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The Effect of Gasoline Prices on the Demand for Fuel Economy in Used 
Vehicles: Empirical Evidence and Policy Implications 

 
 
 
 

Abstract 

Economic analysis generally favors fuel taxation as an efficient policy for dealing with 

climate and environmental externalities related to fuel consumption and emissions in the 

personal transportation sector, while actual policy heavily leans on fuel economy regulation. One 

justification offered for the use of regulatory policy instead of direct fuel taxation is the 

hypothesis that consumers undervalue fuel economy. If consumers do not sufficiently value fuel 

economy when making the decision about what car to buy, alternatives such as fuel economy 

regulation or feebates may be welfare improving over a standard Pigouvian tax on fuel. 

To determine whether or not consumers properly value fuel economy, we use microdata on 

used vehicle prices and a unique identification strategy based on micro-level variation in vehicle 

odometers to test whether used car prices change by the amount predicted by a fully rational 

asset pricing model. Our baseline results indicate that used car prices adjust by nearly 80% of the 

amount predicted by theory, and sensitivity analysis suggests that for a reasonable discount rate, 

they adjust by the full amount. These results contrast with recent literature and policy discussions 

that argue for tighter fuel economy standards on the basis of consumer undervaluation. Our 

results instead confirm the canonical finding that direct taxation of fuel is superior to fuel 

economy regulation or feebates. 
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1. Introduction 
 

Fossil fuel consumption and greenhouse gas emissions from the personal transportation 

sector pose serious challenges to today's policy-makers. In terms of greenhouse gases, a tax on 

gasoline is as efficient as a tax on emissions, since the amount of carbon released by a gallon of 

gasoline is independent of the manner in which it is combusted.1 As a result, the standard 

economic model suggests that a tax on gasoline is sufficient to fully correct for any climate-

change externalities related to driving.2

Consumers may undervalue fuel economy because they do not fully and correctly calculate 

the present discounted value of the flow of future operating costs, which depend on driving 

behavior, fuel economy and the price of gasoline. This implies that fuel economy will be 

underprovided in the absence of a corrective policy. It also implies that consumers will under-

react to a carbon pricing system that raises the value of fuel economy by increasing the price of 

gasoline. As such, an additional complementary policy, such as a Corporate Average Fuel 

Economy (CAFE) standard, or a feebate, which subsidizes the purchase of fuel efficient and 

taxes the purchase of inefficient vehicles, can be welfare improving, even when carbon 

emissions have been priced optimally via a gasoline tax, carbon tax, or cap-and-trade program 

 This conclusion rests on an economic model in which 

consumers make fully informed, rational decisions regarding both how many miles to drive and 

what vehicle to buy. There are reasons to think that these conditions may not hold. In particular, 

there is evidence that consumers may not sufficiently value fuel economy when making the 

decision about what car to buy.  

                                                 
1 See Parry, Walls, and Harrington (2007) for a thorough review of the relative efficiency of policies for the 
reduction of vehicle pollution. 
 
2 Since a gallon of gasoline corresponds to differing numbers of vehicle miles traveled, according to fuel economy, a 
gasoline tax is an imprecise instrument for addressing miles externalities, such as congestion. 
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(Fischer, Harrington, and Parry (2007), Greene, Patterson, Singh, and Li (2005), and Train, 

Davis, and Levine (1997)). 

Despite the important policy implications of undervaluation of fuel economy, the literature 

on this topic is sparse. Existing studies that examine the demand for fuel economy rely on 

incomplete identification strategies, make unreasonably stringent restrictions on the way in 

which vehicle prices vary by vehicle type and age, or do not directly estimate the parameters 

necessary to design optimal complementary policies. In this paper, we use a unique identification 

strategy and two decades worth of microdata on used vehicle transactions to test whether used 

vehicle prices change by the amount predicted by a fully rational asset pricing model. We 

interpret our results as a test of whether or not consumers fully value fuel economy, and our 

results directly provide the parameters necessary for informed policymaking. 

Intuitively, our approach is to first compare the prices of two used cars which are identical 

except in their current odometer readings – and therefore in the remaining future operating costs 

– and second to repeat this comparison when different gasoline prices prevail. This is 

conceptually similar to a difference-in-difference approach. Importantly, the fact that the 

difference is within vehicle type allows us to provide an exceptionally rich set of controls, 

including time-period shocks and depreciation schedules that are unique for each vehicle type. 

To execute this research design, we employ used vehicle price data that include actual 

transaction prices, dates of sale, vehicle identification numbers (VINs), and odometer readings.  

Past research has provided several reasons to suspect that consumers may undervalue fuel 

economy. First, experimental evidence suggests that consumers are confused by the nonlinearity 

of cost savings in miles per gallon rated fuel economy (Larrick and Soll, 2008).3

                                                 
3 Many, for example, do not realize that an increase in fuel economy from 15 to 16 miles per gallon implies a greater 
cost savings than an increase from 30 to 31 miles per gallon. 

