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Introduction



Credit cards offer a variety of services and related prices that interact in complicated ways. Diversity of services enhances the value and popularity of credit cards to consumers. However, the array of interest rates and fees associated with them often makes it difficult for users to assess cost, raising the likelihood of mistakes. Given the ubiquitous use of credit cards among US households, concerns of how aptly consumers navigate these complexities and the ways in which their failure to do so is exploited by sellers have formed a central point of deliberation among academics and in the policy sphere (Consumer Financial Protection Bureau, 2015). One important and as yet unsettled question at the heart of the economic and policy debates is how cardholders’ use of their credit card responds to the combination of interest rates and fees that comprises the eventual cost of using it.1 In this paper, we address this question directly and document the extent to which the law of demand applies in this market. Tying back into the debate, we then evaluate how observed behavior accords with existing theories of consumer choice, and in particular whether usage decisions of US credit card holders can be rationalized. Finally, we draw implications of our findings for potential effects of monetary policy on credit card borrowing. Our analysis is carried out using a de-identified account level monthly panel of large banks’ credit card portfolios compiled in the Consumer Financial Protection Bureau’s (CFPB) Credit Card Database (CCDB). These data include nearly 85 percent of all credit card accounts in the United States. As a result, they are uniquely suited to measure cardholders’ response to prices for nearly the entire US market. We focus on demand responses to interest rates (APR) and late payment fees (LF) of the three most common services: (1) transacting (purchases), (2) revolving (balances), and (3) late payment. Given the size and richness of the CCDB, we document demand responses separately for prime and subprime cardholders. Much of the academic and policy discussions regarding cardholders’ ability to optimally respond to contract complexities have focused on differences in demand behavior between these groups, to which our analysis speaks directly. A challenge in demand estimation is identifying price movements that are unrelated to factors governing demand. Our analysis considers two prices and therefore employs two distinct identification strategies. First, to identify supply driven movements in APR we use lenders’ account repricing decisions. We detect account repricing by leveraging the panel dimension of the data and estimating an average cardholder’s response to changes in her own APR. We focus on repricing that is unrelated to changes in consumer risk and show that these 1



As we detail in Section 3, the CCDB are account level data, whereby it is not possible to link various accounts, within or across lenders, belonging to the same individual or household. For brevity, and readability, we refer to cardholders throughout the text.
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rate changes are uncorrelated with demand observables and unanticipated by consumers. Second, to isolate supply driven variation in LF we use the LF ceiling implemented as part of the Credit Card Accountability Responsibility and Disclosure (CARD) Act in August 2010. This mandated price ceiling was binding and similarly affected nearly all cardholders, lowering their LF from $39 to $25. Fewer than half of cardholders transact and/or revolve balances in a given month. Moreover, users cannot ordinarily hold negative balances (lend) or make negative purchases (sell) on their credit card. As a result, purchases and balances are heavily censored in the data. Given its prevalence, not accounting for this censoring may severely bias any estimates of demand. Our empirical design explicitly incorporates this censoring into the fixed effects framework. Conceptually, we interpret this as cardholders making decisions along intensive and extensive margins in their demand for these services. In addition to providing consistent estimates of demand, allowing for censoring makes it possible to disentangle demand effects separately along these two margins. We exploit this margin decomposition to further clarify potential mechanisms underlying price effects on demand. We find that, broadly, the law of demand holds. For prime cardholders, a lower APR increases borrowing, with a median elasticity of -1.5, and a lower late fee prompts more late payment, with a median elasticity of -0.5. The rising complexity of credit card pricing in recent years has helped establish the common view that ‘back-end’ fees, such as LF, are for the most part non-salient or hidden from consumers (Government Accountability Office, 2006). Cardholders’ inelastic response to late fees suggest that, in the absence of regulatory pressure, LF would have likely been higher. Given the already high cost of paying late, this may be indicative of a non-salience of LF among cardholders, e.g. mistakes. However, while inelastic, the response is statistically and economically meaningful, suggesting that cardholders are not entirely unaware of this price. Prime cardholders also respond to prices that indirectly impact the expected cost of using a service, which we term the cross effect. For example, lower LF increases both purchasing (transacting) and revolving balances, while lower APR raises the propensity to pay late. As might be expected, these cross effects operate mainly through the extensive margin, the propensity to use, and are consistent with the positive correlation patterns in demand across services. In all, prime cardholders’ demand response, both to direct and indirect prices, suggests that this group’s average behavior can be rationalized within a standard choice model. Unlike for the prime group, borrowing among subprime cardholders’ is more sensitive to the APR, with a median elasticity of -2.38. Conversely, late payment propensity among these cardholders is less affected by changes in the late fee, with a median elasticity of -0.24. More pronounced APR effects echo a theory of adverse selection cited as a driver of high prices in
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this market during the 1980s (Ausubel, 1991) and conflicts with older hypothesis of consumer credit rationing (Juster and Shay, 1964). We interpret the diminished sensitivity to the late fee as new evidence in favor of the common view that LF is less salient to cardholders, whose late payment may be triggered by forgetting, and that this behavior is more prevalent among subprime cardholders, who are arguably less sophisticated users of credit (Ellison, 2005; Gabaix and Laibson, 2006; Ru and Schoar, 2016). Subprime cardholders’ demand is also largely unresponsive to movements in indirect prices, the cross effect. One exception to this is a marked decline in balances for lower LF, with a median elasticity of 0.89. This upward sloping demand is difficult to reconcile with standard models. However, it is not ruled out in a model of consumers with inattention, or cognitive scarcity (K˝oszegi and Szeidl, 2012; Mullainathan and Shafir, 2013). Moreover, it is in line with recent empirical work explicitly searching for this trait among credit card users (Scholnick et al., 2013). Theories of inattention and cognitive scarcity predict that when fees are high, cardholders may focus on making on time payments, potentially losing track of accrued finance charges. A decline in fees shifts attention toward the now more prominent cost of revolving, prompting pay down. Though we do not directly measure inattention, nor claim to make a definitive statement regarding its form and prevalence, we note that our finding is consistent with this idea. Moreover, it lends support to the notion that consumers can at times be ineffective decision makers, and that this may be systematically reflected in their demand response to prices. Using our demand estimates, we calculate the impact of a hypothetical rise in the Federal Funds rate (FFR) on the demand for revolving credit card balances. As the US economy stabilizes following the Great Recession, the Federal Reserve is poised to begin a campaign of increasing its benchmark Federal Funds rate. Because nine in ten credit card contracts carry a variable APR defined as a fixed markup over a benchmark rate, a rise in the FFR means a similar and nearly immediate increase in almost all credit card APRs. We analyze the effect of this increase on borrowing, holding all other variables constant, and interpret our results as a pure APR effect. We argue this can be construed as a good guess of these effects in the short to medium term.2 Our estimates suggest that, all else equal, a 2 percentage-point increase in the FFR decreases prime consumers’ credit card borrowing by 23 percent, whereby their propensity to revolve balances at all drops by 19 percent. Subprime cardholders reduce balances by about 28 percent, with revolving propensity declining by about 22 percent. The above demand responses suggest an aggregate decline in balances of $146 (for prime) + $42 (for subprime) = $188 billion. At observed market rates for prime (14%) and subprime (18%) cardholders, 2



Other effects through employment, wages, and prices may take some time to percolate through the economy, while credit card APRs rise almost immediately.
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respectively, this means a savings in finance charges of approximately $16 billion, $5.4 billion of which accrue to subprime cardholders. The analyses in this paper complement a growing body of empirical work on borrowing behavior in consumer financial markets. One strand of this literature studies the extent to which borrowing decisions are congruent with canonical models of permanent income, measuring cardholders’ propensity to borrow out of new liquidity (Gross and Souleles, 2002; Agarwal et al., 2015a). These studies find that, contrary to classical predictions, the propensity to borrow out of new credit is substantial, even for cardholders who are not borrowing constrained. Adding to this work, we measure how credit card borrowing responds to changes in price. Looking at both direct price changes through interest rates and indirect price changes via fees, we explore the degree to which these responses correspond to standard models of consumer choice. Another strand of this literature has sought to measure the presence, and potential impacts, of adverse selection and moral hazard in credit card lending (Agarwal et al., 2010; Ausubel, 1999; Karlan and Zinman, 2009) and to better understand cardholders’ default and delinquency decisions (Ausubel, 1997). Our analysis contributes to these studies by exploring price response among cardholders of varying risk profiles. Specifically, we show that subprime cardholders are indeed more responsive to interest rate changes, lending empirical support to previous hypotheses of adverse selection (Ausubel, 1991). Other studies have further looked into how consumers shop for credit cards (Stango and Zinman, 2015) and the manner by which lenders choose to offer card products to potential customers (Ru and Schoar, 2016; Han et al., 2013). Related work aims to further understand how cardholders react to complex pricing schemes, such as teaser rates and the bundling of rewards (Ching and Hayashi, 2010; Simon et al., 2010; Agarwal et al., 2010) as well as the process by which they learn to navigate these complications (Agarwal et al., 2011). This paper complements this strand of previous work by analyzing the steady state responses of existing customers. In particular, we show that while prime cardholders on average exhibit rationalizable behavior, subprime cardholders response to prices cannot be wholly rationalized for indirect price changes. The remainder of the paper is organized as follows. We describe the relevant aspects of credit card pricing and regulation in Section 2. In Section 3 we describe the data. Our empirical design is laid out in section 4, and our identification argument is presented in 5. In Section 6 we discuss our results. Section 7 concludes.
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Recent Changes in Card Pricing and Regulation



Over the past decades the US credit card market has grown significantly. This growth materialized alongside substantial changes in the way lenders interact with consumers, how they structure and price their products, and the way in which their business practices are regulated by financial authorities. By the late 1980s a majority of banks issued cards, a plurality of merchants accepted them as payment, and purchase and outstanding credit volumes were in the hundreds of millions of dollars. Nevertheless, the credit card remained a relatively straight-forward product, providing access to a pre-determined credit line and charging fixed annual fees and interest rate on outstanding balances. Annual fees constituted a bulk of the fee revenue, while a great majority of overall revenue came from cardholders paying finance charges on balances. In the 1990s, lenders began adopting sophisticated credit scoring technologies. Better screening led to lower interest rates and an expansion of consumer credit. It also influenced how credit card products were structured and priced. Among these changes, up front annual fees gave way to back-end, often termed behavioral, fees like LF and over-the-limit (OTL) fees.3 This change accelerated following the 1996 US Supreme Court decision in Smiley v. Citibank that prevented individual states from regulating LF and OTL charged by nationally chartered banks. By the end of the decade LF and OTL became a prominent source of lender revenue, especially among the growing subprime segment (Ausubel, 1997; Zywicki, 2000; Furletti, 2003).4 In 2004, the Office of the Comptroller of the Currency (OCC) issued an advisory letter (OCC AL 2004-10), warning banks of pricing practices which may be considered unfair and deceptive.5 Then, in October 2006, the US Government Accountability Office (GAO), released a highly cited study documenting the rapid increase in late payment fees. Following the GAO report, the rise in lender fees abated.6 In February 2008, a bill to curb deceptive practices was introduced in the US Congress (H.R. 5244 110th Congress). A version of that bill eventually became the CARD Act, which was signed into law in May 2009. The CARD Act had multiple provisions, which took effect in three phases: Phase I on August 20, 2009, Phase II on February 22, 2010, and Phase III on August 22, 2010 3



These were charged to cardholders who failed to make the minimum payment by the due date or who outspent their credit limit during the cycle. 4 The Supreme court decision upheld a US Office of the Comptroller of the Currency regulation and was in effect an extension of the Marquette v. First of Omaha decision that did the same for interest rates. In the a decade following the decision, fees grew rapidly from around $5-$10 to $39 for almost all large issuers (United States Government Accountability Office, 2006). 5 An example was lenders changing LF ex-post without warning or reason, even when the initial contract specified that the issuer has the unilateral right to do so. 6 Fees in 2009 seemed to be effectively unchanging for years, and not customized like interest rates had been for decades, despite massive changes in economic conditions.
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(Consumer Financial Protection Bureau, 2013). Phase I implemented provisions concerning rate increases on new balances, requiring lenders to notify their customers at least 45 days in advance of any rate change. Phase II restricted rate increases on existing balances. Rate increases were limited to those contractually agreed upon via a variable contract rate or as a result of delinquency triggering ‘penalty’ rates. Even for delinquent cardholders, issuers were obligated to restore the original rate after six consecutive on time payments. Phase II also restricted OTL, which could now only be charged if cardholders opted in to this service. In absence of customer opt in, lenders had to reject the transaction or to allow it without penalty.7 Phase III further restricted OTL and placed a binding price ceiling on LF. In August 2010 LF were effectively capped at $25, down from $39, previously the modal fee for the largest issuers.8 In contrast to LF, other than through limitations on re-pricing, the CARD Act made no provisions to limit how lenders set APR on new accounts.
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Data



For our demand analysis, we use a de-identified monthly panel of credit card accounts from large banks’ credit card portfolios. These data are compiled in the Consumer Financial Protection Bureau’s (CFPB) Credit Card Database (CCDB), which contains information on the consumer and small business credit card portfolios of 13 lenders and covers approximately 85 percent of all credit card accounts in the US. Account information includes borrowing interest rates (APR), fees, purchase volume, balances, payments, available credit, and an updated credit score associated with each cardholder. Account information in the database cannot be tied to any particular consumer or household nor can multiple accounts in the database that may belong to a single consumer or household be linked. As a result, our analyses are carried out at the account, rather than individual or household, level. We use a 1 percent random sample of accounts in the CCDB. We restrict attention to general purpose accounts originated on or before January 2009 and which remain in existence until August 2011, a balanced panel.9 To avoid misclassified interest rate movements resulting from expired promotion and/or new delinquency, we exclude accounts with regular non-introductory rates below 7 percentage points, accounts experiencing a month-to month rate change greater than 5 percentage points, and accounts ever more than 60 days past due, e.g. 90 days or more delinquent. We further abstract away 7



