be very small, and this
is consistent with our findings. Ausubel and Shui descrilversd other puzzling aspects of the behavior
of the consumers who responded to these offers. The firstiszane they caltank reversal:when they
analyzed theactual ex posinterest rate paid by customers for each of the six intrazlyabffers over a 13
month period after the cards were adopted, the interespeadieoy customers who chose the least popular
offer (7.5% for 12 months) was thewest(just over 7.9%) whereas the interest rate paid by the cleatom
who chose the most popular offer (4.9% for 6 months) was aanltiatly higher (10.2%).

The explanation for the rank reversal that Ausubel and Sbund is that customers who chose the
most popular lowest interest offer tended to behaveofmonistically— they tended to transfer and spend
more and acquire higher balances during the introductonpgebut failed to pay down these balances or
switch to another credit card after the 6 month introducfmeyiod ended. At that point the interest rates
on their cards reverted back to the normal high annual raesdmpany charged customers with similar
credit scores, ranging from 14 to 16%. Thus, it would applat the individuals who responded to the
most popular offer would have been better effpostif they had taken the least popular offer, i.e. to have
borrowed at 7.9% at 12 months rather than 4.9% for 6 months.

The rank reversal puzzle appears to be intimately connegittdanother puzzle, namely that once
customers decided to adopt these cards and start spendititeton relatively few of these customers
(40%) cancelled their accounts after the inroductory rateted. As Shui and Ausubel note, it is puzzling
why these customers were not motivated to reduce their tadaor switch out of these cards when the

low interest rates period expired, given that the low irgerates were evidently one of their primary



motivations to switch into these cards in the first place.sEhesults suggest thewitching costsmay be

an important reason for the low response rates to the conspiatpductory low interest rate offers, and
may explain the inertia that might be responsible for thatietly inelastic customer response to changes
in interest rates overatll.

However the puzzle we uncover cannot be so easily ascribledig® switching costs since the ability
to borrow on installment credit is an opportunity offerecctstomersfter they have received their credit
card and this opportunity is available fevery customer and for nearly every transactidius, there is
no additional onerous “paperwork” that must be filled outapgly” for the installment loan, and there is
no issue about an installment loan being denied: these lansssentially pre-approved and can be done
by customers at the check out counter at very low margindlinderms of time and effort. Essentially,
the customer just decides whether to pay a given balancedljrofuto pay the balance in installments
over a horizon the customer chooses just by telling the chatklerk or entering the installment duration
on a keypad. Since installment transactions are designkd teasy” and are not subject to credit limits
(provided the customers is in good standing), our finding thistomers are not very responsive to low
interest rate installment opportunities (including “friestallments”) may be even more of a puzzle than
the low response rates to low introductory interest rateodppityies that Ausubel and Shui found in their
study.

While the credit card data we have is of very high quality, aesd present econometric challenges.
First, unlike the ADR study which analyzes data frorolassical randomized experimentir analysis is
based on free installments agjaasi random experimenthere we do not have a direct control and treat-
ment group. While we can use customerssalf controls (i.e. by comparing how much they spend on
installments at positive interest rates relative to spegmaihen they are offered free installments), we face
an additional problem ofensoring,namely, we only know when customers are offered free imstait
purchase opportunities when they actually choose them. iddithat we can infer the probability that
customers are offered an free installments and the pratyathibt customers will decline a free install-
ment when it is offered? We show that these probabilitiesbmidentified by the method of maximum
likelihood using amixture likelihoodthat results from treating installment purchase decisasiadivid-

ual choice experimentwhere the presence of a free installment opportunity resulinobserved choice

1Shui and Ausubel argue that switching costs alone cannigtéuplain the puzzles they find: they argue that the puzzling
behavior of the customers they studied is best describedigperbolic discounting model than it is by a time-consistmamic
programming model in the presence of switching costs.



sets.We show there is sufficient structure that it is possible fmsately identify the probability of being
offered a free installment opportunity from the probabilif choosing it.

Section 2 provides an overview of the competitive environittbat the credit card company whose
data we study is operating in, and discuss the strategiovatimis for why it offers free installment op-
tions to its customers. Section 3 describes the credit caaahd documents the importance of merchant
fees as a significant component of the profit that this comeamgs: we believe this is the main motiva-
tion for the company’s frequent use of free installmentsctia 5 introduces the econometric methods
we employed to infer the demand for credit including regmsbased and reduced-form treatment effect
approaches. We also describe our “semi-structural” motelstallment choice. The empirical findings
from the reduced form methods are presented in section 6.hde that none of these methods result in
plausible estimates of the demand for credit. In particaltof the methods lead to the conclusion that the
demand for credit is aimcreasingfunction of the interest rate. Section 7 derives the likaith function
for the semi-structural model, establishes the identibioabf the structural parameters, and presents the
estimation results, including an evaluation of the goodrédit of the model and the predicted installment
credit demand function, as well as several counterfacttedigtions of customer response to alternative
installment credit policies. Section 8 presents our casichis and speculative comments about the under-
lying reasons for the free installment puzzle, as well ageatjons for future research provided additional

data and particularly new experimental data could be gather

2 The Strategic Role of Free Installments

We analyze a new data set containing credit card transactioth payments for a sample of 938 individuals
who made purchases using their credit cards over a threepgeid from Janary 1, 2004 to May 1,
2007. These individuals had credit card accounts with alaenk that issued multiple credit cards. For
confidentiality reasons we are unable to reveal the nameeafridit card company or even the country in
which it operates.
A unique feature of this credit card and therefore the dathwle analyze is thall customers who

are in good standing have the option to make any purchaseruns&liment credit. That is, customers
of this company make individudtansaction by transactiowecisions on whether to pay the amount of

any purchase in full at the next statement date, or to spteagurchase out over multiple installments



ranging from 2 months to 12 months, but at the cost (usuaflpaging a relatively high interest rate for
this borrowing opportunity. However, largely for “promatial” reasons, the company offers a significant
fraction of its customers the opportunity to mdiee installmentsthat is, some customers are occasionally
offered the chance to borrow on installmener a fixed term at a zero percent interest rate.

The company faces strong competition for customers frorarathedit card companies. Each of the
firms in this market confronts difficult but very interestisgfategic decisions relating to their choice of
credit policy(i.e. which individuals to give credit card accounts to, @hinterest rates to charge them,
which credit limits to set, and other policies such as thetgpinstallment and revolving credit oppor-
tunities it provides), theimerchant policy(i.e. the contracts it offers merchants including the lexfel
transaction fees it charges to merchants who accept theasgrisperedit card and any restrictions in the
contracts it offers these merchants such as reimbursemeises of fraud) and theadvertising policy
(i.e how much to spend on advertising to try to attract newaruers, and how much to spend trying to
convince new merchants to sign an agreement to accept p&yfnem the company’s credit card, the
level of “rewards” it offers its customers and so forth).

In this paper we focus on the company’s use of credit poling particularly on the company’s use
of free installmentss a strategy for attracting new customers and encouragisting customers to in-
crease their use of the company’s credit card. To large gxtem company is engaged in a race with its
competitors to expand its market share. The larger the coygaredit card market share, the more likely
merchants are to to accept the company’s credit card. Therléine rate of merchant acceptance, the
more valuable the company’s card is to consumers, whiclefhier tends to help the company add more
customers and more merchants over time.

Thus, there is a strong element of “increasing returns” aredwork externalities” to gaining a dom-
inant market share. Ultimately, the firms that have the kirgeadit card market shares will be able to
charge higher fees to merchants. As we show below these amdrfdges are a major component of the
company'’s revenues and profits, amounting to 36% of the t@mseaarned for the sample of customers we
analyzed in this paper. That merchant fees are a major sotiregenue for credit card companies is not a
new finding, howevet. Evans and Schmalensee [2005] notertbethant fees account for nearly 65% of
the revenues earned by American Express. We believe thabthpany’s recognition of the importance
of merchant fees as a source of revenue is the primary miotiver its “benevolence” in offering free in-

stallment opportunities to its customers. See also Rys2@0i who analyzes Visa data that enables him



to study credit card spending for consumers who hold meltgpédit cards simultaneously. Rysman finds
evidence “suggestive of the existence of a positive feddlmap between consumer usage and merchant
acceptance.” (p. 1) and this feedback loop is likely a mainivating factor for credit card companies’
huge advertising spending to promote card use. Free im&atk is just one one of many ways that the
company we study uses to try to encourage higher use of i cards.

The company we study is unique relative to many other U.Sedasedit card companies in offering
both installment creditand revolving creditoptions for its customers. Installment credit is made on a
transaction by transaction basis: a customer who purclasésm using the company’s credit card can
decide to make the purchase asegular chargewhich means the amount charged will be payable at
the next statement date, or asiastallment chargevhich means that the balance charged can be paid
in multiple installments over periods ranging from two toetwe months. If a customer chooses the
latter option, the customer can also choose the term of tsialiment (i.e. whether to pay back the
amount charged in 2, 3 or up to twelve months). The customes dais at the time of the purchase,
i.e. at the “check out counter” and usually at a significianieiest rate that is a function both of the
customer’s characteristics (including the customer'ditseore) and the term of the installment loan. The
average installment interest rate for the more than 62@@alingent purchase transactions we observe for
our sample of customers is 15%. Any customer who is in goattsig (i.e. whose right to use their card
is not suspended due to repeated refusal or inability tolpaly balance due) has access to the installment
credit option.

In mid 2005 the company offered a negwolving creditoption to a subset of its “preferred customers”
with the best credit scores and highest card usage. Norroalijomers must pay their full credit card bal-
ance due at each statement date, otherwise a late fee id &wktheir credit score is penalized. However
for those customers who have the revolving credit optioay tan choose to pay only part of the balance
due and the remaining balance can be paid off at some subgesja=ment date, along with accumulated
interest. The company also offers related credit optioeh ssrevolving cash advancebat can be paid
back at the discretion of the customer. The interest ratethé&se revolving credit options are substan-
tially higher than the installment credit options discusabove. For example, the mean interest rate on
revolving cash advances for our sample is 27%.

Because revolving credit is a relatively new option for thustomers of this company and was not

universally offered to all customers, we chose to focus malysis on the decisions customers make



regarding installment credit. Since each customer fadesd#tision at essentiallgverypurchase occa-
sion (charges incurred at restaurants, hotels, airlinetjaoctor bills, consumer electronics, and even
grocery bills can be paid by installment), we obtain a largeber,over 167,0000f customer/purchase
observations in our data set. Each of these purchases céerteéore be regarded as individual “micro
borrowing/intertemporal choice decisions”, i.e. in eade the customer is making choice whether or not
to pay the charge in full at the next statement date, or to pawinount off gradually over some number
of monthly installments ranging from two to twelve, at aremgst rate known to each customer that is a
function of the customer’s characteristics and the dunaticthe installment term. In particular, we show
below that the interest rate schedule each customer faashi@aply monontonically rising function of the
duration of the installment agreement.

To understand the strategic role of free installment ogtidiris useful to provide some background on
the competitive enviroment that the credit card company reestudying is operating under. The credit
card market is highly competitive with nearly 20 banks and-bank credit card companies offering
competing credit cards. Competition for market share waticpdarly intense in the period just prior
to our observations, from the late 1990s to 2002 when a caatibim of factors, including government
policy favoring credit cards to improve tax collection (inding paying taxes by credit card, and reducing
tax evasion in the hard to monitor “cash economy”) and theyeoft new credit card issuers intent on
capturing a larger share of the market lead to dramatic @&serén the number of individuals using credit
cards, and in overall credit card spending. At the peak ofctiedit card “boom” in 2002, the average
credit card customer had more than 3 credit cards, averagk card balances were in excess of $2000
per capita, and aggregate credit card debt amounted to/rid# of GDP.

Much of the aggressive expansion of credit card accountsiasecured 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 bankruptciegfr banks and major non-bank companies that
entered the credit card market, and a government bailouteteept a wider financial panic from ensuing.
The move was largely successful and in combination with tdomf better risk-management policies at
the major credit card companies, average credit card bedagied default rates rates declined rapidly after
2003. By 2005 the credit card default rate had fallen by mmae 50% to just over 10%, per capita credit

card balances had fallen to less than $700, or about onedhttekir 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 castr

The credit card company that provided us the data we analgzellank with relatively long experience
in credit card lending, and it appears to have been much nomsecvative in its credit card issuance and
lending policies than many of the new credit card entrand$ ¢ontributed to the boom and bust cycle
discussed above. In particular, to the extent we can measung sample of 938 customers, the credit
card default rate for this company is much lower than for tidustry as a whole, and did not change
radically over the years 2004 to 2007.