 Second, 



 5 

qualitative evidence from surveys of new car buyers suggests that most consumers are unable to 

articulate the key building blocks required for a present discounted value analysis, including 

typical mileage, fuel economy ratings of their current vehicles, and a discount rate (Turrentine 

and Kurani, 2007). Third, our own analysis of data from the Michigan Survey of Consumers 

produces several results that are difficult to explain in a model of infallible consumers. The 

survey asks a sample of households each month whether or not it is a good time to buy a vehicle 

and why. Even when controlling for the real price of gasoline, we find that consumers are more 

likely to cite gasoline prices and fuel economy as important when nominal gasoline prices are 

high and when prices have just changed (Sallee and West, 2008).  They also appear to respond 

more strongly to gasoline price increases than decreases, which is consistent with findings in 

Kilian and Sims (2006).4  These findings suggest that consumers may value fuel economy 

improperly, but they do not necessarily imply undervaluation as opposed to overvaluation, nor 

do they provide well-identified estimates of its degree.5

There is also a literature that, like us, attempts to directly test whether or not car prices fully 

adjust. Kahn (1986) develops a panel estimation procedure to test a model of asset valuation in 

the used car market, which is extended by Kilian and Sims (2006).
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 Allcott and Wozny (2010) 

4 Note that there may be justifications for some of these features depending on how consumers forecast gasoline 
prices. 
 
5 There is also an older literature that relies on cross-sectional variation for identification, which did not reach a 
consensus. The literature on energy intensive durables has found very large implied discount rates, which may be a 
symptom of myopia (Hausman, 1979, Dubin and McFadden, 1984), while Dreyfus and Viscusi’s (1995) results 
imply discount rates that are roughly the same as those on used vehicle loans, suggesting that consumers in vehicle 
markets are not short-sighted. 
 
6 A recent body of literature also uses panel methods for identification, but does not estimate undervaluation 
parameters. Linn and Klier (2007) examines the effect of changes in national-level gas prices on the demand for fuel 
efficiency, but consider effects on quantities (as opposed to prices) of new cars. They find that a $1 increase in the 
price of gasoline results in a 0.5 miles per gallon increase in fuel economy, on average. This estimate fits neatly into 
the range of estimates in Li, Timmins, and von Haefen (2009), which examines the effects of changes in gasoline 
price on registrations of both used and new vehicles. Busse, Knittel, and Zettelmeyer (2009) examines the response 



 6 

takes a different approach to arrive at the same location, identifying the effect of gasoline prices 

on the demand for fuel economy using a discrete choice framework that exploits consumer 

substitution between new and used vehicles and of varying fuel efficiencies. Like ours, these 

models develop an econometric framework in which there should be a one-to-one relationship 

between expected remaining operating costs and the price of a vehicle. If the relationship is less 

than one-to-one, then consumers undervalue fuel economy.  

Our approach differs critically from this existing literature in the assumptions necessary to 

achieve identification. Kahn (1986) and Kilian and Sims (2006) implicitly assume that 

unobservable vehicle characteristics are constant within model across model year. That is, a two-

year old 2007 Toyota Camry is assumed to have the same unobservable characteristics as a two-

year old 2006 Toyota Camry. Allcott and Wozny (2010) relax that assumption but assume that 

changes in vehicle characteristics across model years are uncorrelated with gasoline price 

changes. This may be incorrect if automakers make vehicle modifications between model years, 

which is suggested in both Linn and Klier (2007) and Sallee and Slemrod (2009). 

Kahn (1986) and Kilian and Sims (2006) also assume that all vehicles are driven the same 

number of miles each period and last the same number of years before falling apart completely. 

Allcott and Wozny (2010) allow miles driven per period to vary, but only by age and class. 

While their survival probabilities are specific to age, model year, class, and manufacturer, they 

do not vary with gas prices or with odometer reading.  All three papers  use aggregate vehicle 

prices rather than transaction-level prices.7

                                                                                                                                                             
of new car transactions to gasoline prices on several margins, including how average prices change for vehicles in 
different quartiles of the fuel economy distribution.  

  

 
7 Allcott and Wozny aggregate transaction-level prices, while the other two papers use aggregates published in a 
leading used-car price guide. 
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Our reliance on micro-level variation allows us to relax these assumptions. We expect for 

lifetime, mileage-age relationships, and scrappage rates to vary across vehicles and with gasoline 

prices, and for such variation to affect the estimated effect of changes in operating costs on used 

vehicle prices. For example, assuming constant mileage across vehicle ages ignores the fact that 

actual mileage declines with vehicle age. This implies that the calculated remaining lifetime 

operating costs are too low for all vehicles, and especially so for vehicles of lower fuel 

efficiency. Assuming that scrappage rates do not depend on odometer readings creates bias by 

underestimating the remaining mileage of older vehicles.  And we expect for different vehicles to 

experience differing time-specific price changes. 

Our baseline results indicate that used car prices adjust by nearly 80% of the amount 

predicted by theory, and sensitivity analysis suggests that for a reasonable discount rate, they 

adjust by the full amount. We interpret the results of this exercise as a test of whether or not 

consumers fully recognize the value of fuel economy, though we acknowledge that with our 

current specification, we can only jointly test assumptions about the discount rate, gasoline price 

expectations, and rationality. Our findings therefore suggest a limited role for complementary 

policy tools. These results contrast with Kahn (1986) and Kilian and Sims (2006), who report 

much lower adjustment estimates in most specifications.8

                                                 
8 Kahn (1986) concludes that the data do not reject full adjustment, but only after reporting a wide range of 
specifications that do reject it and finally settling on an instrumental variables specification that may be subject to 
bias. 

