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A Vehicle Use Forecasting Model Based on
Revealed and Stated Vehicle Type Choice
and Utilisation Data

By Thomas F. Golob, David S. Bunch
and David Brownstone*

1. Introduction
This research describes a new model of household vehicle use behaviour by type of
vehicle. Forecasts of future velucle emissions, including potential gains that might be
attributediointroductions of alternative-fuel (clean-fuel) vehicles, critically dependupon
the ability to forecast vehicle-miles travelled by the fuel type, body style and size, and
vintage of the vehicle.

Households acquire vehucles to satisfy both the transport needs and the preferences of
household members Consequently, vehicle use by type of vehicle can be considered to
be a function of three categories of variables® (1) household characteristics, (2) principal
dniver characterstics, and (3) characteristics of the vehicle itself Examples of household
characterisics are income, residential location, number of vehicles, number of licence-
holders, number of workers, and number of household members by age group.

Use of a specific vehicle depends heavily on which household licence-holder typically
drives the velucle, that is, the principal driver. Important principal driver characieristics
nclude age, gender and employment Status Workers, young people and males are likely
to drive more, as demonstrated in the models of Hensher (1985), Hensher ez al. (1992),
Mannering (1983), Mannering and Winston (1985) and Train (1986)

*  ThomasF Golob Institute of Transportation Studies, Umversity of Califorma, Irvine

David S Bunch Graduate School of Management, University of Califormia, Davis

David Brownstone Department of Economics, University of Californie, Irvine
This research 1s part of a project to develop a model system to forecast demand for clean-fuel vehicles m
California, sponsored by Southern Cahifornia Edison Company and the California Energy Commuission The
authors thank their colleagues who bave made the researchreported here possible Jane Torous, Weiping Ren
and Seyoung Kim of the University of Califorma, Irvine, Ryuich: Kitamura of the University of Califorma,
Davis, and Kyoto Umversity and Mark Bradiey of the Bradley Research and Consulting Group Ernest
Morales, Richard Rice and Debbie Brodt of Scuthern Califorma Edison Co., and Gary Occhiuzzo and Mike
Jaske of the Califorma Energy Commussion have also worked diligently on behalf of the project. The authors
are solely responsible for the views expressed here and for any remainng errors
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Useis also affected by vehicle characteristics, such as velucle age (vintage). operating
and cap:tal costs, passenger and cargo capacity, and body style. Moreover, alternative-
fuel vehicles are distinguished by vehucle attributes that potentiaily have an important
nfluence on patterns of use. Examples include: limited range between refuelling, coupled
with limited fuel availability; or the necessity to refuel or recharge the vehicle at home
overnight. Differences between conventional-fuel and alternative-fuel vehicles in terms
of fuel costs, cargocapacity, performance and image are also expected to influence vehicle
use (van Wissen and Golob, 1992)

Applying a vehicle-type use model in travel demand forecasts requires obtaining or
developing forecasts of all the model’s exogenous variables. The first category of
variables, household characteristics, can be readily forecast using census data or house-
hold sociodemographic models used in regional planmng For example, the model
developed here 1s part of a microsimulation forecasting system (Brownstone ez al., 1994,
Buncheral., 1995) that1isdriven by a competing-risk hazard model of changing household
demographics (Kazimi, 1994, 1995; Kaz:mui and Brownstone, 1995)

Forecasts of the second category of variables, characteristics of the principal driver,
are problematic for multi-vehicle households, and also for single-vehicle households with
more than one licence-holder. For such households, modelling vehicle use behaviour
involves atlocating vehicles to licence-holders 1n order to satisfy their activity needs
(Golob et al., 1995) In addstion, 1t mnvolves distributing total travel among the vehicle-
and licence-holders. While, 1n principle, only forecasts of household and vehucle charac-
tersstics are needed to forecast vehucle use for single-vehicle households with only one
licence-holder, exogenous forecasts of the characteristics of the principal driver of each
vehicle in multi-vehicle and multi-driver households are needed. To address this 1ssue, the
models described here simultaneously incorporate allocation of icence-holders to vehi-
cles along with vehicle utibisation

Fmally, exogenous forecasts of household vehicle holdings by type of vehicle are
cbtamable using vehicle-type choice models, such as those developed by Lave and Train
(1979), Mansk: and Sherman (1980), Hensher and Manefield (1982), Hocherman er al.
(1983), Berkovec (1985), Hensher and Le Plastrier (1985), Mannering and Winston
(1985), Train (1986), McCarthy and Tay (1989) and Hensher et al (1992). Such vehicle-
type choice models are based on vehicle holdings and transactions data (so-called
“revealed-preference”, or RP, models). Because consumers do not have expernience with
alternative-fuel vehicles that are likely to be availabie in 1998 and beyond, a vehicle-type
choice model based on stated preference (SP) data 1s required to forecast demand for these
new vehicle types (see, for exampie, Bunch ez al., 1993; or Golob ez al., 1993). One such
model (Brownstone ef al., 1995) 1s being coupled with the use models described in this
paper to forecast alternative-fuel vehicle use for the State of Califorma.

These models are similar to previous models of vehicle allocation and use in multi-
vehicle households (Mannering. 1983; Hensher, 1985, Tramn, 1986; and Hensher er al.,
1992) in that separate equations with correlated error terms are developed for each vehicle
in the household. However, this research differs from previous studies because there are
additional eguations describing the most important characteristics of the principal dniver
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of each vehicle. Although these characteristics cannot be readily forecast for use in a
mucrosimulation system, they can be “solved out” of the problem; reduced-form equations
are developed for forecasting purposes through a structural specification of vehucle
allocation to drivers. Another unique feature is that the models use both RP and SP data
simtltaneously. In other words, the models are estimated with a mix of RP and 8P
observations, making the models sensitive to attributes associated with future alternative-
fuel vehicles.

