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Abstract
In recent years, auto debt has been growing faster than any other category of debt
in the consumer credit complex, and there is now more auto debt outstanding in the
U.S. than credit card debt. In this paper, we argue that increases in credit supply
have been an important contributor in the recent rise in household debt. In particular,
median auto loan maturities have increased 10% over the past few years, and half of
auto-loan originations are for loans with a term of over 5.5 years. We exploit data from
millions of auto loans issued by hundreds of credit unions to estimate demand elasticities with respect to term and interest rate using discontinuities in lender pricing rules
and find demand to be much more sensitive to maturity than to interest rate. While a
loan’s interest rate affects its total cost more than its maturity does, changes in maturity affect monthly payments more than equally sized proportional changes in interest
rates. Additional evidence suggests that this consumer focus on monthly payments is
driven in large part by the phenomenon of monthly payment targeting—budgeting a set
amount for monthly car payments. The resulting strong preference for long-maturity
loans combined with increases in credit supply explains at least 15% of the growth in
household debt since 2012.
Keywords: Household finance, credit constraints, monthly payments, elasticities, auto
loans
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Introduction

How do households make debt decisions? This question is relatively understudied in the
finance literature, especially when compared against the volume of literature on household
investment decisions. The primary contribution of our paper is to show that consumers
appear to target monthly payments, rather than minimizing total borrowing costs, when
making debt decisions. This result holds at both the extensive and intensive margin. A
second contribution of our paper is to make some headway towards understanding a potential
set of frictions that could be influencing monthly-payment-driven debt decisions.
We note upfront that currently available theory does not provide an unambiguous, normative prediction on how consumers should make debt decisions. Debt decisions that optimize
on monthly payments do represent a departure from a frictionless model of household finance, which would argue that consumers should make debt decisions that minimize the
present value of total borrowing costs, all else equal. However, in a world with frictions,
behavioral or otherwise, the optimal household debt decision is less obvious. Minimizing
monthly payments could be optimal if borrowers are credit or liquidity constrained, if the
value of liquidity exceeds borrowing costs, or if cognition costs are large, to name just a few
potential frictions. Because the theoretical predictions are potentially ambiguous, we view
our paper as providing positive evidence on how debt decisions are made in equilibrium,
in a large sample, within a well-identified empirical framework. Moreover, though current
theoretical predictions are ambiguous, our paper does make strides towards understanding
potential frictions that should be considered in future theoretical work.
Data limitations represent one reason that household debt decisions remain understudied.
Our paper overcomes this limitation by studying auto loan decisions made by over 4 million
individual borrowers, from 319 different lending institutions. We exploit a robust regression
discontinuity (RD, hereafter) design to identify exogenous shifts in the supply of credit
made available to borrowers. Over half the lenders in our dataset offer interest rates and
loan maturities that jump discontinuously at various fico thresholds. Fico thresholds also
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differ across institutions. Given that borrower’s observable credit attributes are consistently
smooth around these fico thresholds, the thresholds represent quasi-random variation in the
interest rate and loan maturity offered to otherwise similar borrowers.
Our conjecture that consumers make debt decisions based primarily on monthly payment
considerations is based on the following pieces of evidence. First, demand elasticities with
respect to loan maturity are substantially larger than demand elasticities with respect to
interest rates. This result is true at the extensive and intensive margin. This result is
noteworthy because, analytically, the present value of borrowing costs is more sensitive to
changes in rates than to changes in maturity. In contrast, analytically, the dollar amount
of monthly payments is more sensitive to changes in maturities than to changes in rates.
We also note that we are not the first paper to make the observation that consumers prefer
longer maturities over lower interest rates when making borrowing decisions (see Attanasio,
Goldberg, and Kyriasidou (2008) and Karlan and Zinman (2008)).
Our second result shows that the vast majority of consumers in our sample smooth
monthly payments when they are exogenously offered more favorable loan terms. That
is, when offered better terms, borrowers do indeed borrow more, but only up to amounts,
given the more favorable terms, that keep their monthly payments constant. This result is
consistent with a paradigm where borrowers have a monthly payment in mind when making
debt decisions.
Our third, and perhaps most novel result, is to show that borrowers’ monthly payments
bunch disproportionately at salient monthly payment amounts, like $200, $300, or $400 per
month. These results indicate that borrowers have some kind of anchored, monthly payment
amount in mind when making debt decisions. The fact that monthly payments anchor
at meaningful, salient monthly payment amounts suggest that households follow a loose,
mental-accounting approach to the monthly payment they target.
We consider multiple explanations that could drive monthly payment targeting. The most
plausible explanation for our core results (high maturity elasticities, smoothness in monthly
3

payments, and bunching at salient monthly payment amounts) is that borrowers are monthlybudget liquidity constrained, or at least approximately constrained.1 In a series of cuts on
various dimensions of our data, we show that likely-to-be liquidity constrained borrowers
(borrowers with low incomes) bunch at salient anchor points. However, we show that high
income borrowers also bunch at salient monthly payment amounts. Though income is an
admittedly imperfect proxy, to the extent that incomes proxy for liquidity constraints, our
results suggest that liquidity constraints are not the only explanation for monthly-payment
targeting. Across almost any demographic dimension in our data, borrowers appear to bunch
at salient payment amounts.
Our results have important macroeconomic implications because the auto loan market
is ubiquitous. Over 85% of all car purchases are financed, and vehicles represent over 50%
of total assets for low-wealth households. Auto debt is now the 3rd largest category of
consumer debt (behind mortgages and student loans), with over $1 Trillion in outstanding
balances and $400 Billion in annual originations. Perhaps most surprisingly, auto loans
recently have represented the fastest growing segment of consumer debt. Between 2013:Q12015:Q4 outstanding auto debt grew by 34%, compared to 25% growth in aggregate student
loan debt, and only 4% growth in outstanding mortgage debt.
In a concluding section of empirical work, we show that median loan maturities increased
from 60 months to 66 months over a short three-year time horizon. Given coincident declines
in equilibrium interest rate spreads on auto loans, we argue that the observed maturity
increases are the result of an outward shift in the aggregate supply of loan maturity. We
calculate that an aggregate shift in the supply of maturity, coupled with high maturity
borrowing elasticities, can explain approximately 30% of the increase in outstanding auto
debt. Given that the recent explosion in auto debt can account for 50% of the increase
in aggregate consumer debt, increased maturities can explain almost 15% of the growth in
1

