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Of the 2445 CA households with vehicles (unweighted sample), 1941 or 79.4% have full
information required for calculating annual fuel usage for all vehicles, or residential
transportation energy consumption. The necessary data are annual mileage and
vehicle make, model and vintage for all vehicles. The breakdown of the weighted CA
household sample by vehicle ownership and whether or not energy consumption data is
available is shown in Figure 1. By definition, the 195 households (138 households in
the unweighted sample) without vehicles have zero residential transportation fuel
usage. Consequently, 2079, or 80.5% of all California households have full information
on transportation fuel usage. Since each household vehicle must be accounted for in
order for full energy consumption information, the proportion of households with full
information is a decreasing function of vehicle ownership level. Full energy information
is available for the vast majority of 1- and 2vehicles households (91% and 86%
respectively), but less than half of all households with four or more vehicles have
available energy consumption information. Due to this lack of energy consumption data
for households with high levels of vehicle ownership, our analysis of residential energy
consumption as a function of socio-demographic and spatial factors is consequently
restricted to the vast majority of California households (91.5% of the weighted sample)
with three or fewer vehicles. Work is underway to develop a weighting scheme to
compensate for systematic missing data.
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Figure 1  California 2001 NHTS Household Sample by Number of Vehicles,
Broken Down by Availability of Energy Consumption Information
for All Vehicles (N = 2583, weighted).
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Mean fuel consumption for California households in the 2001 NHTS sample is 1,034
gallons, costing $1,485. It should be remembered that this sample is biased due to the
greater likelihood of missing energy data for households with greater numbers of
vehicles. Mean fuel consumption per vehicle was 562 gallons per year in 2001.

Land Use Densities

The 2001 NHTS provides several measures of land use related to household location.
These data, supplied by the marketing information resources firm Claritas, are
computed from 2000 Census data at both the census tract and block group levels. Two
of these land use measures are categorical. Population per square mile is provided in
eight categories both at the block group and track level, and in our models the
categories are assigned the mid-point values shown in Table 1. The largest
concentration of California households is in the 4-10,000 per square mile category, but
all categories are fairly well represented. Housing units per square mile are provided in
six categories, as shown in Table 2. More than forty-one percent of California
households in the NHTS sample are in 1-3,000 housing units per square mile category.

Tablel Population Per Square Mile for California Households with Full Energy
Information (N = 2079)

Block Group Level Tract Level

Category Value Frequency Percent Frequency Percent
<100 50 94 4.5 116 5.6
100 - 500 300 100 4.8 123 5.9
500 - 1,000 750 83 4.0 94 4.5
1-2,000 1,500 165 7.9 173 8.3
2-4,000 3,000 270 13.0 303 14.6
4 -10,000 7,000 825 39.7 809 38.9
10 - 25,000 17,000 428 20.6 373 179
> 25,000 30,000 114 5.5 88 4.2
Totals 2079 100.0 2079 100.0

Three continuous measures of land use intensity are also available. Percentage of
renter-occupied housing units is provided at both the block group and tract level. Jobs
per square mile are appropriately measured at the tract level. Correlations among the
seven land use variables are listed in Table 3.
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Table2  Housing Units Per Square Mile for California Households with Full energy
Information (N=2079)

Block Group Level Tract Level

Category Value Frequency Percent Frequency Percent
<50 25 101 4.9 131 6.3
50 - 250 150 125 6.0 143 6.9
250 - 1,000 700 293 14.0 326 15.7
1- 3,000 2,000 835 40.2 854 41.1
3-5,000 4,000 370 17.8 335 16.1
> 5,000 6,000 355 17.1 290 13.9
Totals 2079 100.0 2079 100.0

Table 3  Correlations Among Land Use Variables for California Households with Full
Energy Information (N=2079)

Pop. per sq.  H. units per H. units per Percent Percent Jobs per sq.
mi. tract sg. mi. block sqg. mi. tract  renter-occ. renter-occ. mi. tract
level group level block group tract level level
Pop. per sq.
mi. block .840 .857 .783 .582 587 791
group
Pop. per sg.
mi. tract .840 757 519 .588 .881
level
H. units per
sg. mi. block .847 .616 .601 .703
group
H. units per
sg. mi. tract .550 .626 792
level
Percent
renter-occ. .882 502
block group
Percent
renter-occ. .559
tract level