This reduced the proportion of accounts charged an over-limit fee at least once in a year from 12 percent to about 1 percent (Consumer Financial Protection Bureau, 2013) 8 The rule also allowed issuers to charge consumers a higher LF if the consumers previously paid late within the last six months. 9 These are the bulk of accounts. We recognize that small business cards, students cards, certain affinity cards, and especially private label cards are important segments of this market. However, we believe these are very different products and fall outside the scope of this study.
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from accounts whose utilization is ever more than 95 percent.10 The remaining accounts are divided into prime (Credit Score > 660) and subprime (Credit Score ≤ 660) based on the cardholders’ credit score as of September 2009, the beginning of the analysis period.11 We classify approximately 5 percent of remaining accounts as subprime and 95 percent as prime. To equilibrate the sample size across types, we randomly draw from the prime accounts sam5 ≈ 5.3%.12 Our analysis period ranges from September 2009 to August 2011, ple at a rate 95 inclusive. This range constitutes one year before and one year after the fee cap implemented by the CARD Act. It allows us to mitigate any potential seasonal effects of late payment propensities and/or long term economic effects resulting from the recession and/or recovery. The CCDB provides information on the contract APR for regular purchases. Contract late fees are not observed. Nevertheless, the data provide information on the late fees assessed to individuals paying late. Assessed fees can vary for any number of reasons. Credits can be provided from a previous overpayment and/or additional fees can be added given the account status. Nevertheless, these occurrences are rare, and the vast majority of accounts assessed a late fee pay the contract price. As a result, we define the contracted listed late fee as the most common, or modal, late payment fee assessed to cardholders paying late. Since in practice these fees might vary across lenders, account origination vintages, and by risk, we allow for the modal fee paid to vary across these categories. Lastly, we consider separately the most commonly assessed fee for each risk category before and after the CARD Act implementation. Figure 1 shows trends in prices throughout our sample period. The top panels show monthly average rates for prime accounts (left) and subprime accounts (right). The bottom panel shows average LFs for each of these. The vertical lines mark CARD Act implementation dates. As can be seen in the top panel of the figure, interest rates were stable during our period of analysis, and prime cardholders on average paid about 4 percentage points lower APRs on balances than subprime cardholders. Moreover, dispersion in interest rates was significant during this time, and substantially less pronounced among prime cardholders. The bottom panel of figure 1 shows trends in late fees. Prior to the fee cap, nearly all cardholders were charged $38 for a late payment, with little variation across cardholders and 10



The vast majority of accounts are never close to their limit. Moreover, we do not study changes in credit supply here. Excluding these accounts helps focus the estimation on interest rate and late fee changes as distinct from changes in individuals’ credit availability (see below section 5). We acknowledge this might affect the representativeness of our sample. We provide discussion of this effect along with various robustness checks in Section 6.1. 11 We choose risk categories to conform with Consumer Financial Protection Bureau (2013). 12 Note that 5 percent is a much lower rate of subprime accounts than in the population. This is because we exclude accounts based on activities, such as delinquency and over limit, which are more prevalent among subprime cardholders. To avoid possibility of effects being disproportionately driven by outliers (e.g. cardholders with extremely high balances and/or purchase) we exclude a further 1 percent of accounts with very large balances/purchases.
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Figure 1: Trends in Interest Rates (APR) and Late Payment Fees (LFs) Note: Data are from the CFPB’s Credit Card Database (CCDB). The figure shows trends in APRs and LFs given our sample over the implementation period.



over time. After the fee cap, this charge decreased to $25, again for almost all cardholders in the market. Table 1 shows summary statistics on credit card demand variables for prime and subprime cardholders, respectively. Throughout, our measure of balances exclude all balances in promotion, balances resulting from cash withdrawals, or balances assessed at the penalty rate.13 As shown in the table, prime and subprime cardholders differ substantially in the way they use their credit card. Compared to prime cardholders, subprime cardholders make fewer purchases on their card, but are more likely to hold a balance and utilize a higher proportion of available credit on average. Nevertheless, average balances for the average subprime revolver are still substantially less than for the average prime revolver. In addition, subprime cardholders are three times more likely to pay late in any given month than prime cardholders. The data also provides information on account origination dates. We use 13



Specifically, balances are defined as non-promo non-penalty balances at the end of the cycle net of any payments made in the following cycle, as technically payments are applied to previous cycle’s balances.
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Table 1: Summary Statistics



Purchase Volume for Users % with Purchases Balance for Revolvers (Non-Intro) % Revolving Balances Credit Limit % Paying Late Account Age (Years) %∆ Average Wage (County) %∆ Employment (County) Number of Accounts (N) Number of Months (T)



Prime Mean 25th Pctl. 75th Pctl. (1) (2) (3) 805.92 98.24 990.15 54.89 2,142.63 31.81



290.17



12,939.86



6,500.00



3,003.55



Subprime Mean 25th Pctl. 75th Pctl. (4) (5) (6) 316.58 40.65 353.47 33.20 1,623.24 45.21



318.25



2,189.59



17,250.00 4,005.73



900.00



5,350.00



2.36



6.25



10.45



5.00



15.00



7.54



4.00



10.00



0.74 0.18



-4.98 -2.10



6.38 2.30



1.04 0.41



-5.18 -2.08



6.60 2.22



25,572 24



25,572 24



25,572 24



25,572 24



25,572 24



25,572 24



Notes: Data are from the CFPB’s CCDB and based on a sample of credit card accounts between September 2009 and August 2011, inclusive. Revolving balances exclude any balances in promotion, resulting form cash withdrawals, or those assessed at the penalty rate. Data on wages and employment are merged to the CCDB from the Quarterly Census of Employment and Wages (QCEW) and vary at the country-quarter level.



this information as a proxy for account maturity, which likely matters for demand behavior. As shown in the table, prime accounts in our sample are on average 3 years, or 33 percent, older, or more mature than subprime accounts. Lastly, to account for the effects of time varying local economic conditions on demand, we match data on average wages and employment from the Bureau of Labor Statistics’ (BLS) Quarterly Census of Employment and Wages (QCEW). These data vary at the countyquarter level. As shown in the table, there is substantial variation in both the percent quarterly change in average wage in a county and the percent change in county level employment. On average, all counties in the sample experienced small increases in average wages and employment. This is consistent with our sample period broadly coinciding with the recovery. However, this is not true across all counties, a number of which did see declines in both wages and employment on average.
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4



Empirical Design



The aim of the empirical analysis is to measure how cardholders’ demand for credit card services responds to changes in the APR and LF. To this end, we model a cardholder i at each month t as making three choices: (1) how much to use her credit card for purchases (2) the amount of balances to keep unpaid (revolving balances), and (3) whether to pay late, that is, not to pay the minimum payment corresponding to her balances by the due date. Each of these choices can be made deliberately given some decision rule or as a result of mistakes on the part of the cardholder. Our model does not specify a decision rule. Instead, we measure directly cardholders’ responses to prices along the usage of these three services. Let U , C, and L denote respectively credit card purchases (usage), revolving balances (credit card debt), and late payment. We define the demand for service S ∈ {U, C, L} as Dit∗S = hS (Pit , Xit ; θS ) + g S (t) + αiS + Sit ,



(1)



where Pit = {APR, LF} is a vector of prices and Xit is a vector of time-varying account specific and community level controls. Account level controls include a second order polynomial of an account’s age, which allows for demand to vary flexibly with account maturity, or experience, as well as any changes in an account’s available credit line. The community level controls include the quarterly percent changes in counties’ average weekly wage and employment. Community controls allow for demand to vary with changes in the local economy. The function g S (t) controls for time varying effects that are common across all accounts and is a third-order polynomial on the months passed since the fee cap implementation date (September 2010).14 The variable αiS is a time-invariant account specific taste parameter, or account fixed effect. The variable Sit is an additively separable monthly consumption, or spending, shock. This shock can arise from fluctuations in income and/or purchase needs of cardholders over time, for example, an unexpected health problem. Consumption shocks are assumed to be independently and identically distributed across accounts and over time Sit ∼ N (0, σS2 ), 14



For a month before the implementation date the trend variable is negative and for a month after the implementation date the trend variable is positive. We allow time trend to have non-linear effects by using a third-degree polynomial of the trend variable. We would prefer to control for time non-parametrically, e.g., by time fixed effects. However, we cannot do so since we observe only a one time change in LF. We attempt to compensate for this by allowing for as much flexibility as possible to control for time effects that would affect usage of credit card services. We have tried several orders of our polynomial, from 1 to 4, and our results are robust to this.
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and orthogonal to demand observables Sit ⊥ Xit , Pit , g S (t), αiS .



(2)



We specify hS (Pit , Xit , θS ) as being linear in prices and controls according to S



S



S



h (Pit , Xit ; θ ) = β LFit + γ



S



AP RitS



6 X S S + γ−j AP Rt−j + Xit0 δ S .



(3)



j=1



Linearity of h(·) is necessary due to a lack of variation in late payment fees within account over time, which occurs only once during our period (see Figure 1). However, following Gross and Souleles (2002), we allow for past APRs to affect current demand. In other words, we allow cardholders to adjust their credit card demands over time, with a delay of up to 6 months, due to a change in the interest rate. We then define the long-run response to APR changes as the sum of the current and past responses, whereby γTSot



S



=γ +



6 X



S γ−j .



j=1



We note that our framework is static. This is in large part because we are most interested in measuring steady-state price responses. However, our choice to model demand as static with time invariant types is also motivated by evidence that cardholders exhibit strong preferences for certain types of services that persist over time (Fulford and Schuh, 2015) and that credit card use is relatively stable over time for individuals with varying characteristics (Klee, 2006).15



4.1



Demand for Purchases and Revolving Balances



A credit card is strictly for borrowing and/or purchasing. Cardholders cannot systematically carry negative balances across months (cannot lend to the lender) nor can they make negative purchases on the card (sell to the lender/vendor). Nevertheless, it is common for cardholders to make no new purchases and/or revolve no balances in a given month. As a result, an important feature of the data is that in any given month a large portion of cardholders do not revolve a balance and/or make new purchases (see Table 1). We model this feature as a truncated (dependent) random variable and interpret this truncation as cardholders locating 15



This feature of persistent tastes has parallels in other consumer markets as well. As an example, were we to model demand for soft drinks, we may observe that some consumers choose Pepsi a majority of the time. A dynamic model may suggest that a consumer is choosing Pepsi today because she chose Pepsi yesterday. However, absent learning or stockpiling, perhaps a more appropriate explanation is that she chose Pepsi more often because of a time invariant preference for Pepsi (Hendel and Nevo, 2006; Shin et al., 2012).
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at a corner (e.g. zero balances).16 Let DitU ∗ and DitC∗ be account i’s latent unconstrained demand for purchases and revolving balances, respectively, in month t. Observed demands can be written as DitB = max(0, DitB∗ ), (4) with B ∈ {U, C}. The expected demand of account i in month t is then E[DitB |·] = (hB (·) + g B (t) + αiB ) · Φσ (hB (·) + g B (t) + αiB ) + φσ (hB (·) + g B (t) + αiB ),



(5)



where hB (·) is defined in Equation 3, with S = B. Here, Φσ (·) and φσ (·) refer to the cumulative distribution and probability density functions of the Normal distribution, respectively, with zero mean and variance σB2 .



4.2



Demand for Late Payment



Unlike purchasing and borrowing, late payment is a binary outcome; cardholders may pay late or on time. We therefore model demand for late payment using a standard binary choice latent variable framework. As such, this approach measures the extent to which cardholders incorporate knowledge of their interest rate and late payment fee into their decision making process regarding late payment. Specifically, let account i derive some indirect utility DitL∗ from not making her minimum payment by the due date t and let this indirect utility be as described in equation (1). Late payment occurs whenever DitL∗ > 0 and observed late payment behavior can be written as DitL = 1(DitL∗ > 0).



(6)



cardholder i’s propensity to pay late in month t is then E[DitL |·] = Φ1 (hL (·) + g L (t) + αiL ),



(7)



where hL (·) is defined in equation (3) and Φ1 (·) refers to the cumulative distribution function of the standard Normal distribution.



4.3



Estimation



Equations (5) for B ∈ {U, C} and equation (7) comprise the demand system that we estimate separately via (limited information) maximum likelihood. Given our normality assumption, DU and DC , specified in equation (5), are estimated using a Tobit likelihood (Amemiya, 16 The analysis does not include accounts that are borrowing at their credit limit. As a result, we only consider truncation at zero and not at the credit limit.
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1984). DL is estimated using a standard Probit likelihood.17 The large number of account fixed effects makes the estimation of these non-linear demand functions numerically complicated. Moreover, they introduce an asymptotic bias. This bias is exacerbated in short panels, small T , with a large number of fixed effects, large N , and is commonly referred to as the incidental parameters problem. The problem arises from sampling error in the estimation of the fixed effects carrying over to the estimates of the parameters of interest, whereby the resulting asymptotic distribution of the estimator is no longer centered around 0, even if T grows at the same rate as N .18 To reduce the asymptotic bias, we use an analytical bias reduction described in Hahn and Newey (2004) and Arellano and Hahn (2007). This method derives the asymptotic bias and subtracts this term from the likelihood equation.19 We then estimate our adjusted likelihood using an efficient Newton-Raphson algorithm laid out in Hospido (2012). Exact details of our estimation procedure are laid out in Appendix F. Lastly, we estimate the demand equations separately for subprime and prime. As our data is comprehensive, covering the majority of accounts in the market, we are not constrained to pooling accounts across risk categories or controlling for risk category of an account with added regressors. Instead, we are able to analyze price effects for the subprime market as distinct from the prime market. As aforementioned, academic and policy discussions regarding cardholders’ costs of evaluating complex credit card prices and potential nonsalience to back-end fees have centered on differences in behavior between these two types of cardholders. We analyze these issues by exploring how these groups differ in their demand responses to price changes.
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Identification



A common problem in estimating demand is isolating price movements due to supply from those driven by variation in demand. We are interested in the demand response to movements in two prices: (1) APR and (2) LF. To this end we use two different strategies to identify supply driven price effects, one for each relevant price. 17



The Tobit likelihood is transformed according to Olsen (1978) in order to ensure global concavity, and thus convergence, of the objective function. The Probit likelihood remains unchanged, but the variance of the error is normalized to 1 as it is standard in binary choice models. 18 For a discussion of asymptotic bias resulting from an incidental parameters problem see Arellano and Hahn (2007). 19 Simpler “automatic” forms of bias reduction, such as jackknife methods, are not suitable to our application because we only observe a price change in late fees once during the sample period. As a result, we appeal to the shape of the objective function and use an analytic reduction technique.
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5.1