Nevertheless, the company is keenly aware of the importahdecreasing its customer base and
spending market share, since as we will show below, merdhastare a significant source of its revenues.
As we noted above, credit card market share is a very impofdator in merchant acceptance of credit
cards, and also in the degree of market power the companwkag®merchant fees.

In 2006 the company was among the top six largest credit aaranies in the country in terms of
credit card spending market share. The dominant firm hadoajpately a 25% market share in 2006
and 2007, and the combined market share of the six largedit ceed companies was approximately 85%
in each of these years. The importance of having a large mahege is especially enhanced in due to
the nature of electronic fund transfers between credit castiomers and merchants which generates high
returns to scale and “network externalities” for compaitied have the largest market share.

Specifically, credit card companies need to have explic#ements with individual merchants in order
to have their credit card accepted, otherwise they needve &gartnership or agreement with another
credit card company that has an agreement with the mercHanthe latter situation, the credit card
company pays one of its competitors that does have an agntewtb the merchant a fee to process a
transaction over the competitor’'s network and under thepaiitor's merchant agreement. It is surprising
that there is cooperation between competing firms where onefiows a customer of competitor to carry
out a transaction on its network when the merchant in questas an agreement with the company but
not its competitor. One could imagine a different equiliibni where firms did not cooperate and excluded
rivals from using their networks. However it appears thaflesmo single company has a sufficiently large
share of agreements with all merchants to make exclusiondividually rational strategy. The collective

benefit from pooling the set of merchant agreements, eachiohvis rather costly for any firm to acquire,



seems to be sufficiently high that reciprocity rather thatleston has emerged as the equilibrium in this
market, perhaps much the same way as airlines have a reglipgreements to have their customers book
flights on their competitors’ plans in the event of canc&ladue mechanical problems with airplanes.

However the level of reciprocity is informal and bilater#iitere is no analog of the much more well
developedmulti-party payment systentisat exist in the United States that began in the 1960s as- coop
eratives that “in effect, pool the merchants they had signedo that any individual with a card from a
member of the cooperative could use their card at any meretsm signed up by any member of the co-
operative.” (Evans and Schmalensee [2005]). As a resuhgit).S. market, each merchant does not need
to make individual contracts with all credit card issuerg(éanks), instead merchants need only make
contracts with a smaller number of credit cérdnds,primarily Visa, MasterCard, American Express, and
Discover. This is not the situation in the country we are wituglin this paper, and the presence of a Mas-
terCard or Visa logo does not necessarily confer any adgargace merchants do not sign agreements
with MasterCard or Visa directly, but only with each bank oedit card separately. The main advantage
of a MasterCard or Visa logo is the ability to use the cardifiternational transactions, but it does not
confer any special advantage for domestic transactions.

In addition to the standard internationally branded loduwsd are also “private brand” credit cards
and logos in this country. The private brand domestic creditls gennerally charge lower merchant
fees and have lower annual fees. However, some of the craditabmpanies issue credit cards which
are a combination of the private brand/logo and a Visa or &&sird logo. This happens especially on
credit cards issued by banks or new entrants to credit carkathaince they do not have existing payment
network and part of the value of having the Visa or Master@agd is that it signals widespread acceptance
of the card (including the ability to use the card internaaity) and this attracts more customers and could
help, in a positive feedback loop, to convince more merchtmtaiccept cards with a Visa or MasterCard
logos relative to cards that do not have these logos.

We do not directly observe the fees that the credit card cosnp@ are studying pays to its competitors
for use of their networks in our data. However we do obsereeftbquency of these “out of network”
transactions, since they are identified with a merchant obdel in our sales data. Of the 182,742 sales
transactions in our data set, a total of 32,299 or 17.7% ob&#bes were ‘out of network’. The average
merchant fee recorded for these out of network transactvass 1.24% which is substantially less than

the average 2.02% merchant fee for the company’s “in netitoskisactions in our sales data set. A total
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of 45.5% of the out of network transactions in our data havecanded merchant fee of 0, whereas the
average merchant fee for the 17,601 out of network trar@afior which a merchant fee was recorded
was 2.28%, or about the same average merchant fee (as atgefraerount sold) as the company earns on
its in-network transactions. It is not clear to us whetherldrge incidence of out of network transactions
for which the company records no merchant fee constitutesétetions where a competing firm that carries
out the transaction charges a fee equal to the company’'shardréee, and whether on the out of network
transactions where the company does record a merchantdiexisha separate payment to the competitor
for the use of their network/merchant agreement to carrytlweittransaction that we do not observe in
our data. However the general conclusion is that due to thethaafund transfer system works in this
country, the credit card company has a very strong incetiggow and increase its own network and set
of agreements with merchants since this enables it to egnifisantly higher merchant fees.

Like many other countries, merchant fees vary widely acdiffsrent types of merchants. In a separate
study, we will describe the nature of variation in merchatés in more detail. However for the purposes
of this study, we do show below that merchant fees are a significomponent of both revenues and
profits for this company, and it is our belief that a primarytivetion for the use of free installments is as
a promotional device to attract new customers and increges and usage of the company’s cards by its
existing customers. By doing this, the company expectsdease its market share, and thus merchant

acceptance of its cards.

3 Credit Card Data

We were fortunate to obtain a data set from a credit card caynfieat provided us information on the
credit scores, purchases, payments, and credit decisf@®8aof its customers over the period 2004 to
2007. Our data consist of six data files: sales, billing, kg and collection, credit rating, and a final
file defining merchant the classification codes that appedhe sales data. For sales data, we should
note that there are three types of sales 1) sales payabl# at the next statement date, 2) sales payable
in installments over two or more statement dates, and 3) adshnces. Cash advances can either be
paid in full at the next statement date, or paid by installtrerer multiple future statements. Generally
purchases and cash advances that are paid by installmetibr@eeat relatively high interest rates, except

when customers are offered free installment options.
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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 caseaymegnt is spread out over 2 to 12 future
statement dates. We are particularly focused on idengfifie effect of the installment interest rate on the
customer’s choice of installment term. Although the avality of installment credit can potentially affect
the customer’s decision whether to purchase a given itenoron to purchase via credit versus cash or
some other credit card, as we discuss below, our data armivédi usefulness for studying these other,
related effects on interest rates on spending and creditusarge decisions.

In our data we observe installment purchases of varyingttengrom 2 to 12 months. The most
commonly chosen term is 3 months: 61.5% of all of the instafitrpurchases we observe have a 3 month
term. The maximum installment term we observe is 12 montidjsichosen in 1.7% of the cases. Other
frequently chosen terms are 2 months (20.0% of cases), S {m0%), 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 statements,Tha define the “installment choice set” for a
consumer as bein@ = {1,2,...,12} where a choice of = 1 is equivalent to a regular charge that will be
due at the next billing statement, a choicecet 2 corresponds to equal installments payable in the next
two billing statements, and so forth, so tisat 12 denotes an installment contract that is payable over the
next 12 billing statements (monthly) in 12 installments.

Customers typically pay off their installment purchasesdnal installment amounts. For example, if
a consumer purchases an amoRBninder an installment contract with a totaloinstallments payments,
then the consumer will pay back the “princip@”in ¢ equal installments dP/c over the next billing
periods. If the consumer is charged interest for this it purchase, the credit card company levies
additional interest charges that are due and payable alaingtie installment payment at each of the
successive statement dates. However in some cases there are unequoaay sometimes as a result of
late payments, or accelerated or pre-payment of instatbnde installment agreement does not formally
allow for a pre-payment option, so that if a consumer doesppsean installment contract, the credit card
company still charges the interest at the successstatement dates, as if the customer had not pre-paid.

We calculated the realized rates of internal rate of returB287 installment transactions in our credit
card data set. The internal rate of return is the interestrritat sets the net present value of the stream

of cash flows involved in the installment transaction to Oerehthe initial purchase is regarded as a cash
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outflow (from the credit card company) at timhe= 0, and the successive payments (including interest)
are treated as cash inflows at the successive statementdates. ,t.. There were only 141 cases out
of the 8987 installment transactions where the customendidollow the original installment contract
by paying in thec installments that the customer orginally agreed to pay.rd meere pre-payments in
127 cases, i.e. where the customer paid off the installmelainbe more quickly than necessary under
the original installment agreement. Given that there is inect benefit to the customer from pre-paying
the installment (since the credit card company will corgiti collect interest from the customer as if the
installment loan had not been pre-paid), it seems hard tonalize these cases under a standard model
of a rational, well-informed consumer. In 31 of these cadescustomer was given the a 0% installment
loan, and yet still pre-paid. One possible explanation & these customers were not aware that they
had what was in effect an interest-free loan, and not awateliere was no benefit to pre-paying. These
customers might have believed (incorrectly) that by payiffigheir 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 mdsig installment balance to pay), might
explain this behavior.

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

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

compamy offers to selected customers during specific pebtime either to encourage more spending,
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increased customer loyalty, or as a promotion to attractcwestomers. Our data does not contain enough
information for us to determine exactly which customersadfered 0% installment options, so we model
it as occurring probabilitistically, depending on the @weristics of the customer, the merchant code
at where the customer is making a purchase, and dummiesdqgpdtiical time (since some of these
promotions where offered at specific points in time). The waajority of interest-free installment loans
have a term of 6 months or less. If a customer wishes to havegetderm than the one being offered,
the customer generally must pay a positive interest ratdofgger term installments, according to the
schedule described below. In our analysis below, we willamsthat when a customer is offered a interest-
free installment purchase option, the maximum term is emogsly specified according to a probability
distribution that we will estimate from our data.

In order make customer-specific profit and rate of returnutalions and analyze time patterns of
credit card spending and installment usage, we had to ass¢nebdata that were contained on customers
in the sales, billing, and collections tables intdoagitudinal formatthat would enable us to track the
evolution of both credit card and installment balances dayby day basisWe emphasize that the credit
card company did not provide us with these latter data, ratleehad toconstruct the longitudinal data
from the information we were providedVhile at first it may seem to be a relatively trivial exercige i
stock/flow accounting to reconstruct thdsdance historiesrom the sales, billing and collection data, we
faced a signficaniitial conditions problem.That is, we were not given the outstanding installment and
credit card balances at any initial date. Instead the dudles table would tell us thetatement amount
and information on dates of collection and amounts receibat without knowing an initial balance, it
was not always easy to determine if a customer had paid th&! istatement or any previous statements in
full, or had unpaid balances that needed to be carried ower firevious statement dates. We could obtain
some indirect evidence of the presence of such overduedssdrom late fees charged, but without going
into more detalil, it proved to be a rather challenging actiogrexercise to infer the initial balances of the
customers in our sample accounting for the variable leftregid censoring in the data.

In particular, not all sales records in the sales table cbalthatched with billing records in the billing
table and vice versa. In some cases, we observed purchatesdte at a date before any date in the
billing table, and we also observed billing records for wihwee could not find a corresponding record in
the sales table. Fortunately the billing table had redunisiarmation on whether the transaction was on

installment or not, so in most cases we could reconstruchtireenstallment transaction even if we only
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observed a truncated series of installment payments inilliveglyecord and no record of the initial sale in
the sales table.

Similarly there were also problems of right censoring in data, since in many cases we observe
sales in April 2007 for which we had no corresponding billiegords, or no collection records at the
end of a balance history that would enable us to determinghghan outstanding balance would be fully
paid at the next (yet to be observed) statement date that vesgugnin the collection table. In such cases
after making the best inference on the value of the custenmatial balance at the start of the interval we
observed the customer, we followed the customer for as lemqpssible where we could also match every
sale with its corresponding record in the billing table arstk payments received on balances due in the
collections table. In some cases this required us to “batlbymne or more months on the full history
of the customer and discard transactions in the last momtthvik could not provide the corresponding
matches in the billing table and a record of payment in theectibns table.

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

Figure 1 plots our constructed longitudinal balance histofor one of the customers in our data set.
We chose this example because the customer made only a siegg#ment transaction and this makes
it very easy to understand how the constructed balancerigistoehave. The top left panel of figure 13
is the overall creditcard balance for this customer. We sifagerving this customer making a charge of
$118.30 on December 12, 2003. However we did not know whabtitgtanding balance was for this
customer at this date since the first statement date for thi@rmers was on January 20, 2004. We were
able to determine in this case that this customer had noamdlistg unpaid balances and we were able to
allocate all charges the customer made in the sales tablatithmg entries in the billing table and thus
track this customer with an accurate determination of ttsazuer’s initial balance at the first installment

date. Thus, the top right panel of figure 1 displays our ief@tralance for this customer, $427.24, on the
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Figure 1 Balance and credit history of customer 125
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first statement date we observe for this customer, Janua30pd.