The cuerent version of the models takes the household’s vehicle holdings (both the
number of vehicles and the vehicle types) as given. Thus model structure is theoretically
unappealing (as described in Golob et al , 1995) because a household’s anticipated travel
behaviour 1s likely to influence its vehicle choices I the error terms of the vehucle choice
model and the vehicle use model are correlated, the parameter estimates will be biased.
One approachis to apply a linear correction term 1volving a transformation of predicted
vehicle choice probabilities to the vehicle use model to account for self-selectivity bias
{(McFadden et al., 1985; Mannering and Winston, 1985; Train, 1986, Hensher et al.,
1952). Empirically, however, the selectivity corrections apphed in utilisation models to
account for endogeneity bias have not had substantial effects on esiimation results (Train,
1986, Hensher, 1992) More complex models, including direct joint estimation of choice
and use, are planned for future research

2. Data

The data are from a 1993 survey conducted using geographically stratified pure random
digit dialling. The survey, covering most of urbanised California (excluding San Diego
County), contaimmed three distinct components, as described in Brownstone et af. (1994)
and Golob eral. (1995) Animtial computer-aided telephone interview (CATI) collected
information on household structure, vehicle inventory, housing characteristics, employ-
ment data, commuting for all workers and students, and 1nformation about the intended
next vehicle ransaction. These CATI data were then used to produce a customised postal
guestionnaire whach asked deiatled questions about each household member’s commut-
ing and vehicle use The questionnasre also contained two SP (stated preference) vehicle-
type choice expennments for each household, the responses to which were collected 1n the
thurd part of the survey, a follow-on CATI survey.

Each of the SP experiments described three hypothetical vehicles in terms of attributes
such as body type, fuel type, refuelling range, purchase price, and so on. These
hypothetical vehicles included both alternative-fuel and petrol vehicles. Attribute de-
scriptions were varied according to an experimental design. For attributes related to body
type and purchase price, candidate levels 1n the design were customused to be consistent
with the types of vehicles that households indicated an interest in for their next intended
vehicle purchase, in order to make the choice task more realistic and relevant Households
were asked to choose therr preferred vehicle and indicate whether the chosen vehucle
would replace an existing household vehicle (and, if so, which one) or be added to the
household fleet. The questionnaire was customised so that the choices were characterised
as transactions relattve to the household’s current vehicle holdings.
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Vehicle use SP questions followed the choice experiment. The questions on use asked
the household to assign principal drivers toeach vehicle in the new vehicle fieet (including
the SP chosen vehicle), and 1o 1ndicate how many miles per year the chosen vehicle was
likely to be driven. The flow of the survey ensured that respondents first reported the
principal drivers and patterns of use for their current vehicles before performing the SP
task, allowing them to make informed judgements based on this information, as well as
their own perceptions of principal driver and vehicle charactenistics. This approach
allowed each completed survey to provide both RP and SP measures of annual vehicle-
miles travelled that could be jointly analysed in an appropriate model structure. The SP
observations had the potential to provide data on the effect of alternative-fuel vehicle
attributes on annual vehicle-miles travelled.

Of the 7,387 households which completed theinutial CATI survey, 66 per cent, or4,747
households, successfully completed the postal portion of the survey. A comparison with
census data reveals that the sample 1s shightly biased towards home-owmng larger
households with higher incomes, and weights are being developed to balance the sample
to the known population (Brownstone et al., 1994). An unweighted sample 1s used here.

The breakdown of the 4,747 households by vehicle ownership level was: 1 per cent
zero vehicles, 34 per cent one vehucle, 47 per centtwo vehacles, 13 per cent three vehicles;
and 5 per cent four or more vehicles Of the one-vehicle households, 75 per cent had one
driver, while 25 per cent had two or more drivers. Thus, approximately 73 per cent of the
sample households were erther multi-vehicle or single-vehicle/multi-driver, where driver
aliocation behaviour is relevant

The model variagbles are divided into three groups (1) behavioural vehicle use
characteristics, capturing the ways in which households use their vehucles, (2) physical
vehicle charactenstics; and (3) household structural characteristics. Vehicle use for each
household’s vehucles (RP use data) is self-reporied in terms of “How many mules per year
is thus vehicle driven?’ It would be more accurate to calculate annual use from vehicle
odometer readings one year apart, but such data are not available in a cross-sectional
survey. Vehicle use for the hypothetical future vehicles (SP use data) was collected
through a series of guestions asking how many miles the vehicle selected 1n a choice
experiment would be driven each week, and who in the household would typically use the
chosen vehicle to commute to work or school.

Because these models are being used in conjunction with a forecasting system, the
household variables selected were imited to those produced by the available demographic
forecasting model. The variable “mean age of household heads” was computed as the
mean of the ages of partners 1n households including spouses, or the age of the singie
parent or person who can be identified as the major income-earner. The dummy variable
“household heads are retired” is set to one if one or both household heads are retired and
neither householdhead is employed or temporarily unemployed (it1s possible that another
person. perhaps a grown child, 1s employed m such a househoid).

Separate models are developed for single-vehicle households and multi-vehicle
households. The two sample sizes are: 2,260 single-vehicle observations, made up of
households currently holding one velucle (RP data) and households ending up with one
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Table 1
Endogenous Variables for Each Vehicle
Vanable Acronym
Natural log of vehicle-miles travelied per year Lon(VMT)
Age of pnincipal drniver n years Driver Age
Gender of principal driver (0 = male, 1 = female) Driver Gender
Employment status of principal dnver (1 = working) Dniver Empl. St
Tabie 2
Exogenous Varables for Each Vehicle
Varable Acronym
Vehicle age (in years from 1993) Vehicle Age
Vehicle class dummies (12), base = luxury class
M class Type Mim

Subcompact cat class
Compact car class
Mid-size or full-size car class
Full-size (standard) car class
Sports car
Compact pickup truck
Full-size (standard) pickup truck
Mimivan (compact van)
Full-size (standard) van
Compact sport utility vebicle
Full-size (standard) sport utility vehicle
Operating cost per mile (¢)
Electric vebicle (dummy)
Range between refuelling in males

Type Subcompact
Type Compact
Type Mid-size
Type Full-size
Type Sports Car
Type Small Truck
Type Std Truck
Type Mimvan
Type Van

Type Compeact SUV
Type Full-size SUV
Operating Cost
Electric Vehicle
Range

vehicle after the SP choice task, and 3,150 multi-vehicle observations, made up of
households currently holding two or more vehicles (RP data) and households ending up
with two or more vehicles after the SP choice task (In addition, 2 model of third-vehicle
use was developed using a sample of 445 households with three or more vehicles, but this
model is not reported here.) Each of the samples consists of households with known type
and vintage of their current velucle (single-vehicle sample), or no missing data on the
newest two vehicles in their fleet (multi-velucle sample). It 1s also required that there be
no missing data on the age, sex and employment status of the principal drivers of each of

these vehicles.
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Table 3
Exogenous Variables. Household Characteristics

