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a b s t r a c t

The diversity of new vehicle technology and fuel markets, the governments’ sustainable
call to reduce energy consumption and air pollution lead to a change in the personal vehi-
cle market. Considering the impact of these factors, a stated preference survey approach is
adopted to analyze household future preferences for gasoline, hybrid electric, and battery
electric vehicles in a dynamic marketplace. The stated choice experiment places respon-
dents in a nine-year hypothetical time window with dynamically changing attributes
including vehicle purchasing price, fuel economy, recharging range, and fuel price. A
web-based survey was performed during 2014 in the state of Maryland. The collected data
include household social-demographics, primary vehicle characteristics, and vehicle pur-
chasing preferences of 456 respondents during the year of 2014–2022. Mixed
Multinomial logit (MMNL) models are employed to predict vehicle preferences based on
households’ socio-demographics and vehicle characteristics. The estimation results show
that young people are more likely to buy vehicles with new technology, especially battery
electric vehicles (BEV). Women with a high education level (bachelor degree or higher) pre-
fer to choose hybrid electric vehicle (HEV) while men with a high education level are more
likely to buy BEV. The estimated vehicle market elasticities with respect to vehicle price are
from �1.1 to �1.8 for HEV and BEV, higher than those for gasoline vehicles from �0.6 to
�1.0. The vehicle market cross-elasticities estimated by MMNL models range from 0.2 to
0.6. In addition, willingness to pay (WTP) of vehicle characteristics estimated by MMNL
models provide a good understanding of household future vehicle preferences.

� 2017 Elsevier Ltd. All rights reserved.
1. Introduction

The development and the deployment of advanced vehicle technology has become a high priority for many governments
and vehicle manufacturers around the world. These technologies include alternative fuels, plug-in electric vehicles, batteries,
electric drive technologies, advanced combustion engines, and lightweight materials. Highly efficient combustion engines,
innovative power systems and greener fuels can lead to fuel economy improvements, setting the foundation for clean, effi-
cient, sustainable, and cost-competitive vehicles. The production of such vehicles and their adoption on a large scale is
expected to improve mobility and energy security, while lowering costs and reducing environmental impacts (DOE, 2015).

Low carbon vehicles will help modern societies to build a more sustainable transportation system and achieve balance
between social, economic, and environmental objectives. Purchasing a vehicle with better fuel economy can save consumers
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a substantial amount over the lifetime of the vehicle; which also means that families will have more money to reinvest in
other economic activities. Americans spend more than half a billion dollars a day to import oil, with transportation account-
ing for more than two-thirds of this use. While demand for oil products in Organization for Economic Co-operation and
Development (OECD) Europe has reached a plateau as the population remains flat in most countries. China is expected to
experience the largest absolute growth in liquid fuels consumption, growing by about 46% in 2020 and doubling in 2040
compared to the 2010 level, as it moves from an industrial manufacturing economy to a more service-oriented economy
with greater automobile saturation. India will have the fastest growth rate in liquid fuels consumption from 2010 to 2020
(3.0% per year) and experience the second-largest absolute growth (behind China), primarily driven by diesel fuels used
in transportation (U.S. Energy Information Administration, 2014).

In Europe and the United States (US), transportation accounts for more than a quarter of greenhouse gas emissions, and
the total emissions from transportation are expected to grow rapidly in emerging economies. The US Department of Energy
(DOE) calculates that reducing fuel consumption by 50 percent in light duty vehicles would eliminate the use of more than
4 million barrels of oil a day, and eliminate 6 billion metric tons of carbon dioxide emissions overall, almost as much as the
emissions from the entire US in 2013 (DOE, 2015). These emissions contribute to global climate change and smog, which are
harmful especially to the health of kids and the elderly. Reducing fuel consumption and emissions from vehicles through
efficient and clean technologies can substantially contribute to lowering these emissions, improving public health and pro-
tecting global ecosystems.

Recent research in public agencies, national laboratories, private industries and academic institutions is mainly aiming at
(a) enabling vehicle manufacturers to produce new, efficient technologies; (b) setting appropriate standards in terms of secu-
rity and emissions; (c) estimating individuals’ adoption and preferences over new vehicles; (d) studying policies and incen-
tives that will accelerate that process. This paper contributes to the literature on new vehicle technology and to vehicle type
modeling in several aspects. First, it proposes a survey that collects individuals’ preferences and stated choices over time.
Respondents are asked to report their intention to keep their current vehicle or to buy a new vehicle when presented with
a new gasoline vehicle, a HEV, or a BEV; the characteristics of those vehicles change dynamically over the survey horizon.
Second, we present estimation results from both multinomial logit (MNL) models and mixed multinomial logit (MMNL)
models, which quantify tastes for vehicles with different technologies and fuel options. Finally, short and long term market
elasticities with respect to vehicle price and fuel price are calculated and discussed; willingness to pay for significant vehicle
attributes is also evaluated using different model specifications.
2. Literature review

The literature on advanced vehicle technology is vast and numerous. References can be found not only in transportation
journals but also in applied econometrics, environmental economics, energy and sustainability related journals. Here, we
mainly refer to articles that elicit individual preferences from survey data and estimate market penetration of new vehicles
including electric cars and those that run on alternative fuels.

Given that their actual market shares are low and that rapid changes are expected on the supply side, it is not surprising
that many studies on advanced technology vehicles are based on stated preference (SP) data (Hensher, 1994). In 1991, a
three-phase SP survey was implemented in the South Coast Air Basin of California to predict the effect on personal vehicle
purchases of attributes that potentially differentiate clean-fuel vehicles from conventional gasoline (or diesel) vehicles. Attri-
butes considered included: limited availability of refueling stations, limited range between refueling or recharging, vehicle
prices, fuel operating costs, emissions levels, multiple-fuel capability and performance (Golob et al., 1993). This pioneering
data set has been used by several authors to estimate demand for alternative fuel vehicles. These studies often use discrete-
choice or structural equations models (Bunch et al., 1993; Golob et al., 1997; Brownstone et al., 2000).