The dashed vertical lines in the figures represent the

staitedates. Because this company has links

to its customers’ bank accounts and auto-debits the statesine amount on each statement date, its cus-

tomers almost always pay the full balance @éxactlyon each statement date, unlike for many American

credit card companies where customers may mail in a checlyopline and the date paid may often

be plus or minus the statement date by several days. Thedg#iure leads to the inverted sawtooth ap-

pearance of balances in the top right hand panel of figurelanbas tend to grow monotonically (though

stochastically) between successive statement datesespireg the spending the customer is doing on their

credit card, then it drops discontinuously on each stat¢mhaie representing the payment of the balance

due.

Note that the discontinous drops in the credit card balaheaeh statement date do not bring balances

exactly to zero. The reason is that the credit card compasigrasto each purchase a particular statement

date at which that purchase will be due (unless it is an ilns¢adt, which leads to a different treatment we

will discuss shortly) and thus typically any purchases daarasr makes that are sufficiently close to an
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upcoming statement date will be assigned as due and payghkie sompany to théollowing statement
date. Thus, the level of credit card balances just aftertarstent date reflects the sum of all purchases
made prior to that statement date that the company assigrael due and payable at the next statement
date. This implies that a person’s credit card balance Wilbat never be exactly zero, even on a statement
date — at least for customers who are sufficiently activesugktheir credit card.

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

Now consider the top right panel of figure 1, which shows ithetallment balance historfor the
customer. We keep two separate accounts for the custornibe &edit card balance and 2) the installment
balance. In this case, we see that the customer did not chaygleing on installment until May 31, 2005
when the customer made an installment purchase in the ano6 B169.90. This is reflected by the
discontinuous upward jump in the installment balance intdiperight panel of figure 1. We can see from
the graph that this balance was paid off in 10 equal instaltmef $16.99. This installment also happened
to be an interest-free installment and so at each of the 1fkesding statement dates after the item was
purchased on May 31, 2005 the installment balance decregsklb,99 until the balance was entirely paid
off at the statement date of March 20, 2006. Note that on eacih statement date, the amount currently
due on the customer’s installment balat@nsfersand is added to the customer’s credit card balance.

The final, lower left panel of figure 1 plots the credit scoratitihne company maintained on this cus-
tomer. Credit scores are integers on a scale from 1 to 10 whthirdg the best possible credit score and
10 being the worst. This customer generally had excellesditscores, though for reasons that are not
entirely clear from figure 1, the customer had periods of t{peeticularly May to September 2004 and
May to July 2005) where the credit score deteriorated foresomason. We see that the customer’s worst
credit scores appear to have coincided with the custom@tallment purchase in May 2005.

We present another balance history for a more interestistpmer, customer 809, in figure 2. This

customer generally maintained larger credit card balanoésalso larger installment balances than cus-
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Figure 2 Balance and credit history of customer 809
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tomer 125, and we see that this customer also tends to hafaeralyi worse credit scores than customer
125 had. The red boxes in the lower right panel of figure 2 aldecate another behavior that is a big “no-
no” for the credit card company: the customer was late in ngagayments and assessed late payments on
three occasions. Because balances due are automatichitgdlérom the customer’s bank account, this
means that on these three occasions the customer’s banknadmrameverdrawnand the credit card
company was unable to collect the full statement amount tkile the customer may have also been
charged penalties for overdrawn account by his/her baelatk payment penalties charged by this credit
card on these three occasions was trivially small by Amar&tandards: $0.18 in each case. The main
penalty seems to be a degradation of the credit score, thieglate fee of $0.45 that the customer was
assessed on September 4, 2006 did not seem to have any efteet @edit score around that time.

Now that we have shown how we were able to construct the spgradtid payment patterns and thus
the balances histories of our sample of customers dynaiwvad are now in a position to calculate returns
and profitability on a&ustomer by customer basls.terms of profits, we can think of the primary cost of a

customer is the companyost of creditj.e. the credit card company’s borrowing cost or opporfundst
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Figure 3 Credit Card Balances, Average Balances and Obsertians in the Full Sample
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of capital. In the case of customers who default, the compistyloses the unpaid balance of their load to
the customer. The revenues include annual fees, late fedesst and service charges, and merchant fees.
We note that our measure is onegobss profitsj.e. we do not know the cost of things such as 1) rewards
programs, 2) advertising costs, and 3) other fixed operatisgs such as billing and collection costs and
wages and salaries and payments to other credit card coasp@niout of network transactions.

Before we present these results, we start with figure 3 whiadsgan overview of credit card usage,
total balances, and number of customer observatioins fofutiilsample. We see a slow downward trend
in credit card balances over our sample period, decliniamfabout $800 at the beginning of our sample
in 2004 and declining to $600 at the end of our sample periagity 2007. Figure 4 shows the evolution
of installment balances, which show an opposite, incregaisiend over the sample period, with balances
increasing from about $400 per person at the start of our leapggiod to over $700 by early 2007. The
company data allow us to track installment and overall ¢reatid balances separately. Note that overall
credit card balances armt simply equal to installment balances plus balances forratba-installment
balances for reasons we will explain shortly.

Installment credit predates the userefolving creditwhich was introduced by this company in 2005
to a subset of its most profitable and creditworthy customBevolving credit differs from installment
credit in that installment credit decisions are made draasaction by transaction basisSpecifically,

every time a customer holding this credit card uses thetticoard to make a purchase, the cashier asks
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Figure 4 Installment Balances, Average Balances and Obseations in the Full Sample
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the customer whether the customer would like to pay by ilmsait or to pay in full. The latter means
that the amount purchased will be due and payable in full@htixtstatement datassociated with the
transaction. For each such transaction, the company asaigpecific statement date. If the transaction
is done sufficiently in advance of the customer’s next staténmdue date, the amount purchased will be
assigned to that statement, otherwise if the purchase ®toarclose to the next statement date, then the
purchase will be assigned to the following statement datarns out that the majority of purchases, 63%,
are due at a statement date that is more than 30 days fromtthefqaurchase. From our data, the average
delay between the date of purchase and the statement dat@cht thhe amount purchased is due is 50
days.

Credit card users who decide to purchase on installmennalsd to decide the term of the installment,
which range from 2 to 12 months, although very infrequentbtallments over longer terms are possible.
In our billing data, we have 11175 observations on instalinmrchases, but only 13 of these were for
terms that were longer than 12 months. In each of these 13,ctieenumber of installments was 24.
We have decided to ignore these 13 cases as highly atypidhleahstallment purchases we observe,
and because it simplifies econometric analysis in sectiancbhsider installment durations as limited to
between 2 and 12 months.

Each installment purchase specifies essentially equaymemats of the principal amount borrowed

over the term of the loan, plus interest payable on the amolitite outstanding installment balance.
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Thus, interest payments are largest at the first installrdaté and decline thereafter as the remaining
installment balance declines. Our data provides suffidmrdl of detail including a unigue transaction
identifier calledNSS(number of the sales slip) that we can track individual satesinstallments in our
data. There are separate billing records correspondingdio payment date of an installment purchase as
identified by its NSS number. This enables us to compute tiledst rate on the installment as theernal
rate of return,i.e. the interest rate that sets the present value of fuhgtaliment payments and interest
payments equal to the amount initially purchased on thialrgales date.

As we noted above, installments are typically decided updmegime of purchase, where the customer
notifies the cashier of their intention to have the purchasddne on installment over a term decided on
by the customer. The interest rate for the installment iglfy not available at transaction time, though
customers are informed of their installment interest ratetheir statements and via their accounts on the
company’s web site. In situations where the customer igedfa free installment opportunity, the cashier
will typically inform the customer at the time of purchaseheTfree installment term is almost always
determined as part of the free installment offer, and thusotsa variable that the customer can choose
(unlike the case of positive interest rate installmentd)e Thost common terms of free installments is 3
installments, though other common terms are 2, 5, 6 and 1@hson

Free installments are also made available to the compamg®mers for limited periods of time
announced on the company’s web site, or in flyers or ads thdheluded in paper bills that are mailed to
its customers. Our presumption is that such offersuaireersalexcept for customers who are not in good
standing, i.e. customers whose accounts have been cldssfien collection” for having unpaid balances
for more than 6 months. In such circumstances, the custorast l@member to tell the cashier to put the
purchase on installment at checkout time, and specify tiegt are taking advantage of a free installment
opportunity so they will not be listed as choosing to pay atpesinstallment rate for a term longer than
the one offered under the announced free installment piomot

Figure 5 plots the distributions of installment terms fo0@7nstallment transactions made by cus-
tomers that chose installment with positive interest raéesl also the distribution of installment terms
offered to 4287 customers who chose to exercise free imstall options. The distributions are roughly
similar except that the mean installment term chosen byoousts under positive interest installments,
3.66 payments/months, is longer than the 3.42 paymentshsaffered to customers who chose free in-

stallment options. We see that when customers chooselinstdk with a positive interest rate, they are
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Figure 5 Durations of Free and Non-Free Installment Loans

Distribution of Terms of Free and Non-Free Installment Loans

0.8 T T T T
Non-Free Installments, N=4700

g 0.7f ) — — — Free Installments, N=4287
S \
2 I
2 ;!
[%] L |
= 0.6 / \
o \
S
S o5fF |/ \ 1
© // \
8 04t ! 1
5 \
=] J
Z \
§ 0.3 ’/ \ 1
0] \
- I |
S 0.2¢ | 1
£ |
8
2 0.1 1

0 S ——

2 4 6 8 10 12

Percent of Installments

generally more likely to choose longer payment terms, thahg difference in the two distributions is not
particularly striking.

Note that due to censoring we are not always able to obseeviilihduration of installment transac-
tions. For example we observe some installment NSS codesrihilling data for which the date of the
initial installment purchase is not in our sales table. T&ihy, although we can identify 11175 install-
ment transactions in our billing data, when we eliminatesoeed observations we obtain a smaller set of
8987uncensoreabservations of installments where we can match the tréingadSS in the billing table
to the NSS of the original sale in the sales table. The reasowamt to make such matches is because the
information on the merchant fee charged is only availablaénsales table, not in the billing table. As we
will show below, the merchant fee contributes a huge amautiié overall rate of return that the credit
card company earns on installments. However the rateswmnren installments quoted above et of
the merchant fee. That is, these are the effective ratesareist that the customer paid for the installment
loan. The company earns a much larger rate of return whensedadtor in the merchant fee it earns at
the time of the installment transaction.

In addition to installments, the company allows its custmsite borrow orcash advancesdiVe observe
11,818 such transactions in our data. These are typicaafter duration than installments: the average
duration of a cash advance is 45 days. The interest ratesiébrleans is also typically higher than for

installments: it averages 24% compared to an average of psdadtallment transactions that are done
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at a positive interest rate (i.e. excluding the free instalit transactions). The average amount of cash
advances, $734, is more than twice as high as the averagérmesit purchase done at a positive interest

rate, $352. However this ranking is reversed in the uppés ¢dithe distributions of purchases and cash

advances: the largest cash advance in our data was $8308aslibe largest installment purchase done at
a positive interest rate was $15,740.

Because the motives for cash advances are likely to be eliffehan for installment purchases and
because cash advance terms are shorter and because zegst iodsh advance opportunities were not
offered to the the company’s customers (at least in our aettadr sample of customers) we have chosen
to limit our analysis to the choice of installment term anavie the analysis of cash advances to future
work.

For all of sales (credit card purchase) observations we (mote for sales done as installment and not
under installment) comprehensive purchasing data inetudustomer IDs, types of credit cards (regular
card, gold card, platinum card, debit card, check card, &) SS (number of the sales slip, the unique
identifier for each transaction discussed above), the t§gales (including whether the sale is a return or
reversal or cancellation), the date of sale (both the datheo&ctual sale and the date it was “posted” to
the credit card), the merchant fee earned by the credit cargany, and a code for the merchant type,
which will be —1 for merchants that are not “in network” (i.e. for which thedit card company does
not have a formal merchant agreement but does the transadsi@ competing credit card’s network and
merchant agreement as discussed above). The sales datachlsie the chosen term of the installment
if the purchase was an installment sales transaction, andgkront cash advance fees in case of cash
advance transactions. Overall, we have a total of 182,742reghtions for 884 customers. The average
number of transactions per customer is therefore apprd&lyn206. Figures 6, 7 and 8 below present the
distribution of the transaction amounts or ordinary (nostallment) sales, installment purchases done at
a zero interest rate, and installment purchases done attv@asterest rate.