Vehicle Ownership, Type Choice, and Fuel Usage

Total annual residential vehicular energy consumption is graphed as a function of
household income category in Figure 2. The differences in means displayed in Figure 2
are significantly significant. There is a similar pattern for all households and households
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Figure 8 Annual Total Mileage and Fuel Consumption by Residential Density in
Terms of Housing Units per Square Mile in Census Block Group

These relationships are caused in large part by differences in household vehicle
ownership levels. As shown in Figure 9, vehicle ranges from a high of 2.24 vehicles per
household for households located in areas of 50-250 dwellings per square mile, to a low
of 1.36 vehicles per household for those located in the highest density areas. The
differences in fuel economy can be attributed to vehicle type choice differences
involving size and power of cars and to the greater number of pickup trucks, vans, and
SUVs in lower density areas. As shown in Figure 9, the likelihood of owning one of
these three types of trucks increases with decreasing density, and the reversal of the
trend at the lowest density is less pronounced than it is for mileage and fuel usage.
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Figure 9 Vehicle Ownership and Percentage of Households With Trucks by
Residential Density in Terms of Housing Units per Square Mile in
Census Block Group

Of course, different types of households choose to live in areas of different residential
density. Quite a few socioeconomic and demographic variables were found to describe
choice of residential density in the model presented in the next section. Two of the
variables that stand out are number of household drivers and average household
income (Figure 10).

It is apparent that different types of households choose to live in areas defined by
different residential densities. These households have different patterns of activity
participation and travel, and choose to own or lease or otherwise have available
different numbers and types of vehicles. To account for such selectivity effects of land
use on vehicle fuel consumption, we specify and estimate a structural equation model
that contains both density of land use and vehicle usage as endogenous variables.
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Figure 10 Drivers per Household and Household Income by Residential Density in
Terms of Housing Units per Square Mile in Census Block Group
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Structural Model of Density of land Use and Fuel Usage

Model Specification

We test the effects of land use variables on fuel usage by estimating a structural
equation model (SEM) with three endogenous variables and many exogenous
variables. The three endogenous variables are: (1) one of the land use variables
described previously, (2) total annual miles driven on all household vehicles, and (3)
total annual household fuel usage. The postulated structural relationships involving
these endogenous variables are shown in the flow (path) diagram of Figure 11. There
are three direct effects. First, land use density directly affects annual mileage, because
households in lower density areas will choose to have more vehicles, controlling for
socioeconomic and demographic differences, and miles driver per vehicle will be
greater due to the separation of households and activity sites. Second, Land use also
directly affects fuel usage in that households that choose to live in less dense areas
also choose to own vehicles with lower fuel economy. As previously shown, fuel
economy decreases with decreasing residential density, partly due to the penetration of
small trucks (pickup trucks, SUVs, and vans). Third and finally, there is the most
important direct link from mileage to fuel usage. The inverse of the coefficient for this
direct effect is the effective fuel economy captured by the model. These endogenous
effects define a recursive model, so there are no identification problems in the absence
of error term correlations.

Land use density
variable

Total miles driven on
household vehicles
per year

Total household fuel

- P usage in gallons per

year

Figure 11 Flow Diagram for the Endogenous Effects in the Structural
Equations Model.
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The exogenous variables in the structural equations model are all those that were found
to describe one or more of the endogenous variables. There are nineteen of these, as
described in Table 4. A continuous variable was constructed for income by using the
midpoints of the categories shown in Figure 3, with $170,000 assumed for the top
category, and $35,000 assigned for missing incomes.

Weighting and Estimation Methodology

As illustrated in Figure 1, the sample with full energy information is not a random
sample of any population. The strongest factor causing missing energy information is
the number of vehicles in the household, and this is closely related to the endogenous
variables in our model. This means that the estimation sample is effectively stratified on
an endogenous variable, which implies that standard estimation methods will yield
biased coefficient estimates and inferences. There are two basic approaches to getting
valid estimates in this situation (see Wooldridge, 2002, Chapter 17): the “structural’
approach and the weighting approach. The “structural” approach adds an explicit
equation explaining whether a household has complete energy information and then
estimates this equation together with the structural equations model described above.
The weighting approach uses weighted estimation where the weights compensate for
the different probabilities of having complete energy information. The weighting
approach is almost always inefficient, but unlike the structural approach it doesn’t rely
on functional form assumptions that are hard to justify.

We began by trying the structural approach using Heckman's (1979) two-step
estimation method. This method starts with a separate binomial probit model of
whether the household has complete energy information. Under the assumption that all
of the errors in the system are normally distributed, the Mill’s ratio estimated from this
probit equation can then be added to the substantive structural equations model to
control for the bias caused by nonrandom sampling. When applied to our data this
showed that there was no substantial bias. However, small changes in model
specification let to strong rejections of the no bias hypothesis.