 Allcott and Wozny (2010) report a 

main estimate of 61% adjustment, which is sufficiently below our estimate to lead them to the 

conclusion that consumers undervalue fuel economy. We also find statistically significant 

differences in adjustment percentages across vehicle types and makes. For example, prices of 

pickups, SUVs, and minivans experience less adjustment than cars, while Toyotas experience 

more adjustment than other makes.  
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The next section outlines our estimation strategy. Section 3 describes the data, while Section 

4 explains the calculation of the expected remaining operating cost variable and the assumptions 

involved in this calculation. Section 5 explains how we implement our estimation strategy, 

presents results, and outlines steps for future research. Section 6 discusses the policy 

implications of our findings, and Section 7 concludes.  

 

2. Estimation Strategy 

Our estimation strategy is based on exploiting variation in the expected future fuel cost of 

vehicles resulting from differences in the odometer reading and the price of fuel at the time a 

vehicle is sold. For example, suppose that two 2005 Toyota Camrys are sold in November 2008, 

one with 80,000 miles on the odometer and the other with 90,000 miles. The price difference 

between these two cars should reflect the difference in value of having a lower mileage vehicle 

(which is in better condition and has a longer expected remaining life) net of the larger operating 

costs, which are a function of fuel prices. Next, imagine that the price of gasoline changes 

between November 2008 and December 2008, and that in December two other 2005 Toyota 

Camrys, one with 80,000 miles and the other with 90,000 miles, are sold. The price difference 

should reflect the same factors as before, and the difference-in-difference should reflect only the 

change in operating costs that resulted from the gasoline price change. There may be many 

factors that affect the level of these prices, but as long as these factors have the same effect on an 

80,000 mile Camry and a 90,000 mile Camry, they can be differenced out. 

Our final estimating equation has the intuitive flavor of this example, but it is not literally a 

difference-in-difference because we use a continuous measure of odometer readings. In the end, 
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we regress used vehicle transaction prices on an odometer polynomial, time period fixed effects 

and a measure of the discounted expected future operating costs of vehicles. Importantly, we 

allow the odometer polynomial and the time period fixed effects to vary for each vehicle type – 

where a type is defined by all observed characteristics, including model, model year, cylinders, 

displacement, transmission and trim. We are able to do this and still identify the parameter 

because we use individual transaction prices and use variation in fuel costs within a car type and 

time period by exploiting the odometer information. This use of individual data distinguishes our 

approach from related work and enables us to relax key assumptions. 

To arrive at our estimation equation, we start with a simple model of the price of used cars 

which assumes that the used car market is competitive and the supply of used cars is inelastic. 

Under these assumptions, the expected discounted price,  P,  of an individual observed vehicle  i  

of type j at time t is equal to the expected discounted driving value  V(·)  over its remaining 

lifetime, minus the expected discounted values of fuel costs C(·),  and maintenance costs  Z(·):  

𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑉𝑉�𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖 ,𝑋𝑋𝑗𝑗 , 𝑟𝑟� −  𝐶𝐶�𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖 ,𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖 ,𝑔𝑔𝑡𝑡 ,𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗 , 𝑟𝑟� − 𝑍𝑍�𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖 ,𝑋𝑋𝑗𝑗 , 𝑟𝑟�                                             (1)                           

where  O  is odometer reading,  X  is a vector of vehicle attributes,  m  is per period miles driven, 

g  is the price of gasoline, MPG  is the vehicle’s fuel economy in miles per gallon, and  r  is the 

discount rate.   

The discounted value of fuel costs, C(·), is given by:      

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐸𝐸𝑡𝑡 �∑ 𝐻𝐻(𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖 ,𝑋𝑋𝑗𝑗𝑅𝑅
𝑠𝑠=𝑡𝑡 ) 1

(1+𝑟𝑟)𝑠𝑠−𝑡𝑡
𝑚𝑚𝑗𝑗𝑗𝑗 𝑔𝑔𝑠𝑠
𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗

�       (2) 

where R  is the final period in which vehicles are scrapped, and  H(·)  is the probability of 

survival of a vehicle as a function of its odometer reading and its attributes. We detail the 

construction of this variable below in Section 4. 
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Since the functions V(·)  and  Z(·) do not depend on the price of gasoline �𝜕𝜕𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖
𝜕𝜕𝑔𝑔𝑡𝑡

= −𝜕𝜕𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖
𝜕𝜕𝑔𝑔𝑡𝑡

�, we 

could use a panel estimation strategy, where the variation in gasoline price interacts with fuel 

economy to enable identification at the vehicle level. But this requires that all vehicles 

experience the same time period shock and the same depreciation schedule. Rather than impose 

these rather stringent assumptions, instead we identify the effects of gasoline price changes on 

vehicle price using variation in odometer readings at the vehicle level, using the following 

estimation equation: 

𝑃𝑃𝑖𝑖𝑖𝑖 𝑡𝑡 = 𝛽𝛽𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 + �𝛼𝛼𝑎𝑎

4

𝑎𝑎=1

𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖𝑎𝑎 + 𝛿𝛿𝑗𝑗𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖                                                                                      (3) 

where the odometer terms O  and their coefficients are specific to each vehicle type j, and the  δjt  

are time-vehicle type fixed effects, where time is measured in months. The odometer polynomial 

is an approximation to the V and Z functions. Our null hypothesis is that β  equals negative one, 

that there is a one-for-one relationship between the present discounted value of real remaining 

fuel costs and real vehicle price. This implies full adjustment. 

