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CHAPTER 1

INTRODUCTION

1.1 Motivation

Improving air qudity haslong been abig concern for society. The origind Clean Air
Act* was signed by president Nixon in 1970 in accordance to national clamor for
environmentd heding. In 1990, president Bush sgned the Clean Air bill which made
ggnificant revisonsto the origind Clean Air Act. The Clean Air Act Amendments of 1990
edtablishes tighter pollution standards for emissons from automobiles and trucks. The new
law aso dlows dricter emission limits for vehicles in Cdiforniawhich can be met with any
combination of vehicle technology and cleaner fuds. Asareault, in the 1990s, Cdifornia
passed a law which mandates the introduction and sde of low-emisson vehicles(e.g. natura
gas vehicles) and zero-emission vehiclese.g. dectric vehicles). According to the levels set
by Cdifornia Air Resources Board, 10% of dl vehicles sold in California must be electric
vehicles by year 2003. Moreover, other states are actudly consdering following Cdifornia's

lead and adopting smilar policies and incentive programs.

Since Cdliforniaaccounts for 12 percent of U.S. new vehicle market dready (according
to Ren(1995)), vehicle manufacturers have an incentive to not only meet the dat€' semission

mandate but a0 to take lead in the race of entering the niche market of dternative-fud

! The Clean Air Act was enacted to protect and enhance the quality of the nation’s air resources, to
prevent and control air pollution, and to provide technical and financial assistance to state and local
governments to devel op pollution control program.



vehices AFV). Lage auto manufacturers have made huge investment in developing dl kinds
of new technologies to reduce vehicle emisson while a the same time trying to improve ARV
performance relative to that of conventiond gasoline vehicles. Auto maker DamlerChryder,
has recently disclosed a new fued-cdl zero emission technology. This announcement brings
more public awareness of the relative performance of AFVs and the prospect of mass
production and future availability of AFVs. Auto makers who are designing and marketing
AFVs, fud supplierswho are preparing the necessary infrastructure, and state and federd
government agencies who are making the policy decisions are eager to know about future
market demand for AFVs. Therefore, forecasting dternative-fud vehicle demand becomes
very important for the decison making of both California and the other states, the

Environmenta Protection Agency (EPA) , the car manufacturers, and the fudl suppliers.

1.2 Problems Faced and | ssues Addressed

However, Snce mog dternative-fue vehicles have not been commercidly avalablein the
market and their attributes are very different from those of conventiond gasoline
vehicleg(such as reduced range and limited refuding options etc.), specid Stated
preference(SP) experiments” have been designed to dlicit households preferences toward
certain attributes of hypothetica future aternative-fuel vehicles (AFVS). (See Bunch et.

a.(1992).)

“Stated preferenceis amethod used to elicit respondents’ preferences for changesin alternatives
attributes or for new alternative(s) by having them choose among hypothetical alternatives.



Previous work by Brownstone, Bunch, and Train(1999) shows that there are serious
biases in these stated preference data. Therefore, this study seeks to use both the revealed
preference(RP)® and the stated preference datain the demand mode estimation. It is
advantageous to combine the SP and RP information since they have complementary
characterigtics. Stated preference datais necessary for obtaining dternative-fud vehide
attribute choices that are not available in the market; reveded preference information can be

used to correct the possible biases associated with these SP data.

In the short run, households face the decision of whether to make vehicle transactions
and what type of vehiclesto purchese. Therefore, in order to come up with better short-run
demand forecadts, | apply a dynamic vehicle transaction choice modd using both the pure
SP data and the joint RP and SP data. The model is dynamic in the sensethat it is
conditiona on households vehicle holdings and it incorporates households' vehicle type

choices aswdll as households transaction

choice®. In contrast, the modds in former studies such as Brownstone, Bunch and Train

(1999) can be viewed as “gatic’, long run vehicle demand modd s because they smply look

®Revealed preferenceis respondents’ actual observed choices among different existing alternatives.
“Vehicle type choices refer to households’ preferences for vehiclesin certain classes instead of detailed
makes/models. Vehicle classes are determined by vehicle body type, high/low price tier, domest/import
attribute, and vehicle vintage. Household transaction choices refer to households’ choicesfor vehicle
replacement, vehicle addition, or doing nothing etc..



a households' vehicle type choices without conditioning on households' exigting vehicle
information. The reason isthat in the long run, households will go through vehicle
transactions eventudly and they only have to decide which vehicle to purchase. Moreover, |
conduct the short-run demand forecadts for dternative-fud vehicles based on the estimation
results of the demand modd. | aso come up with more redligtic forecasting scenario by
combining new and used vehicle technologies and usng the complete set of vehicle choicesin

the forecadting.

To provide more redigtic forecadts, | dso gpply nested logit models besides the
conditional multinomid logit modds. It iswell known that the sandard logit exhibits
restrictive “independence from irrelevant dternatives’ property, which in many cases seems
unredigtic. While dlowing more flexibility, nested logit modds can generate more redigtic
subgtitution patterns when anew dternative or product isintroduced or when changes
happen to exigting dternatives. Therefore, this sudy serves as an example of how to
forecast the demand for new products or technologies that mark considerable departures

from exigting products or technologies.



The main questionsthat | will addressin this dissertation include:

(i) What are theimportant explanatory factors in affecting households' vehicle
transaction decisions? How do households' transaction choices and attributes of
thelr exigting vehicles affect demand models?

(i) How do the pure SP estimates differ from the pure RP modd estimates? How do
the forecasts differ for the pure SP model and the joint SP and RP modd ?

(1) What are the differences between the standard logit and the nested logit modd in
terms of model estimates and forecasts?

(iv) What are the predicted market shares for future aternative-fud vehicles?

1.3 Overview of the study

Chapter 2 reviews studies on households' vehicle transaction choice modeling, studies
related to aternative-fue vehicle demand forecagting and studies focusing on joint estimation
of stated and reveded preference information. The mgor shortcomings of former vehicle

transaction choice models come from severa aspects.

These weaknesses can be summarized as:
() induson of angle-vehicle households only;
(i)  modding limited transaction choices, especidly without considering household's

choice of doing nathing;



(1)  developing separate modd s for one-vehicle and two-vehicle households,
(iv) useof gated preference vehicle transaction information only;

(v) nocondderation of households exigting vehicle information;

(vi) lack of detailled households demographic information and vehicle attributes;

(vii) use of unredlitic future vehicle choices as the forecast scenario.

In Chapter 3, | first introduce concepts of stated and reveaed preference methods and
compare their advantages and disadvantages. Then | describe the Cdlifornia Alternative-
Fuel Vehicle Demand Forecasting Project and the pand surveys carried out by the project.
Stated and revealed preference vehicle transaction choice data are collected through the
panel surveys. Some of the atistics of the SP and RP data are aso given. | aso describe
the theoretica background of conditiond multinomia logit (MNL) and nested logit (NL)
models. Moreover, | give the framework of the joint estimation of SP and RP information.
Then | introduce and discuss the specifications, definition of explanatory variables and the
estimation results for the RP MNL modd, the SP MNL and SP NL modds separately.

Comparisons are aso made between these modd estimates.

The joint SP-RP models are presented in Chapter 4. | compare the joint SP-RP MNL
and NL modd estimates and discuss the advantages of the joint estimation by comparing the
joint models againg the pure SP or RP models. In Chapter 5, | conduct forecasts based on
the joint models and the pure SP models separately in order to look at the differences of the

moded forecasts. Market shares of dternative-fue vehicles are obtained. Moreover, |



incorporate the new and used vehicle technologies and develop a more redidtic forecagting
scenario. | aso conduct forecasting exercises to look at the different substitution patterns
predicted by the conditiond multinomia logit and nested logit models. In the last chapter,

Chapter 6, | give the conclusion.



CHAPTER 2
LITERATURE REVIEW
2.1 Studieson Households' Vehicle Transaction Choices
There are few studies which model the household sector’ s demand for automobiles by
explicitly congdering households' vehicle transaction choices. However, in the short run,
households are most likely to have to decide whether to add a vehicle, or replace one of
their existing vehicles etc.. By incorporating households' vehicle transaction choices, we can
make the model more dynamic in the sense that we are looking at changes of households

vehicle holdings

In Hensher et.d. (1992), they describe the Dimensions of Automobile Demand Project
which was carried out in the Sydney metropolitan areafrom 1981 to 1991. The main
objective of the project wasto collect a pand data set and develop policy-sengtive
econometric models to estimate and predict households demand for automobiles. In ther
book, they describe the purposes of the project, their gpproaches to the study, the
theoretical background and empirica results of the static and dynamic vehicle choiceluse

moddls, and forecasts of automaobile energy demand.

Hensher et. d.(1992) have dso given an overview of the main empirica udies of

household vehicle choice and usage models (pp. 8-12). They classfy the studies by looking

a thefollowing conditions:
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() modd datusin terms of congdering vehicle holdings only, considering vehicle
transaction only, or consdering both;

(i) fleet 9zei.e what are the Szes of household' s vehicle fleets?

(i) typechoicei.e. what are the choice sets defined in those studies? What kind of
mode g(such as multinomid logit or nestes logit models etc.) are gpplied in those
studies?

(iv) vehicleusagei.e whether there are vehicle usage moddsin those studies? If there
are, what are the dependent variables and what kind of methods are used?

(v) sample, i.e. how are the samples selected in those studies?

The datic vehicle choice modd is achieved by congructing a nested logit mode of
vehide holdings. (The graph which they used to show the nested structure is on pp.36.)
Bagcaly, they consgder athree-level nested logit modd with first level being the fleet Sze
choices, the second leve being body-type choices and the third level being modd type
choices. Hensher et. a.(1992) find that explanatory variables such as annua household
income, age of household head, number of children, number of workers etc. are very
important in explaining households' choices of their vehicle fleet compostions. They aso put
some lifecycle sage dummiesin the modd, which are dso sgnificant, such as young adults
without children, adults 35 to 64 years old without children and retired persons without

children.
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The dynamic vehicle choice modd is an extension to the static modd. It dlows current
choice behavior to depend on the past behavior by including some state variables.
According to Hensher et. al.(1992), these state variables represent stocks of automobiles
and stocks of habits, including the cumulative effect on the present choice of the most recent
continuous experience in a date as well as habit persstence. The estimates of the dynamic
vehicle choice modd show that the experience effects are very sgnificant, i.e. thereisan

important role of habit in shaping type-choice holding.

The datic vehicle use modd isajoint model of vehicle choice and vehidle use. It dlows
the use of each vehicle to endogenoudy depend on the use of other vehicle in the household.
It dso condders the role of vehicles held during the periods of vehicle use which were
disposed of before the point of defining vehicle holdings. Three-stage least squaresis used
to obtain the parameter estimates. Variables such as number of workers, kilometers of other
vehicles, fud cost per vehicle kilometer and residentia location etc. are found to be

ggnificant in the modd estimation.

Thelast part of Hensher et. d. (1992) is about forecasting household auto energy
demand. They look at different sources of influences on energy demand. Using the period
of year 1985 to 1988, they conduct forecasts for fuel consumption for year 1995, 2000 and

2005.

12



The paper of Smith, Hensher, and Wrigley (1991) focuses on modding household's
reveded preference vehicle transactions. Using afour-wave panel data set of household
vehicle transactions, they develop a dynamic discrete choice sequence modd assuming that
outcome sequences through time are of the beta-logistic form.> The beta-logistic modd can
Separate out the time-varying macro effects such as the vehicle age from the time-invariant
household- specific effects such as household income. It is assumed that only two choices
are avallable for each household in each period: replacing avehicle or keeping avehicle.
Smith et. d. (1991) find that the choice sequence of keep-keep-keep is most common and

the sequence of replace-keep-keep is the second most common choice for their sample.

The sample used by Smith, Hensher and Wrigley(1991) is extracted from a household
sample from the Sydney Metropolitan area. They study the sequence of household's annua
vehicle transaction choice during the 1980- 1985 period. They look at household vehicle
fleet information, vehicle utilization rates and household socio-economic and demographic
information during the four successive periods. Since they only investigate households with
one vehiclein each of the four periods, their ssample isrdatively smdl conggting of 373

households only. Thefindingsin

°Smith, Hensher and Wrigley(1991) try to identify the observed patterns of time-sequenced choice
response. Such a choice sequence specification requires a functional form representing the distribution
of selection probabilities. Since the beta distribution is suitable for modeling unknown variation in
choice probabilities, combining logit form with the best beta distribution provides a way to separate out
the intertemporal and individual-specific effects. Such amodel is known as the betalogistic model.

13



Smith, Hensher and Wrigley(1991) suggest that some factors are very important in
households auto transaction choices such as the pattern of vehicle use, the recent previous

history of transacting, and period- specific macro-effects.
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There are no future dternative-fud vehidesinvolved in their sudy. Moreover, sSnce two
or three vehicle households account for alarge proportion of Cdifornia population, |
overcome the sample bias problem in Smith, Hensher and Wrigley(1991) by using not only
one-vehicle households but dso multiple-vehicle households. In addition, | assgn amore
redlistic choice st to each household in each period. The choice set includes replacing a

vehicle, adding a vehide and doing nothing.

Ren(1995) develops Stated preference vehicle transaction choice models conditioning on
households holding vehiclesin order to forecast households demand for aternative-fud
vehicles. But he modds and forecasts for one-vehicle households and two-vehicle
households separately. Due to the limitation of the Stated preference experiments,
households were asked to elther add a vehicle or replace avehicle. Thus, Ren(1995) only
include these two kinds of vehicle transaction choicesin hismodds. Using avehicle
technology scenario in 1998, Ren(1995) forecasts that the purchase share percentages for
gasoline vehicles, dectric vehicles, compressed natura gas vehicles and methanol vehicles
are 63.6, 3.2, 19.3 and 14.3 correspondingly. The forecasts seem to be far away from
redlity today. Severa factors may have caused the biased forecasts. One important factor
may come from using the pure stated preference transaction data because there are serious

biases in the SP data

My study will overcome the shortcomings in Ren(1995) in severd aspects. Oneisto

estimate the dternative-fue vehicle demand for one-vehide and multiple-vehicle households

15



together usng one snglemodd. Although this increases the complexity of the estimation
modd, it helps to explain most of the common effects over the whole populaion. The
second isto obtain households' revealed preference vehicle transaction data and jointly
estimate households stated and revealed preference data together so asto correct the
biasesin the pure SP estimates. The third is to creste a more complete choice set for
households for the auto transaction choice mode by including “doing nothing” besides
vehicle replacement and addition. The fourth isto use a better vehicle classfication scheme
which reduces the measurement errors. Ren(1995) uses arough vehicle classfication
scheme which contains 14 aggregated vehicle dasses® and each of the vehide dassis
determined only by vehicle make, moddl and series. However, in my study | use amore
detailed vehidle classification scheme which will dlow more variations of vehicle attributes.
The new vehicle classes are determined not only by the make, mode and series of the
vehicles but dso depends on the price tiers (high or low) and the origin (domestic or import)

of thevehicles.

