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Reducing automobile-based gasoline consumption has been a major

U.S. public policy issue recently. A key driving force behind policymakers’ de-

sire is the concern of environmental externalities and national security. Cur-

rently, there are three public policies towards reducing automobile gasoline

consumption: raising federal gasoline tax, raising the Corporate Average Fuel

Economy (CAFE) Standards and vehicle scrappage subsidies of government

to retirement of old vehicles. My research studies the effectiveness of these

policies in the United States.

Among all polices, economists often argue that higher gasoline tax

would be more effective in improving fuel economy efficiency. In my first

chapter, I ask how gasoline prices influence households’ automobile replace-

ment decisions and thus market fuel economy efficiency, which is measured

by average mileage per gallon in a city. I specify and estimate a structural
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dynamic model of consumer preference for new and used vehicles following the

methodology proposed by Gowrisankaran and Rysman (2009). Since gasoline

costs accounts for 65% of total operating costs, the current and future gaso-

line price must need to be taken into consideration for rational forward-looking

consumers when they are making vehicle choices. Besides, the replacement de-

cision for vehicles is dynamic as well: facing depreciation as the automobile

ages and the improving features for new products, consumers need to decide

whether to replace the vehicle in the current period or later. Therefore, a

dynamic model of consumer choice would be crucial to correct policy eval-

uation of fuel economy efficiency, while previous literature fails to consider

the dynamics. By taking dynamics into consideration, I am able to capture

the inherent dynamic nature of a forward-looking consumer’s decision, with

rational expectation on the evolution of vehicle attributes and retail gasoline

prices. I estimate the model using a rich dataset combing vehicle registration

data on different cities, vehicle characteristic data, average gasoline price, etc.

Although a high gasoline tax is never put in practice in the U.S. and may not

be political feasible, I further conduct an experiment of raising gasoline tax

to test how fuel economy efficiency is affected based on my model estimates.

Experiments suggest that keeping a $4 gasoline price would result in a steady

trend for a city’s fleet fuel efficiency increase, while doubling current rate will

only increase fuel efficiency in the first several years, but experience drops over

time.

The Corporate Average Fuel Economy (CAFE) are regulations in the
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United States that intended to improve the average fuel economy of cars and

light trucks sold in the US. However, it is long been realized that with a more

fuel efficiency car, consumers may be induced to drive more which partially off-

sets the original energy saving by the policy. Therefore, to assess the effective-

ness of CAFE standards, it is crucial to ask: how fuel economy efficiency, which

is measured by mileage per gallon (MPG), affects households’ vehicle mileage

traveled and its distribution. In my second chapter, I answer the question by

estimating a structural model for joint determination of vehicle fuel efficiency

choice and vehicle mileage traveled each year with a detailed micro-level data

of National Household Travel Survey 2001. I further study the distributional

effects on vehicle miles of fuel efficiency using instrumental quantile regression.

Comparison on results and tests of weak instruments between my method and

literature suggest that my model and choice of instruments provide consistent

estimates, while using choice probabilities as instruments is not valid. My

results support some earlier findings of rebound effects with a more precise

quantitative estimation. In addition, I find new evidence that costs associated

with raising CAFE standards vary across different quantiles of annual mileage

driven and are especially high for those with below-average vehicle mileage

driven. These findings also provide rationale in support of a tax on mileage,

which is more effective in reducing gasoline consumptions, comparing to the

costs of CAFE standards.

My third chapter focus on 2009 CARS Program (Cash-for-Clunker).

The 2009 CARS program attempted to boost the sale of new fuel efficient
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vehicles to replace old gas guzzlers. The program established a two-tier incen-

tive system depending on whether buyers purchased a passenger vehicle or an

SUV. The result is that many of the new purchased vehicles are indeed SUVs.

The CARS program collected information about the old scrapped vehicles and

linked it to the actual purchase of the new vehicles. It is thus possible to ana-

lyze the effect of preference inertia in choices by comparing the characteristics

of old and new vehicles. The fact that effective prices that consumers face are

determined by the mileage class of the old car also allows us to evaluate the

distribution of valuation trade-offs between mileage and other characteristics

such as size, performance, and vehicle class. My findings suggest that the 2009

Cash-for-Clunker is not very effective in terms of affecting consumers’ choice of

SUVs and big cars. For transactions under the program, consumers still prefer

SUVs and large cars. The extra $1000 rebates actually increase consumers’

tastes towards SUVs.
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Chapter 1

Gasoline Prices, Fuel Economy Efficiency And

Automobile Replacement Dynamics

1.1 Introduction

In the United States, automobiles (passenger cars and light trucks) ac-

count for 60% of transportation energy use. Their dominance has made them

a focus of efforts to improve fuel efficiency. Moreover, consumer’s automobile

demand is inherently dynamic. Unlike other durable goods, not all costs of

vehicles will occur at the time of purchase, as gasoline and maintenance are

needed to operate vehicles. In fact, gasoline is the most important ongoing

expense during a vehicle’s life-time use, accounting for over 65% of total oper-

ating costs.1 A rational forward-looking consumer will take into account not

only current but also future gasoline prices when facing the choice of purchasing

a vehicle. With an anticipation of sky-rocketing gasoline prices in the future,

consumers may want to switch to a more fuel efficient vehicle (for example,

a Toyota Prius) by buying a new vehicle now and/or speeding the scrappage

of old, inefficient gas guzzles. On the contrary, historically low gasoline prices

may build an expectation of consistent low prices for consumers and lead to a

12009 Your Driving Costs, AAA Association Communication
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surge in SUV and light truck sales.

Furthermore, the replacement decision of vehicles introduces another

dynamic element of demand. As time goes by, consumers are not only con-

fronted with an increasing cost of maintenance and depreciation of their vehi-

cles as they age, but also with the choice of purchasing new and increasingly

more efficient vehicles. New features of future vehicles, the optimal timing of

scrapping old ones and the expectations on future gasoline prices determine

the market shares of new vehicles sold and the compositions of the existing

fleets of vehicles.

Estimation of consumer’s dynamic demand for durable goods is diffi-

cult. Most empirical models of demand for durable goods have concentrated

on the market for new products under a static setting. Berry, Levinshon and

Pakes (1995), henceforth BLP, focuses on accommodating multiple dimensions

of consumer heterogeneity in modelling the differentiated product demand for

automobiles. However, BLP ignores the durability of products and emphasizes

demand for new vehicle only. Esteban and Shum (2007) estimate a model of

second-hand automobile market with forward-looking consumers and firms.

They use a simple vertical model where consumers must purchase a car every

period. However, their paper did not consider the scrappage and replacement

decisions of consumer, which is also an essential part of consumer’s vehicle

decisions. Rust(1987) formulate a regenerative optimal stopping model of bus

engine replacement through a solution to a stochastic dynamic programming

problem. The paper proposes a “nested fixed point” algorithm for estimating

2



dynamic programming models of discrete choice. Melnikov (2001) analyzes

the dynamics of consumer choice for discrete choice differentiated products

markets with durable goods using data on computer printers and a logit util-

ity specification. But heterogeneity of consumer are only captured by a i.i.d

random term and consumers purchase only once in their lifetime.

Recent developments have allowed economists to address the timing

of consumer purchase, as in Gowrisankaran and Rysman (2009). This paper

estimates a dynamic model of consumer preferences for new durable goods

with persistent heterogeneous consumer tastes, rational expectations about

future products and repeat purchases over time using data from digital cam-

corder market. They predict market shares of each product in each period

in an industry where prices drop very quickly and product qualities improves

significantly over years so that repeated purchases are likely.

In this paper, I specify and estimate a dynamic discrete choice model of

consumer demand for automobiles. Heterogeneous consumers decide whether

to keep or scrap a car, whether to purchase a new car and which car to own

from a set of new car models in the market conditional on purchase. By taking

the dynamic elements of demand into consideration, I am able to capture

the dynamic nature of a forward-looking consumer’s decision, with rational

expectation on the evolution of vehicle attributes and retail gasoline prices.

I estimate the model separately for each market (city) using a rich dataset

combining vehicle registration and current fleet composition data of several

cities between 2003 and 2009.

3



Contrary to the camcorder industry studied in Gowrisankaran and Rys-

man (2009), prices of automobiles do not drop as quickly as that for digital

camcorders. Their characteristics do not improve as fast as camcorders nei-

ther. Since estimation in this paper makes use of a seven-year sample of new

and used vehicle registration data, it is reasonable to assume that repeated

purchase are not going to be frequent. Instead, my model is built based on a

similar framework but distinguished from Gowrisankaran and Rysman (2009)

by taking into consideration of consumer’s dynamic scrappage decisions due

to vehicle depreciation and gasoline price dynamics. In addition to the market

shares of new vehicles in each year of the sample, as predicted by the model of

Gowrisankaran and Rysman (2009), my model also predicts the survival prob-

abilities of each vehicle model-vintage for each year. Therefore, parameters of

my model are estimated by matching both set of these predicted shares with

the corresponding empirical moments over time.

The parameter estimates from above models are then used to evaluate

substantial fuel tax increases that have never been implemented before be-

cause they could be considered controversial and/or politically risky. In the

United Sates, gasoline taxes vary slightly across states, although the mean

total taxes only amount to 47.7 cents per gallon (including federal, state and

local tax). Among all industrial countries, the United States has the lowest

gasoline taxes, while on the contrary, Germany’s tax of $4.86 per gallon is

the highest. In addition, there are few changes of federal gas taxes ever since

it is first established in 1933. The tax rate has reached the current level of

4



18.4 cents per gallon through a series of incremental increases and remained

unchanged since 1993.

Figure 1.1 illustrates how average fuel efficiency of passenger cars and

light trucks on road (measured by MPG) evolves in the United States, from

1990 to 2008, along with nominal and real gasoline prices changes. Average

MPG for both passenger cars and light trucks both increase during this period

and it is positively correlated with real gasoline prices. However, in spite of the

increased share of sport utility vehicles and light trucks as a percentage of new

passenger vehicle sales, average fuel economy is virtually unchanged as gasoline

price keep going down between 1990 and 2000. It finally starts to climb up

slightly as consumers face the increasing gasoline prices after 2000. One might

wonder what will happen to the average fuel efficiency if we could keep a high

tax thus a high gasoline price today. With the updating automobile fleets on

the market and the changing consumer preferences over the year, it is difficult

to study the effects by a reduced form study of historical data. Therefore, a

dynamic structural model of consumer choices would be crucial to correctly

evaluate policies aimed at increasing fuel efficiency.

Several studies have examined the impact of gasoline taxes on con-

sumer’s vehicle choices. Following Dubin and McFadden (1984), Goldberg

(1998) and West (2004) studied the joint determination of vehicle choice and

gasoline consumption. Bento et al (2008) examined the impacts of increased

U.S. gasoline taxes with a model that links the markets for new, used and

scrapped vehicles. Li, Haefen and Timmins (2008) examined the effects of

5
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Figure 1.1: Gasoline Prices and Average Fuel Efficiency in the US, 1990-2008

gasoline prices on the automobile fleet’s composition and found that high

gasoline prices shift new purchase towards more fuel-efficiency vehicles and

speeding scrappage of less-fuel-efficient used vehicles. Linn and Klier (2007)

estimate the effect of a gasoline tax on fuel efficiency of new vehicle purchase,

using high frequency sales data. Other studies focus on the impact of policies

on new car production and the associated fuel efficiency economy. Goldberg

(1998) and Kleit (2004) analyze tighter CAFE standards, while Austin and

Dinan (2005) examine CAFE standards and a gasoline tax increase.

However, none of these papers take the dynamic nature of consumer’s

choice into consideration when they estimated the model and evaluated policy

influences. Since different policies have distinct long-run and short run effects,
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considering a dynamic model is necessary to capture those effects when assess-

ing and comparing policies aimed at improving overall market fuel efficiency.

Compared to the prior works, this paper contributes to the literature

by presenting a new and efficiency way to address these issues. Comparisons

between my preliminary findings from dynamic demand estimation and results

from a static model indicate that the effects of gasoline prices on consumer’s

vehicle choices are underestimated in a static model. The parameter estimates

are then used to evaluate substantial fuel tax increases: the impact of the

increase in fuel tax changes over time as the fleet to be replaced is increasingly

more efficient as old clunkers get scrapped first. My preliminary results suggest

that doubling the current tax rate would result in a decreasing trend of the

increase of a city’s fleet fuel efficiency after a mild initial impact: an immediate

increase of 0.29 MPG, raising up to 1.01 MPG fades out to 0.34 MPG after

seven years. Alternatively, a variable tax policy aimed at keeping the price

of gasoline stable at $4 per gallon will increase fuel efficiency dramatically to

1.86 MPG in the first several years, remaining mostly stable thereafter, with

an increased fuel efficiency of still 1.65 MPG after seven years.

The rest of this paper is organized as following. Section 1.2 discusses

a dynamic model of consumer choices and estimation strategies. Section 1.3

provides description of data we used in this estimation. Section 1.4 presents

the estimation results from the model and the effects of different tax increase

policies based on model simulations. Section 1.5 concludes.
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1.2 Model And Inference

1.2.1 Basic Model

Suppose there is a continuum of heterogeneous potential consumers

indexed by i in the market. Consumers have infinite horizons and maximize

their expected lifetime utility with a common discount factor β.

At the beginning of period t, consumer i may or may not own a car.

If he does not have a car, then his decision is whether or not to buy a new

car. If consumer i decide to buy a new car at time t, he chooses one among

Jt products (Honda Civic, Ford Focus, and so on) in period t. If he owns a

car k at time t, he then decide whether to keep the car or scrap the car. If he

scraps the car, he can choose to buy a new one among Jt products in period t

or choose not to purchase at the current period (e.g. use public transportation

instead). In either case, he faces a similar problem at time t + 1. In this

analysis, consumer’s decisions of car purchase and replacement mainly depend

on current and expected future gasoline prices, which are major components of

operation costs. In addition, consumers need to decide whether to replace the

vehicle in the current period or later, after comparing the improved features

of new models with the depreciation and increasing maintenance cost of the

currently owned automobile. Since I do not have vehicle resale data, I assume

that there is no resale market.

The indirect utility of consumer i from purchasing product j at time t

is:

uijt = αx
i xjt + ξjt − αp

i pjt − αg
i (

pgt
MPGjt

) + ǫijt (1.1)

8



Here xjt is the observed product characteristics of vehicle model j at

time t, such as horsepower, vehicle size, weight, and so on. ξjt is the product

characteristics of product j at time t that cannot be observed by econometri-

cians and pjt is the price of product j at time t. pgt is the retail gasoline price

at time t, MPGjt is mileage per gallon of vehicle j at time t. Thus
pgt

MPGjt
is

operating costs of owning a car, which is measured by driving costs per mile.

ǫijt is mean-zero stochastic term with i.i.d. Type I extreme value distribution.

Finally, the individual-specific random coefficients (αx
i , α

p
i , α

g
i ) are supposed to

be constant overtime and normally distributed:



αx
i

αp
i

αg
i


 =




αx

αp

αg


+ Σvi, (1.2)

where (αx, αp, αg) are mean coefficients and vi ∼ Pv(v) is unobserved consumer

preferences.

Then the gross flow utility that each consumer obtains based on his

purchase or the car k he already owns at period t is:
{
δfikt = αx

i xkt − αg
i (

pgt
MPGkt

)− αp
i depkt + ξkt if k 6= 0

δfikt = 0 if k = 0
(1.3)

Here, depkt is the depreciation costs of owning vehicle k at time t and depkt is

assumed to be zero if it is a new car purchase. I will discuss the depreciation

cost later in this section.

Then the utility for consumer i who owns vehicle k at time t could be

written as following:

ũikt = δfikt + ǫikt (1.4)

9



I also define the population mean flow utility as:

δ̄fikt = αxxkt − αg(
pgt

MPGkt

)− αpdepkt + ξkt (1.5)

A consumer who does not own a car at time t has a net flow utility of

ui0t = δfi0t + ǫi0t (1.6)

where δfi0t is the flow utility from the outside good, such as walking to work

or using public transportations. Since the mean utility from outside goods

is normalized to zero in this model, I assume δfi0t equals to zero for those

individuals.

Before evaluating consumer’s choice decision at time t, I need to formu-

late consumer’s expectations of prices and qualities thus the utility he would

obtain from future products, as well as expectations of future gasoline prices

at time t. I assume at time t, consumer i has no information about future

values of the idiosyncratic unobservable shocks ǫ. Also, although consumer i

is uncertain about future values of product characteristics and gasoline prices,

he has rational expectations of their evolutions over time.

Let Ωt denote all information about current and future product at-

tributes available to consumer i at time t (e.g. xjt, pjt and ξjt ∀j, t) and let

ǫit ≡ (ǫi0t, ..., ǫiJt) be consumer i’s idiosyncratic utility components at time t.