Movements in APR and LF



We identify supply driven changes in interest rates by exploiting lenders’ repricing of accounts around the time of the CARD Act. These episodes are detected using the fixed effects in our estimation equations. By conditioning on time invariant type, we eliminate all cross sectional variation in the effect of prices. As a result, price movements reflect changes in cardholders’ own rate, or within account, change over time. This is precisely a repricing episode. Our within estimator can be interpreted as the average response to a change in cardholders’ own interest rate. Prior to the CARD Act, accounts were repriced for a variety of reasons. A primary cause of repricing was a delinquency on the card, at times even a ‘hair-trigger’ delinquency, or a universal default (e.g. default or delinquency on an unrelated line of credit appearing in a cardholder’s credit report). In such instances, APRs were often increased to the contractual penalty rate, mostly an increase of 10 percentage points or more, and applied to existing as well as forward balances. In our analysis we eliminate effects of penalty repricing by restricting our sample to accounts who never face an APR change greater than 5 percentage points and by excluding accounts who are ever more than 60 days delinquent on their payments.20 Moreover, we use downward as well as upward movements in APR to identify demand. Our identification thus relies on small repricing events that often occur via decision rules that are unknown to cardholders (Nelson, 2017). We then check whether these repricing episodes are correlated with observed demand side variables such as baseline risk and/or usage and whether that they are anticipated. We find that in both cases they are not. Table 2 shows prevalence in repricing, both upward and downward, before and after the CARD Act implementation. It further relates within account interest rate movements to demand side variables, specifically risk category and revolving balance amount, to test whether there is some connection between demand side behavior and the likelihood of experiencing repricing. The table shows the results from nine separate regressions. In each regression we estimate separately the relationship between three types of APR changes: an overall month-to-month APR change (column 1), an APR increase (column 2), and an APR decrease (column 3), and three demand characteristics: whether an cardholder is revolving in the last 3 months (revolver), her current revolving balance amount, or whether she is a prime cardholder. First, the table shows that repricing episodes are fairly common across lenders. The 20 We have also estimated our demand equations using cardholders who are at all times during our sample current on their payment (e.g. never 30 days or more delinquent). Though not shown here, we find our results are robust to this pruning.
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Table 2: APR Changes and Demand Observables Depvar Revolver Post CARD Act Constant Non-Introductory Balance ($1, 0000 s) Post CARD Act Constant Prime (Credit Score > 660) Post CARD Act Constant Lender FE Observations



APR Change (1) 0.0002 (0.0084) -0.0147 (0.0054) 0.0373 (0.0033) 0.0020 (0.0025) -0.0146 (0.0055) 0.0359 (0.0026) 0.0061 (0.0074) -0.0147 (0.0054) 0.0343 (0.0043) X 1,227,456



APR Increase (2) 0.0014 (0.0034) -0.0230 (0.0086) 0.0277 (0.0043) 0.0008 (0.0010) -0.0230 (0.0086) 0.0276 (0.0042) 0.0020 (0.0025) -0.0230 (0.0086) 0.0272 (0.0039) X 1,227,456



APR Decrease (3) -0.0012 (0.0062) 0.0083 (0.0054) 0.0096 (0.0020) 0.0013 (0.0015) 0.0084 (0.0054) 0.0083 (0.0026) 0.0042 (0.0051) 0.0083 (0.0055) 0.0072 (0.0052) X 1,227,456



Notes: Data using the estimation sample of prime and subprime accounts described in section 3. All regressions include lender fixed effects. The constant is the average of the fixed effects in the regression. Standard errors are clustered at the lender level.



monthly propensity to be repriced prior to the CARD Act was approximately 3.7 percent.21 Assuming independence, this implies that the probability of being repriced at least once over 1 year was 36.4 percent (= 1 − (1 − 0.037)12 ). Moreover, we see that repricing of rates includes both upward and downward rate movements, so the responsiveness of demand to APR changes are not identified only from movements in one direction. The CARD Act’s Phase II provisions, which were implemented in February 22, 2010, largely restricted repricing by lenders. As is evident in the table, this mandate reduced upward repricing significantly (from 2.9 percent to 0.5 percent), but have had a more modest effect on downward repricing. Overall, the CARD Act has significantly decreased repricing, but has not eliminated it.22 Second, and more importantly, the table shows that within account movements in APR are largely uncorrelated with observable demand side (account) characteristics. There is no statistically significant difference between a revolver and a transactor in their likelihood 21



Note that the constant is the average of the bank fixed effects. The monthly propensity to be repriced has become 2.2% (=0.037−0.015), where −0.015 is the coefficient of Post CARD Act in the first column estimations in Table 2. Thus, the probability of being repriced at least once over 1 year has become 1 − (1 − 0.022)12 = 23.4%. 22
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of experiencing a change in their APR. Moreover, the estimated coefficient is small relative to the baseline repricing propensity, nearly an order of magnitude smaller. Similarly, the amount of revolving balances and risk category of a given account both fail to predict whether that account will see an APR change in any given month. Overall, we find little evidence that interest rate changes are correlated with account level demand characteristics. In other words, within account changes in interest rates are likely not driven by individual account behavior, but rather are algorithmically decided and/or applied to a large portfolio of accounts (Nelson, 2017). As evident in Table 2, much of our variation with regards to upward and downward repricing derives from the first year in our data. As such, Figure 2 shows movements of cardholders’ revolving balances given an APR change in January – March 2010. The figure shows trends in balances from 5 months prior to 6 months following the repricing. It further compares trends for those whose APR changed (Treatment) those whose APR did not change (Control). As shown in the figure, upward (downward) repricing leads to a sharp



Figure 2: Unanticipated Balance Response to Changes in APR Notes:The figure shows trends in balances for cardholders whose APR changes (Treatment) as compared to those for who the APR remains the same (Control). Data include APR changes during January, February, and March of 2010. The month of the APR change is normalized to 0 and trends spann five months prior to six months following the change.



decrease (increase) in balances following the changes.23 Moreover, these lower (higher) balances persists for at least six months following the changes. Overall, the figure suggests that these repricing episodes are largely unanticipated by cardholders and that their effects are 23



We acknowledge that for upward repricing episodes balances begin to decrease prior to the rate change. We suspect this is likely due to CARD Act rule enacted in August 2009 which required lenders to notify borrowers of this change at least 45 days in advance.
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significant and persistent following the change.24 Finally, to isolate supply driven variation in late fees we use the late fee cap imposed by the CARD Act in September 2010. Prior to the regulation, the majority of lenders charged $39 dollars for late payments and there was very little variation over time and across lenders. The regulation capped late fees at $25 dollars and the cap was binding for almost all accounts (see Figure 1). Thus, the late fee change affected all cardholders independently of their individual demand behavior. It follows that estimated demand response to movements in late fees are identified from this one-time decrease.



5.2



Potential Threats to Identification



A number of confounding influences may affect our interpretation of the results. One important factor to consider is a change in the macroeconomic environment during our sample period. Such a change could affect cardholders’ demand for credit card services via movements in their consumption patterns over time. We assuage this concern by accounting for time effects in our specification. Moreover, by including changes in county level wages and employment we control for cardholders’ demand responses to local economic conditions.25 We acknowledge there may still be other local environmental factors affecting demands for which we do not control. However, as we show later in a robustness check (Appendix D), our results remain largely the same when we eliminate from our smaple cardholders residing in states that were the most affected by the recession. There have also been several other market changes mandated by the CARD Act that may influence demand in a way not directly accounted for in our specification. For example, provisions restricting upward repricing were mostly eliminated by the CARD Act and this change may have indirectly affected demand for borrowing over the period. Nevertheless, these were imposed on all cardholders. As a result, any indirect (non-price) effects are likely accounted for in our time effects. It is still further possible that demand responses to the late fee are influenced by the CARD Act mandated opt-in requirement for over-limit fees.26 For example, a consumer might use her card more because, if she pays her bill late, the LF is lower, but the same consumer could also be using her card more because, if she happens to reach her credit limit without noticing, she will not have to pay the over-limit fee given that she did not opted-in 24



Although not our primary argument for identification, we also look at the extent to which minor repricing episodes are associated with the cost of funding accounts. We find some evidence in favor of the view that some of this repricing may have been driven by changes in the cost of funds. For details see Appendix E. 25 However, due to the unavailability of data on account-level demographics, we cannot control for the effect of the cardholder’s wage and employment changes on her demands for credit card services. 26 This change mandated that issuers could not charge the cardholder an over-limit fee unless the cardholder opted-in for the over-limit service. Almost no cardholders opted in.
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the over-limit service. We believe that this may not be a large concern for four main reasons. First, we restrict the sample to cardholders that never use more than 95 percent of their credit line.27 These cardholders are unlikely to be responsive to over-limit fee changes, since 18 months prior to the opt-in implementation they were never in danger of reaching their limit.28 Second, the over-limit fee requirement came into effect six months prior to the fee cap. As a result, any remaining effects are likely absorbed by our time trend. Third, to the extent that changes in borrowing limits may have interacted with this mandate, we control for these explicitly in the regression. Lastly, a comparison of subprime and prime cardholders finds that subprime cardholders are much more likely to be close to their limit; yet, we do not find subprime cardholders’ balances and usage to be considerably more responsive to the change in late fee (Section 6). The CARD Act also mandated minimum payment disclosure requirements that oblige credit card issuers to display on credit card bills the costs of repayment and 3-year amortization totals for minimum payments. Given that a cardholder has to pay the late fee only if she fails to pay the minimum payment amount corresponding to her revolving balance, one would expect the minimum payment disclosure to affect cardholders’ propensity to pay late.29 Thus, our estimates of the demand response to the LF change could potentially pick up some of this effect. We believe this may not be a significant factor in our setting. First, previous studies document that, because of an “anchoring” effect, minimum payment disclosures may be associated with lower repayment rates and/or have only a modest effect on repayment rates overall.30 Second, our sample consists of cardholders that are somewhat experienced and our specification flexibly controls for account age, which should largely soak up any remaining effects of this disclosure. 27



We also estimated all results using a sample with cardholders who never use more than 90 percent of their credit line. The results were largely the same. 28 It is possible that there is a buffer stock effect of consumers being hesitant to even approach the limit, see Carroll (1997), but the vast majority of cardholders are far from anything even reasonably approaching the limit. 29 The minimum payment amount is typically 1-4 percent of the unpaid balances. 30 In an experimental study with 400 participants from UK Stewart (2009) finds that removing the minimum repayment information (of 5.42 pounds) led to a significant increase in payment by 75 percent, from 99 to 175 pounds. Navarro-Martinez et al. (2011) confirmed the previous result qualitatively in an experimental study using 127 randomly selected adults from US. Agarwal et al. (2015b) find that the CARD Act’s minimum payment disclosure provisions increased the number of accounts paying at a rate that would repay their balance within 3 years by a modest 0.5 percentage points. In a related study Keys and Wang (2016) document that 29 percent of accounts regularly make payments at or near (within $50 range of) the minimum payment amount and only less than 1 percent of accounts stick to the three-year repayment amount after the CARD Act’s disclosure provisions. They argue that this modest effect of the regulation might be due to many people anchoring at the minimum payment amount or making their repayment without seeing the display of the 3-year repayment amount (as they are not displayed on online statements) or without paying attention to this new display.
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6



Results



In this section we present and discuss implications of demand responses from our estimated regressions. Our exposition unfolds as follows. In 6.1 we present our main results for the three demand components, purchases, balances, and late payment, as laid out in section 4. For each component we distinguish between own and cross effects of prices on demand. Specifically, we call the effects of APR on balances and LF on late payments own effects. We call the effects of LF on purchases/balances and APR on purchases/late payment cross effects.31 In section 6.2 we present our comparative static of the effects of a rise in the Federal Funds rate on the demand for credit card borrowing.



6.1



Demand for Credit Card Services



Table 3 presents the demand elasticities implied by the estimated regression equations 5 and 7 in section 4. The top and bottom panels of the table show the elasticity measures for prime Table 3: Demand Elasticities



Prime Cardholders



Subprime Cardholders



DC ,AP R DL ,LF DC ,LF (1) (2) (3) Median -1.50 -0.50 -0.16 IQR 1.33 0.23 0.13



Median IQR



-2.38 2.42



-0.24 0.13



0.89 0.81



DL ,AP R DU ,AP R DU ,LF (4) (5) (6) -0.48 -0.17 -0.07 0.44 0.15 0.05



0.02 0.01



-0.17 0.14



-0.02 0.01



Notes: This table presents the demand elasticities implied by estimation of the regression equations, 5 and 7. For full regression results, see Appendix A. The table shows median and interquartile range of elasticities. DU ,AP R refers to the elasticity of credit card usage volume (purchases) with respect to interest rate, DU ,LF refers to the elasticity of purchases with respect to late payment fee, DC ,AP R refers to the elasticity of credit card borrowing volume (balances) to interest rate, DC ,LF refers to the elasticity of balances to late payment fee, DL ,AP R refers to the elasticity of late payment demand to interest rate, and DL ,LF refers to the elasticity of late payment demand to late payment fee. Data are from the CFPB’s CCDB for the sample period September 2009 - August 2011, inclusive. See Section 3 for details.



and subprime cardholders, respectively. We relegate full regression results to Appendix A. 31



In Appendix C we further explore the mechanisms underlying these differences by decomposing demand responses into an extensive and an intensive margin and by measuring how usage is correlated across the three services.
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6.1.1