Another recent paper by Jong (1996) develops severd submodes: avehicle holding
duration modd, a vehicle type choice model and avehicle usage modd. The modds aredl
based on respondents actud vehicle purchasing information. The vehicle holding duration
modd estimates the time (in months) which e gpses between purchase of avehicle and its

replacement. The vehicle type choice modd explains households' preferences toward

® Ren(1995) uses the following 14 aggregated vehicle classes: mini cars, subcompact cars, compact cars,
mid-size cars, large cars, luxury cars, sports cars, compact pickups, standard pickups, compact vans,

16



certan vehicletypes. The vehicle usage mode estimates the annua mileage for each pand
car and annud energy use per kilometer for the car. Although Jong (1996) considers severd
aspects of households' vehicle demand together, there are some shortcomings in his paper.
Fird, dueto data avallability al his models focus on vehicle replacement. Second, the pandl
survey ismore a car survey than acar driver survey. (Household unit is not chosen asthe
unit of the sudy.) Therefore, it isvery likdy that not dl the vehidesin amultiple-vehicle
household will be taken into consderation in Jong (1996)’ smodels. Third, thereis very
limited household demographic information except for detalled driver characteristics. Fourth,
some important vehicle attributes (such as acceleration time, range etc.) are neglected in the
vehicle type choice modd. My study will improve upon the vehicle demand modd by
interacting important vehicle attributes with detailed household demographic informeation
(such as household member employment change, children+turning- 16 etc.) and utilizing

information on al of the households exigting vehicles.

Using the stated preference data from the same survey which Ren(1995)' s sudy is
based on, Brownstone and Train(1999) gpply “mixed logit” to forecast the demand for
dternative-fud vehidesin the long-run. Becauseit isassumed in multinomid logit models
that the 11 A property holds, MNL models predict that a change in the attributes of one
dternative(or the introduction of anew aternative) changes the probabilities of the other
dternatives proportionaly such that the ratios of the probabilities remain the same. This

subgtitution pattern may seem unredlistic in many cases. Even for nested logit modds, it till

standard vans, mini sport utility vehicles, compact utility vehicles and standard sport utility vehicles.

17



assumesthat the l1A property holds between dternatives within each nest. Therefore,
neither multinomia logit models nor nested logit models provide us with a generd subgtitution
pettern between dternatives. However, mixed logit can generate generd subgtitution
petterns by specifying certain distribution of the stochastic part which is incorporated in the

utility function to specify the correlation over aternatives and people.

According to Brownstone and Train(1999), mixed logit models can be represented by
gpecifying the utility function as

U =b¥ +[hi +ei]
Where U, isthe utility from dternativei; X; isavector of the observed attributes associated

with dternative i and the person; b is avector of estimated parameters which are assumed to
be fixed over dternatives and people; h; is the stochastic part which may be correlated over
aternatives and people and whose digtribution depends in generd on underlying parameters
and observed datardating to dternaivei; g; is the sochastic part which has zero mean and
Isindependently, identically distributed(iid) over dternatives and people. Therefore, by
dlowing any didribution for h whileletting e beiid extreme value, we can write the
conditiond probability asasmple logit probability expresson given the vaue of h:

_exp(bX +h,)
L0)= R apmrh):
j

Thus the unconditional choice probability can be expressed as.
The above probability is caculated through smulation because the integra does not have a
P, = (‘)Li(h )f(h W)dh.
closed form solution in generd. The smulated choice probaility is:

18



$=WR aLh")

r=1..R

where h" isthe rth draw from its distribution, R is the number of draws of h, SP, isthe
smulated probability and it is an unbiased estimate of P, for any R. Therefore, the
parameters are estimated by maximizing the smulated log-likdihood function S,, In(SPy)
where nisanindex to individuads. Brownstone and Train(1999) point out thet different types
of mixed logit models can be set up by specifying different distributionsfor h. Hence we can
obtain different substitution patterns. According to McFadden (1996), any random utility
model can be gpproximated by a mixed logit modd including standard logit and nested logit

models by specifying proper error-component structure of the utility function.

Using the stated preference choice data for dternative-fue vehicles from asample of
4654 Cdifornia households, Brownstone and Train (1999) compare both the estimates of
the standard logit and mixed logit mode and the estimates of the probit and mixed logit
modd. They specify the mixed logit modd by imposing certain error-component structures
on non-eectric vehicles, non-CNG vehides, vehicle sze, and vehicle luggage spece. By
doing 0, they introduce certain correlation structures between pairs of vehicles with different
fud types, different Sizes and luggage spaces. They find that the error components are very
sgnificant. At the sametime, they dlow the tastes of households regarding each vehicle
attribute to vary in the population. To do so, they specify the other coefficientsin the model
to be independently normaly distributed in the population so that the means and standard

deviations are both estimated. They found thet the ratios of estimated parameters are very

19



amilar in the gandard logit and mixed logit models dthough the magnitudes of the estimated
parameters in the non-stochadtic portion of the utility function is generaly larger in the mixed

logit than the standard logit.

Furthermore, Brownstone and Train (1999) compare the standard logit modd against
the mixed logit models by identifying the differences in the predicted subgtitution petterns
from these modd s when the forecasting scenario is changed (in other words, when a new
dternaive-fud vehicleisintroduced to the base scenarios or the price of the gasoline vehicle
Is changed). They find that the mixed logit models provide more reasonable and redidtic
subgtitution patterns athough those models predict higher shares for dternative-fud vehicles

than the stlandard logit.

However, the predicted probabilities calculated in Brownstone and Train (1999) do not
represent the actud forecasts. Asit is mentioned in Brownstone and Train (1999), in order
to use the modd s for forecasting, it is necessary to cdibrate the modd againgt redl-world
choices, develop a set of representative households for the forecast year and develop
forecasts of vehicle characteridtics that redigtically represent future offerings or the range of

possible future offerings,

Brownstone, Bunch and Train(1999) provide more redistic forecasts in severa ways.
Firgt, they combine households stated and revealed preference information about their

purchased vehicle type choices. They find that the revealed preference data provide more

20



redlistic body-type choice information while the stated preference data is necessary for
obtaining attributes of dternative-fud vehicles which are not avalable in the marketplace.
Second, they use alarge set of households for the forecast with demographic information
such as household size, annud income and education leve. Third, they adopt a more
reditic forecasting scenario file which contains a comprehensive st of new vehide
technology forecasts for year 1998 prepared by the Cdifornia Energy Commission. Asa
result, Brownstone, Bunch and Train(1999) find that the joint SP/RP models give quite
different forecasts from the pure SP mode and the mixed logit modes predict much higher

shares for the dternative-fue vehides than the sandard logit models.

The modelsin Brownstone, Bunch and Train(1999) can be viewed as “détic’, long run
vehicle demand models because they amply look at households' vehicle purchasing type
choices. Ther modds are not conditiona on households holding vehicle information and
households' transaction choices are not incorporated in these models either. In contrast, the
modelsin my study can be viewed as more “dynamic” and short run vehicle demand modds
in the sense that the models are conditioned on dl of the households' holding vehicle
information and the modd s incorporate households' vehicle type choice aswell as their
transaction type choices.

2.2 Studies of Alternative-Fuel Vehicles

21



Asit ismentioned above, Ren(1995) gpply the conditiona multinomia logit modd and
use households dtated preference vehicle purchasing information to predict the demand for

future dternaive-fud vehides

Besides Ren(1995), some earlier sudies can dso be found on predicting aternative-fud
vehicle demand. Examples are: SRI(1978), Beggs, Carddl and Hauseman(1981),
Train(1980), Cafee(1985), Bunch et.al. (1993). Most of these studies focus on forecasting
demand for eectric vehicles usng pure stated preference data. Ren(1995) has detailed

discussons of dl of these papers.

Golob et. d. (1997) develop models of household vehicle use behavior by type of
vehicle. They make use of not only households' reveded vehicle utilization information but
aso households ated vehicle utilization informeation for future dternative-fud vehicles
They estimate the modes separately for one-vehicle and two- vehicle households through
specifying structurd equation systems and they find thet the joint RP-SP modd is
advantageous in Smultaneoudy capturing the endogenous effects of vehicle redlocation dong
with perceived changesin utilization associated with eectric vehicle characterigtics.
Households behaviora vehicle use characterigtics, physica vehicle characterigtics and
households structural characterigtics are used to model households' vehicle usage, the
annud vehicle milestraveled (VMT). The modd output can be applied to a dynamic
micros mulation forecagting system which includes a sociodemographic trangtion model and

vehicle transaction modds.
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2.3 Studies of Estimating from Stated and Revealed | nformation Jointly

Hensher(1993) points out the complementary characteristics of stated preference
methods to revealed preference methods and the growing importance of stated preference
methodsin travel behavior research especidly in travel demand modeing and prediction.
Hensher(1993) introduces severd different type of data which stated preference methods
have been applied to and he aso describes the procedure of stated preference experimental
choice design in demand modeling gpplications. Badcdly, there are seven seps.

(0] identification of a set of attributes which are important in demand estimation and

need to be incdluded in the desgn;

(i) sl ecting the measurement unit for each attribute;

(i) Specification of the number and magnitudes of attribute levels,

(iv)  datidticd desgn to generate dternatives by combining attribute levels and making

them orthogond,;

v) trandation of the design into a set of questions and showcards for data collection

pUrpose;

(vi)  sdlection of gppropriate estimation methods;

(vii)  obtaining market share predictions by gpplying the estimated parametersin

forecadting.
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Hensher(1993) aso discusses the method of joint estimation of SP-RP data by properly

U,=a+bX +jY+e,
Uy, =d +bX,+dZ +e,
and
q’ =var(e,)/ var(e,),
scaling the SP data. The model can be expressed as.
where X, Xg = avector of observed variables common to RP and SP data;
Y, Z =vectorsof observed attributes specific to RP and SP data respectively;

ep €y = theunobserved effects associated with the RP and SP data;

g = the scding parameter, enabling the joint estimation of the two data sets.

In addition, Hensher (1993) points out that the scaling method is equivaent to an artificid
nested logit structure with two subsets of dternatives. One subset is RP aternatives each of
which is placed just below the “root” of the nest; the other subset is SP dternatives each of

which isplaced in agngle-dternative “net”. The tree structure can be shown below.
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Root

RP1 RP2 RP3 RP4  SP1 SP2 SP3 SP4 SP5
Therefore, thejoint RP and SP mode can be estimated efficiently through the full-information

maximum likelihood method on the nested structure.

Morikawa(1994) specifies the joint SP-RP model as the following to correct for the
state dependence and correlation of the SP and RP data.

RP _ RP RP
Uin _\/in +€

in ?

SP SP SP
Uin _\/in +ein '

RP _— RP
ein =1 in +Vin '
and

Sk SP
ein _qil in +Vin ’

Where RP indicates reveaed preference data; SP indicates stated preference data; |
denotes individua and aternative- specific preferences and its probability dengity functionis
assumed to be the standardized multivariate norma digtribution; g, is an unknown coefficient
on| ; visassumed to follow awhite noise and Gumbel distribution. Therefore, the State

dependence and serid correlation of SP and RP data are introduced through | and v.
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CHAPTER 3
STATED AND REVEALED PREFERENCE VEHICLE TRANSACTION
MODELS
3.1 Stated Preference Method versus Revealed Preference Method
Stated preference is amethod used to elicit respondents’ preferences for new attributes,
or for changesin exigting atributes, by having them choose among hypotheticd dternatives.
Stated preference methods have been widdly used in many studies especidly in

trangportation research to identify behaviora responses to choice scenarios which are not

reveded in the market.

There are both advantages and shortcomings of using stated preference methods.”
Stated preference methods can generate adternatives and dlicit preferences for new or non-
exiding dternatives; there are no measurement errors for atributes;, multicollinearity can be
avoided through orthogona experiment design; ranges for explanatory variables can be
extended to create a great ded of variation; and the choice set is specified beforehand. The
magjor disadvantage of usng SP datais that they may not be consstent with respondents
actua behavior. People may make implicit assumptions about the surveys, or they may
attempt to influence policy, or they do not consider the congraints they have to facein the
real world, or they do not need to make any real commitment about their choices. Therefore,

their answers may be “biased”.

" A similar comparison of stated and revealed preference methods can be found in Morikawa(1994) and
Small and Winston(1998).
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In contrast, reveded preference data reflect consumers' actual market behavior.
Reveded preference shows respondents’ actual observed choices among different existing
dternatives. However, reveaed preference methods can not forecast responses to non-
exising dterndives, or to changes in the attributes of dternatives. Moreover, reveded
preference data may include measurement errors, correlated attributes and limited attribute
ranges. The choice st for reveded preference is ambiguous in some cases. Therefore, it is
necessary to use stated preference methods in some studies and it is also advantageous for
researchers to combine both stated and revealed preference information and take advantage

of their complimentary characteristics in modd estimations.

3.2 Stated and Revealed Preference Vehicle Transaction | nformation

| use two data sets in this study: oneis households observed actua vehicle transaction
choices and the other is respondents’ stated preferences for transactions associated with the
given hypothetical dternative-fuel vehicles. Both of the data sets are from the pand survey
conducted by University of Cdifornia s Indtitute of Transportation Studies at Irvine and

Davisfor Cdifornia Alternative- Fuel Vehicle Demand Forecasting Project.
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3.2.1 California Alternative-Fuel Vehicle Demand Forecasting Project

The Cdifornia Alternative- Fud Vehicle Demand Forecasting Project wasiinitiated and
sponsored by Southern Cdifornia Edison Company, Pacific Gas and Electric Company, and
the Cdifornia Energy Commission. The pand survey started in May 1993 and covered most
of urbanized Cdifornia excluding San Diego County. The survey sample was identified using
geographicdly dratified pure random digit diding. Respondents are geographicdly dratified
by Zip Codesinto 79 urbanized areas of Cdiforniaexcluding San Diego County. The
population studied was 22.7 million people(1990), about 75% of the total population of the

date.

The pand survey consgs of athree-wave survey collected a an interva of about 15
months. Each wave survey except the third-wave survey is complete through two stages: first
stage is the computer-aided telephone interview (CATI-1) and the second stage isthe mail-
out questionaires (CATI-2) following the CATI-1 survey. Thefirst two waves are used in

this study?.

%\e are only able to use data from the first and second wave survey data because there is not enough
funding to get the third-wave survey dataready for use. Thispanel survey isone of the largest regional
survey of personal motor vehicle ownership and usage patterns and of stated future purchase references
for alternative-fuel vehicles. Some basic data analysis of the survey isdocumented at ITS, University of
Cdliforniaat Irvine.
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3.2.2 Stated Preference Vehicle Transaction Choice Data

Theinitid survey, Wave-1 CATI-1 survey was completed for 7,387 households. It
collected information on: household structure, vehicle inventory, housing characteridtics, basic
employment, and commuting for dl adults. The survey dso asked for information about the
household' s most-likely next vehicle transaction (See Appendix 1). If the next transaction
was likdly to involve a purchase, the survey asked for body type, Size, and its gpproximate
purchase price (including whether new or used). These data were used to customize the SP
choice experiments that were later sent to the household so that the questions would be

gppropriate and relevant to the household. (Appendix 11 is an example experiment.)

The mail-out questionnaire contained two stated preference discrete-choice tasks for
each household. Each task described six hypothetica vehides, from which the households
were asked to choose their preferred vehicle. These hypothetica vehicles included both
dternative-fud and gasoline vehicles, and the body types and prices were customized to
include vehicles that were smilar (but not identica) to the household' s description of their
next intended vehicle.” The survey aso indudes information on households housing unit

atributes related to ability to refuel EV or CNG vehicles a home.

® There are four fuel-type vehicles: gasoline, CNG, methanol and EV. Inthe Wave-1 CATI-2 SP
guestions, each households was given three out of the four fuel-type vehicles. In addition, these
different fuel types are combined with vehicle body types such as car, truck or van to create six different
hypothetical vehicles for households to choose from.
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In addition, these househol ds were asked about whether they intended to replace an
exiging vehicle with the preferred vehicle, or to smply add the preferred vehicle. If they
indicated a replacement, the survey asked which vehicle was to be replaced (see Appendix
). In totd, 4,747 households successfully completed the mail-out portion of the survey in
Wavel which represents a 66% response rate among the households that completed the

initial CATI-1.