Varnable Acronym
Household membership vanables

Total number of household members > 15 years No 16+ Yr Olds

Number of chitdren 1n household aged 0 to 5 No less than § Yrs Old

Number of household members aged 16-20 No 16-20 YrOlds

Total number of children (all ages) in household Total Children

Household 1s a couple (dummy) Couple HH
Household income less than $31,000 (dummy) Income < $31k
Household income more than $60 000 Income > $60k
Household head(s) are retired (dummy) Retwed HH
Mean age of household heads Ave Age of Heads
Total Number of workers in household No Heads Working
Household has three or more vehicles (dummy) 3+ Vehicle HH

3. Specification

3.1 Partition of the variables into endogenous and exogenous sets
A distinguishing feature of this research 1s the endogenous treatment of driver allocation
behaviour. In order to avoid omutted-variables bias, vehicle-miles travelled (VMT) 18
specified as a function of principal driver characteristics, in addition to exogenous
household and vehicle-type characteristics However, principal driver characteristics are
also specified as a function of the exogenous variables Thus allows the principal driver
charactenstics, for which no exogenous forecasts are available, to be replaced by their
predictors in the final forecasting equations

There are four endogenous variables for each vehicle These are listed in Table 1. In
the multi-vehicle case, household vehicles are arranged so that the newest of the vehicles
18 defined as “velucle 17, described by the first four endogenous variables and the first
group of vehicle-type exogenous variables The second-newest vehacle is defined as
“vehicle 27, and 1t is described by the last four endogenous variables and the last group
of vehicle-type vanables If two vehicles are of the same vintage, the order of listing by
the respondent 1s preserved

The exogenous vanables in each model are divided into two blocks® physical vehicle
characteristics and household characteristics The first block, listed in Table 2, 1s made up
of 16 physical vehicle charactenstics for each vehicle

The second block of exogenous variables 1s composed of up o eleven household
characteristics Thus list 1s reproduced with associated acronyms for further reference 1n
Table 3. The dummy variable for three or more vehicles 1s used only in the two-vehicle
model. These vaniables, together with the driver charactenistic variables listed in Table 1,
were selected on the basis of published vehicle use model results (Mannering, 1983,
Hensher, 1985; Mannering and Winston, 1985; Hensher and Smith, 1986, Train, 1986,
Golob, 1990; Hensher ef al , 1992).
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3.2 The structural eguation mode! form
The standard structural equations model (without latent vanables) 1s given by
y=By+Ix+{ N
where y is an m X 1 column vector of endogenous vanables, andx is ann X 1 column vector
of exogenous variables. The structural parameters are the lements of the matrices.
( B = matrix of causal links among the endogenous variables,
m X m)
and
' = matrix of direct causal (regression) effects from the n exogenous variables to the
(mxn) mendogenous variables
The error term parameters are the elements of the variance co-matrix:
¥ = E({{’) = symmetnic vanance-covariance matrix of the unexplained, or unique,
tmxm - sortions of the endogenous variables
For identification of system (1), B must be chosen such that (I - B) is non-singular,
where I dznotes the identity matrix of dimension m.
The total effects of the endogenous variables on each other are grven by
H=(1-By'-L @)
The total effects of the exogenous vanables on the endogenous variables in 8 structural
equations model of this type are given by
T=@d-B)T, (3
which are the parameters of the reduced-form equations.

3.3 Division of the problem into separate models
Comparisons of sample sizes with the number of vaniables and potential number of
parameters revealed that separate models could be developed for single-vehicie house-
holds and for two-vehicle households However, the number of households with three or
more vehicles was insufficient for the development of a dedicated three-vehicle model.
The aliernative was 1o expand the two-vehicle model 10 cover households with two or
more vehicles, and to add a thard-vehicle model for households with three or more
vehicles [t mught be preferable to model utilisation of three vehcles simultaneously, but
the expansion of the present structural equation system to 12 endogenous variables and
up 10 58 exogenous variables (16 for each vehicle plus 10 household variables) is not
feasible with the present data The use of a Thurd-Vehicle Model (not reported here), with
only 4 endogenous and 26 exogenous variables, 1s a pragmatic solution to the problem.
The Two-Vehicie Model. covering the two newest vehucles in multi-vehicle house-
holds, 1s the most complex, and its specification 1s described here in detail. The Single-
Vehicle Model is a simplification of the Two-Vehicle Model

3.4 Specification of the Tweo-Vehicle Model
Each model specification can be subdivided 1nto: endogenous effects given by the B
matrix inequation system (1); exogenous effects (the I matrix); and error-term vanance-
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Table 4
Two-Vehicle Model
Postulated Direct Effects Between Endogenous Variables
(positwe effects denoted by +, negative effects denored by )

Influencing Varable

Influenced In Driver Driver Driver Ln Drver Driver Driver
vanable (VMT;) Age, Gender; Empl St; | (VMT,) Age, Gender, Empl. St,

In
(VMT,) Bz B B

Driver
Agey Bas (=

Driver
Gender;, Bas (=) By7 (=)

Driver
Empl St Baz O Bas (= Bas (&)

In
(VMT),) Bse=B12 Bsy=Bi3 Bsg=Big

Driver
Age, Bea=Bas

Driver
Gender, 51,3 =Bs; 37,6 =B,

Driver
Empl St, Bsa=Bas Bes=Bi2 Bso=Bus

covariances (the ‘¥ matrix) This specificationisbased on the structure of the RP (revealed
preference) utilisation model developed 1n Golob ef al. (1995), but the present model
exhibits additional features particularly related to joint SP-RP estimation.

The postulated causal relationships among the endogenous variables are shown m
Table4 There are two types of direct effects: within-vehicle effects and between-vehicle
effects.

The within-vehicle effects are those in the upper lefi-hand (first vehicle) and lower
right-hand (second vehicle) quadrants of the B matrix Each of these effects 1s expected
to be identical for the two vehicles, and equality restrictions are specified for correspond-
ing pairs of B-matrix parameters. Use is postulated to be less for vehicles primarily driven
by older persons (B, , = Bs ) and women (B, 5 = Bs ;), and use is posmlated t0 be greater
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for vehicles primarily driven by employed persons (B; ;= Bs g). Male principal drivers are
more hkely to be employed (B4 5 = By 7), as are younger principal drivers (B, ,= B ¢), and
older drivers are expected to be male (B;, = B74). An important feature of this
specification is that, for each of the two household vehicles, VMT is postulated to be a
function of all three of the principal driver variables. Thus, while driver allocation 1s
endogenous, VMT is specified as a function of driver characteristics.