Prime cardholders



The top panel of Table 3 shows the median and inter-quartile range of estimated elasticities for prime cardholders (first and second rows, respectively).32 As shown in the table, prime cardholders’ demand for all services (purchasing, borrowing, and late payment) rises when their expected price declines.33 In other words, usage behavior among these cardholders follows the law of demand, whereby their choices can be broadly rationalized within the standard rational framework. Own Effects: Column 1 of Table 3 shows that lower rates prompt consumers to increase their balances (see also Figure 2) and that demand for balances is elastic at observed borrowing rates. Further, our estimated elasticity (-1.5) is higher than that (-1.2) estimated in Gross and Souleles (2002), to our knowledge the only other estimate of this quantity.34 There are several key differences between our study and Gross and Souleles (2002). For example, we consider a more recent time period and estimate the average effect for the entire market, instead of only one bank. Most importantly, however, our empirical approach explicitly considers the salient fact that demand for revolving balances is a censored random variable (Table 1). Given this key difference, it is unsurprising that we find a more elastic response of borrowing to APR. Column 2 of Table 3 shows that declines in late fees prompt consumers to pay late more often. Unlike for borrowing, this own response for late payment is inelastic at observed prices. We conjecture that this is due to regulatory pressure in the run-up to the CARD Act. Prior to the late 1990’s, behavioral late fees were rarely used. Gaining in popularity in the early 2000’s, these fees rose steadily, from $5 to $39, until the height of the credit boom in 2006, slowing down just before the CARD Act. Given their short lived free rise, it is likely that, because issuers were still learning about this aspect of demand, late fees would have risen further but for regulatory action, e.g. the OCC Advisory AL 2004-10 and the CARD Act. (See Section 2 for details.) The OCC advisory and the CARD Act both cite unfair and deceptive practices, stemming from consumer mistakes, in their justification of price controls for late fees. While it is beyond the scope of this paper to measure the prevalence of consumer mistakes, we surmise that, given such high prices for late payment ($39), it is likely substantial.35 Nevertheless, we do 32



Because our specification is non-linear, a single estimated parameter corresponds to a distribution of implied elasticities. Table 3 reports quantiles of this distribution, which are distinct from the statistical significance of the estimate. We report statistical significance in the full regression results in the Appendix. 33 All of these effects are statistically significant at the 5 percent level. See Appendix A for details. 34 Note that our estimated demand response becomes even more elastic when including all cardholders, as is the case in Gross and Souleles (2002). 35 As a comparison, note that, at the average prime APR of 14%, $39 is approximately equivalent to the price of revolving an extra $3,300 in that cycle (month), well in the top quartile of revolving (Table 1), or
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document that a decline in the cost of paying late prompts a significantly higher propensity of late payment among cardholders. Perhaps one interpretation of this finding is that mistakes happen less often when they are more costly. Cross Effects: Columns 3 and 4 of the top panel of Table 3 show that prime cardholders revolve more when late fees are lower and pay late more often when interest rates decline. These cross effects are also readily explained within the standard rational framework. Given positive likelihood of late payment (Table 1), a decline in fees lowers the expected cost of revolving, which cardholders seemingly incorporate into their demand for revolving balances. A rise in late payment propensity as a response to lower APR is explained via a similar, and symmetric, argument.36 These indirect cross effects should occur mostly via the extensive margin, e.g. the decision to use a particular service altogether. This is because late payment fees are often constant over a large range of balances (e.g. a late payer is fined $39 if she arrives at the due date with a balance of $1 or $1,000 ). Our Tobit framework allows us to test this prediction by decomposing the demand response into extensive and intensive margins (shown in Table C.1 of Appendix C). Our decomposition suggests that, indeed, this seems to be the case in the data. Nearly 75 percent of our estimated cross effect is on the extensive margin. Columns 5 and 6 show how purchase, or transaction, volume rises given a decline in late fees and/or APR. Following a similar rationale as for the cross effects of revolving and late payment, these provide further evidence consistent with cardholders considering the broader cost of services when making transaction decisions on their card. Like for the above, our decomposition also suggests that this response is mostly on the extensive margin. In other words, lower fees and/or APR raise the likelihood, rather than the intensity, of transacting on a credit card. We would like to reiterate that our demand exercise is not designed to recover parameters of any particular, and ex-ante hypothesized, preference structure. Rather, we seek to understand how cardholders broadly respond to the array of prices they face when deciding how to use their credit cards. Consequently, we cannot show with any specificity how our estimates imply rational behavior, or any departures from it. However, our results do suggest that, among prime cardholders, the demand for all services is decreasing in the collection of prices that comprise the cost of using those services, and that this behavior can, under some conditions, be rationalized. revolving an extra $250 for an entire year. 36 Alternatively, one could think of this in the context of a model of consumer’s using a product with multiple prices for different aspects of product usage. Arguably a more direct explanation is a change in the expected cost of using a credit card: purchases and/or revolving balances can result in a late payment. Consequently, changes in the late payment fee change the expected cost of the above services.
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6.1.2



Subprime cardholders



The bottom panel, rows 3 and 4, respectively, of Table 3 show our estimated median and interquartile range of elasticities for subprime cardholders. The interpretation of estimates for this group is somewhat more nuanced than for prime cardholders. While own demand remains downward sloping, and statistically significant, cross effects are at times either insignificant or, in one case, significant and positive, e.g. demand slopes upward. Further, quantitative differences in own effects between prime and subprime cardholders provide some insight into extant views of consumer behavior in this market. Own Effects: Column 1 shows that subprime cardholders demand for balances rises by 2.4 percent for every 1 percent decline in APR.37 This greater sensitivity to interest rates among subprime cardholders (−2.4 < −1.5) echoes a conjecture in Ausubel (1991) arguing that, because high risk cardholders more often intend to use their cards for borrowing (Table 1), they may be more sensitive to borrowing rates.38 Further, this finding contrasts with earlier hypotheses of consumer rationing (Juster and Shay, 1964), arguing that, because subprime cardholders have excess demand for credit at offered rates (they are often credit constrained), subprime cardholders, should be less sensitive to changes in APR.39 Column 2 of Table 3 shows that subprime cardholders also pay late more often when late fees decline, e.g. their demand is downward sloping. Nevertheless, their late payment propensity is much less sensitive to fees than that of their prime counterparts (−0.24 > −0.50). To the extent that prime cardholders are (arguably) more sophisticated users of credit, the difference in responsiveness across these groups provides supporting evidence for prediction made in recent theoretical work characterizing market outcomes when a proportion of consumers are naive or unsophisticated (DellaVigna and Malmendier, 2004; Ellison, 2005; Gabaix and Laibson, 2006; Ru and Schoar, 2016). These papers define a precise notion of naive or unsophisticated consumers who more often incur such fees (Table 1) and are less likely to alter their behavior when it becomes more or less costly to do so. These behavioral models often assume that fees are not salient to cardholders, whose late payment results from mistakes, such as when they accidentally forget to pay on time. Our results suggest that in fact U.S. cardholders do respond to prices along this dimension. Nevertheless, the heterogeneous response we document is for the most 37



The point estimate from the regression, see Appendix A, though higher, is not twice as large as that for prime cardholders. However, we note that subprime cardholders pay considerably higher interest rates. Thus, a 1 percent change in APR is a much lower percent change for this group. Nevertheless, it elicits as much, or greater, absolute response in balances, implying a much higher elasticity than that of prime cardholders. 38 In contrast, prime cardholders, who likely enjoy cheaper credit alternatives, use their cards more heavily for transacting (Table 1) so may care less about the cost of borrowing. 39 In our analysis we eliminate accounts ever borrowing at the credit limit. Nevertheless, this finding is largely robust to including those accounts as well.
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part consistent with the notion of a more naive, or unsophisticated, contingent of card users in this market. Cross Effects: Column 3 of Table 3 shows that subprime cardholders’ demand for balances is lower when late fees decline, or that their demand slopes upward. The coefficient is statistically significant. Relatedly, Column 4 shows that, while also slightly positive, the propensity to pay late is largely unaffected by movements in the APR.40 Columns 5 and 6 further illustrate that, though now negative, the slope of the demand for purchases as a function of prices is very small and, more importantly, statistically indistinguishable from zero (See Table A.1 in Appendix A).41 With the exception of the cross effect of fees on the demand for borrowing, these findings reflect the notion that, unlike their prime counterparts, subprime cardholders might not consider the expected cost of services fully when making purchasing decisions. A decline in the demand for balances in response to a drop in the late fee is difficult to reconcile within a standard model of consumer choice. Nevertheless, we argue that this finding is consistent with theories of inattention, and/or cognitive scarcity, whereby financially strained individuals’ limited ability (attention) to effectively process information can make them prone to mistakes (Mullainathan and Shafir, 2013; DellaVigna, 2009; K˝oszegi and Szeidl, 2012). For example, when fees are high, financially strained cardholders may focus on avoiding them, potentially losing track of the balances they accumulate. When fees decline, cardholders may shift their attentional resources toward interest rate charges, prompting debt pay down.42 This focus on avoiding late payments thus prompts cardholders to make suboptimal borrowing decisions and reduces their overall wellbeing. A number of recent empirical studies have sought to measure directly the extent of cognitive scarcity and the propensity to make mistakes in the context of consumer lending, broadly, and credit card use, specifically. For example, using data from a field experiment in Brazil, (Medina, 2017) shows that a reminder for timely credit card payment leads a large fraction of consumers to incur checking account overdraft fees instead, a finding consistent 40



We estimate a positive response that is economically small and also statistically indistinguishable from zero. This positive response could potentially be related to the rise in minimum payment amount, which some subprime cardholders could find more difficult to pay before its due. However, this change likely impacts only a few users: minimum payments are usually the greater of $25 or 1 - 2 percent of balances. We calculate that a one-percentage-point increase in APR for an average subprime account leads to an about one percent increase in minimum payment (less than a dollar for most cardholders). 41 Note that the interest rate coefficient (column 5) is of a considerably smaller magnitude, and always statistically insignificant, in some of our other specifications. The late fee elasticity (column 6) is consistently of the same size, and statistically insignificant, for all specifications we consider. 42 Our argument is closely related to work documenting cardholders anchoring payments at the minimum payment amount when fees are high (Keys and Wang, 2016; Stewart, 2009; Navarro-Martinez et al., 2011). These studies show that anchoring is substantial among subprime cardholders, largely impervious to ’nudges’ on repayment patterns, and costly.
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with theories of selective attention (Bordalo et al., 2013). Using individual level data from Canada, (Scholnick et al., 2013) document that poorer, more financially distressed, cardholders are more inattentive to credit card repayments than richer cardholders, even controlling for education. While we do not directly measure inattention and/or mistakes, our finding is in line with these studies. Further, it lends support to the notion that consumers may at times be ineffective decision makers, and that this is systematically reflected in their average demand response to prices. While direct measurement of inattention is beyond the scope of this paper, in Appendix B we explain in detail how predictions in K˝oszegi and Szeidl (2012) are consistent with our finding. Moreover, we explore a number of specifications that might help us eliminate alternative explanations. In one such specification, we find that the decline in balances due to a decrease in the late fee is 25 percent larger for cardholders residing in low income communities, arguably those more financially distressed (Mani et al., 2013). Moreover, we also find a larger effect for the subset of cardholders who never paid late during our sample period. To the extent that these cardholders display a more focus on avoiding fees, we may expect a greater shift in their attention once fees decline.43 Lastly, we find that this effect does not hold for subprime cardholders who did not revolve balances in the three months leading up to the price cap (September 2010). We reiterate that our exercise is not designed to measure the prevalence of inattention among subprime cardholders per se, nor is our data well suited for this purpose. However, our analysis does document that these cardholders’ demand for balances responds to changes in late fees in a manner consistent them displaying some degree of inattention, on average. Moreover, this finding is in line with recent empirical work whose main focus is to understand this mechanism. We thus interpret this finding as suggestive and perhaps warranting further study. 6.1.3



Robustness



We consider a number of alternative specification to assuage remaining concerns that our overall findings may not be robust to various potentially confounding factors. First, we note that our period of analysis begins just three months following the official end of the Great Recession (June 2009) and coincides with the peak recorded unemployment (October 2009). Though we account for changes in income and employment at the county level in addition to time effects, we may be worried that these controls may not be sufficient to purge the impact of this extraordinary period from our demand estimates. To test for this, we construct a sample which excludes cardholders living in states highly 43



In contrast, prime cardholders appear to behave as expected: those who never paid late are considerably less concerned about late payment fee changes (as they would not expect to incur these fees in either case).



25



exposed to the crisis as determined by the Economic Security Index (ESI) (Hacker et al., 2012, 2014).44 We find that our demand estimates using this new sample are nearly unchanged (Table D.1 in Appendix D), and interpret this as further suggestive evidence that, though perhaps still not completely eliminated, any bias from the recession on our estimates may not be a first order concern. Second, we may be concerned with the representativeness of the population of cardholders considered in our analysis. This is because our baseline sample excludes cardholders ever more than 60 days late or borrowing at their credit limit. As explained in Section 5.2, this pruning helps control for other changes in the CARD Act which may otherwise work to confound our results. Notwithstanding, these exclusions may result in an unrepresentative population of cardholders, particularly for the subprime group. To assuage this concern we carry out a sensitivity analysis varying the threshold of utilization for both groups. Specifically, we analyze a 95 percent utilization threshold, our preferred specification, as well as a 90 percent utilization threshold. We find that our estimates are robust to these changes. A third concern is that the CARD Act limited APR movements we use as a basis in our identification. Our selected sample period symmetrically spans one year before and after the CARD Act’s late fee cap. This is to minimize confounding effects resulting from seasonality and from the recovery.45 Nevertheless, changes in repricing activity before and after our sample could imply that our findings may be somewhat misleading. We acknowledge that much of our identification of APR effects on demand is leveraged by repricing activity prior to the CARD Act (Nelson, 2017). However, repricing is not eliminated post CARD Act (Table 2), whereby our identification of APR effects is not restricted to this “pre-period”. As a further robustness of our estimates, we thus extend our sample by one year to September 2012, two years after the price cap and two and a half years after the new repricing rules (Section 2).46 While the our main findings remain largely unchanged, this specification does impact the magnitude of some effects (Table D.3 in Appendix D). Two notable changes worth mentioning are the (1) prime cardholders’ elasticity of the demand for balances with respect to APR (DC ,AP R ), though still negative and statistically significant, is diminished in magnitude and 44



As noted in Hacker et al. (2014), “ESI measures the proportion of individuals who lose at least 25 percent of their available household income, due to either changes in income or changes in out-of-pocket medical spending, and who lack sufficient liquid financial wealth to fully cushion the loss.” We exclude cardholders in the six states singled out to be most affected: Florida, Georgia, Alabama, Mississippi, Arkansas, and California. 45 Our rationale of using one year both before and after is two-fold: the late fee change occurs in the middle of our sample (for all late fee-related identification) and CARD Act’s re-pricing restrictions will not dramatically influence our estimates if there is a structural break post CARD Act. 46 We would have liked to add one year in each direction, however, the CCDB does not go back sufficiently far to include an additional year before the CARD Act. As still a further check, we also estimate APR effects on the demand for balances separately in the pre and post period using our original sample period.
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(2) subprime cardholders’ elasticity of the demand for balances with respect to LF, while still positive and significant, also declines in magnitude. The first difference is likely due to aforementioned changes in repricing activity, which were likely more prevalent among the prime group. The second difference likely stems from changes to our balanced sample. Given that we balance the sample and exclude cardholders ever more than 60 days past due, subprime cardholders remaining in our extended sample begin to more closely resemble prime cardholders on some dimensions. As a result, it may not be entirely surprising to find that demand patterns show less evidence of these cardholders’ proclivity for mistakes due to inattention, or cognitive scarcity. However, it is also possible that the diminished elasticity measured in this specification better resembles actual behavior for this group. In that case, the interpretation of subprime cardholders’ demand becomes straightforward: they simply do not respond to indirect price changes, e.g. display no cross effects. Finally, we note that our sample eliminates individuals hitting their credit limit or becoming seriously, 90 days or more, delinquent. We discussed reasons for this choice in Sections 3 and 5. This pruning disproportionately eliminates subprime cardholders, whereby their proportion is reduced from 17 percent to 5 percent in our population. We cannot perform our analysis with these individuals included without sacrificing the validity of our identification. However, we do examine the extent to which these choices may have impacted the overall population along relevant observables. In Appendix D, we recreate Table 1 using the entire dataset, without balancing or removing accounts. While largely the same, there are some small intuitive differences. For example, cardholders generally hold somewhat higher balances, are somewhat more likely to revolve, and have a somewhat lower credit limit, all side effects of our requirement of never reaching the credit limit and never being 90 days or more late. The most notable difference is the late payment propensity among subprime cardholders. In our estimation sample, this probability is about half of what it is for the broader population. We believe this difference suggests that our analysis is based upon subprime cardholders who are, in a sense, closer to the prime cardholders, e.g. not as likely to incur a late fee as their peers who are not in our sample, yet, still more than twice as likely to incur a late fee than prime cardholders. Thus, we conjecture that differences we find between prime and subprime cardholders may be understated.



