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Abstract
This paper analyzes a new dataset on credit card spending decisions, with the unique feature that
virtually any purchase made by its customers can be paid viainstallmentover terms up to 12 months
at an interest rate that is a function of the customer’s credit score and the duration of the installment
loan. We use these data to estimate the effect of interest rates on these consumers’ demand for credit.
We show that conventional econometric methods, including regression, instrumental variables, and
matching estimators, predict that the demand for installment credit is anincreasingfunction of the
interest rate, an inference we dismiss as spurious due to theendogeneity of the interest rate and the
effect of unobserved credit constraints that cause customers with worse credit scores to have higher
demand for installment credit. To make more accurate inferences of the effect of the interest rate
on customers’ demand for credit, we exploit a novel feature in our data: customers are more or less
randomly offeredfree installments,i.e. the opportunity to pay back a given purchase over a fixed term
ranging from 2 to 12 months at an interest rate ofzero.We treat these free installment opportunities as
a quasi-random experimentand estimate a discrete choice model of installment choice that accounts
for censoring (choice based sampling) in observed free installments. Despite the significant censoring,
we show that it is possible to identify the probability of being offered a free installment option and
consumers’ probabilities of choosing various installmentterms at positive interest rates, or to pay for
the purchase in full at the next statement date. Thefree installment puzzleresults from our finding that
the average probability of being offered a free installmentopportunity is 27% in our sample, while
the fraction of purchases actually done under free installments is only 2.7%. Thus, we infer that the
demand for credit of these customers, while downward sloping, is remarkably inelastic. In particular,
our model predicts that there is only a 1 in 10 chance that a typical customer 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 from a new data set containing borrowing

decisions made by a sample of customers of a major credit cardcompany. We show that conventional

reduced-form econometric approaches, including regression, instrumental variables, and matching esti-

mators, all imply that the demand for credit is anupward sloping function of the interest rate charged

to consumers. Of course, we believe this is a spurious finding, a likely result of unobserved factors that

make consumers who have high need for credit to be charged higher interest rates than consumers who

have better credit scores and other, lower cost borrowing opportunities or who are otherwise not “liquidity

constrained.”

To make more accurate inferences about the demand for credit, we estimate a structural model of

consumer’s choice over loan duration (i.e. the number of installments over which the amount borrowed

is paid back) that accounts for a nonlinear increasing interest rate schedule (with higher interest rates for

longer loan durations) faced by our sample of credit card customers. This model enables us to exploit

quasi-random variability in the interest rates charged to consumers as a result ofinterest-free installment

opportunitiesthat arise from promotions offered by the credit card company, sometimes in conjunction

with merchants. We show that our structural model provides remarkably good predictions of the borrowing

decisions of our sample of consumers, and is able to control for the endogeneity of interest rates and result

in a downward sloping demand for credit.

However we find that the demand for credit is remarkably inelastic and the take up rate for free in-

stallment offers is surprisingly low: we estimate that on average, the probability is less than 10% that the

customers in our sample will accept a zero interest installment offer when it is presented to them. We view

this as a surprising finding in light of the prevailing view that many consumers are liquidity constrained

and face extremely high interest rates, and should therefore be highly responsive to zero interest borrowing

opportunities. We refer to our finding asthe free installment puzzlebecause our data do not enable us to

provide a deeper explanation of why these consumers appear so reluctant to take zero interest installment

opportunities when they are offered to them. It is also a puzzle why the credit card would place such heavy

reliance on interest-free installments as a promotional device given that it appears to have such a weak

impact on its customers.

While none of the customers in our sample whose credit cards are in good standing are “liquidity con-

strained” in the formal sense of the term, namely that the company does not impose an explicit borrowing
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limit on them, the conventional wisdom is that many consumers who hold credit cards at other credit card

companies are liquidity constrained and are frequently spending near the maximum of their credit limits,

and are therefore remarkably insensitive to the interest rates that they are charged. For example a recent

paper by Alan et al. [2011] (ADL) analyze data from a randomized experiment undertaken by a British

credit card company and find that “individuals who tend to utilize their credit limits fully do not reduce

their demand for credit when subject to increases in interest rates as high as 3 percentage points.” They

interpret their finding as “evidence of binding liquidity constraints.” (p. 1).

The fact that credit card borrowing is so high in most countries even though most credit card companies

charge interest rates that are significantly higher than “traditional” sources of credit such as home mort-

gages or equity lines (for example in the U.S. the average household credit card balance is over $15,000

and the average credit card interest rate is 14.65% according to creditcard.com), could be regarded as ev-

idence that many credit card holders are at least “credit constrained” in the sense that they either do not

have access to, or have already exploited, other lower interest sources of credit and are therefore will-

ing to borrow significant amounts on the margin at the much higher interest rates charged by credit card

companies.

Thus, one possible explanation for ADL’s results is that their credit card customers are liquidity con-

strained and “trapped” in acorner solutionso that neither decreases nor even increases in interest rates

have a measurable impact on their borrowing. However, what we find even more puzzling is that ADL

found “no evidence of sensitivity to either a 1 or 3 percentage point increase (or the 3 percentage point

decrease, cell 9) in our sample, even after conditioning on variables that are thought to be useful in charac-

terizingunconstrainedindividuals.” (p. 21, italics added). This suggests that demand for credit is inelastic

even among individuals who are not facing binding borrowingconstraints, and we regard this as a much

more puzzling finding and one consistent with the new evidence we present in this paper.

The lack of sensitivity to interest rates may reflect some degree of “consumer inertia” either of the

“rational inattention” variety (e.g. Sims [2003]) and or the impact ofswitching and information costsin-

cluding the costs of becoming informed about other ways to borrow at lower interest rates, and switching

balances to other credit cards in response to solicitationsthat offer consumers balance transfer opportuni-

ties at significantly lower interest rates.

This sort of inertia may explain additional types puzzling behavior observed in a different credit card

data set analyzed by Ausubel and Shui [2005]. They analyzed an experiment conducted by a large U.S.
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credit card company in 1995 that generated a mailing list of 600,000 consumers which was divided into six

subsets with approximately 100,000 individuals each. Customers in each subset were offered (via a letter

delivered by mail) the opportunity to apply for a “pre-approved” credit card from this company (including

the opportunity to do balance transfers from other credit cards) at various low introductory rates for varying

lengths of time. The most popular of these offers was the one offering the lowest interest rate, 4.9% for

6 months. However the response rate to these offers was uniformly small: only 1.07% of the customers

offered the lowest interest rate offer actually responded and applied for the credit card, whereas the least

popular offer, the one offering a 7.9% interest rate over a 12month period, had a response rate of only

0.94% (a statistically significantly lower rate of acceptance).

Thus, while there isprima facieevidence of some level of consumer response to lower interest borrow-

ing opportunities, the “take up rate” to the chance of a lowerinterest rate appears to be very small, and this

is consistent with our findings. Ausubel and Shui describe several other puzzling aspects of the behavior

of the consumers who responded to these offers. The first puzzle is one they callrank reversal:when they

analyzed theactual ex postinterest rate paid by customers for each of the six introductory offers over a 13

month period after the cards were adopted, the interest ratepaid by customers who chose the least popular

offer (7.5% for 12 months) was thelowest(just over 7.9%) whereas the interest rate paid by the customers

who chose the most popular offer (4.9% for 6 months) was substantially higher (10.2%).

The explanation for the rank reversal that Ausubel and Shui found is that customers who chose the

most popular lowest interest offer tended to behave toooptimistically— they tended to transfer and spend

more and acquire higher balances during the introductory period, but failed to pay down these balances or

switch to another credit card after the 6 month introductoryperiod ended. At that point the interest rates

on their cards reverted back to the normal high annual rates the company charged customers with similar

credit scores, ranging from 14 to 16%. Thus, it would appear that the individuals who responded to the

most popular offer would have been better offex postif 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 connectedwith another puzzle, namely that once

customers decided to adopt these cards and start spending onthem, relatively few of these customers

(40%) cancelled their accounts after the inroductory ratesended. As Shui and Ausubel note, it is puzzling

why these customers were not motivated to reduce their balances or switch out of these cards when the

low interest rates period expired, given that the low interest rates were evidently one of their primary
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motivations to switch into these cards in the first place. These results suggest thatswitching costsmay be

an important reason for the low response rates to the company’s introductory low interest rate offers, and

may explain the inertia that might be responsible for the relatively inelastic customer response to changes

in interest rates overall.1

However the puzzle we uncover cannot be so easily ascribed tolarge switching costs since the ability

to borrow on installment credit is an opportunity offered tocustomersafter they have received their credit

card and this opportunity is available forevery customer and for nearly every transaction.Thus, there is

no additional onerous “paperwork” that must be filled out to “apply” for the installment loan, and there is

no issue about an installment loan being denied: these loansare essentially pre-approved and can be done

by customers at the check out counter at very low marginal cost in terms of time and effort. Essentially,

the customer just decides whether to pay a given balance in full, or to pay the balance in installments

over a horizon the customer chooses just by telling the checkout clerk or entering the installment duration

on a keypad. Since installment transactions are designed tobe “easy” and are not subject to credit limits

(provided the customers is in good standing), our finding that customers are not very responsive to low

interest rate installment opportunities (including “freeinstallments”) may be even more of a puzzle than

the low response rates to low introductory interest rate opportunityies that Ausubel and Shui found in their

study.

While the credit card data we have is of very high quality, it does present econometric challenges.

First, unlike the ADR study which analyzes data from aclassical randomized experimentour analysis is

based on free installments as aquasi random experimentwhere we do not have a direct control and treat-

ment group. While we can use customers asself controls (i.e. by comparing how much they spend on

installments at positive interest rates relative to spending when they are offered free installments), we face

an additional problem ofcensoring,namely, we only know when customers are offered free installment

purchase opportunities when they actually choose them. Howis it that we can infer the probability that

customers are offered an free installments and the probability that customers will decline a free install-

ment when it is offered? We show that these probabilities canbe identified by the method of maximum

likelihood using amixture likelihoodthat results from treating installment purchase decisionsas individ-

ual choice experimentswhere the presence of a free installment opportunity results in unobserved choice

1Shui and Ausubel argue that switching costs alone cannot fully explain the puzzles they find: they argue that the puzzling
behavior of the customers they studied is best described by ahyperbolic discounting model than it is by a time-consistent dynamic
programming model in the presence of switching costs.
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sets.We show there is sufficient structure that it is possible to separately identify the probability of being

offered a free installment opportunity from the probability of choosing it.

Section 2 provides an overview of the competitive environment that the credit card company whose

data we study is operating in, and discuss the strategic motivations for why it offers free installment op-

tions to its customers. Section 3 describes the credit card data and documents the importance of merchant

fees as a significant component of the profit that this companyearns: we believe this is the main motiva-

tion for the company’s frequent use of free installments. Section 5 introduces the econometric methods

we employed to infer the demand for credit including regression-based and reduced-form treatment effect

approaches. We also describe our “semi-structural” model of installment choice. The empirical findings

from the reduced form methods are presented in section 6. We show that none of these methods result in

plausible estimates of the demand for credit. In particular, all of the methods lead to the conclusion that the

demand for credit is anincreasingfunction of the interest rate. Section 7 derives the likelihood function

for the semi-structural model, establishes the identification of the structural parameters, and presents the

estimation results, including an evaluation of the goodness of fit of the model and the predicted installment

credit demand function, as well as several counterfactual predictions of customer response to alternative

installment credit policies. Section 8 presents our conclusions and speculative comments about the under-

lying reasons for the free installment puzzle, as well as suggestions for future research provided additional

data and particularly new experimental data could be gathered.

2 The Strategic Role of Free Installments

We analyze a new data set containing credit card transactions and payments for a sample of 938 individuals

who made purchases using their credit cards over a three yearperiod from Janary 1, 2004 to May 1,

2007. These individuals had credit card accounts with a large bank that issued multiple credit cards. For

confidentiality reasons we are unable to reveal the name of the credit card company or even the country in

which it operates.

A unique feature of this credit card and therefore the data that we analyze is thatall customers who

are in good standing have the option to make any purchase under installment credit.That is, customers

of this company make individualtransaction by transactiondecisions on whether to pay the amount of

any purchase in full at the next statement date, or to spread the purchase out over multiple installments
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ranging from 2 months to 12 months, but at the cost (usually) of paying a relatively high interest rate for

this borrowing opportunity. However, largely for “promotional” reasons, the company offers a significant

fraction of its customers the opportunity to makefree installments,that is, some customers are occasionally

offered the chance to borrow on installmentover a fixed term at a zero percent interest rate.

The company faces strong competition for customers from other credit card companies. Each of the

firms in this market confronts difficult but very interestingstrategic decisions relating to their choice of

credit policy (i.e. which individuals to give credit card accounts to, which interest rates to charge them,

which credit limits to set, and other policies such as the type of installment and revolving credit oppor-

tunities it provides), theirmerchant policy(i.e. the contracts it offers merchants including the levelof

transaction fees it charges to merchants who accept the company’s credit card and any restrictions in the

contracts it offers these merchants such as reimbursement in cases of fraud) and theiradvertising policy

(i.e how much to spend on advertising to try to attract new customers, and how much to spend trying to

convince new merchants to sign an agreement to accept payments from 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 policy, and particularly on the company’s use

of free installmentsas a strategy for attracting new customers and encouraging existing customers to in-

crease their use of the company’s credit card. To large extent, the company is engaged in a race with its

competitors to expand its market share. The larger the company’s credit card market share, the more likely

merchants are to to accept the company’s credit card. The larger the rate of merchant acceptance, the

more valuable the company’s card is to consumers, which therefore tends to help the company add more

customers and more merchants over time.