Then I can define that consumer i at time t makes scrappage or purchase de-

cisions based on the state space S = (ǫit, δ
f
ikt,Ωt, p

g
t , ), where δ

f
ikt is consumer’s

gross utility flow from current endowment of vehicles holding k at time t,

10



k = 0 if he does not has a car in current period and pgt is gasoline price at time

t. Assume Ωt, p
g
t and δfiktevolves according to some homogeneous first-order

Markov process: P1(Ωt+1|Ωt), P2(p
g
t+1|p

g
t ) and P3(δ

f
ik,t+1|δ

f
ikt) .

1.2.2 Consumer’s Dynamic Optimization Problem

In each period, the consumer is uncertain about gasoline prices, future

product attributes and vehicle depreciation, but possess rational expectation of

their evolutions. Consumer i’s decision is to decide whether to keep his existing

vehicle (if any) or to purchase one of the new products. Let Vi(ǫit, δ
f
ikt,Ωt, p

g
t )

denote the value function, I can now define the Bellman equations for consumer

i.

If consumer i does not own a car at time t (k = 0):

Vi(ǫit, δ
f
i0t,Ωt, p

g
t ) = max

{
ui0t + βE[Vi(ǫit+1, δ

f
i0,t+1,Ωt+1, p

g
t+1)|Ωt, p

g
t ],

max
j=1,...,Jt

uijt + βE[Vi(ǫit+1, δ
f
ij,t+1,Ωt+1, p

g
t+1)|Ωt, p

g
t ]

(1.7)

If consumer i owns a car at time t (k 6= 0):

Vi(ǫit, δ
f
ikt,Ωt, p

g
t ) = max





ũikt + βE[Vi(ǫit+1, δ
f
ik,t+1,Ωt+1, p

g
t+1)|Ωt, p

g
t ],

max
j=1,...,Jt

uijt + βE[Vi(ǫit+1, δ
f
ij,t+1,Ωt+1, p

g
t+1)|Ωt, p

g
t ],

ui0t + βE[Vi(ǫit+1, δ
f
i0,t+1,Ωt+1, p

g
t+1)|Ωt, p

g
t ]

(1.8)

The main issue in solving the consumer’s dynamic programming prob-

lem here is the “curse of dimensionality” of the state space. Following the
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existing literature, I make some assumptions to simplify this problem. Follow-

ing Rust (1987), I define

EVi(δ
f
ikt,Ωt, p

g
t ) =

∫

ǫit

Vi(ǫit, δ
f
ikt,Ωt, p

g
t )dPǫ (1.9)

By integrating over realization of ǫit, expectation of value function EVi

is not a function of ǫit, and the choice probabilities will not require integration

over unknown function EVi. Since ǫijt is assumed to be i.i.d. Type I extreme

value distributed, the conditional independence assumption from Rust (1987)

is satisfied. Now EVi is a fixed point of a separate contraction mapping on the

reduced state space S ′ = (δfikt,Ωt, p
g
t )

Since Ω in the state space S contains all information about current and

future product attributes available to consumer at time t, the large dimension-

ality makes it difficult to compute the Bellman equations in (1.7) and (1.8).

To solve the dimensionality problem, I further make some simplifications and

introduce the logit inclusive value. For j = 1, ..., J , define

δijt(Ωt, p
g
t ) = δfijt − αp

i pjt + βE[EVi(δ
f
ij,t+1,Ωt+1, p

g
t+1|Ωt, p

g
t )] (1.10)

Therefore, δijt is the expected discounted utility for consumer i purchasing

product j at time t. Then the logit inclusive value for consumer i at time t is

δit = ln

(
∑

j=1,...,Jt

exp(δijt(Ωt, p
g
t ))

)
(1.11)

The logit inclusive value simplifies the consumer’s utility of choosing

j from the entire set of Jt to receiving product with mean utility δit and a

12



random draw from extreme value distribution.

EVi(δ
f
ikt,Ωt, p

g
t ) = EVi(δ

f
ikt, δit, E[δi,t+1, δit+2, ...|Ωt, p

g
t ], p

g
t ) (1.12)

Now consumer’s dynamic decision in each period can be interpreted as

following. Based on his current flow utility and expectation of future gasoline

prices and product attributes, he first decide whether to replace the car (if

any) this period by simply comparing the logit inclusive value to the outside

option (not buying a car or not replacing the current car). Then he can make

the optimal choice of a new vehicle among all available products if he decides

to buy.

Further, I assume that,

If δit(Ωt, p
g
t ) = δit(Ω

′
t, p

g
t ), P (δit+1|Ωt, p

g
t ) = P (δit+1|Ω

′
t, p

g
t ) (1.13)

This assumption implies that, given the same gasoline prices, if at period t the

logit inclusive value δit is the same for two states, then the evolution for future

logit inclusive value will be the same. Then the evolution of logit inclusive

value can be assumed to follow the stochastic process:

P (δit+1|δit) (1.14)

With this assumption, the evolution of the logit inclusive value δit only depends

on its own last period value. Similarly, the evolution of gasoline prices is

assumed to depends only on its own last period value and follow the following

stochastic process:

P (pgt+1|p
g
t ) (1.15)

13



Depreciation is usually the greatest expense incurred by drivers during

their ownership period. As the automobile ages, the required maintenance

costs and probability of failure both increase, thus the consumer tends to re-

ceive less utility flow from owning vehicle k in period t + 1 than in period t

due to depreciation. To capture this, I form consumer’s expectation on the

evolution of expected values of keeping the currently owned vehicle, where

the depreciation cost is expressed through its declining resale values as a per-

centage of its original price. Another way to capture depreciation is simply

thorough the vehicle age. Since different vehicle models have significantly

different abilities of retaining their values, I use resale values for better pre-

ciseness. For example, a Toyota Camry Sedan can retain 65% of its retail

price for the second year and 38% for the fifth year, way above Kia Optimal

LX Sedan, with 36% and 18%.2 Let Dep = pkt − βE[pk,t+1|δ
f
ikt, p

g
t+1]. This is

the difference between period t’s resale value and expected period resale value

in t + 1, which depends on vehicle k’s own characteristics and retail gaso-

line prices. I approximate this value as a fraction of vehicle’s original price,

i.e., Depkt = λktP
origin
k . Assume consumer’s expected utility δfikt from owning

vehicle k evolves according to the following stochastic process:

P (δfik,t+1|δ
f
ikt) (1.16)

In order to solve the dynamic decision problem, I need to further specify

consumer’s expectations. The process are modeled independently and I assume

2Resale Value from Kelly Blue Book
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a simple and computable linear specification for each of them:

δi,t+1 = γ1i + γ2iδit + uit (1.17)

δfik,t+1 = µ1i + µ2iδ
f
ikt + υit (1.18)

pgt+1 = κ1i + κ2ip
g
t + ηit (1.19)

where γ, µ, κ are incidental parameters and uit, υit, ηit are normally distributed

with mean 0. These equations can be estimated through linear regressions.

Using the simplifying assumptions I made above, I am now able to

reduce the state space from many dimensions to three dimensions:

EVi(δ
f
ikt, δit, E[δi,t+1, δi,t+2, ...|Ωt, p

g
t ], p

g
t ) = EVi(δ

f
ikt, δit, p

g
t ) (1.20)

where δfikt is the flow utility from current endowment k at time t, δit is logit

inclusive value (mean utility level) of all products available at time t and pgt is

the gasoline price at time t.

Now I can write the expectation of the Bellman equation as:

If consumer i does not own a car at time t (k = 0):

EVi(δ
f
i0t, δit, p

g
t ) = ln

(
exp(δit) + exp

(
δfi0t + βE

[
EVi(δ

f
i0,t+1, δi,t+1, p

g
t+1)|δit, p

g
t

]))

(1.21)

If consumer i owns a car at time t (k 6= 0):

EVi(δ
f
ikt, δit, p

g
t ) = ln(exp

(
δfikt + βE

[
EVi(δ

f
ik,t+1, δi,t+1, p

g
t+1)|δit, p

g
t

])
+ exp (δit)

+ exp
(
δfi0t + βE

[
EVi(δ

f
i0,t+1, δi,t+1, p

g
t+1)|δit, p

g
t

])
) (1.22)
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The aggregate demand for each vehicle can now be characterized in a

straightforward manner. With the standard extreme value assumption, for a

consumer i with vehicle k (k = 0 or k 6= 0), the probability of purchasing a

certain product j conditional on purchase is:

Prijt =
exp(δijt)

exp(EVi(δ
f
ijt, δit, p

g
t ))

(1.23)

For a consumer i who owns a car (k 6= 0) at time t, the probability that

consumer i keeps the current vehicle is :

P̃ rikt =
exp

(
δfikt + βE

[
EVi(δ

f
ik,t+1, δi,t+1, p

g
t+1)|δit, p

g
t

])

exp(EVi(δ
f
ikt, δit, p

g
t ))

Now the market share of each vehicle model j purchased at period t and

the market share for each vehicle holdings could be calculated by integrating

the probabilities Prijt and P̃ rikt over consumer preferences:

sNjt =

∫

vi

∑

k∈Jt−1∪0

Prijt s̃ik,t−1 dPv(v) (1.24)

s̃kt =

∫

vi

P̃ rikt s̃ik,t−1 dPv(v) (1.25)

Now I have recovered the explicit expressions of market shares for new

car sales sNjt and existing used car holdings s̃kt, which could be observed in our

vehicle registration data.
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1.2.3 Inference

The estimation strategies are built on Gowrisankaran and Rysman

(2009): combining BLP and Rust (1987)’s nested fixed point algorithm to

estimate parameters of the model. The outer loop is a non-linear search over

parameters (α,Σ) of the model; the middle loop is a fixed point calculation

of the population mean flow utilities δ̄fikt and the inner loop is calculation of

predicted market shares, based on consumer’s dynamic optimization decisions.

I now briefly describe some details of the three levels of optimization.

Instead of trying to estimate the discount factor β in the dynamic

model, I set β = 0.9.3

The inner loop computes the predicted market share as a function of δ̄fkt

for and necessary parameters by solving the consumer dynamic programming

problem for a number of simulated consumers and then integrating across con-

sumer types. Following literature, the predicted market shares were obtained

through simulation since there’s no closed form solution for (1.24) and (1.25).

The middle loop, I recovered the population mean flow utility δ̄fkt using

the contraction mapping developed by BLP. In particular, I use an iterative

routine that update the mean flow utility until convergence as follows:

δ̄f,nkt = δ̄f,okt + ψ(ln(s̃kt)− ln(ˆ̃skt(δ̄
f,o
kt , α,Σ))) (1.26)

where ˆ̃skt(δ̄
f,o
kt , α,Σ) is the predicted market share calculated from inner loop,

3Since the computing time may varies substantially with different value of β, the actual
value of β used in the estimation is subject to change.
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s̃kt is the actual market share from data, δ̄f,nkt is the current and δ̄f,okt is the

previous iteration flow utility value and ψ is a tuning parameter that usually

set to 1 − β. Conditional on the vector of parameters, I iteratively updated

the logit inclusive value, the value functions, the Markov process until fully

convergence.

In the outer loop, I specify a GMM criterion function:

G(α,Σ) = Z ′ξ(α,Σ) (1.27)

where ξ(α,Σ) = δ̄fimωt−α
xxωt+α

g(
pgmt

MPGωt
)+αpdepωt is the unobserved product

characteristics from (1.5) and Z is a matrix of exogenous variables, which I will

describe in details later. Then the estimated parameters (α,Σ) should solve:

min
α,Σ

G(α,Σ)′WG(α,Σ) (1.28)

I solve this minimization problem by a non-linear search over (α,Σ). In ad-

dition, I obtain consistent estimates of (α,Σ) through a two-stage estimation.

In the first stage, assuming homoscedastic errors, I let W1 = Z ′Z and get

estimates for (α,Σ). Then I use the first stage estimates to approximate the

optimal weight matrix and perform the second estimation for parameters.

The key identifying assumption in this estimation is the population

moment condition E[Z ′ξ(α,Σ)] = 0, which requires a set of exogenous instru-

mental variables. Following BLP, I allow vehicle price to be endogenous to the

unobservable ξjt, and assume that product characteristics are exogenous. I use

all product characteristics, the mean product characteristics of vehicle model
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from the same producer at the same period, the mean product characteristics

for all models at the same period. These instruments are all common in the

literature.

1.3 Data

The empirical analysis of this paper relies on several types of dataset

combined together: the annual vehicle registration data for Houston and San

Francisco from R.L.Polk & Company; automobile characteristics from Ward’s

Automotive Year Book; retail gasoline prices of the two cities from Energy

Information Administration, and vehicle fuel economy efficiency data from

Environmental Protection Agency. By merging all those dataset together, I

have obtained a very rich dataset which allows me to identify the model and

to do policy comparison simulations.

The main dataset I used contains vehicle registration data for Hous-

ton and San Francisco. The data was purchased from R.L.Polk & Company

and it include registration records for both new and used vehicles from 2003

to 2009. The new vehicle registrations are collected at model level by Model

year/Make/Model in each city (e.g. how many 2003 Honda Civic were pur-

chased in Houston in 2003) thus I could keep track of new car sales each year.

The used car registration data for all vehicle stocks at model level in each city

are also included in the data thus I could observe the evolution of the fleet

composition at model level over the seven years. Since vehicle registration is

required once every year, all registration data above are in year level.
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I also supplement the registration data with vehicle characteristics data.

This information is from the annual Ward’s Automotive Yearbooks (2003-

2009), which provide most of the vehicle characteristics used in this analysis

by make, model and year. The data include wheelbase, length, width, height,

curb weight, engine size, horsepower, retail prices, and so on. Price data is

based on list prices, which is subject to some measurement errors given that

most transactions in the US car market are negotiable. In this estimation, all

prices are in 2003 dollars. (I use the Consumer Price Index to deflate.)

The vehicle fuel efficiency data are from the Environmental Protection

Agency (EPA), measured by a weighted average of city(55%) and highway

(45%) mileage per gallon (MPG).4 The average MPG for all vehicle models

shown in our sample is 21.71, with a standard deviation of 4.93. Figure 1.2

graphs the kernel density estimates of fuel economy distribution for all vehicle

models sold in the U.S. in year 1985, 2000, 2005 and 2007. Surprisingly, the

fuel efficiency, which is measured by MPG, was declining from 2000 to 2007

in general since the probability density function was shifting leftward towards

lower MPG. This can be largely explained by increasing sales and market

expansion of SUVs and light trucks in recent years.

Table 1.1 provides summary descriptive statistics of variables used in

this analysis. On average, horsepower to weight ratio for all vehicle models

on the market is 0.13, while the mean size for vehicles, which is measured by

4Mileage per gallon here is computed as: MPG = 1
(0.55/City MPG+0.45/Hwy MPG )

20



Figure 1.2: Kernel Density Estimation of Fuel Economy Distribution

length × width, is 13740. The average MPG is 21.71 for all models with a

driving cost of 12 cents per mile. For every one hundred models, 53 of them

are passenger cars and 40 of them are SUVs, while only 7 are trucks.

The retail gasoline prices in each city are from Energy Information

Administration. There is substantial periodical and regional variation in retail

gasoline prices: Houston experienced the lowest annual average price of $1.8

per gallon while the highest appeared in San Francisco in 2008, with $ 3.82

per gallon. Figure 1.3 gives a clearer illustration by comparing gasoline prices

in Houston, San Francisco, Cleveland and Miami during the sample periods,

2003-2009. In general, there is an upward trend for retail gasoline prices across

the whole country except for the sharp drop in late 2008 due to the decline of

world demand. The price variation across time will help us better identify the

model.
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Figure 1.3: Gasoline Prices in Selected U.S. Cities

Figure 1.4 plots how average mileage per gallon in Houston moves with

gasoline prices from 2003 to 2009, on a yearly basis. The weighted average

MPG for new car sales soars as the gasoline prices increase since 2003. How-

ever, it started to drop long before the gasoline price peaks in 2008. For car

stocks in Houston, the fuel efficiency kept decreasing due to the prevailing

consumer preference for SUV and trucks. But the rate of decreasing drops

as gasoline prices increase over year. These findings provide an illustrative

demonstration on how gasoline price affect a city’s average MPG over year.

Combining registration information of each city with vehicle character-

istics data, I can now recover the weighted fuel efficiency and weighted fleet

composition in each city across years. Table 1.2 shows a sample characteristics

for Houston and San Francisco for comparison. For fleet composition in two
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Figure 1.4: Gasoline Prices and Average MPG in Houston, 2003-2009

Variable Mean Std. Err

HP 222.35 76.60
Weight 3740.00 808.05
HP/Weight 0.13 2.01
SIZE (Length × Width×10−3) 13.74 1.64
MPG 21.71 4.93
Fuel Cost ($) 0.12 0.04
Passenger Car 0.53 0.50
SUV 0.40 0.49
Truck 0.07 0.26
Price ($) 36211.24 40713.48

Table 1.1: Statistics of Vehicle Characteristic, 2003-2009
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cities, the weighted average fuel efficiency of new car sales is 22.45 miles per

gallon in Houston, which is much lower than that of 25.79 miles per gallon in

San Francisco. Here is an important difference between the two markets over

years, which could be explained by the following fleet composition compari-

son. For new car sales, 61% of all vehicles sold in San Francisco are passenger

cars, which are usually more fuel efficient. However, only 45% of new vehicle

purchase in Houston are passenger cars. Specifically, consumers in Houston

show an remarkable passion of trucks: over 20% of new car sales in Houston

is trucks, while only 7% in San Francisco. The fleet composition of vehicle

stocks is also quite similar to new car sales in two cities, as demonstrated in

the Table.