                                             

3. Data Sources  

Our used car price data come from a large sample of wholesale used car price auctions. The 

data include the transaction price, transaction date, odometer reading and truncated Vehicle 

Identification Number (VIN) of each vehicle sold in several large auction houses.9

                                                 
9 One source of error may exist in the odometer readings. Goh, Fischbeck and Gerard (2007) show that many 
domestic vehicles built prior to the mid-1990s had five-digit odometers. This leads to rollover, where it is impossible 
to tell how many hundreds of thousands of miles a vehicle has been driven. Currently, we answer any concerns 
related to this by pointing out that our estimates are similar when we look only at vehicles known to have six-digit 
odometers, like Toyotas and Hondas. 

 This market 

does not include individual end users. In addition to automotive dealers, businesses and 
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governments that own large fleets sell vehicles on these auctions. The buyers are primarily used 

car dealers, who subsequently resell the vehicles to consumers. Many of the transactions in these 

markets are between dealers, who use these auctions as a way to reshuffle their inventories. 

Wholesale prices have a major advantage over retail prices because retail prices reflect 

idiosyncratic factors like bargaining ability and credit ratings that, from our standpoint, merely 

introduce noise. 

Our data sample includes over 90 million transactions that took place between 1990 and 

2009. We match these vehicles to official EPA fuel economy ratings using all available 

information on model, model year, cylinders, displacement, body type, transmission and trim. In 

the estimation, we use the combined EPA fuel economy rating. For some early model years and 

for model years after 2007, we lack a complete VIN decoder and for vehicles made before 1978, 

there are no fuel economy ratings. Such vehicles are dropped from our sample. In the results 

reported here, due to computational limitations, we take a 10% sample of the vehicles with 

complete information, leaving us with around 8 million transactions in the estimation sample.  

For the price of gasoline, we use the tax inclusive, monthly national retail price of gasoline 

from the Energy Information Administration (EIA). We adjust these and the vehicle prices using 

the CPI-U price series.  

Table 1 presents summary statistics for our estimation sample.  

 

4. Details of Cost Estimation and Implicit Assumptions 

The most important, and most challenging, aspect of our estimation procedure is the proper 

construction of the future fuel cost function. Throughout, we emphasize the interpretation of our 

procedure as a test of the complete valuation of fuel economy by consumers, but it is important 



 12 

to acknowledge that the null hypothesis of our test relies on a number of assumptions, and the 

test is therefore a joint test of all of these factors. In particular, the cost measure requires an 

explication of the discount rate used by consumers and their expectations regarding the future 

path of gasoline prices. In this section, we describe in turn each of the assumptions necessary for 

the construction of a cost estimate and the sources of any auxiliary data used. 

 

4.A Mileage and Scrappage 

The cost function, specified in discrete form, includes the annual miles driven of vehicles in 

all future periods. Additionally, since a vehicle might be scrapped, mileage is multiplied by a 

survival probability to generate expected miles driven.  

We estimate mileage and scrappage probability by using the results reported in Lu (2006), 

which details the average mileage and scrappage probability for passenger cars and light-trucks 

(pick-ups, sport-utility vehicles, and vans) as a function of age.10

Our procedure is as follows. We generate a predicted odometer reading for all vehicles in our 

sample by class (car and light-duty truck) based on age, measured in annual increments, using 

 For our purposes, we believe 

the relevant measure of the lifecycle position of a vehicle is its odometer, not its age in months. 

Accordingly, we conduct a transformation of the results in Lu (2006) to respecify her results in 

terms of odometer, rather than age. Lu (2006) also does not provide separate results by make, so 

we use our auction data to introduce this heterogeneity in an intuitive way. 

                                                 
10 Lu (2006) does not directly report average miles driven as a function of age, but instead reports coefficient 
estimates from a regression of odometer readings on a cubic in age.  Lu’s scrappage probabilities are calculated 
using coefficients from estimating two double exponential functions of age pieced together at 10 years for cars and 
12 years for light trucks. 
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the regression coefficients reported by Lu (2006).11

where  c indexes class, a indexes age, and m indexes make. Note that the mileage estimates from 

Lu (2006) are all mileage conditional on survival. This procedure estimates a unique theta for 

each make, which we report in Table 2. We use this theta as a measure of how much each 

vehicle make is driven compared to the average across all makes. While coarse, this procedure 

enables us to introduce heterogeneity in miles driven across makes. 

 We then regress this predicted odometer 

reading on the actual odometer reading separately for each make as follows: 

𝑑𝑑𝑐𝑐𝑐𝑐 = 𝜃𝜃𝑐𝑐𝑐𝑐𝑂𝑂𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖                                                                                                                                 (4) 

Next, we transform the results of Lu (2006) to write mileage and scrappage as a function of 

odometer, rather than age. We invert Lu’s functions numerically by using the reported regression 

coefficients as a data generating process on a simulated data sample and then regressing the 

scrappage and mileage functions on a polynomial in odometer. We then use these functions to 

create a predicted scrappage function and mileage function as a function of odometer. The base 

mileage function is then multiplied by the estimated theta for each make to allow for 

heterogeneity, but we currently impose the same scrappage function on all vehicles.12

In constructing the cost measure, we assume that each vehicle lasts no more than 25 

remaining years from the time of observation. Since we are using a scrappage probability, 

expected mileage beyond 25 years in the future is negligible for all vehicles. 