Thus, there is a strong element of “increasing returns” and “network externalities” to gaining a dom-

inant market share. Ultimately, the firms that have the largest credit card market shares will be able to

charge higher fees to merchants. As we show below these merchant fees are a major component of the

company’s revenues and profits, amounting to 36% of the revenues earned for the sample of customers we

analyzed in this paper. That merchant fees are a major sourceof revenue for credit card companies is not a

new finding, however. Evans and Schmalensee [2005] note thatmerchant fees account for nearly 65% of

the revenues earned by American Express. We believe that thecompany’s recognition of the importance

of merchant fees as a source of revenue is the primary motivation for its “benevolence” in offering free in-

stallment opportunities to its customers. See also Rysman [2007] who analyzes Visa data that enables him
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to study credit card spending for consumers who hold multiple credit cards simultaneously. Rysman finds

evidence “suggestive of the existence of a positive feedback loop between consumer usage and merchant

acceptance.” (p. 1) and this feedback loop is likely a main motivating factor for credit card companies’

huge advertising spending to promote card use. Free installments is just one one of many ways that the

company we study uses to try to encourage higher use of its credit cards.

The company we study is unique relative to many other U.S. based credit 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 purchasesan item using the company’s credit card can

decide to make the purchase as aregular chargewhich means the amount charged will be payable at

the next statement date, or as aninstallment chargewhich means that the balance charged can be paid

in multiple installments over periods ranging from two to twelve months. If a customer chooses the

latter option, the customer can also choose the term of the installment (i.e. whether to pay back the

amount charged in 2, 3 or up to twelve months). The customer does this at the time of the purchase,

i.e. at the “check out counter” and usually at a significiant interest rate that is a function both of the

customer’s characteristics (including the customer’s credit score) and the term of the installment loan. The

average installment interest rate for the more than 6200 installment purchase transactions we observe for

our sample of customers is 15%. Any customer who is in good standing (i.e. whose right to use their card

is not suspended due to repeated refusal or inability to pay their balance due) has access to the installment

credit option.

In mid 2005 the company offered a newrevolving creditoption to a subset of its “preferred customers”

with the best credit scores and highest card usage. Normally, customers must pay their full credit card bal-

ance due at each statement date, otherwise a late fee is levied and their credit score is penalized. However

for those customers who have the revolving credit option, they can choose to pay only part of the balance

due and the remaining balance can be paid off at some subsequent statement date, along with accumulated

interest. The company also offers related credit options such asrevolving cash advancesthat can be paid

back at the discretion of the customer. The interest rates for these revolving credit options are substan-

tially higher than the installment credit options discussed above. For example, the mean interest rate on

revolving cash advances for our sample is 27%.

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

universally offered to all customers, we chose to focus our analysis on the decisions customers make
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regarding installment credit. Since each customer faces this decision at essentiallyeverypurchase occa-

sion (charges incurred at restaurants, hotels, airline ticket, doctor bills, consumer electronics, and even

grocery bills can be paid by installment), we obtain a large number,over 167,000,of customer/purchase

observations in our data set. Each of these purchases can be therefore be regarded as individual “micro

borrowing/intertemporal choice decisions”, i.e. in each one the customer is making choice whether or not

to pay the charge in full at the next statement date, or to pay the amount off gradually over some number

of monthly installments ranging from two to twelve, at an interest rate known to each customer that is a

function of the customer’s characteristics and the duration of the installment term. In particular, we show

below that the interest rate schedule each customer faces isasharply monontonically rising function of the

duration of the installment agreement.

To understand the strategic role of free installment options, it is useful to provide some background on

the competitive enviroment that the credit card company we are studying is operating under. The credit

card market is highly competitive with nearly 20 banks and non-bank credit card companies offering

competing credit cards. Competition for market share was particularly intense in the period just prior

to our observations, from the late 1990s to 2002 when a combination of factors, including government

policy favoring credit cards to improve tax collection (including paying taxes by credit card, and reducing

tax evasion in the hard to monitor “cash economy”) and the entry of new credit card issuers intent on

capturing a larger share of the market lead to dramatic increase in the number of individuals using credit

cards, and in overall credit card spending. At the peak of thecredit card “boom” in 2002, the average

credit card customer had more than 3 credit cards, average credit card balances were in excess of $2000

per capita, and aggregate credit card debt amounted to nearly 15% of GDP.

Much of the aggressive expansion of credit card accounts andunsecured lending by the new non-bank

entrants proved unwise and in 2003, the year preceding most of our data, there was a significant “credit

card bust” with default rates in the credit card industry as awhole exceeding 25%. This lead to massive

losses in the financial sector, several near bankruptcies ofmajor banks and major non-bank companies that

entered the credit card market, and a government bailout to prevent a wider financial panic from ensuing.

The move was largely successful and in combination with adoption of better risk-management policies at

the major credit card companies, average credit card balances and default rates rates declined rapidly after

2003. By 2005 the credit card default rate had fallen by more than 50% to just over 10%, per capita credit

card balances had fallen to less than $700, or about one thirdof their peak in 2002 just before the crisis,
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and credit card debt as a fraction of GDP had fallen to a much more reasonable level of approximately

4%. By 2007, the last year of our data, the default rate on credit cards had fallen to less than 4%, roughly

comparable to credit card default rates in other OECD countries.

The credit card company that provided us the data we analyzedis a bank with relatively long experience

in credit card lending, and it appears to have been much more conservative in its credit card issuance and

lending policies than many of the new credit card entrants that contributed to the boom and bust cycle

discussed above. In particular, to the extent we can measurein our sample of 938 customers, the credit

card default rate for this company is much lower than for the industry as a whole, and did not change

radically over the years 2004 to 2007.

Nevertheless, the company is keenly aware of the importanceof increasing its customer base and

spending market share, since as we will show below, merchantfees are a significant source of its revenues.

As we noted above, credit card market share is a very important factor in merchant acceptance of credit

cards, and also in the degree of market power the company has over its merchant fees.

In 2006 the company was among the top six largest credit card companies in the country in terms of

credit card spending market share. The dominant firm had approximately a 25% market share in 2006

and 2007, and the combined market share of the six largest credit card companies was approximately 85%

in each of these years. The importance of having a large market share is especially enhanced in due to

the nature of electronic fund transfers between credit cardcustomers and merchants which generates high

returns to scale and “network externalities” for companiesthat have the largest market share.

Specifically, credit card companies need to have explicit agreements with individual merchants in order

to have their credit card accepted, otherwise they need to have a partnership or agreement with another

credit card company that has an agreement with the merchant.In the latter situation, the credit card

company pays one of its competitors that does have an agreement with the merchant a fee to process a

transaction over the competitor’s network and under the competitor’s merchant agreement. It is surprising

that there is cooperation between competing firms where one firm allows a customer of competitor to carry

out a transaction on its network when the merchant in question has an agreement with the company but

not its competitor. One could imagine a different equilibrium where firms did not cooperate and excluded

rivals from using their networks. However it appears that sofar no single company has a sufficiently large

share of agreements with all merchants to make exclusion an individually rational strategy. The collective

benefit from pooling the set of merchant agreements, each of which is rather costly for any firm to acquire,
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seems to be sufficiently high that reciprocity rather than exclusion has emerged as the equilibrium in this

market, perhaps much the same way as airlines have a reciprocal agreements to have their customers book

flights on their competitors’ plans in the event of cancellation due mechanical problems with airplanes.

However the level of reciprocity is informal and bilateral:there is no analog of the much more well

developedmulti-party payment systemsthat exist in the United States that began in the 1960s as coop-

eratives that “in effect, pool the merchants they had signedup so that any individual with a card from a

member of the cooperative could use their card at any merchant also signed up by any member of the co-

operative.” (Evans and Schmalensee [2005]). As a result, inthe U.S. market, each merchant does not need

to make individual contracts with all credit card issuers (e.g. banks), instead merchants need only make

contracts with a smaller number of credit cardbrands,primarily Visa, MasterCard, American Express, and

Discover. This is not the situation in the country we are studying in this paper, and the presence of a Mas-

terCard or Visa logo does not necessarily confer any advantage since merchants do not sign agreements

with MasterCard or Visa directly, but only with each bank or credit card separately. The main advantage

of a MasterCard or Visa logo is the ability to use the card forinternational transactions, but it does not

confer any special advantage for domestic transactions.

In addition to the standard internationally branded logos there are also “private brand” credit cards

and logos in this country. The private brand domestic creditcards gennerally charge lower merchant

fees and have lower annual fees. However, some of the credit card companies issue credit cards which

are a combination of the private brand/logo and a Visa or MasterCard logo. This happens especially on

credit cards issued by banks or new entrants to credit card market, since they do not have existing payment

network and part of the value of having the Visa or MasterCardlogo is that it signals widespread acceptance

of the card (including the ability to use the card internationally) and this attracts more customers and could

help, in a positive feedback loop, to convince more merchants to accept 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 company we are studying pays to its competitors

for use of their networks in our data. However we do observe the frequency of these “out of network”

transactions, since they are identified with a merchant codeof −1 in our sales data. Of the 182,742 sales

transactions in our data set, a total of 32,299 or 17.7% of thesales were ‘out of network’. The average

merchant fee recorded for these out of network transactionswas 1.24% which is substantially less than

the average 2.02% merchant fee for the company’s “in network” transactions in our sales data set. A total
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of 45.5% of the out of network transactions in our data have a recorded merchant fee of 0, whereas the

average merchant fee for the 17,601 out of network transactions for which a merchant fee was recorded

was 2.28%, or about the same average merchant fee (as a percent of amount sold) as the company earns on

its in-network transactions. It is not clear to us whether the large incidence of out of network transactions

for which the company records no merchant fee constitute transactions where a competing firm that carries

out the transaction charges a fee equal to the company’s merchant fee, and whether on the out of network

transactions where the company does record a merchant fee there is a separate payment to the competitor

for the use of their network/merchant agreement to carry outthe transaction that we do not observe in

our data. However the general conclusion is that due to the way the fund transfer system works in this

country, the credit card company has a very strong incentiveto grow and increase its own network and set

of agreements with merchants since this enables it to earn significantly higher merchant fees.

Like many other countries, merchant fees vary widely acrossdifferent types of merchants. In a separate

study, we will describe the nature of variation in merchant rates in more detail. However for the purposes

of this study, we do show below that merchant fees are a significant component of both revenues and

profits for this company, and it is our belief that a primary motivation for the use of free installments is as

a promotional device to attract new customers and increase sales and usage of the company’s cards by its

existing customers. By doing this, the company expects to increase 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 company that provided us information on the

credit scores, purchases, payments, and credit decisions of 938 of its customers over the period 2004 to

2007. Our data consist of six data files: sales, billing, revolving and collection, credit rating, and a final

fiile defining merchant the classification codes that appear in the sales data. For sales data, we should

note that there are three types of sales 1) sales payable in full at the next statement date, 2) sales payable

in installments over two or more statement dates, and 3) cashadvances. Cash advances can either be

paid in full at the next statement date, or paid by installment over multiple future statements. Generally

purchases and cash advances that are paid by installment aredone at 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 customers decide whether to pay for individual

purchases as a “regular purchase” (i.e. as payable at the next statement date to which the transaction

is assigned) or as an installment purchase in which case the payment is spread out over 2 to 12 future

statement dates. We are particularly focused on identifying the effect of the installment interest rate on the

customer’s choice of installment term. Although the availability of installment credit can potentially affect

the customer’s decision whether to purchase a given item or not, or to purchase via credit versus cash or

some other credit card, as we discuss below, our data are of limited usefulness for studying these other,

related effects on interest rates on spending and credit card usage decisions.

In our data we observe installment purchases of varying lengths, from 2 to 12 months. The most

commonly chosen term is 3 months: 61.5% of all of the installment purchases we observe have a 3 month

term. The maximum installment term we observe is 12 months, and is chosen in 1.7% of the cases. Other

frequently chosen terms are 2 months (20.0% of cases), 5 months (5.0%), 6 months (4.9%), and 10 months

(3.7%). There are no installment purchases with a term of 1 month, since this is equivalent to a regular

charge, i.e. a payment due at the next billing statement. Thus, we define the “installment choice set” for a

consumer as beingC= {1,2, . . . ,12} where a choice ofc= 1 is equivalent to a regular charge that will be

due at the next billing statement, a choice ofc= 2 corresponds to equal installments payable in the next

two billing statements, and so forth, so thatc= 12 denotes an installment contract that is payable over the

next 12 billing statements (monthly) in 12 installments.

Customers typically pay off their installment purchases inequal installment amounts. For example, if

a consumer purchases an amountP under an installment contract with a total ofc installments payments,

then the consumer will pay back the “principal”P in c equal installments ofP/c over the nextc billing

periods. If the consumer is charged interest for this installment purchase, the credit card company levies

additional interest charges that are due and payable along with the installment payment at each of the

successivec statement dates. However in some cases there are unequal payments, sometimes as a result of

late payments, or accelerated or pre-payment of installments. The installment agreement does not formally

allow for a pre-payment option, so that if a consumer does pre-pay an installment contract, the credit card

company still charges the interest at the successivec statement dates, as if the customer had not pre-paid.

We calculated the realized rates of internal rate of return on 8987 installment transactions in our credit

card data set. The internal rate of return is the interest rate r that sets the net present value of the stream

of cash flows involved in the installment transaction to 0, where the initial purchase is regarded as a cash
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outflow (from the credit card company) at timet = 0, and the successive payments (including interest)

are treated as cash inflows at the successive statement datest1, t2, . . . , tc. There were only 141 cases out

of the 8987 installment transactions where the customer didnot follow the original installment contract

by paying in thec installments that the customer orginally agreed to pay. There were pre-payments in

127 cases, i.e. where the customer paid off the installment balance more quickly than necessary under

the original installment agreement. Given that there is no direct benefit to the customer from pre-paying

the installment (since the credit card company will continue to collect interest from the customer as if the

installment loan had not been pre-paid), it seems hard to rationalize these cases under a standard model

of a rational, well-informed consumer. In 31 of these cases,the customer was given the a 0% installment

loan, and yet still pre-paid. One possible explanation is that these customers were not aware that they

had what was in effect an interest-free loan, and not aware that there was no benefit to pre-paying. These

customers might have believed (incorrectly) that by payingoff their installment balance more quickly they

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

desire to be free of the mental burden of having a large outstanding installment balance to pay), might

explain this behavior.