We use the term “approximately constrained” because it is unlikely that borrowers’ monthly budget
constraints bind exactly at monthly payment amounts of $200, $300, and $400. But, these amounts could
represent approximately binding payment amounts for constrained borrowers that are attempting to loosely
stick to a budget.
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aggregate household debt.
Finally, our results also have potentially interesting microeconomic implications. Shrouded
marketing in consumer finance markets has been shown to be a problem (see Gabaix and
Laibson (2006) and Gurun, Matvos, and Seru (2016)). It is likely the case that consumers
that are fixated on monthly payment amounts when making debt decisions are more susceptible to shrouded marketing. Second, though consumers are better able to manage monthly
payments through longer maturity loans, the cost of a consumer-driven economy holding
increasingly longer maturity loans, other than the obviously higher interest costs, is that
borrowers carry larger debt balances for longer periods of time, making them more susceptible to fluctuations in income and the aggregate economy. Finally, though automobiles are
more durable than they once were, longer-maturity loans make it more likely that consumers
will be underwater on their loans, increasing the risk of default on auto loans. For example,
Hertzberg, Liberman, and Paravisini (2017) use lending club data to show that borrowers
that opt for long maturity are of lower credit quality.

2

Conceptual Framework and Related Literature

In this section we briefly consider the analytical framework that motivates our empirical
work. Conditional on financing consumption with debt, a frictionless model of household
finance would predict that borrowers should choose loan contract features that minimize the
present value of total loan costs. In Appendix A we show analytically that the present value
of total loan costs are more sensitive to unit changes in interest rates than they are to changes
in loan maturity. This relationship holds under any reasonable combination of interest rates,
maturities, and discount rates. We note that our derivation requires assumptions about the
discount rate, and make the simplifying assumption that borrowers on either proximate side
of a given fico threshold are of similar risk, and thus have similar discount rates. Holding
the discount rate fixed, we show that as interest rates decline or loan maturities increase
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over a given threshold, the present value of loan costs are more sensitive to unit changes in
rates than maturities. The frictionless framework would thus predict that equilibrium loan
amounts should be more sensitive to exogenous variation in interest rates than loan maturity.
Institutional or behavioral frictions could distort debt decisions away from the frictionless
prediction, however. For example, liquidity constraints could motivate borrowers to target
the lowest possible monthly payment, in the spirit of Keys and Wang (2016), who show
that 29% of credit card borrowers make debt service payments at or near the required
minimum.2 Liquidity management more generally could influence debt decisions, even if
liquidity constraints are not binding. Targeting a specific or low monthly payment could
be an optimal decision if consumers find investment opportunities with rates of return in
excess of borrowing costs. Alternatively, optimal debt allocation strategies could call for the
lowest possible payment on auto loans if such a strategy frees up liquidity to pay down higher
rate-bearing debt obligations, ala Stango and Zinman (2014b), who show that consumers are
efficient at allocating debt to the lowest interest rate credit card.
Behavioral frictions could also distort debt decisions. Potential behavioral frictions could
include, but are not limited to, budgeting heuristics and mental accounting biases. Budgeting heuristics reduce the cognitive complexity required of lifetime budget maximization, as
found in Bertrand and Morse (2011), who argue that the lifetime additive costs associated
with making a single financial decision are not fully considered by consumers. Known as the
“peanuts effect” (Lowenstein and Rabin (1999)), consumers do not consider the lifetime consequences of a financial decision, rather, they consider each individual payment as separate
and less consequential. In a similar spirit, Shu (2013) discusses “NPV neglect,” arguing that
the cognitive costs required to understand loan costs drive consumers to focus on monthly
payments instead. The role of mental accounting in finance was first introduced by Thaler
(1980, 1999) and in the context of auto loan decisions has precedent in the marketing literature; Wonder, Wilhelm and Fewings (2008) suggest in a survey setting that consumers
2
Other papers also consider credit card-related payment issues, including Soll, Keeney, and Larrick
(2013),and Navarro-Martinez, Salisbury, Lemon, Steward, Matthews, and Harris (2011).
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focus heavily on monthly payments, including an undue focus on the first digit of monthly
payment amounts. In sum, cognitive limitations could reduce borrowers to making loan
decisions based on budgeting heuristics that are driven by mental accounting bias.
The institutional or behavior frictions cited above could drive consumers to make their
debt decision with a goal of “targeting” a given monthly debt service payment. Monthly
payment targeting has a different set of implications for borrowers’ sensitivity to loan contract
terms. In a separate derivation also included in Appendix A, under the same discount rate
assumption, we show that for a standard auto loan contract, monthly payment amounts are
more sensitive to changes in loan maturity than interest rates. As a result, consumers can
more efficiently or effectively target a monthly payment amount by altering loan maturities
than by altering interest rates. In a monthly-payment-targeting framework, we would expect
equilibrium loan amounts to be more sensitive to exogenous variation in maturities than
rates.
To summarize, debt decisions driven by borrowing-cost minimization should be more
sensitive to variation in interest rates, whereas debt decisions driven by monthly payment
targeting are more effectively accomplished through variation in loan maturities. To date,
the literature has most consistently shown evidence of large maturity elasticities. The most
notable papers are Karlan and Zinman (2008), who show evidence of high maturity elasticities
in microloan applications in South Africa and Attanasio, Goldberg, and Kyriazidou (2008),
who use the Survey of Consumer Finances to show evidence of maturity elasticities in excess
of rate elasticities. Other high maturity elasticity papers include Cox (2017) and Kuvikova
(2015).

