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Introduction

Information revelation can occur through a variety of mechanisms. For example,
corporate finance research has established that a firm’s dividend policies provide

investors with information about future growth prospects.1 In addition, research
on residential mortgages indicates that borrowers reveal their expected tenure
through their choice of mortgage contracts.2 As a result, lenders offer a menu of
mortgage interest rate and point combinations in an effort to learn about borrower
potential mobility.3 Similarly, lenders may anticipate how consumer debt will
perform by observing the consumption choices that are being financed. With the
proliferation of risk-based pricing in credit markets, lender’s ability to further
differentiate between borrower credit risks, based on consumer choice of goods,
offers lenders a potentially important source to enhance profitability, as well as the
potential to extend credit to a wider range of borrowers.4

In this study, we use a unique dataset of individual automobile loans to assess
whether borrower consumption choice reveals information about future loan
performance. For most Americans, the automobile is the second largest asset
purchased (after housing), and as Grinblatt, Keloharju, and Ikaheimo (2004)
observe, automobiles are highly visible consumption goods in which interpersonal
effects clearly influence purchase decisions. Furthermore, in a study of the auto-
motive leasing market, Mannering, Winston, and Starkey (2002) report that indi-
vidual characteristics (e.g., income, education, etc.) impact consumer choice
among methods for acquiring vehicles (either through leasing, financing, or cash
purchase). As a result, the auto loan market provides an interesting laboratory for
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studying whether consumers reveal information about their expected performance
on financial contracts through the type of product they purchase.

Insurers have long recognized that automobile makes and models appeal to
different clienteles, and that these clienteles have heterogeneous risk profiles and
accident rates. As a result, insurers routinely price automotive insurance based on
car make and model. For example, insurance premiums on Volvos are not neces-
sarily lower than premiums on BMWs due to any discernable difference in car
safety, but rather result from the clientele that purchase these cars. That is, the
typical Volvo driver may be less aggressive, and thus less prone to accidents, on
average, than the typical BMW driver. Given that individual risk behavior is
revealed in the automobile insurance market, a natural question arises as to
whether consumption decisions also reveal individual financial (or credit) risk
behavior. In other words, does the type of automobile purchased reveal informa-
tion about the consumer’s propensity to prepay or default on the loan that finances
that purchase?

To answer this question, we adopt a competing-risks framework to analyze auto
loan prepayment and default risks using a large sample of individual automobile
loans. To the best of our knowledge, Heitfield and Sabarwal (2004) conduct the
only other study of default and prepayment for automobile loans. Unlike Heitfield
and Sabarwal (2004), who use performance data from sub-prime auto loan pools
underlying asset backed securities, we use conventional (non-sub-prime) individual
auto loan level data that provides individual loan and borrower characteristics (e.g.,
borrower income and credit risk score) and individual automobile characteristics
(e.g., auto make, model, and year).

Our results can be summarized as follows. First, we find that factors that tradi-
tionally predict automobile default and prepayment continue to perform as
expected. Specifically, we find that (1) a decline in borrower credit risk lowers the
likelihood of default and raises the probability of prepayment; (2) an increase in the
loan-to-value ratio increases the risk of default and lowers the likelihood of
prepayment; (3) an increase in borrower income increases the probability of pre-
payment, whereas an increase in local area unemployment increases the risk of
default; (4) a decrease in the market interest rate increases both the probability of
prepayment and default. Finally, we also find that vehicle manufacturer location
(America, Europe, and Japan) significantly impacts both the prepayment and default
behavior of borrowers, and increases the model explanatory power by 52 percent.
In an extended model, we also find significant dispersion in prepayment and
default rates across the specific automobile manufacturers.

These results provide evidence that the type of automobile purchased reveals the
consumer’s propensity to prepay or default on the loan used to finance that pur-
chase. Since knowledge of the type of automobile purchased is available to the
lender at the point of origination, our results suggest that lenders could utilize this
information in risk-based pricing by moving away from the standard “house-rate”
loan pricing for auto loans. Risk-based pricing could not only help the bank achieve
a lower capital allocation, but also provide credit access to higher-risk borrowers.

The remainder of this chapter is structured as follows. A brief discussion of the
auto loan market is presented first. The next section describes the data, which is
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followed by the section that provides the methodology for empirical estimation.
The subsequent section describes the regression results for the prepayment and
default model for auto loans. The next section discusses the results in light of recent
studies of the changes in vehicle manufacturer market share. The final section
offers concluding remarks.