Compared to Census data, the sample is dightly biased toward home-owning, larger
households with higher incomes. Among these 4,747 households only 1,626 households
have vaid stated preference vehicle transaction information and have 3 or fewer holding
vehides™. Therefore, only these 1,626 households are included in my study asthe
observations having stated preference data. But | have estimated the same pure Stated
preference vehicle type choice modeds using the 4,747 households and the 1,626 households

and found no gatidticd differences between the modd estimates.

19 For the 4747 households, we only have desired and consistent vehicle class definitions for the 2243
househol ds who have completed the Wave-2 CATI-1 information aswell. Thisis because in the Wave-2
survey, we adjusted the vehicle class definitions to make them more meaningful and precise. The new
vehicle classification scheme determines vehicle body types, import/domestic, high/low-price tier
according to the makes, models and series of the vehicles. While the old vehicle classification scheme
only identifies vehicle body typesin avery rough manner. Therefore, the new vehicle class specification
scheme is adopted and is only applicable to those households who participate in the wave-2 survey.
Among the 2243 households, some do not have valid answers to the stated preference questions, some
do not have valid vehicle information such as correct vehicle vintage, and some own more than 3
vehicles. Therefore, by excluding those households with conditions mentioned above, only 1626
households are left with the appropriate stated preference transaction data for the model estimationsin
this study.
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3.2.3 Revealed Preference Vehicle Transaction Choice Data

Among the 7,387 households who received the initid telephone interview in the Wavel,
only 2,857 households participated in the CATI-1 of the Wave-2 survey. The 2,857
households include 2,243 households out of the 4,747 households who completed the
Wave-1 SP experiments and 614 households who only finished the Wave-1 CATI-1. Inthe
Wave-2 CATI-1, households were asked about whether there is any change to their vehicle
stock (for example, whether the household acquired any vehicle snce the Wave-1 survey).
Therefore, according to households' reveded data, we are able to figure out what kind(s) of
vehicle transactions the households actudly went through during the gpproximately one-year

period between wave-1 and wave-2 surveys.

A lig of information included in Wave-1 CATI-1 and Wave-2 CATI-1 surveys are

shown in Table 1 below.

" There are a set of rules that were set up to determine the transaction types that the households went
through based on their vehicle acquiring/dropping information. One of the basic assumptions is that
there is only one vehicle transaction occurring each six month interval. If a household acquires avehicle
within six months around the time it drops an existing vehicle, the vehicle transaction is considered to be
a vehicle replacement. Otherwise, it is considered to be a vehicle addition. |f the households have
multiple-vehicle transactions, the order of the transactions is determined by the relative timings of the
transactions.
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Tablel. Lig of information included in Wave-1 CATI-1 and Wave-2 CATI-1

surveys
Information On Wave-1 CATI-1 | Wave-2 CATI-1
(05/93) (08/94)

Households Current Vehicles o) o
(make/mode/year/color)
Households Future Vehicle Replacement o) N/A
Behavior (which to replace/when/what to
pur chase/type/size/expenditur e)
Households' Residences o) o
(physical characteristics)
Households’ Socioeconomic o) o
Char acteristics (employment
status/age/gender/
education level/driver status)
Household members demographic N/A** O
changes (moving in/leaving/employment
status changes/kid-turning-16 etc.)
Household’ s location change(s) N/A O
Household’ s vehicle stock changes N/A O

(vehicle entering into/leaving/r easons)

* Note that Omeans that the corresponding information is available for the survey.
** Note that N/A means that the corresponding information is not available for the survey.

From the above table, we can see that both CATI-1 surveys contain information about

households' demographic characteristics and vehicle holdings. Whilein Wave-2 CATI-1

survey, thereis additiona information on households' vehicle stock changes and

demographic changes. Therefore, according to the records of households' vehicle stock

changes, we are able to congtruct households' vehicle transaction information and their

corresponding demographic change information.

Out of the 2857 households, 1097 households (about 38% of the sample) had &t least

one vehicle transaction (including vehicle replacement, addition, and deletion) while the other
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1760 households (about 62% of the sample) did not change their vehicle stocks. Due to the
large amount of work associated with identifying the “red” vehide transactions' that
happened within each sampled household, | only got to identify the first “red” vehicle
transaction for each household even if some households may have had multiple vehicle

transactions.

Among the 1097 households with vehicle transactions, only 749 households have vaid
information on their vehicle replacement or addition.™ Out of the 749 households 665
households have 3 or fewer vehicles after their vehicle transactions and | take these
households as the group of households who had red vehicle transactionsin my study. |
chose these households in our study because it is assumed that there isasingle decison
maker in each household who decides which vehicle to buy each period. Households ended
up with more than three vehicles are more likely to have more than one “decison maker”.
Moreover, including households who have 4 or more vehicles will definitely add to the
complexity of the estimation modd. Besides, only 84 of the 749 households have 4 or more

vehicles. Therefore, | exclude these 4-or-more-vehicle households from my study.

2Some of the vehicle changes are excluded as vehicle transactions according to the answers given by
the respondents about how the vehicles left or came into the households. For example, if a vehicle is
taken by some household member who left the household, we would consider this as a pure household
demographic change instead of a vehicle transaction. A few households only had vehicle deletions,
they are not studied here either.

BIn order to look into the vehicle transactions, we have to have complete information on the purchased
vehicles and households’ existing vehicles. The information includes vehicle class, high/low price tier,
import/domestic, and vehicle vintages. Such information can be used to identify the corresponding
vehicle attributes which are necessary in the model estimations.
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The digtribution of the number of vehicles for the 665 transaction houssholds is shown in
Table 2 bdow.

Table 2: Digtribution of Number of Vehicles Owned by the 665 Transaction
Households

Number of Vehicles Frequency Percentage Cumulative
Percentage
1 107 16.09 16.09
2 350 52.63 68.72
3 208 31.28 100.00
InTota 665 100.00

Smilarly, for the 1760 households who did not have any vehicle changes over the
period, 1616 households have valid information on households  exigting vehicle information
and 1561 of them are households with 3 or fewer vehicles. Therefore | only include these
1561 non-transaction households along with the 665 transaction ones in my study. The
digribution of the number of vehicle for the 1561 non-transaction households is shown in
Table 3.

Table 3: Distribution of Number of Vehicles Owned by the 1561 Non-
Transaction Households

Number of Vehides Frequency  Percentage Cumulative

Percentage
1 662 42.41 42.41
2 748 47.92 90.33
3 151 9.67 100.00

In Total 1561 100.00

The comparisons of the income digtributions are shown in Figure 1. The detailed

summary datistics are given in Appendix I11. The satistics summarize the household annua



income gtatigtics for dl the 2857 households in the wave-2 CATI-1 survey, for the 2226
households that are included in my study, for the 665 households who had vehicle
transaction(s) among the 2226 households and for the other 1561 households without a
vehicle transaction. As expected, those households who had vehicle transactions have a
dightly higher average income than non-transaction households. The actua observed vehicle
transaction information for these 2226 househol ds becomes the households' revesled
preference vehicle transaction data for my studly.

Figure 1. Comparison of the Income digtribution for the transaction households
ver sus non-transaction households

Household Annual Income Distribution
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Among the 665 households who had vehicle transactions during the study period, about
35.5 percent purchased brand new vehicles. The vintage distribution of the vehicles
purchased by these households during this period is shown in Figure 2. Among the vehicles
bought by the 665 households, the percentages for small cars, midsize or large cars, sport

cars, pickup trucks, vans and sport utility vehicles are 33%, 24%, 7%, 13%, 11% and 12%

35



respectively. The purchased-vehicle body-type digribution is shown in Figure 3. According
to the statistics, households who had vehicle transactions aso have more adults and more
members than the non-transaction households.

Figure 2. Thevintagedistribution of the vehicles purchased by the 665
households
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Figure 3. Thebody-type distribution of the vehicle purchased by the 665
households
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3.3 Theoretical Framework
| assume that in each household there is a single decision maker, who decides which

vehide to buy, by maximizing the utility that the household gets from their vehicle fleet.

3.3.1 Conditional Multinomial Logit Model
Theoreticaly, theindirect utility function for household decision maker n choosing
dterndivei is given by the following equation(McFadden, 1974):

Uin = Vin + €in
where n isthe observation index, i isthe vehicle dternative index, Vi, is the deterministic part

of the utility function, and e, is the random component of the utility function. Here | assume
e, isindependently digtributed with the extreme vaue digtribution. | further assume Vi, to be
alinear combination of known characterigtics of each household, its given transaction

choices, and given dterndive vehides. Thus| have
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Vin = b(D(in
where Xi, isthe vector of explanatory variablesincluding al observable characteristics

spexific to the household, its holding vehicles, the SP/RP dternative vehicles and the SPIRP
transaction choices; b isthe coefficient vector of X;,. Therefore, the conditiona probability

of household n choosing dterndtive i given a set of choices can be expressed as:

. explb' X
=Pl =1) = 5 20 el .'")
a jzlexp(vjn) a jzle(p(b X]n)

where i, is the vector of dependent variables: yi, = 1 when dternativei is chosen by the

household n, and yi, = 0 atherwise. Thelog likdihood function is asfollows.

N J
L= é é Y, (b&X. - In é exp(b & ;,)) where Jisthe number of aternatives.

=1 j=1 j=1

>

The probability formula of the multinomia logit mode implies thet

ép. U
Ing—t-) = by - bdXj,.
éPin g
Noticed that the ratio, P./P;,, does not depend on the other aternatives following the origina
assumption of independent and homoscedastic disturbances. The property is cdled
independence of irrdevant dternatives (i.e. the [l A property) and theratio is caled the odds

ratio.

However, in redlity thisis a srong assumption because it is likely that a subset of the
choices are correlated. There are several waysto test the vaidity of the I1A property.
Hausman' s specification test (see Hausman and McFadden(1984)) is one of them and its

gatigic is defined as the following:
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where s sands for the estimators based on the subset choices, f shows the estimators of the

full set of choices, and \7S and \7f are the respective estimates of the asymptotic covariance

meatrices. The Hausman datistic is asymptoticaly digtributed as chi-squared with K degrees
of freedom, where K is the number of dementsin the coefficient vector thet is identifiable

from the subset choice modd.

3.3.2 Nested Logit Model

If the test mentioned above fall to support the 1A assumption, a nested logit model
serves as an dternative to the multinomid logit mode which frees up the 11A assumption of
the multinomid logit modd. One can congtruct the nested structure by grouping the
dternatives into subgroups o that the odds ratio between any two aternatives from different
subgroupsis no longer independent of the attributes of the other dternatives while the odds
ratio is il independent of the existence of the other aternatives for any two dternatives
within the same subgroup. In other words, I1A il holds within each nest but not across

nests.

Following Train(1986), the full set of dtenatives J, isdivided into K subsets denoted by
Br,...,BS . The utility function for household n choosing dterndtivei is expressed as

Uin = Vin + €in ’
where generdized extreme vaug(GEV) didribution is assumed for dl e,sin J,. Thejoint

cumulative digribution of e;,sis assumed to be
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where the parameter |  is ameasure of the correlation of e;,s within each subset BY .

According to McFadden (1978), the probability for household n choosng dternativei in

subset By can be expressed as the following given the above joint distribution of ej.s:

-1
eVin“k%é. eVJn“kg
P = oo
é_ |§o ev'””'g
il B, )

The above probability function can be decomposed as follows:

Pi= P o P

inBk " BX?

where P__, isthe conditiona probakility of household n choosng dternative i given that an

in|BX
dternative within the subset BY is chosen; P, isthe margina probability of household n

choosing any dternative in each subset. | can write the margind and conditiona probabilities

asfollows

NG
I:?n/B" = o vk ’md
n a e in

i1 BY
WK+ 1y
P, =—
" é eW,'1+I|I|
1=1
k
wherel, =In § e, the“indusive valueg” which measures the average utility that a

il B&

household gets from obtaining aternatives within subset B ; vector Y contains attributes
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which are associated with the dternatives within each subset; vector W contains attributes

which are associated with alternatives across each subset BX (j.e. the attributesin W, do

not vary across dternatives, il B).

The coeffident of theindusve vaduel  is cdled the dissmilarity coefficient. It isrdated

to the degree of correlation of unobservables for dternatives within B. When |  isequa to

1, themodd is equivaent to amultinomia logit modd in which the [1A property holds

globaly. When |  isclose to 0, the unobservables for aternatives within nest B become

perfectly corrdated. McFadden(1978) proves that a sufficient condition for the nested logit
modd to be consgtent with an underlying random utility maximizing modd isfor the

coefficdents of theindlusve vauesto lie within the unit intervd.

There are two ways to estimate the parameters of the nested logit model. Oneistwo-
sep maximum likelihood gpproach with limited information. The other isfull information
maximum likelihood estimation (FIML) which is more efficient. For FIML, coefficents are

estimated by maximizing the log-likelihood function which can be expressed as

N J
o O

InL = a a. P]n|B: * PB:; * yjn1
n=1 J=1

where N isthe number of households, J is the number of dternatives, K isthe number of

subgroups, v, isequd to 1 if dternativej (within node BY) is chosen by household n and 0

otherwise.
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3.3.3 Methods of Joint Estimation of SP and RP Data

Stated preference datais necessary because it provides attributes for dternative-fud
vehicleswhich are not available in the marketplace. As noted earlier, there are both
advantages and shortcomings of using stated preference data. Reveded preference data
reflect consumers real market behavior. But the reveded preference method can not be
used to obtain responses to nonexiging dternatives. Thus, it is advantageous for researchers
to combine both SP and RP data and take advantage of their complimentary characteristics

in modd estimations™.

| use two data sets in this study: oneis households observed actua vehicle transaction
choices and the other is respondents’ stated preferences for transactions associated with the
given hypotheticd dternative-fud vehicles. The idea of the RP/SP combined estimation
method isto jointly estimate the RP and SP moddsingtead of estimating the modds

separady uang only SP or RP data.

According to the findings in my previous study (see Sheng(1997)), the common
assumption that the trade- off relationship among different attributes are the same for SP and
RP datais not dways valid for each attribute. Therefore, | assume that the relative trade-offs

between most attributes are different for the stated and revedled preferences except for the

¥ A similar comparison of stated and revealed preference methods can be found in Morikawa(1994) and
Small and Winston(1998).
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severa mgor atributes such as net capital cost, operating fuel cost etc.. Thus, the

determinigtic parts of the utility functions can be expressed in more detail as below:

[Vie =b & +at” +wE;’
I
Vi =& +1 o&F +gw,”
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where X and Y are vectors of attributes that are common to both SP and RP data; Z and W
are vectors of attributes that are specific to RP and SP data correspondingly. Variablesin
vector X share same b in both mode s while attributesin vector Y have different coefficients

inthe RP modd, a and inthe SPmodd, | .

Since | assume that the random terms are 11D Gumbel within either RP or SP data,
MNL models can be derived for both RP and SP data. However, it is assumed in this paper
that the variances for the SP and RP data are different. Following Morikawa(1994), their
relationship is described below :

Var () = miVar(e”).

Thismeansthat | can estimate the RP and SP models together by smply pooling the RP and
SP data while multiplying the utility function of the SP databy m Note that now the choice
probaility for the SP datais given as the following:

PF = oexp( mY,,” :

" A exp(mv )

J
| usethe “grid search” method to estimate the unknown parameter min STATA.* Thisis

smilar to other methods such as the sequentia estimation method suggested in Morikawa et

al. (1994).