In order to capture the depreciation costs of owning vehicles, I use resale

values of vehicles. This information was collected from Resale Value of Kelly

Blue Book. Resale value is a projection based on the current market, historical

trends, market conditions for the vehicle, competition in the segment and

expectations of the future economy. It is typically represented as a percentage

of a vehicle’s original MSRP and is used for estimating the vehicle’s value when

it is sold or traded in. Table 1.3 gives a sample comparison of some vehicle

models.
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Variable Houston, TX San Francisco, CA
Average Gasoline Price ($) 2.25 2.67

New Vehicle
Average Fuel Efficiency (MPG) 22.45 25.79
Percentage of Passenger Car 0.45 0.61
Percentage of SUV 0.34 0.31
Percentage of Trucks 0.21 0.07

Vehicle Stocks
Average Fuel Efficiency (MPG) 22.99 25.15
Percentage of Passenger Car 0.56 0.73
Percentage of SUV 0.24 0.20
Percentage of Trucks 0.20 0.06
Average Fleet Age (Year) 8.63 9.71

Table 1.2: Sample Demographic Statistics of Houston and San Francisco, 2003-
2009
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Model Make Year 1 Year 2 Year 3 Year 4 Year 5

Audi A6 1 0.41 0.34 0.29 0.24
BMW X5 1 0.69 0.59 0.49 0.41

Chrysler PT Cruiser 1 0.33 0.28 0.24 0.2
Ford Focus 1 0.45 0.36 0.28 0.24
Honda Civic 1 0.58 0.51 0.47 0.43
Kia Optima 1 0.36 0.27 0.21 0.18

Nissan Altima 1 0.6 0.51 0.43 0.37
Pontiac G6 1 0.39 0.31 0.25 0.21
Toyota Corolla 1 0.61 0.54 0.48 0.44
VW Passat 1 0.42 0.35 0.3 0.26
Volvo S60 1 0.46 0.36 0.29 0.24

Table 1.3: Average Resale Value of Selected Vehicle Models

1.4 Estimation Results and Discussions

In this section, I first discuss the estimation results from previous dy-

namic demand model in section 1.4.1. To complete the picture of how gasoline

prices affect the fleet composition and thus the fuel efficiency in each city, I

further conduct simulations of gasoline tax increases in section 1.4.2.

1.4.1 Results

Estimation results of the dynamic demand model are described in this

section. The first two columns of Table 1.4 reports parameter estimates for

the dynamic demand specification using Houston data. The top panel of Ta-

ble 1.4 presents the estimated parameters associated with the characteristics
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of the vehicle in consumer’s utility specification. In this model, I use three

random coefficients, vehicle price, fuel cost, and constant term. The estimated

standard deviation for random coefficients are listed in the bottom panel. The

price variable is in log term. As expected, price contributes negatively to con-

sumer’s utility, with a base coefficient of −0.6445 and a standard deviation of

the random coefficient of 0.0328. The constant term has a base coefficient of

−2.0091, suggesting that a person with mean tastes would obtain a negative

gross flow utility from a vehicle with all other characteristics zero (relative

to the outside option). In addition, the significant standard deviation for the

constant term indicates the heterogeneity of consumer’s utility from a vehicle

of zero characteristics, while still negative.

The third random coefficient, fuel cost, is of special interest to us in this

paper. Fuel cost, measured by dollar per mile, is defined by the real price of

unleaded gasoline prices divided by the fuel efficiency of the vehicle model (in

MPG). It is often viewed as the unit price of driving and in this case I use this

as a proxy for operating costs. The base coefficient for fuel cost is negative and

significant, which is consistent with our expectation: an increase in operating

cost per mile for any vehicle can be expected to reduce consumer’s utility from

owning the vehicle. The standard deviation of fuel cost is precisely estimated

at 2.6510, implying a large variance in distribution of of consumer’s tastes for

fuel cost, thus gasoline prices.

I also include four variables to express vehicle characteristics, including

two dummy variables that indicate vehicle’s type (passenger car, SUV or light
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trucks). All of the characteristics are significant except for dummy variable

SUV. The coefficients for characteristics, in general, are much smaller than

random coefficients in terms of absolute values. Positive and significant coef-

ficients for horsepower to weight ratio and vehicle size show that consumers

in Houston would prefer larger cars with bigger horsepower. The coefficient

for dummy variable Passenger Car supports a similar argument: the nega-

tive sign indicate that owning a passenger car would contribute negatively to

consumer’s utility in general.

The last two columns of Table 1.4 present estimation parameters from

a static model for comparison. The static model follows BLP and estimates a

random coefficient discrete choice model. Under the static setting, consumer

choose between different types of new cars and they face no dynamic decisions

from gasoline price and product feature evolutions. The coefficient for fuel

cost in the static model is −5.3372, which is much smaller than that in the

dynamic model. This result coincides with our previous argument: in a static

model without consumer’s expectation for future gasoline prices changes, we

may underestimate the effect of gasoline prices on consumer’s vehicle choices.

As with any discrete choice model, the coefficients from Table 1.4 do not

give the marginal effects on owning probabilities. I translate the parameters

into marginal effects on fuel cost changes for different types of cars in Table

1.7. In particular, I compute the average percentage change in probabilities of

new car purchase, as well as used car holdings, holding other variables fixed.

In column 1, I report the average percentage change for one dollar increase
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Dynamic Model Static Model
Variable Estimates Std.Err Estimates Std.Err

Constant -2.0091 0.2506 1.9191 0.5723
α
g
i Fuel Cost (Dollar per Mile) -10.0105 4.8899 -5.3372 0.8768

α
p
i LN Price -0.6445 0.1197 -0.9660 0.1354

αx HP/Weight 0.0308 0.0033 0.7728 0.4671
SIZE (Length × Width ×10−3) 0.1115 0.0362 0.0110 0.0023
Passenger Car -0.7232 0.3264 0.5931 0.1615
SUV 0.0613 0.2499 0.8631 0.1551

Standard Deviation of Random Coefficients (Σ1/2)

Constant 0.0271 0.0086 0.0003 3.2436
Fuel Cost 2.6510 0.6050 0.7349 0.908
LN Price 0.0328 0.0098 0.0288 0.1148

Table 1.4: Dynamic Demand Estimation Results–Houston

in fuel cost in Houston. For new car purchase, the probabilities of purchasing

for passenger cars, SUVs and light trucks all declined. SUV sales receives the

biggest impact in Houston and decreases by 5.01% , followed by passenger cars

of a 4.96% decline in purchasing probability. However, the sales of light trucks

are least influenced by fuel cost increases, indicating that consumer’s demand

for light trucks in Houston are least elastic. Turning to vehicle holdings, as

gasoline prices increase, the survival probability for passenger cars increases

by 4.32%, while those for SUVs and light trucks both decrease in Houston.

As the model relies on the simplifying assumption of logit inclusive

value for consumer’s choice decision, I plot the evolution of logit inclusive value

δit to see how it evolves over time. In general, the logit inclusive value represent
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the expected value consumers get from all vehicle models on the market and are

computed based on the structural parameters estimated previously. Figure 1.5

plot the 20 percentile, 50 percentile and 90 percentile of logit inclusive value

over time. It shows that in general, there is an upward, as well as roughly

linear, trend over time, which indicate that consumers’ valuation for vehicles

is increasing in the sample period.

In addition, I also estimate a similar model for San Francisco. The

comparison between the results for two cities with distinctive geographic and

demographic characteristics would reveal how gasoline price will impact con-

sumer’s choice for vehicle replacement under different circumstances. The

estimation results for San Francisco are presented in Table 1.5. The signs

for random coefficients are the same for Houston and San Francisco, suggest-

ing that gasoline prices and vehicle prices contribute negatively to consumers’

utilities. Standard deviations for random parameters are all statistically sig-

nificant, indicating that there is substantial variations in the consumer’s taste

for vehicle price and operating costs.

To see how consumers in different markets react differently to vehicle

attributes, Table 1.6 compares signs of the estimated parameters for the two

cities specifically. Similar to Houston, the higher the horsepower to weight

ratio, the greater the utility consumers received from owing the vehicle. On

the other hand, it is worthy to notice two distinctive differences of estimated

parameters between the two cities: vehicle size and dummy variable for pas-

senger car. The coefficient for vehicle size is negative and significant, while the
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Variable Estimates Std.Err

Constant -5.2463 1.3713
Fuel Cost (Dollar per Mile) -34.5239 15.3594
LN Price -0.8125 0.1476
HP/Weight 0.0085 0.0192
SIZE (Length × Width/1000) -0.0073 0.0029
Passenger Car 0.1773 0.0795
SUV 0.0526 0.0074

Standard Deviation Coefficients (Σ1/2)
Constant 0.0033 9.2568
Fuel Cost 0.0055 4.8144
LN Price 0.0051 3.9117

Table 1.5: Dynamic Demand Estimation Results – San Francisco

dummy variable passenger car is precisely estimated to be positive. This result

suggest that, in San Francisco, consumers tend to prefer a passenger car with

smaller size, which is opposite to consumer’s taste in Houston. It somehow

reflects the distinctive environment in the two cities, in terms of variation in

vehicle composition, city characteristics and gasoline prices. The marginal ef-

fects on fuel cost changes in San Francisco are also slightly different from that

in Houston. Although the purchasing probabilities of passenger cars, SUVs

and light trucks all decrease due to the increase of gasoline prices, the sales

of trucks are the one that get the largest impacts, followed by passenger cars

and SUVs.
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Variable Sign of Coefficients
Houston San Francisco

Constant - -
αg
i Fuel Cost (Dollar per Mile) - -
αp
i LN Price - -
αx HP/Weight + +

SIZE (Length × Width ×10−3) + -
Passenger Car - +
SUV + +

Table 1.6: Dynamic Demand Estimation Results Comparison: Houston v.s.
San Francisco

Change in Probability (%) Houston San Francisco

New Car Purchase
Passenger Car -4.96 -5.96
SUV -5.01 -5.89
Truck -3.66 -6.97
Survival Prob
Passenger Car 4.32 5.48
SUV -1.47 -4.39
Truck -2.65 -6.16

Table 1.7: Marginal Effect on Fuel Cost Change for Different Vehicle Types
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Figure 1.5: Evolution of Logit Inclusive Value Over Time
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1.4.2 Policy Simulation and Comparison

The main purpose for this paper is to investigate how gasoline prices

affect vehicle fuel efficiency in a city. In the previous section, gasoline price is

found to have significant effects on consumer’s utility of owning a vehicle, thus

a indirect impact of the fuel economy efficiency in a city. To see how fleet fuel

efficiency response to gasoline price changes, thus the operating costs change,

I conduct simulations under two different scenarios.

In particular, I simulate the response of fleet fuel economy under two

different gasoline tax policies. The advantage of this dynamic model is that

I incorporate the dynamic response of consumers to examine the long run

impact on fleet fuel economy of gasoline tax increase. Specifically, in this

section, I first simulate an increase in the federal gasoline tax for 50 cents

per gallon. Since currently average gasoline tax per gallon is around 47.7

cents, including federal, state and local taxes, a 50 cents increase would be

equivalent to doubling current tax rate. Further, I translate the increase of

gasoline prices due to raising gasoline tax into an increase in operating costs,

i.e., fuel cost per mile for each vehicle model available on the market, and then

simulate consumer’s responses in new car purchase and vehicle holdings. For

example, under current average gasoline price of $2.58 in Houston, a 50 cents

tax increase would raise the operating costs of a vehicle with 30 MPG from

$0.086 per mile to $0.103 per mile, which is almost 20% increase.

As I mentioned previously, among all industrial countries, U.S. has the

lowest gasoline tax, while Germany has the highest of roughly $4.86 per US
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gallon. Although a $4.86 gasoline tax is by no means politically feasible in

the U.S., for illustration purpose, I consider a gasoline tax increase that would

maintain the gasoline prices at a $4 level, which was once reached for a very

short time during the high gasoline price period in mid 2008 in some cities.

Table 1.8 presents the effect of gasoline tax increase starting 2003 on

average fuel efficiency economy in Houston and San Francisco in the next 7

years, holding vehicle characteristics and market demographic variables con-

stant. Column I and II shows the simulated average fleet fuel efficiency under

a $ 4 gasoline prices, while column III and IV presents the average MPG in two

cities if I double current gasoline taxes. To make it more clear, Figure 1.6 and

1.7 plot the simulated fleet fuel efficiency to investigate the dynamic response

under different assumptions by examining the time path of the average fuel

efficiency changes. As a benchmark, the black dotted line plots the original

average fuel efficiency in two cities, respectively. In general, after considering

the dynamic effects on consumer choices, we observe significantly different on-

impact response and long-run effects on average MPG. In addition, under the

two alternative gasoline taxes experiments, the time paths of a city ’s average

MPG evolution is also quite different.

For Houston, in general, there is an increase in average MPG, while the

magnitude is relatively small, even under a persistent 4 dollars gasoline prices

over the seven years.

In the long run, under a $4 gasoline price, there is an upward trend

for average fuel efficiency starting from 2003, from 22 MPG to 23.65 MPG.
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Specifically, the average fuel efficiency increase dramatically in the first four

years of the policy change. A possible explanation for this would be that new

car purchase are affected more by the tax years for old, inefficient cars to get

scrapped, or exit the market. This could also be true if our model take into

consideration of the used car resale market. Even if a consumer sold a used

car to purchase a new efficient one, as long as the used car is still on road, it

still be counted into the city’s average fuel efficiency. Therefore, we observe a

drop after four years and a rebound in fuel efficiency shortly after when more

old car scrappage happens. On the other hand, if doubling gasoline taxes in

2003, the average fuel efficiency will increase only in the first three years and

start to decline ever since, resulting in a 0.05 MPG increase only after seven

years. The distinctive dynamic path under double gasoline tax suggest that

if a gasoline tax is not high enough, the impact of a city’s fleet fuel efficiency

will fade out very quickly.

On the contrary, average fuel efficiency in San Francisco is much more

responsive to gasoline price increase under the dynamic setting when consumer

expect the price change to be permanent. Unlike the Houston results, when

gasoline tax was doubled, the dynamic path of fuel efficiency are quite persis-

tent for the first four years, with a series of incremental increase to 2.81 miles

per gallon in total, It then start to decline slightly over year, to an increase of

1.37 MPG. Similar to Houston, both time paths experience a down turn after

three to four years of the policy change and a rebound one to two years after.

When the gasoline price increases to four dollars, the average fuel efficiency in
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Keep $4 Gasoline Prices (MPG) Double Current Gasoline Tax (MPG)

Year Houston San Francisco Houston San Francisco

2003 22.39 28.28 22.29 25.72
2004 22.71 29.57 22.15 26.97
2005 23.44 29.41 23.27 27.34
2006 23.86 28.80 23.01 27.53
2007 23.40 29.00 22.61 28.28
2008 23.54 28.47 22.55 27.32
2009 23.65 29.48 22.34 27.09

Table 1.8: Average Fuel Efficiency (MPG) in Cities Under Different Gasoline
Tax Simulation

San Francisco, on average, is around 2 miles per gallon higher than that under

double tax, except for the draw down period after three years. At the end of

the sample period, the average fuel efficiency attains 29.43 miles per gallon,

with an increase of 4.76 MPG.

The distinctive differences of consumers’ response to gasoline tax in-

crease reflect market heterogeneity among U.S. cities that result from con-

sumer’s tastes for vehicle type, market demographic and geographic features.

Therefore, in order to attain a more effective change in fuel efficiency in cities,

a market-specific tax policies would be preferred.
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Figure 1.6: Simulated Average MPG in Houston after Tax Increase, 2003-2009
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Figure 1.7: Simulated Average MPG in San Francisco after Tax Increase,
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1.5 Conclusion and Future Work

How much gasoline prices affect consumer’s vehicle choices and fuel

economy efficiency in a market? To answer the question and further study

the true effect of raising gasoline tax, I have estimated a structural dynamic

discrete choice model where heterogeneous consumers choose whether to keep

or scrap a car, whether to purchase a new car and which car to own from a

set of new car models in the market conditional on purchase.