The Market for Auto Loans

According to Aizcorbe, Kennickell, and Moore (2003), automobiles are the most
commonly held nonfinancial asset. For example, in 2001, over 84 percent of
American households owned an automobile.5 In contrast, approximately 68 percent
of American households owned their primary residence.6 Furthermore, loans
related to automobile purchases are one of the most common forms of household
borrowing (Aizcorbe and Starr-McCluer 1997; Aizcorbe, Starr, and Hickman,
2003). Consistent with the high penetration of automobile ownership among
households and the average automobile purchase price, Dasgupta, Siddarth, and
Silva-Risso (2003) note that the vast majority of auto purchases are financed. In
fact, Aizcorbe, Starr, and Hickman (2003) report that in 2001 over 80 percent of
new vehicle transactions were financed or leased. As a result, given the size of the
U.S. automotive market, it is not surprising that automobile credit represents a
sizeable portion of the fixed-income market. For example, in 2002, debt outstand-
ing on automobile loans was over $700 billion, and a growing percentage of this
debt is held in “asset backed securities.”

Financing for automobile purchases comes from three primary sources: dealer
financing, leasing, and third-party loans. Based on a sample of auto sales in Southern
California between September 1999 and October 2000, Dasgupta, Siddarth, and
Silva-Risso (2003) report that 24 percent of the transactions were leased, 35 per-
cent of the sales were dealer-financed, and the remaining 40 percent of the cash
transactions were most likely financed from third-party lenders (credit unions or
banks). Furthermore, using a national sample of 654 households that purchased
new vehicles, Mannering, Winston, and Starkey (2002) find that 51.6 percent
financed, 28.1 percent paid cash, and 20.3 percent leased. Based on these surveys,
clearly third-party financing represents a sizable portion of the automobile credit
market.

One of the key features of the third-party auto loan market is the standard
practice of using a “house rate” for pricing loans, such that all qualified borrowers
with similar risk characteristics pay the same rate at any given point in time. In
other words, prospective borrowers secure a loan before they contract to buy. The
lender simply underwrites the loan based on the borrower’s credit score and
required downpayment.7 With the loan commitment in hand, the borrower then
shops for a particular vehicle. As a result, these lenders do not incorporate
information about the purchase decision into the loan pricing.

In contrast, before lenders originate a mortgage, typically they have information
on the underlying asset as well as the borrower’s personal characteristics. Thus,
information about the underlying asset often plays a role in determining the mort-
gage contract rate. For example, lenders know that a borrower who seeks a loan
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above the government-sponsored enterprise “conforming loan limit” is almost
certainly purchasing a high-valued asset, while a borrower who requests an
FHA-insured mortgage is likely purchasing a lower-valued home. Since standard
mortgage-pricing models show that the volatility of the underlying property value
is important in determining the probability of mortgage termination, borrowers
originating mortgages on properties with higher volatilities pay higher contract
rates.8

Extending this analogy to the auto loan market, if third-party lenders required
information about the car being purchased prior to approving the loan, then they
could price that into the loan. Currently, this is not the practice. Thus, our study
suggests an avenue for lenders to potentially increase auto loan profitability by
utilizing the information about the car being purchased when they set their
loan terms.

Data

The data comes primarily from a large financial institution that originates direct
automobile loans.9 Our data consists of 6,996 loans originated for purchase of new
and used automobiles. The loans have fixed interest rates and are originated with
four- or five-year maturities. We observe the performance of these loans from
January 1998 through March 2003, providing a monthly record for each loan until
it either prepays, defaults, pays in full at maturity, or is still current as of the last
month of the observation period (right censored). We classify a loan as prepaid if,
prior to maturity, the borrower pays off a loan having a balance greater than
$3,000.10 Following standard industry practice, we classify a loan as being in default
when the payment is 60 days past due.11 We removed loans from the analysis if
(1) they originated after March 2002, (2) they were made to lender employees, and
(3) the automobile was stolen or fraud was suspected. Using our default and
prepayment definitions, we find that 1,216 loans had prepaid (17.4 percent),
251 loans had defaulted (3.6 percent), and 5,529 loans were still active as of the last
date of the study period.

Loan characteristics include automobile value, automobile age, loan amount,
loan-to-value (LTV), monthly payments, contract rate, time of origination (year
and month), as well as payoff year and month in the cases of prepayment and
default. We also have access to the automobile model, make, and year. Borrower
characteristics include credit score (FICO score), monthly disposable income, and
borrower age. The majority of the loans originated in eight northeast states.