We see that, as expected, the average installment purchesagificantly larger than the average
non-installment purchase: on average interest-freelimgats are four times larger and positive interest
installments are seven times larger than ordinary credi parchases. However already we can see the
free installment puzzla figures 7 and 8: the average size of a positive interestimatallment is more
than 75% larger than the average installment done undercairderest rate. Economic intuition would

suggest that installments done at a lower interest rate partetularly at azerointerest rate should be
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Figure 6 Distribution of non-installment credit card purch ases
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Figure 8 Distribution of zero interest installment purchases
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Figure 9 Cumulative Distributions of Credit Card Transacti on Amounts
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signficantlylarger than those done at a positive interest rate.

Figure 9 plots the cumulative distribution of non-instadimh purchases, as well as zero and positive-
interest installments. We see a striking pattern: theilligion of positive-interest installmenstochasti-
cally dominateghe distribution of zero-interest installments, and thisurn stochastically dominates the
distribution of non-installment purchases. Again thedlais to be expected: we would expect consumers
to put mainly their larger expenditures on installment dmelremaining smaller charges are regular, non-
installment credit card charges. However the surprisisgltds that installments done at a positive rate
of interest are substantially larger than installmentsedana zero interest rate, every quantileof the
respective distributions. For example, the median instatit at positive interest rates is nearly 60% larger
than the median installment done at a zero interest rate.

In summary, the vast majority of transactions in our saleasds, 87%, are regular (non-installment)
credit card purchase transactions. These tend to be snralteze with an average size of $50. The
remaining transactions consist of cash advances (7% ofrémsdctions) and installments (6% of the
transactions). The installments we observe are roughlglbodivided between zero interest and positive
interest transactions. Specifically, for the subset otifrsent transactions that we are able to match to the
billing table (which enables us to determine the interegsractually paid, which are not contained in the

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

a positive rate of interest.

25



Figure 10 Distribution of Rates of Return on Installments, Net of Merchant Fee

Distribution of Installment IRRs (%), not including merchant fee
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Figures 10 and 11 below show the distribution of internagsaif return that the credit card company
earns on these installment sales, before and after acoguioti the merchant fee. Recall that the internal
rate of return is the (continuous time) rate of interest Hed$ the net present value of the cash flow stream
associated with an installment purchase to zero. The cradit company experiences a cash outflow (to
the merchant for the amount of the purchase) on the date #$ternar makes the purchase which we
normalize as “day 0”. At the same time the firm received a cabw equal to the merchant fee received,
which is actually an amount discounted from the amount paitié merchant (if the merchant is not in-
network, then the discounted payment is made to the creditaampany that handles the transaction).
Then at the nexh statement dates the credit card company receives cash snélgual to the repayment
of “principal” plus interest on the installment loan.

Figure 10 shows the distribution of internal rates of resuwhen the merchant fee is not accounted
for. This distribution is effectively the distribution ofterest rates charged to the company’s customers.
We see the pronounced bi-modal distribution reflecting #loe that roughly 50% of installment purchases
are done at a zero percent interest rate and the other halhésat a positive interest rate. As noted above,
the mean interest rate for positive interest rate instaiises 15.25%.

However figure 11 shows that when we add the merchant feehvgh@vides the distribution of gross
returns that the credit card company earns on its instalinoams, we see the disrtribution of returns is
shifted significantly to the right. Even with the “free indt@ents” included, the company is earning an

average rate of return of 23% on its installment loans, andhi® positive interest installment loans the
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Figure 11 Distribution of Rates of Return on Installments, Including Merchant Fee

Distribution of Installment IRRs (%), including merchant fee
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average internal return inclusive of the merchant fee i4%1.0f course, these calculations do not include
defaults. However fortunately for the credit card company we studtbdre were only 23 individuals of
the 938 in our sample who defaulted and whose credit carduateaovere sent to collection. We cannot
determine the amount of the unpaid balances that the compasnyltimately able to recover from these 23
individuals, however even if all 23 were declared complegsés, including the losses into the distributions
in figures 10 and 11 would not significantly diminish the esiied rates of returns that the company earns
on its installment loans. Overall, we conclude that at léasthis company, the installment loan business
is a very good one: it pays very high rates of return with reddy low risk of default.

The high rates of return from installments point to the patiitity of the company’s non-installment
credit card purchases as well. Ae we noted above, the avdtaiggon 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%. Therefore the internal ratetofrr@n the typical sales transaction is the
solution to

0= —0.98A+ exp{—r(50/365) }A, 1)

or r = —365x10g(.98) /50 = 0.1474. Thus, the firm earns an average gross return of 15% even on its
regular credit card transactions even when it is giving dilits customers on average a 50 day interest-
free loan! We conclude that the credit card business appears to béby lnigpfitable one, and perhaps this
should not be a big surprise. However our calculations pmihthe importance of extending the network

of merchants and raising the merchant fee that the companglage them. If the company were able
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to raise its average merchant fee to 4%, then the rate ofrétearns on ordinary purchases more than
doubles, to 29.8% (assuming the same average delay betwedrape and repayment on non-installment
purchases).

Of course the transaction by transaction analysis igndrether fees that the company earns, in-
cluding 1) annual fees, 2) late fees and penalty payments3pimterest on revolving credit. Figures 12,
13 and 14 below calculate the gross profits and rates of réhatrthe company earns orpar customer
basis. The profits are gross profits since we do not know theofoswards program benefits provided to
customers and are not deducting advertising/marketingotimet fixed “front office costs”. The internal
rates of return are calculated based on treating each fsibmer record as a stream of cash inflows and
outflows, with outflows corresponding to purchases made byctistomer and inflows being payments
received from merchant and from the customer when the custpays balances due and other fees on the
statement dates.

We see from figure 12 that though the average gross daily ptbét the company earns per customer
is about 60 cents per day, there is huge variability, and ¢timepany can incur large losses (amounting to
as much as $14 per day) for the customers who default, butdedaby profits as high as $19 per day for
some of the most profitable customers (note that we calcllite daily profits only for a subsample of
customers for which we could observe at least several hdridrasactions over an account duration of at
least 3 months, so we do not believe the maximum and minimassgrrofit values are likely to be results
of sampling noise from customers who made only a few traisactand were observed only over short
periods of time).

Figures 13 and 14 express the profitability of customersrimdeof their rate of return. Here again
we see the large degree of variability in return, reflectimat the credit card business does represent an
“investment” that has both a high risk and return. Howeverriost important conclusion to take away
from these figures is the huge effect merchant fees have oovdrall profitability of this firm. Without
merchant fees, the company is already earning a respe@@¥eate of return on its customers, however
when we include merchant fee the mean return increases tb 8B¥s, merchant fees account for more
than a third of total revenues in our sample, and they acdoumin even greater share of total profits and
the overall high rates of return earned by the firm. The re&soihis, of course, is that the merchant fee is
a cash flow the company receives right away at the time of @aakdction, and there is virtually no risk

associated with this stream of revenues. This is why everesiaderchant fees equal to 2 to 4% of the
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Figure 12 Distribution of Daily Profits per Customer
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Figure 13 Distribution of Customer-specific Internal Ratesof Return, Excluding Merchant Fee
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Figure 14 Distribution of Customer-specific Internal Ratesof Return, Including Merchant Fee
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transaction price contribute so importantly to the bottome bf this company.

Nevertheless we think calculations of the gross returnspaiofits on individual customers is an in-
teresting and meaningful calculation to make. It can helid¢atify characteristics of the most profitable
customers, and it also provides further illustration of ith@ortance of merchant fees in the overall prof-
itability of the company. Although we defer an analysis ofraimant fees to a separate paper, we already
showed that customer profitability is highly linked to thegnéude of the merchant fee that the company
earns on the customer’s transactions. We will show in sulm#gwork that there is a wide variation in
the merchant fees (as a percent of the amount charged) wittharg fees ranging from as low as zero to
has high as 6% of some purchases. Thus, it is not onlydheneof spending but also theistribution
of spendingi.e. whether the customer tends to use their care at maschaat pay high fees or not) that
can determine the overall profitability of a customer. Qieahe customer’s interest in borrowing and
willingness to pay high interest charges also affects fhifitability as well.

Overall, our preliminary analysis of the credit card datdeto a number of key conclusions. First,
we already see the “free installment puzzle” emerging bypaming the distributions of expenditures for
zero interest installments to the corresponding distidiouof positive interest installments. We showed
that the latter distribution stochastically dominatesftirener distribution, so that at every quantile in the
distribution, these customers are spending more on installs that come with a large interest rate than
for installments that are offered at an interest rate of z8sxzondly, we showed that the company is highly
profitable and that merchant fees contribute in an imposeaytto the overall profitability of the firm.

Specifically, when we computed the (undiscounted) revenfi¢ise firm for the 938 customers we
analyzed, we found that merchant fees amounted to 36% obthkrevenues received from these cus-
tomers. We have argued that the company sees merchant faesasr component of its profits and due
to the structure of payments in this country, the companggdareat importance on rapid growth, both
in absolute and in terms of its market share, as the key tatiisd success. For the reasons we discussed
above, there is a strong element of increasing returns le scal network externalities that lead to the
cards offered by the dominant firms being accepted by morelaats and this in turn enables these firms
to charge higher merchant fees.

We have argued that this provides a strong incentive for thesfto try to attract new customers and
to stimulate the credit card spending of its existing cusianiy offering free installment opportunities to

its customers. However this only heightens the basic pu#ztensumers appear to be spendiags per
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transaction on the free installment opportunities theyoffiexed in comparison to their average transaction
sizes when they pay the full interest rate, what evidendeeietthat free installments are really stimulating
spending or enabling the company to attract a significantbaurof new customers?

Our analysis is limited by an importasample selection biasur data do not allow us to observe all
transactions a customer makes using the various possitdasve# payment at their disposal, including
paying in cash, and paying using an alternative credit casda result, our data are not informative as to
whether the possibility of free installments induces cos to make greater number of transactions
even if the average size of a free installment is less thaaliments done at a positive interest rate. We
do not observe whether customers are aware of the freelinstal opportunityprior to undertaking any
purchase using their credit card, and thus, whether thismpaused them to make an extra purchase, or
switch from paying in cash or using another credit card toinakhe purchase using the company’s credit
card under the free installment option.

However what we can learn from our data is the likelihood ditional on being presented with a free
installment opportunity, a customer is willing to take thjgportunity when it is offered to them. We think
that all customers are aware that they can make purchases msthllment at a positive interest rate,
since this information (and the interest rate schedule #neyfacing) is part of their monthly statements.
Further, customers are usually informed about the optiodot@n installment on an interest-free basis
at the checkout counter, though there are some interastiistallment options that are offered by any
merchant during a specific interval of time, and the credit@@mpany usually heavily advertises these
special promotional periods, including in flyers includedcustomers’ monthly statements. Thus, we
believe it is highly plausible that the customers we areshgdare fully aware of the various options that
they have for making a purchase, including to purchase umffee installment option when it is available.

Thus, our data allows us to ask and hopefully answer quessanh as, “conditional on deciding to
make the purchase, how does the magnitude of the interesaffatct the likelihood the customer will
pay for the item on installment?” More specifically, we cae wsir data to try to answer the question,
“conditional on deciding to make a given purchase and beffegesl a free installment purchase option,
what is the likelihood that a customer will choose the frestdliment option?” While our data do not allow
us to identify the completdemand curve for credif we are able to provide answers to the questions raised
above, we can at least gain new insights intodbieditional demand for credit,e. how interest rates affect

the probability that the consumer will borrow (via deciditagpay the amount on installment) conditional
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on their having made a decision to buy a given item (or sperdes@mount on a bundle of goods).

4 Exploratory, Multivariate Analysis of Installment Trans actions

Before we go into a more focused empirical analysis direatede specific issue of attempting to estimate
the “demand for credit” we find it useful to present some addél scatterplots that reveal some important
facts and features and correlates of installment purchasisidns. In particular, we are interested in
understanding what types of purchases are made via instatllonedit, and which types of individuals are
the most likely users of installment credit.

Figures 15 and 16 show the distribution of the number of treatidtransactionsand theshare of all
credit card spendinglone as installment purchases. We see that while instainaeea less than 9% of all
credit card transactions, they account for more than 25% ofedit card spending.