Gasoline price dynamics plays an important role in a consumer’s deci-

sion making process that cannot be captured in a static model, which leads

to underestimating of gasoline price effects. Therefore, a dynamic model of

consumer choice would be crucial to correctly evaluate any policy aimed at

increasing fuel efficiency. In this paper, I specify and estimate a structural

dynamic model of consumer preference for new and used vehicles by explor-

ing a rich dataset combining vehicle registration and current fleet composition

data of several cities between 2003 and 2009. My model was built based on a

similar framework but distinguished from Gowrisankaran and Rysman (2009)

by taking into consideration of consumer’s dynamic scrappage decisions due

to vehicle depreciation and gasoline price dynamics. Indeed, my model not

only predicts the market share of each vehicle model sold in every period but

also the survival probability for each model-vintage for each sample period.

The comprehensiveness of the model will allow us to generate a complete pic-

ture of how gasoline prices affect the fuel efficiency economy of the whole fleet

composition in a market.
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Parameters of my model are then estimated by matching both set of

these predicted shares with the corresponding empirical moments over time.

My findings Comparisons between my preliminary findings and results from a

static model indicate that the effects of gasoline prices on consumer’s vehicle

choices are underestimated in a static model, which is in line with our previous

argument. The parameter estimates are then used to evaluate substantial fuel

tax increases that have never been implemented before because they could be

considered controversial and/or politically risky. The impact of the increase

in fuel tax changes over time as the fleet to be replaced is increasingly more

efficient as old clunkers get scrapped first. My preliminary results suggest

that doubling the current tax rate would result in a decreasing trend of the

increase of a city’s fleet fuel efficiency after a mild initial impact: an immediate

increase of 0.29 MPG, raising up to 1.01 MPG fades out to 0.34 MPG after

seven years. Alternatively, a variable tax policy aimed at keeping the price

of gasoline stable at $4 per gallon will increase fuel efficiency dramatically to

1.86 MPG in the first several years, remaining mostly stable thereafter, with

an increased fuel efficiency of still 1.65 MPG after seven years.

In the current paper, I conduct a city-by-city analysis to study the

dynamic effects of gasoline prices on consumer’s vehicle choice due to the

complexity of the problem. In the future, I will further do a comprehensive

analysis that incorporate multiple markets. The data covers new and used

vehicle registration data for nineteen markets (cities) in the United States.

These markets range from big cites like Houston, TX to small towns like Lan-
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caster, PA. By including the demographic variables, like household income,

family size, I can model consumer heterogeneity in each market as an em-

pirical nonparametric distribution of demographic and further identify how

consumer’s heterogeneous preferences over gasoline price dynamics vary with

demographics.
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Chapter 2

Vehicle Miles Travelled, Fuel Economy

Efficiency And Costs of Corporate Average

Fuel Economy Standards

2.1 Introduction

Growing concerns over high fuel prices and environmental externalities

of greenhouse gas emissions have heightened interest of environmental groups

and government to demand increases in fuel efficiency in many developed coun-

tries.

In the United States, President George W. Bush signed the Energy In-

dependence and Security Act in late 2007. This Act aims at improving vehicle

fuel economy and make the first overhaul of Corporate Average Fuel Economy

(CAFE) Standards in more than 30 years. Corporate Average Fuel Econ-

omy (CAFE), expressed in mileage per gallon (MPG), is calculated as sales

weighted average fuel economy of a manufacturer’s fleet of passenger cars or

light trucks with a gross vehicle weight rating of 8500 pounds or less, manu-

factured for sale in the United States, for any given model year.1 The Energy

1Fleet fuel economy for each automaker is calculated using a harmonic mean, not a simple
arithmetic mean. For example, for a automaker with a fleet composed of four different kinds
of vehicle A,B,C and D, produced in numbers nA, nB, nC and nD, with fuel economies
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Independence and Security Act of 2007 required in part that automakers boost

fleet wide gas mileage to 35 mpg by the year 2020. This requirement applies

to all passenger automobiles, including “light trucks”. Automakers who fail to

meet the CAFE standards will have to pay a penalty of $55 per MPG under

the target value for each of those vehicles manufactured for a given year.2 This

is expected to increase the fuel economy standards by 40 percent and save the

United States billions of gallons of fuel.

Further, President Barack Obama proposed a new national fuel econ-

omy program which adopts uniform federal standards to regulate both fuel

economy and greenhouse gas emissions, on May 19, 2009. This program cov-

ers model year 2012 to model year 2016 and ultimately requires an average

fuel economy standard of 35.5 miles per US gallon in 2016, a jump from the

current average for all vehicles of 25 miles per gallon. In fact, politicians had

faced increased public pressure to raise CAFE standards in recently years: a

July 2007 poll conducted in 30 congressional districts in seven states revealed

84-90% in favor of legislating mandatory increases.3 These requirements force

the automobile industry to make important investment in the middle of a ma-

fA, fB, fCand fD, the CAFE would be:

CAFE =
nA + nB + nC + nD
nA

fA
+ nB

fB
+ nC

fC
+ nD

fD

2A number of manufacturers choose to pay CAFE penalties rather than attempt to
comply with the regulations, such as BMW, Volkswagen, Ferrari, Porsche, Maserati and
Mercedes Benz

3Green Car Congress: Survey Finds Strong Support Among Voters for Mandatory Auto
Fuel Efficiency Increases
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jor economic crisis. However, there regulations are far from being an obvious

success. A number of potential impediments stand in the way of efficiency in

these regulations towards improving fuel efficiency.

The most noted of these is the “rebound effect”. Although the purpose

of the CAFE standard is to reduce gasoline consumption for environmental

protection, active debate over CAFE standards has also been raised ever since

it first been enacted by Congress in 1975, with growing concern over the ef-

fects on increasing oil and automobile usage and traffic safety. Specifically, it

has long been realized that improving energy efficiency releases an economic

reaction that partially offsets the original energy saving. When vehicles be-

come more fuel-efficient, the cost of driving is lower, thereby providing an

incentive to drive more and longer. This may actually increase total fuel con-

sumption, overall carbon emissions, as well as severe traffic congestions in

urban areas. This “rebound effect”, the proportion of potential energy sav-

ings offset by changes in consumer behavior, is a key determinant of the role

that technologically-based energy vehicle efficiency improvements can play in

reducing carbon dioxide emissions. Therefore, it is entirely appropriate to con-

sider how fuel economy efficiency would affect consumer’s driving behaviors

and take into account in an assessment of raising CAFE standard.

A second, yet much less studied, potential impediment is the hetero-

geneity of driving behaviors of households. The heterogeneity may obscure

the effects of these regulations, or at least how we measure them. In par-

ticular, a greater deal of interests should focus on the followings: for those
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who drive much more than average, how much can it be explained by the

high fuel efficiency of the vehicle they owned; for those drive less, will raising

CAFE standard thus improving the vehicle fuel efficiency induce them to drive

significantly more?

In this paper, using a detailed micro-level National Household Travel

Survey data, I estimate a structural model for joint determination of vehi-

cle fuel efficiency choice and vehicle mileage traveled each year. Consumers

choose vehicle fuel efficiency when they a car, as well as mileage driven af-

ter the purchase. I further study the distributional effects on vehicle miles

of fuel efficiency by applying the instrumental quantile regression estimator

proposed by Chernozhukov and Hansen (2005, 2006). The use of quantile re-

gression would allow a fuller characterization of how vehicle fuel efficiency and

other factors impact different quantiles of the mileage traveled distribution,

especially the upper and lower level of interests.

Some prior empirical studies have investigated household’s vehicle mileage

traveled (VMT) decision, either emphasizing on impacts of gasoline taxes or

CAFE standards. Following Dubin and Mcfadden (1984), Goldberg (1998)

estimates the demand for vehicle miles traveled (VMT) and controls for the

endogeneity of vehicle choice by implementing a two-stage estimation method

following a first stage estimation of a nested logit model for vehicle choices.

West (2004), using micro data from the Consumer Expenditure Survey and

a similar method, models VMT as a function of household demographic and

vehicle characteristics as well as characteristics of the household’s stock of

45



vehicles.

Some other studies have focused on the rebound effect of CAFE stan-

dard, while the empirical evidence is inconclusive and shows a wide disparity

of results. Goldberg (1998) examines the effects of raising the CAFE standard

on fuel consumption, as well as automobile sales and prices, and the OLS us-

age equation implies a rebound effect of about 20%. This suggests that 20%

potential energy savings are offseted by increasing driving behaviors of con-

sumers. Kleit (2002) estimated the long-run impact of higher CAFE standards

on gasoline consumption, externalities from increased driving and producer

and consumer welfare. The analysis concludes that increase in CAFE stan-

dards above current levels is neither cost-effective nor cost-beneficial. Small

and Dender (2006) uses a simultaneous-equation estimation for a pooled cross

section of US states for 1966 − 2001 and get the short-run and long-run re-

bound effect of 4.5% and 22.2%. Greene, Kahn and Gibson (1999) uses micro

data from the Residential Transportation Energy Consumption Survey. In a

simultaneous system including vehicle type choice and VMT by the individual,

they estimate the rebound effect at 23% for all households, with a range from

17% for three-vehicle households to 28% for one-vehicle households.

This study in vehicle utilization differs in several ways from the exist-

ing literature. First, I am using a richer data set, the National Household

Travel Survey 2001, which contains micro-level data of each vehicle owned by

each household in the sample. Using the vehicle-based data, we could examine

driving behaviour over a vehicle’s entire life, not just in their first year after
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their purchases. Since people tend to drive newer car more often than old

vehicles, studying only the new car market, as previous literature did, may

over-estimate the effect of fuel efficiency on vehicle mileage traveled. Also,

since the Consumer Expenditure Survey data used by Goldberg (1998) and

West (2004) only lists data for each household, not each vehicle, they can-

not precisely assign VMT to each vehicle, and must use a total VMT by a

household and include only aggregate characteristics of the household’s au-

tomobile portfolio (average stock age, age of newest car, whether any other

cars are owned and number of cars). These aggregate portfolio characteris-

tics could never be a sufficient statistics for all of the characteristics of the

portfolio. Therefore, there econometric analysis may suffer from significant

measurement errors. On the contrary, in NHTS 2001, I can precisely match

VMT, fuel efficiency and other characteristics to each vehicle in the household.

Second, in order to solve the endogeneity problem of vehicle choice that

affect vehicle efficiency, one method is to estimate a nested logit model of vehi-

cle choice first and then use the estimated choice probabilities as instruments

in the second stage regression. However almost all estimates are huge yet sta-

tistically insignificant, thus questioning the validity of the instruments and the

ability of the datato adequately account for endogeneity. In contrast, because

of the richness of my data, I use gasoline price at purchase, CAFE standard

of the purchasing year, and a series of brand dummy variables of a certain ve-

hicle as instruments to deal with the endogeneity problem. This improves the

consistency of our estimation and produces much more reasonable estimates.
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Last but not least, one limitation of all above studies is that they base

their analyses only on measures of central tendency of vehicle mileage traveled:

the mean or the median. Although the mean and median effects are interesting

and important measures in determining vehicle fuel efficiency’s impact, they

are not sufficient to fully characterize the effect of raising CAFE standards,

if driving patterns are heterogeneous across households. In particular, since

the shape of vehicle miles traveled is not symmetric and has a long right tail,

any estimator of the mean is often sensitive to the presence of some very

large values and they are uninformative about the effect of the treatment on

other, perhaps more interesting, points in the outcome distribution when the

treatment effect is heterogeneous. Understanding the distributional effects

of vehicle fuel efficiency is especially interesting from a policy perspective.

In addition, knowledge of the distributional effect of vehicle fuel efficiency

provides a clearer picture of what is driving the mean results. Regarding the

concern for the rebound effect of more driving thus more fuel consumption

arising with high fuel efficiency, for policy makers, a greater deal of interest

should focus on the followings: for those who drive much more than average,

how much can it be explained by the high fuel efficiency of the vehicle they

owned; for those drive less, will raising CAFE standard thus improving the

vehicle fuel efficiency induce them to drive significantly more? To address

these problems, this paper also investigates the relationship between vehicle

miles traveled and fuel economy efficiency using a quantile regression approach

and then use the estimated results to simulate the effect of raising CAFE
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standard. The use of quantile regression would allow a fuller characterization

of how vehicle fuel efficiency and other factors impact different quantiles of the

mileage traveled distribution, especially the upper and lower level of interests,

while the OLS regression can only make statement about how factors shift the

mean of mileage traveled distribution.

My analysis reveals that, on average, one MPG increase in vehicle fuel

efficiency will lead to 125.73 miles increase in driving after controlling for the

endogeneity of vehicle choices. In addition, I find new evidence that effects

associated with raising CAFE standards vary substantially across different

quantiles of annual mileage driven. The average MPG elasticity of vehicle

mileage traveled is 0.1715, ranging from 0.3687 in the 10% quantile to -0.2923

in the 90% quantile. This suggests that there is a clear distributional effect

of vehicle efficiency on VMT. In general, higher vehicle fuel efficiency gives

household incentives to drive more, especially for those with lower annual

miles, with an only exception of those who drive the most.

The rest of the paper is organized as follows. Section 2.2 provides de-

scription of data used. Section 2.3 discusses the model and estimation strate-

gies. Section 2.4 presents the estimation results of the model. Section 2.5

concludes and discusses thoughts of future research.

2.2 Data

In this section, I describe the main source of data I use in this study:

National Household Travel Survey 2001 (NHTS). NHTS is a cross-sectional
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survey of personal transportation by the civilian, non-institutionalized popu-

lation in the United States which provides information to assist transportation

planners and policy makers who need comprehensive data on travel and trans-

portation patterns in the United States. The 2001 NHTS updates information

gathered in prior Nationwide Personal Transportation Surveys (NPTS) con-

ducted in 1969, 1977, 1983, 1990, and 1995 and the American Travel Survey

(ATS), conducted in 1977 and 1995. Since I am using CAFE standards in the

later analysis, I drop those vehicles with model year before 1978 (5.7% of to-

tal vehicles), the year when CAFE standards was first enforced in the United

States. After cleaning for missing data, I use a final sample of 44, 199 vehicles

owned by 24, 383 household.

NHTS contains attributes related to a certain vehicle j in household

i: annual mileage traveled; vehicle year, model and make; MPG; vehicle age;

number of main drivers of vehicle j, distance to work, usage rank of vehicle j in

the household, etc. Several previous studies (e.g., Goldberg (1998) and West

(2004)) use Consumer Expenditure Survey data, which only lists total gas

expenditures for each household, not gas expenditures for each vehicle. Thus

they cannot get VMT for each vehicle and have to calculate total VMT for the

whole household and include only aggregate characteristics of the household’s

portfolio (average stock age, age of newest car, whether any other cars are

owned and number of cars). These aggregate portfolio characteristics could

never be a sufficient statistics for all of the characteristics of the portfolio and

cause measurement error problem for the estimation.
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Table 2.1: Summary Statistics from NHTS 2001

Vehicle Characteristics Mean St.Dev. Vehicle Characteristics Mean St.Dev.

Annual VMT 12874.78 11268.65 No. of Rods Trips per Year 11.54 8.15

Mileage per Gallon 20.68 4.70 No child 0.41 0.49

Gasoline Price 136.51 0.11 Child under 5 0.17 0.38

No. of Vehicle’s Main Drivers 1.58 0.76 Child between 5 & 15 0.34 0.47

Household Income 12.21 4.63 Retired 0.07 0.26

Population per Square Mile 2943.60 4655.50 New Car 0.09 0.29

No. of Drivers in Household 2.20 0.81 Car Age Between 2 & 5 Years 0.35 0.48

Vehicle Rank in Household 1.37 0.73 New England 0.03 0.16

No. of Vehicles Owned 2.65 1.27 Middle Atlantic 0.23 0.42

Education 4.33 2.15 East North 0.44 0.50

Distance to Work 12.69 18.06 West North 0.05 0.21

Second City 0.20 0.40 South Atlantic 0.09 0.29

Town 0.27 0.44 East South 0.03 0.16

Suburb 0.22 0.41 West South 0.04 0.20

Rural Area 0.24 0.43 Mountain 0.03 0.18

Number of Vehicles 44,199 Number of Households 24,383

Table 2.1 reports summary statistics of vehicles in the data. For each

vehicle, the average annual vehicle mileage traveled is 12, 874.78 miles with an

average fuel efficiency of 20.68 mileage per gallon, 7 years old and 1.58 main

drivers. Vehicle rank reflects the usage ranking for a car within household

based on vehicle mileage. For example, for a three-vehicle household, a car

with rank 1 means the one is driven the most in the household and rank 3

refers to the one driven least. The mean distance to work for a vehicle is 12.69

miles.

I also observe household characteristics such as household income, gaso-

line price, household location, population, number of vehicles owned by the

household, children in the household, education, etc. The summary statistics

for those key variables I used from NHTS sample data are also given in Table
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2.1. The average household in the sample has a income of $58, 500,4 with

2.65 vehicles owned and has 2.2 drivers. 34% of households in the sample has

children between age 5 and 15, while 41% has no child. Around 9% of vehicles

are new, and 35% of them are less than 5 years old.