Since the purpose of our study is to determine whether the type of vehicle reveals
information about future loan performance, we classify the cars by manufacturer
headquarter location (i.e., American, Japanese, or European). Although this is a crude
initial classification of the auto market, classification of automobiles along this basic
dimension follows the prevailing consumer sentiment of the automotive market.
Obviously, this classification system no longer matches the global automotive
manufacturing landscape. For example, BMW has manufacturing plants at 23 sites in
15 countries; Chrysler (one of the Big Three U.S. manufacturers) merged with the
German firm Daimler-Benz in 1998 to form DaimlerChrysler, and General Motors
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(GM) is the largest shareholder of South Korean manufacturer, Daewoo. However,
most consumers still perceive the foreign/domestic classification when referring to
automobiles. For example, the Toyota Camry is generally referred to as a Japanese
car even though it is manufactured in Georgetown, Kentucky, and Chrysler products
are still perceived as American even though Chrysler is a unit of DaimlerChrysler.

Following standard practice, we differentiate cars by their make and model.
Automotive make refers to the car manufacturer (e.g., BMW, Toyota, Ford, etc.),
model defines the particular car (e.g., BMW 325, Toyota Camry, etc.), and vintage
denotes the model year.12

Table 6.1 presents the sample descriptive statistics and also reports a series of
pair-wise t-statistics testing the null hypothesis that the sample means are equal
across manufacturer location. At this basic classification level, we find significant
differences. For example, given the concentration of European manufacturers in
the U.S. luxury-auto segment, we find that the average price for European cars
($27,269) is significantly greater than the average cost for American or Japanese
cars ($19,441 and $21,149, respectively). Consistent with this pricing pattern, we
also observe that European cars have higher loan amounts. Since lenders offer a
“house rate” for automotive loans, we note that no significant difference exists in
loan interest-rate spreads at origination.13

Table 6.1 also reports borrower characteristics. For example, on average,
borrowers who purchased American cars were older (45 years versus 41 and 38 for
European and Japanese buyers, respectively), borrowed more relative to the pur-
chase price (80 percent versus 65 percent and 76 percent for European and
Japanese buyers, respectively), and had higher credit scores (720 versus 715 and
708 for European and Japanese buyers, respectively). We also see that European car
purchasers had higher monthly incomes on average ($4,625) than either American
($4,024) or Japanese ($4,114) buyers.

Table 6.2 shows the sample distribution by loan outcome and manufacturer
location. We note that differences appear in loan performance based on automo-
tive type. For example, 19.9 percent of the loans on European cars were prepaid
versus 18.1 percent of loans on American cars and 15.5 percent of loans on
Japanese cars. Also interesting is that European and Japanese car loans have lower
default rate (2.9 percent) than American car loans (4.7 percent). In the next
section, we present a more formal analysis of loan performance.

Methodology

Following the standard practice in mortgage performance analysis, we estimate a
competing-risks model of auto loan prepayment and default. The competing-risks
framework has the advantage of explicitly recognizing the mutually exclusive
nature of prepayment and default. That is, if the borrower exercises the prepay-
ment option then this necessarily means that the borrower is unable to exercise the
option to default and vice versa. In the mortgage literature, recent studies such as
Deng et al. (2000), Ambrose and Sanders (2005), and Calhoun and Deng (2002)
use this competing-risks framework, while Heitfield and Sabarwal (2004) employ
the same method in analyzing pool-level auto loan data.14 As with Gross and
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Souleles (2002) and Heitfield and Sabarwal (2004), we use the discrete outcome
interpretation of duration models as presented by Shumway (2001).

In the competing-risks framework, we first recognize that during our observa-
tion period a borrower prepays, defaults, or else remains current through the end
of the time period of study (censored). We define Tj (j � 1,2,3) as the latent dura-
tion for each loan to terminate by prepaying, defaulting, or being censored, and the
observed duration, �, is the minimum of the Tj.

Conditional on a set of explanatory variables, xj, that include personal risk char-
acteristics, market conditions at the time of origination, and characteristics of the
consumption choice, the probability density function (pdf) and cumulative density
function (cdf) for Tj are

(1)

(2)

where Ij is the integrated hazard for outcome j:

(3)

rj is an integer variable taking values in the set {1,2,3} representing the possible
loan outcomes, and hj is the hazard function.