Of course, this is due to the fact that the average creditmarchase is $74 while the average install-
ment purchase is $364, with the full distributions of therage purchase and installment transaction sizes
over the consumers in our sample plotted in figures 17 and th8s,Tconsumers generally pay for much
larger items (or more expensive baskets) on installmentchmose to pay smaller amounts in full at the
next statement date. We are also struck by the much greaemsks of the distribution of installment
purchases relative to that of credit card purchases as a&whol

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

Figures 19, 20 and 21 present scatterplots (with the cetetnglency of the data indicated by a local
linear regression fit to the data) of how the installment shiafates to various measures of creditworthi-
ness. Figure 19 plots the installment share against custoredit scores, using the company’s internal
(proprietary) credit scoring system where a score of 1 sgts the best possible creditworthiness and 12
is the worst. Customers who have credit scores in this rarggstifl allowed to borrow on installment and

face no credit limits. However consumers who are in the meaé collection will have their credit card
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Figure 15 Distribution of the Fraction of Credit Card Transa ctions done as Installments
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Figure 16 Distribution of the Share of all Credit Card Spending done as Installments
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Figure 17 Distribution of the Average Amount of a Credit Card Purchase across Customers

Distribution of Average Purchase
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Figure 18 Distribution of the Average Amount of an Installment Purchase across Customers
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borrowing and spending privileges suspended and they sphawaur data set as having a credit score of
0. We see generally negative correlation between the gediit and the installment share (remember that
higher credit scores indicate worse credit, so the relakigmin figure 19 is actually positively sloped).

We see figure 19 as a potential first indication of possiblditoenstraints, or at leakigh demand for
credit among the customers that are heavy installment spendatsaetheir poor credit score indicates
that they are also regarded as poor credit risks to otheeten@nd as a result of this, they are forced
to make heavier use of the installment credit facility osthredit card company at relatively high rates.
On the other hard, the customers with the best credit scdsesganerally are the least heavy users of
installment, which could be an indication that they are mpiitity constrained, or have other lower cost
sources of access to credit elsewhere.

Figures 20 and 21 illustrate the incidence of late paymdfitpure 20 shows that the average number
of late payments per customer is positively correlated trighinstallment share, and figure 21 shows that
the number oferiously latepayments (i.e. payments that are 90 or more days past dueabpoat the
threshold where the company suspends credit card chargiitpges) is also positively correlated with
the installment share. These figures confirm the conclusembtained in figure 1&at customers who
are heavy users of installment spending are also worse tarsés.

Figures 22 and 23 relate the installment share to three aepmdicators of the type of installment
spending that customers do. Figure 22 presents a scattefple ratio of the size of a typical installment
purchase to the typical credit card purchase. As we notedqugy, credit card customers generally pay
for only relatively large purchases on installment, and fmythe smaller transactions in full at the next
statement date. We see that as a function of the installnmané sthe low intensity installment users tend
to buy items on installment that are between 4 and 6 timesrgs & their typical credit card purchase.
However for the heaviest users of installment spendingrttis falls to less than 3, which potentially
indicates a more “desperate” individuals who are more Yikel pay for smaller “everyday” items by
installment.

Figure 23 shows a scatterplot of the ratio of the installnteiance to the average statement balance
as a function of the installment share. Of course, that #tie is positively correlated with the installment
share is almost definitional, but the figure does show thahéaiest installment users carry installment
balances that are on average 10 times larger than theiratymionthly credit card balances (statement

amounts).
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Figure 19 Customer-Specific Credit Scores by Installment Sdre

Scatterplot of Creditscore versus Value Share of Installments
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Figure 20 Number of Late Payments by Installment Share

Scatterplot of Average Number of Late Payments
versus Percentage of Spending via Installments
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Figure 21 Number of Seriously Late Payments (over 90 days) binstallment Share

Scatterplot of number of late payments in 90 days preceding transaction
versus Percentage of Spending via Installments
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Figure 22 Ratio of Installment Size to Typical Purchase Sizéy Installment Share

Scatterplot of ratio of average installment to average purchase
versus the percentage of spending done on installment
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Figure 23 Ratio of Installment Balance to Average StatemenBalance by Installment Share

Scatterplot of installment balance as ratio of statement balance
versus the percentage of spending done on installment
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Figure 24 Fraction of Installment Transactions done as Frednstallments by Installment Share

Scatterplot of the fraction of free installments
versus percentage of spending done on installment
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Figure 25 Share of Installment Spending Done as Free Instatients by Installment Share

Share of installment spending done via free installments
versus percentage of spending done on installment
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Figures 24 and 25 relate the usage of free installments fostalment share. In figure 24 we see that
the fraction of installment transactions done as free linsémts is positively correlated with the installment
share. The previous figures in this section lead to an imjpre$bat the heavy installment spenders are
relatively desperate for credit, and thus, it would seenicidghat they are the ones who would be most
likely to take the greatest advantage of free installmemqoojpinities when they encounter them. The
upward sloping relationship in figure 24 is consistent witis interpretation, and shows that the heaviest
installment users are doing as much as 20% of their instalipgrchase transactions as free installments
(i.e. at 0% interest rate).

Figure 25 shows a similar relationship but instead of pigttihe fraction of installment transactions
that are done as free installments it shows the share oflinstat spending that is done via free install-
ments. Both of these graphs show a similar pattern, namatyhk customers with the highest installment
shares are doing about 20% of all of their installment tratisas and 20% of all installment spending via
free installment offers. If we assume that these most hitggnaity installment “addicts” will take almost
any free installment offer that is presented to them (predithe transaction is of a sufficiently large size
to make an installment purchase worthwhile), these grapygest that approximately 25% of all relevant
installment purchase opportunities should be at a 0% isiteate (i.e. a free installment). The reason is
that if the high intensity installment addicts are doingrappmately 80% of their spending on installment,
and free installments are being offered about 25% of the, tthren this would imply the observed 20%

fraction of free installments for these individuals, si2@80 = 80%x 25%.
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Finally, we conclude this section with figures 26, 27 and 28 ¢five us some insight into the profitabil-
ity of the “free installment marketing strategy” used bystfirm. Recall from section 2 that we suggested
that the company’s use of free installment offers seemswvatetil by a desire to increase its customers’
use of its credit cards in an attempt to increase its credd ozarket share, since doing this increases
its leverage in setting merchant fees, which we showed itiose8 are a major component of the high
profitability of this company. However we have also showrhis section that the customers that are most
likely to act on the free installment offers are those withrseocredit scores and higher incidence of late
payments. As such, the use of free installments as a pronabtitevice may have the perverse effect of
offering free credit to the company’s least creditworthgtamers, and this group may be the most likely
to default. This creates the possibility that free instalfits might be a relatively ineffective and/or highly
costly means of increasing credit card usage.

Figure 26 plots the average internal rate of return on aléllment transactions (including free install-
ments) against the installment share. We see that this cauygwvard sloping, which indicates that even
though the “installment addicts” are the ones most likellgedaking up the free installment opportunities,
the interest rates that they pay on their positive interestallment transactions are rising sufficiently fast
with the installment share that it counteracts the “fredailhment effect” so that overall average install-
ment interest rates paid by its customers increase momatbnas a function of the installment share. Of
course the reason for this is likely to be related to the faat the customers with high installment shares
have significantly worse credit scores, and as we will shogeiction 5, the interest rates that customers
pay is a monotonically increasing function of their credibe (i.e. customers with higher scores, which
indicate worse credit risks, pay higher interest rates).

Figure 27 plots the overall internal rate of return for eaaoktemer as a whole, fall transctions,
installment and non-installment and revolving, and incigdall other fees such as late charges, annual
fees and so forth, and also inclusive of merchant fees. Vdaadyr presented the distribution of these rates
of returns in figure 14 in the previous section. In figure 27 \@eehtrimmed the sample of customers to
those whose internal rates of return are between -20% anth;+&0d since the distribution of returns is
so skewed to the right, this trimming has the effect of sutiigthy reducing mean returns from the 89%
presented in table 14 to approximately 20-30% in figure 27reHe&e see that in part due to the large
variability in customer-specific rates of returns, theraasobvious upward sloping relationship between

the installment share and the customer-specific return.nyfhéng, figure 27 suggests that there is a
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Figure 26 Average Internal Rates of Return on Installments ly Installment Share

Scatterplot of Installment IRR versus Value Share of Installments
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Figure 27 Customer-Specific Overall Internal Rates of Retun by Installment Share
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Figure 28 Customer-level Daily Profits by Installment Share
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negative correlation between the customer-specific rdteurn and the installment share.

However we obtain a different perspective on this in figurev#Bich plots the average daily profits
for each consumer against the installment share. This figdieates a pronounced upward sloping rela-
tionship between the installment share and the profitglofittustomers. If we believe this is the relevant
figure to focus on, then the company’s free installment margepolicy seems rational and well target-
ted: it appears to be succeeding in having the biggest ingratdte most profitable customers, but these
customers also happen to have worse credit scores and phégieer credit risks.

However given the relatively small number of observationd the relatively large number of outliers,
we think it is hazardous to come to any definite conclusionwea or the other about the wisdom of free
installments at this point. As we noted in the previous sactwe cannot address with our data a crucial
missing piece of information that would be needed to proddeller answer to this question: to what
extent does the knowledge of free installments cause cestoto increase their spending? Recall that we
are doing our analysisonditionalon the decision to purchase a given item. We would need diifettata
to determine whether the existence and knowledge of frealiment opportunities causes the company’s
customers to go to stores more often, purchase more at agfiventhan they otherwise would, or increase
their likelihood of using the company’s credit instead ofipg for the item using a competing credit card

or cash.

5 Inferring the Demand for Installment Credit

The data we have would appear ideal for empirically modetiveyconditional demand for credit- at
least as it pertains to relatively smaller scale short teamdwing decisions. As we noted above, we
define the conditional demand for credit as the demand todmangiven credit card purchase through
borrowing rather than to pay the amount purchased in fulhatext purchase date. It is conditional on
having made a decision to make a given purchase of a givenrstbe first place. As we noted above,
we do not have the appropriate data that would enable us telrhod access to borrowing and how the
interest rate schedule that a customer can borrow at alsctaifhe frequency and amounts of purchases.
We would need additional sources of data, then, to attemgstiate the fulleunconditional demand for
credit.

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

interest rates for other sources of credit) can be writteiolisvs
ED(r,x,c) = [/ a[l—P(1ja,r,x,c)]f(alxr,c)dal mi(c|r,x) EN(x,r). 2
0

whereP(1]a,r,x,c) is the probability that a customer will choose to pay for acpase amourd in full at
the next statement date given the interest schegqule consumer charateristigsgnd the decision to use
the company’s credit cardto carry out the transaction. We fafc|r,x) denote the customer’s decision to
use the credit card compauig credit card to pay for the transaction, ah|x,r,c) denotes the density
of the amount purchased using the company’s credit cardglamy given shopping trip. FinalEEN(x,r)
denotes the expected number of shopping trips that the mmestmakes during the specified interval of
time. The overall expected demand for credit from the custsrof credit card compargyis then just the
sum over the customer-specific expected demand cl s x, c).

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

However since we do observe all of the purchase amounts thi@ea consumer makes during any
given shopping trip where the customer uses the companggitccard, we can potentially estimate
f(alx,r,c). Further, since we also observe customers’ choices of whéthpurchase on installment or
whether to pay the amouatin full at the next statement date conditional on having diedito use the
company’s credit card, we can potentially estimateitiséallment choice probability l|a,r,x,c), where
the optiond = 1 indicates a choice to pay the purchase amatintfull at the next statement date. If so,

then by segregating customers’ purchases into those tbgisad in full at the next statement date and
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those that are paid on installment, we can estimate two tondl densitiesfo(alx,r,c) (i.e. the distribu-
tion of purchase amounts that are paid in full at the nexéstant date) ané; (ax, r, ¢) (the distribution of
purchase amounts that are paid for by installment). We hiagady presented the unconditional analogs
of fp and fy in figures 17 and 18 of section 4, where we showed in partidhkrthe average size of an
installment purchase was nearly 5 times larger than thegeesize of a non-installment transaction. Since
fo and f, are conditional distributions, we can write them accordimghe usual formulas of probability
theory

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

Jo P(1ja,r,x,c)f(alx,r,c)da

B [1—P(1la,r,x,c)]f(alx,r,c)
fi(ax,r,c) = Jo [1—P(1a,r,x,c)] f(ajx,r,c)da’ ©

fO(a’X7 r, C)

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

ED;(r,x,C) :/0 afi(alxr,c)da 4)

Just as we expect the unconditional demand curve to be a dandrsboping function of , we also expect
the conditional demand for credit to be downward slopinglecause we expect that customers to borrow
larger amounts on installment when the interest rate isloaen if the distribution of purchase sizes was
unaffected by (i.e. if f(alx,r,c) was not a function of), a downward sloping demand would still follow
if the probability that a customer chooses to pay the puelaasounta in full at the next statement date
is an increasing function af(in which case the customer’s credit demand is nothing beyioat inherent
in the typical “float” i.e. the lag between buying an item wiétlcredit card and paying for it at the next
statement date).