> This method was suggested by David Brownstone. Basically | have to write a program to estimate the
MNL model for each value of m, compare the log-likelihood values and pick a value of mthat givesthe
highest log-likelihood value among all the models. The computing time and the accuracy of mdepend on
the starting value of mand the searching step length. This estimator is close to the true maximum
likelihood estimator.



3.4 Revealed Preference Vehicle Transaction Model Specification

In the real world, households can choose to add another car, replace one of their existing
vehidles, or do nothing i.e. kegp their current vehicle composition.*® Households aso face a
large universe of different vehicles to choose from. In order to reduce the mode complexity,
| have to sample the full set of choices and creste a representative smal choice set for the
model estimation. Following from the [l A property, any reasonable sample from the full
choice st yidds consstent estimates of the full choice modd parameters for the MNL

modds)

Brownstone, Bunch and Train(1999) find serious problems with smple randomly
sampled dternaivesin the RP moddls*’. Therefore, | strategically sampled 12 dternative
vehicles with different attributes for each household from the universe of the exigting new and
used vehicles (there are 729 different vehiclesin totd). Basically, | dratified the sample
according to the vehicle vintages so that each sampled choice set contains 3 new vehicles, 3
one-year or two-year old vehicles, 3 3-10 year old vehicles, and 3 more than 10-year old

vehicles

18 Although there maybe some other choices as well, for example, disposal or scrappage, those choices
are not considered in this study. Because only afew households made those choices and there does
not seem to exist avery good way to model those choices.

Y Similar problem arisesin this study. It isvery likely that any sample of size 12 will contain only one or
two new vehicles because there are all together 40 new vehicles out of the 729 vehicle choices. That will
lead to implausibly high estimates for the new vehicle dummy variable since 236 (35.5%) of the 665
households chose new vehiclesin the RP data.
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3.4.1 Description of the Model

By assuming that there is a Sngle decison maker in each household, | use a“hierarchy
treg” structure to describe household' s decison making process of vehicle transactionsin the
red world. The tree structure shown in Figure 4 describes the joint households' reveded
preference vehicle transaction and type choice modd. The upper level branches of the tree
structure are the three mgor vehicle transaction choices. adding a vehicle, replacing avehicle
or doing nothing; the lower leve branches involve the specific vehicle type choices under

each transaction type choice.

Note that the “tree” structure is Smply used to describe the process of households
transaction choice decisions and it does not necessarily imply any nested structure. Insteed, it
serves to better specify the MNL mode by including the vehicle transaction choices as well
as the vehicle type choices. The actua modd is therefore amode which jointly estimates
both the transaction type choices and the vehicle type choices. In other words, al the 48
dterndivesin the lower leve of the “treg” structure and the “doing nothing” choice are jointly
edimated in the RP modd. In addition, snce | include al up-to-3-vehicde householdsin the
model and the model is conditioned on households' holding vehicles, the “ replacement”
choice actudly splits into three subgroups: replacing the first holding vehicle, replacing the
second one, or replacing the third vehicle. (The order of the holding vehicles corresponds to

the order in which respondents entered their vehicles))
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Figure4. Multiple-Vehicle Household RP Transaction Tree
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Compared to Ren (1995), the transaction modd here has severd advantages. Fird, this
modd is based on households' reveded preference datainstead of stated preference data.
The RP data reflect households actua preferences under red-world scenario while the SP
datais conditiond on hypothetica vehicles which may have inherent biases. Second, this
model endogenizes one of households important transaction choices, “doing nothing”.
Because thereis alimited number of households who actudly go through vehicle transactions
during each period, the information about households who end up doing nothing is valuablein
judtifying the whole sample and the probabilities for households' transaction choices. Third, |
combine one-vehide, two-vehicle and three-vehicle households together and modd their
choices usng the same modd. This helps usin looking at the overal effects for the whole

sample and smplifies the process of having to estimate different models for these households.

Brownstone et. d.(1998) use asimilar data set but their mode focuses on households
vehicle type choices. Their model can be viewed as amore “gatic’, long run vehicle demand
model because they smply look a households that purchase vehicles. No holding vehicle
information nor households' transaction choices are incorporated in their model. The model
in my study can be viewed as amore “dynamic”’ short run vehicle demand mode in the sense
that it is conditioned on dl of the households holding vehicle information and it incorporates

households vehicle type choice as wdll as transaction type choices.

Unlike Smith, Hensher, and Wrigley (1991), “time’ does not enter the modelsin this

study except that vehicle vintage effects are taken into account. The models would be more
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“dynamic’ if some vehide duration measurement (i.e. household' s vehicle holding duration) is
consdered. However, | could not create such variables for the RP data because there are
quite afew missing data for vehicle duration, dthough we did ask respondents when they

obtained each of thar holding vehicles.

Based on the “treg” structure and the basic assumptions that are made in the
Methodology section, | gpply the conditional multinomia logit model to the RP data. The
estimation results are shown in Table 4. Note that the dependent variable in the RP modd is
adummy variable which equas zero if the vehicle is not chosen and equals one otherwise.
See Appendix 1V for detalled summary satigtics for the explanatory variables in the RP

modd.

3.4.2 Revealed Preference MNL Transaction Model Estimation Results

Table4. Multiple-Vehicle Household RP Transaction Model Estimation Results
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Explanatory Variables Coeff. T-STATs
Cost Variables
net capital cost /In(household income/$1k) (in $1k) -0.356 -6.739
average fuel cost / In(household income/$1k) (in cents/mile) -0504 -2.099
average fuel cost * non-transaction dummy 0.435 2570
average fuel cost * addition dummy 0.393 1.858
Vehicle Performance Attributes
average acceleration time (in seconds) -0.057 -0.286
average top speed (in hundreds of miles/hour) 1550 1.268
range of the purchasing vehicle (in hundreds of miles) 0.550 3.215
maximum range of holding vehicle(s) (in hundreds of miles) 2.590 2462
sguared maximum range -0.355 -2.850
Vehicle Pollution Measurement
tail pi pe emission of the purchasing vehicle 0334 3.710
Purchasing-Vehicle-Body-Type Dummies
small cars -0.255 -1.981
sport cars -0.109 -0.339
pickup trucks -0.211 -1.235
Vans -0.940 -2.377
sport-utility-vehicles 0.655 2242
mini-sport-utility-vehicles -1.254 -1.587
Other Attributes of the Purchasing Vehicle
natural logarithm of number of makes in the same-size class 0.797 10.460
luxury vehicles -0.263 -1.546
foreign vehicles -0.379 -2.928
new vehicles 1191 6.077
1-year-old vehicles 0419 2.038
natural logarithm of vehicle vintage -0.316 -2.456
Household Portfolio-Choice Variables
replacing-lower-val ue-vehicle dummy 0.228 1418
replacing-same-body-ty pe-vehicle dummy 0.675 5.482
oldest vehicle vintage -0.050 -3.787
market value of the remaining holding vehicles (in $1k) 0.069 3.198
from no-car households to one-car households 0.209 1592
from no-sport-car househol ds to one-sport-car households -0.398 -1.176
from no-van households to one-van households 0.908 2458
from no-SUV households to one-SUV households 0.019 0.071
all domestic vehicle(s) 0.362 3.079
all imported vehicle(s) 0.474 4,158
Transaction-Type Dummy Variables
“inertia” i.e. non-transaction choice 7.840 8.665
addition constant 0.123 0.303
Demographic Characteristics and Changes
addition * number of vehicles lessthan or equal to number of drivers 1.818 13.3%4
addition * households with annual income<=$45k -0.159 -0.967
addition * households with annual income>$90k 0.602 2.861
addition or replacement* household demographic change(s) 0.096 0.919
vans* household size >= 3 0.785 3.099
sport cars* household size >= 3 0.756 2.370
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Notethat: 1) thelog-likelihood vaue for the above modd is-3128.506;
2) the number of observationsis 73458 and the number of households is 2226;
3) the pseudo R2 vaueis 0.595;
4) the“basg’ vehicle dassis“midszellarge’ cars
3.4.3 Explanatory Variables
a Net Capital Cost
The net capita cost represents the actual amount of money a household hasto spend on
the vehicle transaction. Therefore, the net capita cost is viewed as an important part of the
tota cogt involved in the vehicle transaction. If a household smply adds a vehicleto its flegt,
the net capital cost is the current price of the purchased vehicle; if ahousehold purchases a
vehicle to replace one of its exigting vehicles, the net capital codt is the difference between
the current market values of the purchased vehicle and the vehicle being replaced; if a
household has no vehicle transactions, then the net capital cost is equd to zero. In order to
capture the “income effect” on the net capitd cog, | divide the net capital cost by the natura

logarithm of household's annua income (both in $1,000). The “income effect” of the net

capita cost isfound in many other studies such as Brownstone and Train(1999).

The result in Table 4 shows that the net capital cost has a negative sign, as we expect,

and it is sgnificant. Given its nonlinear form, it shows that households with lower income are

more sengdtive to the net capital codt.
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b. Average Operating Cost

The average operating cost is the average fud cost of a household's new fleet after the
vehicle transaction. It is equd to the average fud cost of dl of the existing vehidesif the
household does not have any vehicle transactions. The average operating cost isin terms of
cents per mile and is calculated based on the assumption that the gasoline priceis
$1.20/gdlon. All the prices arein terms of 1995 dollars. It does not include maintenance
cost because there is no good measurement for the maintenance cost at present. Moreover,
the average operating cost is dso divided by the natura logarithm of households' annua
income (in $1,000) because | expect that there is an “income effect” on operating cost as

widl.

In order to look into the effect of operating cost on households with different types of
vehicle transaction choices, | interact the average operating cost with the “inertia’ dummy
variable, i.e. the non-transaction constant and the “addition” dummy varidble. The resultsin
Table 4 shows that the average operating cost is negative and significant except for
households without a vehicle transaction or with avehicle addition. Thisindicates that
househol ds replacing vehicles prefer to purchase vehicles which will lead to lower average
fud cog for their fleets, but households adding a vehicle do not pay too much attention to
fud cogt. The lower-income households are more senstive to this than higher-income

households.
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c. Average Accderation Time

Accderation time is the average time in seconds required to reach 30 mile/hour from a
complete stop. The average acceleration time of the household's new fleet is shown in Table
410 be dmogt “zero”. Unlike the stated preference experiment in which we can control for
the variations and corrdation for different variables through experimenta design, in the
reveded preference data there is actudly not much variation for acceleration time and there
ismogt likely high collinearity between acceleration time and other vehicle attributes such as
range and top speed. Therefore, the estimation for the average accderation time in the RP

model is expected to be imprecise.

d. Average Top Speed

Top speed isthe highest speed that a vehicle can attain and it isin terms of hundreds of
miles per hour. Smilar to the average acceleration time, the estimated coefficient for the
average top speed in the RP modd is dso expected to be imprecise although it showsto be

ggnificantly postivein Table 4.

e. Range of the Purchasing Vehicle

Range is defined as the distance avehicle can travel between refueings/rechargings (in
hundreds of miles). Thereislittle variation among the ranges of the purchased vehicles.
Therefore the estimate is dso expected to be imprecise dthough it is postive and sgnificant

in Table 4.
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f. Maximum Range for the New Holding Vehides

Multiple-vehicle households, probably do not care about the range of every vehiclein
ther fleet aslong as they have at least one vehicle whose range is long enough for them to
make certain trips. Thisis because those households with multiple vehicles can put vehicles
with different ranges into different uses. Therefore, | put maximum range in the RP model in
addition to the range variable. Because there is little variation of the rangesin the RP data, it

IS expected that the maximum range has a high correation with the range varigble.

In order to reflect the margind effect of the maximum range varigble on the utility function,
the square term of the maximum rangeisincluded as wdl. From the estimatesin Table 4, we
can see that the coefficient on the squared range term is negative and significant which
indicates decreasng margind utility due to a unit increase of the maximum vehicle range.

Nevertheless this margindl utility is still positive for ranges as large as 365 miles'® .

0. Vehide Pallution Leve

Vehicle pollution leve is a measurement of vehicle talpipe emisson. It isdefined asthe
tallpipe emissons as afraction of comparable 1995 new gas vehicles. However, we do not
have accurate data to serve as a good measurement for the pollution variable. We used the
pollution limitsin effect in the RP data when the vehicleswere new. In the RP data, the

pollution varidble is highly corrdated with vehicle vintage and vehicle body types such as

'8 The number can be calculated by solving the equation for marginal utility of range. Itisequal to
[2.590/(2*0.355)]* 100 i.e. 365 miles.



trucks. Therefore, it is difficult to interpret the estimate for the pollution variable in our RP

data dthough it shows to be pogtive and Sgnificant in Table 4.

h. Vehicle Body Type Dummy Variables

Vehicle body type is consdered to be a very important vehicle attribute. We classfy
vehicle body typesinto severd categories. smdl cars (including mini cars, subcompact cars,
and compact cars), large cars (including midsize and large Size cars), sport cars, trucks
(induding compact pickups and standard pickups), vans (including compact and standard
vans), mini sport utility vehicles and sport utility vehicles (including compact and standard
gport utility vehicles). Inthe RP modd, | leave the large-Size car category as the base
category. Therefore, the negative coefficient of smal cars shows that households prefer
large-9ze carsto small cars. From Table 4, we can see that except for sport utility vehicles,

vehicles with other body types are less preferred by consumers.

I. Import/Domestic Vehicles

A vehicleis consdered to be an import vehicle if the vehicle has an import nameplate.
Otherwise, it is considered to be adomestic vehicle. In order to look at households' choices
of their fleets, two dummies are created: oneisadummy indicating thet every vehicle of
household' s fleet is an import vehicle, the other isadummy indicating that every vehicle of
household' sfleet is adomedtic vehicle. The left out category is the case where households
own both import and domestic vehicles. According to the estimatesin Table 4, households

prefer to have dl import vehicles or dl domestic vehicles.
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J. Luxury Vehicles
A vehicdleisviewed asaluxury vehide, i.e. higher-price-tier vehideif the vehideisa
“luxury” model within avehicle body-class The coefficient of luxury vehide dummy is

negative and inggnificant.

K. Vehicle Vintages

The vehicdle vintage shows how old the vehicleis. It equas zero if the vehicleisanew
vehide it equas oneif the vehicdeis one-year old and so on. In the RP moddl, | creste a
dummy for new vehicles, and one dummy for one-year-old vehicles because we expect that
there isabig difference between the willingness to pay for anew vehicle and a one-year-old
vehicle for consumers. Then | take the naturd logarithm of vehicle vintages for vehicles more
than one-year old snce we expect that the depreciation rate for vehiclesis of non-linear
form. From Table 4, we can see that a new vehicle is worth much more than a one-year old
vehicle by comparing their coefficients and vehicle vaue drops gradudly according to alog

linear form as the vehicle gets older.

[. Number of Vehiclesin Class
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| caculate the naturd logarithm of the number of vehicdlesinaclass Theresult in Table 4
confirms the hypothesis thet if there are more vehicles in some class, consumers prefer the

vehiclesin that dass more.

m. Transaction Type-Choice Dummies

| put the non-transaction or “inertia’ and the “addition” dummy in the RP data to capture
the unobserved transaction cost associated with non-transaction or adding avehicle. Theleft
out choiceisreplacing avehicle. Both the “inertid dummy and the “addition” dummy are
dternative- specific congants. Putting in the two dummies helps explain the unexplained

factorsin the RP modd, thereforeit is crucid to include them in the estimation.

n. Household Demographic Characteristics and Changes

According to many former studies such as Train(1986), a household’ s demographic
characterigtics play an important role in its vehicle transactions. So | interact severd
demographic factors with the transaction-type-choice dummies such as “inertid’ or

“addition” to reflect different effects brought by the demographic factors.