In order to compare my results with an established benchmark, I also

perform an estimation following Goldberg (1998)’s method, who used only new

car data. Table 2.2 also provides summary statistics of a sub sample of new

cars or used cars for comparison. For new cars, the average miles driven is

15, 389 each year with an MPG of 20.99, while used cars have a significantly

lower VMT of 12, 668.81 a year and lower fuel efficiency. This suggests that

people drive their newer cars more often and the fuel efficiency of new cars is

higher in general.

I also separate the data into households owning different number of

vehicles since such characteristics might affect annual miles. Table 2.3 shows

summary statistics of vehicles, disaggregated by the number of vehicles in

the household. Among all households, 46% of those own two vehicles and

20% have only one vehicle. Households owning two vehicles have the highest

annual miles per vehicle, while households with only one car have the highest

fuel efficiency. There is a strictly increasing relationship between the number

of vehicles they owned and the household income, as well as the number of

4In the survey , the measure for income is a indicator for income bracket: starting with 1
for 0-$25000, 2 for $25000-$75000 and $5000 increase for the rest. This number is calculated
accordingly to the bracket.
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Table 2.2: Summary Statistics Comparison for New and Used Cars

Vehicle Characteristics Full Sample New Car Only Used Car Only
Mean St.Dev. Mean St.Dev. Mean St.Dev.

Annual VMT 12874.78 11268.65 15389.38 9978.06 12668.81 11339.31
Mileage per Gallon 20.68 4.70 20.99 4.66 20.65 4.70
Gasoline Price 136.51 0.11 136.51 0.11 136.51 0.11
Vehicle Age 6.12 4.75 6.75 4.55
No. of Main Drivers 1.58 0.76 1.51 0.70 1.58 0.77
No. of Drivers in Household 2.20 0.81 2.18 0.79 2.20 0.81
Distance to Work 12.69 18.06 14.11 23.61 12.59 17.63
Vehicle Rank in Household 1.37 0.73 1.30 0.63 1.38 0.74
No. of Vehicles 44,199 4,117 40,931
No. of Households 24,383 3,796 23,413

drivers in the household. Households with multiple vehicles are more likely to

live in a rural area, to take more road trips and to have children.

Figure 2.1 shows the kernel density estimate of annual vehicle mileage

travelled in the sample. The shape of VMT distribution is not symmetric

and skewed heavily to the right, suggesting many outliers in the annual miles

data. This would cause any estimator of the mean often sensitive to the pres-

ence of some very large values and they are uninformative about the mileage

heterogeneity of households.

Figure 2.2 shows the kernel density estimate of vehicle MPG for all

vehicles in the sample, those drove more than 15,000 miles a year and those

drove less than 15,000 miles a year, respectively. This would give us a clear

picture of how vehicle fuel efficiency distributed among all vehicles. The peak

is around 21 MPG for all three densities and the distributions of vehicle fuel
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Table 2.3: Summary Statistics Comparison Across Families

One-Car Family Two-Car Family Multi-Car Family
Mean S.E. Mean S.E. Mean S.E.

Annual VMT 12317.06 10769.61 13075.93 10799.48 12812.95 11842.72
MPG 22.12 4.66 20.79 4.61 20.21 4.72
Gasoline Price 136.51 0.11 136.51 0.11 136.51 0.11
Main Driver 1.12 0.38 1.48 0.58 1.79 0.91
Income 8.36 4.27 12.15 4.47 13.27 4.35
Population 5315.72 7188.02 3017.58 4423.20 2258.93 3768.80
No. of Drivers 1.22 0.46 2.00 0.40 2.66 0.88
Vehicle Rank 1.00 0.00 1.23 0.42 1.61 0.95
Education 4.36 2.22 4.49 2.18 4.16 2.10
Distance to Work 10.40 19.04 12.60 17.70 13.36 18.12
Second City 0.28 0.45 0.22 0.41 0.17 0.38
Town 0.20 0.40 0.27 0.44 0.29 0.45
Sub 0.24 0.43 0.25 0.43 0.19 0.39
Rural 0.13 0.34 0.20 0.40 0.31 0.46
No. of Trips 6.99 5.68 11.08 7.70 13.18 8.61
Child under 5 0.10 0.30 0.23 0.42 0.13 0.34
No child 0.67 0.47 0.42 0.49 0.34 0.47
Child under 15 0.17 0.37 0.27 0.44 0.46 0.50
Retired 0.06 0.23 0.08 0.27 0.07 0.25
New England 0.03 0.16 0.03 0.17 0.03 0.16
Middle Atlantic 0.29 0.45 0.24 0.43 0.20 0.40
East North 0.39 0.49 0.44 0.50 0.45 0.50
West North 0.04 0.20 0.04 0.20 0.05 0.22
South Atlantic 0.09 0.29 0.09 0.28 0.09 0.29
East South 0.02 0.14 0.02 0.16 0.03 0.18
West South 0.05 0.21 0.04 0.20 0.04 0.20
Mountain 0.03 0.18 0.03 0.17 0.03 0.18
New Car 0.09 0.28 0.10 0.30 0.09 0.29
Age Under 5 0.35 0.48 0.38 0.49 0.31 0.46
No. of Vehicles 4,987 19,795 19,417
No. of Households 4,987 11,223 8,173
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efficiency for full sample and vehicles with VMT less than 15,000 a year are

very similar. However, the density of vehicles with annual VMT greater then

15,000 miles shifts slightly towards right, suggesting a positive relations be-

tween higher MPG and higher annual VMT.

2.3 Model and Estimation

2.3.1 Model Framework

In this section, I first briefly describe the theoretical framework of joint

determination of vehicle choice and vehicle utilization decisions.

Following Dubin and McFadden(1984), given a certain choice of vehicle

j, household i is assumed to maximize a conditional indirect utility function

of the form:

Uij =

(
αj
0 +

β

γ3
+ βpj + x′jγ1 + z′iγ2 + γ3(yi − rj) + ηi

)
e−γ3pj + ǫj (2.1)

where pj is the cost of driving per mile for vehicle j, which depends on gaso-

line price and fuel efficiency of vehicle j (MPG). xj is a vector of attributes

related to vehicle j, zi is a vector of household characteristics, yi is household

income and rj is capital costs of vehicle j . ηi is the unobserved household

characteristics and the error term ǫj is the unobserved vehicle characteristics

and is assumed to follow the generalized extreme value distribution.

Given the indirect utility specification above, I can drive the optimal

utilization (VMT) for vehicle j by Roy’s identity:

VMT =
−∂Uij/∂pj
∂Uij/∂yi

= αj
0 + βpj + x′jγ1 + z′iγ2 + γ3(yi − rj) + ηi (2.2)
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Under the extreme value distribution of ǫj , I can also derive the prob-

ability that the household choose vehicle j among the set J at purchase:

Pij = Prob (Uij > Uij′) for j, j′ ∈ J and j 6= j′ (2.3)

Based on the distributional assumptions on ǫ, the choice probabilities

can be given by an analytical formulas. Equation (2.2) is the equation of main

interest which need to be estimate consistently.

2.3.2 A Structural Regression Model

To determine the effect of vehicle fuel efficiency on mileage traveled, I

estimate equation (2.2) by rewriting equation (2.2) as:

VMTij = α0 + βFUELCOSTj + x′jγ1 + w′
iγ2 + γ3yi + ηi (2.4)

(2.5)

In equation (2.4), xj is vehicle j’s attributes, such as the number of

main drivers of vehicle j, usage rank of vehicle j in the household, average

distance to work and vehicle age. Those variables are supposed to affect the

mileage traveled of vehicle j directly. wj is household characteristics, such

as population per square mile, number of drivers in the household, education

level, household location (urban, town or rural area; east north, new England

or west south, etc.), whether the household has children under 5 years old or

whether retired. yi is household income.
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However, some may worry about the joint nature of annual miles deci-

sion and vehicle choices since observable household characteristics that affect

a household’s purchase of a vehicle with a certain fuel efficiency may also af-

fect its annual miles decision (the intensity of use). For example, a person

who need to drive 40 miles to work everyday may prefer a more efficient ve-

hicle with a higher MPG; a choice of a large vehicle with low MPG for safety

concern may lead to low utilization of the vehicle; a family that prefer more

outdoor activities and road trips may choose a fuel efficiency vehicle instead.

Therefore, the residual ηi may be correlated with vehicle MPG in the first

place. To get a more reliable estimation, I construct and estimate a structural

model of the joint decision of VMT and vehicles fuel efficiency.

Specifically, I formulate the following structural model:

VMTij = αj + βFUELCOSTj + x′jγ1 + w′
iγ2 + γ3yi + ηi (2.6)

FUELCOSTJ = F (xj, wj, Zj) + νj (2.7)

where FUELCOST is the endogenous variable. xi and wi is a vector of exoge-

nous variable, which includes vehicle and household characteristics specified

above. Zi is a vector of instruments which are supposed to be independent

of the distribution of ηi but impact FUELCOSTj . To put it differently, the

chosen instruments should affect household’s choice of vehicle purchase, but

not suppose to influence their decision of usage.
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2.3.3 Instruments

Three types of instruments are chosen to correct the potential endo-

geneity problem: the price of gasoline when the household purchased vehicle

j, effective CAFE standard when the household purchased vehicle j and 30

dummy variables of brand for vehicle j.5

It is reasonable to assume that a household will take the prevailing

gasoline price into account when they decide to buy a vehicle and choose a

certain fuel efficiency. For example, at the end of 2008, the low and dropping

gasoline prices boosted sales of trucks and SUVs significantly. But the gasoline

price at purchase is less likely to affect the driving decisions thereafter. The

effective CAFE standard will affect the vehicle efficiency in the market avail-

able for consumer to choose and will not affect household’s mileage driven

each year after purchase. The dummy variables for vehicle brand are also

used. Household may purchase a certain brand with concern of safety, reli-

ability, preference for luxury brand, etc., which will certainly affect vehicle

fuel efficiency. For example, Japanese cars have good reputation for reliability

with higher MPG, while European cars are generally considered safer but less

fuel efficient. However, once the purchase are made, it is less likely that a

household’s mileage driven decision will depend on the vehicle make(brand).

With the concern that the instruments I choose may be weak instru-

5The 30 brands are Jeep, Dodge, Plymouth, Eagle, Lincoln, Mercury, Buick, Cadillac,
Chevrolet, Oldsmobile, Pontiac, GMC, Saturn, Volkswagen, Audi, BMW, Nissan, Honda,
Isuzu, Mercedes-Benz, Saab, Subaru, Toyota, Volvo, Mitsubishi, Acura, Hyundai, Infiniti,
Lexus and Kia
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ments which will not help improve estimation consistency, I test for weak

instruments in our analysis. The null hypothesis of test is: the chosen instru-

ments is weak and invalid, which means they may be correlated to the en-

dogenous variable but very weakly. The F version of the Cragg-Donald Wald

statistic for weak instrument was calculated as 314.61, which is far greater than

Stock-Yogo (2005)’s critical value, 90.95. Therefore, the set of instruments is

valid.

2.3.4 A Two-Stage Model

In order to compare our model to literature, I also estimate a model

following Goldberg (1998)’s two-stage estimation method using only new car

data in the sample as she did. I choose the variables in the estimation as

close as I could to replicate their results, although I am still using the detailed

vehicle level data, not aggregate household data as the original paper.

In the first stage, following previous theoretical discrete choice model,

I estimate a nested logit model of vehicle choice and get an estimated choice

probability for household i choose vehicle j: Pij.

I first partition the whole set of vehicles into disjoint subsets according

to the criteria of newness(n), market segments(c) and origin (o) according to

Figure 2.3.6

6At the end nodes of the choice model, American cars include Jeep, Dodge, Plymouth,
Eagle, Lincoln, Mercury, Buick, Cadillac, Chevrolet, Oldsmobile, Pontiac, GMC and Saturn;
European cars include Volkswagen, Audi, BMW, Mercedes-Benz, Saab, Volvo; Japanese cars
include Nissan, Honda, Isuzu, Subaru, Toyota, Mitsubishi, Acura, Infiniti and Lexus; others
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Figure 2.3: Household Automobile Choice Model

Then the joint probability of choosing a new vehicle type is :

Pij = Pn,c,o = Po|c,n ∗ Pc|n ∗ Pn (2.8)

where Pn,c,o denotes the joint probability of household i selecting vehicle j with

type (n,c,o), Pn is the marginal probability of purchasing a new car, Pc|n is the

probability of buying a car of segment c conditional of purchase, and Po|c,n is

the probability of buying a car of origin o conditional on buying a new car of

segment c. Given the extreme value distribution assumption of error terms,

the choice probabilities Pij are given by the nested logit formulas.7

I then estimate the following vehicle utilization equation using the

choice probabilities P̂ij estimated above as instruments.

VMTij = αj + βFUELCOSTj + x′jγ1 + w′
iγ2 + γ3yi + ηi (2.9)

contain Hyundai and Kia
7See Goldberg (1998) for detailed description of estimation method
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Same as above, I run the weak instrument test for this estimation to

check the validity of the chosen instrument, P̂ij. However, the Cragg-Donald

F statistic in this estimation is 0.86, which is smaller then the Stock-Yogo

(2005)’s critical value, 16.38. This suggest that Goldberg (1998)’s choice of

P̂ij is not a valid instrument and it is not appropriate to help identify the joint

determination of vehicle efficiency choice and VMT.

2.3.5 A Structural Quantile Regression Model

I now perform a more general econometric investigation of the rela-

tionship between annual vehicle mileage traveled and vehicle fuel efficiency.

The previous econometric specification assumed identical coefficients across

consumers. However, the coefficients may differ depending on depends on

household’s vehicle usage. To further investigate the distributional effect of

vehicle fuel efficiency on VMT, I specify and estimate a structural quantile re-

gression model and implement the Instrumental Variable Quantile Regression

(IQR) techniques by Chernozhukov and Hansen (2004, 2005 and 2006).

Consider the structural relationship defined as:

Yi = αθDi +X ′
iβθ + ui (2.10)

Di = d(Xi, Zi, νi), (2.11)

where Yi is dependent variable, which is annual vehicle mileage traveled

(VMT); D is endogenous variable, which is FUELCOST or MPG. Xi is a vec-

tor of exogenous variable, which includes vehicle and household characteristics
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specified previously. ui is the unobserved error team and I assume ui|xi, zi is

uniformly distributed as U(0,1). Zi is a vector of instrument, which are sup-

posed to be independent of the distribution of ui but impact Di. Here I am

using the same set of instruments discussed previously in the structural regres-

sion model. νi is statistically dependent on ui. αθ and βθ are the regression

coefficients for the θth quantile and θ ∈ (0, 1).

Following Chernozhukov and Hansen, I first derive a statistical restric-

tion to estimate the structural parameters αθ and βθ:

Pr(Yi ≤ Sθ(Yi|D,X)|Zi, Xi) = θ (2.12)

where Sθ(Yi|D,X) is the structural quantile function defined as Sθ(Yi|D,X) =

αθD+X ′
iβθ. Then similar to ordinary quantile regression model, the θthe con-

ditional quantile of Yi will solve the weighted conventional quantile regression

objective function:

Qθ(α, β, γ) :=
1

n

n∑

i=1

ρθ (Yi −D′
iα−X ′

iβ − Z ′
iγ) Vi (2.13)

The instrumental variable quantile regression estimators is defined as

follows. For a given value of α, I first run the ordinary quantile regression to

obtain

(β̂θ(α), γ̂θ(α)) := argminβθ,γθ
Qθ(α, β, γ) (2.14)

Then I find an estimate of αθ that makes the coefficient on the instru-

mental variable γ̂θ(α) as close to 0 as possible:

α̂θ = arginfαθ
n[γ̂θ(α)

′]Â(αθ)[γ̂θ(α)
′] (2.15)
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Therefore, I get estimators for instrumental variable quantile regression

(αθ, βθ). This procedure is computationally attractive and work well when the

number of exogenous variables is possibly large, but the number of endogenous

variables is small, which is exactly the case in our model. I compute the stan-

dard errors using the method proposed in Powell (1986). This implementation

uses a Gaussian kernel and a simple rule of thumb bandwidth.

One of quantile regression’s most appealing features is its ability to esti-

mate quantile-specific effects that describe the impact of covariates not only on

the center but also on the tails of the outcome distribution. While the central

effects, such as the mean effect obtained through conditional mean regression,

provide interesting summary statistics of the impact of a covariate, they fail

to describe the full distributional impact unless the variable affects both the

central and the tail quantiles in the same way. In addition, this technique

of estimating a conditional quantile function is different from sub setting the

sample and estimating each section of the unconditional distribution, as such

truncation on the dependent variable would yield incorrect results. Here, all

observations are used in determining the regression fitting of each quantile.