6.2



Monetary Policy and Demand for Consumer Credit



Using our demand estimates we calculate the impact of a hypothetical 200 basis point (bp) increase in the FFR on credit card revolving balances. As noted in Section 2, the vast majority of accounts carry variable APRs and so credit card issuers contractually commit
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to pass all of the increases in their prime rate onto existing accounts’ APRs.47 To focus on the direct effect of the FFR change on revolving balances, what we call the pure APR effect, we hold constant all other variables affecting demand for credit card balances.48 We first document the average effects for prime and subprime cardholders and then we discuss some caveats of our analysis with respect to holding constant other factors governing demand for credit card balances. Table 4 shows the average effects of a 200 bp increase in the FFR on credit card balances for prime (top row) and subprime (bottom row) cardholders. As should be evident from



Table 4: Effects of the rise in Federal Funds rate on credit card borrowing.



Prime Cardholders Subprime Cardholders



Revolving Balances Percent Change (1) -22.88% -28.09%



Percent of Revolvers Percentage Point Change Percent Change (2) (3) -2.88% -18.55% -4.17% -21.73%



Notes: This table shows the average effects of a hypothetical 200 basis point rise in the Federal Funds rate on the estimated credit card balance demands of prime and subprime accounts, respectively.



Table 3, the main economic impact of the change in FFR is from a reduction in average balances. Moreover, the effects of interest rates on consumer borrowing is an especially important component of interest rate setting for policy makers. As a result we focus on this particular effect. Column (1) shows the percent change in revolving balances, column (2) shows the percentage point change in the propensity to revolve any debt, and column (3) shows the percent change in the overall revolving rates. As shown in the top row of the table, we calculate that on average, prime cardholders’ debt balances decline by about 23 percent, whereby revolving propensity declines by nearly 20 percent. The average subprime cardholder reduces her balances more, or by about 28 percent. Among the subprime group about 1 in 24 cardholders stop revolving balances altogether. This corresponds to a nearly 22 percent decrease in the likelihood of revolving among these cardholders. According to the New York Fed Consumer Credit Panel/Equifax, total outstanding balances among cardholders were approximately $784 billion in the second quarter of 2017, and according to Consumer Financial Protection Bureau (2015), at the end of 2015 prime cardholders accounted for 81 percent of the balances outstanding. Assuming this proportion 47



APR on an account is calculated as a fixed markup over the prime rate, which is defined as 300bp plus the FFR. 48 Using our estimates, an interested reader can also calculate the effect of the 200 bp increase in FFR on the propensity to pay late.
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remains constant, prime cardholders held $635 billion of the debt. Thus, our estimates imply that a 200 bp increase in the FFR reduces balances in the prime market by $635×23% = $146 billion. Balances in the subprime market decline by $149 × 28% = $42 billion. Altogether, we calculate that the pure APR effect on total credit card debt is approximately $188 billion.49 Using average interest rates offered in each of the prime and subprime markets, and taking into account the imposed rate increase of 200 bp, this decline in balances implies (14% + 2%) × $146 − 2% × $635 = $10.66 billion and (18% + 2%) × $42 − 2% × $149 = $5.42 billion reduction in yearly finance charges among prime and subprime customers, respectively.50 Caveats: As noted above, we analyze the effects of a rise in FFR only in as much as it affects demand through an increase in cardholders’ account APRs, the pure APR effect. One caveat to this approach is that we estimate the demand response of individual accounts as opposed to an increase across the board for all credit cards. Many cardholders could potentially switch to a different card, in which case we may be overestimating the response to a true across-the-board interest rate increase. Similarly, cardholders may switch to other credit products available to them. Given our data, we cannot say much about changes in cardholders’ borrowing mix across various products, although rates on those products are likely to rise as well. We can claim, however, that APRs on existing accounts adjust quickly, and, given that few other products provide flexible lines of credit, in the short to medium run consumers may have few substitutes for credit card borrowing. As a result, our approximation might be reasonable for many cardholders for shorter time horizons and more so if other credit card debt is less substitutable. Another caveat is that FFR increases likely affect a multitude of macroeconomic variables, which would in turn affect consumers’ demand for credit card balances. Such general equilibrium effects on consumers’ balances are most apparent through changes in employment and wages, often via productivity and price level changes. A number of empirical studies have analyzed effects of monetary policy on wages, employment, and output (Bernanke et al., 2005; Uhlig, 2005). These studies have found mostly modest effects in the short run.51 Reconciling previous approaches, Coibion (2012) shows that an FFR increase leads to small drop in prices and industrial production, and a modest rise in unemployment. These changes 49



Additionally, millions of accounts will respond on the extensive margin, by not holding any balance at



all. 50 Note that ∆(F inance Charge) = R0 × D0 − R1 × D1 = (R0 − R1 ) × D0 − R1 × (D1 − D0 ). Interest payment reductions are calculated using the average interest rates, 14 and 18 percent, faced by each risk type, respectively. See Figure 1. 51 An exception is Romer and Romer (2004). In this study, the authors use different data for measurement (records from the Federal Open Market Committee meetings and internal Fed forecasts) and find considerably larger effects. Coibion (2012) shows that several plausible assumptions make the differences between the two approaches considerably smaller than they initially appeared.
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take about one to two years to take full effect. For example, following a 100 bp rise in the FFR, it takes about 1 year for unemployment to rise by 0.5 percent. Moreover, it takes 18 months for a similar shock to reduce industrial production by 1.5 percent; prices take about 2 years before any adjustment takes place. It is likely that unemployment, prices, and production, the latter affecting wages, are the most important general equilibrium contributors to the effects of monetary policy on consumer credit. Both productivity and price level drop eventually result in an average wage decrease, the timing of which may be difficult to predict given wage rigidities. As a result, despite a productivity slowdown following a rise in FFR, the effect on wages may take time to percolate through the system. In all, we suspect that the effects of an FFR rise on credit card balances through employment and wages would be small at first. Short term first-order effects of this shock would be through APRs. A rise in the FFR might also affect consumption directly, through expectations perhaps, which could in turn affect the demand for credit card balances. Bernanke et al. (2005) reports small direct effects FFR movements on consumption. Finally, we do not take into account other supply-side responses by credit card issuers. Agarwal et al. (2015a) analyze the question of pass-through of monetary expansions to consumers, and suggest that issuers increase credit limit of prime cardholders, while keeping the credit limit of subprime cardholders virtually unchanged. For a contractionary monetary policy, this would suggest a decrease in prime consumers’ credit limit. However, Agarwal et al. (2015a) note that prime cardholders’ marginal propensity to consume out of the changed credit limit is low, suggesting low overall effect on credit card balances. Subprime cardholders would likely be unaffected by this supply change.



7



Conclusion



In this paper we study how demand for credit card services in the US responds to the collection of prices that comprise the total cost of utilizing those services. Going beyond previous work, we also estimate these demand responses separately for prime and subprime cardholders. We find that prime cardholders raise their demand for all three services, namely borrowing, transacting, and late payment, in response to a decline in both the own price and/or the cross price. In contrast, subprime cardholders seem less responsive to cross prices overall, whereby their demand behavior displays some evidence of mistakes driven by inattention. Further, we find significant quantitative differences in response intensity across prime and subprime cardholders. Specifically, prime cardholders are more responsive to late payment fees, which is suggestive of greater financial sophistication, while subprime cardholders are more responsive to APR, a finding in line with existing theories of adverse 30



selection (Ausubel, 1991). Using our estimates, then we calculate the pure APR effect of a simulated two percentage point rise in the FFR, holding all else equal. Our estimates imply that on average this decreases credit card borrowing by 23 and 28 percent among prime and subprime cardholders, respectively, whereby the propensity to revolve any debt fall by approximately 20 percent overall. The above implies an aggregate decline in borrowing of $188 billion, $42 of which comes from subprime revolvers. At the average observed APR, we calculate that these declines mean that consumers pay about $16 billion less in interest each year. Finally, we note that our study focuses on existing cardholders’ steady state, or static, demand response to changes in rates and fees. As a result, we are unable to consider a number of important elements governing consumer choice in this market. These include dynamic pricing behavior, such as promotional rates, rewards, consumer default, learning, or competition. Moreover, because our reduced form approach is focused on tracing broad demand patterns given a mix of prices and services, it is largely agnostic about specific preference structures. Taking an informed stand on the exact model of consumer choice would also allow for a discussion of the impact of a larger set of policies on consumer welfare. We leave such analysis for future work.
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A



Main Regression Results



Table A.1 shows our main regression results. Columns (1) and (2) show results for balances, columns (3) and (4) for late payment, and columns (5) and (6) for purchase volume.



Table A.1: Demand Response Regressions (Full Sample) Depvar



LF APRT ot Account Age Account Age2 %∆Wage %∆Employment %(Line ↓)t−1 %(Line ↑)t−1 Trend Trend2 Trend3 σ



N T LL



Balances Prime Subprime (1) (2) -0.0524 0.2286 (0.0073) (0.0066) -1.1123 -1.0160 (0.0344) (0.0349) 0.0166 -0.0162 (0.0104) (0.0091) 0.0003 -0.0001 (0.0002) (0.0002) 0.0182 0.1133 (0.0319) (0.0293) -0.3874 -0.1430 (0.0692) (0.0570) 0.0580 -0.0179 (0.0074) (0.0052) -0.0266 -0.0130 (0.0043) (0.0029) 0.0165 0.2494 (0.0198) (0.0160) -0.0188 -0.0958 (0.0071) (0.0063) -0.0382 -0.2746 (0.0166) (0.0141) 1.5901 0.9356 (0.0012) (0.0022) 18,463 24



20,423 24



-258,665.8695 -197,175.1349



Late Payment Prime Subprime (3) (4) -0.0768 -0.0449 (0.0173) (0.0112) -0.1600 0.0047 (0.0655) (0.0439) 0.0476 0.0536 (0.0240) (0.0166) -0.0002 -0.0015 (0.0004) (0.0004) -0.0217 0.0613 (0.0734) (0.0537) -0.1528 -0.2312 (0.1613) (0.0875) -0.0031 0.0037 (0.0182) (0.0110) -0.0009 -0.0046 (0.0088) (0.0048) -0.1561 -0.2310 (0.0458) (0.0288) 0.0684 0.1842 (0.0162) (0.0111) -0.0193 0.0571 (0.0383) (0.0252) 1 1 (0) (0) 8,733 24



14,019 24



-44,625.8886



-95,080.2933



Purchases Prime Subprime (5) (6) -0.0158 -0.0017 (0.0059) (0.0064) -0.0836 -0.0276 (0.0254) (0.0262) 0.0346 0.0006 (0.0083) (0.0098) -0.0001 0.0003 (0.0001) (0.0002) -0.0088 -0.0028 (0.0255) (0.0310) -0.1598 -0.1786 (0.0527) (0.0702) 0.0750 0.0094 (0.0061) (0.0049) -0.0151 -0.0103 (0.0039) (0.0027) -0.0732 -0.0044 (0.0159) (0.0168) 0.0266 0.0361 (0.0056) (0.0065) 0.0133 -0.0238 (0.0133) (0.0146) 0.8855 0.4673 (0.0014) (0.0035) 23,820 24



20,026 24



-201,629.0621 -36,290.8286



Notes: The table shows full regressions results used to calculate elasticity distributions in table 3. LF row shows the current response to the late payment fee changes. APRT ot row shows the “long-run” response to the APR changes, which is the sum of the current and delayed responses up to six months. Standard errors are in parentheses.