 

                                                 
11 To determine the age of vehicles in our price data, we assume that unless they appear in our data earlier than May 
of their model year, all vehicles were sold new in May of their model year, which we empirically determined to be 
the midpoint of the model year in recent years in a sample of new vehicle transactions.  We assume that vehicles that 
appear in our data earlier than May of their model year were sold new in January of their model year.   
 
12 Li et al. (2009) use registration data to estimate scrappage functions, including responses to the price of gasoline. 
They have generously provided us with make-specific scrappage regressions, which will enable us to improve our 
current procedure. We also intend to use their estimates to adjust the scrappage probability for the level of gasoline 
prices. 
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Past research has simply assumed that all vehicles are driven the same number of miles in all 

periods, and that they eventually are scrapped at a common terminal mileage (Kahn (1986), 

Kilian and Sims (2006) and Allcott and Wozny (2010)). This is clearly not true, as it is well 

known that newer cars are driven more per year and that the average lifetime of cars and trucks 

varies significantly. Our procedure relaxes these assumptions and replaces them with a better 

approximation of actual driving behavior. 

 

4.B Gasoline Price Expectations 

Another key term in the cost function is the price of gasoline in future periods. To construct 

the cost measure, a value for the price of gasoline in all future periods must be specified, 

requiring that we impose an expectations formation process. We assume that all consumers use a 

random walk assumption, so that the future price of gasoline in all periods is equal to the current 

price. Support for this assumption comes from Anderson, Kellogg and Sallee (2010), which 

concludes that consumer reports of their expectations about future gasoline prices appear to 

follow a random walk in real terms. 

We have also estimated ARIMA models of the gasoline price series, and we will use them to 

test whether or not our answer changes qualitatively when we use various expectations formation 

processes that conform to historical data. Due to computational time, we do not yet have these 

results to report. If consumers form expectations in some way that is inconsistent with observed 

data, we will be unable to distinguish this from an undervaluation. On one level, this is in line 

with the overall intention of our project because, if consumers are using a forecast that is out of 

line with observed data, then we may wish to consider this is a consumer failure in line with the 

problems of fuel economy undervaluation that might arise from other biases. 
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4.C Fuel Economy 

Several different fuel economy measures are available. In particular, the EPA reports both a 

city and a highway MPG, along with a combined rating which is a harmonic average of the two. 

In 1986, the EPA adjusted ratings to account for the apparent discrepancy between the official 

rating and the actual fuel economy used. Starting in 2008, a significant revision to the test 

procedures was initiated with the hopes of improving accuracy further. Our work here uses the 

fuel economy rating published at the time of the vehicle’s sale, which is the official number still 

available in the EPA fuel economy guide, without attempting to adjust for these regime changes. 

Additionally, we assume that the fuel economy rating is accurate for the life of the vehicle. 

Some research exists quantifying the degree to which fuel economy may degrade as a vehicle 

ages. In principle, it would be possible to adjust for this in cost measure, but we suspect that 

consumers are largely unaware of this phenomenon. 

 

4.D The Discount Rate 

The cost function also includes a discount rate. For our baseline estimates, we use a discount 

rate of 5%, and we conduct sensitivity analysis using rates of 10% and 15%. Just as with the 

gasoline expectations process, we are not able to separately identify the degree of consumer 

valuation and the discount rate from our data. Instead, we describe the range of estimates that 

follow from different discount rates. If vehicle price movements match our model expectations 

only at very high discount rates, we interpret this as evidence of incomplete adjustment. 

If the appropriate discount rate reflects the opportunity cost of borrowing money in the car 

market, then interest rates on automobile loans may provide an objective measure. According to 
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the Federal Reserve, the interest rate on 48-month new car loans originating at commercial banks 

has varied between 6 and 10% over the last decade, which would make our 5% baseline 

conservative. 

 

4.E The New Car Market 

Past literature has either assumed that supply responses in the new car market, which may be 

endogenous to the price of gasoline, do not affect used car prices (Kilian and Sims 2006) or 

attempted to account for the new car market influence structurally (Allcott and Wozny 2010). By 

including vehicle type by time fixed effects, we control nonparametrically for any effect that new 

car supply decisions have on used car prices, so long as the effect is common across vehicles 

with the range of odometer readings that appear in the sample. 

 

4.F Heterogeneity and Sorting 

We do not explicitly model heterogeneity among consumers in their driving behavior, but of 

course some consumers drive more than others. If the scrappage decision, as a function of 

odometer, is common across individuals, then heterogeneity in miles driven per period will 

generate differences in valuation only through intertemporal shifts in mileage that influence the 

cost function through discounting. But, our data are wholesale prices. This means that dealers 

buying the vehicle do not know if they will be selling to a high or low mileage customer, so this 

variation should not actually influence our estimates, provided that the distribution of mileage 

across individuals buying a given type does not change with the price of gasoline. 