In this estimation, the use of quantile regression approach would allow

for a greater flexibility in the underlying distribution of vehicle mileage traveled

as they get affected by fuel efficiency. By performing a median rather than

a mean regression and then for each quantile, decile, or in general terms for

each quantile of observations in the data I can map out the effect of vehicle

fuel efficiency for each portion of the annual vehicle miles distribution.
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2.4 Estimation Results

In this section, I discuss my estimation results from above three models

in details. Section 2.4.1 provides results from structural regression model, as

well as comparison with estimation results using Goldberg (1998)’s method.

Results from quantile regression models are provided in section 2.4.2. In sec-

tion 2.4.3, I present the estimated rebound effects and policy implications.

2.4.1 Structural Regression Model

Table 2.4 present estimation results of structural regression model and

Goldberg (1998)’s method. Model I & II are estimation results using structural

regression model specified above. Model I used “ fuel cost per mile” (Gasoline

Price / MPG) to represent vehicle fuel efficiency while Model II separated

the cost per mile into two variables, Mileage per gallon and gasoline price, to

further identify the effect of vehicle fuel efficiency solely. Model in column 2

is the estimation results using Goldberg (1998)’s two-stage methods.

From Model I, one parameter of is of special interest: “Fuel Cost per

Mile”, which captures how vehicle efficiency affect annual mileage driven. As

expected, the coefficient for fuel cost is negative and significant, suggesting

that lower fuel costs per mile lead to higher vehicle annual mileage and one

cent decrease of fuel costs will increase vehicle’s mileage driven by 524.85 miles

a year.

Most estimated coefficients of other variables are also significant while

their signs are quite intuitive. Households with higher income and more drivers

65



tend to drive more each year. The more often a vehicle is used in the household,

the higher annual miles it has. The distance to work is positively correlated to

vehicle’s annual miles and one mile increase in working distance will increase

58.17 annual miles on average. Households living in a second city are more

likely to drive less while those who live in rural area are driving 1824.21 miles

more per year. Families that prefer more outdoor activities and have more road

trips also have a higher annual mileage driven. Comparing to a household with

children above 15 years old, those with children under 5 years old and those

who have retired have less driving miles each year. In general, living in East

North leads to less driving because of a better developed public transportation

system, while people living in West South need to drive more. In addition,

comparing to a car older than 5 years, being a new car increase 2961.18 miles

per year and a car less than 5 years lead to 2515.21 more miles per year.

While vehicle driving cost per mile in Model I only gives indirect in-

fluence of vehicle fuel efficiency on vehicle mileage driven, in column 4, Model

II provides estimation coefficients for fuel efficiency (MPG) and gasoline price

respectively, which allows us to identify the separate effect of fuel efficiency di-

rectly, controlling for gasoline prices. As expected, vehicles with higher MPG

are driven more each year: 1 MPG increase of fuel efficiency will result in

125.73 miles increase in VMT. On the other hand, the separate coefficient for

gasoline price is negative and significant: people respond to higher gasoline

price by driving less and one cent increase in gasoline prices leads to 190.07

less annual miles. The estimation coefficients for other variables are very sim-
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Table 2.4: Estimation Results from Structural Regression Model

Goldberg (1998) Model I Model II
Vehicle Characteristics Estimate t-stat Estimate t-stat Estimate t-stat
Mileage per Gallon 125.73 3.77
Gasoline Price -190.07 -13.71
Fuel Cost per Mile 29835.52 0.86 -524.85 -4.92
No. of Main Drivers 1295.40 0.87 -21.47 -0.29 -27.49 -0.37
Household Income -648.90 -0.68 134.95 10.61 139.04 10.91
Population per Square Mile 0.03 0.16 -0.04 -2.49 -0.03 -2.08
No. of Drivers in Household 4070.73 0.90 552.22 5.61 582.32 5.94
Vehicle Rank in Household -9786.11 -1.62 -4085.59 -50.36 -4378.64 -54.10
Education 1459.13 0.86 3.89 0.15 12.74 0.49
Distance to Work 58.17 7.86 57.77 7.87
Second City -1342.35 -0.43 -381.87 -1.48 -188.24 -0.73
Town -978.25 -0.25 840.45 2.92 1017.69 3.54
Suburb -337.81 -0.13 -186.17 -0.72 -78.79 -0.30
Rural Area 407.52 0.09 1824.21 6.00 2002.97 6.60
No. of Rods Trips per Year 240.80 1.18 48.03 6.19 46.59 6.01
Child under 5 -6053.45 -0.39 -1583.82 -0.59 -1779.88 -0.67
No child -7338.97 -0.42 -2216.14 -0.83 -2406.87 -0.90
Child between 5 & 15 -6917.14 -0.39 -1821.60 -0.68 -1998.88 -0.75
Retired -16802.78 -0.66 -4062.71 -1.51 -4303.66 -1.61
New England 13758.65 0.74 -46.77 -0.15 -1011.94 -3.11
Middle Atlantic 14681.08 0.73 -2577.36 -12.26 -4371.60 -16.38
East North 3122.76 0.46 -2416.95 -12.00 -3017.52 -14.01
West North 15332.54 0.78 64.06 0.21 -1632.77 -4.77
South Atlantic 31905.74 0.88 256.19 0.99 -2872.13 -7.59
East South 35314.31 0.94 675.61 1.91 -2179.98 -5.16
West South 25127.45 0.87 855.34 2.84 -2176.20 -5.52
Mountain 2123.36 0.40 128.30 0.44 -482.74 -1.64
No. of Vehicles in Household -1237.33 -0.53 393.63 6.75 413.02 7.08
Passenger Car 24679.45 0.89 -335.14 -1.34 -182.63 -0.72
Truck -36679.11 -0.83 1129.95 4.24 959.92 3.77
New Car 2961.18 17.42 2969.60 17.63
Car Age Between 2 & 5 Years 2515.21 22.20 2546.57 22.78
Constant 18714.42 6.67 40005.75 11.34
No. of Observation 4,117 44,199 44,199
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Table 2.5: Estimation Results Comparison

Goldberg (1998) Model I
Variable Estimate t-stat Estimate t-stat

Cost per Mile 29835.52 0.86 -524.85 -4.92
Household Income -648.90 -0.68 134.95 10.61
Population per Square Mile 0.03 0.16 -0.04 -2.49
No. of Drivers in Household 4070.73 0.90 552.22 5.61
Vehicle Rank in Household -9786.11 -1.62 -4085.59 -50.36
Town -978.25 -0.25 840.45 2.92
Rural Area 407.52 0.09 1824.21 6.00
No. of Rods Trips per Year 240.80 1.18 48.03 6.19
Child under 5 -6053.45 -0.39 -1583.82 -0.59
Retired -16802.78 -0.66 -4062.71 -1.51
East North 3122.76 0.46 -2416.95 -12.00
West South 25127.45 0.87 855.34 2.84
Mountain 2123.36 0.40 128.30 0.44
No. of Vehicles in Household -1237.33 -0.53 393.63 6.75
Passenger Car 24679.45 0.89 -335.14 -1.34
Truck -36679.11 -0.83 1129.95 4.24
No. of Observation 4,117 44,199
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Table 2.6: Results from First Stage Vehicle Choice Estimation

Light Trucks Luxury Cars
Variable Estimate Std.Err Estimate Std.Err
Mileage Per Gallon -0.7492 0.0358 -0.3051 0.0417
Gasoline Price -6.6713 1.9372 -5.2573 3.1479
No. of Drivers in Household -0.0018 0.1337 -0.3467 0.2116
No. of Road Trips Per Year 0.0221 0.0103 0.0094 0.0174
No. of Vehicles in Household -0.1622 0.0838 0.0159 0.1240
Household Income 0.0467 0.0217 0.2494 0.0487
Education 0.0222 0.0401 0.2119 0.0631
Child Under 5 1.4091 0.3682 -1.0265 0.5926
No Child 0.5159 0.3224 -0.4773 0.4455
Child Between 5 & 15 0.8772 0.3369 -0.1330 0.4755
Second City 0.5476 0.3742 0.3760 0.4977
Town 0.8401 0.3929 0.0164 0.5446
Suburb 0.6068 0.3456 0.4438 0.4416
Rural 1.0215 0.4308 0.5964 0.6009
New England -0.0469 0.3701 -0.9423 0.5216
Middle Atlantic -1.7052 0.4291 -1.0437 0.5821
East North -0.7462 0.3292 -2.1491 0.5156
South Atlantic -1.1886 0.4597 -1.6278 0.7215
West North -0.6645 0.3890 -2.1991 0.6713
East South -1.1955 0.5337 -2.3796 0.9662
West South -0.6939 0.5952 -1.4700 0.9093
Mountain -0.5407 0.3568 -1.4961 0.5641

N ote : The estimation uses 3796 household with 4117 vehicles for new vehicles pur-
chased only. Log likelihood is -2334.2747. Choice of passenger cars is set to be base
alternative.

ilar as to Model I using fuel cost per miles alone.

Full estimation results from Goldberg’s Model are presented in column
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2 of Table 2.4. In order to compare the estimation results with our structural

model, I also provide Table 2.5 for a clearer comparison of several key variables.

Since in Goldberg (1998), the Consumer Expenditure Survey data used do not

have detailed data like distance to work, I drop it from estimation in order

to replicate the results. Comparing estimation results from Goldberg model

with Model I, where both estimations are using “ Fuel Cost per Mile” as proxy

for fuel efficiency, the results are quite different from each other, in both sign

and magnitude of estimates. Results using Goldberg’s method present similar

problems as in Goldberg (1998): all variables attain huge yet statistically

insignificant coefficients, casting doubts in our minds on the ability of the

data set and model to adequately account for joint determination problem.

In Goldberg (1998), a total number of 28 variables were used in the second

stage regression while only three of them are significant. The coefficient for

fuel cost per mile is 29835.52, which is huge yet positive, suggesting a positive

relations between driving cost and annual miles. Opposite to Model I, this

estimation also get a negative effect of household income on annual miles and

a positive effect of neighborhood population, which seem not to make sense.

One possible explanation for this could be the weakness of instruments chosen,

based on previous failure of weak instrument test.

In addition, I report the first stage estimation results for vehicle choices

from nested logit model specified above. Most of the variables included in this

estimation are vehicle characteristics and household characteristics that would

affect the choice of vehicle efficiency. The estimated coefficients for vehicle
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demand in the market segment level (passenger car, light truck or luxury

car), as shown in Figure 2.3, are reported in Table 2.6. In the nested logit

model, interpretations of the reported coefficients are different from marginal

effects. Rather, they indicate the relative changes between the value of utility

for household choosing one type of vehicle and the base alternative, which

is set to be passenger car in this analysis. Most of the coefficients have the

expected signs, while some of them are not significant. Comparing to passenger

cars, choice of light trucks are more sensitive to gasoline price than passenger

cars and luxury cars. Household with higher income and more vehicles gets

greater utility from luxury cars. Living in a town or rural area is associated

with higher utility from light trucks. The estimated choice probabilities at

the bottom level, used as instruments in the second stage regression, are not

presented here.

2.4.2 Quantile Regression Model

I then discuss estimation results from quantile regression models in

this section. Table 2.8, 2.9 and 2.10 report estimates for the quantile θ ∈

{0.1, 0.2, 0.3, ..., 0.9}, with standard errors in parenthesis.

Figure 2.4 plots the estimation quantile effects of each variables. For

these figures, the quantile regressions were estimated at 10% intervals, from

10% quantile through the 90% quantile as table results. The quantile estimates

are represented with a solid red line, while the 95% confidence intervals for

these estimated are represented as the shaded area.
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The estimation results are consistent with results from structural re-

gression model above. I now discuss the estimation effects of various variables

in more details below.

The effect of vehicle fuel efficiency are positive for almost all quan-

tile, except for 90% quantile, while the largest effect appear at the middle

quantile (40%). Somewhat surprisingly, however, the estimate of the fuel effi-

ciency effect became negative and significant and the highest quantile (90%),

suggesting that for those who drove the most, vehicle fuel efficiency actually

decrease his driving. The effect of gasoline prices are uniformly negative across

all quantiles of the conditional vehicle mileage distribution. The magnitude

of the effect increases when one move from lower quantile to higher quantile,

which indicates that people with higher annual miles are more sensitive to

changes in gasoline prices.

Distance to work is found to have significant positive effects across all

quantile while the effect increases from lower to higher quantile dramatically.

Income is estimated to have significant positive effect on vehicle mileage driven

each year, with largest effects at lower and middle quantiles. The quantile

estimates also indicate that the positive effect of number of drivers in household

on vehicle annual miles is present for all quantiles, with magnitude ranging

from 347.27 to 722.2. In general, the effect of geographic location of household

dose not vary too much across quantiles while some of their effects are large

and significant: Middle Atlantic, South Atlantic, East North, for example.

The estimated effects for living in a second city or suburb are fluctuate yet
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statistically insignificant across all quantiles. Comparing to a household with

children above 15 years old, household with no child, with children under 5

years old are driving less, while the effects are statistically insignificantly for

all quantile either.

2.4.3 Rebound Effects and Other Elasticities of Vehicle Mileage

Traveled

Based on the estimation results, I am able to calculate different mea-

sures of elasticity of demand for VMT with respect to fuel cost per mile, vehicle

fuel efficiency (MPG) and gasoline price, as shown in Table 2.7. The constant

elasticity at mean level are calculated using results from Table 2.4 with sample

mean, while the elasticities of different quantiles of annual vehicle mileage are

derived using instrumental quantile regression results form Table 2.8, Table

2.9 and Table 2.10.

The fuel cost per mile elasticity of vehicle mileage at sample mean is

−0.2322. Therefore, after correction for the potential endogeneity problem

of vehicle efficiency choice, the rebound effect in this survey data is esti-

mated to be approximately 23.22%.8 Column 2 in Table 2.7 also lists elas-

ticities of demand in each quantile of vehicle mileage traveled in the sample,

10%, 20%, ..., 90%, for our instrumental quantile regression, where households

in 10% quantile of annual mileage have lowest annual miles and those in 90%

quantile have the highest. In general, the elasticities for household with lower

8The rebound effect is just the negative of average cost per mile elasticity
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annual mileage is much higher than those for higher annual mileage house-

hold, ranging from −0.0256 to −0.8673. Specifically, the lower and middle

quantiles (quantiles below 50%) are responding much more stronger than the

upper quantile, suggesting that most of the rebound effect is much stronger for

household with annual mileage below average.9 These findings are generally

consistent with literature, while the elasticity for lowest quantile is larger.10

I also calculate the elasticities of vehicle mileage traveled for vehicle

fuel efficiency and gasoline price, which is presented in column 3 and 4 in

Table 2.7 respectively. The average MPG elasticity of vehicle mileage traveled

is 0.1715, ranging from 0.3687 in the 10% quantile to −0.2923 in the 90%

quantile. This suggests that there is a clear distributional effect of vehicle

efficiency on VMT. In general, higher vehicle fuel efficiency gives household

incentives to drive more, especially for those with lower annual miles, with an

only exception of those who drive the most.The average gasoline price elasticity

of VMT is −1.6860. The absolute value of this elasticity is much larger than

that of MPG, while the magnitude of elasticities does not very too much across

different quantiles, from −0.9742 to −3.1121.