There were only 17 cases where the number of installment payments were greater than the number of

installments originally agreed to in the oringal installment transactions. These do not appear to be “de-

faults” since the total amount collected in each of these cases equals the initial amount purchase. The delay

in payment was typically only one billing cycle more than theorginally agreed number of installments.

For this reason, we believe that these cases might reflect theeffect of holidays (such as where a payment is

allowed to be skipped since a statement falls on a special holiday) or some other reason (e.g. an agreedex

postmodification in the installment agreement). Since there areso few of these cases, we basically ignore

them in the analysis below.

In the data we observe most installment purchases have a positive internal rate of return, but in nearly

half of all installment purchases we observed (47.7%) the internal rate of return was 0, so the customers

were in effect given an interest-free loan by the credit cardcompany. These “zero interest installments”

are usually a result of special promotions that are providedeither at the level of individual merchants (via

agreement with the credit card company to help promote salesat particular merchants via the “free credit”

aspect of an installment purchase with a 0% interest rate), or via “general offers” that the credit card

compamy offers to selected customers during specific periods of time either to encourage more spending,
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increased customer loyalty, or as a promotion to attract newcustomers. Our data does not contain enough

information for us to determine exactly which customers areoffered 0% installment options, so we model

it as occurring probabilitistically, depending on the characteristics of the customer, the merchant code

at where the customer is making a purchase, and dummies for the partical time (since some of these

promotions where offered at specific points in time). The vast majority of interest-free installment loans

have a term of 6 months or less. If a customer wishes to have a longer term than the one being offered,

the customer generally must pay a positive interest rate forlonger term installments, according to the

schedule described below. In our analysis below, we will assume that when a customer is offered a interest-

free installment purchase option, the maximum term is exogenously specified according to a probability

distribution that we will estimate from our data.

In order make customer-specific profit and rate of return calculations and analyze time patterns of

credit card spending and installment usage, we had to assemble the data that were contained on customers

in the sales, billing, and collections tables into alongitudinal formatthat would enable us to track the

evolution of both credit card and installment balances on aday by day basis.We emphasize that the credit

card company did not provide us with these latter data, rather we had toconstruct the longitudinal data

from the information we were provided.While at first it may seem to be a relatively trivial exercise in

stock/flow accounting to reconstruct thesebalance historiesfrom the sales, billing and collection data, we

faced a signficantinitial conditions problem.That is, we were not given the outstanding installment and

credit card balances at any initial date. Instead the collections table would tell us thestatement amount

and information on dates of collection and amounts received, but without knowing an initial balance, it

was not always easy to determine if a customer had paid the initial statement or any previous statements in

full, or had unpaid balances that needed to be carried over from previous statement dates. We could obtain

some indirect evidence of the presence of such overdue balances from late fees charged, but without going

into more detail, it proved to be a rather challenging accounting exercise to infer the initial balances of the

customers in our sample accounting for the variable left andright censoring in the data.

In particular, not all sales records in the sales table couldbe matched with billing records in the billing

table and vice versa. In some cases, we observed purchases that were at a date before any date in the

billing table, and we also observed billing records for which we could not find a corresponding record in

the sales table. Fortunately the billing table had redundant information on whether the transaction was on

installment or not, so in most cases we could reconstruct an entire installment transaction even if we only
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observed a truncated series of installment payments in the billing record and no record of the initial sale in

the sales table.

Similarly there were also problems of right censoring in ourdata, since in many cases we observe

sales in April 2007 for which we had no corresponding billingrecords, or no collection records at the

end of a balance history that would enable us to determine whether an outstanding balance would be fully

paid at the next (yet to be observed) statement date that was missing in the collection table. In such cases

after making the best inference on the value of the customer’s initial balance at the start of the interval we

observed the customer, we followed the customer for as long as possible where we could also match every

sale with its corresponding record in the billing table and track payments received on balances due in the

collections table. In some cases this required us to “back up” by one or more months on the full history

of the customer and discard transactions in the last month that we could not provide the corresponding

matches in the billing table and a record of payment in the collections table.

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

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

a customer by customer basis. If we did not do this, customerswould be artificially classified as being in

deficit if a balance due happened not to have been recorded forthem in the collections table due to right

censoring. Thus, we would end a record on a customer on a date where a balance due was received and

for which all previous charges up to that date had been accounted for. Any subsequent charges that were

made by the customer that would be billed and paid for in the future but which we could not yet observe in

the billing or collections tables were discarded in our analyses of customer level profitability and returns.

Figure 1 plots our constructed longitudinal balance histories for one of the customers in our data set.

We chose this example because the customer made only a singleinstallment transaction and this makes

it very easy to understand how the constructed balance histories behave. The top left panel of figure 13

is the overall creditcard balance for this customer. We start observing this customer making a charge of

$118.30 on December 12, 2003. However we did not know what theoutstanding balance was for this

customer at this date since the first statement date for the customers was on January 20, 2004. We were

able to determine in this case that this customer had no outstanding unpaid balances and we were able to

allocate all charges the customer made in the sales table to matching entries in the billing table and thus

track this customer with an accurate determination of the customer’s initial balance at the first installment

date. Thus, the top right panel of figure 1 displays our inferred balance 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, January 20, 2004.

The dashed vertical lines in the figures represent the statement dates. Because this company has links

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

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

credit card companies where customers may mail in a check or pay online and the date paid may often

be plus or minus the statement date by several days. Thus, this feature leads to the inverted sawtooth ap-

pearance of balances in the top right hand panel of figure 1: balances tend to grow monotonically (though

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

credit card, then it drops discontinuously on each statement date representing the payment of the balance

due.

Note that the discontinous drops in the credit card balance at each statement date do not bring balances

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

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

will discuss shortly) and thus typically any purchases a customer makes that are sufficiently close to an
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upcoming statement date will be assigned as due and payable by the company to thefollowing statement

date. Thus, the level of credit card balances just after a statement date reflects the sum of all purchases

made prior to that statement date that the company assigned to be due and payable at the next statement

date. This implies that a person’s credit card balance will almost never be exactly zero, even on a statement

date — at least for customers who are sufficiently active users of their credit card.

Note the “balance check” in the lower right panel of figure 1. The balance check should be identically

zero if we had correctly inferred the customer’s initial balance and perfectly tracked all charges and fees.

However there were some small charges and payments that we could not reconcile or ascribe to any late

charge, annual fee or so forth. These appear as the spikes in the lower right panel of figure 1. In some cases

the balance check will be non zero due to a pre-payment or someslightly mis-timed or out of sync payment

but shortly after the balance check returns to zero showing that we have basically correctly calculated the

full balance history for this customer.

Now consider the top right panel of figure 1, which shows theinstallment balance historyfor the

customer. We keep two separate accounts for the customer, 1)the credit card balance and 2) the installment

balance. In this case, we see that the customer did not chargeanything on installment until May 31, 2005

when the customer made an installment purchase in the amountof $169.90. This is reflected by the

discontinuous upward jump in the installment balance in thetop right panel of figure 1. We can see from

the graph that this balance was paid off in 10 equal installments of $16.99. This installment also happened

to be an interest-free installment and so at each of the 10 succeeding statement dates after the item was

purchased on May 31, 2005 the installment balance decreasedby $16,99 until the balance was entirely paid

off at the statement date of March 20, 2006. Note that on each such statement date, the amount currently

due on the customer’s installment balancetransfersand is added to the customer’s credit card balance.

The final, lower left panel of figure 1 plots the credit score that the company maintained on this cus-

tomer. Credit scores are integers on a scale from 1 to 10 with 1being the best possible credit score and

10 being the worst. This customer generally had excellent credit scores, though for reasons that are not

entirely clear from figure 1, the customer had periods of time(particularly May to September 2004 and

May to July 2005) where the credit score deteriorated for some reason. We see that the customer’s worst

credit scores appear to have coincided with the customer’s installment purchase in May 2005.

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

customer generally maintained larger credit card balancesand also larger installment balances than cus-
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Figure 2 Balance and credit history of customer 809

Jun05 Aug05 Oct05 Jan06 Mar06 Jun06 Aug06 Oct06 Jan07 Mar07

500

1000

1500

2000

2500

Balance history for customer 18928344 (n=809)
regular/BC card status unknown, card types 1

Date (dashed vertical lines are statement dates)

B
al

an
ce

Jun05 Aug05 Oct05 Jan06 Mar06 Jun06 Aug06 Oct06 Jan07 Mar07
0

100

200

300

400

500

600

700

800

900

Installment Balance history for customer 18928344

Date (dashed vertical lines are statement dates)

B
al

an
ce

Jun05 Aug05 Oct05 Jan06 Mar06 Jun06 Aug06 Oct06 Jan07 Mar07
−1

0

1

2

3

4

5
Credit history for customer 18928344 (Lower score is better, −1 is missing)

C
re

di
t S

co
re

Date (dashed vertical lines are statement dates)
Jun05 Aug05 Oct05 Jan06 Mar06 Jun06 Aug06 Oct06 Jan07 Mar07

−200

0

200

400

600

Balance check for customer 18928344
(Red boxes indicate late fees assessed)

A
dj

us
te

d 
B

al
an

ce

Date (dashed vertical lines are statement dates)

tomer 125, and we see that this customer also tends to have uniformly worse credit scores than customer

125 had. The red boxes in the lower right panel of figure 2 also indicate another behavior that is a big “no-

no” for the credit card company: the customer was late in making payments and assessed late payments on

three occasions. Because balances due are automatically debited from the customer’s bank account, this

means that on these three occasions the customer’s bank account becameoverdrawnand the credit card

company was unable to collect the full statement amount due.While the customer may have also been

charged penalties for overdrawn account by his/her bank, the late payment penalties charged by this credit

card on these three occasions was trivially small by American standards: $0.18 in each case. The main

penalty seems to be a degradation of the credit score, thoughthe late fee of $0.45 that the customer was

assessed on September 4, 2006 did not seem to have any effect on the credit score around that time.

Now that we have shown how we were able to construct the spending and payment patterns and thus

the balances histories of our sample of customers dynamically, we are now in a position to calculate returns

and profitability on acustomer by customer basis.In terms of profits, we can think of the primary cost of a

customer is the company’scost of credit,i.e. the credit card company’s borrowing cost or opportunity cost

18



Figure 3 Credit Card Balances, Average Balances and Observations in the Full Sample
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of capital. In the case of customers who default, the companyalso loses the unpaid balance of their load to

the customer. The revenues include annual fees, late fees, interest and service charges, and merchant fees.

We note that our measure is one ofgross profits,i.e. we do not know the cost of things such as 1) rewards

programs, 2) advertising costs, and 3) other fixed operatingcosts such as billing and collection costs and

wages and salaries and payments to other credit card companies for out of network transactions.

Before we present these results, we start with figure 3 which gives an overview of credit card usage,

total balances, and number of customer observatioins for our full sample. We see a slow downward trend

in credit card balances over our sample period, declining from about $800 at the beginning of our sample

in 2004 and declining to $600 at the end of our sample period inearly 2007. Figure 4 shows the evolution

of installment balances, which show an opposite, increasing trend over the sample period, with balances

increasing from about $400 per person at the start of our sample period to over $700 by early 2007. The

company data allow us to track installment and overall credit card balances separately. Note that overall

credit card balances arenot simply equal to installment balances plus balances for other non-installment

balances for reasons we will explain shortly.

Installment credit predates the use ofrevolving creditwhich was introduced by this company in 2005

to a subset of its most profitable and creditworthy customers. Revolving credit differs from installment

credit in that installment credit decisions are made on atransaction by transaction basis.Specifically,

every time a customer holding this credit card uses their credit card to make a purchase, the cashier asks
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Figure 4 Installment Balances, Average Balances and Observations in the Full Sample
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the customer whether the customer would like to pay by installment or to pay in full. The latter means

that the amount purchased will be due and payable in full at the nextstatement dateassociated with the

transaction. For each such transaction, the company assigns a specific statement date. If the transaction

is done sufficiently in advance of the customer’s next statement due date, the amount purchased will be

assigned to that statement, otherwise if the purchase occurs too close to the next statement date, then the

purchase will be assigned to the following statement date. It turns out that the majority of purchases, 63%,

are due at a statement date that is more than 30 days from the date of purchase. From our data, the average

delay between the date of purchase and the statement date at which the amount purchased is due is 50

days.

Credit card users who decide to purchase on installment alsoneed to decide the term of the installment,

which range from 2 to 12 months, although very infrequently installments over longer terms are possible.

In our billing data, we have 11175 observations on installment purchases, but only 13 of these were for

terms that were longer than 12 months. In each of these 13 cases, the number of installments was 24.

We have decided to ignore these 13 cases as highly atypical ofthe installment purchases we observe,

and because it simplifies econometric analysis in section 4 to consider installment durations as limited to

between 2 and 12 months.

Each installment purchase specifies essentially equal repayments of the principal amount borrowed

over the term of the loan, plus interest payable on the amountof the outstanding installment balance.
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Thus, interest payments are largest at the first installmentdate and decline thereafter as the remaining

installment balance declines. Our data provides sufficientlevel of detail including a unique transaction

identifier calledNSS(number of the sales slip) that we can track individual salesand installments in our

data. There are separate billing records corresponding to each payment date of an installment purchase as

identified by its NSS number. This enables us to compute the interest rate on the installment as theinternal

rate of return,i.e. the interest rate that sets the present value of future installment payments and interest

payments equal to the amount initially purchased on the initial sales date.