 

4.G Heterogeneity and Interpretation 
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Consumers may be heterogeneous in a variety of ways. It is surely the case that consumers 

have some variation in their discount rates, their degree of myopia, and their gasoline price 

expectations, but we model the problem as if there is a single representative agent. 

This may be less of a problem if market forces cause this heterogeneity to collapse in its 

effect on market prices. We have not yet been able to develop a model that would tell us whether 

our procedure will reveal the average consumer adjustment, the marginal consumer adjustment, 

or some less coherent aggregation. In this regard, discrete choice approaches, such as the mixed 

logit approach of Sawhill (2008) offer some advantages over our own. 

 

4.H Risk Aversion and Variability 

Currently, we assume a risk neutral agent, who cares only about the expected future costs, 

not about other moments of the cost function. It might be the case that consumers care also about 

the variance in future costs because they are risk averse. In this case, a fuel efficient car is 

valuable as insurance, since it shrinks the dollar impact of a given gasoline price dispersion. 

Recent volatility in the price of gasoline may therefore influence the value of fuel economy. 

Again, our identification strategy limits this concern. Any resulting price increase in demand for 

a particular car type will be soaked up in our fixed effects. 

 

5. Estimation 

 5.A Implementation 

Estimation of equation (3) requires vehicle-specific odometer terms, which enter estimation 

as odometer terms interacted with vehicle indicators. As our unit of vehicle observation is at the 
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level of the truncated VIN, running the estimation on even a subsample of our data hits 

computational memory constraints, as the number of independent variables is enormous.  

We therefore invoke the Frisch-Waugh-Lovell theorem (Frisch and Waugh 1933, Lovell 

1963), which allows us to break down the estimation procedure into steps that are less memory-

intensive (albeit still very computation-time-intensive). To implement this procedure, first, for 

each VIN separately, we regress vehicle price on the odometer polynomial and time period 

(month) fixed effects and collect the residuals. We then regress, for each VIN separately, our 

cost variable on the odometer polynomial and time period fixed effects, and collect those 

residuals. Finally, we regress the residuals from the price regression on the residuals from the 

cost regression, clustering the standard errors on VIN and correcting for the degrees of freedom 

used in the prior stage. This yields a coefficient on the residuals from the cost equation that is 

numerically identical to the  β  in equation (3) and a standard error that is identical to the 

standard error of  β.  

 

 5.B Baseline Results 

Table 3 reports the results for the full sample and a selection of subsamples. For the full 

sample, the coefficient on cost is -0.788, implying that for every one dollar increase in fuel costs, 

used vehicle price falls by about 79 cents. While this estimate suggests that consumers’ valuation 

of fuel economy is incomplete, it is substantially closer to negative one than the results of other 

recent studies. For example, over a broad spectrum of discount rates, Kilian and Sims (2006) 

obtain estimates in the range of -0.10 to -0.25. Assuming a 9 percent discount rate, Allcott and 

Wozny (2010) put this number at about -0.61.  
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Estimation on a set of subsamples reveals some intriguing heterogeneity in price adjustment 

across vehicle classes and makes, with vehicle price adjustment rates ranging from just over 50 

percent for Ford cars to over 90 percent for Toyota cars. Overall, car prices adjust more fully 

than do light-duty truck prices, though the pattern is inconsistent within makes.13

 

  

5.C Sensitivity of Results with Respect to Changes in the Discount Rate 

We also run the estimation on the full sample of vehicles imposing discount rates of 10% and 

15%. Table 4 shows that if the discount rate is 10%, our coefficient of interest equals -1.01; 

consumers fully adjust to changes in the present discounted value of remaining operating costs.14

 

    5.D Testing for the Presence of Asymmetric Responses to Changes in Gas Prices 

 

Estimation imposing a discount rate of 15% implies overadjustment, underscoring the 

importance of careful construction of the cost term, and the determination of what constitutes a 

“reasonable” discount rate.  

Previous literature indicates that consumers may respond asymmetrically to gasoline price 

shocks (Hamilton (1996, 2003), Kahn (1986), Kilian and Sims (2006)). We therefore estimate a 

specification that includes the cost term and an interaction of the cost term with an indicator 

equal to one when monthly gas prices have increased. We report these results in Table 5. In 

contrast with previous findings, we find little evidence for such asymmetry, at least at the month-

to-month level, as the estimated coefficient on the interaction term is very small. 

                                                 
13 Sawhill (2008) finds substantial heterogeneity across consumers (where the unit of observation is actually a model 
year market share) but does not explore the dimensions along which this heterogeneity occurs.  
 
14 To ease comparison of our results with those in Allcott and Wozny (2010), we also ran the estimation assuming, 
like them, a 9 percent discount rate. Using data from our full sample period (1990-2009), with a 9 percent discount 
rate our coefficient on cost equals -0.963. Cutting our sample to match their sample’s time period (1999-2008), with 
a 9 percent discount rate our coefficient on cost equals -0.934. 



 20 

 

5.E Planned Future Work 

In ongoing work, we are pursuing auxiliary data to improve the accuracy of our mileage 

estimates. We are also working to incorporate estimates of how mileage and scrappage schedules 

adjust to gasoline prices. 