For reasons of scaling, balances and purchase volume are measured in $1000s and LF and APR are measured in 10 percentage points (APR = 14.99% → 1.499) or dollar (LF = $39 → 3.9) units, respectively. Account age is measured in years and the trend is the number 1 in October 2010 and value of years from September 2010. In other words, it takes value 12 1 − 12 in August 2010. Line increases (%(Line ↑)t−1 ) and line decreases (%(Line ↓)t−1 ) are measured as a percent change in accounts’ available credit line as of the previous month. 37



B



Link to the Limited Attention Theory



In this section, we expand on our observation that our estimates cannot rule out subprime cardholders behaving according to limited attention/cognitive scarcity theories. Recall that on average subprime cardholders’ balances decrease in response to an LF reduction, upward sloping cross price effect of demand (Tables 3 and A.1). This effect is difficult to reconcile with standard models as it implies that cardholders demand more when expected price of doing so rises. K˝oszegi and Szeidl (2012)’s model of focusing predicts that consumers with limited attention focus on those dimensions that make options vary by the largest amount. Their model explains why consumers choose expensive financing even without liquidity constraints. In the context of credit card repayments, cardholders must consider a number of factors, APR, LF, total unpaid balances, and minimum payment amount due. Cardholders might then focus on paying the minimum payment amount (or some similar fixed amount) on time to avoid the LF, which is a relatively large cost upfront, at the expense of paying monthly finances every month. As an example, consider the following repayment options for a cardholder with a balance of $1,000: (1) repay the entire balance, (2) repay the minimum payment of $25 (or a similar heuristic amount above the minimum payment), or (3) repay nothing.52 Suppose her APR is 18% (the average for subprime cardholders) and the LF is $39 (the modal fee before the cap). If the cardholder chooses option 1, she avoids $15 in finance charges and the $39 LF, but she forgoes $1,000 of other consumption. By choosing option 2, she pays $25 today, avoids LF, but incurs a finance 1 . With option 3, she incurs both the $15 finance charge of $14.60 = (1000 − 25) × 0.18 × 12 charge and the LF. Both options 1 and 2 mean avoiding a late fee, but option 1 also involves a large repayment (forgoing potentially $1,000 of current consumption) with a benefit of a relatively modest difference in finance charges ($14 vs. $15). The repayment amount today thus makes the first two options vary most in the current month, even though interest costs might sum up to a large sum over several months. Option 2 implies a small amount of foregone consumption ($25) compared to no consumption sacrifice in option 3, whereas option 2 avoids a costly LF ($39) today that option 3 cannot. As detailed in K˝oszegi and Szeidl (2012)’s model, if this cardholder has limited attention (even without liquidity constraints), she will choose option 2 since the late fee is larger than paying the minimum amount today. A reduction of LF from $39 to $25 could lead some subprime cardholders to pivot their focus towards the finance charges, especially if they are revolving high balances and thus incurring substantial finance 52



The exact formula for the minimum payment amount varies across issuers, but typically it is the maximum of $25 and 1-2% of balances. According to this formula, the minimum payment amount will be $25 for a balance of $1,000.
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charges. This would then induce them to pay down their balances, a response consistent with our finding. With this in mind, we estimate the response of subprime cardholders’ balances to APR and LF separately for different subsamples of subprime cardholders in an attempt to provide further empirical evidence in favor of this view. We make four comparisons: (1) Rich vs. Poor (2) Sometimes Late vs. Never Late (3) Pre-Transactors vs. Pre-Revolvers and (4) Pre and Post CARD Act elasticities.53 Table B.1 shows the elasticities of subprime cardholders’ balances to APR and LF for each of the above subsamples. Comparing the first two rows in the second column shows that Table B.1: Subprime Elasticities By Type



Rich Poor



DC ,AP R -2.4295 -2.2537



DC ,LF 0.8371 1.1025



Sometimes Late Never Late



-4.1749 -0.1399



0.7472 1.0340



PreTrans PreRevolve



-6.7859 -0.9457



-1.7510 0.8853



PreCARD PostCARD



-1.6191 -5.3645



poor subprime cardholders’ balances respond more positively to LF cap (with an elasticity of 1.10) compared to rich subprime cardholders’ balances (with an elasticity of 0.84). This is consistent with the limited attention theories, which predict that consumers with more financial stress are more likely to face limited attention (Mullainathan and Shafir, 2013; DellaVigna, 2009). Besides, comparing the third and fourth rows in the second column shows that never late subprime cardholders’ balances respond more positively to the LF reduction (with an elasticity of 1.03) compared to sometimes late subprime cardholders’ balances (with an elasticity of 0.75). This is consistent with the focusing theory of K˝oszegi 53



Rich subprime cardholders are those who reside in the richest counties (in the 80th percentile of income according to census data) and poor are those who reside in the poorest counties (in the 20th percentile of income). Never late are those who never paid late throughout our sample period and sometimes late paid late at least once during this period. PreTransact are transactors without any revolving balances in the last three months before the LF cap (in June, July, August 2010) and PreRevolve are those with revolving balances in the last three months before the LF cap. PreCARD and PostCARD refer to subprime cardholders before and after the LF cap implementation, respectively.
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and Szeidl (2012), since those consumers that paid never late are the ones focusing their limited attention to avoiding late payments and thereby they shift more of their attention to paying down their balances as a response to the decrease in LF. Indeed, comparing the same rows in the first column shows that never late subprime cardholders’ balances respond much less to APR changes (with an elasticity of −0.14) than sometimes late subprime cardholders’ (which has an elasticity of −4.17). This finding further suggests that subprime cardholders who focus their limited attention in avoiding late payments are less sensitive to APR than the subprime cardholders who were sometimes late. The subprime cardholders with limited attention should be among the ones revolving balances before the LF change. Comparing the fifth and sixth rows in the second column shows that pre-revolvers are indeed the ones that exhibit limited attention response; lower their balances as a response to the LF reduction. On the other hand, subprime cardholders that were transactors in the three months prior to the LF change exhibit rational consumer behavior; keep more unpaid balances as a response to the LF reduction (negative crossproduct demand response). Finally, comparing the seventh and eight rows in the first column shows that subprime cardholders’ balances become much more sensitive to the APR changes after the LF cap (with an increase of elasticity from −1.62 to −5.36). This is consistent with the focusing theory of K˝oszegi and Szeidl (2012), since their model would predict an increased sensitivity to a less-focused dimension as a result of a reduction in the importance of the focused dimension. Table B.2 show the estimation results for these eight different subsamples. Columns 1 and 2 present the results with the sample of rich subprime cardholders and the sample of poor cardholders, respectively. Columns 3 and 4 present the results with the sample of never late cardholders and the sample of sometimes late cardholders, respectively. Columns 5 and 6 present the results with the sample of PreTransactors and the sample of PreRevolvers. Finally, columns 7 and 8 present the estimation results of the sample of subprime cardholders before and after the LF cap implementation, respectively.



40



41



-158,350



LL



-38,642



4,116 24



-95,717



9,545 24



Poor Never Late (2) (3) 0.2866 0.1957 0.0159 0.0092 -0.9339 -1.7773 0.0739 0.0638 -0.0761 -0.0272 0.0204 0.0129 -0.0015 5.2077e-04 4.6372e-04 2.9019e-04 -0 1862 0.0303 0.0650 0.0417 0.0848 -0.0339 0.0770 0.0736 -0.0297 -0.0199 0.0110 0.0078 -0.0045 -0.0155 0.0067 0.0040 0.4640 0.2644 0.0403 0.0229 -0.1297 -0.1666 0.0140 0.0092 -0.3133 -0.1850 0.0323 0.0199 0.9072 0.9382 0.0052 0.0039



-100,070



10,878 24



Sometimes Late (4) 0.2602 0.0097 -0.0594 0.0376 -3.0525e-04 0.0128 -0.0012 2.9196e-04 0.2003 0.0418 -0.2895 0.0907 -0.0171 0.0071 -0.0093 0.0041 0.2298 0.0226 -0.0144 0.0085 -0.3593 0.0204 0.9277 0.0026



-51,836



6,931 24



PreTransact (5) -0.3925 0.0217 -2.4242 0.0944 0.6199 0.0357 0.0040 3.9096e-04 0.7252 0.0839 -0.1251 0.1061 0.0705 0.0124 -0.0145 0.0053 -1.0425 0.0644 1.6839 0.0330 -0.2490 0.0269 1.4090 0.0079



-128,820



13,492 24



PreRevolve (6) 0.2800 0.0076 -0.5051 0.0340 -0.0595 0.0103 -0.0015 2.3512e-04 0.0531 0.0328 -0.1286 0.0690 -0.0360 0.0058 -0.0129 0.0035 0.3112 0.0185 -0.3620 0.0080 -0.1859 0.0157 0.8581 0.0022



-67,779



20,423 12



-21,962



20,423 12



PreCARD PostCARD (7) (8) 0 0 0 0 -0.6027 -1.5328 0.0449 0.1403 0.0479 0.0756 0.0152 0.0201 5.8950e-05 -5.9318e-04 4.1894e-04 4.3204e-04 0 1089 0.0288 0.0438 0.0417 0.2813 -0.0274 0.0809 0.0985 -0.0305 -0.0162 0.0081 0.0072 -0.0040 -0.0041 0.0034 0.0065 -0.2233 -0.0661 0.1459 0.0620 -0.5790 -1.0233 0.3214 0.3778 -0.4979 0.8941 0.2019 0.3009 0.7925 0.6146 0.0032 0.0056



Notes: The table shows full regressions results used to calculate elasticities in table B.1. LF row shows the current response to the late payment fee changes. APRT ot row shows the “long-run” response to the APR changes, which is the sum of the current and delayed responses up to six months. Numbers in the parentheses show standard errors.



16,307 24



Rich (1) 0.2145 0.0075 -1.0433 0.0398 -0.0106 0.0104 1.9876e-04 2.2951e-04 0.1598 0.0338 -0.3382 0.0905 -0.0148 0.0060 -0.0149 0.0032 0.2044 0.0181 -0.0879 0.0071 -0.2609 0.0157 0.9426 0.0025



N T



σ



Trend3



Trend2



Trend



%(Line ↑)t−1



%(Line ↓)t−1



%∆Employment



%∆Wage



Account Age2



Account Age



APRT ot



LF



Depvar



Table B.2: Demand Response for Balances (Subprime) By Type



C



Demand Decompositions



In this appendix we, first, analyze separately the effects of prices on extensive and intensive use of a product to better understand the mechanisms underlying our estimated elasticities. This analysis stems directly from the censored structure of our framework. Second, we analyze correlations across services. While our analysis is carried out in a limited information setting, we can look at how consumers actions correlate across services using fixed heterogeneity (i.e. the fixed effects) as well as propagation of shocks (i.e. the residual).



C.1



The Extensive vs. Intensive Margin



Cardholders who carry balances are often termed revolvers, while those who do not are either called transactors, if they make purchases, or inactive, if they do not use their card at all. Our demand specification captures these possibilities, allowing us to decompose demand decisions into an extensive margin, that is the propensity to use a service at all, and the intensive margin, the quantity of that service to use when using. More specifically, from the Tobit functional form and using Bayes rule it follows that E[DitB |P, X] = E[DitB > 0|P, X] · E[DitB |DitB > 0, P, X],



(C.1)



where B ∈ {U, C}. By taking derivatives of both sides with respect to prices and normalizing by the level we obtain E[DB |P, X],P = E[DitB >0|P, X],P + E[DitB |DitB >0, P, X],P , | | {z } {z } | it{z } T otal



Extensive



(C.2)



Intensive



which we re-write as Extensive TDotal + Intensive . B ,P = D B ,P DB ,P



(C.3)



Normalizing both sides by the total elasticity (TDotal B ,P ) gives the relative, or proportional, importance of each margin for the total effects of prices on each demand. Note that these margins are identified from movements into and out of purchasing/revolving over time and across accounts. We carry out this decomposition for the elasticity of purchases with respect to LF (DU ,LF ) and the elasticity of balances with respect to LF (DC ,LF ), which are shown in Table C.1 for the median prime cardholder (the first row) and the median subprime cardholder (the second row). As discussed in Section 6.1, a decrease in LF leads to more purchasing among prime cardholders, a response consistent with a model of rational consumer choice. A feature of
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Table C.1: Decomposition of demand responses: Extensive and Intensive Margins



Prime Subprime



DU ,LF Extensive Intensive (1) (2) -68.2% -31.8% -74.2% -25.9%



DC ,LF Extensive Intensive (3) (4) -74.3% -25.7% 65.3% 34.7%



Notes: “Extensive” refers to the elasticity at the extensive margin, that is, the percentage change in the expected probability of having a positive purchase/balance volume when the late payment fee increases by 1%. “Intensive” refers to the elasticity at the intensive margin, that is, the percentage change in the demand for purchases/balances when the late payment fee increases by 1%, conditional on having a positive purchase/balance prior to the late fee change.



credit card pricing is that late payment fees are largely unrelated to the volume of purchase.54 This means that the greatest change in expected cost of usage occurs at the extensive margin. As a result, we would expect that cardholders respond to an LF decrease mostly by using their card more often, rather than more intensely. Consistent with this notion, we find that for the median prime cardholder nearly 70 percent of the effect of LF on prime cardholders’ credit card usage is attributed to the extensive margin. Using a similar reasoning, we expect that the effect of late fees on balances should come primarily through the extensive margin. Indeed, we find that nearly 75 percent of the effect of LF on prime cardholders’ balances stems from a reduction in the probability of revolving. Recall that subprime cardholders’ balances decrease in response to a reduction in LF. We argued that this positive response might be consistent with the theories of limited attention. Our decomposition result for subprime cardholders shows that nearly 66 percent of the response comes from the extensive margin, or a decline in the probability of revolving. This is consistent with subprime cardholders increased sensitivity to finance charges leading to lower propensity to revolve balances at all.