As we noted above, installments are typically decided upon at the time of purchase, where the customer

notifies the cashier of their intention to have the purchase be done on installment over a term decided on

by the customer. The interest rate for the installment is typically not available at transaction time, though

customers are informed of their installment interest rateson their statements and via their accounts on the

company’s web site. In situations where the customer is offered a free installment opportunity, the cashier

will typically inform the customer at the time of purchase. The free installment term is almost always

determined as part of the free installment offer, and thus isnot a variable that the customer can choose

(unlike the case of positive interest rate installments). The most common terms of free installments is 3

installments, though other common terms are 2, 5, 6 and 10 months.

Free installments are also made available to the company’s customers for limited periods of time

announced on the company’s web site, or in flyers or ads that are included in paper bills that are mailed to

its customers. Our presumption is that such offers areuniversalexcept for customers who are not in good

standing, i.e. customers whose accounts have been classified as “in collection” for having unpaid balances

for more than 6 months. In such circumstances, the customer must remember to tell the cashier to put the

purchase on installment at checkout time, and specify that they are taking advantage of a free installment

opportunity so they will not be listed as choosing to pay a positive installment rate for a term longer than

the one offered under the announced free installment promotion.

Figure 5 plots the distributions of installment terms for 4700 installment transactions made by cus-

tomers that chose installment with positive interest rates, and also the distribution of installment terms

offered to 4287 customers who chose to exercise free installment options. The distributions are roughly

similar except that the mean installment term chosen by customers under positive interest installments,

3.66 payments/months, is longer than the 3.42 payments/months offered to customers who chose free in-

stallment options. We see that when customers choose installments with a positive interest rate, they are
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Figure 5 Durations of Free and Non-Free Installment Loans
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generally more likely to choose longer payment terms, though the difference in the two distributions is not

particularly striking.

Note that due to censoring we are not always able to observe the full duration of installment transac-

tions. For example we observe some installment NSS codes in our billing data for which the date of the

initial installment purchase is not in our sales table. Thisis why, although we can identify 11175 install-

ment transactions in our billing data, when we eliminate censored observations we obtain a smaller set of

8987uncensoredobservations of installments where we can match the transaction NSS in the billing table

to the NSS of the original sale in the sales table. The reason we want to make such matches is because the

information on the merchant fee charged is only available inthe sales table, not in the billing table. As we

will show below, the merchant fee contributes a huge amount to the overall rate of return that the credit

card company earns on installments. However the rates or return on installments quoted above arenetof

the merchant fee. That is, these are the effective rates of interest that the customer paid for the installment

loan. The company earns a much larger rate of return when we also factor in the merchant fee it earns at

the time of the installment transaction.

In addition to installments, the company allows its customers to borrow oncash advances.We observe

11,818 such transactions in our data. These are typically ofshorter duration than installments: the average

duration of a cash advance is 45 days. The interest rates for such loans is also typically higher than for

installments: it averages 24% compared to an average of 15% for installment transactions that are done
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at a positive interest rate (i.e. excluding the free installment transactions). The average amount of cash

advances, $734, is more than twice as high as the average installment purchase done at a positive interest

rate, $352. However this ranking is reversed in the upper tails of the distributions of purchases and cash

advances: the largest cash advance in our data was $8300 whereas the largest installment purchase done at

a positive interest rate was $15,740.

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

because cash advance terms are shorter and because zero interest cash advance opportunities were not

offered to the the company’s customers (at least in our data for our sample of customers) we have chosen

to limit our analysis to the choice of installment term and leave the analysis of cash advances to future

work.

For all of sales (credit card purchase) observations we have(both for sales done as installment and not

under installment) comprehensive purchasing data including customer IDs, types of credit cards (regular

card, gold card, platinum card, debit card, check card, and etc), NSS (number of the sales slip, the unique

identifier for each transaction discussed above), the type of sales (including whether the sale is a return or

reversal or cancellation), the date of sale (both the date ofthe actual sale and the date it was “posted” to

the credit card), the merchant fee earned by the credit card company, and a code for the merchant type,

which will be −1 for merchants that are not “in network” (i.e. for which the credit card company does

not have a formal merchant agreement but does the transaction via a competing credit card’s network and

merchant agreement as discussed above). The sales data alsoinclude the chosen term of the installment

if the purchase was an installment sales transaction, and the up-front cash advance fees in case of cash

advance transactions. Overall, we have a total of 182,742 observations for 884 customers. The average

number of transactions per customer is therefore approximately 206. Figures 6, 7 and 8 below present the

distribution of the transaction amounts or ordinary (non-installment) sales, installment purchases done at

a zero interest rate, and installment purchases done at a positive interest rate.

We see that, as expected, the average installment purchasesare sigificantly larger than the average

non-installment purchase: on average interest-free installments are four times larger and positive interest

installments are seven times larger than ordinary credit card purchases. However already we can see the

free installment puzzlein figures 7 and 8: the average size of a positive interest rateinstallment is more

than 75% larger than the average installment done under a zero interest rate. Economic intuition would

suggest that installments done at a lower interest rate, andparticularly at azero interest rate should be
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Figure 6 Distribution of non-installment credit card purch ases
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Figure 7 Distribution of positive interest installment purchases
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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-installment purchases, as well as zero and positive-

interest installments. We see a striking pattern: the distribution of positive-interest installmentsstochasti-

cally dominatesthe distribution of zero-interest installments, and this in turn stochastically dominates the

distribution of non-installment purchases. Again the latter is to be expected: we would expect consumers

to put mainly their larger expenditures on installment and the remaining smaller charges are regular, non-

installment credit card charges. However the surprising result is that installments done at a positive rate

of interest are substantially larger than installments done at a zero interest rate, atevery quantileof the

respective distributions. For example, the median installment at positive interest rates is nearly 60% larger

than the median installment done at a zero interest rate.

In summary, the vast majority of transactions in our sales dataset, 87%, are regular (non-installment)

credit card purchase transactions. These tend to be smallerin size with an average size of $50. The

remaining transactions consist of cash advances (7% of the transactions) and installments (6% of the

transactions). The installments we observe are roughly equally divided between zero interest and positive

interest transactions. Specifically, for the subset of installment transactions that we are able to match to the

billing table (which enables us to determine the interest rates actually paid, which are not contained in the

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

a positive rate of interest.
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Figure 10 Distribution of Rates of Return on Installments, Net of Merchant Fee
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Figures 10 and 11 below show the distribution of internal rates of return that the credit card company

earns on these installment sales, before and after accounting for the merchant fee. Recall that the internal

rate of return is the (continuous time) rate of interest thatsets the net present value of the cash flow stream

associated with an installment purchase to zero. The creditcard company experiences a cash outflow (to

the merchant for the amount of the purchase) on the date the customer makes the purchase which we

normalize as “day 0”. At the same time the firm received a cash inflow equal to the merchant fee received,

which is actually an amount discounted from the amount paid to the merchant (if the merchant is not in-

network, then the discounted payment is made to the credit card company that handles the transaction).

Then at the nextn statement dates the credit card company receives cash inflows equal to the repayment

of “principal” plus interest on the installment loan.

Figure 10 shows the distribution of internal rates of returns when the merchant fee is not accounted

for. This distribution is effectively the distribution of interest rates charged to the company’s customers.

We see the pronounced bi-modal distribution reflecting the fact that roughly 50% of installment purchases

are done at a zero percent interest rate and the other half is done at a positive interest rate. As noted above,

the mean interest rate for positive interest rate installments is 15.25%.

However figure 11 shows that when we add the merchant fee, which provides the distribution of gross

returns that the credit card company earns on its installment loans, we see the disrtribution of returns is

shifted significantly to the right. Even with the “free installments” included, the company is earning an

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

0 10 20 30 40 50 60 70
0

0.005

0.01

0.015

0.02

0.025

0.03

Distribution of Installment IRRs (%), including merchant fee

D
en

si
ty

Internal Rate of Return

Mean    23.4161
Median  23.1533
Minimum 0
Maximum 923.816
Std dev 15.7439
N       8925

average internal return inclusive of the merchant fee is 31.4%. Of course, these calculations do not include

defaults.However fortunately for the credit card company we studied,there were only 23 individuals of

the 938 in our sample who defaulted and whose credit card accounts were sent to collection. We cannot

determine the amount of the unpaid balances that the companywas ultimately able to recover from these 23

individuals, however even if all 23 were declared complete losses, including the losses into the distributions

in figures 10 and 11 would not significantly diminish the estimated rates of returns that the company earns

on its installment loans. Overall, we conclude that at leastfor this company, the installment loan business

is a very good one: it pays very high rates of return with relatively low risk of default.

The high rates of return from installments point to the profitability of the company’s non-installment

credit card purchases as well. Ae we noted above, the averageduration between a purchase and repayment

of a non-installment purchase transaction is about 50 days.The average merchant fee that the company

earns on its purchase is 2%. Therefore the internal rate of return on the typical sales transaction is the

solution to

0=−0.98A+exp{−r(50/365)}A, (1)

or r = −365∗ log(.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 all of its customers on average a 50 day interest-

free loan.! We conclude that the credit card business appears to be a highly profitable one, and perhaps this

should not be a big surprise. However our calculations pointout the importance of extending the network

of merchants and raising the merchant fee that the company can charge them. If the company were able
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to raise its average merchant fee to 4%, then the rate of return it earns on ordinary purchases more than

doubles, to 29.8% (assuming the same average delay between purchase and repayment on non-installment

purchases).

Of course the transaction by transaction analysis ignores the other fees that the company earns, in-

cluding 1) annual fees, 2) late fees and penalty payments, and 3) interest on revolving credit. Figures 12,

13 and 14 below calculate the gross profits and rates of returnthat the company earns on aper customer

basis. The profits are gross profits since we do not know the cost of rewards program benefits provided to

customers and are not deducting advertising/marketing andother fixed “front office costs”. The internal

rates of return are calculated based on treating each full customer record as a stream of cash inflows and

outflows, with outflows corresponding to purchases made by the customer and inflows being payments

received from merchant and from the customer when the customer pays balances due and other fees on the

statement dates.

We see from figure 12 that though the average gross daily profits that the company earns per customer

is about 60 cents per day, there is huge variability, and the company can incur large losses (amounting to

as much as $14 per day) for the customers who default, but balanced by profits as high as $19 per day for

some of the most profitable customers (note that we calculated the daily profits only for a subsample of

customers for which we could observe at least several hundred transactions over an account duration of at

least 3 months, so we do not believe the maximum and minimum gross profit values are likely to be results

of sampling noise from customers who made only a few transactions and were observed only over short

periods of time).

Figures 13 and 14 express the profitability of customers in terms of their rate of return. Here again

we see the large degree of variability in return, reflecting that the credit card business does represent an

“investment” that has both a high risk and return. However the most important conclusion to take away

from these figures is the huge effect merchant fees have on theoverall profitability of this firm. Without

merchant fees, the company is already earning a respectable29% rate of return on its customers, however

when we include merchant fee the mean return increases to 89%! Thus, merchant fees account for more

than a third of total revenues in our sample, and they accountfor an even greater share of total profits and

the overall high rates of return earned by the firm. The reasonfor this, of course, is that the merchant fee is

a cash flow the company receives right away at the time of each transaction, and there is virtually no risk

associated with this stream of revenues. This is why even modest merchant 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 bottom line of this company.

Nevertheless we think calculations of the gross returns andprofits on individual customers is an in-

teresting and meaningful calculation to make. It can help toidentify characteristics of the most profitable

customers, and it also provides further illustration of theimportance of merchant fees in the overall prof-

itability of the company. Although we defer an analysis of merchant fees to a separate paper, we already

showed that customer profitability is highly linked to the magnitude of the merchant fee that the company

earns on the customer’s transactions. We will show in subsequent work that there is a wide variation in

the merchant fees (as a percent of the amount charged) with merchant fees ranging from as low as zero to

has high as 6% of some purchases. Thus, it is not only thevolumeof spending but also thedistribution

of spending(i.e. whether the customer tends to use their care at merchants that pay high fees or not) that

can determine the overall profitability of a customer. Clearly, the customer’s interest in borrowing and

willingness to pay high interest charges also affects theirprofitability as well.

Overall, our preliminary analysis of the credit card data leads to a number of key conclusions. First,

we already see the “free installment puzzle” emerging by comparing the distributions of expenditures for

zero interest installments to the corresponding distribution of positive interest installments. We showed

that the latter distribution stochastically dominates theformer distribution, so that at every quantile in the

distribution, these customers are spending more on installments that come with a large interest rate than

for installments that are offered at an interest rate of zero. Secondly, we showed that the company is highly

profitable and that merchant fees contribute in an importantway to the overall profitability of the firm.

Specifically, when we computed the (undiscounted) revenuesof the firm for the 938 customers we

analyzed, we found that merchant fees amounted to 36% of the total revenues received from these cus-

tomers. We have argued that the company sees merchant fees asa major component of its profits and due

to the structure of payments in this country, the company places great importance on rapid growth, both

in absolute and in terms of its market share, as the key to its future success. For the reasons we discussed

above, there is a strong element of increasing returns to scale and network externalities that lead to the

cards offered by the dominant firms being accepted by more merchants and this in turn enables these firms

to charge higher merchant fees.

We have argued that this provides a strong incentive for the firms to try to attract new customers and

to stimulate the credit card spending of its existing customers by offering free installment opportunities to

its customers. However this only heightens the basic puzzle: if consumers appear to be spendingless per
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transaction on the free installment opportunities they areoffered in comparison to their average transaction

sizes when they pay the full interest rate, what evidence is there that free installments are really stimulating

spending or enabling the company to attract a significant number of new customers?

Our analysis is limited by an importantsample selection bias:our data do not allow us to observe all

transactions a customer makes using the various possible means of payment at their disposal, including

paying in cash, and paying using an alternative credit card.As a result, our data are not informative as to

whether the possibility of free installments induces customers to make agreater number of transactions

even if the average size of a free installment is less than installments done at a positive interest rate. We

do not observe whether customers are aware of the free installment opportunityprior to undertaking any

purchase using their credit card, and thus, whether this option caused them to make an extra purchase, or

switch from paying in cash or using another credit card to making the purchase using the company’s credit

card under the free installment option.