The postulated cross-vehicle effects are those in the lower left-hand and upper right-
hand guadrants of the B matrix of Table 4 These reciprocal effects capture the relation-
ships between the characteristics of the principal drivers of the two vehicles We expect
strong negative relationships between principal-driver genders and employment status in
the between-vehicle effects, and thus 1s operationalised by specifying equated pairs of
reciprocal effects (B3 7= B 3) and (B, 4 = Bg 4). In addition, we expect that, if the driver of
either vehicle 15 employed, the driver of the other vehicle is likely to be younger than
otherwise expected (B, 3 = B¢ o) Two-vehicle households with no employed drivers are
likely to contain retired (and therefore older) members. The postulated model is parsimo-
mous 1n that it has only mine free parameters in the B matrix, representing nine pairs of
equated direct effects.

The postulated structure of the vehicle-characteristic exogenous effects is shown in
Table 5. The vehicle-type effects specified 1n the exogenous variable structure were
developed by considering vehicle-use stereotypes. For example, there are typically more
male principal drrvers of compact and full-size pickup trucks, subcompact cars might have
younger principal drivers, and minivans are likely to be driven by females Logically,
older veh.icles and higher operating cost vehucles should be driven less, other things being
equal.

The major restrictions appiied 1n specifying these exogenous vehicle-type influences
are that the effects should be the same for the two vehicles It 1s a straightforward
procedure subsequently to test whether the model can be significantly improved by
releasing these cross-vehicle parameter equality restrictions It 1s also quite possible that
the charactenistucs of the first vehicle can affect the VMT and pnincipal driver character-
istics of the second vehicle, and conversely. The model was imtially specified by setting
all such cross-vehicle effects to zero Tests were then conducted to ascertain whether
cross-vehicle effects significantly improved model fit

Examples of direct household effects to be tested include. principal drivers 1n
households with more workers and in lugh-income households are more likely to be
employed; use is lugher in households withmore children and in high-income households;
principal drivers are younger in households with young children, drivers in retired
households are older and less likely to be empioyed (although some drivers in retired
households, such as adult children living with their parents, could be employed), and
finally, households with three or more vehicles have lower levels of use on their first and
second vehucles, all else held constant The default restriction on all of these postulated
household influences involves equating the corresponding effects on the two vehicles, and
then teshng whether the relaxation of each eguality results in a significant model
improvement
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Table 5
Two-Velcle Model
Postulated Direct Effects from the Exogenous Variables
Endogenous Variable
Exogenous In  Driver Driver Drver Ln  Dnver Dnver Drwver
Vanable (VMT;) Age; Gender; Empl St;| (VMT;) Age, Gender, Emp! St,
Vehicle Age, First vehucle effects of Effects of characteristics of
Vehcle Classes; vehicle characteristics on the first vehicle on VMT and
Operating Cost, VMT and dniver allocation driver allocation of the second
Electnic Vehicle, {dense sub-matrix, equated (sparse sub-matrix, imtially
Range; with second vehicle effects) specified to be null)
Vehicle Age, Effects of charactenstics of Second vehicle effects of
Vehicle Classes, the second vehicle on VMT vehicle characteristics on
Operating Cost, and driver allocation of the VMT and driver allocation
Electric Vehicle, first vehicle (sparse sub-matro, (dense sub-matrix, equated
Range, imtially specified to be null) with first vehicle effects)
No 16-20 Yr Olds
No 16+ YrOlds Effects of household Effects of household
No 1-5 ¥Yr Olds characterstics on VMT characteristics on VMT
Total No Children and principal driver and principal driver
Income > $60k allocation of first velucle allocation of second vehicle
Ave Age of Heads (equated across vehicles) (equated across vehicles)
3+ Vehicle HH

The final specification step involves the error-term variance-covariance matrix ‘¥, If

the unique (error) component of any one of the four endogenous variables of the first
vehicle 1s correlated with the unique component of the corresponding variable for the
second vehicle, then we should find statistically significant coefficients for the ¥ matrix
terms s, We 2 Y73 OF Wy ; That 1s, if what 1s not explained about a variable for one
vehucle 1s correlated with what is not explained about the same variable for the other
vehicle, these sub-diagonal parameters should be found to be sigmificant The freely
estimated main-cdiagonal vanances of the ¥ matrix produce R? values-

RZ = (S:,t - WI,!)‘/SI,H (4)
where s, , is the sample variance of endogenous varnable 1.

4, Estimation Method

Structural equations systems of this type can be generally estimated using methods of
moments (alsc known as variance analysis methods} These methods proceed by defining
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the sample variance-covariance matrix of the combined set of endogenous and exogenous
variables, partitioned with the endogenous vanables first:

Sy Syx

S=l o s,

%)

where S,, denotes the varnance-covarniance matrix of the endogenous variables, S,
denotes the covariance matrix between the endogenous and exogenous variables, and S,
denotes the vaniance-covariance matrix of the exogenous variables. In the Two-Vehicle
Model, there are exght endogenous variables and 38 exogenous variables, so S1s 2 (46 x
46) symmetric matrix. It can be easily shown using matrix algebra that the corresponding
variance-covariance matrix replicated by model system (1}, denoted by

Zyy Zyx
E: M
[E,yxzﬂ ©)
18
Zgy = A -BY{TS,T" + 'V -B)1]] (7)
I, =0 -B)y TS ®)

and Z,, = S,, 1s taken as given The structural equation system 1s estimated using the
variance- analysis normal-theory maximum Iikelihood method (Bollen, 1989) The fitting
function for structural equattons maximum likelthood method (ML) estimation is

Fyyp =LoglZ(6)l - Log!St + w[SZ(®)] - (p+ q) )
where Z/(@) represents Z (equations 6-8) implied by the vector of model parameters, 6. This
fitting function 1s (-=2/n) ttmes the log of the hikelihood function that 8 1s observed 1f Z(8)
1s the true multivanate normal vanance-covariance matrix Minimisation of F 18
equivalenttomaximisation of the ikelihood function Under the assumptions of multivariate
normality and the model being correctly specified, nFy,; 18 x% distributed, providing a test
of model rejection and critena for testing hierarchical models Function (9) is mimimised
i the LISRELS program using a modified Fletcher-Powell algorithm (Joreskog and
Sorbom, 1993a).