3

Data

Our study benefits from unique data on the auto loan decisions and loan contract features
of over 4 million borrowers, originated by 319 individual retail lenders. The loan data,
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immunized of any personally identifiable information, are provided by a technology firm
that provides data warehousing and analytics services to retail-oriented lending institutions
nationwide. The vast majority of the lending institutions originating the loans are credit
unions, while the remaining are finance companies. On a loan-weighted basis, 98.5% of the
loans were originated by credit unions. Similar data are used in a companion paper (see
Argyle, Nadauld and Palmer (2017)).
Loan contract features included in the data include borrower fico scores, loan-to-value
ratios, car purchase amounts, loan dates, and in some cases, debt-to-income ratios. We
constrain the data set to include only loans originated directly with the lending institutions.
Direct loans differ from indirect loans in that indirect loans involve loan applications originated through auto dealerships. Borrowers from all 50 of the United States are represented
in the data. The five most represented states are Washington (465,553 loans), California (335,584 loans), Texas (280,108 loans), Oregon (208,358 loans), and Virginia (189,857
loans). The sample includes loans originated between 2005 and 2015, but over 70% of the
loans were originated between 2012 and 2015.
We supplement the originated loan data with data on loan applications. These data
include the applications of over 2 million borrowers from 45 lending institutions. Application
data include decisions on loan approvals, denials, and funding outcomes, in addition to the
credit attributes of applicants. Application data allow us to evaluate the relative importance
of loan terms on loan decisions at the extensive margin, a feature we view as an important
contribution of this paper.
We are careful to remove obvious outliers in the data. Loan sizes over $100,000 are
removed, as are loans with interest rates over 15%. Table 1 reports basic summary stats of
the cleaned sample. Panel A summarizes the loan application data; Panel B summarizes the
originated loans. The median loan size is $19,441 from a borrower with a median fico score
of 712, median ltv of 95.9%, and median dti of 30.0%. The median interest rate over the full
sample period is 4.0%, and trends down over our sample period. Median loan maturities rise
8

from 60 months in the early years of the sample to 66 months in years 2014 and 2015. We
discuss potential causes and the implications of rising maturities in section

X

of the paper.

External Validity of the Data
A companion paper, Argyle, Nadauld, and Palmer (2017), discusses details surrounding the
external validity of the auto loan data. We note the highlights of that discussion here.
The auto loans in our data are originated by a slightly older demographic, a slightly lessracially diverse demographic, and a demographic of slightly-higher average credit quality.
Our sample tilts heavily towards the 2012-2015 time period, a reflection of the growth in our
data providers client base over this period.3 However, auto loan originations also increased
substantially over this period. Outstanding auto debt increased 44.5% between 2012 and
2015, outpacing even the growth in student loans over the same period.4 Finally, we note
that, according to Experian data in 2015, credit unions originated 22% of all used car loans
and 10% of new car originations. We are unaware of aggregate statistics on the relative
composition of direct vs indirect loans, but our data provider indicates roughly two-thirds
of the auto loans in their database are direct loans.

4

Empirical Strategy

The basic challenge in understanding how contract terms influence debt decisions is that loan
contract terms are endogenously determined. Our identification strategy relies on quasirandom variation in the supply of interest rates and maturities offered to borrowers by
exploiting observed discontinuities in offered loan terms across various rule-of-thumb FICO
thresholds. Importantly, these observed discontinuities occur at different FICO thresholds
across different institutions. Unlike the setting in Keys et al (2010), there exists no industry
3

Over 41% of our borrowers are between the ages of 45-65, compared to 34% in the U.S. census. Our
sample is estimated to be 73% white, compared to 64.5% in the census. Median fico scores in our sample
are 715, compared to a median fico of 695 in the NY Fed Consumer Credit Panel.
4
We discuss the relative explosion in aggregate auto debt in Section 6.
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standard FICO score (e.g. FICO 620) at which institutions vary their lending standards in
the auto market. Discontinuities exist at various points across the FICO spectrum. Also
unlike Keys et al (2010), the observed thresholds in our sample are not driven by institutional
features specific to the secondary market. Rather, multiple conversations with credit union
executives confirm the existence of FICO thresholds and their “admittedly crude purpose”
of pricing risk in loan offerings.
While the FICO thresholds identify quasi-random variation in the supply of credit terms,
they also present a unique challenge. Interest rates and loan maturities often jump discontinuously at the same FICO thresholds, making it difficult to differentiate the relative
contribution of interest rate supply versus loan maturity supply in determining equilibrium
loan amounts. Given this complication, our empirical strategy requires the existence of a
standard first-stage result, but it requires more instrumenting in the second stage. We first
discuss the process we follow to uncover the existence of a first stage result for both interest
rates and loan maturities. We then discuss how we isolate the unique impact of rates vs
maturities on equilibrium loan amounts.
First-stage: Identifying discontinuities
Figure 1 provides an anecdote of interest rate drops around FICO thresholds. The figure
plots point estimates and confidence intervals arising from a regression where realized interest
rates are regressed on a set of indicator variables for 5-point FICO bins. The 5-point FICO
bins begin at FICO 501, where the first bin includes FICO scores in the 501-505 range, the
second bin includes 506-510 FICOS, etc., up through FICO scores of 800. The estimated
coefficients for each FICO bin represents the average interest rate on loans contained in the
bin, relative to the estimated constant. The average interest rate jumps are large, ranging
from a .036 drop around FICO 600 to a 0.007 drop around FICO 720.
Figure 2 provides a similar anecdote of loan maturity jumps around FICO thresholds. As
in the FICO plot, we estimate average maturities and confidence intervals for loans within
10