The joint distribution of the duration and outcome is

(4)

where x � (x1,x2,x3), � � (�1, �2, �3) and I0 � � Ij is the aggregated integrated
hazard. Thus, the conditional probability of an outcome is

. (5)Pr( j ��,x;�) �
hj(� �xj;�)

�
3

j�1
hj(� �x;�)

f (�,j �x;�) � hj (� �xj;�j)exp(�I0(� �x;�))

Ij(Tj �xj;�) � �
Tj

0

hj (s �xj;�j)ds,

Fj(Tj �xj;�j) � 1�exp(�Ij(rj �xj;�j))

fi(Tj �xj;�j) � hj(Tj �xj;�j)exp(�Ij(rj �xj;�j))
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Table 6.2 Auto loans by outcome

American Percentage Japanese Percentage European Percentage Total Percentage

Good 2146 77.19 2346 81.66 1037 77.22 5529 79.03
accounts

Default 130 4.68 82 2.85 39 2.90 251 3.59
Prepayment 504 18.13 445 15.49 267 19.88 1216 17.38

Total 2780 100 2873 100 1343 100 6996 100
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In order to simplify estimation, we specify a separate exponential hazard function
for each outcome

. (6)

and estimate (5) in a multinomial logit framework.
Since our purpose is to determine the information content of borrower con-

sumption decisions on loan performance, we follow Gross and Souleles (2002) and
separate xj into components representing borrower risk characteristics, economic
conditions, and consumption characteristics. Specifically, we assume that

(7)

where �t represents a series of dummy variables corresponding to calendar quarters
that allows for shifts over time in the propensity to default or prepay; agejt is a third
order polynomial in loan age that allows for nonparametric variation in the pre-
payment and default hazard; riskjt represents a set of borrower characteristics,
including credit score, that reflect the lender’s underwriting criteria; econjt is a set of
variables capturing changes in local economic condition, and carjt is a set of vari-
ables identifying information concerning the type of car purchased.

In equation (7), the combination of the age variables (agejt) and the risk measures
(riskjt) account for borrower risk in the auto loans. As Gross and Souleles (2002)
point out, “agejt allow for duration dependence in the baseline hazard” while the
initial risk characteristic (riskj0) “allows this hazard to shift across accounts that start
the sample period with different risk characteristics.”15

To establish a baseline to judge the importance of product information on loan
performance, we first estimate a restricted model of prepayment and default with
only agejt and �t:

. (8)

Since agejt represents a third-order polynomial, the corresponding prepayment and
default hazards are nonparametric. By incorporating the quarterly time dummy
variables, we are able to determine whether the baseline hazards of prepayment and
default have shifted over time.

Next, we extend the analysis to include borrower risk characteristics and local
economic conditions:

. (9)

Equation (9) represents the traditional loan performance specification and is exten-
sively used in the analysis of mortgage and credit card performance. We then extend
this model to the full specification described in (7) that includes information about
the asset securing the loan. By comparing the model log-likelihood ratio statistics,
we can determine the marginal impact of incorporating consumer consumption
information in evaluating the likelihood of loan default or prepayment.

x�j �j � �0�t � �1ageit � �2riskjt � �3econjt

x�j �j � �0�t � �1agejt

x�j �j � �0�t � �1agejt � �2riskjt � �3econjt � �4carjt

hj(�j �xj;�j) � exp(x�j �j)
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In modeling the termination probability of auto loans, we incorporate a set of
explanatory variables that capture the financial incentives associated with prepay-
ment. For example, to approximate the value of the borrower’s prepayment
option, we follow the standard approach followed in the mortgage literature, as
outlined in Deng, Quigley, and Van Order (2000), and estimate the prepayment
option as

(10)

where Vj,t is the market value of loan j at time t (i.e., the present value of the
remaining payments at the current market rate), and is the book value of loan
j at time t (i.e., the present value of the remaining payments at the contract inter-
est rate). We calculate Vj,t by assuming that the current market rate at time t is the
average auto loan interest rate in month t as reported in the Informa interest rate
survey. Since consumers are more likely to prepay following a decline in the
prevailing interest rate relative to the original contract rate, a positive value for
PPOPTION is indicative of an “in-the-money” prepayment option. In order to
account for any nonlinearity in the prepayment option, we also include the square
of PPOPTION.