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

ment credit, we have the regresion equation
& = EDy(r,x,¢) + & (5)

whered is the amount borrowed in th# installment transaction made by the customer,&igla residual
satisfyingE{&;|r,x,c} = 0. We refer to the regression equatiéh (5) as the conditideaiand curve for
credit, and it seems like a natural place to start is to eséirttas regression by ordinary least squares.
However rather than attempt to specify parametric funetidéorms for the underlying components of the

regression functiofE Dy (r, x,c), i.e. the probabilityP(1|a,r,x,c) and the densityf (a|x,r,c) which would
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result in a specification that is nonlinear in the underlypagameters, it is also natural to start by estimating
a flexible linear-in-parameters approximation to the regjan functionE Dy (r, X, C).

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

Of course, the ordinary least squares regression resaltgaly to be spurious due to tlendogeneity
of the interest rateThat is, we can imagine that there amngobserved characteristicef consumers that
affect both their willingness/desire to make purchasesreditand the interest rate they are charged. In
particular, we would imagine that customers who kgaidity constrainedand who might exhibibad
characteristicghat can lead them to simultaneously wish to borrow more tilteasame time constitute a
higher credit riskwill have worse credit score and therefore face a higherafatgerest, but will still have
a higher propensity to borrow due to their liquidity consttaand a dearth of alternative, better borrowing
options. Indeed, we show in section 3 that there is a stronglation between the fraction of spending
on installment credit and the credit score: indiividualshwiiorse credit scores tend to do a higher fraction
of their credit card purchases on installment. Given the etmnic relationship between credit scores and
installment interest rates, it is not hard to see why theasgjon estimate of the installment interest rate is
positive and statistically significant.

We attempted to deal with the endogeneity problem using tdwedard arsenal of “reduced form”
econometric techniques, includimgstrumental variablesIn particular, we have access to daily interest
rates that measure the “cost of credit” to the bank for theadaamakes to its customers, includingthg
certificate of deposit CD ratand 2)the call rate. The latter is an interbank lending rate for “one day
loans.” Both the CD rate and the call rate change on a dailisbd¥e use these rates as instrumental
variables on the theory that in a competitive banking marnkesingle bank can affect the CD or call rates,
and thus changes in these rates can be regarded as exogbangescin the cost of credit that the credit
card companies ultimately “pass on” to their credit cardamers. However the instrumental variables
(two stage least squares) estimate of the coefficient oftieedst rates the company charges its customers

becomestatistically insignificantis you can see in tallé 1 below. The coefficient estimatesadntarest
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rater are highly sensitive to whether we include all installmeahsactions (including those with= 0
or just those withr > 0. We obtain a highly negative but statistically insignifit@oint estimate in the
former case, and positive and statistically insignficatitrezte in the latter.

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

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

The next approach we considered in order to try to infer tfeusal effect” of interest rates on the
demand for credit wamatching estimatorsThe idea behind these estimators is to compare the average
amount purchased by individuals who were offered free limsémts (the “treatment group”) with a cor-
responding and “similar” set of individuals who took outtadnent loans when purchasing from similar
merchants at similar periods of time but at a positive irderate (the “control group”). Since there are
many individuals in our sample for which we observe a largalmer of installment transactions (these are
the heavy installment “addicts” that we discussed in theiptes section who have installment shares in

excess of 50%), we can even use a number of individuals dscmefrols” — that is we can compare the
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Table 1: Instrumental Variables-Fixed Effects RegressmimConditional Demand for Credit
Dependent variabldog(a) wherea =amount borrowed. Amounts in parentheses are
P-values for tests of the hypothesis that the coefficietigsic is zero.

Item Specification 1| Specification 2| Specification 3| Specification 4
Instruments CD rate CD rate CD rate CD rate
credit score credit score
Fixed effects yes yes yes yes
Free Installments yes no yes no
Variable Estimate Estimate Estimate Estimate
r 0.965 -72.903 0.739 -102.20
(0.249) (0.591) (0.382) (0.628)
credit score 0.001 -0.002
(0.442) (0.835)
d=2 0.314 2.733 0.317 3.695
(0.000) (0.531) (0.000) (0.588)
d=3 0.896 4.9644 0.912 6.543
(0.000) (0.690) (0.000) (0.561)
d=4 1.028 5.434 1.042 7.099
(0.000) (0.474) (0.000) (0.549)
d=5 1.06 6.623 1.061 8.668
(0.000) (0.472) (0.000) (0.547)
d==6 1.828 7.172 1.840 9.243
(0.000) (0.450) (0.000) (0.533)
constant 11.500 20.559 11.519 24.104
(0.000) (0.216) (0.000) (0.349)
Oy 0.651 1.276 0.652 1.708
O¢ 0.656 1.788 0.657 2.420
p 0.495 0.337 0.496 0.331
Sample size 8183 4109 8078 4049
F-test(uy=0) | F(613) =8.03 | F(474) =0.97 | F(598 =8.08 | F(464) = 0.53
(0.00) (0.687) (0.00) (1.00)
Hausmantest | H(8)=6.54 H(8) =1.96 H(6) = 4.45 H(6) = 0.23
(0.59) (0.96) (0.61) (0.99)

46



Table 2: Effect of Free Installments: Results from Matchitsgimators

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

average size of free installments with the average sizestdliments done at positive interest rates for the
same individual, where we do additional matching by sabgcé set of free installments and positive in-

terest rate installments that were done at approximatelgdime intervals of time and from approximately
the same set of merchants.

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

ATE = E{a|r =0} — E{a|r > 0}, (6)

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

We can see from tablg 2 that regardless of how we do the mataiimdividuals/transactions the
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estimated treatment effects are all estimated to be ofvleag sign and highly statistically significant.
The estimated treatment effects become increasingly inegag we use increasingly relaxed criteria for
matching individuals, but overall given the magnitude af tstimated standard errors for the estimated
ATE's, there is no strong evidence that the various estisnate statistically significantly different from
each other. However we can strongly reject the hypotheatdlitie ATE is zero. Thus, we are left with the
paradox that the matching estimator predicts that frealins&nt opportunities cause customersaduce
the amount of their borrowingnd therefore, the matching estimators implyugnvard sloping demand

for credit.

6 Exploiting the Quasi-Random Nature of Free Installment Ofers

In view of the failure of the various reduced form methodg Wetried in the previous section (regression,
instrumental variables estimators, and matching estirgpto produce plausible estimates of the slope of
the conditional demand for credit (with regression est@aaesulting in significantly positive estimates of
the coefficient of, IV estimates being insignificantly different from 0, andtofdng estimators implying
that free installments have a statistically significaagativeaverage treatment effect), we had to start to
think “outside the box” about other ways to provide more drledand econometrically valid estimates of
the conditional demand for credit.

Our next approach was to see if there is some other way toiegpiocompany’s use of free installment
offers as ajuasi random experimenVe already tried to do this in the previous section, where pydied
one of the standard approaches in the “treatment effetesature, namely the use of matching methods.
Unfortunately the matching estimators were all strongdistically and economically significant but of the
wrong sign. Although the quasi-random nature of the way teditcard company offers free installment
offers to its customers does provide a strong degrepriafa facie plausibility for the validity of the
key conditional independence assumption that justifiesifigeof matching estimators, the fact that there
is a great deal o$elf-selectiorin which individuals choose to take free installment offsuggests that
there could be an important problem sdlection on unobservablélsat could invalidate the conditional
independence assumption and cause the matching estir@mtesault in spurious estimates. So we began
to explore whether there is an alternative way to exploitghasi random nature of free installment offers

that could be robust to the possibility of selection on ueoisbles.
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Consider first an idealizedandomized controlled experime(RCE). Though the company we are
studying has not done this to our knowledge, one could ineatjiat the company could be convinced
to undertake such a study to get better estimates its cusgbd@mmand for installment credit (the ADL
2011 studyl(Alan et all [2011]) discussed in in the introdrcis an example where an enlightened credit
card company did choose to undertake a large scale RCE &r bietlerstand its customers’ demand for
credit). In a classical RCE the company would randomly asaigubset if its customers to a control group
and a treatment group. Individuals in the control group wadntinue to receive the same interest rates
for installments that they receive under status quchowever individuals in the treatment group would
be offered randomly assigned alternative installmentésterates. The alternative interest rates could be
either higher or lower, or even zero, and by comparing theashehfior installment loans for the treatment
and control groups, we could essentially use the randorgras&int as a valid “instrument” to help solve
the problem of endogeneity in the interest rate, and makd irderences about the conditional demand
for credi

In this paper we exploit the quasi-random nature of the ine&allment promotions ascuasi random
experimen{QRE) to help us estimate customer responses to the fregdlinsht opportunity. However in
order to fully exploit the opportunity provided by the fraesiallment offers, we do have to make some
additional assumptions. In particular, the self-selectailire of customers’ decisions to take advantage of
free installment offers is compounded by another potdptidrious measurement issue, nameysor-
ing. That is,our data only allows us to observe free installment offerenvbustomers actually choose
them, however for all other non-free installment transaa$, we cannot observe whether the customer
was not offered a free installment opportunity, or if thetouser was offered a free installment opportu-
nity but the customer chose not to takeSince we are willing to make some reasonable assumptions and
put some additional structure on the credit choice probldm®,next section presents our “solution” for

inferring the choice of installment term and the conditicshemand for credit.

2Note thar Ausubel and Shui[2005] analyzed data from a rafmimrexperiment, but it was not a RCE since there were no
“controls” corresponding to the subjects who were offere“treatments” (i.e. the six introductory offers). Howet@a certain
extent the individuals who were offered different introttuyg offers could be regarded as controls. For example tiigiguals
who were offered a 7.9% 12 month introductory offer coulds/eaas controls for the individuals who were offered the 4.9% 6
month introductory offer, but doing this only allows us tsttbow customers respond to one of these offers relativestottier
one. They cannot tell us how the customers who accepted eitleese introductory offers behaved relative to cust@méro
were not offered either introductory offer: the company lddwave have to have included an explicit control group tolde -+
i.e. a 7th group of customers who decided to sign up for théitccard without being offered any special introductoryeoff
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7 A structural model of the conditional demand for credit

In view of these problems with the reduced-form approachesadopted an alternativ&ructural ap-
proachto analyzing the effect of the interest rate on a customdrsce of installment term. This ap-
proach does require us to make some assumptions and devsimpla but we think relatively flexible
modelof how consumers make installment choices. We assume thagtanger, with characteristios
evaluates each transaction in terms ofrieeutility of postponing the payment of the purchase over a term
of d months. The customer faces an interest réted) for borrowing over a term ofl months, except
thatr(x,1) =0, i.e. all customers get an “interest free loan” if they ch®t¢o pay the purchase amount
ain full on the next statement date. We normalize the nettytilf this “pay in full” option,d = 1, to O.
However for the installment purchase optiahs 2,3,...,12 we assume that the net utility is of the form
v(a,x,r,d) = ov(a,x,d) — c(a,r,d) whereov(a,x,d) is theoption valueto a customer with characteristics
x of paying for the purchase amouatover d months rather than paying the amount in full a the next
statement date (which has an option value normalized to Rdisaited abovepv(a, x,1) = 0).

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

for an installment loan of amouatover durationd at the interest rate The net utility
v(a,x,r,d) = ov(a,x,d) —c(a,r,d) (7)

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

We add onto each of the net utilitiega, x,r,d), d = 1,2,...,12 an additional Type Ill extreme value
error componeng(d) that represent the effect of “other idiosyncratic factdi#it affect an individual’s
choice of installment term that are independent acrossessa® purchase occasions, so that the overall
net utility of choosing to purchase an amoanbn an installment of duratiod months isv(a,x,r,d) +
og(d), whereo > 0 is a scale parameter that determines the relative impabedidiosyncratic factors”
(d) relative to the “systematic factors” affecting decisiorssig captured by(a,x,r,d) = ov(a,x,d) —
c(a,r,d). Examples of factors affecting a person’s choice that night thee(d) term is whether there is
a long line at checkout (so the customer feels uncomfortabighing the optionsl = 2, ..., 12 relative to
doing the “default” and choosing/= 1), or if a customer has time-varying but uncorrelated peiggical
uncertainty about what other bills or payments may be duarws upcoming monthg=2,...,12.