Finally, we also have a large number of robustness checks in process. For example, 

preliminary results indicate that our coefficient of interest is somewhat sensitive to the functional 

form of the odometer polynomial.15

 

 Given the very long computation time required for each 

iteration, we do not have these results to report or characterize yet. As such, our current estimates 

should be considered preliminary. 

5.D Relationship to Previous Literature 

Our results contrast with some recent work that attempts to estimate the same parameter in the 

car market. Kilian and Sims (2006) find significant underadjustment, with principle estimates 

hovering around 25 cents on the dollar. Allcott and Wozny (2010) report a main estimate of 61 

cents on the dollar, which is closer to our findings but still far enough away from full adjustment 

that they consider this evidence of undervaluation. Both of these papers use a panel identification 

strategy that requires unobservable vehicle attributes to be common across model years. That is, 

a two-year old 2007 Toyota Camry is assumed to have the same unobservable characteristics as a 

two-year old 2006 Toyota Camry. This may be incorrect of automakers make vehicle 

                                                 
15 As we were writing this draft, we obtained results suggesting that an order 5 polynomial (rather than the quartic 
we assume for this draft’s results) may provide more appropriate controls in estimation of equation (3). Assuming a 
5 percent discount rate, using an order 5 polynomial results in a coefficient on cost equal to -0.679, which is a bit 
closer to zero the main result reported here (-0.788). Estimates assuming 10 or 15 percent discount rates would 
similarly scale toward zero the estimates presented in this draft. Our overall conclusions remain unchanged— 
preliminary results suggest that consumers adjust rather fully to changes in gasoline prices. Estimation using 
polynomials of orders higher than 5 does not result in any further meaningful changes in the cost coefficient.   
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modifications between model years in response to fuel economy regulation or gasoline prices, as 

is suggested in both Linn and Klier (2007) and Sallee and Slemrod (2009). Further, since Allcott 

and Wozny (2010) use gasoline prices as instruments for the quantity sold, year-to-year 

modifications in vehicles that are related to gasoline prices may violate their exclusion 

restriction. 

Both Kilian and Sims (2006) and Allcott and Wozny (2010) also make restrictions across 

vehicles regarding the depreciation schedules for vehicles and the time period effects. 

Importantly, when we restrict our estimator to impose the same odometer polynomial 

coefficients and the same time period fixed effects within a make, our estimates fall dramatically 

and become closer to zero than one. This suggests that even within a carmaker, the depreciation 

schedules and time period effects are different enough that imposing such restrictions causes a 

qualitative change in the analysis. Without a theoretical justification for imposing these 

restrictions, we think it is preferable to relax them, which we are able to do given our use of 

odometer variation. 

Our results are broadly consistent with the findings of Busse, Knittel and Zettelmeyer (2009), 

who do not attempt to directly estimate the degree of adjustment, but provide a back of the 

envelope calculation comparing their estimates to a fully rational benchmark and conclude that 

price adjustments in the used car market are consistent with full adjustment. 

 

6. Policy Implications 

Economic analysis that assumes consumers are rational finds strong support for a gasoline 

tax over fuel economy regulation as a policy for reducing gasoline consumption (Austin and 

Dinan (2005) and West and Williams (2005)). If consumers systematically underestimate the 
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value of fuel economy when making a vehicle choice, their mistakes represent an additional 

market failure that compounds externalities related to driving. In this setting, even an optimally 

determined carbon price or gasoline tax might be complemented by another policy, such as a 

feebate, or fuel economy standards.16

While consumer fallibility is probably a necessary condition for using feebates and CAFE 

versus relying on only a gasoline or carbon tax, it is not sufficient. Both feebates and CAFE, by 

improving fuel economy, reduce the cost of driving, and thereby lead to increases in vehicle 

miles driven. The negative externalities associated with driving, including congestion and 

accident costs, are substantial. In addition, since vehicle miles of travel and leisure are relative 

complements, the increase in miles traveled that occurs because of the reduction in the price per 

mile can exacerbate preexisting labor market distortions, which would further reduce the welfare 

improvements from correcting for myopia (West and Williams, 2005). In order to determine the 

net effect on welfare, one must include these considerations in a model that also accounts for 

consumer fallibility. For example, Fischer et al. (2007) conclude that undervaluation must be 

severe to justify tightening current fuel economy standards. Thus, while our estimates do not 

always fail to reject the null hypothesis of full valuation, our estimates do consistently indicate 

that consumers significantly value fuel economy, which makes the case for augmenting fuel 

taxation with regulation quite weak. 

 Fischer et al. (2007), for example, presents a range of 

simulation estimates that show that the existence of myopia can change qualitative conclusions 

regarding the welfare impact of increasing CAFE; if consumers undervalue fuel economy 

enough, CAFE becomes welfare improving. 

 

                                                 
16 Train, Davis, and Levine (1997) and Greene, Patterson, Singh, and Li (2005) suggest that feebates might be 
justified by consumer myopia, but do not conduct formal analysis linking the two.  
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7. Conclusion 

We use vehicle transaction data combined with EPA fuel economy ratings and gasoline 

prices to estimate the extent to which used vehicle prices adjust to changes in the present 

discounted value of operating costs. We identify the effect of gasoline prices not with time- and 

fuel-economy-based variation in operating costs across different vehicles, but instead with 

odometer-based variation in expected operating costs within tightly-defined vehicle types. That 

is, we compare the effect of a gasoline price shock on the price of a vehicle with many miles 

remaining to the price of an identical vehicle with few miles remaining. 