Volatility in gas price, increasing concerns about emissions and global warming, as well as progress in alternative fuel
vehicle technology have caused a re-emergence of interest in alternative fuel vehicle data and in behavioral models for
demand forecasting and scenario analysis. A stated choice survey was conducted in Denmark in 2007 by Mabit and
Fosgerau (2011); the sample consisted of new car buyers only. The survey considered five vehicle types: conventional,
hydrogen, hybrid non-plugin, bio-diesel and electric vehicles. The monetary attributes considered were purchase price
and annual cost, where the annual cost is the sum of maintenance cost, fuel expenses based on intended driving, and annual
taxes. The non-monetary attributes were operation range, refueling frequency, acceleration time, and a service dummy. The
pollution level of alternative fuel vehicles was specified relative to the reference vehicle. Jensen et al. (2013) collected stated
choices (SC) and used them to measure the extent to which the experience of using an electric vehicle (EV) may affect indi-
vidual preferences and attitudes. The authors set up a ‘‘long panel” survey, where data was gathered before and after indi-
viduals experienced an EV in real life during a three-month period. They also measured attitudinal effects that might affect
the choice of an EV by individuals; their results show that preferences and attitudes are indeed affected by real life experi-
ence. Rasouli and Timmermans (2013) designed a stated choice experiment to better understand the decision process of buy-
ing an electric car and to derive the relative importance of factors that affect the choice with a special focus on social
influence. Attributes considered are vehicle attributes, contextual attributes and social influence attributes. In particular,
the social influence attributes include reviews received from members of the social networks (family, friends, colleagues
and the larger social network of peers) and their nature (positive or negative) as well as the level of new technology
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adoption. Axsen and Kurani (2013) collected data from 508 households who had recently bought a new vehicle in San Diego
County, California. The mixed-mode survey collected information about access to residential recharge infrastructure, three
days of driving patterns, and desired vehicle designs and motivations via design games. The data was used to compare con-
sumers’ stated interest in conventional gasoline, hybrid, plug-in hybrid, and pure EV of varying designs and prices. A survey
of consumer attitudes on EV was conducted in Manitoba from late 2011 to early 2012. It utilizes two price assessment meth-
ods; it includes direct questions regarding willingness to pay a price premium for an EV, and an indirect question based on
the van Westendorp price sensitivity method. The survey derives price ranges for electric vehicles but also supports the
hypothesis that EV rollout has focused too much on technology, and not enough on consumers (Larson et al., 2015). A
detailed analysis of consumer preference for alternative fuel types and technology options is offered by Shin et al. (2015).
The model is based on data collected in stated choice experiments conducted on a sample of consumers from six metropoli-
tan cities in South Korea. In the same study a multinomial probit model is estimated to calculate willingness to pay for var-
ious smart vehicle options.

Models for vehicle ownership estimated on data collected with the described techniques can be used to predict how
demand for new vehicle varies as a function of demographic and economic factors. Pricing impacts are commonly measured
using elasticities, the percentage change in consumption that results from each 1% change in price (Litman, 2013). However,
especially in the context of new vehicle purchases, the full effects of a price change often take many years. In the context of
vehicle ownership, short-term elasticities (usually defined as less than two years) are typically one-third of long-term elas-
ticities (more than 10 years) (Dargay and Gately, 1997). Dargay and Goodwin (1995) argued that the common practice of
using static rather than dynamic elasticity values overestimate welfare losses from increased user prices and congestion
by ignoring consumers’ ability to respond to changes over time.

Espey (1998) found that static models overestimate short-run elasticities, underestimate long-run price elasticities, but
pick up the full long-run income responsiveness. Goodwin (1992) estimated gasoline price elasticity to be �0.27 in the short
run and �0.7 in the long run. He predicted that a 10% vehicle fuel price increase will produce in the short run vehicle travel
declines about 1.5% and fuel consumption reduction about 2.7%, due in part to shifts to more fuel efficient vehicles and in the
long run vehicle travel declines 3–5%, split between reduced car ownership and per-vehicle use. In a review study, Goodwin
et al. (2011) predicted that a 10% real (inflation adjusted) fuel price increase will cause fuel consumption to fall about 2.5%
within a year and 6% over the longer run, vehicle fuel economy to increase about 1.5% within a year and 4% over the longer
run, total vehicle ownership to fall less than 1% in the short run and 2.5% in the longer run. They also predicted that if real
income increases 10%, the number of vehicles, and the total amount of fuel they consume, will both rise by nearly 4% within
about a year, and by over 10% in the longer run.

Several studies (Lave and Train, 1979; Mannering and Mahmassani, 1985; Mannering and Winston, 1985; Tay and
McCarthy, 1991) have estimated disaggregate models of new vehicle demands based upon household level transaction data.
Vehicle price elasticities for particular vehicle types were found to range from �0.51 to �6.13. With reference to new tech-
nology vehicles, Gallagher and Muehlegger (2011) investigated the adoption of HEV in the US from 2000 to 2006 and found
that gasoline prices affect hybrid vehicle adoption decisions. For high fuel economy hybrids, the point-estimate for the cross
price elasticity of demand with respect to retail gasoline price is 0.86. Glerum et al. (2014) calculated individual price on SP
data collected in Switzerland and an aggregate value of �0.92 was obtained; the authors concluded that the demand for elec-
tric vehicles is nearly elastic.

The methodological frameworks described so far are all based on discrete choice modeling theory. However, a number of
studies have proposed hazard duration approach to predict the timing of change in vehicle ownership level (disposing or
acquiring a vehicle) and the transaction event (replacing one of the vehicles) (Yamamoto et al., 1999; Rashidi and
Mohammadian, 2011). In particular, hazard duration models have been applied on panel data collected in France to examine
the effects of the inspection and scrappage program on vehicle transaction timing (Yamamoto et al., 2004). Advanced version
of competing hazard models of vehicle transactions in the literature accounts for the effects of unobserved heterogeneity
(Rashidi and Mohammadian, 2011) and for inter-correlation among multiple transaction types (Rashidi and
Mohammadian, 2016). These models are in general estimated on retrospective panel data and are not capable of modeling
the choice over different vehicle types and across new technology vehicle that are not available in the current market place.
3. Survey design

A stated preference survey approach was adopted to analyze household vehicle preferences in a dynamic environment.
The survey consisted of three parts: (1) current vehicle characteristics, (2) household and respondent characteristics, and (3)
a vehicle purchase stated-choice experiment. The current vehicle characteristics section asked respondents to describe the
vehicle that they most often drove. It was assumed that respondents would know the most about this vehicle. The second
section of the survey asked respondents to describe their self and their household. Section 4 provides details on the charac-
teristics that were obtained. The stated choice experiment section presented respondents with a hypothetical nine-year time
frame where they were exposed to various vehicles and asked to keep their current vehicle or acquire a new vehicle. It was
assumed that respondents would have the greatest input in decision making for their most driven vehicle.