However what we can learn from our data is the likelihood, conditional on being presented with a free

installment opportunity, a customer is willing to take thisopportunity when it is offered to them. We think

that all customers are aware that they can make purchases under installment at a positive interest rate,

since this information (and the interest rate schedule theyare facing) is part of their monthly statements.

Further, customers are usually informed about the option todo an installment on an interest-free basis

at the checkout counter, though there are some interest-free installment options that are offered by any

merchant during a specific interval of time, and the creditcard company usually heavily advertises these

special promotional periods, including in flyers included in customers’ monthly statements. Thus, we

believe it is highly plausible that the customers we are studying are fully aware of the various options that

they have for making a purchase, including to purchase undera free installment option when it is available.

Thus, our data allows us to ask and hopefully answer questions such as, “conditional on deciding to

make the purchase, how does the magnitude of the interest rate affect the likelihood the customer will

pay for the item on installment?” More specifically, we can use our data to try to answer the question,

“conditional on deciding to make a given purchase and being offered a free installment purchase option,

what is the likelihood that a customer will choose the free installment option?” While our data do not allow

us to identify the completedemand curve for creditif we are able to provide answers to the questions raised

above, we can at least gain new insights into theconditional demand for credit,i.e. how interest rates affect

the probability that the consumer will borrow (via decidingto pay the amount on installment) conditional
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on their having made a decision to buy a given item (or spend a given amount on a bundle of goods).

4 Exploratory, Multivariate Analysis of Installment Trans actions

Before we go into a more focused empirical analysis directedat the specific issue of attempting to estimate

the “demand for credit” we find it useful to present some additional scatterplots that reveal some important

facts and features and correlates of installment purchase decisions. In particular, we are interested in

understanding what types of purchases are made via installment credit, and which types of individuals are

the most likely users of installment credit.

Figures 15 and 16 show the distribution of the number of credit cardtransactionsand theshare of all

credit card spendingdone as installment purchases. We see that while installments are less than 9% of all

credit card transactions, they account for more than 25% of all credit card spending.

Of course, this is due to the fact that the average credit cardpurchase is $74 while the average install-

ment purchase is $364, with the full distributions of the average purchase and installment transaction sizes

over the consumers in our sample plotted in figures 17 and 18. Thus, consumers generally pay for much

larger items (or more expensive baskets) on installment, but choose to pay smaller amounts in full at the

next statement date. We are also struck by the much greater skewness of the distribution of installment

purchases relative to that of credit card purchases as a whole.

Our analysis reveals a substantial degree of heterogeneityacross credit card customers in their propen-

sity to make use of installments to pay for their credit card purchases. Overall our analysis suggests that

the best single measure of the propensity to use installments is not the mean fraction of transactions done

via installment, but rather the mean share of credit card purchases paid for by installment. Hereafter we

will refer to the latter measure as theinstallment share.Now we will turn to a series of scatterplots that

relate the installment share to other covariates we observein our credit card data set.

Figures 19, 20 and 21 present scatterplots (with the centraltendency of the data indicated by a local

linear regression fit to the data) of how the installment share relates to various measures of creditworthi-

ness. Figure 19 plots the installment share against customer credit scores, using the company’s internal

(proprietary) credit scoring system where a score of 1 represents the best possible creditworthiness and 12

is the worst. Customers who have credit scores in this range are still allowed to borrow on installment and

face no credit limits. However consumers who are in the process of collection will have their credit card
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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
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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 show up in our data set as having a credit score of

0. We see generally negative correlation between the creditscore and the installment share (remember that

higher credit scores indicate worse credit, so the relationship in figure 19 is actually positively sloped).

We see figure 19 as a potential first indication of possible credit constraints, or at leasthigh demand for

credit among the customers that are heavy installment spenders. Perhaps their poor credit score indicates

that they are also regarded as poor credit risks to other lenders, and as a result of this, they are forced

to make heavier use of the installment credit facility of this credit card company at relatively high rates.

On the other hard, the customers with the best credit scores also generally are the least heavy users of

installment, which could be an indication that they are not liquidity constrained, or have other lower cost

sources of access to credit elsewhere.

Figures 20 and 21 illustrate the incidence of late payments.Figure 20 shows that the average number

of late payments per customer is positively correlated withthe installment share, and figure 21 shows that

the number ofseriously latepayments (i.e. payments that are 90 or more days past due, or at about the

threshold where the company suspends credit card charging privileges) is also positively correlated with

the installment share. These figures confirm the conclusion we obtained in figure 18that customers who

are heavy users of installment spending are also worse credit risks.

Figures 22 and 23 relate the installment share to three separate indicators of the type of installment

spending that customers do. Figure 22 presents a scatterplot of the ratio of the size of a typical installment

purchase to the typical credit card purchase. As we noted previously, credit card customers generally pay

for only relatively large purchases on installment, and payfor the smaller transactions in full at the next

statement date. We see that as a function of the installment share, the low intensity installment users tend

to buy items on installment that are between 4 and 6 times as large at their typical credit card purchase.

However for the heaviest users of installment spending thisratio falls to less than 3, which potentially

indicates a more “desperate” individuals who are more likely to pay for smaller “everyday” items by

installment.

Figure 23 shows a scatterplot of the ratio of the installmentbalance to the average statement balance

as a function of the installment share. Of course, that this ratio is positively correlated with the installment

share is almost definitional, but the figure does show that theheaviest installment users carry installment

balances that are on average 10 times larger than their typical monthly credit card balances (statement

amounts).
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Figure 19 Customer-Specific Credit Scores by Installment Share
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Figure 20 Number of Late Payments by Installment Share

0 20 40 60 80 100
0

5

10

15

20

25

30

Scatterplot of Average Number of Late Payments
versus Percentage of Spending via Installments

A
ve

ra
ge

 N
um

be
r 

of
 L

at
e 

P
ay

m
en

ts

Percentage of Total Spending via Installment Transactions

Figure 21 Number of Seriously Late Payments (over 90 days) byInstallment Share
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Figure 22 Ratio of Installment Size to Typical Purchase Sizeby Installment Share
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Figure 23 Ratio of Installment Balance to Average StatementBalance by Installment Share
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Figure 24 Fraction of Installment Transactions done as FreeInstallments by Installment Share
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Figure 25 Share of Installment Spending Done as Free Installments by Installment Share
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Figures 24 and 25 relate the usage of free installments to theinstallment share. In figure 24 we see that

the fraction of installment transactions done as free installments is positively correlated with the installment

share. The previous figures in this section lead to an impression that the heavy installment spenders are

relatively desperate for credit, and thus, it would seem logical that they are the ones who would be most

likely to take the greatest advantage of free installment opportunities when they encounter them. The

upward sloping relationship in figure 24 is consistent with this interpretation, and shows that the heaviest

installment users are doing as much as 20% of their installment purchase transactions as free installments

(i.e. at 0% interest rate).

Figure 25 shows a similar relationship but instead of plotting the fraction of installment transactions

that are done as free installments it shows the share of installment spending that is done via free install-

ments. Both of these graphs show a similar pattern, namely that the customers with the highest installment

shares are doing about 20% of all of their installment transactions and 20% of all installment spending via

free installment offers. If we assume that these most high intensity installment “addicts” will take almost

any free installment offer that is presented to them (provided the transaction is of a sufficiently large size

to make an installment purchase worthwhile), these graphs suggest that approximately 25% of all relevant

installment purchase opportunities should be at a 0% interest rate (i.e. a free installment). The reason is

that if the high intensity installment addicts are doing approximately 80% of their spending on installment,

and free installments are being offered about 25% of the time, then this would imply the observed 20%

fraction of free installments for these individuals, since20% = 80%× 25%.
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Finally, we conclude this section with figures 26, 27 and 28 that give us some insight into the profitabil-

ity of the “free installment marketing strategy” used by this firm. Recall from section 2 that we suggested

that the company’s use of free installment offers seems motivated by a desire to increase its customers’

use of its credit cards in an attempt to increase its credit card market share, since doing this increases

its leverage in setting merchant fees, which we showed in section 3 are a major component of the high

profitability of this company. However we have also shown in this section that the customers that are most

likely to act on the free installment offers are those with worse credit scores and higher incidence of late

payments. As such, the use of free installments as a promotional device may have the perverse effect of

offering free credit to the company’s least creditworthy customers, and this group may be the most likely

to default. This creates the possibility that free installments might be a relatively ineffective and/or highly

costly means of increasing credit card usage.

Figure 26 plots the average internal rate of return on all installment transactions (including free install-

ments) against the installment share. We see that this curveis upward sloping, which indicates that even

though the “installment addicts” are the ones most likely tobe taking up the free installment opportunities,

the interest rates that they pay on their positive interest installment transactions are rising sufficiently fast

with the installment share that it counteracts the “free installment effect” so that overall average install-

ment interest rates paid by its customers increase monotonically as a function of the installment share. Of

course the reason for this is likely to be related to the fact that the customers with high installment shares

have significantly worse credit scores, and as we will show insection 5, the interest rates that customers

pay is a monotonically increasing function of their credit score (i.e. customers with higher scores, which

indicate worse credit risks, pay higher interest rates).

Figure 27 plots the overall internal rate of return for each customer as a whole, forall transctions,

installment and non-installment and revolving, and including all other fees such as late charges, annual

fees and so forth, and also inclusive of merchant fees. We already presented the distribution of these rates

of returns in figure 14 in the previous section. In figure 27 we have trimmed the sample of customers to

those whose internal rates of return are between -20% and +50%, and since the distribution of returns is

so skewed to the right, this trimming has the effect of substantially reducing mean returns from the 89%

presented in table 14 to approximately 20-30% in figure 27. Here, we see that in part due to the large

variability in customer-specific rates of returns, there isno obvious upward sloping relationship between

the installment share and the customer-specific return. If anything, figure 27 suggests that there is a
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Figure 26 Average Internal Rates of Return on Installments by Installment Share
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Figure 27 Customer-Specific Overall Internal Rates of Return 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 rates of return and the installment share.

However we obtain a different perspective on this in figure 28, which plots the average daily profits

for each consumer against the installment share. This figureindicates a pronounced upward sloping rela-

tionship between the installment share and the profitability of customers. If we believe this is the relevant

figure to focus on, then the company’s free installment marketing policy seems rational and well target-

ted: it appears to be succeeding in having the biggest impacton the most profitable customers, but these

customers also happen to have worse credit scores and present higher credit risks.

However given the relatively small number of observations and the relatively large number of outliers,

we think it is hazardous to come to any definite conclusion oneway or the other about the wisdom of free

installments at this point. As we noted in the previous section, we cannot address with our data a crucial

missing piece of information that would be needed to providea fuller answer to this question: to what

extent does the knowledge of free installments cause customers to increase their spending? Recall that we

are doing our analysisconditionalon the decision to purchase a given item. We would need different data

to determine whether the existence and knowledge of free installment opportunities causes the company’s

customers to go to stores more often, purchase more at a givenstore than they otherwise would, or increase

their likelihood of using the company’s credit instead of paying for the item using a competing credit card

or cash.

5 Inferring the Demand for Installment Credit

The data we have would appear ideal for empirically modelingthe conditional demand for credit— at

least as it pertains to relatively smaller scale short term borrowing decisions. As we noted above, we

define the conditional demand for credit as the demand to finance a given credit card purchase through

borrowing rather than to pay the amount purchased in full at the next purchase date. It is conditional on

having made a decision to make a given purchase of a given sizein the first place. As we noted above,

we do not have the appropriate data that would enable us to model how access to borrowing and how the

interest rate schedule that a customer can borrow at also affects the frequency and amounts of purchases.

We would need additional sources of data, then, to attempt toestimate the fullerunconditional demand for

credit.

To make this a bit more precise, we introduce a bit of notation. Let c denote the decision by the con-
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sumer to pay using the company’s credit card (as opposed to paying by cash, or using some other credit

card). Letr be the interest rate charged to a customer with observed characteristicsx for purchasing via in-

stallment credit. As we show in more detail below, we should interpretr as an entireinterest rate schedule

since the customer can ordinarily choose the term of the installment loan and thus faces a consumer-

specific “term structure” of interest rates. Consider the demand for credit via the company’s credit cardc

over a specific interval of time, say one month. The (unconditional) expected demand for credit by a single

customer with charactericsx, ED(r,x,c) (wherex includes variables such as the customer’s credit score,

spending history, and might also include information on interest rates offered by competing credit cards or

interest rates for other sources of credit) can be written asfollows

ED(r,x,c) =

[∫ ∞

0
a[1−P(1|a, r,x,c)] f (a|x, r,c)da

]

π(c|r,x)EN(x, r). (2)

whereP(1|a, r,x,c) is the probability that a customer will choose to pay for a purchase amounta in full at

the next statement date given the interest scheduler, the consumer charateristicsx and the decision to use

the company’s credit cardc to carry out the transaction. We letπ(c|r,x) denote the customer’s decision to

use the credit card companyc’s credit card to pay for the transaction, andf (a|x, r,c) denotes the density

of the amount purchased using the company’s credit card during any given shopping trip. FinallyEN(x, r)

denotes the expected number of shopping trips that the customer makes during the specified interval of

time. The overall expected demand for credit from the customers of credit card companyc is then just the

sum over the customer-specific expected demand curvesED(r,x,c).

The data we have are not sufficient to estimate the objectsπ(c|r,x) or EN(x, r). Separate survey data

would have to be collected that would enable us to study the purchase habits of a sample of the company’s

customers, and how something like free installment offers during a given period of time might affect the

number of shopping trips they make (thus enabling us to estimateEN(x, r)), or the likeilihood that they

will use the company’s credit cardc to pay for the purchase (thus enabling us to estimateπ(c|a, r,x)).