For example, | look at the choices for those househol ds whose number of vehicles per
driver islessthan or equd to one. It turns out that the coefficient on the dummy is postive
and sgnificant which shows that households who have numbers of vehicles less than or equd
to the number of drivers are more likely to add vehiclesto therr fleet. | dso interact

“addition” with the high-income-class dummy and the low-income-class dummy. Theresults
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in Table 4 show that high-income households are more likdly to add vehicles to their fleets
and the effect issgnificant. However, when | put in the RP modd the dummy which stands
for households who have demographic change(s) and choose to add or replace a vehicle, the
coefficient is pogtive but not a avery sgnificant level. This may be because the other

demographic factors have aready helped explain mgor effects.

0. Household Portfolio Choice

It is observed that multiple- vehicle househol ds purchase vehicle(s) and put them into
different uses. So, maximizing the utilities that they can get from holding different
combinations of vehiclesisther objective. Therefore, | look into households “portfolio

choices’ for tharr fleets.

There are severd variables | put in the RP modd which are associated with households
vehicle portfolio choices. The dummy variable, “replacing a chegper vehicle’ sands for
househol ds that replaced an existing vehicle with a more expensive one. Its coefficient is
positive, though not sgnificant. Another dummy, “replacing an existing vehide with the same
body type asthat of the purchased vehicle’ is postive and very Sgnificant. Thisimpliesthat
most households are trying to maintain the vehicle body type compostion of their fleets when

they decide to make a vehicle replacement.

From the estimation results, | aso find that the market value of the remaining household

vehiclg(s) of household' sfleet is crucid -- remaining vehicles are the origind vehide(s) which
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were kept after the vehicle transaction. The coefficient is podtive and very sgnificant which
may be interpreted as the remaining vehicle vaueis part of the household' swedth. This

finding is congstent with what is found in Ren(1995).
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3.5 Stated Preference Vehicle Transaction Model Specification

Households stated preference transaction data comes from the first-wave SP
experiment in which each household was given vehicle addition and replacement choices and

was asked to choose among the six given hypothetical dternative-fud vehides™

3.5.1 Description of the SP Multinomial Logit Model

The*“treg” gtructure for the SP multinomid logit transaction model is Smilar to the one for
the RP mode in Figure 1. The exceptions are that there are only 6 dternatives instead of 12
to choose from (at each of the lower-leve branches) and households do not get to choose
“do nothing”. Note that the “treg” structure only servesto better specify the MNL mode
and no nested tructure isimposed by this Sructure. The dependent variable is equa to zero

if the hypotheticd vehicle is not chosen and equd to one otherwise.

The total number of unique alternativesis 120. The alternatives comes from the combinations of four
fuel types (electricity, CNG, methanol and gas), five size classes(mini, subcompact, compact, midsize and
large) and six body types(regular car, sports car, truck, van, station wagon, sports utility vehicle). Each
household was given three vehicles with different fuel types and size classes and they were presented in
either of two specified body types. Therefore, each household faced six hypothetical vehiclesto choose
from.
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Based on the “treg’ structure representing the SP vehicle transaction mode, | apply the
conditiona multinomia logit modd to the SP data. The SP MNL modd estimationresultsis

shown in Table 4 with estimated coefficients lised in column 2 of Table 4.

3.5.2 Description of the SP Nested Logit Model

Motivated by former studies such as Bunch and Bradley (1995), Brownstone and Train

(1999), | impose three non-overlapping nests on the SP data: one consisting of dectric

vehicles, one congsting of compressed naturd gasoline vehicles, and one congsting of

gasoline and methanol vehicles. The nested structure can be described in Figure 5 below.

Figure5. Description of the Nested Structurefor the SP Transaction Data

Household
GAS or Methanol
F\/
CNG
| ~.
Vehicle choices Vehide Vehicle Choices
Choices

The SP nested logit(NL) estimates are achieved by fully maximizing the log-likdlihood
function described in the theoreticad framework section. The estimated coefficients are listed

in column 3 of Tableb.
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3.5.3 Comparisons of the Estimation Results of MNL and NL Models

Both the MNL and NL estimates are shown in Table 5. Column 2 and Column 3 of

Table 5 give the estimated parameters and standard errors respectively for the multinomia

logit and nested logit models with the same specification.

Table5. Multiple-Vehicle Household SP Transaction Model Estimation Results
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Explanatory Variables MNL Coeff. NL Coeff.
(T-STATS) (T-STATYS)

Cost Variables
net capital cost /In(household income/$1k) (in $1k) -0.234 (-5.378) -0.363 (-5.172)
average fuel cost/In(household income/$1Kk) “(in cents/mile) | -0.240 (-3.860) -0.316 (-3.581)
average fuel cost * addition dummy 0.131 (0.980) 0.124 (0.905)
Vehicle Performance Attributes
average accel eration time (in seconds) -0.047 (-1.711) -0.081 (-1.932)
average top speed (in hundreds of miles/hour) 0.343 (1.709) 0.484 (1.609)
range of the purchasing vehicle 0.318 (6.553) 0.636 (5.051)
(in hundreds of miles)
maximum range of holding vehicle(s) 0.263 (1.415) 0.488 (2.062)
(in hundreds of miles)
sguared maximum range -0.047 (-1.508) -0.080 (-2.136)
Vehicle Pollution Measurement
tail pi pe emission of the purchasing vehicle -0.334(-2.128) -0.040 (-1.836)
Hypothetical-Vehicle-Body-Type Dummies
small cars -0.309 (-4.137) -0.267 (-2.668)
sport cars 0.734 (1.596) 0.806 (1.639)
pickup trucks -0.614 (-5.296) -0.722 (-5.760)
Vans -0.867 (-4.021) -0.797 (-3.363)
sport-utility-vehicles 0.557 (1.188) 0.527 (1.057)
mini-sport-utility-vehicles -1.011 (-1.134) -0.777 (-0.820)
Specific Attributes of Alternative Vehicles
electric vehicles -0.128 (-0.634) -0.345 (-0.613)
electric sport cars -0.387 (-1.015) -0.316 (-0.624)
electric pickup trucks -0.261 (-1.119) -0.298 (-1.184)
compressed natural gasoline vehicles 0.400 (2.990) 0.625 (1.236)
methanol vehicles 0.537 (4.512) 0.953 (4.805)
electric vehicle* having college education 0.379 (2.723) 0.807 (2.470)
addition constant * electric vehicles 0.675 (4.485) 0.669 (4.225)
refueling/recharging station availability 0.507 (3.613) 0.756 (3.035)
Household Portfolio-Choice Variables
repl acing-lower-val ue-vehicle dummy 0.333 (2.150) 0.348 (2.115)
replacing-same-body-type-vehicle dummy 1.148 (13.223) 1.188(13.414)
oldest vehicle vintage -0.017 (-1.590) -0.017 (-1.556)
market value of the remaining holding vehicles 0.099 (6.238) 0.132 (6.347)
(in $1k)
from no-car households to one-car households -0.262 (-1.575) -0.315 (-1.786)
from no-sport-car households to one-sport-car households | -0.035 (-0.069) -0.031 (-0.057)
from no-van households to one-van households 0.207 (0.959) 0.135(0.572)
from no-SUV households to one-SUV households 0.926 (1.833) 1.045 (1.943)
vans* household size >=3 0.902 (5.477) 1.045 (5.200)
sport cars* household size >=3 -0.892 (-1.430) -1.188 (-1.876)
addition constant -0.434 (-1.475) -0.398 (-1.322)
addition constant * households with annual income <=$45k | 0.264 (1.874) 0.308 (2.124)
addition constant * households with annual income >=$90k | -0.045 (-0.163) -0.115 (-0.412)
Inclusive Values (in nested logit model)
inclusive valuesfor electric or CNG vehicles 0.459 (6.069)
inclusive values for Gasoline or Methanol vehicles 0.482 (6.094)
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Notethat: 1) theloglikelihood vaues for the multinomid logit and nested logit modd are -
3953.660 and —3938.135 respectively;
2) the number of observation is 26472 and the number of households is 1626;
3) thepseudo R2is 0.1197 for the multinomid logit modd and it is 0.3242 for
the nested logit modd;
4) the“basg’ vehideszeis"midszelarge’ cars, the “base’ fue typeis
“gasoling’.

Mog varidbles in the SP modes have smilar definitions to the varigblesin the RP modd.
However, some variables are pecific to the SP data. First of dl, “eectric vehicles’,
“compressed natural gasoline vehicles’, and “methanol vehicles’ are dternative-fud-vehide
dummies. The MNL estimates in Table 4 show that coefficients of CNG and methanol are
positive and sgnificant while the eectric vehicle coefficient is negative and not sgnificant. The
coefficient for methanol vehiclesis pogtive but not sgnificant in the nested logit modd. It is
difficult to explain these results becauise we do not have detailed atributes for the dternative-
fud vehides such asdud fud availability which may affect consumers preferences for
dternative-fue vehicles. Adding in such atributes may be consdered in future work. |
Interact the eectric-vehicle congtant with sport-car and pickup-truck dummies: both
coefficients are negative but not significant. However, when | interact the eectric-vehicle
dummy with the househol d- member- having- college- education dummy, the interaction termis
positive and dgnificant. Thisis congstent with the finding in former studies such as
Brownstone and Train(1999). Another important attribute for dternative-fud vehidesis

“refuding/recharging station availability” which defines the percentages of available

refuding/recharging stations. This attribute is aso Sgnificantly positive as expected.



a) MNL estimates versus NL estimates

The nested logit mode has a better fit than the multinomid logit modd. The absolute
vaue of itslog-likelihood is much smdler. The result of alog likelihood retio test dso shows
that the nested logit modd is better. The likelihood ratio test satistic is equd to -2(-
3953.660-(-3938.135)) which is 31.05. However, the critical vaue for chi-sgquared
distribution with 2 degrees of freedom (which is equa to the number of redtrictions) is only

5.99 which is much smaller than 31.05.

For the nested logit modd, the estimated coefficient of the inclusve vaues for eectrica
and CNG vehiclesis 0.459° whileit is 0.482 for the gasoline and methanol vehides
Therefore, we can see that the two coefficients are very close in magnitude and they are both
very ggnificant which shows that there is strong corrdation among the unobservables for

dternatives within the nests.

All the coefficient estimates have the same sgns in both the NL moded and the MNL
modd. However, most of the coefficientsin the NL modd are larger in magnitude, except
that several body-type related attributes have smdler coefficients. Thisfinding is condstent
with the findings in Brownstone and Train (1999) where they find that the parameter
esimates are usudly larger in mixed logit modes than standard logit modds. Thefinding is

als0 expected because nested logit models dlow certain correlation structures, impose less

| allow the coefficients of the inclusive values for the electrical and CNG vehiclesto differ first and
obtain separate estimates for them. However, the estimation results show that thereis no significant
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sringent restrictions, and the variance of the disturbance term is smdler. Therefore, the
parameters in the nested logit are expected to be larger ance the utility function is normdized

by the variance of the disturbance term.

Some of the ratios of the estimated parameters (which are economicaly meaningful) are
amilar in the sandard logit and nested logit. For example, the ratio of average top speed to
net capitd cost is 1.47 in the standard logit and 1.33 in the nested logit. However, some of
the ratios are quite different in the two models. For example, the ratio of household-member-
having- college- education-choos ng-an+-electric-vehicle to the net capitd cost is 1.62 in the

dandard logit whileit is 2.22 in the nested logiit.

difference between the two estimates. Therefore, | constrain the two coefficients to be the samein the
nested logit model since it does not affect the model estimation.
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b) SPmode estimates versus RP modd estimates

Sincethe MNL and NL estimates are smilar for the SP data, | will Smply compare the
SP MNL estimates againgt the previous RP MNL modd estimates. From Table 4, we can
tell that there are some big differences between the estimates of these two models. Firt,
some of the atributes have different sgnsin the SP and RP models and they are both
ggnificant. For example, vehicle stallpipe emisson levd is Sgnificantly negative in the SP
mode but significantly positive in the RP modd.?* Some other attributes also have different
sgns dthough they may not be sgnificant in both or ether of the modes. For example,
gports car enters the SP modd insgnificantly with a positive Sgn while it enters the RP moddl
indgnificantly with a negative sgn. Second, the magnitude of the attributes can be very
different in the SP and RP modd s even though the estimates have the same signs. For
example, the coefficient for the average top speed is much larger in the RP modd (1.550)
than in the SP model (0.343). Third, theratio of the parametersin the two models can be
very different aswell. For example, the ratio of pickup trucks to smal carsis 1.99 in the SP

modd and is 0.83 in the RP modd.

2 Since the pollution variable is not well defined in the RP data, | will estimate this variable separately for
the RP and SP datain the joint model and use the SP estimate in the forecasts.
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However, most attributes, especialy the vehicle body type variables, are consdered to
be poorly estimated in the SP moddl compared to the RP modd because of the specid
design of the stated preference experiment in our survey. Therefore, | estimate many of the
vehicle atributes separately in the joint estimation modds and smply use their estimates for
the RP datain the forecasts to correct possble SP biases. For the attributes that are specific
to the SP data, | combine their estimates in the joint model and use them in the forecasting
which is necessary in terms of predicting dternative-fud vehicle market shares. Alternative-

fud dummies such as eectric, CNG or methanol are examples of this kind of variable.
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Chapter 4
Joint Revealed and Stated Preference Vehicle Transaction Model
4.1 Model Specification
From the discussion of the differences between the pure SP and pure RP estimates, we
can see that the relative trade-offs can be very different even for the common attributes of
the SP and RP data, for example, vehicle body-type variables. Therefore, how should we
decide which variables should be “ pooled” together (i.e. assigned same coefficients) and
which variables should not? There are severa factors which could affect this choice. One
factor isthat the estimates are quite different for the same variablesin the RP and SP data
The other factor is that according to the characteristics of the RP and SP data, it is expected
that either the RP or SP data provides better estimates for some variables. For example, the
body type dummy variables are not well presented in the SP data because of the bias of the
SP experimenta design and it is expected that the body type estimatesin the SP data are
biased. Therefore, vehicle body type dummies are estimated separately for the RP and SP
data and we can see from Table 6 that there are big differences between the estimates.
Another factor isthat Satigticdly it is not possible to pool some attributes with quite different
edimates (in terms of the magnitudes of the coefficients and the significance levels) in the RP
and SP modds. For example, | do not merge the variable, “replacing-same-body-type-

vehide dummy” for the RP and SP data.
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Based on my experience and the findings in former studies such as Brownstone, Bunch
and Train(1999)??, mogt of the generic atributes, for example, net capita cogt, range,
average acceleration time etc. are “pooled” together after amply scaling the SP data
However, most body-type related variables are estimated separately for the SP and RP
data. Thus, there are three types of attributes in the joint SP-RP models. one is the common
generic attributes whose coefficients are the same for the SP and RP data; one is the other
common attributes whose coefficients are estimated separately for the SP and RP data; and

one is attributes which are specific to the SP or RP data.

The conditional multinomid logit estimation results for the joint SP and RP data are given
in column 2 of Table 6. In order to relax the basic [1A assumption of the MNL modd, | also
apply the nested logit model to the joint SP and RP data set. The nested structure is
specified the same as the one in Figure 2 where dectric vehicles, CNG vehicles and gasoline
or methanol vehicles are gathered into three different groups. The FIML nested logit

estimation results for the joint SP-RP data are given in column 3 of Table 6.