We therefore adopted the weighted estimation approach, and we estimated the weights
so that the weighted distribution of the number of vehicles (categorized by 0, 1, 2, 3, 4,
and 5 or more vehicles per household) in our sample of 2079 households with complete
energy information matched the distribution in the entire sample of 2583 California
households in the NHTS. The resulting weights range from .8 for the 0 vehicle
households to 6.4 for the 5 or more vehicle households. Note that we did not use any
additional exogenous socioeconomic information about the households to improve the
weights since we directly control for these exogenous factors in our structural equations
models. Adding these adjustments to the weights would reduce the efficiency of the
weighted estimation methods, but it is important to adjust the weights when using the
estimates for population projections and simulations.
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Once the weights are estimated, then most standard software for structural equations
models can perform the weighted estimation. Unfortunately these software do not
compute the correct standard errors since they assume that the weights are exogenous.
We therefore use a “wild” bootstrap (Horowitz, 2002) to generate standard errors for our
weighted estimates. This bootstrap procedure has the advantage that it will yield
consistent standard errors even if the errors in the model are heteroskedastic. We used
200 bootstrap iterations, although we checked our final results using 1000 bootstrap
iterations and the results were very stable.

One drawback of using weighted estimations is that they are not equivalent to maximum
likelihood, so there is no way to carry out standard likelihood ratio tests of
overidentifying restrictions. We implemented a bootstrap test for overidentifying
restrictions (including the restrictions on the residual correlation matrix) by bootstrapping
the difference between the restricted and unrestricted reduced forms for the various
models we examined. This test appears to work well since it ruled out many possible
model specifications.

Finally, we also implemented a simple Hausman(1978) test for the null hypothesis that
the weights are actually exogenous. This test compares the weighted estimates with
standard maximum likelihood estimates ignoring the weights. When applied to our
preferred model this test also does not reject the null hypothesis that the weights are
exogenous, but, as with the “structural” Heckman test, this result is very sensitive to
slight changes in model specification. We therefore decided to be conservative and use
the weighted estimates for our empirical results. Although inefficient, they are
consistent under the widest array of assumptions about the underlying data generation
process.

Estimation Results

The best model is that using housing density at the census block level, although the
other six land use variables also produce acceptable models and similar results. The
structural equation model was estimated using weighted three-stage least squares with
bootstrapped standard errors as described above. The overidentifying restrictions for
this model cannot be rejected at any usual level of confidence.

The squared multiple correlations for the structural equations are 0.11 for housing
density, 0.37 for annual mileage, and 0.95 for annual fuel usage. For the reduced-form
equations, the squared multiple correlations are 0.11 for housing density (same as the
structural R because there are no endogenous variable effects on housing density),
0.37 for annual mileage, and 0.42 for fuel usage.

Table4  Descriptive Statistics of the Variables of the Structural Equation Model
(Weighted sample, N = 2079)
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Variable Mean Std. Dev.
Annual household fuel consumption in gallons 1173 1201
Total mileage per year for all household vehicles 25018 28486
glk;%l;s;gﬂgwellmg units per sq. mile - Census 261 1901
Annual household income in units of $10,000 7.08 5.66
Number of children in household 0.69 1.07
Number of workers in household 1.43 1.08
Dummy: 1-worker household 0.36 0.48
Dummy: 2-worker household 0.31 0.46
Dummy: 3-or-more-worker household 0.13 0.34
Number of drivers in household 1.86 1.03
Dummy: 1-driver household 0.32 0.47
Dummy: 2-driver household 0.46 0.50
Dummy: 3-or-more-driver household 0.18 0.38
Dummy: respondent has only college degree 0.53 0.50
Dummy: respondent has postgraduate degree 0.15 0.35
Dummy: respondent is retired 0.23 0.42
B gt o et 16,21 and o
Dummy: single-person household not retired 0.14 0.35
Dummy: race is Asian 0.07 0.26
Dummy: race is Hispanic 0.11 0.31
Dummy: race is Black 0.05 0.22
Dummy: race is mixed White & Hispanic 0.06 0.23

18

The estimated direct effects among the endogenous variable are listed in Table 5. The
postulated effects of residential density on both mileage and fuel usage are highly
significant. The total effects of each endogenous variables on the other are listed in