To determine the impact of differences in auto depreciation rates on loan
termination probabilities, we estimated the depreciation schedule for each auto
manufacturer based on the five-year blue-book values reported by the National
Automobile Dealers Association (www.nada.com). For example, to determine the
average expected depreciation for Subaru vehicles, we collected the estimated
market value during the fall of 2003 for the base-level Forrester, Impresa, and
Legacy models beginning with the 1998 model year through the 2002 model year.
This provides a rough estimate of the yearly change in value for a base-level model
experiencing an average driving pattern. For each model, we calculate the yearly
depreciation experienced by the baseline car and then average the expected depre-
ciation by manufacturer. Unfortunately, given the heterogeneous nature of the
models from year to year, we are unable to match all models to a set of used car
values. Thus, we assume that all models within each manufacturer follow a similar
depreciation schedule. Obviously, our valuation algorithm is only an approxima-
tion since individual cars will vary based on the idiosyncratic driving habits of the
borrowers.

Based on these estimated changes in value, we construct monthly loan-to-value
ratios (CLTV). We expect CLTV to be positively related to default since higher
depreciation in auto values, holding other things constant, serves to increase the
loan-to-value ratio. Given the significant depreciation in auto values upon pur-
chase, many borrowers have an auto loan balance greater than the current car
value. Thus, including CLTV allows for a direct test for the link between auto
quality and credit performance. That is, if an auto manufacturer produces a dispro-
portional number of low-quality cars, then the secondary market value for the
manufacturer’s cars will reflect this lower quality. We also include the square of
CLTV to control for any nonlinearity.

V *
j,t

PPOPTIONj,t �
Vj,t � V *

j,t

Vj,t
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In addition to changes in the auto value relative to the debt burden, we also
capture changes in borrower credit constraints via the time-varying borrower
credit score (FICO). Borrower credit history is one of the key determinants of auto
loan approval. Thus, we expect the FICO score to be negatively related to default,
implying that borrowers with lower current FICO scores are more likely to default
on their auto loans. We also include the square of FICO to capture any nonlinearity
present in borrower credit scores.

Local economic conditions may also impact borrower loan termination deci-
sions. For example, borrowers who lose their jobs are more likely to default due to
inability to continue the loan payments. We use the county unemployment rate
(UnempRate), updated monthly, as a proxy for local economic conditions. Finally,
we include a series of dummy variables that denote the borrower’s location (state)
to control for unobserved heterogeneity in local economic conditions.

As discussed earlier, the set of variables included in car represents information
about the purchase decision that is available to the lender at the time of loan
origination, but is not utilized in the underwriting decision. By incorporating this
set of information into the model, we can ascertain whether data about the
consumption decision contains predictive value concerning the performance of
debt. Although rather obvious, we also include the auto purchase price in the
performance model. Since the lender provides the loan commitment prior to the
purchase decision, the lender does not know the actual purchase price. We also
include the square of the purchase price to control for any nonlinear effects. Next,
we incorporate a dummy variable that is set equal to one if the purchase price is
above the average purchase price for that car manufacturer. This variable is
designed to flag borrowers who are purchasing higher-valued cars relative to other
cars sold in that brand. Finally, in separate models we include a series of dummy
variables that control for either the type of auto manufacturer (American, Japanese,
or European) or specific auto manufacturer (e.g., BMW, GM, Toyota, etc.).

Results

As outlined earlier, we first estimate the baseline survival function of the cumula-
tive likelihood of automobile loans surviving (i.e., not prepaying or defaulting) by
manufacturer location. Figures 6.1 and 6.2 present the baseline survival curves for
prepayment and default by manufacturer location (America, Japan, or Europe),
respectively. Figures 6.3 and 6.4 present the baseline survival curves for, prepay-
ment and default by vehicle make (Benz, VW, Chevy, Dodge, Honda, Toyota),
respectively. While over 20 different automobile makes are in our dataset, we
present only the results for select automobile makes.

Considering prepayment first, figures 6.1 and 6.3 show clearly that at any given
age, European automobiles (Benz and VW) have a lower survival rate than either
American or Japanese, and the prepayment survival rates for American and
Japanese automobiles are statistically indifferent. This implies that at a given age,
the prepayment rate of European automobiles is higher than that of American
and Japanese, and American and Japanese automobiles have relatively the same
prepayment rates.
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Figure 6.2 Default probability of European (EU), Japanese (JP), and American
(US) automobiles
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Figure 6.3 Prepayment probability of select automobile makes
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Figures 6.2 and 6.4 show the baseline default survival curves. Unlike the base-
line prepayment survival curves, the default survival curves for European automo-
biles are higher (Benz and VW) than American and Japanese, implying that
European cars have lower default risk relative to the American or Japanese cars.
Once again, we do not find significant differences between the default survival
rates for American and Japanese automobiles. Next, we present a more formal
analysis to determine the prepayment and default behavior of automobile types.