“Brownstone, Bunch and Train(1999) mention that coefficients acting as “ alternative specific constants”
(“ASC’'s") might be much less likely to “pool” than coefficients associated with “generic attributes”.
The body-type coefficients are expected to behave similarly to “ASC’'S” besides the differences which
could be caused by the different data generation processes of the SP and RP choices. Therefore, vehicle
body type variables are estimated separately.
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As specified in the theoretical framework section of chapter 3, ascale factor is
introduced to account for the different variances for the random error componentsin the RP
and SP data. The scde factor is estimated (in both the joint MNL and joint NL models)
using a program written to search for the vaue which maximizes the log-likelihood function.

It is expected that the SP datais more “noisy” than the RP data. Therefore, the magnitude of
the scale factor is expected to be within the unit interva. It turns out that the scde factor is
0.70 for the joint MNL modd, whileit is0.92 for thejoint NL modd. Therefore, the MNL
scale factor isnot only smaler than one but dso smdler than the NL scade factor. Thisfinding
issmilar to the results in Brownstone, Bunch and Train(1999) dthough the scae factor for

their mixed logit modd is gregter than one.
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Table6. Multiple-Vehicle Household Joint RP/SP Transaction Model Estimation

Results

Explanatory Variables MNL Coeff. NL Coeff.

(T-STAT) (T-STAT)

Cost Variables (Joint RP/SP)
net capital cost /In(household income/$1Kk) (in $1k) -0.351 (-9.069) -0.370 (-8.927)
average fuel cost/In(household income/$1k) (in cents/mile) -0.342 (-4.196) -0.318 (-3.814)
average fuel cost * non-transaction dummy 0.351 (2.745) 0.292 (2.357)
average fuel cost * addition dummy 0.285 (2.085) 0.226 (1.938)
Vehicle Performance Attributes
average acceleration time (in seconds) (joint RP/SP) -0.088 (-2.316) -0.099 (-2.401)
average top speed (in hundreds of miles’hour) (joint RP/SP) 0.556 (2.036) 0.578 (1.957)
range of the purchasing vehicle 0.471 (7.417) 0.611 (6.263)
(in hundreds of miles) (joint RP/SP)
maximum range of holding vehicle(s) (in hundreds of miles) for 2954 (3.273) 3.180(3.249)
RP
maximum range of holding vehicle(s) (in hundreds of miles) for 0.260 (1.011) 0433 (1.788)
SP
sguared maximum range for the RP data -0.393(-3.751) -0.427 (-3.757)
sguared maximum range for the SP data -0.043(-1.011) -0.070 (-1.774)
Vehicle Pollution Measurement
tail pipe emission of the purchasing vehicle for the RP data 0.302 (3.626) 0.323(3.831)
tail pipe emission of the purchasing vehicle for the SP data -0.356 (-1.594) -0.367 (-1.601)
Purchasing-Vehicle-Body-Type Dummies
small carsfor the RP data -0.259 (-2.084) -0.255 (-2.049)
small carsfor the SP data -0.153 (-1.461) -0.113 (-1.090)
sport cars for the RP data -0.056 (-0.179) -0.025 (-0.072)
sport carsfor the SP data 1.177 (1.826) 0.947 (1.814)
pickup trucks for the RP data -0.281 (-1.853) -0.272 (-1.794)
pickup trucks for the SP data -0.966 (-6.130) -0.843 (-6.492)
vans for the RP data -1.076 (-2.893) -1.019 (-2.766)
vans for the SP data 0.237 (1.332) 0.186 (1.244)
sport-utility-vehiclesfor the RP data 0591 (2.184) 0.628 (2.313)
sport-utility-vehicles for the SP data 0.874 (1.328) 0.640 (1.205)
mini-sport-utility-vehicles for the RP data -1.430(-1.871) -1.262 (-1.641)
mini-sport-utility-vehicles for the SP data -1.297 (-1.034) -0.793 (-0.786)
Other Attributes of the Purchasing Vehicle (RP only)
natural logarithm of number of makesin the same-size class 0.793 (10.611) 0.803 (10.655)
luxury vehicles -0.249 (-1.662) -0.191 (-1.247)
foreign vehicles -0.371 (-3.010) -0.398 (-3.204)
new vehicles 1.122 (6.053) 1.131 (6.089)
1-year-old vehicles 0.34 (1.762) 0.335 (1.673)
natural logarithm of vehicle vintage -0.380 (-3.229) -0.417 (-3.525)
Household Portfolio-Choice Variables
replacing-lower-value-vehicle dummy for the RP data 0.139 (0.906) 0.163 (1.072)
replacing-lower-value-vehicle dummy for the SP data 0.658 (3.148) 0.483 (2.834)
replacing-same-body-type-vehicle dummy for the RP data 0.659 (5.383) 0.666 (5.451)
replacing-same-body-type-vehicle dummy for the SP data 1.383 (12.028) 1.102 (12.230)
oldest vehicle vintage (RP only) -0.043(-4.538) | -0.036 (-4.218)
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market value of the remaining holding vehicles (in $1k) 0.111 (7.136) 0.115 (7.853)
(joint RP/SP)

from no-car households to one-car households for the RP data 0.199 (1.524) 0.199 (1.486)
from no-car househol ds to one-car households for the SP data -0.351 (-1.548) -0.319 (-1.713)
from no-sport-car househol ds to one-sport-car households- RP | -0.439 (-1.306) -0.440 (-1.309)
from no-sport-car househol ds to one-sport-car households- SP | -0.078 (-0.112) -0.040 (-0.069)
from no-van households to one-van households for the RP data 0.931 (2.528) 0.927 (2.520)
from no-van households to one-van households for the SP data | -1.401 (-0.226) -1.106 (-9.818)
from no-SUV households to one-SUV households for RP data 0.043 (0.159) 0.044 (0.161)
from no-SUV households to one-SUV households for SP data 1.174 (1.661) 0.998 (1.744)
all domestic vehicle(s) 0.359 (3.153) 0.352 (3.087)
al imported vehicle(s) 0.479 (4.287) 0.483 (4.318)
Specific Attributes of Alternative Vehicles (SP only)

electric vehicles -0.100 (-0.354) -0.280 (-0.532)
electric sport cars -0.528 (-0.982) -0.365 (-0.693)
electric pickup trucks -0.346 (-1.056) -0.305 (-1.130)
compressed natural gasoline vehicles 0.587 (3.129) 0.596 (1.257)
methanol vehicles 0.752 (4.483) 0.905 (4.644)
electric vehicle* having college education 0.535(2.723) 0.753 (2.503)
addition constant * electric vehicles 0.953 (4.520) 0.716 (4.263)
refueling/recharging station availability 0.637 (3.204) 0.734 (2.961)
Transaction-Type Dummy Variables

“inertid’ i.e. non-transaction choice (RP only) 7.120 (14.101) 7.788 (12.952)
addition constant for the RP data -0.071 (-0.247) 0.020 (0.078)
addition constant for the SP data 0.123 (0.303) -0.307 (-1.081)
Demographic Characteristics and Changes

addition* number of vehicles lessthan or equal to number of 1.808 (13.338) 1.811 (13.361)
drivers (joint RP/SP)

addition * households with annual income<=$45k for RP data -0.131 (-0.836) -0.113 (-0.725)
addition * households with annual income<=$45k for SP data 0.304 (1.599) 0.270 (1.808)
addition * households with annual income>$90k for RP data 0.569 (2.724) 0.558 (2.674)
addition * households with annual income>$90k for SP data 0.015 (0.040) -0.059 (-0.200)
addition or replacement* household demographic change(s) 0.094 (0.905) 0.094 (0.917)
(joint RP/SP)

vans* household size >= 3 (joint RP/SP) 0.906 (5.089) 0.795 (4.970)
sport cars* household size >= 3 for the RP data 0.758 (2.377) 0.749 (2.350)
sport cars* household size >= 3 for the SP data -1.208 (-1.387) -1.209 (-1.787)
Inclusive Values (in the nested logit model)

Inclusive values for electric and CNG vehicles 0.525 (7.015)
(constrained to be equal)

Inclusive value for the gasoline or methanol vehicles (combined 0.544 (7.144)

in single group)
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Notethat: 1) thelog-likelihood vaues for the joint multinomid logit and nested logit
models are - 7043.851 and —7031.303 respectively;
2) the number of observationsis 99930 and the number of householdsis 3852,
3) the pseudo R2 vdueis0.423 for the joint multinomid logit modd whileit is
0.610 for the joint nested logit modd;
4) the“basg’ vehidedassis“midszellarge’ cars and the “basg’ fue typeis
gasoline.

4.2 Comparisons of the Estimation Results of Joint MNL and NL Models

a) joint MNL estimates versusjoint NL estimates

Similarly to the SP modds, the nested logit model gives a better fit for the joint data --
the absolute vaue of the log-likelihood function is much smaler than thet of the multinomia
logit. The coefficients of the inclusive vaues for the three “nests’ (about 0.5) are closeto
each other and are very sgnificant, which reflects a strong correlation of the unobservables

of dternatives within each nest.

Compared with the joint MNL modél, al the estimated parameters in the joint nested
logit have the same sign except for the addition dummies. However, the addition dummies
are not sgnificant in ether of the modds. The magnitude of the coefficients for some
variables are larger in the nested logit than the standard logit. But the magnitude for most
body-type related variables and fuel cost variablesis somehow smdler in the nested logit
than the slandard logit. The significance levels are generadly similar in both models for most
variables athough there are afew exceptions. For example, the CNG dummy variable is

sgnificant in the sandard logit while insgnificant in the nested logit. The ratios of the
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estimated coefficients are quite Smilar in both of the models. For example, the ratio of
average acceleration time to net capitd cost is0.25 in the joint MNL modd and itis0.26 in
the NL modd. The ratios can be very different for some variables in the models since some

variadles even have different Sgnsin the modes asit is mentioned above.

b) Joint SP-RP Mode versus Pure RP or SP Model

To be conagent, | smply compare the conditiona multinomid logit estimates of the joint

data, the pure RP data and the pure SP data against each other.

The common variableswhich are “pooled” together in the joint mode dl have common
dggns, and most of them have amilar Sgnificance levelsin both the joint and pure RP models
(See Table 4 and Table 6.). However, there are afew exceptions. For example, average
acceleration time and average top speed are both significant in the joint SP-RP modd while
they areindgnificant in the pure RP modd. The magnitude of the coefficients for most
“pooled” common variablesis smdler in the joint mode than the pure RP modd except for
variables such as average accerdtion time, naturd logarithm of vehicle vintage, and the
dummy of household with 3 or more members buying vans. Theratios of the coefficients for
these variables in the two modes can be very different. For example, the ratio of average top
Speed to net capital cost is much smaller (equa to 1.58) in the joint model than the RP model

(equal t0 4.35).
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For the common variables which are estimated separately for the RP and SP dataiin the
joint model, we can see from Table 6 that there are large differences between the
corresponding SP data and RP data estimates. For example, the RP coefficient for van
dummy is dgnificantly negetive while its coefficient is postive and indgnificant for the SP
data. Aswe expect, most body type related varigbles have very different estimates for the
pure RP and pure SP data. Therefore, it is useful to distinguish their differences and use the
corresponding RP estimates in the forecasting to correct for the specific body-type biases

associated with the SP experiment design.

Compared to the pure SP estimates, most SP specific variables have larger coefficients
in magnitude in the joint mode than the pure SP modd except for the eectric vehicle dummy
varigble, which isinggnificant in both of the models However, the ratios of most of these
variables are amilar in both of the modds. For example, the ratio of methanol to net capita
cost is2.14 in thejoint modd and 2.29 in the pure SP modd. Moreover, dl the “pooled”

common variables and the SP specific variables have same signsin both of the models.
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Chapter 5
SCENARIO FORECASTS

5.1 New Vehicle Technology Filefor Year 1998

As pointed out in Brownstone, Bunch and Train (1999), the easiest way to seethe

differences among the various models is to compare their forecasting results.

To compare the pure SP and the joint SP-RP MNL models, | first use the same vehicle
technology file as the one used by Brownstone, Bunch and Train (1999). The detalled
description of the vehicle choicesis given in Appendix V1. This description is congdered to
reflect the new vehicle market and the available vehicle technology in year 1998 dnceit is
based on expert predictions. However, there are limitations of the vehicle technology file.

For example, information about the battery replacement costs for dectric vehicleis not
included. The fud cogts are caculated by dividing the fud price by vehicle fue efficiency
assuming that gasoline price is $1.20/gallon and dectricity cogts 6 centsKWH. All the prices
arein 1995 dollars. Appendix VI assumes that eectric vehicle technology would be available
for mini cars, subcompact cars, sports cars, compact pickup trucks and minivansin 1998,
and that CNG and methanol vehicle technologies would aso be available for limited types of

vehicles

#\\e choose year 1998 because it was originally the year that Californiawould begin to mandate the sale
of certain number of alternative-fuel vehicles, although in our survey households were actually asked to
choose from hypothetical AFV s designed for year 1998. The new vehicle technology fileis provided by
the California Energy Commission.
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Asto the predicted performance of AFVsin year 1998, dectric vehicles are predicted
to have very limited range, 75 milesfor every type of vehicle, and to have top speed that are
generdly lower than those of amilar type gasoline vehidles. In redity, the ranges of the
electric vehicles offered by auto manufacturers are around 75 miles or even less. According
to the statigtics on the web Site of Electric Vehicle Association of the Americas, the range of
EV1 offered by Generd Motorsisabout 70 miles to 90 miles while the range for S-10
Electric offered by Chevrolet is only about 40 to 60 miles. The performance of methanol

vehiclesis predicted to be comparable with that of smilar type gasoline vehicles.

5.2. Forecasting Results Based on the New Vehicle Technology File

a) The Pure SP and the Joint SP-RP MNL Model Forecasts

Taking the new vehicle technology file as given, | firgt forecast the demand for each type
of new vehiclesin year 1998 using the estimated parametersin the pure SP MNL model.
Then | conduct another run using the estimates from the joint SP-RP MNL model. The
results are given in Table 7. Note that the forecasts are not weighted. The forecasts are for
the 2226 households who have complete RP data. Therefore they do not represent overdl

vehicle market forecasts.
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In the joint SP and RP model, some common variables of the SP and RP data are
pooled and estimated together, which is one of the strengths of the joint estimation. The
common coefficients are used in the forecast. While for the other common variables, they are
estimated separately in the joint model because most of them are associated with vehicle
body types which are estimated with biases in the SP data. Therefore, | choose to use the

RP estimates for these coefficients in the forecast?.