However since we do observe all of the purchase amounts that agiven consumer makes during any

given shopping trip where the customer uses the company’s credit card, we can potentially estimate

f (a|x, r,c). Further, since we also observe customers’ choices of whether to purchase on installment or

whether to pay the amounta in full at the next statement date conditional on having decided to use the

company’s credit card, we can potentially estimate theinstallment choice probability P(d|a, r,x,c), where

the optiond = 1 indicates a choice to pay the purchase amounta in full at the next statement date. If so,

then by segregating customers’ purchases into those that are paid in full at the next statement date and

42



those that are paid on installment, we can estimate two conditional densities,f0(a|x, r,c) (i.e. the distribu-

tion of purchase amounts that are paid in full at the next statement date) andf1(a|x, r,c) (the distribution of

purchase amounts that are paid for by installment). We have already presented the unconditional analogs

of f0 and f1 in figures 17 and 18 of section 4, where we showed in particularthat the average size of an

installment purchase was nearly 5 times larger than the average size of a non-installment transaction. Since

f0 and f1 are conditional distributions, we can write them accordingto the usual formulas of probability

theory

f0(a|x, r,c) =
P(1|a, r,x,c) f (a|x, r,c)∫ ∞

0 P(1|a, r,x,c) f (a|x, r,c)da

f1(a|x, r,c) =
[1−P(1|a, r,x,c)] f (a|x, r,c)∫ ∞

0 [1−P(1|a, r,x,c)] f (a|x, r,c)da
. (3)

Thus, we can at least use our data to estimate theconditional expected demand for credit ED1(r,x,c) which

we define as

ED1(r,x,c) =
∫ ∞

0
a f1(a|x, r,c)da. (4)

Just as we expect the unconditional demand curve to be a downward sloping function ofr, we also expect

the conditional demand for credit to be downward sloping inr because we expect that customers to borrow

larger amounts on installment when the interest rate is lower. Even if the distribution of purchase sizes was

unaffected byr (i.e. if f (a|x, r,c) was not a function ofr), a downward sloping demand would still follow

if the probability that a customer chooses to pay the purchase amounta in full at the next statement date

is an increasing function ofr (in which case the customer’s credit demand is nothing beyond that inherent

in the typical “float” i.e. the lag between buying an item witha credit card and paying for it at the next

statement date).

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

ment credit, we have the regresion equation

ãi = ED1(r,x,c)+ ε̃i (5)

whereãi is the amount borrowed in theith installment transaction made by the customer, andε̃i is a residual

satisfyingE{ε̃i|r,x,c} = 0. We refer to the regression equation (5) as the conditionaldemand curve for

credit, and it seems like a natural place to start is to estimate this regression by ordinary least squares.

However rather than attempt to specify parametric functional forms for the underlying components of the

regression functionED1(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 underlyingparameters, it is also natural to start by estimating

a flexible linear-in-parameters approximation to the regression functionED1(r,x,c).

However, perhaps not surprisingly, we find that when we do these ordinary least squares regressions

for every specification we tried where the dependent variable is the amount of an installment purchase and

for different combinations of right hand side(x, r) variables, we always found that the regression predicted

a strong, and statistically significantpositive relationshipbetween the expected amount of installment

borrowing and the interest rater. to have apositive and statistically significant coefficient.That is, the

regressions are suggesting that theconditional (expected) demand for credit is upward sloping!

Of course, the ordinary least squares regression results are likely to be spurious due to theendogeneity

of the interest rate.That is, we can imagine that there areunobserved characteristicsof consumers that

affect both their willingness/desire to make purchases on credit and the interest rate they are charged. In

particular, we would imagine that customers who areliquidity constrainedand who might exhibitbad

characteristicsthat can lead them to simultaneously wish to borrow more but at the same time constitute a

higher credit riskwill have worse credit score and therefore face a higher rateof interest, but will still have

a higher propensity to borrow due to their liquidity constraints and a dearth of alternative, better borrowing

options. Indeed, we show in section 3 that there is a strong correlation between the fraction of spending

on installment credit and the credit score: indiividuals with worse credit scores tend to do a higher fraction

of their credit card purchases on installment. Given the monotonic relationship between credit scores and

installment interest rates, it is not hard to see why the regression estimate of the installment interest rate is

positive and statistically significant.

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

econometric techniques, includinginstrumental variables.In particular, we have access to daily interest

rates that measure the “cost of credit” to the bank for the loans it makes to its customers, including 1)the

certificate of deposit CD rateand 2)the call rate. The latter is an interbank lending rate for “one day

loans.” Both the CD rate and the call rate change on a daily basis. We use these rates as instrumental

variables on the theory that in a competitive banking market, no single bank can affect the CD or call rates,

and thus changes in these rates can be regarded as exogenous changes in the cost of credit that the credit

card companies ultimately “pass on” to their credit card customers. However the instrumental variables

(two stage least squares) estimate of the coefficient of the interest rates the company charges its customers

becomesstatistically insignificantas you can see in table 1 below. The coefficient estimates of the interest
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rater are highly sensitive to whether we include all installment transactions (including those withr = 0

or just those withr > 0. We obtain a highly negative but statistically insignificant point estimate in the

former case, and positive and statistically insignficant estimate in the latter.

We define the average treatment effect (ATE) as our “parameter of interest” even though our actual

interest is to estimate the conditional demand curve for credit. Given the poor results from instrumental

variables estimation, we are now willing to settle for a muchless ambitious goal: can we even show that

people will borrow more when offered 0% interest compared towhen they must pay high positive rates

of interest? The ATE is simply an estimate of the difference between mean borrowing for the treatment

group who were offered zero interest

We do not really believe the inferences from our instrumental variables regressions, or the suggestion

that we have a unique finding that the demand for credit is somesort ofGiffen good.After all, if the firm

believed that charging higher interest rates causes its customers to spendmore,why would it offer free

installment opportunities? Instead we believe that the reduced-form results are spurious, and in particular

both the CD and call rate areweak instruments.Indeed, not only are they weakly correlated wtih consumer

interest rates, we find that the CD and call rates arenegatively correlatedwith the interest rates the firm

charges to its customers. We view this as evidence that the credit card market is not “competitive” and the

are substantial “markups” in the interest rates charged to customers over the cost of credit to the banks,

and this markup is driven more by customer specific risk factors and by competitive trends within the

credit card market itself than by the the much smaller day to day fluctuations in the CD and call rate. The

latter have hovered in a fairly narrow band between 3 or 4 percent over the period of our analysis whereas

installment interest rates vary much more widely across customers and over time as their credit scores

change, ranging from as low as 5% to 25% or higher.

The next approach we considered in order to try to infer the “causal effect” of interest rates on the

demand for credit wasmatching estimators.The idea behind these estimators is to compare the average

amount purchased by individuals who were offered free installments (the “treatment group”) with a cor-

responding and “similar” set of individuals who took out installment loans when purchasing from similar

merchants at similar periods of time but at a positive interest rate (the “control group”). Since there are

many individuals in our sample for which we observe a large number of installment transactions (these are

the heavy installment “addicts” that we discussed in the previous section who have installment shares in

excess of 50%), we can even use a number of individuals as “self-controls” — that is we can compare the
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Table 1: Instrumental Variables-Fixed Effects Regressions of Conditional Demand for Credit
Dependent variable:log(a) wherea=amount borrowed. Amounts in parentheses are

P-values for tests of the hypothesis that the coefficient/statistic is zero.

Item Specification 1 Specification 2 Specification 3 Specification 4
Instruments CD rate CD rate CD rate CD rate

credit score credit score
Fixed effects yes yes yes yes

Free 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)

σu 0.651 1.276 0.652 1.708
σε 0.656 1.788 0.657 2.420
ρ 0.495 0.337 0.496 0.331

Sample size 8183 4109 8078 4049
F-test(ui = 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)
Hausman test H(8) = 6.54 H(8) = 1.96 H(6) = 4.45 H(6) = 0.23

(0.59) (0.96) (0.61) (0.99)
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Table 2: Effect of Free Installments: Results from MatchingEstimators

Matching Criteria Estimated ATE Standard Error P-value forHo : 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 size of installments done at positive interest rates for the

same individual, where we do additional matching by selecting a set of free installments and positive in-

terest rate installments that were done at approximately the same intervals of time and from approximately

the same set of merchants.

Specifically, we focuses on attempting to estimate the “average treatment effect ” (ATE) where the

“treatment” in question is offering a customer a free installment borrowing opportunity, which we denote

as r = 0. The ATE is defined as the difference in the expected borrowing between the treatment group

r = 0 and control groupr > 0

ATE = E{a|r = 0}−E{a|r > 0}, (6)

wherea is the amount borrowed andr is the interest rate. The idea behind the matching estimatoris

that if we are able to match a sufficiently large number of customers in the treatment and control groups

on a sufficiently narrow set of criteriaX such that we can plausibly assume that the “assignment” of the

“treatment” r = 0 is essentially random for the matched individuals/transactions, then we can infer what

the installment spending for a treated person would be by taking the mean installment spending for the

matched individuals in in the control group (and vice versa)and essentially estimate the ATE as if it were a

result of a classical controlled randomized experiment forsubsets of matched individuals and transactions

and averaging these match-specific treatment effects across all matched groups in the sample. The validity

of this approaches depends on a conditional independence assumption known by the (unfortunate) name,

“the unconfoundedness assumption” (or also, the “strong ignorability assumption”). The table below

presents our estimates of the ATE, which we would expect to bepositive if the demand for credit were

downward sloping.

We can see from table 2 that regardless of how we do the matching of individuals/transactions the
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estimated treatment effects are all estimated to be of thewrong sign and highly statistically significant.

The estimated treatment effects become increasingly negative as we use increasingly relaxed criteria for

matching individuals, but overall given the magnitude of the estimated standard errors for the estimated

ATE’s, there is no strong evidence that the various estimates are statistically significantly different from

each other. However we can strongly reject the hypothesis that the ATE is zero. Thus, we are left with the

paradox that the matching estimator predicts that free installment opportunities cause customers toreduce

the amount of their borrowingand therefore, the matching estimators imply anupward sloping demand

for credit.

6 Exploiting the Quasi-Random Nature of Free Installment Offers

In view of the failure of the various reduced form methods that we tried in the previous section (regression,

instrumental variables estimators, and matching estimators) to produce plausible estimates of the slope of

the conditional demand for credit (with regression estimates resulting in significantly positive estimates of

the coefficient ofr, IV estimates being insignificantly different from 0, and matching estimators implying

that free installments have a statistically significantnegativeaverage treatment effect), we had to start to

think “outside the box” about other ways to provide more credible and econometrically valid estimates of

the conditional demand for credit.

Our next approach was to see if there is some other way to exploit the company’s use of free installment

offers as aquasi random experiment.We already tried to do this in the previous section, where we applied

one of the standard approaches in the “treatment effects” literature, namely the use of matching methods.

Unfortunately the matching estimators were all strongly statistically and economically significant but of the

wrong sign. Although the quasi-random nature of the way the credit card company offers free installment

offers to its customers does provide a strong degree ofprima facieplausibility for the validity of the

key conditional independence assumption that justifies theuse of matching estimators, the fact that there

is a great deal ofself-selectionin which individuals choose to take free installment offerssuggests that

there could be an important problem ofselection on unobservablesthat could invalidate the conditional

independence assumption and cause the matching estimatorsto result in spurious estimates. So we began

to explore whether there is an alternative way to exploit thequasi random nature of free installment offers

that could be robust to the possibility of selection on unobservables.
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Consider first an idealizedrandomized controlled experiment(RCE). Though the company we are

studying has not done this to our knowledge, one could imagine that the company could be convinced

to undertake such a study to get better estimates its customers’ demand for installment credit (the ADL

2011 study (Alan et al. [2011]) discussed in in the introduction is an example where an enlightened credit

card company did choose to undertake a large scale RCE to better understand its customers’ demand for

credit). In a classical RCE the company would randomly assign a subset if its customers to a control group

and a treatment group. Individuals in the control group would continue to receive the same interest rates

for installments that they receive under thestatus quohowever individuals in the treatment group would

be offered randomly assigned alternative installment interest rates. The alternative interest rates could be

either higher or lower, or even zero, and by comparing the demand for installment loans for the treatment

and control groups, we could essentially use the random assignment as a valid “instrument” to help solve

the problem of endogeneity in the interest rate, and make valid inferences about the conditional demand

for credit.2

In this paper we exploit the quasi-random nature of the free installment promotions as aquasi random

experiment(QRE) to help us estimate customer responses to the free installment opportunity. However in

order to fully exploit the opportunity provided by the free installment offers, we do have to make some

additional assumptions. In particular, the self-selectednature of customers’ decisions to take advantage of

free installment offers is compounded by another potentially serious measurement issue, namelycensor-

ing. That is,our data only allows us to observe free installment offers when customers actually choose

them, however for all other non-free installment transactions, we cannot observe whether the customer

was not offered a free installment opportunity, or if the customer was offered a free installment opportu-

nity but the customer chose not to take it.Since we are willing to make some reasonable assumptions and

put some additional structure on the credit choice problem,the next section presents our “solution” for

inferring the choice of installment term and the conditional demand for credit.

2Note that Ausubel and Shui [2005] analyzed data from a randomized experiment, but it was not a RCE since there were no
“controls” corresponding to the subjects who were offered the “treatments” (i.e. the six introductory offers). However to a certain
extent the individuals who were offered different introductory offers could be regarded as controls. For example the individuals
who were offered a 7.9% 12 month introductory offer could serve as controls for the individuals who were offered the 4.9% 6
month introductory offer, but doing this only allows us to test how customers respond to one of these offers relative to the other
one. They cannot tell us how the customers who accepted either of these introductory offers behaved relative to customers who
were not offered either introductory offer: the company would have have to have included an explicit control group to do this —-
i.e. a 7th group of customers who decided to sign up for the credit card without being offered any special introductory offer.
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7 A structural model of the conditional demand for credit

In view of these problems with the reduced-form approaches,we adopted an alternativestructural ap-

proach to analyzing the effect of the interest rate on a customer’s choice of installment term. This ap-

proach does require us to make some assumptions and develop asimple but we think relatively flexible

modelof how consumers make installment choices. We assume that a customer, with characteristicsx,

evaluates each transaction in terms of thenet utilityof postponing the payment of the purchase over a term

of d months. The customer faces an interest rater(x,d) for borrowing over a term ofd months, except

that r(x,1) = 0, i.e. all customers get an “interest free loan” if they choose to pay the purchase amount

a in full on the next statement date. We normalize the net utility of this “pay in full” option, d = 1, to 0.