Table 6.3 presents the estimated coefficients for the competing-risks models.
Model 1 is the baseline case as represented in equation (8). Based on the log-
likelihood statistic for this model, the pseudo R2 is 8.2 percent.16 The statistically
significant coefficients for AGE, AGE2, and AGE3 indicate that the prepayment
and default hazards follow a distinctly nonlinear pattern. Each subsequent model
reflects the inclusion of a new set of explanatory variables.

Model 2 corresponds to equation (9) and represents the introduction of
borrower risk characteristics and local economic conditions into the specification.
Again, this model represents the traditional loan performance model. Adding
borrower and local risk characteristics doubles the model’s explanatory power,
raising the pseudo R2 from 8.2 to 16.6 percent.

Turning to the individual risk variables, we find the expected relation between
current borrower credit score and the probability of default or prepayment. The
negative and significant credit score coefficient on the default model indicates that
the likelihood of borrower default declines as borrower credit quality increases.
Examining the marginal effect of credit score indicates that a 20-point increase in
borrower credit quality reduces the likelihood of default by 9.9 percent.17 On the
prepayment side, the positive and significant coefficient for credit score indicates
that a 20-point increase in credit quality raises the probability of prepayment by
3.3 percent. These marginal effects clearly demonstrate the asymmetric response to
changes in borrower credit quality on auto loan performance. We also find that
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Figure 6.4 Default probability of select automobile makes
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borrower income has the expected impact on prepayment and default. The signif-
icantly negative coefficient for monthly income in the default model suggests that
borrowers with higher incomes at loan origination are less likely to default.
Conversely, higher-income borrowers are more likely to pay off their loan prior to
maturity.

The impact of the current loan-to-value ratio also follows the anticipated
pattern. The positive and significant coefficient in the default model indicates that
the probability of default increases as the loan-to-value ratio increases. Since these
loans are positive amortizing loans, an increase in the current loan-to-value implies
that the underlying asset (the car) value has declined. On the prepayment side, the
significantly negative coefficient suggests the opposite effect. That is, a decline in
the asset’s value reduces the likelihood of prepayment.

The coefficients for the variable measuring the borrower’s incentive to prepay
are significant and have the expected signs. Recall that the variable PPOPTION
captures the borrower’s financial incentive to prepay as reflected in the relative
difference between the current market loan rate and the contract interest rate.
Since positive values of PPOPTION indicate that the borrower’s prepayment
option is “in-the-money,” the significantly positive coefficient for PPOPTION in
the prepayment model indicates that borrowers are more likely to pay off their
auto loan when interest rates decline. Not surprisingly, we find that PPOTION is
significant in the default model, suggesting that current interest rates have a
considerable impact on the borrower’s default decision.

Finally, we note that the local unemployment rate is significantly positive in the
default model. We use the unemployment rate as a proxy for local economic con-
ditions, with higher unemployment rates implying worsening economic conditions.
Thus, the positive coefficient in the default model implies that during periods of
greater economic uncertainty, the probability of auto loan default increases;
however, we note that the coefficient for unemployment is not significant in the
prepayment model.