# The Pollution variableis an exception to this case. Because we do not have a good measurement of
vehicle pollution in the RP data, | choose to use the SP estimate of the pollution coefficient in the
forecast.
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Table7. Predicted Market Shares of Pure SP versus Joint SP-RP MNL M odel

SP MNL Modd Joint RP/SP MNL
M odel
Index Body Type Hilo D/l Fue Full Gasoline Full Gasoline
Type Scenario | Vehicles Scenario | Vehicles
Only Only
1 Mini Car low I electric 2.338 0.29
2 Mini Car high I gasoline | 295 370 0.86 090
3 Subcompact low D dectric 216 033
4 Subcompact low I gasoline | 5.09 6.38 9.82 10.24
5 Subcompact high I gasoline | 158 197 0.90 095
6 Compact Car low D gasoline | 551 6.90 14.92 1557
7 Compact Car high I gasoline | 147 183 1.09 114
8 Compact Car low D cng 198 0.18
9 Midsize Car low D gasoline | 504 6.31 1243 12.98
10 Midsize Car low D methanol | 345 177
11 Midsize Car high I gasoline | 1.92 240 092 0.96
12 Midsize Car high D gasoline | 1.80 224 047 0.49
13 Midsize Car high D methanol | 1.34 0.10
14 Large Car low D cng 189 014
15 Large Car low D gasoline | 469 5.86 591 6.17
16 Large Car high D gasoline | 118 147 033 034
17 Sport Car low D dectric 358 0.08
18 Sport Car low I gasoline | 9.00 11.27 398 416
19 Sport Car high D gasoline | 249 311 0.10 011
20 Sport Car high I gasoline | 1.34 1.66 0.20 021
21 Compact Truck  low D dectric 0.80 011
22 Compact Truck  low I gasoline | 209 262 555 578
23 Compact Truck high D gasoline | 1.14 143 105 110
24 Standard Truck  low D gasoline | 120 150 520 543
25 Standard Truck  low D  methanol | 0.85 0.46
26 Standard Truck  high D gasoline | 0.93 116 084 0.87
27 Mini Van low I electric 058 0.08
28 Mini Van low D gasoline | 154 193 767 8.02
29 Mini Van high I gasoline | 107 134 0.60 0.63
30 Standard Van low D gasoline | 142 177 9.26 9.68
31 Standard Van low D methanol | 0.98 0.70
32 Standard Van high D gasoline | 091 113 0.63 0.66
3 Compact SUV low D gasoline | 741 9.26 7.29 7.62
A Compact SUV high I gasoline | 4.31 538 0.61 0.63
35 Standard SUV low D gasoline | 641 7.99 255 2.66
36 Standard SUV high D gasoline | 547 6.82 197 205
37 Mini SUV low I gasoline | 205 257 0.61 0.64
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The “Gasoline Vehicle Only” column gives the forecasts usng a scenario with dl new
gasoline vehidesin the full vehicle choice sat. The “Full Scenario” column gives the forecasts
using the full scenario described in Appendix VI. We can see that the pure SP modd and the
joint SP-RP modd give quite different forecasts. The pure SP vehicle transaction model
gives much higher market sharesto dternative-fud vehidlesinduding dectric vehides, CNG

and methanol vehicles while giving alower market share to gasoline vehicles.

According to the forecast numbersin Table 7, the comparison of dternative-fud vehide

market shares usng the full st of dternative vehiclesisgivenin Teble 8.

Table 8. Alternative-Fuel Vehicle Market Sharesin Percentages

Fud Type Pure SP MNL Joint SP-RP MNL
Modd Modd
Electric 950 129
CNG 3.87 047
Methanol 6.62 318
Gasoline 80.00 95.01

The pure SP MNL mode gives atota market share of 20% for the non-gasoline
vehicdleswhile the joint SP-RP MNL mode gives a non-gasoline share of 5%. The joint SP-
RP vehicle transaction modd provides more redigtic forecast. However, it is unlikely that

even 5% of the vehicles purchased in 1998 are dternative-fud vehides.
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In addition to comparing the market share for dternative-fud vehicles, | dso makea
comparison of the market shares for gasoline vehicles with different body typesjust usng the

new vehicle technology file. The comparison isgivenin Table 9.

Table 9. Forecasting Market Sharesfor Gasoline Vehicleswith Different Body
Types

VehicleBody Type Pure SP Model | Joint RP/SP Model
Small Cars 20.8 279
Midsize/Large Cars 183 21.2
Sport Cars 16.0 4.6
Trucks 6.7 133
Vans 6.2 194
SUVs 320 136

The sport utility vehicles account for more than 30% of the whole vehicle market
according to the pure SP mode forecasts which sounds unreasonably high. In contragt, the
joint RP/SP modd gives much lower market share forecasts for port utility vehicles and

sport cars. It seems that the joint RP/SP model provides better forecasts™.

%I order to explore the relevance of choosing the coefficients for forecasting, | use the same set of
coefficientsin thisjoint model forecast except that | use the SP estimates for the coefficients of vehicle
body typesinstead of their RP estimates. The forecasted market shares for different body type vehicles
arefar out of reality, with vans predicted to account for more than 40% of the vehicle market.
Nevertheless, the forecasted market share for alternative-fuel vehicles dropped from about 5% to 4%
under this scenario.
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Because according to the sale statistics of new vehiclesin 1997 reported by
Transportation Energy Data Book (See Table 6-1, Edition 18, 1998), the market shares for
smal cars, midsize/large cars, sport cars, trucks, vans and sport- utility vehicles are 30.3,
25.0, 0.6, 17.4, 10.8 and 15.9 respectively. It isobvious that the pure SP model over
predicts the market share for sport cars while underestimates the market share for sport
utility vehicle dramaticaly. However, the joint SP-RP model forecasts are much more close

to theredlity.

b) the Pure SP MNL and NL Forecasts

In order to compare the conditional multinomid logit pure SP mode and the nested logit
pure SP modéd, | conduct another run forecasts using the estimated parameters from the
pure SP NL modd. Comparisons of the forecasts are based on the full set of new vehicle

choicesand are givenin Table 10.

From Table 10 we can see that the pure SP nested logit model predicts much larger
market shares for dternative-fuel vehicles compared to the predictions of the corresponding
standard logit. For example, the predicted market shares for eectrica vehiclesand CNG
vehicles are 14.46 and 10.11 percent respectively based on the nested logit while the
standard logit only predicts 9.50 and 3.87 percent respectively. Thisfinding is consistent with

the results in former sudies. Brownstone and Train (1999) find that the mixed logit gives
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larger shares for dternative-fud vehicles and their argument is that the mixed logit specified
with the dternative-fuel error components incorporates the fact that some people actudly
prefer dternative-fud vehicles regardiess of the measured attributes. Similar argument can be

made with the nested logit modd here to support our forecasts.



Table 10. Predicted Market Shares of Pure SP MNL versus Pure SP-RP NL

M odel
Pure SP MNL Pure SP NL
Index Body Type Hilo D/l Fuel Type Mode M odel

1 Mini Car low | electric 238 473
2 Mini Car high | gasoline 295 150
3 Subcompact low D electric 216 3.89
4 Subcompact low | gasoline 509 434
5 Subcompact high | gasoline 158 0.46
6 Compact Car low D gasoline 551 5.02
7 Compact Car high | gasoline 147 0.37
8 Compact Car low D cng 198 5.74
9 Midsize Car low D gasoline 504 3.39
10 Midsize Car low D methanol 345 317
11 Midsize Car high | gasoline 192 0.49
12 Midsize Car high D gasoline 180 041
13 Midsize Car high D methanol 134 0.49
14 Large Car low D cng 189 4.37
15 Large Car low D gasoline 4.69 297
16 Large Car high D gasoline 118 0.20
17 Sport Car low D electric 358 333
18 Sport Car low | gasoline 9.00 6.24
19 Sport Car high D gasoline 249 051
20 Sport Car high | gasoline 134 0.14
21 Compact Truck low D electric 0.80 137
22 Compact Truck  low | gasoline 209 278
23 Compact Truck  high D gasoline 114 103
24 Standard Truck low D gasoline 120 136
25 Standard Truck low D methanol 0.85 135
26 Standard Truck  high D gasoline 0.93 0.78
27 Mini Van low | electric 0.58 114
28 Mini Van low D gasoline 154 187
29 Mini Van high | gasoline 107 0.96
30 Standard Van low D gasoline 142 209
31 Standard Van low D methanol 0.98 195
32 Standard Van high D gasoline 091 0.99
3 Compact SUV low D gasoline 741 8.70
4 Compact SUV high | gasoline 431 335
35 Standard SUV low D gasoline 6.41 858
36 Standard SUV high D gasoline 547 6.52
37 Mini SUV low | gasoline 2.05 341
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In order to further compare the differencesin the nested logit and standard logit
forecasts, | use two modes (smilar to the ones in Brownstone and Train(1999)) to study the

different subdtitution patternsin the three models implied by the nested logit and standard

logit.

The base scenario consgts of five gasoline vehicles (one mini car, one subcompact car,
one compact car, one midsize car and one large car) and one mini eectric car. Thetwo
models are considered under two different scenarios:

() asubcompact dectric car isintroduced to the base scenario (scenario I);

(i)  onemidsize methanol car isintroduced to scenario | (scenario 11);

| use the same representative household in these models. The representative households
have 3 or more members, its annual income is $50k, one household member has college
education, and it owns a 6-year-old subcompact car and an 11-year-old minivan areedy.
Table 11 gives the changes in the probakiilities (not redistic forecasts) that result from the
four scenariosi.e. from the introduction of new vehicles. The table shows how different
subgtitution patterns are generated by nested logit and standard logit models, which are

essentialy caused by the differences in the basic assumptions of these two models.
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Table 11. Changesin Predicted Per centages for Households under

Scenarios

Different

Percentage Changesin

Predicted Probabilities

Scenario |

(Base scenario. Add a subcompact EV.)

Logit Nested Logit
Mini Gas Car -12 -7
Subcompact Gas Car -12 -7
Compact Gas Car -12 -8
Midsize Gas Car -12 -7
Large Gas Car -12 -7
Mini EV -12 -34
Subcompact EV 12 14
Total EV Probabilities 26 30

Percentage Changesin

Predicted Probabilities

Scenario |l

(Base: scenario I. Add one midsize methanol car)

Logit Nested Logit
Mini Gas Car -17 -18
Subconmpact Gas Car -17 -18
Compact Gas Car -17 -17
Midsize Gas Car -17 -18
Large Gas Car -17 -17
Mini EV -17 -7
Subcompact EV -17 -8
Methanol Car 17 15

87



Inpart 1 of Table 11, anew subcompact eectric car isintroduced to the base scenario
with five gas cars and amini eectric car. Nested logit predicts that about 34% households
who chose to buy the mini eectric car will switch to buy the subcompact eectric car, while
only 7% or 8% of the households who chose to buy the five gas cars will choose the
subcompact electric car. In contrast, because of the Il A property, standard logit predicts
that the subcompact electric car will draw proportionately (about 12%) from the households
who chose to purchase the five gas cars and the mini eectric car. Therefore, we can see that
the nested logit provides more redlistic forecasts of the subgtitution patterns. This difference
comes from the specification of the “nest” structure in the nested logit moded which reflects
the fact that some households actudly prefer dectric vehicles regardiess of the measured

atributes.

Inpart 2 of Table11, anew methanol car isintroduced to Scenario | with five gas cars
and two electric cars. The nested logit predicts that more households (about 17% or 18%)
who chose the five gas cars will choose to buy the new methanol car (which is consdered to
have smilar performance asthe gas cars). But only 7% or 8% of the households who bought

electric cars are predicted to switch to the purchase of the new methanol car.

Therefore, we can see that the nested logit modd provides more redlistic subgtitution
patterns in generd when anew dternative-fue vehicleisintroduced. The sandard logit
modd provides unredigtic forecasts because it aways predicts that the new vehide

introduced will draw proportionately from each of the existing vehicles. However, the nested
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logit incorporates the fact that some households prefer vehicles with certain fud types. It
does this by specifying the correlation structures among the error components of vehicle

choices with different fud types.

5.3 Forecast Results Based on Both the New and Used Vehicle Technologies

The mgor disadvantage of the current forecasting scenario file is that it does not have
any description of used vehidlesand it is not avery good description of the total vehicle
market. Therefore, | try to incorporate the used vehicle technologies into the origina vehicle
technology file. | include in the scenario file another 689 used vehicle dternatives with
vintages ranging from 1-year-old to 22-year-old. Thus the new scenario file congsts of 726
vehide dternativesin totd (37 new vehicles and 689 used vehicles) and it isamuch better
representation of the whole vehicle market. The new forecasting results using the present
scenario file shows that the predicted market share for aternative-fud vehides (induding
eectric vehicles, CNG and Methanol vehicles) drops from the origina 5% to 2.09%.
Therefore, we can seethat it is very useful to include used vehicle technology in the vehide
scenario file. The forecasts are al based on the estimates from the joint SP-RP multinomid

logit modd.
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Table 12. Predicted Market Sharefor Alternative-Fuel VehiclesUsing the New
and Used Vehicle Technology File

Fud Type Using New Using New and Used
Vehicle Vehicle Technology
Technology File File
Electric 129 049
CNG 047 013
M ethanol 318 147
Gasoline (New) 95.0 58.79
Gasoline (Used) 39.12
Gasoline (Totdl) 95.0 97.91

Using the scenario file consigting of both new and used vehicles, the predicted market shares
for new and used gasoline vehicles are 58.79 and 39.12 percent respectively according to
the numbers shown in Table 12. The forecasts are more redistic because the used vehicle
market is taken into congderation. By using the same scenario file, | am aso able to come
up with the predicted market shares for new and used gasoline vehicles with different body
types. The gatigtics are shown in Table 13 below.

Table 13. Predicted Market Sharesfor New and Used Vehicles with Different
Body Types Using the New and Used Vehicle Technology File

Different Body Type New Used
Vehicles
Small Cars 176 114
Midsize/Large 128 9.3
Sport Cars 26 33
Trucks 80 55
Vans 111 4.6
Sport Utility 80 5.8
Vehicles

To make redigtic forecasts, one should use such a vehicle scenario file contain both new and
used vehicle choices, one should also use a set of households that represents the

demographics at that time; one should use a more reasonable estimation model such as
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nested logit models or mixed logit models aswell. To show the usefulness of the nested logit
models, one can conduct the Smilar forecast task as| explained in section 5.2. One can
include the used vehicle choices in the scenario file besides the new ones, use the
representative set of households and conduct forecast under the different scenarios. It will
be interesting to see how the subdtitution patterns will matter to new and used vehicles when
new dternative-fuel vehicles are introduced. To perform such atask, a nest structure on new
and used vehicles are expected. However, due to the limited number of new vehicle choices
in the sampled choice s, | did not find sufficient evidence to support this kind nested
dructure. Therefore, future work may consider devel oping more complicated nested logit

models for such forecast purpose.
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CHAPTER 6

CONCLUSIONS

Assuming that households make their vehicle type choices together with their vehicle
transaction choices, | develop and estimate separate reveaed and stated preference vehicle
transaction choice modds in which households' vehicle transaction choices arejointly
estimated with households' vehicle type choices. In addition, ajoint SP-RP modd is
estimated utilizing both the stated and revedled preference data. Sinceit is assumed that the
variances of the random error components for the SP and RP are different, a scale factor is
incorporated in the joint estimation to take account of the difference. The scae factor is

estimated to be less than 1 which means that the SP datais more “noisy” than the RP data.

| test the vdidity of 1A property of multinomia logit modd and | develop the nested logit
moded in which same-fud-type vehide-choices are grouped together. The nested structure
specification reflects the fact that some households prefer vehicles with certain fud types
regardless of their other attributes. | gpply the same nested structure to both the pure SP
data and the joint SP-RP data. According to the log-likdihood vaues of the models, nested
logit modelsfit the data better than the standard logit models. The estimated coefficients are
gmilar in the nested logit to those in the standard logit. The coefficients of the inclusive vaues
for different “nests’ are within the unit interva and they are dl very sgnificant. Thisreflects
that there is a strong correlation among the error components of vehicle choices within each

“ rmn .
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Mogt variables in the modes have the expected Sgns and are sgnificant. The variables
include cogt, vehicle performance, purchased vehicle body type dummies and other
atributes, households “portfolio choice’ variables, transaction type dummies, households
demographic characteristics and some SP/RP specific variables. The results show that some
of these variables are very important. For example, some household portfolio choice
variadles such asthe “market vaue of the remaining holding vehicles’ and some household
demographic factors such as “number of vehicleslessthan or equd to the number of drivers

in the household” play important roles, and the results are quite robust.

In order to further compare the differences between the nested logit and the standard
logit, | conducted short-run demand forecasts using the pure SP data and the same new
vehicle technology file. | find thet the nested logit gives higher market shares to dternative-
fuel vehicles, compared to gasoline vehicles, because nested logit incorporates the fact that

some households prefer AFVs no matter their other attributes.