As is well known, when we “integrate out” these unobservetigonents of the net utilities we obtain
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amulitinomial logit modethat represents a consumer’s choice of the installment teamconsumers who
are not offered any free installment purchase opportutfigir choice set is the full set of 12 alternatives
de {1,2,...,12}. However for a consumer that is offered a free installmemoojinity, which is an
offer to pay the purchase amoumbver a term o® months, we make dominance assumptiahat the
customer will strictly prefer a free installment opporyndf durationd over any positive interest rate
installment ofshorter duration,d = 2,3,...,6— 1. This implies that when a customer is offered a free
installment opportunity over a duration éfmonths, the customer’s choice set{is 6,6+ 1,...,12},
and the corresponding choice is a multinomial logit modardhis reduced choice set. Notice also that
r(x,8) = 0 for a free installment purchase opportunity, but a consumight rationally choose &bnger
installment horizon at a positive interest ratéhe option value of having a loan for a longer duration is
sufficiently high to outweigh the added interest cost.

If we observed whether consumers had a free installmenvroptgardless of whether or not they
choose the free installment optiaur life would be much simpler. Then we could writdudl informa-
tion likelihood functionthat is the product of the probablity of whether or not thetaoeer is offered a
free installment option or not on any specific purchase aonaimes the probability of their choice of
installment term (where the choice probability is condiibon whether they are offered a free installment
option or not). This would result in a relatively easy estimaexercise, where we could use a flexibly pa-
rameterization for the option value function and estimhg&rodel no differently than most static discrete
choice models are estimated.

However we face a more difficult task since our observatidrfsee installment options areensored
in a way that is very similar techoice based samplinghat is, we only observe whether a consumer is
offered a free installment option for those purchases wtieeonsumer actually chose the free install-
ment option. In such a situation, how is it possible to infex probability that customers are offered free
installment options? More importantly, how can we estinthéeprobability that customers do not choose
the free installment option when it is offered to them? Wenstimat we can solve the problem by forming
a likelihood function that accounts for the censoring. Tikelihood function takes the form of mixture
modelwhere the probability of being offered a free installmentiapis a key part of thenixing probabili-
ties (there are additional component corresponding to a protyadbistribution over the duratio® offered
to customers who are offered free installment options).

Though there are well know econometric diffficulties invadivin identifying mixture models, and the
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degree of censoring in our application is very high (we orthgarve free installments being chosen in
2.7% of the 167,946 customer-purchase observations usedrieconometric analysis), we show that
under reasonable bparametricassumptions about the forms of the probability functionegning free
installment options and for flexibly parameterized funetibforms for customers’ option value functions
ov(a, x,d), we are able to separately identify the probability of bedffgred a free installmenty(z) which
depends on a set of variablegicluding time dummies and merchant class code dummies@mslimers’
conditional choice probabilities for installmeriéd|a, r,d, x).

We find that our model fits the data well, but implies a highgiéstic demand for credit. In particular,
we find a relatively limited degree of consumer responsissrie free installment options: the probability
of turning down these options is relatively high even thoughestimate that for our sample customers are
offered free installments approximately 27% of the timeyg;lthese customers are taking free installments
in only about 10% of the times that they are offered them. \i&r ite this low take-up rate of what would
appear to be a “costless” option for an interest-free loagheiee installment puzzle.

Our data are not sufficiently detailed to enable us to delvecatgleal further and uncover a more
detailed explanation for the reasomby customers appear so unwilling to take up free installments a
their demand for credit is so inelastic. Our model attributlee reasons for this low takeup rate to a
combination of a relatively low option value of credit ré@atto the cost of credit and to relatively high
fixed transactions costs associated in undertaking eatdiliment purchase transaction. However these
“transactions costs” could also be interpreted as cagstigmaassociated with installment transactions,
and the low option value may be associated with a fear thédliment credit balances could undermine
one’s credit rating, or that there are some unspecified hiddture fees associated with installments
beyond the interest rate (e.g. an unfounded belief thag wer pre-payment penalties, or a concern that an
installment balance could lead to a higher risk of missegr&payments and thus late fees). Unfortunately,
we are unable to delve further to determine which of thesiewramore subtle psychological explanations
is the dominant explanation of the free installment puzzle.

Customers who were not offered interest-free installmemchase options, or who desire a greater
number of installment payments than they are offered undéntarest-free installment opportunity can
borrow (with no explicit borrowing limits) to pay for a creédiard purchase for durations ranging from 2
to 12 months (future statement dates) according nordinear, customer-specific interest rate schedule.

These schedules are determined according to a rather cofaplgtion of a) the consumer’s credit score
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Figure 29 Interest Premium for Installment Purchases as a faction of the Installment Term
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and payment history (including the number of recent latemmyts), b) the number of installment pay-
ments, and c) the current economic environment, includiegével of overall interest rates and dummy
variables capturing current economic conditions. The rimopbrtant factors are a) and b). It is a good
approximation that the consumer characteristics a) déterthe “base interest rate” for an installment
loan withd = 2 payments, and there is a step-wise increasing schedutar(on to all consumers) that
determines successive increases in the interest ratedffer longer installment ternmgs > 2. Figure 29
graphs the interest “premiums” customers must pay for ssbegly longer installment ternts

Below we will let T(d,x) denote thanstallment interest rate schedutdfered to a consumer with
characteristicsx who desires to finance an installment purchase withstallments. By our discussion

above, this schedule has the form
T(d,X) = pO(X) + pl(d)> (8)

where the characteristics of the particular consuxmly enter via the “intercept” terrmpg(x), andps(d)
represents thmterest premiumgor installments longer thad = 2 months. Thug,(d) =0 ford < 2 and
p2(d) > 0 is given by the function graphed in figure 29 fbe> 2. Note that our regression analysis of
actual interest rates charged to customers confirms thap flu@ction is, to a first approximation, common
for all consumers.

Consider a consumer with characteristicwho is interested in purchasing a given item that costs an

amounta. We take as a given that the consumer is going to make the gsecind has decided to use
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their credit card to make this purchase, but we do model lerectistomer’s choice of whether to pay
the balancea in full at the next statementi(= 1), or request an installment purchase option wiitl 2
installments at an interest raterof=1(d, x). Letv(d,x,a,r) represent the net gain in utility the consumer
obtains from choosing installment option(where again, we have normalized the net gain for paying in
full, d=1tov(1,x,a,r)=0. Since we do not expect to be able to perfectly predict esengumer’s choice
of installment periodl, we introduce to commonly used device of extreme valueidiggd unobservable
(to the econometrician) component of utilgyc) that also affects the choice of installment period. Thus,
the consumer chooses installment perdod D = {1,2,...,12} if and only if
v(d,x,a,7(c, X)) +€(d) > (rjr/lez;B([v(d’, x,a,7(d,a))+¢g(d)]. (9)

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

exp{v(d,x,a,7(d, X))}
Yaepexp{v(d’, x.ar(d’,x))}’

wherer ;. denotes a choice situation where the consumer can only efaoeng installment periods that

P(dla,a,ry) = (10)

have positive interest rates.

The consumer’s choice problem is slightly more complicatbén the consumer is offered an interest-
free installment option. Recall from the discussion abdkat when the consumer is offered such an
option, the term of the installment is generally fixed at sorakied > 1 butd is generally less than or
equal to 6 months (although in certain circumstances istdree installment options are available for as
long asd = 12 months. In this case, the consumer must choose the bést fafliowing options, ajl = 1,

b) thed offered under the interest-free installment option, whighdenote by, and c¢) the possibility of
choosing an installment periatilonger thandy at an interest rate af(d, X). The consumer will choose

the interest-free installment optialy if
v(do, %, a,0) +€(dg) > max|v(1,x,a,0) +s(1),£ne}jx v(d',x,a,7(d,a)+&d)] |, (11)
' >do

and the probability of this happening is

exp{v(do,x,a,0)}
exp{V(1,x,a,0)} +exp{v(do,x,a,0)} + 3 g, €XP{V(d', X, a,T(d', X))}’

P(d0|X, a, do) = (12)
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where the conditioning argumedsj in P(dp|x,a,dp) denotes the situation where a customer is offered an
interest-free installment purchase option with termdpff Similarly, the probabilityP(1|x,a,dp) denotes

the probability the customer will choose to pay in full at thext statement date even though he/she was
offered an interest-free installment option with tesignand ford > do, P(d|x, a,dp) denotes the probability
that a customer chooses to pay by installment, but with adotegmd than offered under the interest-free
installment option, at the cost of paying a positive interater =T7(d, x).

Now consider the likelihood function for a given customerowhakes purchases at a set of tinies
{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 withoutlimstat,

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

the consumer was eligible for an interest-free installnmnthase option or not. Even whdn> 1, we
only know if the consumer was offered an interest-free Imtnt purchase option when the customer
actually chose that alternative. However it is possiblé¢ ithaome cases customers may have been offered
an interest-free installment purchase option with tegnbut decided to choose a longer term option at a
positive interest rate. Our likelihood must be adjusteddrmoant for these possiblities and to “integrate
out” the various possible interest-free installment apgithat the consumer could have been offered but
which we did 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 installmendescribed above). For this subset, the

component of the likelihood is
Lo(6) = ['] P(do|X, &, do) (13)

teTp

where for each transaction in the set of tinfgsthe chosen installment terdhis equal to the term offered
to the customer under the interest-free installment optignThe vecto® denotes parameters entering the
functionv(d, x,a,r) function to be estimated, and this will be discussed in metaitbelow. Thus, when
we observe a customer choosing the interest-free instatlmygtion, it is clear that they were actually
offered it. However in the other casdss T /Tp, we do not know for sure if the customer was offered
the interest-free installment option or not. There are twespbilities here: a) the consumer chose not
to purchase under installment, b) the consumer chose thasecunder installment but paid a positive

interest rate.
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LetM(z) be the probability that a consumer who purchases an itermat is offered an interest-free
installment purchase option. The vecwincludes dummies indicating the time of the purchase and the
type merchant the customer is purchasing the item fromesisowve noted above the main determinants
of the interest-free installment option are a) the time @ryand b) the type of merchant (since different
merchants can negotiate interest-free installment da#lighe credit card company as a way of increasing
their sales). Conditional on being offered an interest-frestallment purchase option, léfcy|Z) be the
conditional distribution of the installment term that isasiated with the interest-free installment option.
Note thatf (1|z) = 0: by definition an installment payment plan must have 2 orenfiature payment dates.
Equivalently, every consumer has the option to pay in a singgtallment, and they get what amounts to
an interest free loan covering the duration between theafgiarchase until the next billing date.

Now consider the probability that a consumer chooses tohaisee the item at a cost afwithout
installment, as observed by the econometrician who doeknut whether this customer was offered an

interest-free installment purchase option or not. R€t|x, z, a) denote this probability, which is given by

P(1x,z.a) =M(2) [ Z f(do|2)P(1|x,a,do) | +[1—M(2)]P(L|x,ar). (14)

do>1

Similarly consider the probability that a customer chodsepurchase the item at a cost aunder in-
stallment withd payments with a positive interest rate, again as observelddsyconometrician who does
not know whether or not the customer was offered an intdrestinstallment purchase offer or not. Let

P(d|x,z a) denote this probability, which is given by

P(d|x,z,a) =M(2) [ Z f(do|z,do < d)P(d|x,a,do) | + [1— M (2)]P(d|x,a,r), (15)

d0<d

where f(do|z,dp < d) is the conditional probability that a customer who is oftesn interest-free in-

stallment option is offered one with a term less than the tettmat the customer actually chose, given

by
f(do[2)
Ya<d F(d2)

The reasoning is that an interest-free installment optitth avterm ofd would always strictly dominate an

f(dolz,do < d) = doe{2...,.d—1}. (16)

installment position with positive interest rates and aitef d. Thus, we assume that the consumer would
always choose the former over the latter, so that if we olestitat a customer had chosen an installment

termd with a positive interest rate, we infer that this customerdmot have been offered an interest-free
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installment option with a term greater than or eqautitoNote that ifd = 2, then we deduce that the
customer could not have been offered any interest-frealimsnt option, sd>(2|x,z,a) = P(2|x,a,r.).