The survey was conducted under a self-interview, web-based format. Table 1 describes the survey methodology
employed.



Table 1
Survey design.

Characteristic Details

Time frame May-June 2014
Target population Maryland households
Sampling frame Households with Internet access in the state of Maryland
Sample design Recruitment panel
Use of interviewer Self-administered
Mode of administration Self-administered via Internet
Computer assistance Computer-assisted, web-based self-interview
Reporting unit One person aged 18 or older per household reports for the entire household
Time dimension Cross-sectional survey with hypothetical longitudinal stated-choice experiment
Frequency One 2-week phase of collecting responses
Levels of observations Household, vehicle, person
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The stated choice experiment places respondents in a hypothetical nine-year future time period starting in 2014. Each
year includes two scenarios with a total of 18 possible scenarios. In each scenario, respondents are shown a table with
the current fuel prices of gasoline and electricity as well as four vehicles – their current vehicle and three new vehicles: a
gasoline, a HEV, and a BEV. Respondents then choose whether to keep their vehicle or purchase another vehicle. If the
respondents keep their current vehicle, they then go to the next scenario with a new set of vehicles – either the second sce-
nario for the current year or the first scenario for the next year. Otherwise, their chosen vehicle becomes their current pri-
mary vehicle and the respondents are accelerated three years into the future. After this acceleration, the respondents are
shown the fuel prices in three years and then asked about their satisfaction with their purchase. Then the respondents
are returned to the scenario progression with the first scenario for this year (i.e. third year after purchase).

An example sequence is shown in Figs. 1–3. The respondent enters in Year 2014. An example scenario is shown for 2015
(Fig. 1) where the respondent’s current vehicle is shown in the left column and new options are shown in the right three
columns. The respondent did not purchase a vehicle in 2015, but in 2016, the individual purchased an electric vehicle.
The respondent is then accelerated to 2019 where the respondent is shown the new fuel prices in 2019 and asked if he
or she is satisfied with his or her purchase (Fig. 2). The respondent did not purchase a vehicle in 2019 or 2020. The respon-
dent is then shown a scenario for 2021 as shown in Fig. 3.
Fig. 1. Example scenario for year 2015.



Fig. 2. Example of time acceleration after a 2016 purchase with satisfaction question.

Fig. 3. Example of scenario in year 2021 after BEV purchase in 2016.
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Respondents were given the following instructions for the stated choice experiment:

� Make realistic decisions. Act as if you were actually buying a vehicle in a real life purchasing situation. Take into account
the situations presented during the scenarios. If you wouldn’t normally consider buying a vehicle, then do not. But if the
situations presented would make you reconsider in real life, then take them into account.
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� Assume that you maintain your current living situation with moderate increases in income from year to year.
� All prices are adjusted for inflation. All dollar amounts are in terms of the value of money in 2014. For example, a vehicle
priced at $20,000 in 2014 should be of similar quality as a vehicle priced at $20,000 in 2022.

� Each scenario is dependent on your previous choices. So if you purchase a vehicle, it will replace your current vehicle in
future scenarios.

The attributes of an alternative depended on the alternative’s vehicle size: small, medium, or large. Vehicles sizes were
determined randomly on each draw and the probability of choosing a size depended on the respondent’s primary vehicle
size. When a respondent’s primary vehicle was small:

� A gasoline and hybrid vehicle alternative had a 3/7 chance of being small, 3/7 chance of being medium, and a 1/7 chance
of being large.

� An electric vehicle alternative had a 1/2 chance of being small and a 1/2 chance of being medium.

When a respondent’s primary vehicle was medium:

� A gasoline and hybrid vehicle alternative had a 1/4 chance of being small, 1/2 chance of being medium, and a 1/4 chance
of being large.

� An electric vehicle alternative had a 1/2 chance of being small and a 1/2 chance of being medium.

When a respondent’s primary vehicle was large:

� A gasoline and hybrid vehicle alternative had a 1/7 chance of being small, 3/7 chance of being medium, and a 3/7 chance
of being large.

� An electric vehicle alternative had a 1/3 chance of being small and a 2/3 chance of being medium.

Attribute levels were set for the base year as shown in Table 2. The refueling range and the fuel economy of new vehicles
change over time to mimic a dynamic marketplace. Each attribute level changes depending on the vehicle type and size. The
fuel economy of gasoline and hybrid vehicles increases annually by 2 mpg for small and medium size vehicles and by 1 mpg
for large vehicles. For the electric vehicle, the fuel economy increases annually by 3 mpg and refueling range increases annu-
ally by 5 miles.

The experimental design was generated using the support. CE package in R (Aizaki, 2012). The design was for a three
alternative, three attribute experiment with four levels per attribute. In the design setup, the attribute levels were used
as placeholders that would be filled in by the corresponding year and vehicle size attribute levels chosen for a particular
scenario. For example, a label for the third mpg attribute level would result in a shown attribute level corresponding to
the third attribute for an alternative of a given size (e.g. using Table 2, for year 2014 and size large, the hybrid mpg shown
in a scenario would be 45). This resulted in 32 scenarios being generated which were broken up into two blocks of size 16.
Each respondent was given one of these scenario blocks (with equal probability) and then this list was increased to 18
scenarios but randomly selecting two scenarios to repeat. This list was then permutated to obtain an experimental design
for the respondent.
Table 2
Vehicle attribute levels by type and size for base year 2014.

Attribute Small size vehicle Medium size vehicle Large size vehicle

GasV HEV BEV GasV HEV BEV GasV HEV BEV

Price ($) 13,000 18,000 18,000 18,000 20,000 20,000 28,000 28,000 –
16,000 21,000 21,000 22,000 24,000 24,000 35,000 35,000 –
20,000 24,000 24,000 26,000 28,000 28,000 43,000 43,000 –
25,000 28,000 28,000 30,000 32,000 32,000 50,000 50,000 –

Fuel Economy (mpg or mpge) 24 40 100 20 35 80 14 20 –
28 44 110 24 40 90 18 23 –
33 48 120 28 45 100 22 27 –
38 52 130 32 50 110 26 30 –

Range (mi) – – 60 – – 60 – – –
– – 70 – – 75 – – –
– – 85 – – 90 – – –
– – 100 – – 110 – – –

Note: GasV = gasoline vehicle, HEV = hybrid electric vehicle, BEV = battery electric vehicle, mpg = miles per gallon, mpge = miles per gallon equivalent –
denotes that this attribute was not used for this vehicle type and size.
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The price sequence for gasoline and electricity was created using a random walk dependent on the previous year price
and a random draw. The random draws were generated using a modified Irwin-Hall distribution centered at zero and rang-
ing between �1 and +1. The draws were generated by:

(1) Summing eight independent uniform draws between 0 and 1.
(2) Dividing this sum by 4.
(3) Subtracting this quantity by 1.