Model 3 represents our first attempt to include information beyond the tradi-
tional risk factors associated with loan performance. In Model 3 we include two
dummy variables denoting whether a European or Japanese automobile secures
the loan. We find that including these dummy variables in the loan performance
model increases the pseudo R2 by 28.5 percent (from 16.6 to 23.2 percent),
supporting our hypothesis that the consumer consumption decision provides
information about the performance of the debt securing the car. The marginal
effects indicate that loans secured by European and Japanese cars are 50 percent
and 56 percent, respectively, less likely to default than loans secured by American
cars. We also find that loans on European cars are 18.8 percent less likely to
prepay than loans secured by American cars, while loans on Japanese cars are
11.7 percent less likely to prepay than loans secured by American cars. From a
risk-reward trade-off standpoint, the results suggest that loans to borrowers who
purchase Japanese cars have the lowest default risk, while loans to borrowers of
European cars have the lowest prepayment risk (most likely to be carried to matu-
rity). We note that the variables controlling for the car purchase price are not
significant in the prepayment or default models.
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As a final test of the information value related to the consumption decision, we
incorporate a series of dummy variables for each auto manufacturer (Toyota is the
base case) in Model 4. We find that incorporating greater specificity about the type
of car purchased provides only marginal improvement in assessing the probability
of a loan prepaying or defaulting. We note that the pseudo R2 for Model 4
increases only 10.8 percent (from 23.1 to 25.9 percent). However, the individual
coefficients reveal that significant dispersion exists in the performance of auto loans
after controlling for manufacturer. For example, we see that loans on Saturns have
default hazards that are 22 times higher than the default hazard of Toyotas.
Furthermore, the individual responses show that the hazards are not monolithic.
For example, although the results from Model 3 indicate that loans on U.S. cars
have significantly higher default rates, incorporating individual manufacturer
control variables shows that five of the American auto manufacturers have signifi-
cantly higher default hazards than Toyota, while one has significantly lower default
hazards. In addition, we find significant variation within the foreign vehicle
segment. For example, the model coefficients indicate that loans on Mazdas are six
times more likely to default than loans on Toyotas.

The results clearly show that significant variation exists in the default hazard
rates on auto loans across manufacturer, even after controlling for the usual factors
considered by lenders at the time of loan origination. Furthermore, since this infor-
mation is available to the lender at the point of origination, our results suggest that
lenders could utilize this information in risk-based pricing by moving away from
the standard “house-rate” loan pricing for auto loans.

Implications for U.S. Auto Manufacturers

Our results on auto loan performance combined with recent empirical work on
automotive brand loyalty suggest a bleak future for U.S. auto manufacturers. For
example, Train and Winston (2004) find that U.S. automakers lost significant
market share to European and Japanese automakers between 1990 and 2000 and
that this loss in market share is partly due to declining consumer brand loyalty
toward U.S. automakers. Train and Winston’s (2004) analysis suggests that the
primary reason for this shift in consumer demand is the perception that U.S.
automakers no longer provide a sufficient price/quality trade-off. As a result, U.S.
automakers have increasingly relied on price reductions and financing incentives to
retain market shares.

If we assume that the auto loan performance observed from our sample repre-
sents the general market, then the empirical results reported in this study question
the American automotive manufacturers’ reliance on financing incentives to retain
market share. Our results indicate that loans on American cars have default rates
that are approximately 50 percent greater than loans on European or Japanese cars.
All else being equal, this finding suggests that loans secured by American cars
should have significantly higher interest rates to compensate for the higher default
risk. Thus, to compensate for the low credit risk premium earned on their loan
portfolios (as a result of low- or zero-interest rate financing incentives), American
automobile manufacturers must price their products above the equilibrium quality
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adjusted clearing price. This finding implies that cash purchasers of American cars
are, in effect, subsidizing the poor credit performance of buyers who finance the
purchase of American cars. As a result, we should observe a greater percentage of
cash buyers opting for European or Japanese cars where the product price does not
incorporate the expected losses on the loan pool. Mannering, Winston, and
Starkey (2002) present evidence consistent with this prediction. In their study of
the automobile leasing market, Mannering et al. (2002) find that consumers who
pay cash are more likely to acquire a Japanese vehicle.

Conclusions

This chapter uses a unique dataset of individual automobile loan performance to
assess whether borrower consumption choice reveals information about future
loan performance. Automobiles are a highly visible consumption good and are
directly marketed to appeal to targeted demographic groups. Insurers have long
recognized that automobile makes and models appeal to different clienteles, and
that these clienteles have heterogeneous risk profiles and accident rates. Given that
individual risk-behavior self-selection is evident in the automobile market, a
natural question arises: Does this self-selection also reveal information about the
consumer’s propensity to prepay or default on the automotive loan?

We use a unique dataset consisting of 6,996 new and used automobile loans
originated by a large financial institution between January 1998 and March 2002.
The loans are fixed-rate notes and have four- and five-year maturities. We observe
the performance of these loans from January 1998 through March 2003, creating a
monthly record denoting whether the loans are paid-in-full, prepaid, defaulted, or
still current at the end of the sample period. In addition to the loan performance,
we observe a number of loan characteristics including the automobile value and
age at origination, loan amount, and automotive make, model, and year. We also
observe a number of borrower characteristics including credit score, income,
and age.