We interpret the results of this exercise as a test of whether or not consumers fully recognize 

the value of fuel economy. With our current specification, we can only jointly test assumptions 

about the discount rate, gasoline price expectations, and rationality. That is, incomplete 

consumer valuation of fuel economy could be due to consumers employing a discount rate that is 

too high or to consumers underestimating the lifetime of a vehicle, having faulty gasoline price 

expectations, or being boundedly rational. Disentangling the effects of these potential sources of 

undervaluation remains a fruitful area for future research. 

Preliminary baseline results, which assume a discount rate of 5%, indicate that for a dollar 

increase in operating costs, used vehicle prices fall by 79 cents. While this estimate is consistent 

with the general finding of underadjustment, it is closer to full adjustment than found by papers 

in the recent literature. And, our estimate assuming a 10% discount rate implies that adjustment 

is full. While our work is still progressing, these results, which contrast with some other recent 

findings, are important because they suggest that policies other than a gasoline tax are unlikely to 

be justified on the grounds of incomplete consumer valuation of fuel economy. 
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Table 1: Summary Statistics 
 

Variable Mean 
Std. 
Dev. 

   
Nominal Vehicle Sale Price 9260.32 6529.70 
Real Vehicle Sale Price ($1982-84) 5209.61 3657.68 
Present Value Real Remaining Fuel Cost ($1982-84) 3076.19 1573.26 
Nominal Gas Price ($)  1.78 0.75 
Real Gas Price ($ 1982-84) 0.96 0.29 
Odometer (miles) 57274 43726 
Age (years) 3.88 3.31 
Fuel Economy (EPA Combined MPG) 22.23 4.62 
% Car 0.64 . 
% Light-duty truck 0.36 . 
   
Number of observations 8106030  
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Table 2: Estimates of  θ (By Make Vehicle 
Mileage, Relative to the Mean) 
 

Make 
Car 

Theta 

Light-Duty 
Truck 
Theta 

   
ACURA 0.892 0.920 
ALFAROMEO 1.504 . 
AMC 1.148 . 
AUDI 0.963 0.677 
BMW 0.950 1.000 
BUICK 0.933 0.840 
CADILLAC 0.990 0.850 
CHEVROLET 0.838 0.874 
CHRYSLER 0.895 0.886 
DAEWOO 0.919 . 
DAIHATSU 0.896 1.045 
DODGE 0.801 0.902 
EAGLE 0.900 . 
FORD 0.869 0.916 
GEO 0.879 1.138 
GMC . 0.892 
HONDA 0.862 0.902 
HUMMER . 0.827 
HYUNDAI 0.837 0.817 
INFINITI 0.924 0.976 
ISUZU 0.954 0.985 
JAGUAR 1.123 . 
JEEP . 0.968 
KIA 0.789 0.957 
LANDROVER . 1.087 
LEXUS 0.916 0.963 
LINCOLN 0.907 0.894 
MAZDA 0.885 0.945 
MERCEDESBENZ 0.989 0.992 
MERCURY 0.936 0.949 
MERKUR 1.112 . 
MINI 0.968 . 
MITSUBISHI 0.826 0.865 
NISSAN 0.862 0.948 
OLDSMOBILE 0.912 0.955 

Make (cont.) 
Car 

Theta 

Light-Duty 
Truck 
Theta 

PEUGEOT 0.981 . 
PLYMOUTH 0.882 0.960 
PONTIAC 0.837 0.875 
PORSCHE 1.355 1.005 
RENAULT 1.142 . 
SAAB 0.959 1.067 
SATURN 0.895 0.834 
SCION 0.679 . 
SUBARU 0.870 0.863 
SUZUKI 0.759 1.030 
TOYOTA 0.855 0.897 
VOLKSWAGEN 0.936 1.067 
VOLVO 0.906 0.955 
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Table 3: Baseline Estimation Results 

Coefficients on the Present Value of Real Remaining Fuel Costs  
 

 Full Sample 
 -0.788 
 (0.013) 
   
 Subsamples 
 Passenger Cars Light Trucks 

All -0.851 -0.736 
 (0.020) (0.016) 

Chevrolet -0.599 -0.727 
 (0.049) (0.037) 

Ford -0.513 -0.735 
 (0.032) (0.037) 

Honda -0.787 -0.619 
 (0.042) (0.056) 

Toyota -0.914 -0.792 
 (0.060) (0.052) 

Standard errors are reported in parentheses. 
Estimates obtained assuming a 5 percent discount rate. 
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Table 4: Sensitivity of Results with Respect to the Discount Rate 
(All Vehicles) 

 

Discount Rate 5% 10% 15% 

Cost Coefficient -0.788 -1.01 -1.24 

Standard Error (0.013) (.016) (.020) 
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Table 5: Testing for Asymmetric Responses to Gas Price Changes 

(All Vehicles) 
 

Cost Coefficient -0.792 

Standard Error (0.013) 

Coefficient on (Cost*Gas Price Increase) 0.008 

Standard Error (0.002) 
Estimates obtained assuming a 5% discount rate. 