This was done to ensure that the random shock was bounded and to provide draws that were approximately normally
distributed. For the initial year of 2014, a price was randomly chosen (in increments of $0.25) between $3 and $4.25 for a
gallon of gasoline and between $4.00 and $5.25 for an energy-equivalent amount of electricity. For each year that followed,
the new gasoline and electricity prices were generated as follows:
pgas
t ¼ pgas

t�1 þ 0:3þ 1:1 � ggas
t

pelec
t ¼ pelec

t�1 þ 0:2þ 0:5 � gelec
t

where
pgas
t ; pelec

t = the fuel price in year t for gasoline and electricity respectively.
ggas
t ;gelec

t = the fuel price shock in year t for gasoline and electricity respectively as generated through the modified
Irwin-Hall distribution described above.

Gasoline prices were assumed to be less stable than electricity prices due to Maryland state regulations in the electricity
market. Although these randomwalks induce both gasoline price and electricity price to have an expected increase annually,
gasoline prices are more likely to experience a possible annual decline as compared to electricity prices. This is also intended
to mimic the instability of the gasoline market.

4. Sample characteristics and vehicle preferences over time

The dataset collected from the web-based survey described in Section 3 contains 3598 observations of vehicle purchasing
decisions from 456 households resident in Maryland, US. Tables 3 and 4 show descriptive statistics of the collected data, and
the comparison between the sample and the population in Maryland. Table 3 presents household socio-demographic vari-
ables such as gender, age, education level, income, work status, drive to work or not, commuting distance, and home type.
The sampling method enforces a nearly even split between male and female respondents. The average education level of
households in the sample is higher than that in the population. In addition, the average number of adults and workers within
households are slightly higher compared with the population. The percentage of respondents who drive to work is slightly
lower than in the population. The percentage of households with extremely high income ($250,000 or more) is lower than in
the population. Although there are distinctions, the patterns of household information between the sample and the popu-
lation are quite similar, which suggests that the data collected from the survey can be representative of the population in
Maryland.

Considering that the household current vehicle characteristics will affect its vehicle purchasing decisions, Table 4 sum-
marizes related data descriptions. Compared with the population, the share of hybrid vehicles in the sample is slightly
higher. Thus, the average fuel economy (miles per gallon, MPG) is higher than expected. Half of the vehicles are of medium
size and the average number of vehicles within households is lower in the sample. The sample underestimates the shares of
households in two extreme statuses – without vehicle and with three or more vehicles. Additionally, the sample has more
vehicles that are less than three years old.

Besides the information on households’ socio-demographics and vehicle characteristics, the sequence of households’ deci-
sions to purchase a new vehicle over time provides essential evidence to capture households’ preference on switching to
greener vehicle types. According to the survey design, if respondents make a purchase, they will directly jump to the first
scenario three years later. Thus, the maximum number of purchases made by respondents over a nine-year period is three.
From Fig. 4, we can observe that over the nine-year period with a total of 18 scenarios, around 11% (50) of households always
retain their current vehicle, while the share (number) of households making one, two, or three purchases is around 14% (64),
24% (108), or 51% (234), respectively.

More specifically, in each scenario, households who make a purchase within the previous three years will be out-of-
market. Only households in the market have an opportunity to decide either to retain their current car or to buy a new
car. To better understand the dynamic nature of households’ vehicle type choices, Fig. 5 reports the shares of households
who are in the market, retain their current car, buy a gasoline car, buy a hybrid car, and buy an electric car over the 18
scenarios. In Fig. 5, the share of households in the market has a periodic pattern every six scenarios, starting from the first
scenario. This can be explained by the assumption of the survey design that once households make a purchase, they will be
out-of-market for three years (six scenarios). For example, a large percentage of households makes a purchase at scenario 1,
forced to be out-of-market from scenario 2 to 6, then comes back at scenario 7.



Table 3
Households’ information.

Attributes Category Sample
share

Population
share

Attributes Statistics Sample
value

Population
value

*Gender Male 49.9% 48.4% Commute distance, daily
miles traveled

Min. 0 0
Female 50.1% 51.6% Max. 120 120

*Age 0–17 years old 0.2% 0.0% Mean 23.96 32.40
18–24 years old 10.0% 12.7% Median 20 26
25–34 years old 22.2% 17.2% S.D. 19.39 25.86
35–44 years old 14.5% 18.0% Num. of adults Min. 1 1
45–54 years old 20.3% 20.2% Max. 5 5
> = 55 years old 32.8% 31.9% Mean 2.08 1.87

*Education
Level

Less than High School 1.3% 11.78% Median 2 2
High School Diploma or GED 17.7% 26.46% S.D. 0.88 0.68
Some College 23.5% 21.07% Num. of workers Min. 0 0
Associate Degree 11.7% 7.26% Max. 5 4
Bachelor Degree 25.5% 19.10% Mean 1.54 1.21
Graduate or Professional 20.3% 14.33% Median 1 1

Work status Working Full Time 50.5% 51.6% S.D. 0.93 0.86
Working Part Time 13.2% 4.2% Home parking Personal

Garage
23% –

Looking for Work 7.3% 2.5% Personal
Driveway

40.8% –

Homemaker 8.9% 9.5% On-Street 16.5% –
Going to School 2.6% 3.4% Outdoor

Parking Lot
15.0% –

Retired 13.8% 24.6% Parking
Garage

3.7% –

Other 3.7% 4.2% Other 1.1% –
*Household

income
$0 to $24,999 11.3% 15.2% Household head Yes 78.1% –
$25,000 to $49,999 24.0% 18.5% No 21.9% –
$50,000 to $74,999 24.6% 17.5% Driver’s license Yes 95.2% –
$75,000 to $99,999 15.5% 13.7% No 4.8% –
$100,000 to $149,000 16.3% 18.2% *Drive to commute Drive to work 84.7% 83.6%
$150,000 to $249,999 6.8% 8.6% Drive to

transit
5.5% 8.8%

$250,000 or more 1.5% 8.3% Not Drive 9.8% 7.6%
*Home type College Dorm 0.6% 24.2%

Apartment 14.0%
Condominium 4.3%
Townhouse 15.8% 20.8%
Rowhouse 3.9%
Single-family Home/Detached/
Separated House

59.8% 53.5%

Other 1.5% 1.5%

Note: Attributes that start with ‘‘*” are compared with American Fact Finder, and other attributes are compared with 2009 National Household Travel Survey
(NHTS) data.