Note that if we fit the vnrestricted reduced form by regressing each endogenous
variable on all the exogenous variables, then Z(6) would exactly equal S and F,; would
be zero. Alternatively, we would get exactly the same result if we only imposed encugh
restrictions on the underlying parameters, 6, to identify the system. All our models impose
more restrictions than are necessary to identify the system It turns out that nF,; 1s simply
the likelihood ratio test statistic for the null hypothesis that these over-identifying
parameter restrictions are consistent with our observed data.

Because four of the eight endogenous variables are dichotomous, the structural error
terms corresponding to these dichotomous variables will have unequal variances. Al-
though the coefficient estimates will still be consistent, the estimates of parameter
standard errors and the overall model x2 goodness-of-fit will be inconsistent (Bentier and
Bonett, 1980). Consistent estimates can be generated using the asymptotically distribu-
tion-free weighted least-squares method (Browne, 1982, 1984}, but this requires a much
larger sample size. (The rule-of-thumb is that the sample size must be at least three times
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greater than the number of free entries in the asymptotic variance-covariance matrix of the
correlation matnx, that is, the fourth order moments; with 36 variables, ttus requires
approximately 3,250 observations.) However, Amemiya (1981) shows that for moderate
sample sizes, the weighted least squares method may produce worse results than the
unweighted maximum lkelihood estimates used here. In any case, the coefficient
estimates are still consistent, and they have been shown to be fairly robust (Boomsma,
1983).

5, Results: Two-Vehicle Model

5.1 Model fit and structure

The Two-Vehicle Model fits well according to the standard goodness-of-fit critena. The
likelihood ratio test statistic associated with the null hypothesis that the estimated model
is consistent with the observed sample variance-covariance matrix 1s 210.5 with 237
degrees of freedom, corresponding to a probability value of 0.892 Thas, themodel cannot
be rejected at the p = 0 10 level The estimated R? value for VMT of the first (newest)
vehicle1s 0.115, and that of the secong (oldest) vehucle is 0.131. As expected, significant
posttive error-term covariances were found between the VMTs of the two vehicles (-
statistic = 11.3), between principal driver ages (f-statistic = 8 4) and between principal
driver genders (z-statistic = 15.2).

The estimated direct effects between endogenous variables are hsted with their -
statistics in Table 6 This endogenous variable stnicture model is basically in accordance
with the hypothesis depicted i Table 4. All six of the withun-vehicle endogenous variable
effects postulated for each vehicle were found to be statistically significant, and five of the
six effects are equal across the two vehicles The three postulated cross-vehicle effects
were also found to be significant and symmetric.

Three additional cross-vehicle effects were found to be necessary for good modet! fit,
These are identified by the italicised cells in Table 6: (1) if the driver of the first vehicle
1s older, use of the second vehicle is less than otherwise expected (effect B5,), an effect
which further links the influence of driver age on VMT for the two vehucles, (2) if the
dniver of the second vehicle 15 female, use of the first vehicle is greater than expected
(effect By ); and (3) if the drrver of the first velucle is employed, the driver of the second
vehicle is more likely to be female (effect B,4) The last two effecis are consistent with
the travel and activity patterns 1n many households in which there are working male heads
and non-working female heads who bear the primary childcare and home management
responsibilities (Robison, 1977, Pas, 1984; Townsend, 1987, Golob and McNally,
1995).

5.2 Total effects

The total effects of the endogenous variables on the two-vehicle use variables are listed
in Table 7. For simplicity, only the total effects on the two VMT vanables, elements 1,
and 15, ( = 1 to 8) of matrix H defined in equation system (2), are shown. Results show
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Table 6
Two-Vehicle Model
Estimated Direct Effects Between Endogenous Variables
(:-statistics i parentheses)

Influencing Varable
Influenced In Driver Driver Driver Ln Driver Driver Driver
variable (VMT,) Age, Gender;, Empl 8, | (VMTI,) Age, Gender, Empl St,
Ln -0.0043 -0.131 8.172 00797
(VMT;,) (-4.85) (-6.52) (4.54) (270)
Driver -2.81
Age, (~5.85)
Driver -0 0051 -0.693
Gender, (~778) (=21.6)
Driver —4.0065  -0.103 ~§.140
Empl St -18.3y (-11.3) (-15.9)
Ln -0 0028 ~0.6643  -0.131 0.17%
(VMT,) (-2 12} (-4.05) (-6.52) (4.54)
Driver ~2.81
Age, (-5.85)
Driver ~0.693 0506 -0 0036
Gender, (<21.6) (372) (-6 46)
Driver -8.140 -8.0065 -0.163
Empl St, (-15.9) (-10.3) (-1L.3)

Note Coefficients that are restricted to be equal for the two vehucles are shown n bold type, cross-vehicle
effects are 1dentified by italic type

that driver age has a significant effect on vehicle use that is uniform for the two vehicles;
if either driver 1s younger, both the first and second vehicles are likely to be used more.
In contrast, the gender and employment status effects are consistent and reciprocal across
the two vehicles If the principal driver of either vehicle is female. that vehicle is driven
less and the other vehucle is driven more, and if either driver 1s employed, that vehicle 1s
driven more, and the other vehicleis driven less, other things being equal Thesereciprocal
pairs of effects are generally sirongest for the driver’s own vehicle.

The total effects of the endogenous variables on the vehicle-use endogenous variables
are listed 1n Table 8. These are the coefficients of the reduced-form equations for two of
the eight endogenous vaniables, which are given by matrix equation (2).

81



January 1997 Journal of Transport Economics and Pohicy

Table 7
Two-Vehicle Model
Total Effects of the Other Endogenous Variables on the Two Use Variables

Influenced Variable
Endogenous Variable En(VMT}) Ln(VMT,)
Total effect t-statistic Toral effect t-statistic

Driver Age, - 00358 -336 -0 00363 -279
Dniver Gender, (340013 -713 019975 533
Driver Empl St; 020385 503 -0 02565 -310
Driver Age, -0 00116 -4 72 -0 00362 -291
Driver Gender, 0 35896 560 -0 28460 ~624
Driver Empl St, -0 02098 -326 015278 384

The total effects of vehicle age on VMT are strongest for the second vehicle, but the
effects are consistent for both vehicles: the older a vehucless, the less itis used, other things
being equal Also, the older the first velucle s, the less the other vehicle is used as well
The forecasting implication of this 1s reduced use of the household flest over tume if no
vehicle transactions occur Ifhousehold structure, income and employment donotchange,
thereductionin the fleet VMT will be further accentuated through the negative total effect
of driver age on use This unplies that households wishing {0 accommodate new travel
demand are more likely to replace a vehicle with a newer one; while households with
declining travel demand are more Iikely to hold on to their existing vehicles.