C.2



Correlation of Demand Across Services



In principle, one may expect time invariant characteristics (fixed effects) of cardholders’ behavior to positively covary, for example those who are high volume purchasers might also borrow more. One may also expect monthly shocks to propagate across services, such as if a cardholder were compelled to make large purchases on a card in a given month she may also 54



This is not true for very high purchase or debt volumes, however, it applies for the vast majority of users.
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then borrow more than is customary. Similarly, large purchase or greater borrowing relative to a cardholder’s norm may also mean a higher propensity to pay the bill late. Our empirical strategy uses a limited information maximum likelihood approach. In other words, we do not directly estimate coefficients of correlation for tastes and shocks to demand across services. Nevertheless, we utilize fixed effects and calculate generalized residuals (Chesher and Irish, 1987; Gourieroux et al., 1987) from our estimated demand equations to measure indirectly how tastes are correlated across services and how shocks filter through different usage decisions. Table C.2 shows pairwise correlation patterns across equations for both tastes (fixed effects) and shocks (residuals), and across risk groups. Specifically, we Table C.2: Correlation of Demand Across Services



Subprime Cardholders Prime Cardholders



ρ(U, C) (1) FE (Rank) 0.08 Shock 0.17 FE (Rank) 0.16 Shock 0.22



ρ(U, L) ρ(C,L) (2) (3) -0.01 0.1 0.04 0.10 0.16 0.26 0.05 0.18



Notes: This table shows pairwise correlations for (1) fixed effect rank (2) generalized residuals (Chesher and Irish, 1987; Gourieroux et al., 1987) using estimated demand equations (Appendix A). Column (1) show correlations between purchases (U) and balances (C), Column (2) shows correlations between purchases and late payment (L), and column (3) shows correlations between balances and late payment.



calculate the pairwise correlation for each of the three demand equations on (1) rank of fixed effect (taste) and (2) generalized residual (shock). Column (1) shows correlations between purchasing (U) and borrowing (C), column (2) shows correlations between purchasing and late payment (L), and column (3) shows correlations between borrowing and late payment. As shown in the table, for the most part both time invariant tastes and shocks positively covary across all services and groups. One notable exception is tastes for purchasing and paying late among subprime cardholders. Still, we find substantial differences in the degree of correlation across tastes and shocks and for various cardholder groups. For example, subprime cardholders’ tastes exhibit very little correlation across types of usage. One exception is the correlation between borrowing and paying late for low income households, a finding highlighting a strain to make on-time payments because of tight budgets. In contrast, prime cardholders’ tastes are more correlated across usage types. Higher correlation in tastes among this group may be an indication that credit card usage is more incorporated into the broader lifestyle of prime consumers leading to more entrenched tastes in usage in this group.55 55



There may also be different types of cards offering various rewards that target certain types of users.
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For both prime and subprime, although still somewhat low, we generally find a higher correlation in shocks (residuals) across services than in tastes. Moreover, we find few differences in the correlation of shocks among these two cardholder types. Our estimates thus reveal modest spillover effects of shocks into usage of different services. For example, for a prime cardholder, a 1-standard deviation increase in purchasing relative to expectation (“shock”) is commensurate with a 0.2 standard deviation increase in the level of borrowing. To translate this into dollar amounts, a shock sufficient for a prime cardholder to increase purchase volume by $500 relative to normal is correlated an increase roughly $100 in balances. Notably, these effects are not materially different across risk or income types.



D



Robustness



We explore various specification to test the robustness of our estimates to a number of potential identification threats. Specifically, we consider a subsample with a lower exposure to the recession and one in which we extend the sample period to two years after the recession. Exposure to the Great Recession: Our sample period includes the years that are affected by the Great Recession. One might ask whether the recession could affect different cardholders’, e.g., subprime vs prime, credit card demands differently, and thereby pollute the estimates of our analysis.56 To address this potential concern, we re-estimate our model and derive elasticities after we drop states with high exposure to the recession (FL, GA, AL, MS, AR, CA), based on an Economic Security Index (ESI) of Hacker et al. (2014). These are shown in Table D.1. Table D.1: Elasticity Estimates: Low Exposure Sample



Prime Accounts Subprime Accounts



DC ,AP R DL ,LF DC ,LF DL ,AP R DU ,AP R DU ,LF (1) (2) (3) (4) (5) (6) Median -1.523 -0.506 -0.152 -0.377 -0.143 -0.085 IQR 1.351 0.237 0.123 0.346 0.127 0.059 Median -2.640 -0.146 0.912 -0.037 -0.338 0.028 IQR 2.715 0.081 0.834 0.024 0.261 0.015



Notes: This table presents the demand elasticities implied by estimation of the regression equations, 5 and 7 for the low exposure sample. It excludes cardholders residing in the states that have high exposure to the Great Recession (FL, GA, AL, MS, AR, CA). See notes in Table 3 for details.



As shown in the table, both prime and subprime cardholders’ credit card demand responses to APR and LF are mostly similar to those that we derive in our main analysis, Table 3. One notable difference is that both prime and subprime cardholders’ balances are 56



We thank a referee for raising this point.
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more sensitive to APR after we drop the high exposure states. This is expected, since cardholders residing in high exposure states could find it more difficult to adjust their credit card borrowing as APR changes, since they must be more likely to be liquidity constrained. Table D.2 shows the regression results from this table. For details see Table A.1 in Table D.2: Demand Response Regression (Low Exposure Sample) Depvar



LF APRT ot Account Age Account Age2 %∆Wage %∆Employment %(Line ↓)t−1 %(Line ↑)t−1 Trend Trend2 Trend3 σ N T LL



Balances Prime Subprime (1) (2) -0.0520 0.2410 (0.0085) (0.0080) -1.1533 -1.1437 (0.0393) (0.0428) 0.0245 -0.0165 (0.0117) (0.0104) -0.0001 -0.0006 ( 0.0002) (0.0002) 0.0192 0.1136 (0.0352) (0.0329) -0.4469 -0.1706 (0.0775 ) (0.0633) 0.0579 -0.0279 (0.0086) (0.0061) -0.0225 -0.0132 ( 0.0052) (0.0035) 0.0245 0.2931 (0.0230) (0.0190) -0.0360 -0.1232 (0.0082) (0.0076) -0.0552 -0.2870 (0.0193) (0.0168) 1.6200 0.9498 (0.0014 ) (0.0027) 13,654 14,442 24 24



Late Payment Prime Subprime (3) (4) -0.0782 -0.0278 (0.0202) (0.0132) -0.1245 -0.0099 (0.0746) (0.0513) 0.0423 0.0513 (0.0270) (0.0188) 0.0003 -0.0018 (0.0005) (0.0004) -0.0484 0.0698 (0.0804) (0.0598) -0.1358 -0.2083 (0.1782) (0.0955) -0.0009 -0.0031 (0.0211) (0.0130) 0.0048 -0.0040 (0.0107) (0.0057) -0.1712 -0.2114 ( 0.0531) (0.0335) 0.0692 0.1795 (0.0189) (0.0131) -0.0178 0.0659 (0.0446) (0.0297) 1 1 (0) (0) 6,446 10,043 24 24



-195,105.6496 -143,230.9318 -32,971.5895



-69,281.1573



Purchases Prime Subprime (5) (6) -0.0185 0.0027 (0.0069) (0.0077) -0.0701 -0.0520 (0.0288) (0.0307) 0.0308 0.0006 (0.0094) (0.0113) -0.0001 0.0003 (0.0002) (0.0002) -0.0285 0.0005 (0.0281) (0.0348) -0.1305 -0.1863 (0.0578) (0.0807) 0.0820 0.0062 (0.0071) (0.0056) -0.0167 -0.0102 (0.0046) (0.0033) -0.0728 0.0025 (0.0184) (0.0199) 0.0276 0.0296 (0.0066) (0.0078) 0.0170 -0.0238 (0.0155) (0.0174) 0.8796 0.4640 (0.0017) (0.0043) 17,603 14,159 24 24 -147,649.1450 -24,742.4011



Notes: The table shows full regressions results used to calculate elasticities in table D.1. LF row shows the current response to the late payment fee changes. APRT ot row shows the “long-run” response to the APR changes, which is the sum of the current and delayed responses up to six months. Numbers in the parentheses show standard errors.



Appendix A. Extending the sample period: We estimated credit card demand responses to prices one year before and one year after the CARD Act implemented the LF cap. The main reason is to exploit the exogenous variation in LF due to the CARD Act. On the other hand, the CARD Act included provisions significantly limiting upward APR repricing. One could be concerned with the possible structural change and whether this could pollute the estimates 46



of our main analysis. To address this potential concern we extend the sample period one year and derive our results for the sample period from Aug 2009 to Aug 2012, inclusive.57 Table D.3 derives elasticities for the extended sample. As shown in the table, we note Table D.3: Elasticity Estimates: Extended Sample



Prime Accounts Subprime Accounts



DC ,AP R DL ,LF (1) (2) Median -0.458 -0.365 IQR 0.356 0.140 Median -2.990 - 0.174 IQR 2.883 0.049



DC ,LF DL ,AP R DU ,AP R DU ,LF (3) (4) (5) (6) - 0.108 -0.664 -0.034 -0.041 0.076 0.312 0.028 0.028 0.017 0.534 0.027 0.019 0.015 0.325 0.021 0.011



Notes: The table shows median and interquartile range of elasticities for the extended sample. Data are from the CFPB’s CCDB for the sample period September 2009 - August 2012, inclusive. For details see note in Table 3.



two main differences for this sample as compared to the main sample. The first important difference is that subprime balances’ response to LF becomes nearly zero in the extended sample (0.017), whereas this response was economically significant (0.84) in the original sample. This difference could be due to us extending the sample by one year and keeping it balanced. Balancing might result in us selecting those subprime cardholders that behave more like prime (for example, those that have never been more than 60 days late in three years and never approached their credit limit), and thus their elasticity becomes closer to the (negative) elasticity of prime cardholders. The second important difference is that prime balances’ sensitivity to APR decreases from -1.5 (in the original sample) to -0.46 in the extended sample. This might also be due to selecting particular prime cardholders into the sample by extending it one year and keeping it balanced: Those prime accounts that stay active throughout the three years are more likely to be the ones that do not use balance transfers extensively and so these prime accounts’ balances might be less sensitive to APR changes than our original sample. However, this could also be an artefact of the repricing restrictions in CARD Act resulting in a regime shift, that could generate APR changes correlated with some demand factors. To sum up, most of our qualitative results remain to be valid for the extended sample, however, some of our estimates become significantly lower in magnitude (albeit they still remain statistically significant). Table D.4 shows the full regression results using the extended sample. As for the low exposure sample, see Table A.1 in Appendix for details. A. 57



We thank a referee for suggesting this robustness analysis.
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Table D.4: Demand Response Regressions (Extended Sample). Depvar



Balances Prime Subprime (1) (2) LF -0.0456 0.0058 (0.0070) (0.0061) APRT ot -0.4158 -1.7519 (0.0318) (0.0476) Account Age 0.0068 0.0158 (0.0093) (0.0082) Account Age2 0.0002 0.0001 (0.0001) (0.0001) %∆Wage 0.0141 0.0210 (0.0317) (0.0283) %∆Employment -0.3777 -0.0534 (0.0747) (0.0577) %(Line ↓)t−1 0.0599 -0.0196 (0.0084) (0.0062) %(Line ↑)t−1 -0.0390 -0.0187 (0.0049) (0.0032) Trend -0.0914 -0.3376 (0.0124) (0.0301) Trend2 0.0212 -0.0531 (0.0065) (0.0056) Trend3 0.0185 0.0534 (0.0041) (0.0037) σ 1.8558 1.2065 (0.0011) (0.0020) N 10904 11902 T 36 36 LL -266232.3827 -239754.7213



Late Payment Prime Subprime (3) (4) -0.0666 -0.0324 (0.0166) (0.0116) -0.2344 0.1571 (0.0662) (0.0468) 0.0105 0.0298 (0.0205) (0.0150) 0.0001 -0.0004 (0.0003) (0.0003) 0.1508 0.1203 (0.0703) (0.0526) -0.2437 -0.2320 (0.1002) (0.0853) -0.0005 0.0237 (0.0200) (0.0118) -0.0175 -0.0133 (0.0096) (0.0054) -0.0879 -0.1577 (0.0216) (0.0104) 0.0883 0.1258 (0.0148) (0.0101) -0.0288 -0.0382 (0.0095) (0.0068) 0 0 (0) (0) 5059 8129 36 36 -40544.3842 -84303.0740



Purchases Prime Subprime (5) (6) -0.0105 0.0024 (0.0057) (0.0066) -0.0182 0.0058 (0.0263) (0.0298) 0.0265 0.0104 (0.0072) (0.0088) 0.0005 0.0003 (0.0001) (0.0001) 0.0010 0.0275 (0.0243) (0.0302) -0.0496 -0.1795 (0.0351) (0.0741) 0.1019 0.0300 (0.0069) (0.0054) -0.0092 -0.0138 (0.0046) (0.0031) -0.0890 -0.0423 (0.0126) (0.0132) 0.0101 0.0293 (0.0053) (0.0061) 0.0015 -0.0073 (0.0034) (0.0039) 0.9685 0.5857 (0.0014) (0.0030) 14278 11844 36 36 -214100.9264 -76099.4548



Notes:The table shows full regressions results used to calculate elasticities in table D.3. LF row shows the current response to the late payment fee changes. APRT ot row shows the “long-run” response to the APR changes, which is the sum of the current and delayed responses up to six months. Numbers in the parentheses show standard errors.



Summary Statistics for Full Population: While we cannot estimate demand using the whole population, we do examine the extent to which these choices may have impacted the overall population along relevant observables. We do so by recreating Table 1 without balancing, and/or eliminating late accounts. Table D.5 shows robust ‘population’ summary statistics for credit card holders. While on the whole unchanged, there are some small intuitive observed differences for the broader group of consumers. For example, cardholders hold somewhat more in balances, are somewhat more likely to revolve, and have a somewhat lower credit limit, all side effects of our requirement of never being close to the credit limit and never being 90 days or more late. One very notable difference is the late payment propensity among subprime cardholders. In
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Table D.5: Robust Summary Statistics (Full CCDB Population)



Purchase Volume for Users % with Purchases Balance for Revolvers (Non-Intro) % Revolving Balances Credit Limit % Paying Late Account Age (Years) %∆ Average Wage (County) %∆ Employment (County) Number of Accounts (N) Number of Months (T)



Prime Mean 25th Pctl. 75th Pctl. (1) (2) (3) 736.98 84.77 871.47 51.8 3,019.64 37.45



439.87



11,828.90



5,000.00



4,360.61



Subrime Mean 25th Pctl. 75th Pctl. (4) (5) (6) 213.83 32.56 236.33 39.43 2,091.16 57.87



455.06



2,890.25



16,000.00 3,172.04



700.00



3,966.39



3.63



11.97



10.23



5.00



14.00



7.04



4.00



9.00



0.86 0.19



-3.78 -2.10



5.78 2.32



0.54 -0.20



-4.04 -2.02



5.61 2.27



123,452



123,452



123,452



123,452



123,452



123,452



36



36



36



36



36



36



Notes: Data are from the CFPB’s CCDB and based on a sample of credit card accounts. Unlike in Table 1, this table shows statistics for an unrestricted sample of accounts between 2009 and 2012. For further details see notes in Table 1 of the main text.



our estimation sample, this probability is about half of what it is for the broader population here. We believe this difference suggests that our analysis is based upon subprime cardholders who are, in a sense, closer to the prime cardholders, e.g. not as likely to incur a late fee as their peers who are not in our sample, yet, still more than twice as likely to incur a late fee than prime cardholders. Thus, we conjecture perhaps our estimated effects may be understated.