However for the installment purchase optionsd = 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 amounta over d months rather than paying the amount in full a the next

statement date (which has an option value normalized to 0 as indicated above,ov(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 amounta over durationd at the interest rater. 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 cost/benefit calculation that the customer makes each

time he/she makes a transaction with their credit card.

We add onto each of the net utilitiesv(a,x, r,d), d = 1,2, . . . ,12 an additional Type III extreme value

error componentε(d) that represent the effect of “other idiosyncratic factors”that affect an individual’s

choice of installment term that are independent across successive purchase occasions, so that the overall

net utility of choosing to purchase an amounta on an installment of durationd months isv(a,x, r,d) +

σε(d), whereσ > 0 is a scale parameter that determines the relative impact ofthe “idiosyncratic factors”

ε(d) relative to the “systematic factors” affecting decisions as is captured byv(a,x, r,d) = ov(a,x,d)−

c(a, r,d). Examples of factors affecting a person’s choice that mightbe in theε(d) term is whether there is

a long line at checkout (so the customer feels uncomfortableweighing the optionsd = 2, . . . ,12 relative to

doing the “default” and choosingd = 1), or if a customer has time-varying but uncorrelated psychological

uncertainty about what other bills or payments may be due at various upcoming monthsd = 2, . . . ,12.

As is well known, when we “integrate out” these unobserved components of the net utilities we obtain
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amulitinomial logit modelthat represents a consumer’s choice of the installment term. For consumers who

are not offered any free installment purchase opportunity,their choice set is the full set of 12 alternatives

d ∈ {1,2, . . . ,12}. However for a consumer that is offered a free installment opportunity, which is an

offer to pay the purchase amounta over a term ofδ months, we make adominance assumptionthat the

customer will strictly prefer a free installment opporunity of durationδ over any positive interest rate

installment ofshorter duration,d = 2,3, . . . ,δ− 1. This implies that when a customer is offered a free

installment opportunity over a duration ofδ months, the customer’s choice set is{1,δ,δ + 1, . . . ,12},

and the corresponding choice is a multinomial logit model over this reduced choice set. Notice also that

r(x,δ) = 0 for a free installment purchase opportunity, but a consumer might rationally choose alonger

installment horizon at a positive interest rateif the 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 installment option regardless of whether or not they

choose the free installment optionour life would be much simpler. Then we could write afull informa-

tion likelihood functionthat is the product of the probablity of whether or not the customer is offered a

free installment option or not on any specific purchase occasion times the probability of their choice of

installment term (where the choice probability is conditional on whether they are offered a free installment

option or not). This would result in a relatively easy estimation exercise, where we could use a flexibly pa-

rameterization for the option value function and estimate the model no differently than most static discrete

choice models are estimated.

However we face a more difficult task since our observations of free installment options arecensored

in a way that is very similar tochoice based sampling:that is, we only observe whether a consumer is

offered a free installment option for those purchases wherethe consumer actually chose the free install-

ment option. In such a situation, how is it possible to infer the probability that customers are offered free

installment options? More importantly, how can we estimatethe probability that customers do not choose

the free installment option when it is offered to them? We show that we can solve the problem by forming

a likelihood function that accounts for the censoring. The likelihood function takes the form of amixture

modelwhere the probability of being offered a free installment option is a key part of themixing probabili-

ties(there are additional component corresponding to a probability distribution over the durationδ offered

to customers who are offered free installment options).

Though there are well know econometric diffficulties involved in identifying mixture models, and the
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degree of censoring in our application is very high (we only observe free installments being chosen in

2.7% of the 167,946 customer-purchase observations used inour econometric analysis), we show that

under reasonable butparametricassumptions about the forms of the probability function governing free

installment options and for flexibly parameterized functional forms for customers’ option value functions

ov(a,x,d), we are able to separately identify the probability of beingoffered a free installment,π(z) which

depends on a set of variablesz including time dummies and merchant class code dummies and consumers’

conditional choice probabilities for installmentsP(d|a, r,d,x).

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

we find a relatively limited degree of consumer responsiveness to free installment options: the probability

of turning down these options is relatively high even thoughwe estimate that for our sample customers are

offered free installments approximately 27% of the time, Thus, these customers are taking free installments

in only about 10% of the times that they are offered them. We refer to this low take-up rate of what would

appear to be a “costless” option for an interest-free loan asthe free installment puzzle.

Our data are not sufficiently detailed to enable us to delve a great deal further and uncover a more

detailed explanation for the reasonswhy customers appear so unwilling to take up free installments and

their demand for credit is so inelastic. Our model attributes the reasons for this low takeup rate to a

combination of a relatively low option value of credit relative to the cost of credit and to relatively high

fixed transactions costs associated in undertaking each installment purchase transaction. However these

“transactions costs” could also be interpreted as capturing stigmaassociated with installment transactions,

and the low option value may be associated with a fear that installment credit balances could undermine

one’s credit rating, or that there are some unspecified hidden future fees associated with installments

beyond the interest rate (e.g. an unfounded belief that there are pre-payment penalties, or a concern that an

installment balance could lead to a higher risk of missed future payments and thus late fees). Unfortunately,

we are unable to delve further to determine which of these various more subtle psychological explanations

is the dominant explanation of the free installment puzzle.

Customers who were not offered interest-free installment purchase options, or who desire a greater

number of installment payments than they are offered under an interest-free installment opportunity can

borrow (with no explicit borrowing limits) to pay for a credit card purchase for durations ranging from 2

to 12 months (future statement dates) according to anonlinear, customer-specific interest rate schedule.

These schedules are determined according to a rather complex function of a) the consumer’s credit score
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Figure 29 Interest Premium for Installment Purchases as a function of the Installment Term

2 4 6 8 10 12
0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08
Interest premium for installments

In
te

re
st

 p
re

m
iu

m

Number of Installments in Installment Contract

and payment history (including the number of recent late payments), b) the number of installment pay-

ments, and c) the current economic environment, including the level of overall interest rates and dummy

variables capturing current economic conditions. The mostimportant factors are a) and b). It is a good

approximation that the consumer characteristics a) determine the “base interest rate” for an installment

loan withd = 2 payments, and there is a step-wise increasing schedule (common to all consumers) that

determines successive increases in the interest rate offered for longer installment termsd > 2. Figure 29

graphs the interest “premiums” customers must pay for successively longer installment termsd.

Below we will let r(d,x) denote theinstallment interest rate scheduleoffered to a consumer with

characteristicsx who desires to finance an installment purchase withd installments. By our discussion

above, this schedule has the form

r(d,x) = ρ0(x)+ρ1(d), (8)

where the characteristics of the particular consumerx only enter via the “intercept” termρ0(x), andρ1(d)

represents theinterest premiumsfor installments longer thand = 2 months. Thusρ2(d) = 0 for d ≤ 2 and

ρ2(d) > 0 is given by the function graphed in figure 29 ford ≥ 2. Note that our regression analysis of

actual interest rates charged to customers confirms that theρ2 function is, to a first approximation, common

for all consumersx.

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

amounta. We take as a given that the consumer is going to make the purchase and has decided to use
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their credit card to make this purchase, but we do model here the customer’s choice of whether to pay

the balancea in full at the next statement (d = 1), or request an installment purchase option withd > 2

installments at an interest rate ofr = r(d,x). Let v(d,x,a, r) represent the net gain in utility the consumer

obtains from choosing installment optiond (where again, we have normalized the net gain for paying in

full, d= 1 tov(1,x,a, r) = 0. Since we do not expect to be able to perfectly predict everyconsumer’s choice

of installment periodd, we introduce to commonly used device of extreme value distributed unobservable

(to the econometrician) component of utilityε(c) that also affects the choice of installment period. Thus,

the consumer chooses installment periodd ∈ D = {1,2, . . . ,12} if and only if

v(d,x,a, r(c,x))+ ε(d) ≥ max
d′∈D

[

v(d′,x,a, r(d′,a))+ ε(d′)
]

. (9)

The extreme value assumption implies that the conditional probability of observing the consumer choose

installment periodd is (after integrating out the unobserved components of utility {ε(d′)|d′ ∈ D} is given

by the standard multinomial logit model

P(d|a,a, r+) =
exp{v(d,x,a, r (d,X))}

∑d′∈D exp{v(d′,x,a, r(d′,x))}
, (10)

wherer+ denotes a choice situation where the consumer can only choose among installment periods that

have positive interest rates.

The consumer’s choice problem is slightly more complicatedwhen the consumer is offered an interest-

free installment option. Recall from the discussion above,that when the consumer is offered such an

option, the term of the installment is generally fixed at somevalued > 1 but d is generally less than or

equal to 6 months (although in certain circumstances interest-free installment options are available for as

long asd = 12 months. In this case, the consumer must choose the best of the following options, a)d = 1,

b) thed offered under the interest-free installment option, whichwe denote byd0, and c) the possibility of

choosing an installment periodd longer thand0 at an interest rate ofr(d,X). The consumer will choose

the interest-free installment optiond0 if

v(d0,x,a,0)+ ε(d0)≥ max

[

v(1,x,a,0)+ ε(1), max
d′>d0

[

v(d′,x,a, r(d′,a))+ ε(d′)
]

]

, (11)

and the probability of this happening is

P(d0|x,a,d0) =
exp{v(d0,x,a,0)}

exp{v(1,x,a,0)}+exp{v(d0,x,a,0)}+∑d′>d0
exp{v(d′,x,a, r(d′,X))}

, (12)
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where the conditioning argumentd0 in P(d0|x,a,d0) denotes the situation where a customer is offered an

interest-free installment purchase option with term offd0. Similarly, the probabilityP(1|x,a,d0) denotes

the probability the customer will choose to pay in full at thenext statement date even though he/she was

offered an interest-free installment option with termd0, and ford> d0, P(d|x,a,d0) denotes the probability

that a customer chooses to pay by installment, but with a longer termd than offered under the interest-free

installment option, at the cost of paying a positive interest rater = r(d,x).

Now consider the likelihood function for a given customer who makes purchases at a set of timesT =

{t1, . . . , tN}. Of these times, there is a subsetTI ⊂ T where the customer purchased under installment, i.e.

whered > 1. The complementT/TI consist of times where the customer purchased without installment,

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

the consumer was eligible for an interest-free installmentpurchase option or not. Even whend > 1, we

only know if the consumer was offered an interest-free installment purchase option when the customer

actually chose that alternative. However it is possible that in some cases customers may have been offered

an interest-free installment purchase option with termc0 but decided to choose a longer term option at a

positive interest rate. Our likelihood must be adjusted to account for these possiblities and to “integrate

out” the various possible interest-free installment options that the consumer could have been offered but

which we did not observe.

Let T0 be the subset of purchase datesT where the customer did choose the installment option and

we observe that this was an interest-free installment option (we can determine this by observing that the

consumer never made interest payments on the installments as described above). For this subset, the

component of the likelihood is

L0(θ) = ∏
t∈T0

P(d0|xt ,at ,d0) (13)

where for each transaction in the set of timesT0, the chosen installment termdt is equal to the term offered

to the customer under the interest-free installment option, d0. The vectorθ denotes parameters entering the

functionv(d,x,a, r) function to be estimated, and this will be discussed in more detail below. Thus, when

we observe a customer choosing the interest-free installment option, it is clear that they were actually

offered it. However in the other cases,t ∈ T/T0, we do not know for sure if the customer was offered

the interest-free installment option or not. There are two possibilities here: a) the consumer chose not

to purchase under installment, b) the consumer chose to purchase under installment but paid a positive

interest rate.
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Let Π(zt) be the probability that a consumer who purchases an item at timet is offered an interest-free

installment purchase option. The vectorzt includes dummies indicating the time of the purchase and the

type merchant the customer is purchasing the item from, since as we noted above the main determinants

of the interest-free installment option are a) the time of year, and b) the type of merchant (since different

merchants can negotiate interest-free installment deals with the credit card company as a way of increasing

their sales). Conditional on being offered an interest-free installment purchase option, letf (c0|Z) be the

conditional distribution of the installment term that is associated with the interest-free installment option.

Note thatf (1|z) = 0: by definition an installment payment plan must have 2 or more future payment dates.

Equivalently, every consumer has the option to pay in a single installment, and they get what amounts to

an interest free loan covering the duration between the dateof purchase until the next billing date.

Now consider the probability that a consumer chooses to purchase the item at a cost ofa without

installment, as observed by the econometrician who does notknow whether this customer was offered an

interest-free installment purchase option or not. LetP(1|x,z,a) denote this probability, which is given by

P(1|x,z,a) = Π(z)

[

∑
d0>1

f (d0|z)P(1|x,a,d0)

]

+[1−Π(z)]P(1|x,a, r+). (14)

Similarly consider the probability that a customer choosesto purchase the item at a cost ofa under in-

stallment withd payments with a positive interest rate, again as observed bythe econometrician who does

not know whether or not the customer was offered an interest-free installment purchase offer or not. Let

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

P(d|x,z,a) = Π(z)

[

∑
d0<d

f (d0|z,d0 < d)P(d|x,a,d0)

]

+[1−Π(z)]P(d|x,a, r+), (15)

where f (d0|z,d0 < d) is the conditional probability that a customer who is offered an interest-free in-

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

by

f (d0|z,d0 < d) =
f (d0|z)

∑d′<d f (d′|z)
, d0 ∈ {2, . . . ,d−1}. (16)

The reasoning is that an interest-free installment option with a term ofd would always strictly dominate an

installment position with positive interest rates and a term of d. Thus, we assume that the consumer would

always choose the former over the latter, so that if we observe that a customer had chosen an installment

termd with a positive interest rate, we infer that this customer could not have been offered an interest-free
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installment option with a term greater than or eqaul tod. Note that ifd = 2, then we deduce that the

customer could not have been offered any interest-free installment option, soP(2|x,z,a) = P(2|x,a, r+).