The total effects of operating cost are imprecisely estimated, but the signs of the
withun-vehicle effects are as expected. Also, ahigher operating cost for the second velucle
implies a shift of use from the second vehicle to the first vehicle, but the coefficients in
the reduced-form equations have relatively lngh standard errors.

The availability of the SP use data y:elded information about the effect of a limited
range vehicle on annual VMT that would not otherwise be available from the RPresponses
alone The effects of the electric vehicle (EV) dummy vanable on VMT are potentially
important for pollution and energy policies. If either of the first two vehicles in multi-
vehicle households is a future EV, the model results imply that the EV will be driven less,
other things bemng equal. Moreover, if the EV 1s the newest (first) vehicle in the household,
the second vehicle will be driven more than otherwise expected Thus, this model captures
ashift in use from EVs to conventional-fuel vehicles. somewhat mitigating the emissions
gains of the electricity versus conventional fuels The magnitude of this cross-vehicle
substitution effect can be assessed by using this utihisation model for forecasting 1n
combination with demographic, vehicle transaction and vehicle-type choice models
(Brownstone et al., 1994).
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Table 8

Two-Vehicle Model

T F Golobetal

Total Effects of the Exogenous Variables on the Two Velicle Use Variables

Influenced Variable
Exogenous Varable En(VMT}) Ln(VMT,)
Total effect I-stanustic Total effect -siatistic

Vehicle Age, -0 01301 -298 -0 00095 -2 48
Type, Miat car ~{r 23091 -533 -0 00043 -0 10
Type; Subcompact 001675 333 001983 349
Type . Compact car 0 08289 241 000710 239
Type; Mid-size car ~0 01416 -2 69 -0 06500 -157
Type, Full-size car -0 08733 -157 ~0 00872 ~232
Type,; Sports car 003025 397 001494 244
Type, Small truck 007210 835 -0 03599 -6 52
Type, Std truck ¢ 08037 837 -0 04012 -653
Type; Mimvan 012686 244 001668 412
Type, Std van 002095 205 -0 01046 -201
Type; Small SUV 023267 433 -002145 -325
Type, StdSUV 007242 674 002177 -2 80
Operating Cost, -0 00057 -136 -0 00058 ~131
Electric Vehicle, -0 25025 -251 009420 125
Range, 000153 330 0 -
Vehicle Age, 000443 114 -0 03372 ~934
Type, Min: car 000323 319 -0 16784 -329
Type, Subcompact -0 000290 -0 59 002421 399
Type, Compact car 000140 226 000436 193
Type, Mid-size car 001319 246 ~001784 =321
Type, Full-size car ¢ - 0 -
Type, Sports car -0 09826 -2 12 002713 363
Type, Small truck -0 06246 ~643 005819 699
Type, Std truck -0 08374 -6 86 005863 670
Type, Minivan 0 - 0 -
Type, Std van -0 01879 -2 01 001490 202
Type, Small SUV -0 03829 —4 68 0 12405 217
Type, Std SUV -0 05326 -530 005463 584
Operating Cost, 0 00427 0626 -0 00860 -119
Electric Vehucle, 0 - -0.22579 ~120
Range, -0 00096 -153 000072 081
No 16-20 Yr Olds 0 00956 480 000822 155
No less than 5 Yrs Old -0 00917 -34] 004667 195
Total no Children 0 03060 3.30 003662 388
Income > $60k 011339 413 0 08506 310
Retred HH -0 05129 —4 84 -0 04452 -419
Ave Age of Heads -0 00350 —4 24 -0 00545 -5 88
No Heads Working 011234 551 010618 520
34 Vehicle HH 0 - -0 04580 -159
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The range variable also captures a reduced VMT effect for all hmited-range vehicles
{potentially including dedicated compressed natural gas vehucles in addstion to EVs). For
limited-range second vehicles, there 1s also a shift in use from the second vehicle to the
first vehicle

The number of household members between 16 and 20 years old has a positive
influence on VMT of both the first and second vehicle. However, the number of drivers
in the household has negative effects on VM7 of both vehicles, possibly indicating a shift
of use towards third and fourth vehicles in the household. The number of children 1 10 5
years old positively influences VMT, mostly of the second vehicle, while the toral number
of children positively influences VMT of both the first and second vehicles. The income
effect has the expected sign, but, as i the case of average age of the heads, the effects are
imprecisely estmated. Finally, as expected, the presence of three or more household
vehicles reduces VMT of both the first and second vehicles.

5.3 Scenarios of changes in VM7 implied by the total effects

The endogenocus vanables are expressed in terms of the natural loganthms of VMT, so the
natural exponent of each ieduced-form equation coefficient represents a multiphicative
factor applied to the endogenous VMT variable in question That 1s, exp(éSJ,t1 ;) and
exp(d,ts ;) express multiphers of VMT for vehicles 1 and 2, respectively, where the T
matrix of total exogenous effects is defined 1n equation system (3), and 5j is the level of
change in the jth exogenous variable Some selected VMT multiplier effects are histed in
Tables 9 and 10.

Each scenano depicted in Tables 9 and 10 assumes that ali factors not defined in the
scenario remain constant in the case of vehicle replacements, this includes the vehicle
type class and operating cost However, to provide realism, when vehicles are assumed
to be replaced with 1dentical vehicles with different ranges or fuels, 1t 1s assumed that the
replacement vehicle 1s one iyear newer.