Our results show that the factors that traditionally predict default and prepay-
ment continue to perform as expected. Specifically, we find that (1) a decline in
borrower credit risk lowers the probability of default and raises the probability of
prepayment; (2) an increase in the loan-to-value increases the probability of default
and lowers the probability of prepayment; (3) an increase in borrower income
increases the probability of prepayment, whereas an increase in local area unem-
ployment increases the probability of default, and (4) a decrease in the market
interest rate increases both the probability of prepayment and default. We also find
that automobile manufacturing location (America, Europe, and Japan) significantly
impacts both the prepayment and default behavior of borrowers; including the
location dummies increased the pseudo-R2 by 28 percent. Finally, we control for
individual automobile-make dummies and find them to be significant drivers of
default and prepayment.

Our results provide evidence that the type of automobile a consumer purchases
reveals information about the consumer’s propensity to prepay or default on the
loan used to finance that purchase. Since the information on the type of automobile
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purchased is available to the lender at the point of origination, we suggest that
lenders could use this information by moving away from the standard “house-rate”
loan pricing for auto loans. Instead, lenders could profitably pursue risk-based
pricing based on the type of car the borrower purchases.

Notes

* The authors would like to thank Michael Carhill, Erik Heitfield, Bert Higgins,
Brad Jordan, Larry Mielnicki, Jim Papadonis, Kenneth Train, and Clifford
Winston for helpful comments. We are grateful to Diana Andrade, Ron Kwolek,
and Greg Pownell for excellent research assistance. The views expressed in this
research are those of the authors and do not represent the policies or positions of
the Office of the Comptroller of the Currency, of any offices, agencies, or instru-
mentalities of the U.S. Government, or of the Bank of America.

1. See Miller and Rock (1985) for a discussion of dividend policy as a mechanism for
managers to signal the value of the firm.

2. For example, Brueckner and Follain (1988) and Quigley (1987) discuss the
tradeoffs between mortgage contract terms and expected tenure.

3. See Stanton and Wallace (1998) and LeRoy (1996) for a discussion of the
mortgage menu problem and the implications concerning asymmetric information
about borrower expected mobility.

4. Edelberg (2003) provides empirical evidence that the greater use of risk-based
pricing during the 1990s has resulted in an increase in the level of credit access for
high-risk borrowers.

5. Automobile ownership statistics are fairly stable across various demographic charac-
teristics such as income, age, race, employment, net worth, and homeownership.

6. U.S. homeownership data is reported in “Census Bureau Reports on Residential
Vacancies and Homeownership” available at http://www.census.gov/hhes/www/
housing/hvs/.

7. For example, a borrower with an acceptable credit score may be offered a loan up
to $20,000 conditional on making a 5 percent downpayment. Thus, if the
borrower purchases an $18,000 car, the lender provides a $17,100 loan.

8. In an empirical analysis of house-price volatility, Ambrose, Buttimer, and
Thibodeau (2001) show that house-price volatility displays a U-shaped pattern
when ranked by house value.

9. Automobile loans can be classified into two broad categories, “direct” and “indirect.”
Direct loans are issued directly to the borrower, and indirect loans are issued
through the dealer. In case of indirect loans, the financial institution contracts with
the automobile dealership to provide loans at fixed interest rates. However, they
have to compete with automobile finance companies that can provide the loan at
a much cheaper rate, even if they have to bear a loss on the loan. For example, a
GM finance company could take a loss on the financing of a GM automobile if
GM profits on the automobile sale. Hence, financial institutions usually cannot
compete in the market for indirect automobile loans. As a result, our study focuses
only on direct automobile loans.

10. Our results are robust to alternative definitions of prepayment (e.g., early payoffs
greater than $2,000 or $4,000) and default (90 days past due).

11. Since financial institutions try to repossess automobiles once accounts are 60 days
past due, our definition is consistent with practice.
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12. Dasgupta, Siddarth, and Silva-Risso (2003) and Train and Winston (2004) use this
breakdown.

13. The interest-rate spread is defined as the loan annual percentage rate (APR) at
origination less the corresponding one-year Treasury rate.

14. Competing-risks models are well developed in the labor economics literature. For
example, see Mealli and Pudney (1996), Burdett, Kiefer, and Sharma (1985),
Narendranathan and Stewart (1993), and Flinn and Heckman (1982).

15. Gross and Souleles (2002: 330).
16. The pseudo R2 is calculated from the ratio of the model log-likelihood statistic to

the restricted model log-likelihood statistic, where the restricted model is a model
with only an intercept term.

17. The marginal effect is calculated as e� � 1.
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