Let L1(θ) denote the component of the likelihood corresponding to purchases that the consumer makes

in the subsetT/T0, i.e. purchases either that were not done under installment, or which were done under

installment but at a positive interest rate. This is given by

L1(θ) = ∏
t∈T/T0

P(dt |xt ,zt ,at). (17)

wheredt = 1 if the customer chose to purchase an item at timet without installment, anddt > 1 if the

customer chose to purchase via installment, but with a positive interest rate. The overall likelihood is

thenL(θ) = L0(θ)L1(θ). We maximize this with respect toθ for various “flexible functional forms” for

v(d,x,a, r) that are designed to capture the net “option value” to the customer of purchasing an item un-

der installment. We assume thatv(d,x,a, r) has the additively separable representation given in equation

(7) above. Thus, we can view consumers as making “cost-benefit” calculations where they compare the

benefit or option valueov(a,x,d) of paying a purchase amount overd > 1 installments with the inter-

est costsc(a, r,d). For free installments, we havec(a, r,d) = 0, but this does not necessarily imply that

customers will necessarily always take every free installment option. One reason is due to the randomly

distributedIID extreme value shocksε(d) representing unboserved idiosyncratic factors that affect a con-

sumer’s choice of the installment term. In some cases these shocks will be sufficiently negative to cause a

consumer not to take a free installment offer even ifov(a,x,d) is positive (and thus higher than the utility

of paying the purchase in full at the next statement date, which is normalized to 0). Another reason is that

we specify the option value function as follows

ov(a,x,d) = aρ(x,d)−λ(x) (18)

where we can think ofρ(x,d) as the customerx’s subjective term structure(i.e. the subjective interest

rate that represents the customer’s maximal willingness topay to obtain a loan of durationd months) and

λ(x) represents thefixed transaction costs of deciding and undertaking an installment transaction at the

checkout counter.Note that this component is assumed not to be a function of theamount purchaseda

whereas the other component of the option value,aρ(x,d) is a linear function of the amount purchased.

This implies thatconsumers will not want to pay for sufficiently small credit card purchases on installment

since the benefit of doing this, aρ(x,d), is lower than the transactions costλ(x).
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Notice that we assume the option value of having the benefit ofextended payment does not depend on

the interest rate the credit card company charges the customer, and that the interest rate scheduler(d,x)

only enters via the cost functionc(a, r,d). This is an important identifying assumption. Furthermorewe

assume that the financial cost that a customer percieves due to purchasing an item under installment equals

the excess of the total payments that the customer makes overthe term of the agreeement less the current

costa of the item. That is, we assumec equals the difference between the total payments the customer

makes under the installment agreementcumulated with interest to the time the installment agreement ends

less the amount the customer purchased,a, discounted back to the datet when the customer purchased the

item. This value can be shown to be

c(a, r,d) = a(1−exp{−rtd/365}) , (19)

wheretd is the elapsed time (in days) between the next statement dateafter the item was purchased and the

statement date when the final installment payment is due. Theinterest rater is the internal rate of return on

the installment loan, and is given byr = r(d,x). Recall that this is the positive interest rate that company

offers to the customer for an installment purchase with termd. Notice thatd = 0 if the consumer chooses

not to do an installment. In this casetd = 0, and the consumer automatically gets an interest-free loan from

the credit card company from the date of purchase until the next statement date. Notice also that for any

interest-free installment opportunity,r = 0 and soc= 0 in this case as well. To a first approximation (via

a Taylor series approximation of the exponential function)we havec(a, r,d) = r(d,x)atd/365, so the cost

of the installment loan is proportional to the duration of the loan, 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. The parameters to be

estimated are the parametersφ entering the option value function,ov(a,x,d,φ), the scale parameterσ of

the Type III extreme value distributions for the unobservedcomponents of thev(a,x, r,d,φ) functions, and

α, the parameters entering the probability of being offered afree installment,Π(z) and the conditional

distributions of the term of the free installments that are offered to consumers,f (d0|z,d0 < d). So we

let θ = (σ,φ,α) as the full set of parameters to be estimated. Table?? presents the maximum likelihood

estimates of(σ,φ) and appendix 1 presents the maximum likelihood estimates ofthe 26α parameters.

Clearly, the parameters of interest are(σ,φ). We are interested in theα parameters only to the extent that

we are interested in learning the conditional probabilityΠ(z,α) that credit card customers are offered free

installment options when shopping at different merchants at different periods of time.
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To understand the parameter estimates, note that we have specified ov(a,x,d) = aρ(x,d) where

ρ(x,d) =
1

1+exp{h(x,d,φ)}
(20)

where

h(x,d,φ) = φ0+φ1ib+φ2installlshare+φ3I{r = 0}+φ4creditscore+φ5nlate+
12

∑
j=6

φ j I{d = j}+ (21)

Further, the fixed transaction cost of choosing an installment term at the checkout counter,λ(x), is assumed

to be given by

λ(x) = φ13exp{φ14installshare+φ15I{r = 0}}. (22)

The variablecreditscoreis the interpolated credit score for the customer at the dateof the transactions (the

company only periodically updates its credit scores so we only observed them at monthly intervals), and

nlate is the number of late payments that the customer had on his/her record at the time the transaction

was undertaken, andib is the customer’s installment balance at the time of the transaction. Note that we

normalized botha andib to represent them asratios over the customer-specific average statement amount.

The most important variable of thex variables turned out to beinstallshare,the share of creditcard

spending that the customer does under installment. Though one could accuse of us as making the mistake

of including installsharein our model due to the fact that it is “endogenous” our explanation for doing

so is that our analysis in section 4 revealed thatinstallsharecarries important information about which

consumers are most likely to be liquidity constrained. We found that neithercreditscorenor nlate has

as powerful impact on enabling our model to fit the data asinstallsharehas. We agree that it would be

preferable to replaceinstallshareby a random parameterτ representingunobserved heterogeeitywith the

interpretation that lower values ofτ indicate customers who are more desperate for liquidity andthus have

a higher subjective willingness to pay for loans of various durations,ρ(x,d,τ,φ). However, we have had

considerable difficulty so far in estimating specificationswith unobserved heterogeneity due to the fact

that we have an unbalanced panel where for some consumers we observe many hundreds of transactions.

Conditioning onτ, the likelihood for these hundreds of conditionally independent choices of installment

duration is typically avery very small number.Unobserved heterogeneity specifications require us to take

averages (i.e. integrate over the distribution ofτ) of these very small numbers and we often found that

when we tried to take the logarithm of the resultingmixture probabilityit was sufficiently small to be

below the “machine epsilon” i.e. the lowest positive numbera computer is capable of representing, even
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Table 3: Maximum Likelihood Parameter Estimates
Dependent variable: choice of installment term,d. Amounts in parentheses are estimated standard errors.

Variable ρ function parameter estimate
σ 0.0340

φ0 (constant) 3.537
φ1 (ib) -0.959

φ2 (installshare) -3.878
φ3 (I{r = 0}) 1.568

φ4 (creditscore) 1.99−5

φ5 (nlate) -0.009
φ6 (I{d = 2}) -2.306
φ7 (I{d = 3}) -2.576
φ8 (I{d = 4}) -0.861
φ9 (I{d = 5}) -1.422
φ10 (I{d = 6}) -1.590
φ11 (I{d = 7}) 1.162

φ12 (I{d = 10}) -0.159
Variable λ function parameter estimate

φ13 (constant) -0.225
φ14 (installshare) -0.614
φ15 (I{r = 0}) 0.101

log(L(θ̂)) -54836.6
Number of observations 167,946

on 64-bit machines. So we have foundinstallshareto be extremely convenient as an “observed indicator”

of the underlying unobserved heterogenityτ. We conjecture that if we can somehow resolve the problem

of “underflow” in computing the mixing probabilities, the estimation results (particularly the overall fit of

the model) of a specification with a sufficiently rich specification of unobserved heterogeneity but omitting

installsharewill be quite similar to the results presented below withτ omitted andinstallshareincluded.

The estimation results in table 3 show the result, that is notsurprising in light of our analysis in section

5, that the “subjective discount factor”ρ(x,d) is an increasing function ofinstallshare.Thus, the maximum

likelihood estimation attempts to best-fit the data by making sure that the “installment addicts” have the

highest option value for credit. In addition, the negative coefficient of installsharein the λ(x) function

means that it is possible to further improve its fit of the model to the data by having the transactions costs

of doing an purchase via installment be lower for customers who are more installment-prone as measured

by installshare.

The variablescreditscoreandnlate variables have very negligible impacts on the option value (and
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they are not important determinants of transactions costs either). We believe that this is largely because

theinstallsharevariable does such a much better job of capturing the underlying unobserved heterogeneity

in our sample of customers. The estimated installment dummies reflect a rather strange pattern in the

estimated subjective discount factorρ(x,d) to help the model match the fact that installment loans of

relatively shorter term, particularly 3 month installmentloans, are substantially more popular than the

longer term loans. Of course the sharply increasing interest rate schedule for longer term installment loans

that we plotted in figure 29 does a large of the work in helping the model to fit the data: the significantly

higher costc(a, r,d) of the longer duration installment loans does dissuade manycustomers from selecting

them, however the disincentives to borrowing for longer durations inherent in thec(a, r,d) function is

evidently not enough to fit the model well. The maximum likelihood algorithm estimates values to the

installment duration dummies that provide an extra boost (or extra penalty by sharply lowering the implied

subjective discount factor for longer term loans) to enablethe model to better explain the popularity of 3

month installment loans.

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

factorsρ(x,d) and the implied continuous time “subjective interest rates” rs(x,d) defined by

rs(x,d) =− log(ρ(x,d))/d, (23)

i.e. r(x,d) represents a sort of “subjective term structure of interestrates” implied by the model estimation

results.rs(x,d) can be regarded as the maximum interest rate that a consumer of typex is willing to pay for

a loan of durationd. We see that both the subjective discount factorsρ(x,d) and the estimated subjective

term structure are generally strongly declining in the duration of the installment loan. Figure 31 indicates

that the subjective interest rates start out as high as 10% for 2 or 3 month loans but drop rapidly to nearly

zero for loans that have a duration of 7 months or longer. The model also implies that consumers regard

that there is some extra value for interest free installments: they assign a significantly higher subjective

option value to interest-free loans than they do to loans done at positive interest rates. Of course, the

maximum likelihood estimates the parameters this way in order to best fit the take-up of free installments.

The figures also illustrate how theinstallshareincreases the subjective option values and interest rates.

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

to fit the credit card data. Of course the predominant choice by consumers is to pay their credit card

purchases in full by the next installment date: this is the choice made in 93.57% of the customer/purchase

transactions in our data set. When we simulate the estimatedmodel of installment choice, taking thex and
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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 amountsa as given for the 167,946 observations in our data set, we obtain a predicted (simulated)

choice of paying in full at the next statement (i.e. to choosed = 1) of 93.06%.

Of more interest is to judge the extent to which our model can predict the installment choices made by

the customers in our sample, i.e. to predict the incidence ofchoicesd > 1. Figure 32 plots the predicted

versus actual set ofall installment choices made the customers in our sample. We seethat the model

fits the actual choices well overall, but underpredicts the choice of 3 month installment terms. Figure

33 shows that the model does much better in predicting the number of free installments that consumers

chose. In the actual data, 2.7% of our customer-purchase transactions were done as free installments. Our

model simulations predict that 2.4% of the simulated customer-purchase transactions would be done as

free installments.

As we noted in the introduction and elsewhere, our simulations also predict something that we could

not otherwise learn from our data without having a structural model: the model predicts that in 27% of

167.946 simulated customer-purchase transactions, the company would offer the customer a free install-

ment opportunity. As we noted in section 4, this estimate strikes us as quite reasonable. Recall that we

found that the most installment prone “addicts” were doing about 20% of all of their purchases as free in-

stallments. Howevever these individuals are doing roughly70-80% of all their transactions via installment

but the remaining 20-30% are smaller purchases that even the“installment addicts” do not bother to do

as installments (perhaps even for them the transaction costs are too large for the smallest purchases). So

assume that these installment addicts are encountering free installment opportunities 27% of the time, and

whenever the amount they are purchasing is sufficiently large, the installment addicts will always to choose

to take the free installment option. Then since 20% = 75%× 27%, our maximum likelihood estimates

are consistent with our observation that approximately 20%of all 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 our highly censored data, that for whatever reason,

our sample of customers appear to be highly reluctant to spending on installment, to the extent that even

free installment offers fail to motivate most customers to take advantage of them for most transactions.

Instead, we find that the customers who are most likely to takeadvantage 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 exploratorydata analysis in section 4.

Otherwise the structural approach to estimation of demand for installment credit produces reasonable

estimates of the demand for installment credit, and we showed the model fits the observed patterns of

spending quite well. We can use our model to make out of samplepredictions of the effects of a wide

range of policy changes, including the impact of abolishingthe free installment option on the use of

installments, and the impact of raising or lowering the installment interest rate. However we require a

more complete dynamic model, and more data, to study a largerrange of credit policy questions, including

the impact of interest free installments on credit card adoption decisions by individuals who do not already

have this credit card, and how credit policy affects the spending/purchase decision itself.

Ultimately, we need to compliment the use of econometric models and forecasts withexperimentsthat

enable us to test to accuracy of the out of sample forecasts ofour econometric models. We hope this study

will be a stepping stone that will convince the credit card company to provide more data, and undertake

key experiments that would be necessary to better model and identify key aspects of the credit card usage

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