Of all the medel predictions computed in Table 9, the most substantial effects are those
attributable to vehicle range and the electric vehicle (EV) designator In the case of the
first (newer) vehicle, a reduction 1n range of 150 miles reduces VMT by a factor of O 81,
but there 1s no effect on VMT of the second vehicle In the case of the second vehicle, a
stmilar reduction in range of 150 miles reduces VMT by a factor of only 0 93, but first-
vehicle VMT 1s predicted toincrease by afactor of 1.15 The weaker second-vehiclerange
effect 1s partially caused by an offsetting stronger second-vehucle age effect Combining
reduced range with the EV effect, the model predicts that if the first velucle s an EV with
100 miles range, VMT will reduce by a factor of (.58. and second-vehicle VMT will
increase by a factor of 1.10. If the second vehicle 1s an EV with 100 mules range, VMT on
this velacle will reduce by a factor of O 70, but there will be more of 2 shift to use of the
first vehicle, with first-vehicle VMT increasing by a factor of 1.24

Given these results, we regard the SP data as providing useful improvements to the
quality of our VMT forecasts for future alternative-fuel vehicles, and especiatly for electric
vehicles. However, there were also some possible limitations inherent in the data from the
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Table 9
Two-Vehicle Model
Exponentiated Total Effects on VMT of Selecied Changes in Vehicle Characteristics

Exogenous Change Multiplier Effect  Multiplier Effect
on Vehicle 1 on Velucle 2
VMT VMT
Vehicle Age, (in years)
vehicle ages one year 098 099
replace with same type vehicle 1 year newer 101 100
replace with same type vehicle 5 years newer 107 101
Electric Vehicle, (EV,), Range; (in miles)
replace 300 mile vehicle with 200 mile non-EV, I year newer 0.87 100
repiace 300 mile vehicle with 150 mile non-EV, 1 year newer 081 160
replace 300 mile vehicle with 100 mile EV 1 year newer 058 110
replace 300 mile vehicle with 75 mule EV, 1 year newer 056 110
Vehicle Age, (in years)
vehicle ages one year 100 0.97
replace with same type vehicle 1 year newer 099 103
replace with same type vehicle § years newer 098 118

Electric Vehicle, (EV,)}, Range, (1n miles)

replace 300 mile vehicle with 200 mule nor-EV, 1 year newer 110 096
replace 300 mile vehicle with 150 mile non-EV, 1 year newer 115 093
replace 300 mile vehicle with 100 mile EV, 1 year newer 121 072
replace 300 mile vehicle with 75 mule EV, I year newer 124 070

SP experiment, which was mainly focused on the issue of vehicle choice. Respondents
were apparently able toreflect the general effect of limited-range electric vehicles on use
patterns through both the allocation of the vehicle and some adjustments to VMT. More
subtle effects on utilisation attributable to other factors, such as hmited fuel availability
(for example, away-from-home recharging for electric vehicles, or smaller numbers of
stations for natural gas vehicles), or differences 1n fuel operating costs, may nothave been
as easily captured using this experimental format This could have resulted in an over-
estimation of range and EV effects, and an underestimation of the effects of, for example,
improved operating costs In fact, the coefficient on operating cost 1n our current model
is modest, implying that the range and EV scenario results would not be substantiaily
changed by imposing accompanying realistic changes in operating costs. Invalidating this
result would require additional research.
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Table 10
Two-Vehicle Model
Exponentiated Total Effects on VMT of Selecied Changes in Household Characteristics

Exogenous Change Mulplhier Effecc  Muluplier Effect
on Vehicle 1 on Vehicle 2
VMT VMT

Number of 16-20 year-olds

child passes 16th birthday, no other changes 101 102
Children

birth of child, no other changes 102 109

19 year-old chuld moves out of home, 1o other changes 096 096
Income and Employment Status

mcome rises above $60k, no other changes 112 106

+1 head working and income rises above $60k 1.25 121

1 bead working retires, income drops below $60k 085 088

2 heads retire at same tume, income stays above $60k 090 092

Ownership of a Third Vehicle
household adds third vehicle 160 096
household disposes of third vehicle 166 105

In contrast to the range effects, the vehicle ageing effects are weaker for the first
{newer) vehicle than for the second (older) vehicle. If the newest vehucle 1n the household
1sreplaced with a vehucle that isidentical m type, operating cost, range and fuel, but1s five
years newer, the model predicts that VMT for that vehicle will increase by approximately
7 per cent, with very little effect on VMT of the second vehicle However, if the second
vehicle is replaced with & vehicle that 1s 1dentical in type, operating cost, range and fuel,
but 1s five years newer, the model predicts that VMT for that vehicle will increase by
approximately 18 per cent, and VMT of the first vehicle will shightly decrease (by about
2 per cent).

Predicted changes in VMT associated with the scenarnios related to household charac-
teristics are shown in Table 10. The infiuences related to the number of children in the
household are smaller 1n magnitude than expected, but the use behaviour appears
consistent with conventional notions of first and second vehicles. For example, a new
child places more pressure on the use of the second vehicle, the one that 1s less likely to
be used for commuting
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In contrast, the predicted effects of income and the number of household heads working
are relahively strong, especially in combination The joint impact of an additional worker
and a higher household mcome 1s a predicted increase of 25 per cent in use for the first
household vehicle, approximately half of which 1s attributable to an income effect; use of
the second vehicle increases by a shightly lower 21 per cent. If one working head retires
and income drops below the hugh-income cut-off, the model predicts that VMT of the first
and second vehicles will be reduced by the factors 0.85 and 0.88, respectively. If both
household heads retire, the predicted change in VMT is only 10 per cent for the first
vehicle, provided that household income remains above (or below) the mgh-income cut-
off. Finally, the presence of a third household vehicle has a modest influence on VMT of
the second vehicle

6. Results: The Single-Vehicle Model

6.1 Model fit and final structure

The structure of the Single-Vehicle Model 1s also basically in accordance with the
structural hypotheses This model fits extremely well according to all goodness-of-fit
criteria, the 2 statistic being 41.82 with 49 degrees of freedom, corresponding to a
probability value of 0.757. The model cannot be rejected at the p = 0 10 level. The
estimated R? value for VMT is O 173. No sigmificant error-term covariances were found
between any pairs of the four endogenous variables.

The endogenous vanable structure determined to be optimal 1n the Single-Vehicle
Model :s stmilar to the within-vehicle structure found for the Two-Vehcle Model (the
structure depicted in the upper-left-hand and lower-righi-hand quadrants of the B matnix
shown in Table 6) The only difference 1s that an additzonal direct effect was found
between principal driver gender and age: female principal drivers of a vehicle in a smgle-
velucle household are younger than otherwise expected, other things being equal.