To summarize, after correction of endogeneity of vehicle efficiency choice,

our results suggest that raising the Corporate Average Fuel Economy stan-

dard, which will improve fuel efficiency, will increase vehicle mileage driven,

9The 50% quantile of annual vehicle mileage traveled in the sample is 13394.87.
10Walls et al (1994) find a VMT cost elasticity ranging from -0.12 to -0.583. Small and

Dender (2007) have an elasticity of -0.222 in the long run.
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Table 2.7: Vehicle Mileage Traveled (VMT) Demand Elasticity

Elasticity of VMT w.r.t
Fuel Cost per Mile Mileage per Gallon Gasoline Price

Constant Elasticity At Mean Level -0.2322 0.1715 -1.6860
Elasticity Vary Across Quantiles

10% Quantile -0.8673 0.3687 -3.1121
20% Quantile -0.4845 0.2892 -2.2790
30% Quantile -0.3640 0.3249 -1.8795
40% Quantile -0.4394 0.3015 -1.5590
50% Quantile -0.3419 0.2375 -1.4314
60% Quantile -0.0516 0.1441 -1.2843
70% Quantile -0.0296 0.0417 -1.2345
80% Quantile -0.0256 0.0066 -1.1259
90% Quantile -0.0513 -0.2923 -0.9742

off-setting some of the reduction in gas consumption from improved fuel ef-

ficiency. This findings support some earlier finding of rebound effects with

a more precise quantitative estimation. In addition, I find the new evidence

that the cost associated with raising CAFE standard varies across different

quantiles of annual mileage driven and is especially high for those with below-

average vehicle mileage driven. These findings may also provide rational in

support of a tax on mileage, which is more effective in reducing gasoline con-

sumptions, comparing to the costs of CAFE standard.
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Table 2.8: Instrumental Variable Quantile Regression Results (Part I)

10% 20% 30% 40% 50%

Mileage per Gallon 16.00 17.30 23.80 26.50 23.30
(12.47) (11.92) (11.73) (11.54) (11.76)

Gasoline Price -135.05 -136.31 -137.68 -137.04 -140.45
(10.94) (9.96) (9.58) (9.37) (9.59)

No. of Main Drivers -202.69 -271.26 -267.87 -144.33 -142.29
(52.08) (52.86) (53.12) (53.51) (55.43)

Household Income 104.70 141.66 135.96 131.92 126.45
(9.03) (9.24) (9.28) (9.39) (9.90)

Population per Square Mile -0.04 -0.05 -0.05 -0.05 -0.06
(0.01) (0.01) (0.01) (0.01) (0.01)

No. of Drivers in Household 347.27 477.39 591.47 557.36 607.25
(65.23) (66.97) (66.42) (66.07) (68.06)

Vehicle Rank in Household -1709.54 -2327.07 -2727.36 -3087.61 -3377.08
(67.75) (62.57) (58.99) (57.45) (57.91)

Education 70.09 90.21 87.98 91.61 93.51
(18.04) (18.28) (18.21) (18.41) (19.19)

Distance to Work 13.04 40.95 65.60 91.64 108.76
(1.83) (4.82) (5.09) (5.65) (6.32)

Second City -78.48 -274.82 -234.90 -149.55 -13.47
(164.13) (165.58) (167.21) (170.13) (180.07)

Town 366.28 472.64 563.91 754.17 783.55
(181.75) (182.41) (183.05) (185.95) (197.94)

Suburb 40.76 -31.81 -95.86 -10.66 38.46
(160.18) (161.52) (163.58) (168.45) (180.70)

Rural Area 708.09 1091.88 1220.81 1421.55 1606.63
(193.42) (194.43) (195.47) (198.79) (211.99)

No. of Rods Trips per Year 33.81 40.59 50.49 48.20 48.00
(5.16) (5.23) (5.15) (5.05) (5.27)

Child under 5 -992.65 -924.10 -717.99 406.55 446.57
(1179.83) (1288.21) (1231.28) (1314.21) (1770.20)

No child -1313.23 -1351.24 -1101.49 3.12 104.05
(1177.90) (1286.83) (1228.97) (1311.90) (1767.98)

Child between 5 & 15 -1232.27 -1089.17 -854.45 303.19 469.73
(1177.22) (1285.87) (1228.87) (1312.21) (1768.91)

Retired -2150.00 -2522.06 -2520.45 -1598.65 -1705.88
(1179.72) (1289.51) (1232.64) (1315.89) (1771.32)

New Car 2994.82 3163.97 3180.96 3049.03 3139.58
(169.99) (161.59) (158.02) (156.97) (163.92)

Car Age Between 2 & 5 Years 2306.07 2646.48 2634.57 2495.00 2431.09
(93.54) (87.59) (85.89) (86.25) (89.24)76



Table 2.9: Instrumental Variable Quantile Regression Results (Part II)

60% 70% 80% 90%

Mileage per Gallon 16.10 5.50 1.00 -57.10
(12.56) (14.20) (18.08) (28.00)

Gasoline Price -143.45 -162.78 -171.28 -190.30
(10.25) (11.54) (14.05) (21.01)

No. of Main Drivers -65.01 -72.25 75.93 382.74
(60.00) (69.23) (88.12) (143.18)

Household Income 113.10 100.84 105.60 67.25
(10.79) (12.34) (16.05) (25.42)

Population per Square Mile -0.05 -0.04 -0.02 0.03
(0.01) (0.01) (0.02) (0.02)

No. of Drivers in Household 628.50 698.71 722.20 593.58
(71.84) (82.41) (105.77) (150.46)

Vehicle Rank in Household -3715.80 -4165.83 -4797.75 -6048.13
(61.31) (67.66) (78.94) (114.44)

Education 94.27 80.70 67.13 -28.85
(20.81) (24.27) (30.99) (48.70)

Distance to Work 134.91 162.85 187.82 216.37
(8.16) (9.07) (11.17) (14.89)

Second City -101.52 -65.44 167.50 46.79
(196.74) (218.38) (272.93) (418.90)

Town 726.08 826.74 1189.32 1472.59
(217.47) (242.66) (302.79) (462.81)

Suburb -64.86 -175.68 136.68 -63.63
(197.74) (218.52) (270.87) (415.16)

Rural Area 1644.20 1864.98 2532.96 3079.03
(234.11) (262.43) (326.53) (492.82)

No. of Rods Trips per Year 51.55 51.53 55.63 71.88
(6.03) (7.33) (9.06) (14.51)

Child under 5 -2374.67 -1562.02 -485.01 -9064.50
(1914.86) (1654.59) (1484.64) (5401.23)

No child -2725.30 -1936.84 -1006.16 -9813.43
(1912.86) (1652.35) (1482.40) (5396.83)

Child between 5 & 15 -2358.11 -1428.24 -354.65 -9311.05
(1912.84) (1651.47) (1479.15) (5397.92)

Retired -4601.49 -4024.37 -3199.95 -12830.74
(1915.89) (1656.27) (1488.80) (5400.90)

New Car 3123.77 3172.63 3357.12 3579.94
(179.72) (208.61) (264.30) (432.75)

Car Age Between 2 & 5 Years 2504.77 2543.57 2662.59 2928.21
(97.50) (112.29) (146.61) (237.36)
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Table 2.10: Instrumental Variable Quantile Regression Results (Part III)

10% 20% 30% 40% 50%

New England -692.40 -675.81 -678.32 -710.54 -670.81
(238.36) (228.62) (226.84) (230.15) (241.65)

Middle Atlantic -3232.08 -3378.96 -3266.31 -3141.78 -3249.74
(204.34) (186.89) (180.72) (182.00) (191.36)

East North -2209.05 -2207.85 -2146.53 -2092.33 -2043.83
(159.83) (147.18) (143.68) (148.14) (158.52)

West North -1411.63 -1525.21 -1233.96 -1065.71 -919.54
(227.69) (220.63) (220.51) (223.78) (234.43)

South Atlantic -2314.57 -2150.52 -2055.11 -1880.39 -1859.64
(282.70) (259.88) (251.32) (247.08) (252.23)

East South -1893.76 -1941.78 -1887.71 -1797.83 -1574.51
(288.74) (283.42) (283.11) (295.94) (319.99)

West South -2165.22 -1888.24 -1778.30 -1686.36 -1516.08
(283.26) (268.75) (264.83) (268.27) (286.91)

Mountain -478.41 -247.14 -211.10 -26.82 -33.47
(219.83) (213.55) (212.40) (217.71) (229.65)

No. of Vehicles in Household -50.83 4.09 47.41 134.36 189.85
(40.22) (41.59) (41.83) (40.95) (41.42)

Constant 24256.65 25901.47 27049.07 27070.94 28863.66
(2062.88) (2024.07) (1946.49) (1983.48) (2339.27)

60% 70% 80% 90%

New England -892.21 -1023.01 -1461.67 -506.38
(265.08) (301.66) (383.59) (719.28)

Middle Atlantic -3323.59 -3480.07 -3964.41 -3710.77
(214.43) (244.64) (307.12) (426.20)

East North -2103.93 -2149.59 -2337.29 -2049.98
(179.37) (204.82) (259.78) (348.28)

West North -1061.14 -942.86 -1058.70 -677.04
(257.06) (299.06) (396.93) (517.23)

South Atlantic -1949.68 -2290.27 -2535.08 -2003.25
(272.42) (307.81) (385.63) (551.35)

East South -1478.76 -1757.97 -1520.96 -1260.98
(348.46) (400.83) (519.59) (772.93)

West South -1541.44 -1741.10 -1854.16 -920.75
(317.45) (363.69) (457.81) (725.70)

Mountain -52.38 -0.76 -371.38 -370.39
(251.80) (285.73) (355.94) (514.37)

No. of Vehicles in Household 301.88 448.08 605.18 1183.67
(45.19) (51.87) (72.02) (115.60)

Constant 33740.54 37583.66 39937.59 56578.06
(2534.09) (2505.83) (2764.11) (6380.72)
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Figure 2.4: Instrumental Variable Quantile Regression Results (I)
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2.5 Conclusion and Future Research

In this paper, using a detailed micro-level data of National Household

Travel Survey 2001, I estimate a structural model for joint determination of

vehicle fuel efficiency choice and vehicle mileage traveled each year. The esti-

mation results suggest that on average, higher vehicle fuel efficiency leads to

more driving, controlling for effects of gasoline prices.

Estimation using methods from Goldberg (1998) suffers the same prob-

lems as the original paper: huge yet statistically insignificantly estimates, even

with our detailed vehicle-level data. Comparison on results and tests of weak

instruments between our method with literature suggest that using choice

probabilities as instruments is not valid and our model and choice of instru-

ments gives consistent estimates. I further study the distributional effects on

vehicle miles of fuel efficiency by applying the instrumental quantile regression

estimator of Chernozhukov and Hansen. The empirical finding suggests that

effects of vehicle fuel efficiency on annual mileage traveled are small in mag-

nitude and decreasing across all quantile, with negative effects in the highest

quantile.

In the future, I will do a similar analysis using National Household

Travel Survey 2008. There are a number of important changes in the U.S.

household-based vehicle fleet: a levelling off in average vehicle age, the mix of

household vehicles continues to include fewer passenger cars and more SUVs

80



with less fuel efficiency.11 Especially during 2008, the gasoline prices experience

a sky-rocking increase since 2002. All these changes may yield a different result

from previous data and a comparison between the two estimation results will

reveal how vehicle fuel efficiency affect vehicle utilization over year.

11Changes in the U.S. Household Vehicle Fleet, NHTS Brief, September 2009
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Chapter 3

Cash-for-Clunkers or Cash-for-SUVs? The

Effects of 2009 Cash-for-Clunker Program

3.1 Introduction

Not even the most optimistic greens could have predicted that the fed-

eral government’s 2009 “Cash-for-Clunkers” program would work this well:

only days after the launch, the program has burned its first round budget of

$1 billion. In the end, over 690,000 Americans had traded in their gas-guzzlers

and the program costs the federal government almost $3 billion. The program

offered either $3500 or $4500 rebate on purchasing a new fuel efficient car and

trading in old ones, depending on the improvement of fuel economy of the new

and trade-in vehicles.

In general, the intention of this program is two folded. Besides pro-

viding stimulus to the economy by boosting auto sales, one other purpose of

this program is to improve the environment by replacing old, fuel efficient cars

with new, fuel efficient ones. While some considered the program as a great

success, some viewed the program as ineffective and inefficient in achieving the

economic and environmental goals.

In this paper, I focus my analysis on the effects of this program in
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improving fuel efficiency and affecting consumers’ choice towards smaller, more

fuel efficiency vehicles.

The design of the program is to promote smaller, more fuel efficient

cars, by giving extra credits for more fuel efficiency improvement. However,

by a simple look at the incentive program, we could not help but wonder: is

this program “Cash-for-Clunkrs” or “ Cash for SUVs”? Consider how easy it

would be to get $4,500 rebate by buying a SUV or V-8 muscle car. Generally,

the trade-in vehicles must have fuel economy of 18 mpg or less and be less than

25 years old. As shown in Table 3.1, newly purchased passenger cars must have

a minimum fuel-economy rating of 22 miles per gallon and they need to be

4-9 MPG more efficient than the clunker being traded in to trigger the $3,500

credit. The $4,500 credit requires an improvement in fuel economy of at least

10 MPG. However, if you buy a new SUV, the requirement is much more

looser. You only need to improve your fuel efficiency by 2-4 MPG to receive

the $3500 rebate and by 5 MPG to get $4500 rebate. The maximum rebate

per MPG increase for trade-in cars is $1750. Considering the encouragement

for SUV purchase behind the program, it is hard to conclude that the 2009

Cash-for-Clunker Program is an effective environment policy.

Many prior works have tried to measure the effectiveness of Cash-for-

clunker program as fiscal stimulus and most of them focus on the aggregate

sales effects of the scrappage subsidies. Adda and Cooper (2009) evaluate the

impact of such policies on the optimal replacement age of automobiles. Main

and Sufi (2010) examine the impacts of 2009 Cash-for-Clunker program on

83



New Vehicle Type $3500 Rebate $4500 Rebate
Passenger Car MPG Improvement 4-9 ≥ 10

Rebate per MPG $389-$875 ≤ $450
SUV/Truck MPG Improvement 2-4 ≥ 5

Rebate per MPG $875 - $1750 ≤ $ 900

Table 3.1: 2009 CARS Program Incentive Details

short and medium run auto sales. They conclude that the effect of the pro-

gram on auto sales was significantly short-lived than suggested and the effect

is completed reversed by March 2010. In the mean time, there are other envi-

ronmental reasons to sponsor cash-for-clunker programs than just stimulating

aggregate demand. Some other economists study its effectiveness in reduc-

ing emissions by encouraging purchase of smaller, fuel efficient cars. Miravete

(2009) documents how vehicle scrappage program influence driver’s tastes in

favor of fuel-efficient automobiles in Spain. He concludes that it is not effec-

tive in changing preferences, at least in the short run. However, Huang (2010)

finds that Cash-for-Clunker program may have induced a substantial number

of consumers to purchase more fuel-efficient vehicles that they otherwise would

not have purchased.

This study focuses on the demand for SUVs under the program and

try to assess the effectiveness of this program in affecting consumers’ choices

over SUVs. Using a micro level transaction data of each consumer who par-

ticipates, I formulate a mixed logit model of consumer’s vehicle choice under

the program. Each consumer who has an clunker will choose a new car among
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all eligible new cars on the market. The random coefficients allow me to iden-

tify the heterogeneity of consumer tastes. In addition, by taking advantage of

the micro transaction data, I can use interaction variables between consumer

characteristics and choice-specific attributes. These will allow me to identify

the effects of consumer’s past holding of vehicles on new vehicle choices.

My findings suggest that the 2009 Cash-for-Clunker is not very effec-

tive in terms of affecting consumers’ choice of SUVs and big cars. Consumers’

choices towards big cars do not change significantly after the program, com-

paring to the first quarter 2009 before the program. For transactions under the

program, consumers still prefer SUVs and large cars. The extra $1000 rebates

actually increase consumers’ tastes towards SUVs. Finally, the actually gaso-

line consumption will increase 61,500,000 gallons per year, after considering

driving behavior changes.

The rest of this paper is organized as follows. In section 3.2, I provide

data and statistics under the program and discuss some empirical evidences.

Section 3.3 presents the methodology I used. Section 3.4 presents the results

and Section 3.5 concludes.

3.2 Data and Summary Statistics

The analysis of this paper combines several different types of datasets.

The main dataset I use is the micro level transaction data under the program,

which is provided by The Department of Transportation. For each consumer

who participated in the program, I know which car he traded in, which new car
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he purchased instead and the amount of rebate he received. To compare the

fleet composition of new car sales before and after the program, I also supple-

ment this analysis with new vehicle sales data in 19 U.S. cites in each month

of 2009. Finally, in order to estimate the total gasoline consumption changes

after Cash-for-Clunker program, I used National Household Transportation

Survey 2008 to match annual miles traveled.

3.2.1 Micro Transactions Under the Program

Figure 3.1 and Figure 3.2 plot the density of MPG for all trade-in

vehicles and new purchased vehicles, respectively. The average MPG for trade-

in vehicles is 15.8. There is a noticeable spike on trade-in vehicles with MPG

18, which is the the highest MPG of vehicles eligible for trade-in. The average

MPG for all new car purchased is 24.96.

The program’s purpose is to affect consumer’s vehicle choices towards

smaller, efficient cars by providing $3,500 or $ 4,500 rebates. Therefore, ide-

ally, we would expect that almost all participants with big SUVs or Pick-ups

should trade in their old cars for smaller, efficient passenger cars. However,

the data from all transactions tells a different story. Table 3.2 gives the tran-

sition matrix of vehicle class:from trade-in vehicle class to new purchase class.

Among all consumers who originally hold passenger cars, 22% of them now

choose SUVs instead, with rebates. For consumes who used to hold SUVs,

almost half of them (43%) still go with SUVs. Therefore, even under this

program, many consumers still prefer SUV and large cars and the program is
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X
X
X
X
X
X
X
X
X
X
X
X

Trade-in
New

Passenger SUV/Van Truck

Passenger 0.75 0.22 0.03
SUV/Van 0.55 0.43 0.03
Truck 0.46 0.30 0.24

Table 3.2: Transitions of Vehicle Class under CARS Program

not quite effective in affecting consumer’s towards small and efficient cars.