Table 4
Household current vehicle characteristics.

Attributes Category Sample share Population share Attributes Statistics Sample value Population value

Hybrid Yes 6.3% 3.4% *Num. of Vehicles No vehicle 0% 4.5%
No 93.7% 96.6% 1 vehicle 42.5% 21.3%

Vehicle size Small/Compact 25.5% – 2 vehicles 41.7% 41.0%
Mid-Size 51.7% – 3 vehicles 12.3% 33.3%
Large 22.7% – 4 or more 3.5%

Vehicle MPG Min. 12 6.4 Vehicle price dollar Min. 500 –
Max. 57 57.2 Max. 140,000 –
Mean 26.63 21.79 Mean 20,034 –
Median 26 20.8 Median 20,000 –
S.D. 7.96 7.82 S.D. 12,266 –

Model year Min. 1984 1974 Model year 2011–2014 27.4% 18.4%
Max. 2014 2009 2008–2010 22.9% 26.7%
Mean 2007 2001 2004–2007 25.8% 29.3%
Median 2008 2002 Before 2004 23.8% 25.6%
S.D. 5.16 5.88

Note: Attributes that start with ‘‘*” are compared with American Fact Finder, and other attributes are compared with 2009 National Household Travel Survey
(NHTS) data.
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Fig. 4. Number of purchasing episodes per household.

Fig. 5. Household in the market and vehicle types choices over 18 scenarios.
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In practice, it’s also important for policy makers and automobile producers to identify the potential purchasing group of
different vehicle types, especially greener vehicles. Fig. 6 compares households’ time-dependent vehicle type choices
between different groups of households. These groups include households: (1) with male household head (male HH head),
Fig. 6. Time-dependent vehicle type choices by socio-demographic indicators (gender, age, income).



Fig. 6 (continued)
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(2) with household head younger than 35 years old (young HH head), and (3) with annual income over $75,000 (high
income). They are compared with the vehicle type choices of the entire sample (baseline). Observing Fig. 6(A)–(D), it’s obvi-
ous that the group with young household head tends to purchase new cars and has a much high preference of electric ones.
The group with male household head tends to purchase new cars only during the first six scenarios and has a moderately
high preference on electric cars. For these two groups of households, the choice patterns on gasoline and hybrid cars are
quite similar to those of the entire sample. In terms of the high-income group, households would like to purchase new cars
as well, but they have a higher preference of gasoline and hybrid cars and are less likely to switch to electric cars. Besides,
other socio-demographic variables are also investigated including education level. Compared with the baseline, fewer differ-
ences in vehicle type choices are observed for these variables.
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5. Model structure and estimation results

Discrete choice models are used to estimate households’ vehicle preferences over the nine year time horizon and across
the four alternatives presented to each respondent: keep the current vehicle, buy a new gasoline vehicle, buy a new HEV, and
buy a new BEV. Besides MNL models, we adopted MMNL models with panel effect in order to account for random taste
heterogeneity in model coefficients, correlation across alternatives, and state dependency due to repeated measurements
over time. The general utility function of the MMNL model is formulated as follows:
Unjt ¼ bXnjt þ lZnj þ enjt ð1Þ
where
Unjt represents the utility of individual n choosing alternative j at time t;
b is a vector of fixed ðb0Þ and random coefficients ðbnÞ corresponding to a sequence of attributes Xnjt ,
l is a vector of normally distributed random terms with zero mean,
Znj are error components that specify the correlation pattern,
and enjt is a vector of error terms that are i.i.d. type 1 extreme value over different households, alternatives, and time
periods.

The random coefficients vary over the decision makers in the population with density f ðbÞ (Train, 2009), where the
parameters of the density depends on the specification of the random distributions adopted by the analyst.

In order to account for the panel nature of the dataset the likelihood that household n makes a sequence of choices over
time is the product of logit formulas:
LnjðbÞ ¼
YTn
t¼1

expðbXnjt þ lZnjÞX
i2C

expðbXnit þ lZnjÞ
ð2Þ
where C is the choice set including all alternatives; Tn is the number of time periods for household n. The unconditional prob-
ability that household n choosing alternative j (Pnj) is the integral of the product of logit probabilities over all values of b:
Pnj ¼
Z YTn

t¼1

expðbXnjt þ lZnjÞX
i2C

expðbXnit þ lZnjÞ

2
664

3
775f ðbÞdb ð3Þ
The dimension of the integrals equals the number of random coefficients and error components in the model
specification.

We propose four specifications to model vehicle type preferences; results are presented in Table 5. The attributes that are
considered to explain household decisions are essentially socio-demographic and vehicle characteristics. Model 1 is a MNL
model with vehicle characteristics only, while in Model 2 we add to the previous specification socio-demographic charac-
teristics. Model 3 is a MMNL model that includes an error component common to the new vehicle alternatives and that
accounts for panel effect. The MMNL in the last column (Model 4) also estimates random coefficients for the economy of
the vehicle; these coefficients are specific to the gasoline and electric vehicle alternatives respectively and are both assumed
to be log-normally distributed. A log-normal distribution is applied because these response coefficients are expected to be
positive. Both MMNL models account for panel effect, the random coefficients being constant over choices made by the same
respondent.

For consistency, all four models are estimated on the same sample and assume ‘‘buying a gasoline vehicle” as the base
alternative.

The coefficients of vehicle purchase price are negative and significant as expected. The absolute value of the price coef-
ficient for the current vehicle is the lowest, followed by that of the new gasoline vehicle, and by those for new HEV and BEV,
that are the highest. This pattern indicates that households are more sensitive to the purchase price of HEV and BEV, possibly
because these vehicles are more expensive and their technology not fully known to the respondents. Besides, the dummy
variables for the short-run purchase prices are only significant for the gasoline vehicle alternative in the MNL models, sug-
gesting that: (1) no significant difference is observed between short-run and long-run purchase prices for HEV and BEV and
(2) the random disturbances in the more flexible MMNL models may wipe out the distinction between how households
value their vehicles in a short and long run.