6.2 Totat effects

The total effects of the endogenous principal-driver vanables on VMT for the Single-
Vehicle Model are shown in Table 11. As in the multi-vehicie case, VMT is higher for
younger, male, employed drivers, but the gender and employment status effects are
relatrvely weaker for singie-vehicle househoids.

Finally, the total exogenous effects on VMT for the Single-Vehicie Model are shown
in Table 12 Once again, these effects are similar to those found for multi-vehicle
households, with some exceptions Patterns of use are consistent for eight types of
vehicles, but sports cars, mumvans, standard sport utihity vehicles, and full-size cars
exhibit different use patterns in single-velncle, as compared with multi-vehicle, house-
holds.

Regarding alternative fuel vehicles, the negative EV effect and the positive effect of
range on VMT are consistent between single-vehicie and multi-vehicle households.
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Table 11
Single-Vehicle Model
Total Effects of the Other Endogenous Varwables on Vehicle Use

Vanable Total Effect on La{VMT)
Total Effect t-statisic
Driver Age -0 00396 -1 00
Driver Gender -0 08037 -230
Driver Employment Status 011671 246
Table 12

Single-Vehicle Model
Total Effects of the Exogenous Varwables on Vehucle Use

Vanable Total Effect on Ln(VMT)
Total Effect t-statisuc

Vehicle Age 001574 -4 14
Type Mimicar -0 27808 -597
Type Subcompact 009768 182
Type- Compact car 012140 226
Type Mid-size car ~0 00259 -0 91
Type Full-size car 0 00639 138
Type Sports car -0 00706 -1 46
Type Small Truck 026612 264
Type Standard Truck 0 52883 326
Type Mimvan 045711 386
Type Standard Van 0 34705 164
Type Small SUV 6 31306 298
Type Standard SUV G 00000 000
Operatng Cost -0 01223 -131
Electric Vehicle -0 15136 -1 58
Kange 0 00138 362
No 16-20 Yr Olds 0 04246 258
Neo 16+ YrOlds 0 03455 093
No less than 5 Yrs Old 012448 231
Total no Children -0 11225 -378
Income < $31k -0 19112 519
Income > $60k G 10970 190
Couple HH 0 00833 169
Retired HH -0 02178 -1 67
Average Age of Heads -0 01071 -8 46
No Heads Working § (5588 221
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7. A Forecasting Method That Preserves Heterogeneity

Thus model 1s being applied in a dynamic microsimulation forecasting system (Bunch et
al., 1996), where a sociodemographic transitton model and vehicle transactions models
are used to forecast changes i households’ sociodemographic structure and composition
of the vehicle fleets The use model is then exercised to forecast VMT for both the before
and after situations for the household The calculated change in forecasts is then apphed
as a percentage change to the actual base level of use for the household in the before
situation.

Even if the dynamic sociodemographic model predicts no change in household
characteristics (household composition, employment status or income), and the vehicle
transactions model predicts no vehicle transactions for the household for the penod in
question, the present use model will in general predict changes in VMT This will be
attributable to ageing of the household heads, ageing of the vehicles, and possible changes
1n the age categornes of household members, particularly chuldren.

The most effective application of the use models 1n a microsimulation forecasting
system uses a “pivot” approach (described below), rather than the tradstional approach of
using the expected value from a inear model The pivot approach preserves heterogeneity
across households Heterogenetty resulting from spatial and lifestyle factors 1s to be
expected, somehouseholds drive more miles per year than the model would predict, while
others drve fewer miles per year than the model would predict.

By using the residual difference between observed and predicted VMT for each
household vehicle 1n the model estimation data set, we can develop household/vehicle-
specific multipliers that can be used during forecasting. Such multipliers take the form:

3, = VMT®/VMT e (10)
where 1 denotes the ith vehicle, and 0 denotes the “base year” of the forecast, which
corresponds to the onginal estmation sample Anew predicted VMT 1s computed foreach
forecasting period, and then “pivoted” by using the multiphier These multipliers capture
effects from heterogeneity that nught be mussing in the model, and preserve them in the
forecasts. One difficulty with this approach is that vehicle transactions will occur during
the course of aforecast. Appropriate rules have beendeveloped for reassigning multipliers
after a velucle transaction, and these are used in our microsimulation forecasting system.

8. Conclusions and Directions For Further Research

The structural elegance of the models and their statistical fit to the sample data provide
support to our modelling approach. Moreover, the correspondence between pure RP
results (Golob er al., 1995) and the present SP-RP results :s encouraging. We are alsc
encouraged by the advantages associated with a jomtly esnmated RP-SP model that
simultaneously captures the endogenous effects of vehicle reallocation along with
percerved changes in unilisation associated with electnic vehicle characteristics. These
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effects are not available from RP data alone The approach automatically produces
estimates that are consistently scaled, and yields reduced-form equations that are
convenient for forecasting utilisation of alternative-fuel vehicles.

However, the SP gquestions 1n the 1993 household survey from which these data were
extracted are primarily focused on the 1ssue of vehicle choice, and are potentially limited
in capturing the full range of effects on use attributable to fuel availability, peak and off-
peak recharge costs for EVSs, cargo capacity, performance, and other vehicle and fuel-
system characteristics that might distingwsh future velucles These issues are being
pursued through a second household survey, conducted in 1994, that contained a different
vehicle-use SP protocol. When the 1994 data are available, the robustness of the present
model results can be assessed, and hopefully the model can be extended

Potential selectivity bias can be accounted for 1n thas use model by linking the model
to a discrete type-choice model (see, for example, Brownstone et al., 1996). and adding
1nto the structural equation system a correction term variabile involving a transformation
of the household’s predicted vehicle-type choice probabilities (McFadden ef al., 1985;
Mannerning and Winston, 1985, Train, 1986; Hensher ez al., 1992). It 1s doubtful if such
a correction term would have a pronounced effect on the results.

The known biases in the normal-theory maximum likelithood estimation method
apphied to dichotomous endogenous variables are concentrated on coefficient standard
errors and overall goodness-of-fit criteria The fit of the model i not in question, and
hypothesis testing 1s subordinate to forecasting capability in this research However, it
would be possible to use unbiased generally weighted least-squares estimation (Browne,
1982, 1984), asimplemented in LISREL 8 with PRE-LIS2 (Joreskog and Sorbom, 1993b),
with a sigmificantly mcreased sample size
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