LetL;(8) denote the component of the likelihood corresponding tolmses that the consumer makes
in the subseT /Ty, i.e. purchases either that were not done under installneenthich were done under
installment but at a positive interest rate. This is given by

L1(6) = P(dk[%,z, ). (17)
teT /Tp

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 a ipesitterest rate. The overall likelihood is
thenL(6) = Lo(8)L1(8). We maximize this with respect ®for various “flexible functional forms” for
v(d,x,a,r) that are designed to capture the net “option value” to théocusr of purchasing an item un-
der installment. We assume thd4tl,x,a,r) has the additively separable representation given in &uat
(7) above. Thus, we can view consumers as making “cost-ttenafculations where they compare the
benefit or option valuev(a,x,d) of paying a purchase amount owér- 1 installments with the inter-
est costx(a,r,d). For free installments, we hawga,r,d) = 0, but this does not necessarily imply that
customers will necessarily always take every free insttioption. One reason is due to the randomly
distributedlID extreme value shockgd) representing unboserved idiosyncratic factors that téfewon-
sumer’s choice of the installment term. In some cases thexeks will be sufficiently negative to cause a
consumer not to take a free installment offer eveowvifa, x,d) is positive (and thus higher than the utility
of paying the purchase in full at the next statement dateghvisi normalized to 0). Another reason is that

we specify the option value function as follows
0V(a7 Xad) = ap(xad) - )\(X) (18)

where we can think op(x,d) as the customex's subjective term structurg(i.e. the subjective interest
rate that represents the customer’'s maximal willingneg&joto obtain a loan of duraticth months) and
A(X) represents théixed transaction costs of deciding and undertaking an Ilmtnt transaction at the
checkout counterNote that this component is assumed not to be a function oéheunt purchased
whereas the other component of the option vaagx, d) is a linear function of the amount purchased.
This implies thatonsumers will not want to pay for sufficiently small creditccpurchases on installment

since the benefit of doing thispg,d), is lower than the transactions caostx).
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Notice that we assume the option value of having the beneéixtginded payment does not depend on
the interest rate the credit card company charges the cestamd that the interest rate schedr(é, x)
only enters via the cost functior{a,r,d). This is an important identifying assumption. Furthermwe
assume that the financial cost that a customer percieve® guedhasing an item under installment equals
the excess of the total payments that the customer makeshm/egrm of the agreeement less the current
costa of the item. That is, we assunteequals the difference between the total payments the cestom
makes under the installment agreememulated with interest to the time the installment agregreads
less the amount the customer purchasedjscounted back to the daterhen the customer purchased the

item. This value can be shown to be
c(a,r,d) =a(l—exp{—rtq/365}), (19)

wherety is the elapsed time (in days) between the next statemenattatehe item was purchased and the
statement date when the final installment payment is dueinféeest rate is the internal rate of return on
the installment loan, and is given by=T(d,x). Recall that this is the positive interest rate that company
offers to the customer for an installment purchase with tériotice thatd = O if the consumer chooses
not to do an installment. In this cage= 0, and the consumer automatically gets an interest-freeftom
the credit card company from the date of purchase until thé statement date. Notice also that for any
interest-free installment opportunity= 0 and sac = 0 in this case as well. To a first approximation (via
a Taylor series approximation of the exponential functiee)havec(a,r,d) =T(d,x)aty /365, so the cost
of the installment loan is proportional to the duration af than, the amount of the loan, and the interest
rate offered to the consumer.

Notice that thec(a,r,d) function has no unknown parameters to be estimated. Thengéess to be
estimated are the parametgrentering the option value functiony(a, x,d, @), the scale parameter of
the Type Il extreme value distributions for the unobsergethponents of the(a, x,r,d, @) functions, and
a, the parameters entering the probability of being offerdtea installment[1(z) and the conditional
distributions of the term of the free installments that affered to consumersf(dg|z,dy < d). So we
let ® = (0,@,0) as the full set of parameters to be estimated. Ta@Blpresents the maximum likelihood
estimates ofo,@) and appendix 1 presents the maximum likelihood estimatebeoR6a parameters.
Clearly, the parameters of interest &e@). We are interested in thee parameters only to the extent that
we are interested in learning the conditional probabliitiz, a) that credit card customers are offered free

installment options when shopping at different merchantsfeerent periods of time.
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To understand the parameter estimates, note that we hasifiesppev(a, x,d) = ap(x,d) where

1
" Ttexp{h(x.d,q)}

p(x,d) (20)

where
12
h(x,d,®) = @ + @1ib + @installlsharet @3l {r = 0} + @ycreditscoret @snlate+ Z gl{d=j}+ (21)
]=6

Further, the fixed transaction cost of choosing an instaltrterm at the checkout countai(x), is assumed

to be given by
A(X) = @izexp{@uinstallsharet @51 {r = 0} }. (22)

The variablecreditscoreis the interpolated credit score for the customer at the afdtee transactions (the
company only periodically updates its credit scores so we alnserved 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, andt is the customer’s installment balance at the time of thesaation. Note that we
normalized botla andib to represent them aatios over the customer-specific average statement amount
The most important variable of thevariables turned out to biestallshare,the share of creditcard
spending that the customer does under installment. Thongltauld accuse of us as making the mistake
of including installsharein our model due to the fact that it is “endogenous” our exatem for doing
S0 is that our analysis in section 4 revealed thatallsharecarries important information about which
consumers are most likely to be liquidity constrained. Wenfib that neithecreditscorenor nlate has
as powerful impact on enabling our model to fit the datanatllsharehas. We agree that it would be
preferable to replacmstallshareby a random paramete&mrepresentinginobserved heterogeeityith the
interpretation that lower values vindicate customers who are more desperate for liquiditythas have
a higher subjective willingness to pay for loans of variousations,p(x,d, t,). However, we have had
considerable difficulty so far in estimating specificatiomsh unobserved heterogeneity due to the fact
that we have an unbalanced panel where for some consumerssers/e many hundreds of transactions.
Conditioning orm, the likelihood for these hundreds of conditionally indegent choices of installment
duration is typically avery very small numbelJnobserved heterogeneity specifications require us to take
averages (i.e. integrate over the distributiontpbf these very small numbers and we often found that
when we tried to take the logarithm of the resultingxture probabilityit was sufficiently small to be

below the “machine epsilon” i.e. the lowest positive numée&omputer is capable of representing, even
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Table 3: Maximum Likelihood Parameter Estimates
Dependent variable: choice of installment tedmAmounts in parentheses are estimated standard errors.

Variable p function parameter estimate

o 0.0340
(p (constant) 3.537
@ (ib) -0.959

@, (installshare -3.878
@ (1{r =0}) 1.568
@4 (creditscorg 1.997°
@ (nlate) -0.009
@ (1{d=2}) -2.306
@7 (1{d=3}) -2.576
@ (1{d=4}) -0.861
@ (1{d=5}) -1.422
Qo (1{d =6}) -1.590
@1 (1{d=7}) 1.162
@2 (1{d =10}) -0.159

Variable A function parameter estimate

(13 (constant) -0.225
@14 (installshare) -0.614
@s (1{r =0}) 0.101

log(L(0)) -54836.6

Number of observations 167,946

on 64-bit machines. So we have fouindtallshareto be extremely convenient as an “observed indicator”
of the underlying unobserved heterogenityWe conjecture that if we can somehow resolve the problem
of “underflow” in computing the mixing probabilities, thetesation results (particularly the overall fit of
the model) of a specification with a sufficiently rich specifion of unobserved heterogeneity but omitting
installsharewill be quite similar to the results presented below withmitted andnstallshareincluded.

The estimation results in talilé 3 show the result, that isngdrising in light of our analysis in section
5, that the “subjective discount factgp{x, d) is an increasing function afistallshare.Thus, the maximum
likelihood estimation attempts to best-fit the data by mglsare that the “installment addicts” have the
highest option value for credit. In addition, the negatieeficient ofinstallsharein the A(x) function
means that it is possible to further improve its fit of the midadehe data by having the transactions costs
of doing an purchase via installment be lower for customdrs are more installment-prone as measured

by installshare.

The variablescreditscoreand nlate variables have very negligible impacts on the option vahrel(
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they are not important determinants of transactions cagterg We believe that this is largely because
theinstallsharevariable does such a much better job of capturing the unidgrlynobserved heterogeneity
in our sample of customers. The estimated installment d@mméflect a rather strange pattern in the
estimated subjective discount factpfx,d) to help the model match the fact that installment loans of
relatively shorter term, particularly 3 month installmdoéans, are substantially more popular than the
longer term loans. Of course the sharply increasing inteads schedule for longer term installment loans
that we plotted in figure 29 does a large of the work in helplgyrmodel to fit the data: the significantly
higher cost(a,r,d) of the longer duration installment loans does dissuade roasipmers from selecting
them, however the disincentives to borrowing for longerations inherent in the(a,r,d) function is
evidently not enough to fit the model well. The maximum likelbd algorithm estimates values to the
installment duration dummies that provide an extra boastxXtra penalty by sharply lowering the implied
subjective discount factor for longer term loans) to enadliemodel to better explain the popularity of 3
month installment loans.

Figures 30 and 31 make the estimation results easier to stadedr by plotting the implied discount

factorsp(x,d) and the implied continuous time “subjective interest ratgéx,d) defined by

rs(x>d) = - |Og(p(X,d))/d, (23)

i.e.r(x,d) represents a sort of “subjective term structure of interass” implied by the model estimation
results.rg(x,d) can be regarded as the maximum interest rate that a consiitgpea is willing to pay for

a loan of duratiord. We see that both the subjective discount facpirsd) and the estimated subjective
term structure are generally strongly declining in the tareof the installment loan. Figure 31 indicates
that the subjective interest rates start out as high as 18%do 3 month loans but drop rapidly to nearly
zero for loans that have a duration of 7 months or longer. Thdahalso implies that consumers regard
that there is some extra value for interest free installsietitey assign a significantly higher subjective
option value to interest-free loans than they do to loansdanpositive interest rates. Of course, the
maximum likelihood estimates the parameters this way iriotal best fit the take-up of free installments.
The figures also illustrate how thestallshareincreases the subjective option values and interest rates.

We conclude this section with figures 32 an 33 which summaheeability of the structural model

to fit the credit card data. Of course the predominant choicedmsumers is to pay their credit card
purchases in full by the next installment date: this is theiednmade in 93.57% of the customer/purchase

transactions in our data set. When we simulate the estinmabei| of installment choice, taking tikxeand
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Figure 30 Predicted versus Actual Installment Choices
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Figure 31 Predicted versus Actual Free Installment Choices
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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 93.06%.

Of more interest is to judge the extent to which our model qadipt the installment choices made by
the customers in our sample, i.e. to predict the incidenaghoicesd > 1. Figure 32 plots the predicted
versus actual set d@dll installment choices made the customers in our sample. Wghae¢he model
fits the actual choices well overall, but underpredicts theiee of 3 month installment terms. Figure
33 shows that the model does much better in predicting thebeuf free installments that consumers
chose. In the actual data, 2.7% of our customer-purchassaitiions were done as free installments. Our
model simulations predict that 2.4% of the simulated custepurchase transactions would be done as
free installments.

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 27% of
167.946 simulated customer-purchase transactions, thpamwy would offer the customer a free install-
ment opportunity. As we noted in section 4, this estimatid&estrus as quite reasonable. Recall that we
found that the most installment prone “addicts” were doibgut 20% of all of their purchases as free in-
stallments. Howevever these individuals are doing rougbh80% of all their transactions via installment
but the remaining 20-30% are smaller purchases that evefingtallment addicts” do not bother to do
as installments (perhaps even for them the transactios eosttoo large for the smallest purchases). So
assume that these installment addicts are encounteriagngtallment opportunities 27% of the time, and
whenever the amount they are purchasing is sufficientlyeldre installment addicts will always to choose
to take the free installment option. Then since 20% = 75%7%, our maximum likelihood estimates
are consistent with our observation that approximately 20%ll of the installment transactions by the

“installment addicts” are done as free installments.

8 Conclusions

The main contribution of our paper is to show, despite ouhlyigensored data, that for whatever reason,
our sample of customers appear to be highly reluctant todspgron installment, to the extent that even
free installment offers fail to motivate most customersaket advantage of them for most transactions.

Instead, we find that the customers who are most likely to saalkentage of free installlment offers are the
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Figure 32 Predicted versus Actual Installment Choices
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Figure 33 Predicted versus Actual Free Installment Choices
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“installment addicts” that we identified in our exploratargta analysis in section 4.

Otherwise the structural approach to estimation of demanih$tallment credit produces reasonable
estimates of the demand for installment credit, and we stialve model fits the observed patterns of
spending quite well. We can use our model to make out of sapngléictions of the effects of a wide
range of policy changes, including the impact of abolishihg free installment option on the use of
installments, and the impact of raising or lowering theatistent interest rate. However we require a
more complete dynamic model, and more data, to study a lesigge of credit policy questions, including
the impact of interest free installments on credit card #idoglecisions by individuals who do not already
have this credit card, and how credit policy affects the dpegipurchase decision itself.

Ultimately, we need to compliment the use of econometric @f®dnd forecasts witeixperimentshat
enable us to test to accuracy of the out of sample forecastsrafconometric models. We hope this study
will be a stepping stone that will convince the credit carchpany to provide more data, and undertake
key experiments that would be necessary to better modeldamdify key aspects of the credit card usage

and spending decisions that affect the company’s market stred ultimately its profitability.
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