Table 6. These results are interpreted in the next section.
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Table5  Structural Coefficients (Direct Effects) Among the Endogenous Variables
(t-statistic in parentheses)

Causal endogenous variable

Inﬂuenced endogenous Varlable DWe"lng units pel’ Sq. Total mileage pel’ year
mile in units of 1,000 — on all household
census block group vehicles

. . -1171

Total mileage per year on all household vehicles (-4.97)
: -20 0.0382

Household fuel usage per year in gallons

ge peryearing (-5.12) (17.3)

Table 6  Total Effects Among the Endogenous Variables (t-statistic in parentheses)

Causal endogenous variable

mile in units of 1,000 — on all household
census block group vehicles
. . -1171
Total mileage per year on all household vehicles (-4.97)
. -64.7 0.0382
Household fuel usage per year in gallons (-6.15) (17.3)

The direct (regression) effects of the exogenous variables on the endogenous variables
are listed in Table 7. The implications of these results concerning the direct regression
effects on the endogenous variables are explored in the next section.

Finally, the total effects of the exogenous variables on the endogenous variable are
listed in Table 8. These are known as the coefficients of the reduced-form equations.
The effects of the socioeconomic variables that explain land use density are translated
to mileage and fuel usage by the direct effects between the endogenous variables.
These total effects are interpreted together with direct effects in next.
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Structural Regression Coefficients (Direct Effects of the Exogenous Variables
on the Endogenous Variables) (bootstrapped t-statistics in parentheses)

Exogenous variable

Household fuel
usage per year in

Endogenous variable

Total mileage per
year on all

Dwelling units
per sq. mile in
units of 1,000 -

gallons household vehicles  census block
group
Annual household income in units of $10,000 (41,_34;?) (f%i) (Olgg
Number of children in household élozc)) (052423
Number of workers in household (11231) (021482%
Dummy: 1-worker household (2722) (81423)
Dummy: 2-worker household (12.563) 32146)3
Dummy: 3-or-more-worker household (13.851) ?:31217)
Number of drivers in household (2,53;57,) :(L§’66542) (%1737?
Dummy: 1-driver household (15:1397) (0273%
Dummy: 2-driver household (gfg (12(112?
Dummy: 3-or-more-driver household (%777;) (11%;?
_ -45.9
Dummy: respondent has only college degree (2.22)
. -74.9
Dummy: respondent has postgraduate degree (:3.03)
Dummy: respondent is retired (fag) (3(’)7528) (OSAE)(ZS);
Dummy: youngest child at least 16-21 and at least 2 adults not retired -11669 -0.700
(-1.66) (-3)
. . 0.218
Dummy: single-person household not retired
(1.37)
Dummy: race is Asian -34.9 ~3286 0.601
y- (-1.25) (-1.38) (3.11)
Dummy: race is Hispanic -26.5 2655 0.684
y: P (-1.01) (-0.86) (4.24)
Dummy: race is Black (04953
Dummy: race is mixed White & Hispanic 0.713

(3.87)
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Table8 Reduced Form Coefficients (bootstrapped t-statistics in parentheses)

Endogenous variable

Exogenous variable

Household fuel
usage per year in

Total mileage
per year on all

Dwelling units
per sq. mile in
units of 1,000

I household block
gallons vehicles - census bloc
group
Annual household income in units of $10,000 (;2;) (12.7162) (01%19;
Number of children in household (2512) (;7511) (05243;
Number of workers in household (11273) (fslﬁ) (0214820)
Dummy: 1-worker household (;2727) (814;)83)
Dummy: 2-worker household (37.312) 233;16)5
Dummy: 3-or-more-worker household (12297;1) ?;31217)
Number of drivers in household (ji%) %3?%19? (Oﬁf
Dummy: 1-driver household (152) (32166)3 (0273(13
- 315 8792 1.013
D 1 2- h hol
ummy: 2-driver household (1.07) (1.12) 2.0
Dummy: 3-or-more-driver household (256;’) (7563;5; (11(2;?
-45.9
Dummy: respondent has only college degree
(-2.22)
-74.9
Dummy: respondent has postgraduate degree (3.03)
Dummy: respondent is retired (lg(?) ‘(12(;3;3 (03‘(1)39)3
Dummy: youngest child at least 16-21 and at -400 -10850 -0.700
least 2 adults not retired (-1.60) (-1.55) (-3.00)
Dummy: single-person household not retired (i‘ii‘) (12:532) (0123178)
Dummy: race is Asian -199 -3989 0.601
y: (2.17) (-1.64) (3.11)
Dummy: race is Hispanic -172 -3456 0.684
y: P (-1.54) (-1.11) (4.24)
Dummy: race is Black -58.7 -1063 0.908
y: (-3.93) (-3.51) (4.89)
Dummy: race is mixed White & Hispanic (;'611) (;33;) 2)3;.78173)
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Interpretation of Results