5-point FICO buckets. For this institution, loan maturities jump an average of 2.7 months
around FICO 600, an average of 2.8 at FICO 640, and an average of 3.3 at FICO 680.
Two features of Figures 1 and 2 are worthy of special note. First, thresholds exist at
different points along the FICO spectrum within a given institution and across institutions.
Second, different thresholds are associated with varying magnitudes of discontinuities within
an institution and across institutions. We exploit these two features of the discontinuities
when we discuss our second stage identification strategy.
We pursue a series of statistical tests in order to identify every institution that employs
rule-of-thumb lending thresholds. We first estimate the interest rate-FICO bin regressions
within each institution and harvest the coefficients from each FICO bin. Within each institution, in order to establish the existence of a meaningful interest rate discontinuity we require
that interest rate differences across consecutive bins be larger than 50 basis points and be
estimated with p-values that are less than 0.1%. We further refine the set of discontinuities
that pass the initial screen by requiring that an identified discontinuity cannot lie within 20
FICO points of another identified discontinuity within the same institution. Implementing
this screen limits any potential contamination that could occur if borrowers simultaneously
fall into a treated sample at one observed threshold but serve as a control in a sample with
a different threshold.
Our next step is to examine each potential threshold visually to ensure that the identified
discontinuities are well behaved around the candidate thresholds. In an effort to maximize
the statistical power in our RD design, we require that each candidate threshold contain
100,000 loans within the span of 38 FICO points around the candidate threshold. The 38
FICO points represent 19 points on either side of a threshold that do not bump up against
a different threshold that could exist within 20 FICO points. Implementing each of these
restrictions ultimately results in large and meaningful discontinuities in interest rates and
loan terms at fico scores of 600, 640, and 700 across 173 institutions and 489,993 loans.5
5

Relaxing the requirement of 100,000 loans within 38 FICO points around the threshold results in a larger
set of identified thresholds. The two most populated thresholds outside of our selected three thresholds are
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Our final step is to normalize all fico scores relative to each threshold. This allows for a
standardized interpretation of the sizes of discontinuities and distances of fico scores from
discontinuities.
The aforementioned procedure identifies interest rate discontinuities. Following a similar
approach to identify maturity discontinuities could be problematic. This is because our
parameter “fine-tuning” exercise could throw out maturity discontinuities that likely exist
in reality, but that are not pronounced enough to pass the strict fine-tuning criteria we
require for rate discontinuities. A more conservative approach is to assume that any FICO
threshold where a rate discontinuity exists is likely accompanied by a maturity discontinuity.
Any circumstances where we falsely assume the existence of a maturity discontinuity will
introduce downward bias into our estimates.
We compare summary statistics from the thresholds sample, reported in Table 2, against
summary statistics from the full sample, as reported in Table 1. Observable credit characteristics such as fico scores, LTVs, and DTIs, as well as contract features such as interest
rates and loan maturities are similar across the two samples. The similarities in the samples
provide comfort that institutions with discontinuities are representative of our full sample.
Estimates throughout the remainder of the paper are drawn from the thresholds sample.
First-stage: Smoothness in running variables
Valid RD estimates require two conditions. First, the probability of borrower treatment
must be discontinuous at the FICO thresholds. Our threshold-selection process is designed
to meet this condition. To further confirm this fact, Figure 3 plots average interest rates
around the normalized fico for the thresholds sample. On average, interest rates drop 150
basis points at the normalized threshold.
The second assumption required of valid RD is that all other borrower attributes, observed or unobserved, that could influence loan outcomes must be continuous over the FICO
at 680 and 660 which contain approximately 90,000 and 80,000 loans, respectively.
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thresholds. This condition allows for a counter-factual interpretation of outcomes around
thresholds because it validates as best as possible the assumption that borrowers would have
experienced identical credit outcomes in the absence of treatment at the FICO thresholds.
Figure 4 plots the value of other borrower characteristics in order to validate the smoothness condition. Importantly, these plots are constructed with loan application data in order
to ensure that borrowers are similar at FICO thresholds along characteristics at the time
of application. Panel A plots borrower DTI ratios against FICO scores while Panel B plots
application loan amounts. Panels C and D plot applicant age and gender. Panel E plots
the fraction of borrowers that are estimated to be white along the fico spectrum. Borrowers
on either side of FICO thresholds do not appear meaningfully different in terms of their
debt capacity, willingness to borrow, or demographics. Finally, Panel F plots the number of
applicants within each FICO bin. The plot indicates no significant jump in the number of
applications around the thresholds.6 A McCrary test confirms that the number of applicants
is statistically indistinguishable on either side of the threshold. Smoothness in the propensity to apply for loans around FICO thresholds is especially important as it illustrates that
borrowers are likely not aware of the existence of the FICO thresholds when they apply.
Though Figures A-F demonstrate visual smoothness in borrower attributes, we estimate
formal RD regressions to test for statistical differences in borrower attributes around thresholds. We specify our regression as:

yict = β1 F^
ICOict + β2 I(F^
ICOict ≥ 0)
+β3 F^
ICOict · I(F^
ICOict ≥ 0) + αc + δt + εict

(1)

where yict is the outcome for loan i originated by institution c in quarter t. The indicator
variable Inormfico equals one if the normalized fico (normfico) is above the FICO threshold.
Recall that our specification has normalized each of the three identified discontinuities (FICO
6

The unusual spike in applications at fico 700 does not represent a violation of parallel trends because it
does not represent a shift in the level of applications for all fico scores to the right of the threshold.
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600, 640, and 700). Our estimates use bandwidths of 19 fico points on either side of the
threshold. We control for polynomials of order 2, though our estimates are robust to any
higher order polynomial specification. The inclusion of institution fixed effects capture any
unobserved institution-specific influence and quarter-of-origination fixed effects adjust our
estimates for vintage effects. We cluster standard errors at the normalized fico level. We use
the bias-corrected version of this regression-discontinuity design outlined by Calonico et al.
(2014).
Table 3 presents results of the first stage estimates for rates and maturities. Interest
rates drop an estimated 1.47 FICO points across thresholds, on average (column (1)). Loan
maturities increase by an estimated 1.38 months over the threshold, on average (column (2)).
Table 4 presents results indicating that borrowers are not statistically different along ex-ante
applied-for loan amounts (Column 1), debt-to-income ratios (Column 2), or in the number
of borrowers applying for loans within each fico bin (Column 3). These estimates of the
smoothness condition using the application data validate our counter-factual interpretation
of the discontinuities.
Second-Stage Estimates: Identifying the separate impact of rates and maturities
First stage evidence confirms that rates and maturities move simultaneously over fico thresholds, making it difficult to independently estimate rate and maturity elasticities. We address
this problem by exploiting cross-sectional variation in discontinuities across institutions. The
magnitude of differences in rate and maturity discontinuities across thresholds and institutions allow us to identify the unique impact of rates on equilibrium loan amounts, and
similarly, the unique impact of maturity.
In a two-stage least squares setting, we specify an equation for estimating elasticities at
the extensive margin and a separate equation to estimate elasticities at the intensive margin,
as follows. Our second stage regression is given by:
ln yict = η rate ln rict + η term ln Tict + f (F^
ICOi , β) + αc + γt + εict
14