The coefficients for vehicle size of both gasoline-powered vehicle and electricity-powered vehicle have positive sign as
households prefer larger vehicles. In addition, households care more about the size of BEV than gasoline vehicle or HEV.
The recharging range of BEV is positive as expected since a greater range allows for longer trips. Lower estimated values
of recharging range are obtained from the MNL models, suggesting that the MNL models more conservatively predict
how households value the recharging range. The change in the value of recharging range coefficients between MNL and
MMNL models is consistent with Maness and Cirillo (2012) and Bhat (2000).



Table 5
Vehicle type preference estimation results.

Variables [units] Utility Multinomial logit Mixed logit
(error
component)

Mixed logit
(error
component
and random
coefficients)

Current Gasoline Hybrid Electric Model 1
Coefficient
(t-stat)

Model 2
Coefficient
(t-stat)

Model 3
Coefficient
(t-stat)

Model 4
Coefficient
(t-stat)

Alternative specific constant
(Current)

� 0.909 (1.9) 1.180 (2.2) 0.648 (0.9)* 0.785 (1.0)*

Alternative specific constant
(Hybrid)

� 1.170 (3.8) 0.976 (3.1) 0.950 (2.7) 0.613 (1.7)

Alternative specific constant
(Electric)

� �0.983 (�0.8)* �1.230 (�1.0)* �3.350
(�2.6)

�3.290 (�2.2)

Young (Electric) � – 1.240 (5.5) 1.200 (4.9) 1.330 (4.7)
Young (Hybrid) � – 0.353 (2.2) 0.302 (1.6)* 0.397(2.0)
Education female (Hybrid) � – 0.215 (1.3)* 0.328 (1.8) 0.366 (1.8)
Education male (Electric) � – 0.476 (2.0) 0.471 (1.9) 0.686 (2.1)
Number of workers � – �0.354 (�4.3) �0.619

(�4.0)
�0.677 (�4.1)

Number of vehicles � – 0.180 (2.1) 0.346 (2.2) 0.380 (2.2)
Electricity price [$] � �0.291 (�1.3)* �0.424 (�1.8) �0.263

(�1.1)*
�0.316 (�1.1)*

Gas price [$] � � �0.124 (�1.3)* �0.134 (�1.4)* �0.216
(�1.9)

�0.187 (�1.5)*

Fuel economy know (mean)
[100 MPG]

� � � 0.346 (0.9)* 0.522 (1.4)* 2.120 (3.9) 0.151 (0.3)*,^

Fuel economy know (s.d.)
[100 MPG]

� � � – – – 1.820 (4.7)^

Fuel economy unknown
[100 MPG]

� � � �0.690 (5.5) �0.729 (�5.9) 0.092 (0.5)* 0.223 (1.2)*

Ele economy know (mean)
[100MPGE]

� 1.110 (1.7) 1.540 (2.3) 2.50 (3.5) 0.642 (1.4)*,^

Ele economy know (s.d.)
[100MPGE]

� – – – 0.521 (2.1)^

Ele economy unknow [100MPGE] � 1.260 (2.0) 1.37 (2.1) 1.980 (2.8) 2.140 (2.8)
Vehicle size � � 0.068 (0.8)* 0.079 (1.0)* 0.167 (1.9) 0.227 (2.4)
Electric vehicle size � 0.541 (2.4) 0.634 (2.8) 0.659 (2.9) 0.663 (2.6)
Recharging Range [100 miles] � 0.181 (0.5)* 0.206 (0.5)* 0.682 (1.6)* 0.838 (1.7)
Current vehicle price [$10,000] � �0.213 (�2.1) �0.200 (�2.1) �0.209

(�2.0)
�0.215 (�2.1)

Gasoline vehicle price [$10,000] � �0.388 (�4.7) �0.391 (�4.7) �0.345
(�3.7)

�0.386 (�4.0)

Hybrid vehicle price [$10,000] � �0.700 (�6.3) �0.692 (�6.3) �0.701
(�5.6)

�0.675 (�5.2)

Electric vehicle price [$10,000] � �0.628 (�3.1) �0.685 (�3.4) �0.666
(�3.0)

�0.750 (�3.1)

Dummy short run gasoline vehicle
price

� 0.138 (2.7) 0.138 (2.7) �0.025
(�0.4)*

�0.057 (�0.8)*

Dummy short run hybrid vehicle
price

� 0.069 (1.4)* 0.070 (1.4)* �0.080
(�1.3)*

�0.109 (�1.6)*

Error component – buy a new
vehicle

� � � – – 2.440 (15.6) 2.570 (15.1)

Number of estimated parameters 18 24 25 27
Number of observations/

individuals
3598/456 3598/456 3598/456 3598/456

Null log-likelihood �4987.887 �4987.887 �4987.887 �4987.887
Final log-likelihood �2968.202 �2899.109 �2562.654 �2523.349
Rho-square 0.405 0.419 0.486 0.494
Adjusted Rho-square 0.401 0.414 0.481 0.489

* The coefficient is not significant at significant level of 0.1.
^ means the coefficient is log-normally distributed by assumption.
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For fuel economy measured by MPG (or MPGE for BEV), households are split into two groups based on their knowledge of
current vehicle fuel economy. For households who know their vehicle MPG (or MPGE), the coefficients are positive as
expected. For households choosing BEV, the coefficients of fuel economy are similar between households who know and
do not know the fuel economy of their current vehicles. However, for households choosing gasoline-powered vehicles, fuel
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economy has little influence for households without knowledge of their current vehicle fuel economy. Additionally, lower
estimation values are observed from the MNL model, suggesting that the MNL models are unable to capture household pref-
erences for fuel economy. When fuel economy is treated as a log-normally distributed random variable in Model 4, the esti-
mated mean is insignificant while the estimated standard deviation is significant, which may be attributed to a wide
variation in preferences for fuel economy.

The coefficients of fuel price, including electricity price and gasoline price, are negative; increases in electricity and gaso-
line prices lead to decreases of households’ preferences for electricity-powered and gasoline-powered vehicles respectively.
The absolute values of the parameters for electricity price are higher than those of gasoline price, thus indicating that fuel
price has a greater impact on the purchase of electricity-powered vehicles.