3.2.2 Gasoline Consumption Changes Under the Program

We may be able generate the conclusion that the program is effective in

improving fuel efficiency and thus will reduce gasoline consumption, by simply

looking at the previous statistics. National Highway Traffic Safety Admin-

istration (NHTSA) estimates that the average fuel economy improvement for

transactions under the CARS program is 9.6 MPG. This amounts to an annual

fuel savings of 58 million gallons of gasoline or an average gasoline savings of

$580 a year for each new vehicle owner1. However, there is a major problem

with the figures quoted above: the fuel savings and environment benefits are

based on the false assumption that there will be no change in driving behavior

when a driver’s fuel efficiency improves significantly. But the truth is, when

vehicles become more fuel-efficient, the cost of driving is lower, thereby provid-

ing an incentive to drive more and longer. This “rebound effect” may actually

increase total fuel consumptions and overall carbon emissions.

1CARS Report to Congress, 2009
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In order to estimate the actual gasoline consumption changes under the

program, I analyze the driving pattern changes for each consumer in this pro-

gram. Specifically, using micro data from National Household Transportation

Survey 2008, I generated average annual miles for each mpg category for all

cars before 2001 and used that as a proxy for the annual miles a consumer

will drive for the trade-in vehicles. For annual miles of new car purchase, I

use average annual miles for each mpg category for all cars newer than 2001.

Actually, this estimate provides a lower bound of the new miles estimates,

since people tend to drive their new vehicle more and longer.

Then the change in gas consumption for each person is calculated as

(new annual miles/new mpg) - (old annual miles/old mpg). Figure 3.3 plots

the kernel density estimate of the gasoline consumption changes after the new

vehicle purchase for all consumers under the program. As shown in the figure,

most consumers will increase their drivings, thus gasoline consumptions, after

they get improvement in MPG for the new car. Adding the gasoline consump-

tion changes for all consumers together, I have a total of 61,500,000 gallon

gasoline consumption increases per year. Therefore, the program is not very

effective in terms of reducing total gasoline consumptions after we considered

the “rebound effect” of driving.

3.2.3 Consumers’ Vehicle Choices after the Program

Many people are concerned that the effects of the program in changing

consumer’s choices (if any) will be shore-lived and the effect will be reversed
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Figure 3.3: Kernel Density Estimate for Gasoline Consumption Changes under
CARS Program

quickly after the program. To exam this, I compare the new car sales by

vehicle type in 19 representative cities in the U.S. for two different periods:

before and after the program. Table 3.3 provide market shares of new car

sales in 2009 between the first quarter of 2009 (January, February and March)

and the rest of 2009 right after the program (September, October, November

and December). The comparison is further classified into different vehicle

classes: Passenger cars, SUVs and Trucks. The Cash-for-Clunker program is

discussed and announced starting late April and put in effect in July. To rule

out consumers’s waiting behavior, I use the first quarter of 2009 to compare.

In fact, in all cites, the market shares of SUVs after the program do not change

significantly, with slight increases for some cities. This leads to the conclusion

that consumers’ choices of SUVs and big cars are not affected significantly
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Passenger Car SUV/Van Truck
Jan-Mar Sep-Dec Jan-Mar Sep-Dec Jan-Mar Sep-Dec

Albany, NY 0.52 0.54 0.40 0.40 0.07 0.06
Atlanta, GA 0.57 0.59 0.37 0.36 0.06 0.05
Cleveland, OH 0.55 0.58 0.41 0.37 0.05 0.06
Denver, CO 0.44 0.43 0.45 0.46 0.11 0.11
Des Moines, IA 0.46 0.44 0.43 0.42 0.11 0.14
Hartford, CT 0.51 0.55 0.45 0.40 0.04 0.05
Houston, TX 0.47 0.48 0.35 0.36 0.18 0.16
Lancaster, PA 0.58 0.55 0.35 0.38 0.07 0.07
Las Vegas, NV 0.52 0.58 0.34 0.32 0.14 0.10
Madison, WI 0.49 0.47 0.45 0.46 0.06 0.07
Miami, FL 0.62 0.62 0.33 0.34 0.05 0.04
Milwaukee, WI 0.54 0.54 0.41 0.40 0.06 0.06
Nashville, TN 0.52 0.55 0.38 0.35 0.10 0.10
Phoenix,AZ 0.46 0.53 0.39 0.35 0.15 0.13
St Louis, MO 0.54 0.54 0.38 0.38 0.08 0.08
San Diego, CA 0.58 0.60 0.33 0.31 0.09 0.08
San Francisco, CA 0.62 0.63 0.34 0.34 0.04 0.04
Seattle, WA 0.52 0.51 0.42 0.42 0.07 0.07
Syracuse, NY 0.50 0.49 0.40 0.42 0.10 0.10

Table 3.3: Comparisons for Market Shares of New Car Sales in 2009

right after the CARS program.

3.2.4 Summary Statistics

Table 3.4 presents summary statistics for all participants in 2009 Cash-

for-Clunker Program. The first five variables measure the characteristics for

all new car purchase with program rebate. The average MPG for new car

purchase is 24.9, while the average MSRP for cars is $ 22543.06. Among all
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Variable Mean Ste. Err

MPG 24.90 5.71
Price 22543.06 5874.59
SIZE (Length × Width×10−3) 822.06 160.28
Horse Power/Weight 0.05 0.10
SUV 0.35 0.48
Truck 0.10 0.29
Passenger Car 0.55 0.50

Trade-in SUV 0.49 0.50
Extra $1000 Rebate 0.71 0.46
Total Observations 619,154

Table 3.4: Summary Statistics for Micro Transactions

new cars, only 55% of them are passenger cars and 45% are SUVs and pickups.

For consumers who trade-in their cars, 49% of the clunkers are SUVs and 71%

of the consumer’s received an extra $1,000 rebate for higher improvement of

MPG.

3.3 Model and Estimation

3.3.1 Model Framework

I use mixed logit model for analysis. The consumer faces a choice among

J new vehicles. The utility of individual n from alternative j is specified as

Unj = β ′
nxnj + ǫnj (3.1)
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where xnj are observed variables that relate to the choice alternative and the

consumer. βn is a vector of coefficients of variables for consumer n representing

that consumer’s tastes. ǫnj is an unobserved random error term with iid ex-

treme value distribution. We assume that the coefficients vary over consumers

in the population with density f(β). Specifically,

βn ∼ f(β|θ) (3.2)

where θ are the parameters of the distribution of βn’s over the population,

such as the mean and variance of βn. In this estimation, we use normal and

log normal distribution for coefficients.

The consumer knows the value of his own βn and ǫnj ’s for all vehi-

cle choice j and chooses an alternative i that gives him the highest utility.

Specifically, they choose vehicle i if and only if

Uni > Unj j 6= i (3.3)

By taking advantage of the iid extreme value distribution of ǫnj ’s, we

can then calculate the probability that a consumer n choose vehicle i, condi-

tioning on βn:

Lni(βn) =
exp(β ′

nxni)∑
j exp(β

′
nxnj)

(3.4)

Since βn is random and unknown, the unconditional choice probability

is therefore the integral of Lni(βn) over all possible variables of βn:
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Pni =

∫ (
exp(β ′xni)∑
j exp(β

′xnj)

)
f(β|θ)dβ (3.5)

3.3.2 Estimation

Simulation methods are commonly used for estimation of a mixed logit

model. Using the unconditional probability (Equation 3.5) defined above, the

log-likelihood function is given by

LL =
N∑

n=1

J∑

i=1

dni lnPni (3.6)

However, since the probability Pni does not have a closed form solution,

it is approximated through simulation for any given θ. I first draw a value of

β from f(β|θ) and label it βr with the superscript r = 1 referring to the first

draw. I then calculate the logit formula Lni(β
r) with this draw. Repeat the

previous two steps many times and average the results, I can then get the

average as the simulated probability:

P̌ni =
1

R

R∑

r=1

Lni(β
r) (3.7)

where R is the number of draws. Here P̌ni is an unbiased estimator of Pni by

construction. Its variance decreases as the number of draws R increases. P̌ni

is smooth in the parameters θ and variables x, which facilitates the numerical

search for the maximum likelihood function and the calculation of elasticities.

The simulated log likelihood is then given by:
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SLL =

N∑

n=1

J∑

i=1

dni ln P̌ni (3.8)

where dni = 1 if consumer n choose product i and zero otherwise. The mixi-

mum simulated likelihood estimator is the value of θ that maximizes SLL.

3.4 Results

In this section, I discuss my estimation results from the above models

in details. Section 3.4.1 provides results from mixed logit model. Results and

discussion on consumer’s willingness to pay for MPG are provided in section

3.4.2.

3.4.1 Mixed Logit Model

Table 3.5 presents the estimation results from the above mixed logit

model. In this estimation, I used a total of 619,154 transactions, after cleaning

for missing data. To identify the heterogeneity of consumer preference, I use

two random coefficients for MPG and vehicle price. Ideally, I can use random

coefficients for all parameters of vehicle attributes, but I only use two for now

because of the computing time.

The coefficients for Price and MPG are expected to have the same

sign for all consumers, with only their magnitudes differing over consumers.

These coefficients are given independent lognormal distributions. The mean

and standard deviation of the log of the coefficient are estimated, and the

mean and standard deviation of the coefficient itself are calculated from these
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estimates. Since the lognormal distribution is defined over the positive con-

sumers, the negative of vehicle price enters the model. I then parameterize the

lognormal distribution in terms of the underlying normal. That is, I estimate

parameters m and s that represent the mean and variance of the log of the

coefficient: ln βk ∼ N(m, s). The mean and variance of βk are then derived

from the estimates of m and s. In the second section of Table 3.5, I present

the transferred mean of the coefficients of Price and MPG.

As expected, price contributes negatively to consumer’s utility, with a

base coefficient of −0.0002. However, the estimated standard deviation is not

significant. The other random coefficient, MPG, is of special interest to us in

this paper. The base coefficient for MPG is positive and significant, which is

consistent with our expectation: a higher MPG for any vehicle can be expected

to increase consumer’s utility from owning that vehicle.

In general, positive coefficient for SIZE implies that consumers who

participate this program still prefer a car with bigger size. But in order to

satisfy MPG requirement, they need to sacrifice the horsepower. Thus we

have a negative sign for horsepower to weight ratio. SUV and Passenger Car

are dummy variables for new vehicle class. It is very interesting to notice that

even under the program, consumers still prefer SUVs. The coefficient for SUV

is 1.0786, indicating positive influence on consumer’s utility. However, the

coefficient for Passenger car is negative, suggesting that buying a passenger

car gives negative utility.

The fourth section of Table 3.5 gives coefficients for interaction variables
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between consumer characteristics and choice-specific attributes. The inclusion

of these interaction terms will allow us to identify the effects of consumer’s

past holding of vehicles on new vehicle choices. In particular, I am interested

in how consumer’s past holding of a SUV will affect his choice of a SUV and a

passenger car when he is buying a new one. The coefficient of the interaction

term with SUV is higher than that of the interaction term with Passenger car.

This results suggest that owning a SUV will increase consumer’s preference

over another SUV, other than a passenger car.

To examine whether an extra $1000 for more MPG improvement will

affect consumer’s choice of SUVs, I use the interaction term of dummy variable

Extra $1000 Rebate with new vehicle class dummies, SUV and Passenger

Car. Surprisingly, comparison of the two interaction terms with vehicle class

dummies suggests that the extra $1000 rebate actually increase consumer’s

utilities towards choosing a SUV under the program.

3.4.2 Willingness to Pay for MPG

The Cash-for-Clunker Program offered either $3500 or $4500 rebate on

purchasing a new fuel efficient car and trading in old ones, depending on the

improvement of fuel economy of the new and trade-in vehicles. To make it more

clear, Table 3.6 gives a detailed summary for MPG improvement requirement

for each vehicle class, respectively. The rebate per MPG improvement that a

consumer can get ranges from $389 to $1750. In this section, I estimate what

a consumer is willing to pay for 1 MPG improvement under the program. It
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Variable Coefficient Std. Err

Mean
Log(MPG) -1.2876 0.0539
Log(Price)(neg.) -8.6629 0.0503

MPG 0.2764 0.0156
Price -0.0002 0.00001

Size 0.0047 0.0002
HP/Weight -239.4822 9.1156
SUV 1.0786 0.1118
Passenger Car -0.4313 0.1824

Trade-in SUV × SUV 1.9370 0.0624
Trade-in SUV × Passenger Car 1.5767 0.0610
Extra $1000 Rebate × SUV 0.6119 0.0530
Extra $1000 Rebate × Passenger Car 0.5968 0.0505

Std.Dev
MPG 0.0565 0.1019
Price(neg.) 0.0851 0.1605

Total Observations 619,154

Table 3.5: Estimation Results from Mixed Logit Model
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would be interesting to compare that with the unit rebate that a consumer

actually receives.

The ratio of MPG coefficient to the price coefficient is the measure of

the amount that the consumer is willing to pay to have a additional MPG

for the new car. Since the ratio of two independent log normally distributed

terms is also log normally distributed, I can calculate the moments for the

distribution of willingness to pay for MPG. The ratio itself therefore has the

mean of 1604.53 and the standard deviation of 164.28. That is, the average

willingness to pay to have an extra MPG for the new car is estimated to be

$1604.53, and there is very little variation in consumer’s willingness to pay

under the program. Figure 3.4 plots the density distribution of willingness to

pay for all consumers under the program. Most consumers have willingness to

pay for 1 MPG ranging from $1,100 to $2100.

I now consider the comparison between the estimated willingness to

pay and the rebate per MPG under the program. Indeed, the mean estimated

willingness to pay of $1604.53 is slightly lower than the highest unit rebate

under the program, when a consumer buys a new SUV for 2 MPG increase.

This may partially explain why there are many consumers who still get SUVs or

trucks. When you buy a SUV or a truck, the MPG improvement requirement

is much lower than buying a passenger care. As a result, many consumers

choose to participate in the program by buying cars that offer the rebate close

to his willingness to pay. This can be confirmed by Table 3.7. Overall, almost

half of the consumers took advantage of this program and still chose big SUVs.
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New Vehicle Type $3500 Rebate $4500 Rebate
Passenger Car MPG Improvement 4-9 ≥ 10

Rebate per MPG $389-$875 ≤ $450
SUV/Truck MPG Improvement 2-4 ≥ 5

Rebate per MPG $875 - $1750 ≤ $ 900

Table 3.6: 2009 CARS Program Incentive Details
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Willingness to pay for 1 MPG

Figure 3.4: Consumer Willingness to Pay for MPG
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X
X
X
X
X
X
X
X
X
X
X
X

Trade-in
New

Passenger SUV/Van Truck

Passenger 72255 21,403 3077
SUV/Van 184,345 143,953 9687
Truck 110,474 72,856 58930

X
X
X
X
X
X
X
X
X
X
X
X

Trade-in
New

Passenger SUV/Van Truck

Passenger 0.75 0.22 0.03
SUV/Van 0.55 0.43 0.03
Truck 0.46 0.30 0.24

Table 3.7: Vehicle Class Transition Matrix

3.5 Conclusion

The 2009 CARS program attempted to boost the sale of new fuel effi-

cient vehicles to replace old gas guzzlers. The program established a two-tier

incentive system depending on whether buyers purchased a passenger vehicle or

an SUV. Thus, increasing the mileage from nine to ten relative to the scrapped

vehicle triggered an increase in the rebate from $3,500 to $4,500. This same

increase in subsidy could be alternatively reached by a buyer that purchased

an SUV with an increase mileage efficiency increase of only two miles. The

result is that many of the new purchased vehicles are indeed SUVs. The CARS

program collected information about the old scrapped vehicle and linked it to

the actual purchase of the new vehicle. It is thus possible to analyze the effect

of preference inertia in choices by comparing the characteristics of old and new

vehicles. The fact that effective prices that consumers face come determined

by the mileage class of the old car also allows us to evaluate the distribution
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of valuation trade-offs between mileage and other characteristics such as size,

performance, and vehicle class.

This study focus on the demand for SUVs under the program and try

to assess whether this program is effective in affecting consumers’ choices over

SUVs. Using a micro level transaction data of each consumer who partici-

pates, I formulate a mixed logit model of consumer’s vehicle choice under the

program. Each consumer who has a eligible car for trade-in will choose a new

car among all eligible new cars on the market. The random coefficients allow

us to identify the heterogeneity of consumer tastes. In addition, by taking

advantage of the micro transaction data, I could use interaction variables be-

tween consumer characteristics and choice-specific attributes. These will allow

us to identify the effects of consumer’s past holding of vehicles on new vehicle

choices.

My findings suggest that the 2009 Cash-for-Clunker is not very effec-

tive in terms of affecting consumers’ choice of SUVs and big cars. Consumers’

choices towards big cars do not change significantly after the program, com-

paring to the first quarter 2009 before the program. For transactions under the

program, consumers still prefer SUVs and large cars. The extra $1000 rebates

actually increase consumers’ tastes towards SUVs. Finally, the actually gaso-

line consumptions will increase 61,500,000 gallons per year, after considering

driving behavior changes.
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