(2)

where
f (F^
ICO, β) ≡ β1 F^
ICO + β2 I(F^
ICO ≥ 0) + β3 F^
ICO · I(F^
ICO ≥ 0),
and the first stage regressions are given by
X
rate
ln rict =
πbrate I(b = c) · I(F^
ICOi ≥ 0) + f (F^
ICOi , δ rate ) + θc + ζt + vict
Xb
term
ln Tict =
ICOi ≥ 0) + f (F^
ICOi , δ term ) + ξc + ψt + vict
πbterm I(b = c) · I(F^

(3)
(4)

b

where F^
ICOi represents the normalized FICO score for borrower i, rict is the rate charged to
borrower i by institution c at time t, and Tict is the corresponding loan maturity. Outcome
variables ln yict are the loan amount ln Qict (intensive margin), and a dummy for whether an
approved loan was accepted by the borrower I [accepted = 1]ict .
Each specification has two endogenous variables, rate and maturity, and 174 instruments,
which are the institution fixed effects interacted with each discontinuity. The exclusion
restriction is met under the assumption that differences in the magnitudes of discontinuities
across institutions are driven by institutional factors that are exogenous to factors causing
maturity and rate breaks to occur at the same fico thresholds within an institution. Based on
conversations with credit union executives, thresholds exist as a crude manner of instituting
risk-based pricing, thus rate and maturity discontinuities exist together at a given threshold.
The validity of our instruments rests on the argument that differences in the location and
magnitude of offered rate and maturity breaks around thresholds is independent of the
decision to offer rate and maturity breaks at the same fico threshold.
Extensive margin results
Table 5, column (1) reports extensive margin results. Our statistical power is limited relative
to the intensive margin estimates because we necessarily rely on application data, which are
only available for a fraction of institutions in our data. Despite a somewhat limited sample
size, rate elasticities are estimated to be -0.53, as compared to estimated term elasticities
15

of 1.56. Both estimates are statistically significant, though the maturity elasticity is only
marginally so. The estimates are also statistically different from one another.
Maturity elasticities in excess of rate elasticities at the extensive margin are consistent
with the argument that borrowers are not making loan decisions based on the lifetime cost
of a loan. Rather, the results are consistent with a model where loan decisions are more
heavily influenced by monthly debt service payments. These results are also consistent with
Karlan and Zinman (2008), who document that loan origination decisions demonstrate high
maturity elasticities.
Intensive margin results
Column (2) of Table 5 reports elasticity results at the intensive margin, where our sample size
is substantially larger. Rate elasticities are estimated to be -0.16, as compared to maturity
elasticities that are estimated to be an order of magnitude larger at 1.69. Both estimates
are highly significant, and statistically different from one another.
To quantify the magnitude of these results, consider a baseline example of a $20,000 loan
with a 5-year maturity and 5% interest rate. A ten percent increase in offered loan maturity,
from 5 years to 5.5 years, would result in a 16.9% increase in the equilibrium loan amount,
from $20,000 to $23,380. In comparison, a ten percent increase in offered loan rates, from 5%
to 5.5%, would result in an increased loan amount of 1.6%, from $20,000 to $20,320. These
estimates are also consistent with borrowing decisions that are less concerned with lifetime
loan costs than monthly payment amounts.

5

Understanding the Maturity/Rate Elasticity Mechanism

As previously discussed, theoretical predictions regarding the relative magnitude of rate and
maturity elasticities are ambiguous. In a frictionless world, optimizing borrowers would more
16

effectively minimize lifetime borrowing costs through lower interest, shorter maturity loans.
However, monthly payment targeting could be rational in a model with frictions. The most
obvious frictions that could explain large maturity elasticities are the existence of liquidity
constraints or behavior frictions such as mental accounting bias that drive consumers to
follow budgeting heuristics. While liquidity constraints and behavioral frictions need not be
mutually exclusive, in this section we provide a series of tests designed to shed more light
on which frictions might be at play.
Exploring liquidity constraints: the case of monthly payment targeting
Our RD design allows for the estimation of a host of equilibrium outcomes outside of loan
amounts. In Table 6 we present results on just a few. Column (2) reports differences
in total loan amounts of $1,263 as borrowers move over thresholds. This result does not
distinguish differences in loan amounts arising from rate vs maturity breaks, rather, it more
simply suggests that borrowers exogenously offered easier credit terms borrow substantially
more. Column (3) results indicate that treated borrowers increase LTVs by 2.1%, on average.
Column (4) demonstrates that treated borrowers spend $829 more on the car they purchase.
Results in column (1) are most relevant towards discovering potential frictions that could
be driving large maturity elasticities. Column (1) results show that treated borrowers increase their monthly payment amounts by about $7.28 relative to untreated borrowers. The
increase in monthly payments exists because although treated borrowers are offered lower
rates and longer maturity loans, equilibrium loan amounts increase enough that monthly
payments increase slightly. These results suggest that borrowers might not be facing binding
liquidity constraints if they are able, all else equal, to originate a loan that results in higher
monthly payments, albeit by a small amount.
A liquidity constraint explanation has cross-sectional predictions given that not all borrowers are likely to be liquidity constrained. In the absence of a clear, objective measure
of which borrowers in our sample might be liquidity constrained, we make a subjective
17