In Models 2, 3 and 4, coefficients of all household socio-demographic variables have reasonable signs, and the estimation
results between the MNL and the MMNL models are consistent. Results show that young people prefer green vehicles with
new technology, especially BEV. Women with a high education level (bachelor degree or higher) have a greater preference
for HEV, while men with a high education level are more likely to choose BEV. Additionally, households with more workers
or with fewer vehicles prefer to choose a new vehicle rather than to keep their current one.
6. Elasticity and willingness to pay (WTP)

Understanding how prices and other factors affect travel behavior is critical for transportation planning and for trans-
portation demand management, including pricing reforms and pollution reduction (Litman, 2013). Transportation analysts
measure responses to policies by elasticities, which is the percentage change in choice probabilities associated with one-
percent change in the variable of interest. Direct elasticity is the change in the choice probability of choosing a particular
alternative with respect to an observed variable of the utility of the same alternative; indirect or cross elasticity refers to
the change in the choice probability when an observed variable relating to another alternative changes (Train, 2009).

In this Section, we use model estimations to calculate direct and indirect elasticities to vehicle price and to fuel price. In
other terms, we want to understand how vehicle purchasing behavior changes when vehicle price or energy price increases.
We present short-term and long-term elasticities; the first are calculated over a period of five years and the latter over the
nine year time horizon for which observations were collected in our sample.

In MNL models direct and cross elasticities are given in equations (4) and (5) respectively.
Table 6
Market

Mark

Vehi
Eixni ¼ @Pni

@xni

xni
Pni

¼ @Vni

@xni
xnið1� PniÞ ð4Þ

Eixnj ¼ @Pni

@xnj

xnj
Pni

¼ @Vni

@xnj
xnjPnj ð5Þ
Elasticities for the mixed logit model are calculated following Train, 2009.
Enixmnj ¼ � xmnj
Pni

Z
bmLniðbÞLnjðbÞf ðbÞdb ð6Þ
where
bm is the element of the vector of coefficients for which we calculate the elasticity (i.e. vehicle price and fuel price);
L are the logit probabilities;
P are the mixed logit probabilities.

Simulations are necessary to approximate the integral (6) associated to the elasticity calculations; in this study we use
1000 draws from the random distributed coefficients bm for which we calculate the elasticity.

Short run elasticities, that refer to the time period 2015–2018 are obtained by adding the coefficients relative to the short
run dummy variable for gasoline and hybrid vehicle price to the corresponding coefficient for vehicle price.

Table 6 presents market elasticity with respect to vehicle price, which measures a change in the market share of gasoline,
hybrid, or electric vehicles in response to a one-percent change in the purchase price of the corresponding vehicle. For exam-
ple, the values for ‘‘Model 1” in Table 6 suggest that (1) over the long-run and short-run one-percent increase in the purchase
price of a new gasoline vehicle will decrease the market share of gasoline vehicles by 0.94% and 0.60%, respectively; (2) in the
elasticity with respect to vehicle price.

et elasticity Model 1 Model 2 Model 3 Model 4

cle price GasV (long-run) �0.94 �0.95 �0.69 �0.73
GasV (short-run) �0.60 �0.60 – –
HEV �1.79 �1.77 �1.44 �1.46
BEV �1.46 �1.60 �1.43 �1.32
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long run one-percent increase in the purchase price of a new HEV or BEV is expected to reduce the market share of the cor-
responding vehicle by 1.79% or 1.46%, respectively; (3) for HEV and BEV, results show little difference of vehicle own price
elasticities between the long-run and the short-run; and (4) Results from the MNL models suggest that the long-run market
elasticity for gasoline vehicle is greater than the short-run elasticity by a factor of 1.5, as households are reluctant to switch
their preferred vehicle in shorter time periods.

We can observe that elasticities to the market price are �0.60 in the short run and in the range of �0.7 to �0.95 in the
long run for gasoline vehicle; �1.45 to �1.8 for hybrid electric vehicles; and �1.32 to �1.60 for battery electric vehicles. The
value calculated indicate that gasoline vehicles are price inelastic while hybrid electric and battery electric vehicles are price
elastic. The results obtained for gasoline vehicle are consistent with results estimated by Lave and Train (1979), Levinsohn
(1988) and McCarthy (1996). However, these studies are quite dated and do not provide elasticities for advanced technology
vehicles. By comparing Models 1–2 and Models 3–4, we can also observe that MMNL models estimate more moderate mar-
ket elasticities with respect to vehicle purchasing price.

Similarly, Table 7 reports market cross-elasticity with respect to vehicle price. This type of elasticity measures how one-
percent increase in the purchase price of one type of vehicle affects the market share of other types of vehicles. The market
cross-elasticities for different vehicle types are identical in Models 1–3 because of the independence of irrelevant alternative
(IIA) property holds for the ‘‘buying group”. The MNL models (Model 1–2) generally underestimate market cross-elasticities,
while the MMNLmodels (Model 3–4) provide cross-elasticities that are in the range 0.20–0.60. Market cross-elasticities esti-
mated with Model 4 indicate that increasing the purchase price of gasoline vehicle will induce more households to turn to
HEVs rather than BEVs. Similarly, increasing the purchase price of HEV will induce more households to choose gasoline vehi-
cles rather than BEVs.

Vehicle market elasticities with respect to fuel price are reported in Table 8. This type of elasticity measures how one-
percent increase in gasoline price or electricity price affects the market share of either gasoline-powered or electricity-
powered vehicle. When comparing results from the four models, the estimated elasticities from the MMNL models are sim-
ilar or higher than the values obtained with MNL. In Model 3, one-percent increase in gasoline price produces respectively
0.58% and 0.54% decrease in the market shares of gasoline vehicle and HEV, while the market share of BEV will increase by
0.21%. On the other hand, increasing electricity price by one-percent will decrease by 1.14% the market share of BEV, while
the market shares of gasoline-powered vehicles will increase by 0.17% only. Results show that the market elasticities with
respect to the electricity price are much greater than those calculated with respect to gasoline price, which indicates that
households are more sensitive to electricity price when buying BEVs. Overall, compared with the literature (Johansson
and Schipper, 1997, p. 209; Goodwin, 1992; Goodwin et al., 2011), our results provide higher estimations of the market elas-
ticity with respect to fuel price. These results may be due to different travel patterns, car ownership, vehicle fees, and fuel
prices in our geographical area (Maryland) (Giuliano and Dargay, 2006; Litman, 2013).