The Effects of Land Use Density

The model implies that, if two households are identical in all aspects measured by the
exogenous variables in the model, but one household is located in a residential area
that that is 1,000 housing units per square mile more dense, the household in the
denser area will drive 1171 miles per year less than the household in the less dense
area. (referencing the direct and total effects given in Tables 5 and 6). This is the net
effect of vehicle ownership level and trip patterns. Regarding annual fuel consumption,
the household is the denser area will consume 64.7 fewer gallons of fuel, and this effect
of residential density on fuel usage is decomposed into to two paths of influence. The
mileage difference of 1171 miles leads to a difference of 44.7 gallons (using 0.0382
gallons per mile, the estimated direct effect of mileage on fuel consumption, implying a
fuel economy of 26.2 miles per gallon). However, there is an additional direct effect of
density on fuel consumption of 20 gallons per 1,000 housing units per square mile
(Table 5). This is due to the relationship between residential density and fleet fuel
economy, a result of vehicle type choice.

Exogenous Variable Effects

Number of Drivers

As expected, the number of household drivers is the strongest influence of household
annual mileage and fuel consumption. However, number of drivers also affects choice
of residential density. Thus, the total effect on mileage is due to both a direct effect and
an effect channeled through residential density. In turn, the effect on fuel consumption
is a sum of a direct effect, an effect channeled through mileage, and an effect
channeled through residential density. The total effects on each of the three
endogenous variables are nonlinear, as captured by up to four variables: a continuous
“number of drivers” variable, and dummy variables for one-driver, two-driver and three-
or-more-driver households.

Drivers per household has a negative diminishing marginal effect on choice of
residential density. All else held constant, the model predicts that a household with one
driver will locate in a residential area that is less dense by about 700 dwelling units per
square mile, when compared with a household with no drivers; a household with two
drivers will locate in a residential area that is less dense by about 450 dwelling units per
square mile, when compared with a household with one driver; and the difference in
density between two- and three-driver households declines to about 200 dwelling units
per square mile.

The influences of drivers per household on annual vehicle usage and fuel consumption
does not exhibit such diminishing marginal effects, and the main nonlinearities involve
the effects of more than two drivers. For the first driver in the household, the increase in
annual mileage is 10,100, and in going from one to two drivers, the increase is 8,700
miles per year. From two to three the added mileage per year is 15,100 miles, and from
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three to four it is 13,800. The effects of the number of drivers on fuel usage follow the
same trend, but the rates of increase per driver are slightly greater. This is due to an
additional positive direct effect of the number of drivers on fuel usage, indicating a
lowering of fleet fuel economy as a function of the number of drivers.

Number of Workers

There is a positive linear effect of the number of workers on residential density.
Households with more workers tend to live in higher density areas, ceteris paribus. As
in the previous case of household drivers, the total effects of number of workers on
annual mileage and fuel usage are both nonlinear, each being captured by three
variables: a continuous variable and dummy variables for one-worker, two-worker and
three-or-more-worker households. However, in contrast to number of drivers, the
greatest marginal effect for number of workers is the difference in mileage and fuel
consumption attributed to the difference between two to three workers, which is
significantly greater than the differences between one and two workers, and somewhat
greater than the difference between zero and one worker. The model implies that
commuting distances are generally shorter for the second worker in the household and
longer for the third worker, in comparison to the first worker. Fuel consumption per
worker generally tracks annual mileage, with the exception that fuel consumption is
more linear than mileage in the range of zero to two workers, implying that first workers
generally use more fuel efficient vehicles.

Income

The model predicts that fuel usage increases linearly with income, and this is caused by
all three factors. Higher income translates into: (1) choice of lower density residential
location, (2) greater total driving distances, independent of the greater distances caused
by lower densities, and (3) lower overall fuel economy of the household fleet.

Number of Children

Fuel usage increases with number of children due  two factors. Larger families tend
to choose lower residential density, which in turn increases total mileage. In addition,
fuel economy decreases as a function of the number of children, due to increased
likelihood of a least one van or SUV in the household fleet.