assessment and cut the sample based on attributes that could be correlated with liquidity
constraints. One relevant characteristic is the amount of money spent on a car. We constrain
the sample to include auto purchases below $28,000 (85th percentile) and report results in
Table 7. Columns (2), (3), and (4) suggest that treated borrowers increase loan amounts,
LTVs, and purchase more expensive cars, though the magnitude of the loan amount and car
value estimates are more muted relative to the full sample. Results in column (1) indicate
that for the bulk of the borrowers in our sample, monthly payments are not statistically
different over the threshold.
This result is consistent with a heuristic where borrowers have a monthly payment in
mind when making the loan decision. When exogenously offered lower rates and longer
maturities, borrowers increase their loan amounts and ultimately the amount they spend on
a car, but only up to an amount that keeps their monthly payment constant. This result
is also potentially consistent with liquidity constraints as an explanation for large maturity
elasticities relative to rate elasticities, because movements in loan maturity impact monthly
payment amounts more than movements in interest rates.
Exploring behavioral frictions: monthly payment bunching
Behavioral frictions could also explain why consumers display such large maturity elasticities.
Basic budgeting heuristics, borne of behavioral biases, could drive loan decisions that are
driven by a targeted monthly payment amount. In this section we explore the possibility
that borrowers follow budgeting hueristics borne of loose mental accounting biases when
making loan decisions.
Figure 5 shows histograms of monthly payment amounts, where borrowers are sorted
into monthly payment bins in $2 increments. The histogram in Panel A is centered around
monthly payments in the amount of $198-$199. The histogram reveals a large and discontinuous break in the number of borrowers with monthly payments in the $198-199 range
as compared to borrowers with monthly payments at $200 or $201. Panels B and C show
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histograms where monthly payment amounts of $300 and $400, respectively, are at the center of the histogram. These plots show even more pronounced bunching at the salient loan
amounts just below $300 and $400.
These results are consistent with survey evidence presented by Wonder, Wilhelm and
Fewings (2008) which suggests that borrowers focus on the first digit of monthly payment
amounts. They are also consistent with a model where loan decisions are made based on
monthly payment amounts, where the monthly payment amount fits into a loose mental
accounting framework.
Liquidity constraints vs behavioral frictions
Bunching at salient monthly payment amounts is most likely evidence that borrowers follow
budgeting heuristics and loose mental accounting rules when making debt decisions. The
bunching evidence does not necessarily rule out the possibility that borrowers are also liquidity constrained. In an effort to better understand whether budgeting heuristics or liquidity
constraints drive the observed bunching behavior, we again split our sample into sub-samples
of borrowers more and less-likely to be liquidity constrained.
Using median tract income data made available by the census, we split our sample by borrowers in the top-tercile of median tract income and bottom-tercile of median tract income.
Then within each of the tract-income buckets, we further split our sample into top-tercile
fico and bottom-tercile fico. The conditional sorts create four unique buckets of borrowers.
These include high income-high fico (HIHF), high income-low fico (HILF), low income-high
fico (LIHF) and low income-low fico (LILF).
We are most interested in testing for bunching behavior within two specific buckets. The
first bucket, HILF borrowers, are borrowers that could be classified as borrowers that are
less in need of sticking to a budget (high income), but appear to do a poor job of sticking
to a budget (low fico). In contrast, we consider the LIHF borrowers, those most in need of
budgeting (low income) and that appear to have done a good job of it (high fico).
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Using a series of McCrary tests, for each of the two key buckets, we test whether bunching
exists at the salient anchor points of $200, $300, and $400. The McCrary plots are shown in
Figure 6, and reveal interesting results. The most substantial result is the fact both types of
borrowers bunch at the salient anchor points. While the bunching appears more pronounced
for low income, high fico borrowers, the potentially surprising result is that bunching exists
even for high income, low fico borrowers.
The bunching evidence sheds light on potential frictions that drive high maturity elasticities. Though liquidity constraints appear to be at play in driving monthly payment
smoothing behavior, liquidity constraints are not able to explain patterns of bunching that
exist in virtually the full distribution of borrowers. Bunching at salient monthly payment
amounts is also consistent with the large, observed maturity elasticities given that flexibility
in loan maturities more efficiently (in a mathematical sense) allows borrowers to move to
salient monthly payment amounts.

6

Aggregate Implications of Large Maturity Elasticities

Results shown thus far suggest that borrowers make loan decisions with monthly payments in
mind. This type of budgeting heuristic is further confirmed by plots demonstrating bunching
at salient monthly payment amounts. These patterns can also explain the large maturity
elasticities we estimate. In this section we evaluate the aggregate implications of borrowers
that demonstrate large maturity elasticities.
Data from the NY Fed Consumer Credit Panel reveal recent trends in aggregate auto loan
balances that are surprising. Over the six year period between Q1:2010 and Q4:2015, aggregate auto debt increased from $705 Billion to $1.06 Trillion, an increase of 50.1%. Student
debt is the only consumer loan segment that grew faster over the same period. However,
when the window is shortened to Q1:2013 – Q4:2015, outstanding auto debt increased 34%,
outpacing even student loan debt, which grew at an aggregate clip of 25%. Over the same
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short time frame, Q1:2013- Q4:2015, median auto loan maturities increased from 60 months
to 66 months, a median maturity increase of 10%. This follows a period from Q1:2010 Q4:2012 where median maturities remained flat.
The simultaneous explosion of auto debt and auto loan maturities over a relatively short
three-year window represents an interesting phenomenon. Can increases in equilibrium loan
maturities be explained by increases in aggregate supply, can they be explained by increases
in demand, or can a third variable explain the growth in outstanding debt and the growth
in maturities? In this section we briefly attempt to disentangle the growth in outstanding
auto debt using insights from the time series pattern in aggregate auto interest rates.
Figure 7 plots interest rate spreads in the auto loan market against median maturities
in the auto loan market. The interest rate spreads are calculated as the spread between the
5-year new auto loan rate and the 5-year treasury rate, where both rates are reported by
the Federal Reserve. Median auto maturities are taken from our sample. The plot shows an
inverse relationship between aggregate auto loan spreads and median maturities. Increases
in loan maturities could be driven by increases in aggregate supply or demand. However,
the downward trending auto loan spreads are less ambiguous, and are clearly suggestive of
an aggregate increase in the supply of credit in the market for auto credit. It is difficult
to imagine why loan prices would be declining through this time period, in aggregate, if
aggregate demand was dominating aggregate supply.
An aggregate shock to the supply of auto credit has important implications for the amount
of aggregate outstanding auto debt and outstanding household debt in general, especially
to the extent that an aggregate supply shock is responsible for the observed increase in
loan maturities. A back of the envelope calculation of the aggregate implications suggests
the following. We begin with the observation that loan maturities increased 10% between
2013:Q1 and 2015:Q4, from 60 months to 66 months. Given that auto loan spreads were
declining over this period, a conservative lower bound assumption is that supply increases
are responsible for at least 50% of the increase in maturities. If increased supply accounted
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for just 5% of the increase in equilibrium maturities, then based on our estimated extensive
and intensive margin elasticities, we would estimate total auto borrowing to have increased
by 13.2 percentage points (5%*(1.68 intensive margin)*(1.56 extensive margin) = 13.2).
Growth of 13.2 percentage points in auto debt represents approximately 30% of the
growth in auto loan originations over the same period. Given that auto debt was responsible
for 50% of the growth in aggregate household debt between 2013 and 2015, our calculations
suggest that an aggregate increase in the supply of loan maturities can explain approximately
15% of the growth in total household debt. We view this estimate as representing a lower
bound, given that we assumed an aggregate supply shock was responsible for only 50% of
the growth in loan maturities given the observed decline in interest rate spreads.