Further analysis presents households’ valuation of vehicle attributes such as fuel economy, range, and size. Table 9 sum-
marizes the willingness to pay (WTP) values estimated; in general, it can be observed that MNL models underestimate the
WTP for vehicle fuel economy and size. Model 3 shows that WTP to increase one MPG (or MPGE) for gasoline, hybrid electric,
and battery electric vehicles are $614, $302, and $375, respectively. These results indicate that households are willing to pay
more to increase the fuel economy of gasoline vehicles as they are in general less fuel-efficient. Additionally, results show
that the WTP to increase vehicle size by one level for gasoline, hybrid electric, and battery electric vehicles are $4841,
$2382, and $9895, respectively. The WTP to increase the size of electric vehicle is the highest, as probably the main concern
of potential buyers of electric vehicles is about the small size of this type of vehicle in the current market. The WTP to
increase one mile in the recharging range of battery electric vehicles is between $102 and $113 as predicted by the MMNL
model; it should be noted that this variable was not significant in the MNL models.

Our results provide important implications for the understanding of vehicle preferences and for the definition of willing-
ness to pay for different vehicle characteristics. These can be summarized as follows: (1) the market share of advanced vehi-
cle technology (hybrid and electric vehicle) is affected by their market price; (2) the propensity to buy a new vehicle depends
on fuel price; (3) the willing to pay to increase the fuel economy of gasoline vehicles is double with respect to the willingness
to pay to increase the efficiency of hybrid and electric vehicles; (4) perspective buyers are concerned about the size of electric
vehicle and the willingness to pay to increase their size is relatively high.

From a policy perspective, moderate prices for the new technology vehicles or economic incentives will accelerate their
diffusion in the market place. Low prices for fuel and electricity will tend to decrease the interest in new and more efficient
Table 7
Market cross-elasticity with respect to vehicle price.

Market cross elasticity Model 1 Model 2 Model 3 Model 4

Vehicle Price GasV Price HEV 0.09 0.09 0.23 0.27
BEV 0.09 0.09 0.23 0.20

HEV Price GasV 0.22 0.22 0.57 0.47
BEV 0.22 0.22 0.57 0.38

BEV Price GasV 0.07 0.08 0.20 0.25
HEV 0.07 0.08 0.20 0.25



Table 8
Market elasticity with respect to fuel price.

Market elasticity Model 1 Model 2 Model 3 Model 4

Gasoline price GasV �0.49 �0.53 �0.58 �0.58
HEV �0.48 �0.51 �0.54 �0.60
BEV 0.05 0.06 0.21 0.19

Electricity price GasV 0.07 0.11 0.17 0.22
HEV 0.07 0.11 0.17 0.22
BEV �1.38 �2.01 �1.14 �1.12

Table 9
Willingness to Pay for vehicle fuel economy, range, and size.

Attributes Vehicle type Model 1 Model 2 Model 3 Model 4

Fuel Economy (dollars to increase 1 mpg) GasV 89 134 614 –
HEV 49 75 302 –
BEV 177 225 375 253

Range (dollars) BEV – – 102 112

Size (dollars to increase one size level) GasV 1753 2020 4841 5881
HEV 971 1142 2382 3363
BEV 8615 9255 9895 8840
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vehicles. Finally, vehicle size is a very important factor for the US market; potential buyers are willing to pay a high price in
order to own larger electric vehicles.
7. Conclusions

Advanced technology vehicles have the potential to cut transportation emissions, reduce the dependence on oil, and save
money to drivers. Also, technological innovation is a major driving force in the automotive industry and related sectors. In
recent years, automakers have introduced several innovations in their products and adopted innovative technologies to
achieve CO2 emissions, fuel economy, and performance goals (EPA, 2016). More advances are expected in the short and long
run, and customers will be confronted to the choice of buying more efficient and less polluting vehicles.

In order to develop products that meet the consumers’ demand and to formulate green policies it is necessary to under-
stand preferences over vehicles characteristics and the willingness to adopt and pay for a new generation of vehicles. It is
also important to be able to predict when adoption will happen and understand under which circumstances the consumers
are more likely to replace their current vehicle.

Although the transportation literature offers several studies for vehicle ownership, vehicle transaction, vehicle use and
vehicle type choice, data for intertemporal choices over new technology vehicles are not available, especially for the US
market.

Thus, this paper proposes a stated preference survey that places respondents in a hypothetical nine-year future time per-
iod, with car characteristic variables changing over time to mimic a dynamic vehicle market. The dataset collected is used to
model individuals’ preferences, elasticity values, and willingness to pay for different vehicle characteristics.

The analysis of the stated choices show that respondents are able to consider trade-offs between vehicles with different
technologies and alternative fuels over an extended time horizon. Additionally, the collected sample has characteristics sim-
ilar to the population in Maryland, where it was collected, and although it cannot be considered representative of the pop-
ulation, it provides insights about the future of vehicle type choices in that State.

Model results attest that consumers prefer newer vehicles with larger size, higher fuel economy, lower purchasing price,
and lower fuel price. Compared with conventional gasoline vehicles, households are more sensitive to the prices of HEV and
BEV. Additionally, young people are more likely to buy vehicles with new technologies, especially BEV.

The elasticities calculated indicate that gasoline vehicles are price inelastic while HEV and BEV are price elastic. The MNL
models show a significant distinction between short-run and long-run market elasticities for conventional gasoline vehicles.
Specifically, the long-run market elasticity for gasoline vehicles is greater than the short-run elasticity by a factor of 1.5,
which indicates that consumers are reluctant to switch their preferred vehicle in shorter time periods. Additionally, the mar-
ket elasticities with respect to electricity price are much higher than those calculated for gasoline price, which indicates that
potential buyers of electricity-powered vehicles are more sensitive to the energy price.

Concerning the willingness to pay for increased vehicle efficiency, our model estimates that an increase of one MPG (or
MPGE) are valued $614, $302, and $375 for gasoline, hybrid electric, and battery electric vehicles respectively. Vehicle size is
an important factor when considering a new vehicle and it was found that in order to increase by one level the size of a bat-
tery electric vehicle consumers are willing to pay up to $9895; lower values are estimated for new gasoline ($4841) and for
hybrid electric vehicles ($2382). The WTP to increase the range by one mile is in the order of $110.
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It is possible to conclude that the proposed survey methodology is able to capture intertemporal choices and that models
calibrated on time dependent observations deliver results that are consistent with general economic expectations. The paper
also provides valuable information to agencies and policy makers that are working to make transportation greener.

Future research should be directed towards the understanding of consumer behavior over time. Using the data presented
in this paper it is possible to develop models that account for current vehicle characteristics, future consumers’ expectations
and for variables changing dynamically over time. Further analysis should also include land use variables and consider the
change of the course of life on vehicle ownership and use.
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