Education

Only two education dummy variables were found to be significant. Households headed
by a respondent with a college degree tend to have a vehicle fleet with greater overall
lower fuel economy than there counterparts. This effect is accentuated if the household
is headed by a respondent with a postgraduate degree.
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Life Cycle Effects

Retired two-person households tend to live in lower-density residential areas. However,
the positive influence of lower residential density on uel consumption is partially offset
by a vehicle fleet with higher fuel economy, probably due to a lower likelihood of vans,
pickup trucks and SUVSs.

Households with older children choose to live in lower density areas. In California,
many children over sixteen years of age have driving licenses, so the effects of this
variable on vehicle usage and fuel consumption should be combined with the household
drivers variables. If an additional household driver is a child 16-21 years of age, the
model predicts that the additional vehicle usage and fuel consumption will be less than if
the driver is not such a child.

Finally, nonretired single-person households also tend to live in higher density areas.

This translates into lower annual mileage and fuel consumption strictly through the
direct effect of land use density.

Race and Ethnicity

Four race and ethnicity variables were determined to have significant effects on choice
of residential density and mobility. Households which are solely Black, solely Asian,
solely Hispanic, or mixed White and Hispanic, all tend to reside in higher-density areas,
compared to other households, predominately solely White households. This leads to
lower vehicle usage and fuel consumption for all of these groups. In addition, there are
possible direct travel and fuel economy effects for Asian and Hispanic households, but
due to the inefficiency of the estimation method used to assure unbiased coefficient
estimates, these effects are not estimated with precision. Further research is needed to
improve our understanding of these and other demographic influences on residential
transportation fuel consumption.

CONCLUSIONS AND DIRECTIONS FOR FURTHER RESEARCH

We specified a simultaneous equation model that accounts for self selection effects in
estimating the influence of residential density on household vehicle annual mileage and
fuel consumption. This model was estimated using a method that corrects for missing
data that is non-random and related to the endogenous variables. Results showed that
residential density directly influences vehicle usage, and both density and usage
influence fuel consumption. All of these effects are large in magnitude and precisely
estimated: Comparing two households that are similar in all respects except residential
density, a lower density of 1,000 housing units per square mile implies a positive
difference of almost 1,200 miles per year and about 65 more gallons of fuel per
household. This total effect of residential density on fuel usage is decomposed into to
two paths of influence. Increased mileage leads to a difference of 45 gallons, but there
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is an additional direct effect of density through lower fleet fuel economy of 20 gallons
per year, a result of vehicle type choice.

As expected, the most important exogenous influences are number of household drivers
and number of workers, but education and income also are significant. Isolating the
effects of number of workers on fuel consumption allows the development of models
aimed at forecasting the effects of employment levels on residential transportation
energy consumption. There are also demographic and race and ethnicity effects, as
retired households are more likely to live in less dense residential areas, and singles
and nonwhite households are more likely to live in denser areas.

This research can be usefully extended in a number of directions. Adjunct geographic
location information can be merged into the NHTS dataset to provide more information
about the households’ neighborhood characteristics. For those households in major
metropolitan areas it might be possible to obtain information on accessibility to public
transportation. An expanded model can then be developed to jointly determine public
transit accessibility along with residential density and transportation energy use.

Detailed geographic information can also be utilized to empirically examine the claim
that balancing the number of residences and jobs within a community will reduce
residential transportation fuel use. Tract-level Census data could be used to develop
measures of “jobs-housing imbalance” for each of the NHTS California sample
members and then test whether these measures have any significant impact on vehicle
use and fuel use.

The model can also be extended to include explicit endogenous indicators for different
vehicle types. This will allow us to more clearly identify the impacts of switching from
cars to vans and light trucks. The present results indicate that certain
sociodemographic groups are likely to drive more fuel-efficient vehicles, and new
research might identify how this is related to substituting away from trucks and SUVSs,
as opposed to choosing newer or more efficient vehicles for the same body types.

The present method for handling the endogenous sample selection caused by missing
energy information also invites improvement. Ideally both the structural and weighting
methods should yield the same quantitative results. The structural method should yield
more efficient estimates if the equations explaining the missing data process are
correctly specified. This calls for experiments with more flexible functional forms and
semi-parametric estimation methods to find a better structural model.

Finally, the present research concentrates on California, using only that portion of the
NHTS national sample. This work can be expanded to the national level, both as a
check on the stability of the models and to empirically examine the claim that California
driving behavior has unique characteristics that cannot be captured by standard
socioeconomic measures.
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