7

Conclusion

This paper presents several interesting empirical facts. First, using a novel auto loan data
set combined with a robust RD research design, we estimate that equilibrium loan amounts
are more sensitive to loan maturity than to interest rates. We note that this result is
not consistent with a frictionless model of household finance, which would argue that loan
amounts would be more responsive to changes in rates than maturities.
We quickly note, however, that a reasonable set of frictions could explain high maturity
elasticities. These include liquidity constraints and/or behavioral frictions. Consistent with
these possible explanations, we show in a quasi-experimental setting that borrowers choose
loan amounts that keep their monthly payments constant, even when exogenously offered
more favorable loan terms. When offered better terms, borrowers do indeed borrow larger
amounts, but only up to amounts that allow them to keep monthly payments constant,
even with the better terms. We view monthly payment smoothing as being consistent with
borrowers facing liquidity constraints, and thus, as a potential explanation for large maturity
elasticities.

22

However, other frictions could be at play, including behavioral frictions. We show that
borrowers disproportionately choose loan amounts and terms that result in salient monthly
payment amounts of $200, $300, or $400. This result is consistent with the possibility that
consumers make debt decisions following a loose mental accounting approach, given that it
is unlikely that liquidity constraints bind exactly at these salient round-number amounts.
One result is particularly noteworthy. We find that bunching occurs even in the most
distinct cross-sections of borrowers. Low income borrowers that appear to be good budgeters
bunch, as do high income borrowers that appear to be bad budgeters. Put differently,
both liquidity constrained and unconstrained borrowers appear to bunch at salient payment
amounts. This result is noteworthy because it suggests that behavioral frictions potentially
can more fully explain high maturity elasticities than liquidity constraints.
In a final section of the paper we demonstrate important aggregate implications of high
maturity elasticities. Our results suggest that borrowers demand increasingly long maturity
loans, most likely because they are targeting a given monthly payment. Our analysis also
suggests that the market is increasing the supply of long maturity loans, for supply-driven
reasons. The combination of consumer-level large maturity elasticities and aggregate increases in the supply of maturity appears to be driving a reasonably-sized portion of the
increase in outstanding auto debt, and total household debt.
Given behavioral frictions and the cognitive costs required of lifetime budget optimization, monthly payment targeting could be rational. Monthly payment targeting does make
consumers susceptible to shrouded marketing that could result in costlier loans. A separate
risk is that the long-maturity loans that facilitate monthly payment targeting raises the potential that borrowers are stuck in negative equity loans, raising the risk of default. Negative
equity in auto loans would be particularly distressing for low-income households, borrowers for whom their cars represent a substantial portion of their net worth. More generally,
monthly payment targeting could increase aggregate household leverage, exposing borrowers
to the adverse effects of aggregate macroeconomic shocks.
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Figures and Tables

Figure 1: Example rate threshold from anoynmized credit union GHI. Interest rates are
regressed against dummies representing 5-point FICO bins. Coefficients are plotted against
FICO scores.
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Figure 2: Example maturity threshold from anoynmized credit union MNO. Loan maturities
are regressed against dummies representing 5-point FICO bins. Coefficients are plotted
against FICO scores.
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A. Interest Rates Around FICO = 600 Discontinuities

B. Interest Rates Around FICO = 640 Discontinuities

C. Interest Rates Around FICO = 700 Discontinuities

Figure 3: Average interest rates on the vertical axis against borrower FICO scores normalized to each threshold along the horizontal axis for institutions with pricing discontinuities
detected at FICO scores of 600, 640, and 700, respectively.
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A. Application Debt-to-Income Ratio

B. Application Loan Amount

C. Applicant Age (years)

D. Applicant Gender

E. Applicant Ethnicity

F. Number of Loan Applications

Figure 4: Balance of Borrower Characteristics Across FICO Thresholds. Figures plot average values of ex-ante borrower characteristics around FICO thresholds for institutions with
detected discontinuities. Applicant gender in panel D is an indicator for male, and ethnicity
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in panel E is an indicator for whether the applicant
is estimated as white by the lender.
Panel F plots the frequency within each normalized FICO bin.

Panel A

Panel B

Panel C

Figure 1: Anchoring. Unconditional histograms of monthly payments
and
$400.
Figure
1: Anchoring. Unconditional histograms
3 of monthly payments
and
$400.
Figure
Anchoring.
Unconditional
histograms
payments
3 of monthly
Figure
5: 1:
Monthly
payment
bunching.
Unconditional
histograms
and $400.
around $200, $300, and $400.
3
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around $200, $300,
around $200, $300,
around
$200, payments
$300,
of monthly

Figure 6: Anchoring. Histograms of monthly payments around $200, $300, and $400 for
constrained-responsible vs. unconstrained-irresponsible.