Different forecagts are 0 carried out using the estimates from the joint SP-RP
multinomia logit mode and the new vehide technology file. By comparing the forecasts with
the ones based on the pure SP multinomia logit model, | show that the joint SP-RP mode
provides better forecasts. Because the joint MNL model predicts about 5% market share
for EV, CNG and Methanal vehiclesfor year 1998 while the prediction based on the pure

SP MNL modd is about 20% -- which isfar from redity.
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In order to make the forecasts more redigtic, | then incorporate the used vehicle
technologies into the forecasting scenario file. The predicted market share for dternative-fud
vehicles drop from the original 5% to about 2%. Therefore, | find that taking account of the

used vehicle technologies is very important in forecast.
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Appendix |: Preliminary Survey Questions about Next I ntended Vehicle Purchase

Suppose that you were considering purchasing a vehicle and the following three vehicles were available:

(assume that gasoline costs $1.20 per gallon)

miles)

(120 miles)

VehicleA VehicleB VehicleC
Fuel Type Electric Natural Gas (CNG) M ethanol
Runs on electricity only Runson CNG only Can also runon
gasoline
Vehicle Range 80 miles 120 miles 300 mileson
methanol
Purchase Price $21,000 (includes home $19,000 (includes home $23,000
charge unit) refueling unit)
Homerefuelingtime | 8hrsfor full charge (80 2 hrsto fill empty tank Not available

Home refueling cost

2 cents per mile (50 mpg
gasoline equivalent)

4 cents per mile (25 mpg
gasoline equivalent)

Service station
refueling time

10 min. for full charge (80
mi.)

10 min. tofill empty CNG
tank (120 mi.)

6 min. tofill empty
tank (300 mi.)

Service station fuel
cost

10 cents per mile (10 mpg
gasoline equivalent)

4 cents per mile (25 mpg
gasoline equivalent)

4 cents per mile (25
mpg gasoline
equivalent)

Service station 1 recharge station for 1 CNG station for every Gasoline available

availability every 10 gasoline 10 gasoline stations at current stations
stations

Acceleration Time 6 seconds 2.5 seconds 4 seconds

to 30 mph

Top speed 65 miles per hour 80 miles per hour 80 miles per hour

Tailpipe emissions

'Zero' tail pipe emissions

25% of new 1993
gasoline car emissions
when run on CNG

Like new 1993
gasoline cars when
run on methanol

gasoline vehicle

gasoline vehicle

Vehiclesize Like acompact car like a sub-compact car Likeamid-size car
Body types Car or truck Car or van Car or truck
L uggage space Like acomparable Like acomparable Like acomparable

gasoline vehicle
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Given these choices, which vehicle would you purchase? (please circle one choice)
1) Vehicle"A" (car)
2) Vehicle"A" (truck)
3) Vehicle"B" (car)
4) Vehicle"B" (van)
5) Vehicle"C" (car)
6) Vehicle"C" (truck)
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Apeendix I1. Wave-1 CATI-1 Stated Preference Vehicle Transaction Choice
Questions

Which vehicle did you choose? Wasiit the:

1. Vehicle‘A’ body type 1
2. Vehicle‘A’ body type 2
3. Vehicle'B’ body type 1
4. Vehicle*B’ body type 2
5. Vehicle*C' body type 1

6. Vehicle*'C' body type 2
7. Don’'t Know

8. Refusad
Did your household choose this vehicle as a replacement vehicle or as an additiond vehicle?

1. replacement
2. Additiond
3. Don't know
4. Refused

Y ou have crossed off the vehicle you would replace. In your household did the Chosen
Vehicle replace your

0. Not Applicable

1. Household Vehicle 1
2. Household Vehicle 2
3. Houschold Vehicle 3
4, Household Vehicle 4
5. Houschold Vehicle 5
6. Household Vehicle 6
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Appendix I11: Statistics on Household Annual Income Digtributions (in $1,000)

Sample Category Number of Std. Min. | Max.
Obs. Mean | Dev.

the whole wave2 2857 53.63 | 34.09 7.5 150

CATI1 Sample

the total households 2226 5271 | 32.76 7.5 150

with RP dataincluded

in my sudy

the 665 households 665 58.34 | 33.75 7.5 150

with vehide

transactions

the 1561 households 1561 5031 | 32.04 7.5 150

without any vehicle

change
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Appendix IV: Summary Statisticsfor the Explanatory Variablesin the RP M odels

Variables Mean Sd. Min M ax
Dev.

Cost Variables
net capita cost /In(household income/$1k) (in 2.687 | 3.697 | -8.771 | 45.482
$1k)
average fud cogt / In(household income/$1k) (in | 6.079 | 1.127 0 12.342
centgmile)
average fue cogt * non-transaction dummy 0.047 | 0.284 0 5.271
average fud cost * addition dummy 0.606 | 0.860 0 5.085
Vehicle Performance Attributes
average acceleration time (in seconds) 3.569 | 0.464 0 6.219
average top speed 1.044 | 0.084 0 1.55
(in hundreds of miles’hour)
range of the purchasing vehicle 4.150 | 0.897 0 5.75
(in hundreds of miles)
maximum range of holding vehide(s) 4506 | 0.409 0 5.75
(in hundreds of miles)
sguared maximum range 20.473 | 3.627 0 33.063
Vehicle Pollution Measurement
tail pipe emission of the purchasing vehidle 1510 | 0871 | 0 | 6.113
Purchasing-Vehicle-Body-Type
Dummies
smdl cars 0.244 | 0.429 0 1
sport cars 0.106 | 0.308 0 1
pickup trucks 0.144 | 0.351 0 1
vans 0.130 | 0.337 0 1
gport- utility-vehicles 0.154 | 0.361 0 1
mini-sport- utility-vehicles 0.022 | 0.146 0 1
Other Attributes of the Purchasing
Vehicle
naturd logarithm of number of makesin the 1852 | 0.979 0 3.638
same-Sze dass
luxury vehides 0.389 | 0.488 0 1
foreign vehicles 0.457 | 0.498 0 1
new vehicles 0.242 | 0.429 0 1
1-year-old vehicles 0.123 | 0.328 0 1
naturd logarithm of vehicle vintage 1.182 | 1.144 0 3.091
Household Portfolio-Choice Variables
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replacing-lower-vaue-vehide dummy 0.417 | 0.493 0 1
replacing- same-body- type-vehide dummy 0.188 | 0.391 0 1
oldest vehicle vintage 10.792 | 6.210 0 22
market vaue of the remaining holding vehidles(in| 7.527 | 6.650 0 67.458
$1K)

from no-car households to one-car households 0.086 | 0.280 0 1
from no- sport-car households to one-sport-car 0.078 | 0.268 0 1
households

from no-van households to one-van households | 0.098 | 0.297 0 1
from no-SUV households to one-SUV 0.132 | 0.339 0 1
households

al domedtic vehicde(s) 0.294 | 0.456 0 1
al imported vehide(s) 0.231 | 0.421 0 1
Transaction-Type Dummy Variables

“inertid’ i.e. non-transaction choice 0.030 | 0.171 0 1
addition congtant 0.364 | 0481 0 1
Demographic Characteristics and

Changes

addition * number of vehicles lessthanorequa | 0.088 | 0.283 0 1
to number of drivers

addition * households with annud 0.164 | 0.370 0 1
income<=$45k

addition * households with annual income>$90k | 0.033 | 0.179 0 1
addition or replacement* household 0.332 | 0471 0 1
demographic change(s)

vans* household sze>= 3 0.040 | 0.197 0 1
sport cars* household size >= 3 0.034 | 0.181 0 1
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Appendix V: Summary Statisticsfor the Explanatory Variablesin the SP Models

Variables M ean Sd. Min M ax
Dev.

Cost Variables
net capita cost /In(household income/$1k) | 3.100 2.239 -8.526 | 17.371
(in $1k)
average fud cogt / In(household 1.415 0.542 0.200 4.621
income/$1K) (in centsmile)
average fud cogt * addition dummy 0.539 0.766 0 4.621
Vehicle Performance Attributes
average acceleration time (in seconds) 3.919 0.838 2.265 6
average top speed (in hundreds of 1.016 0.140 0.55 1.465
miles’hour)
range of the purchasing vehicle(in 2.373 0.934 0.5 4
hundreds of miles)
maximum range of holding vehide(s) (in 4.083 0.861 0.5 5.7
hundreds of miles)
squared maximum range 17.416 5.611 0 1
Vehicle Pollution Measurement
tailpipe emission of the purchasing vehice | 0.359 | 0.301 0 1
Hypothetical-Vehicle-Body-Type
Dummies
amdl cars 0.269 0.444 0 1
sport cars 0.024 0.153 0 1
pickup trucks 0.196 0.397 0 1
vans 0.257 0.437 0 1
sport- utility-vehicles 0.035 0.183 0 1
mini-sport- utility-vehicles 0.003 0.054 0 1
Specific Attributes of Alternative
Vehicles
eectric vehicles 0.254 0.435 0 1
electric sport cars 0.008 0.090 0 1
electric pickup trucks 0.049 0.216 0 1
compressed naturd gasoline vehicles 0.248 0.432 0 1
methanol vehicles 0.251 0.434 0 1
eectric vehicle * having college education | 0.118 0.322 0 1
addition congtant * eectric vehicles 0.094 0.291 0 1
refuding/recharging Sation availahility 0.494 0.351 0.1 1
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Household Portfolio-Choice
Variables

replacing-lower-vadue-vehide dummy 0.566 0.496 0 1
replacing-same-body-type-vehidedummy | 0.277 0.448 0 1
oldest vehicle vintage 7.048 6.018 0 22
market vaue of the remaining holding 9.189 8.082 0 68.921
vehicles (in $1k)

from no-car households to one-car 0.072 0.258 0 1
households

from no-sport-car households to one- 0.017 0.128 0 1
sport-car households

from no-van households to one-van 0.218 0.413 0 1
households

from no-SUV households to one-SUV 0.030 0.170 0 1
households

vans* household sze >=3 0.070 0.255 0 1
gport cars* household size >=3 0.004 0.067 0 1
addition constant 0.369 0.482 0 1
addition congtant * householdswithannua | 0.174 0.379 0 1
income <=$45k

addition congtant * householdswith annua | 0.023 0.151 0 1

income >=$90k
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Appendix VI: Year 1998 Vehicle Description of the Current Forecast Scenario File

No Class Hilo D/l Body Type Fuel No. of Price Fuel Station
Models (9 Cost  Availahility
1 1 low I Mini Car electric 1 17518 133 01
2 1 high I Mini Car gasoline 4 19986 490 10
3 2 low D  Subcompact electric 1 19562 147 01
4 2 low I Subcompact  gasoline 20 13524 453 10
5 2 high I Subcompact gasoline 17 31415 548 10
6 3 low D Compact Car gasoline 20 14814  4.63 10
7 3 high I Compact Car gasoline 30 3689 577 10
8 3 low D CompactCar cng 1 21057 414 01
9 4 low D MidsizeCar gasoline 23 18695  5.73 10
10 4 low D MidsizeCar methanol 3 18985 538 0.7
11 4 high I Midsize Car gasoline 17 36127 639 10
2 4 high D MidsizeCar gasoline 6 39382 592 10
13 4 high D MidsizeCar methanol 1 36504  6.00 0.7
14 5 low D LargeCar cng 1 26561 524 01
15 5 low D LargeCar gasoline 11 23083 588 10
6 5 high D LageCa gasoline 9 50000 6.70 10
7 6 low D  Sport Car electric 1 26414 196 01
18 6 low I Sport Car gasoline 12 19641 541 10
19 6 high D  Sport Car gasoline 2 3899 6.78 10
20 6 high I Sport Car gasoline 30 533090 6.18 10
21 7 low D  Compact electric 1 21669 205 01
Truck
2 7 low I Compact gasoline 11 15000 561 10
Truck
23 7 high D  Compact gasoline 4 20401 7.23 10
Truck
24 8 low D  Standard gasoline 15 18839 834 10
Truck
25 8 low D Standard methanol 1 19129 784 0.7
Truck
26 8 high D  Standard gasoline 4 24175 7.96 10
Truck
27 9 low I Mini Van electric 1 29785  2.36 01
28 9 low D  Mini Van gasoline 17 22000 649 10
2 9 high I Mini Van gasoline 3 27533 696 10
30 10 low D StandardVan gasoline 18 19741 840 10
31 10 low D StandardVan methanol 1 20031 789 0.7
32 10 high D StandardVan gasoline 2 24820 943 10
33 1 low D Compact SUV gasoline 11 23100 716 10
# 1 high I Compact SUV  gasoline 3 30000 828 10
3B 12 low D Standard SUV gasoline 3 25651  9.08 10
» 12 high D Standard SUV gasoline 4 27629 941 10
37 13 low I Mini SUV gasoline 7 15223 528 10
Appendix VI (continue)
No Class Hilo D/l Body Type Fuel Range Accdl. Top Pallut.
(miles)  Time Speed  level
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(seconds (miles)
)

1 1 low I Mini Car electric 75 39 92 0.0

2 1 high I Mini Car gasoline 281 30 120 0.8

3 2 low D  Subcompact electric 75 36 9 0.0

4 2 low I Subcompact gasoline 344 35 110 0.8

5 2 high I Subcompact gasoline 277 29 122 0.8

6 3 low D  Compact Car gasoline 389 34 111 0.8

7 3 high I Compact Car gasoline 306 30 121 0.8

8 3 low D  Compact Car cng 147 3.7 105 04

9 4 low D MidsizeCar gasoline 345 33 114 0.8
10 4 low D MidsizeCar methanol 215 32 115 0.6
1 4 high I Midsize Car gasoline 310 26 133 0.8
2 4 high D MidsizeCar gasoline 334 28 126 0.8
13 4 high D MidsizeCar methanol 193 25 134 0.6
14 5 low D LargeCar cng 150 34 112 04
15 5 low D LargeCar gasoline 398 31 117 0.8
16 5 high D LargeCar gasoline 390 29 122 0.8
7 6 low D  Sport Car electric 75 30 100 0.0
18 6 low I Sport Car gasoline 344 30 121 0.8
19 6 high D  Sport Car gasoline 247 20 154 0.8
20 6 high I Sport Car gasoline 270 26 132 0.8
21 7 low D  Compact Truck electric 75 32 84 0.0
2 7 low I Compact Truck gasoline 362 32 A 0.8
23 7 high D  Compact Truck gasoline 299 31 95 0.8
24 8 low D Standard Truck gasoline 324 32 A 0.8
25 8 low D  Standard Truck methanol 202 31 9%5 0.6
26 8 high D  Standard Truck gasoline 336 38 84 09
27 9 low I Mini Van electric 75 33 82 0.0
28 9 low D  MiniVan gasoline 370 33 91 0.8
29 9 high I Mini Van gasoline 34 34 20 0.8
30 10 low D StandardVan gasoline 357 32 A 0.8
31 10 low D Standard Van methanol 223 32 9%5 0.6
32 10 high D StandardVan gasoline 326 34 20 0.8
3 1 low D CompactSUV  gasoline 338 32 91 0.8
A4 1 high I Compact SUV  gasoline 299 30 95 0.8
3H 12 low D Standard SUV  gasoline 396 34 91 09
36 12 high D Standard SUV  gasoline 385 34 20 09
37 13 low I Mini SUV gasoline 261 3.7 86 0.8

Note that the operating fuel costs (in cents/mile) are cal culated assuming that gasoline priceis

$1.20/gallon and electricity costs 6 centsy KWH, and all pricesarein 1995 dollars.
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