E



Repricing and the Cost of Funds



Although not our primary argument for identification, we also analyze the extent to which repricing episodes are associated with the cost of funding accounts. During our sample period, the benchmark prime rate remained constant at 3.25%. Consequently, no repricing should have been triggered explicitly, via the variable rate contract, by such a change. However, this period did experience some variation in the underlying 1 year T-bill rate, which is associated to some extent with the cost of funding accounts (Ausubel, 1991). We thus measure the degree to which an existing accounts’ APR is adjusted in response to a change
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in the 1-year constant maturities (CMT) Treasury rate. We use a specification similar to that used in (Ausubel, 1991) to measure cost pass through in this market.58 Table E.1 shows how movements in the cost of funds are associated with account repricing. As can be seen in Table E.1: Interest Rates and the Cost of Funds DepVar = APRt−1 1-Yr Treasury Rate



APR (OLS) (1) 0.7451 (0.0136) 0.2779 (0.1329)



APR (IV) (2) 0.8109 (0.0032) 0.1781 (0.0037)



∆APR (OLS) (3)



∆[1-Yr Treasury Rate]



0.3108 (0.1255) Constant 4.3320 3.1159 0.2125 (0.2217) (0.05513) (0.0004) Arellano-Bond (1991) Test for Zero Correlation in First Differenced Errors 1st Order -84.7860 (P > |z| = 0.0000) 2nd Order -0.4330 (P > |z| = 0.6650) Account Fixed Effects X X Lender Clustered SE X X Observations 1,125,168 1,074,024 1,074,024 R2 0.9968 0.0009 Notes: This table shows the relationship between changes in APR and the cost of funds, as measured the the 1-year constant maturities Treasury rate. Data are using our CCDB balance panel (Table 1).



the table, repricing is somewhat responsive to the cost of funds, as measured by the 1-year CMT Treasury rate. The adjustment rate suggests that a 100 basis point change in the cost of funds is associated an expected 17 basis point increase in APR, down from 27 basis points after controlling for dynamic panel bias (Nickell, 1981) using the instrumental variable estimator of Arellano and Bond (1991).59 A regression with first differenced variables (column 3) is also consistent with the above.



F



Estimation Details



In this section we detail the procedure described in Section 4 for estimating equations 5 and 7. Equation 5 corresponds to the purchase and balance equations for B ∈ {U, C}, 58



Ausubel also used the 1-year CMT Treasury rate as a proxy for the cost of funds. However, in contrast to Ausubel, who used lenders’ most commonly offered rates at quarterly intervals, we use individual account rates and measure within account changes monthly. 59 In contrast, using aggregate data Ausubel (1991) measures a 5 percent adjustment rate, quarterly, during the 1980’s, while Grodzicki (2012) measures a 26 percent adjustment rate biannually between 1994 and 2008. It is important to note that previous work has measured the price to cost adjustment in the context of offered rates, rather than movements in rates on existing accounts. Consequently, our results are not directly comparable.
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respectively, and is a type I Tobit. Equation 7, corresponding to the late payment equation L, is a binomial Probit. For each equation, we first posit its likelihood function and respective Score (S) and Hessian (H). We then derive the analytical bias adjustment term (Hahn and Newey, 2004; Arellano and Hahn, 2007). Finally, we describe the iterative Efficient NewtonRaphson (ENR) procedure used for estimation (Hospido, 2012) and relevant standard error calculations.



F.1



Likelihood Equations



The Tobit likelihood, corresponding to the purchase volume and revolving balance equations 5 for B ∈ {U, C}, respectively, takes the following form: h  lb − xθ − α i h √ (y − xθ − αi )2 i i + (1 − c ) · ln Φ (F.1) LitB = cit · − ln( 2π) − ln(σ) − it 2 2σ σ where cit = 1(yit > lb) and lb is the censored lower bound, in this case lb = 0. Moreover, θ is a (J − 1) × 1 vector of parameters and αi (i = 1, ..., N ) and σ are scalars. As shown in Olsen (1978), the above likelihood is not globally concave in the parameter space. To ensure global concavity, we transform LitB as follows h i h i √ 1 LitB,O = cit · − ln( 2π) + ln(δ) − (δy − xβ − ηi )2 ) + (1 − cit ) · ln Φ(0 − xβ − ηi ) (F.2) 2 where β = σθ , ηi = ασi , and δ = σ1 . Then we can write the Score (S B,O ) and Hessian (H B,O ) of the likelihood as (J + N ) × 1 and (J + N ) × (J + N ) matrices, respectively with



S B,O



  N T i XX j h x · cit · (y − xβ − ηi ) − (1 − cit ) · Λ(ϕit )     ∂L B,O   i=1 t=1 it     ∂βj         N T i h XX  B,O    1 ∂L  = = − y (δy − x β − η ) c · it it it i it  ∂δ    δ     i=1 t=1       ∂L B,O   T ∂ηi  X h i    · cit · (y − xβ − ηi ) − (1 − cit ) · Λ(ϕit ) t=1
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(F.3)



 ∂ 2 L B,O ∂βj ∂βk



H B,O



   ∂ 2 L B,O =  ∂δ∂βj   ∂ 2 L B,O ∂ηi ∂βj



∂ 2 L B,O ∂βj ∂δ ∂ 2 L B,O ∂δ 2 ∂ 2 L B,O ∂ηi ∂δ



∂ 2 L B,O ∂βj ∂ηi







   2 B,O ∂ L  ∂δ∂ηi   



(F.4)



∂ 2 L B,O ∂ηi ∂ηj



and  N T h i XX j k xit xit · − cit − (1 − cit ) · Λ(ϕit ) · (ϕit + Λ(ϕit ))    i=1 t=1         ∂ 2 L B,O    N T X X   j ∂βj ∂βk  c it · xit · yit          i=1 t=1  2 B,O    ∂ L     ∂βj ∂δ       T h i  X j      2 B,O   x − c − (1 − c ) · Λ(ϕ ) · (ϕ + Λ(ϕ )) it it it it it  it ∂ L     ∂βj ∂ηi   t=1      =    2 B,O    N X T 1  ∂ L 2   X   ∂δ   2  − cit · 2 + yit     δ     t=1 i=1  ∂ 2 L B,O         ∂δ∂ηi       T  X     cit · yit   ∂ 2 L B,O   ∂ηi ∂ηj t=1         T h i X   1(i = j) · − cit − (1 − cit ) · Λ(ϕit ) · (ϕit + Λ(ϕit )) t=1



where ϕit ≡ −(xit β + ηi ) and Λ(x) ≡



φ(x) . Φ(x)



The Probit likelihood, corresponding to the late payment equation 7, takes the following form     LitL = dit · ln Φ(xθ + αi ) + (1 − dit ) · ln 1 − Φ(xθ + αi ) (F.5) where, because it is not identified, the variance of the Φ is normalized to σ = 1 and Ψit ≡
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xit θ + αi . The Score (S L ) is given by  N T  XX j  ∂L L   xit (dit · Λ(Ψit ) − (1 − dit ) · Λ(−Ψit ))   ∂θ i=1 t=1   j   L   S = =   X  T h ∂L L i   ∂αi dit · Λ(Ψit ) − (1 − dit ) · Λ(−Ψit )



(F.6)



t=1 φ(x) . We write the Hessian (H L ) as a (K + N ) × (K + N ) symmetric where, as above, Λ(x) ≡ Φ(x) matrix with the following form



" HL =



∂2L L ∂θj ∂θk ∂2L L ∂αi ∂θk



∂2L L ∂θj ∂αi ∂2L L ∂αi ∂αj



#



"



L L Hθα Hθθ = L L Hαα Hαθ



# (F.7)



then let   Γit = dit · Λ(Ψit ) · (−Ψit − Λ(Ψit )) − (1 − dit ) · Λ(−Ψit ) · (−Ψit + Λ(−Ψit ))



(F.8)



and write 



 N X T X xj xk · Γit     ∂ 2 L L   i=1 t=1 it it   ∂θj ∂θk           T  ∂2L L   X  j   = · Γ x it it  ∂θj ∂αi        t=1       ∂2L L   T ∂αi ∂αj   X   1(i = j) · Γit



(F.9)



t=1



These above equations thus characterize the unadjusted likelihoods of interest and their respective Score and Hessian expressions.



F.2



Analytically Adjusted Likelihood



To correct for the asymptotic bias resulting from small T and large N , the incidental parameters problem, we use an analytically derived bias correction of the concentrated likelihood as described in Hahn and Newey (2004); Arellano and Hahn (2007). Although there are other simpler methods of bias reduction, such as automatic jackknife methods, we use the analytical method because we have only one change in the price of the late fees. As a result,
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we must rely more on the structure of the likelihood in our identification. Following Arellano and Hahn (2007), the asymptotic bias term of the concentrated likelihood is given by h ∂ 2 L (θ, α(θ)) i−1 h ∂L (θ, α(θ))2 i 1 1 −1 bi (θ) = · H(α) i (θ) · Υ(α) i (θ) = · Ei − · Ei 2 2 ∂α2 ∂α



(F.10)



Then, following Hospido (2012), we reformulate the above expression in terms of the original, un-concentrated likelihood, as an input into the estimation. Given this approach, we write down the following estimator of the bias term ˆbi (θ, α) = − 1 · 2



"



T X ∂ 2 Lit (θ, α) t=1



#−1 " ·



∂α2



T X ∂Lit (θ, α) 2



# (F.11)



∂α



t=1



We then subtract the bias from the original likelihood to arrive at the adjusted likelihood N X T T X X L (θ, α) = Lit (θ, α) − bi (θ, α) A



i=1 t=1



(F.12)



t=1



From above, it follows that S A = S − S b and H A = H − H b where S b and H b are the Score and Hessian of the bias term, respectively. It follows that we can write   ∂Υ(α) i −1 H · − bi · (α) i ∂θ N N ∂θj X X  1    Sb =  =− ·   2 ∂Υ(α) i ∂bi i=1 i=1 −1 − bi · H · ∂αi (α) i ∂α  ∂b  i



∂H(α) i ∂θ



∂H(α) i ∂α



   



(F.13)



and



Hb = −



N X







1   2 i=1



∂ 2 bi ∂θj ∂θk ∂ 2 bi ∂αi ∂θj



∂ 2 bi ∂θj ∂αi ∂ 2 bi ∂αi ∂αj



 (F.14)



 



where 



∂ 2 bi ∂θj ∂θk











−1 H(α) i



h



∂ 2 Υ(α) i ∂θj ∂θk



− bi



∂ 2 H(α) i ∂θj ∂θk







−







∂bi ∂θj



·



∂H(α) i ∂θk



+



∂bi ∂θk



·



∂H(α) i ∂θj



i







          h   i  ∂2b    ∂ 2 Υ(α) i ∂ 2 H(α) i ∂H(α) i ∂H(α) i −1 ∂bi ∂bi i     (F.15) H(α) i ∂θj ∂αi − bi ∂θj ∂αi − ∂θj · ∂αi + ∂αi · ∂θj  ∂θj ∂αi  =           h   i   2Υ 2H ∂ 2 bi ∂ ∂ ∂H ∂H (α) i (α) i (α) i (α) i −1 ∂bi ∂bi 1(i = j) · H(α) − b − · + · ∂αi ∂αj i i ∂αi ∂αj ∂αj ∂αi ∂αj ∂αi ∂αi ∂αj
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This completes the characterization the adjusted likelihood L A (θ, α) for the Probit and Tobit likelihoods.



F.3



Efficient Newton-Raphson (ENR)



Given the smoothness and convexity of our objective functions, we estimate the model parameters using an efficient Newton-Raphson (ENR) algorithm laid out in Hospido (2012). This method exploits the block structure of the Hessian matrix of the log likelihood function and provides significantly increased estimation speed.60 In what follows, denote Θ = (θ, α). The Kth step of the ENR algorithm is "



Θ[K]



∂ 2 L (Θ[K−1] ) = Θ[K−1] − ∂Θ∂Θ0



#−1 "



∂L (Θ[K−1] ) · ∂Θ



# (F.16)



Where the Score and Hessian in their block form can be expressed as follows 



  SθA Hθθ |{z} |{z}  J×J J×1  ∂L A  ∂ 2L A    SA = = =   and H A = 0  A  0 ∂Θ ∂Θ∂Θ  Sα   Hθα |{z} |{z} N ×J



N ×1



 Hθα |{z} J×N     Hαα  |{z}



(F.17)



N ×N



Given the block nature of H A , re-write the K th step of the ENR algorithm in two parts as



A A A −1 A −1 A A −1 A θ[K] = θ[K−1] − [Hθθ − Hθα (Hαα ) Hαθ ] · [SθA − Hθα (Hαα ) Sα ]



−1 α[K] = α[K−1] − Hαα · [SαA + Hαθ (θ[K] − θ[K−1] )]



(F.18)



Note that in the Tobit case, the parameter θ includes the shape parameter of the normal distribution, whereas in the Probit case it does not as the variance is normalized to 1. 60



Currently with this method we can estimate the adjusted Tobit with 20k+ fixed effects and 13 parameters in approximately 10 minutes. Using a commercially available optimization routine this would take one or two days of computation time.
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F.4



Standard Error Calculations



The above estimator is consistent and asymptotically normal under our assumption of i.i.d errors. It follows that √ T



θˆ − θ0 α ˆ i − αi0



!



Iθ,θ Iθ,αi d → − N 0, Iαi ,θ Iαi ,αi



!−1 ! (F.19)



It follows that   √ d −1 T (θˆ − θ0 ) → − N 0, (Iθ,θ − Iθ,αi Iα−1 I ) i ,αi αi ,θ where Iθ,θ Iθ,αi Iαi ,θ Iαi ,αi



! =



−E −E



∂2L ∂(θ)2  ∂2L ∂αi ∂θ







−E −E



∂2L ∂θ∂αi  ∂2L ∂(αi )2



(F.20)



! (F.21)



and where we use sample means as consistent estimators. We recover confidence intervals of the original parameters using the delta method.
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