Figure 7: Interest rates and maturities for auto loans in the United States. ratespread is
the difference between the average rate for a 5-year loan on a new auto and the interest rate
on a 5-year treasury note. maturity represents the median loan maturity in a given quarter
from our dataset.
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Count

Percentile
Mean
Std. Dev.
25th
50th
75th
A. Loan Applications
.173
.330
.026
.047
.127
59.80
25.71
42
60
72
18,884.4 12,242.6 9,415.7 17,100 26,193
646.4
110.7
594
656
718
.283
.205
.131
.272
.401

Loan Rate
Loan Term (months)
Loan Amount ($)
FICO
Debt-to-Income

1,716,853
1,666,141
1,916,177
1,297,642
1,266,666

Loan Rate
Loan Term (months)
Loan Amount ($)
FICO
Debt-to-Income (%)
Collateral Value ($)
Monthly Payment ($)

3,968,914
3,968,914
3,968,914
3,526,409
1,862,758
3,968,914
3,968,914

.049
64.52
19,441
712.25
.264
20,697
337.74

Days Delinquent
Charged-off Indicator
Default Indicator
Current FICO
%ΔFICO

C.
2,848,807
3,968,914
3,968,914
2,759,442
2,727,173

Ex-Post Loan Performance Measures
35.63
1054.2
0
0
.021
.142
0
0
.022
.147
0
0
704.42
83.53
653
713
-.010
.089
-.044
-.002

B. Originated
.029
20.45
11,196
73.4
.357
11,071
162.49

Loans
.028
60
11,211
664
.089
12,781
222.8

.040
.060
61
72
17,393 25,366
715
769
.300
.370
18,650 26,405
310.5 422.2
0
0
0
771
.032

Table 1: Panels A–C respectively report summary statistics for loan applications, originated
loans, and ex-post loan performance. “Loan Term” is the term (in months) of the loan. Loan
Rate is the annual interest rate of the loan. Debt-to-Income is the ratio of debt service
payments to income. Collateral Value is the value of the car at origination. Current FICO
is an updated FICO score for each borrower as of the date of our data extract. ∆FICO is
the change in FICO score since origination as a fraction of the FICO score at origination.
Days Delinquent is the number of days that a borrower has missed one or more monthly
payments. Charged-off Indicator is a dummy for whether a loan has been written off the
books of the lending institution. Default is an indicator for whether a borrower has been
delinquent for at least 90 days.
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Count

Percentile
Mean Std. Dev. 25th
50th
75th
A. Loan Applications
.052
.054
.038
.042
.060
70.6
16.3
61
72
84
24,923
11,924
16,000 23,474 32,294
663
42.1
623
683
700
.270
.195
.130
.270
.390

Loan Rate
Loan Term (months)
Loan Amount ($)
FICO
Debt-to-Income

38,236
42,568
73,516
54,715
51,257

Loan Rate
Loan Term (months)
Loan Amount ($)
FICO
Debt-to-Income
Collateral Value
Monthly Payment

489,315 .067
489,315 63.7
489,315 18,018
489,315
655
278,160 .252
489,315 18,524
489,315
328

Days Delinquent
Charged-off Indicator
Default Indicator
Current FICO
%ΔFICO

C.
336,961
489,315
489,315
369,679
369,679

B. Originated Loans
.031
.043
.060
.085
21.5
50
61
72
10,709
10,149 16,018 23,691
37.5
627
649
692
.309
.014
.257
.374
10,074
11,425 16,675 23,625
154
219
303
408

Ex-Post Loan Performance Measures
46.8
289
0
0
0
.034
.181
0
0
0
.033
.178
0
0
0
649
69.2
610
654
695
-.011
.093
-.054
.000
.044

Table 2: Table reports summary statistics for the discontinuity sample (restricted to a 19point bandwidth around detected FICO discontinuities in lender pricing rules). Panels A, B,
and C describe loan applications, loan originations, and ex-post loan performance, respectively. See notes to Table 1 for further details.
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Discontinuity Coefficient

(1)
(2)
Loan Rate Loan Term
-0.0147***
1.378***
[-29.74]
[5.12]

Institution Fixed Effects
Quarter Fixed Effects
Number of Observations

X
X
489,315

X
X
489,315

Table 3: Table reports regression discontinuity estimates of equation (1), pooling the three
discontinuities shown in Figure 3 by normalizing FICO scores around each threshold and
using the estimator of Calonico et al. (2014). All specifications include lending institution
fixed effects and quarter-of-origination fixed effects. Robust t-statistics reported in brackets
are clustered by normalized FICO score.
(1)

(2)

Loan Amount
Discontinuity Coefficient
-110.090
[-0.56]
Institution FE
Quarter FE
Number of Observations

X
X
54,715

Debt-to-Income
-2.685
[-1.09]

(3)
Number of Loan
Applications
176.212
[1.22]

X
X
51,256

X
X
39

Table 4: Loan Application Covariate Balance Regressions. Table reports reduced-form RD
results for the subset of institutions for which we have detailed loan application data. See
notes to Table 3 for more details. Each observation in the data used for column 3 represents a
normalized FICO score. Robust t-statistics reported in brackets are clustered by normalized
FICO score.

32

Margin
Extensive
Dependent Variable I(loan offer accepted)
(1)
Rate Elasticity
-.53**
[-2.66]
Term Elasticity

1.56*
[1.65]

Intensive
ln(loan size)
(2)
-0.16***
[-13.52]
1.69***
[22.81]

Institution FE
X
X
Quarter FE
X
X
N
22,735
359,355
Robust t-stats in brackets clustered by normalized FICO score.
Table 5: Two stage least squares regressions of outcome variables onto rate and maturity.

Coefficient

(1)
Monthly Payment

(2)
Loan Amount

(3)
LTV

(4)
Car Value

7.28***
[4.78]

1,263.6***
[12.43]

.021**
[2.55]

829.13***
[8.68]

X
X

X
X

X
X

Institution FE
X
Quarter FE
X
N
360,082
Robust t-stats in brackets.

360,082

360,082

360,082

Table 6: Regression discontinuity results of outcomes. Full Sample.

Coefficient

(1)
Monthly Payment

(2)
Loan Amount

(3)
LTV

(4)
Car Value

1.31
[1.14]

704.49***
[10.00]

.023***
[3.95]

402.88***
[5.45]

X
X

X
X

X
X

Institution FE
X
Quarter FE
X
N
306,068
Robust t-stats in brackets.

306,068

306,068

306,068

Table 7: Regression discontinuity results of outcomes. Sample is restricted to all borrowers
below the 85th percentile by loan amount.
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