effects, a7 and 7 vehicle-type effects, as and s adjust the estimates of / for vehicle

i

type (the term intert; equals truck, -lavecost,), and ag and By control for gender of head

of household. Coefficients 39, B11, and ;> further adjust the estimate of / », for whether

y

the vehicle is used for commuting purposes and the household’s income status,
respectively (intercm, =cm, -lavecost,, interlinc, = lowinc-lavecost,, and
interminc, = midinc - lavecost, ).

Following Hausmann (1968), we test for the endogeneity of truck; in (3a) and (3b) by
including the residuals, res;, from (3a) and (3b) as an explanatory variables in the probit

equations,

e
prob(truck, =1) = Tre™

+U 4)
where X is a subset of explanatory variables from Table 1 (including res;), " is a
corresponding vector of coefficients, and v, is a mean-zero normally distributed error
term. Estimation results for (4) are contained in a technical appendix (Table A2-1 of
Appendix 2).*! Most importantly for our purposes, the statistical insignificance of the
coefficient for res; indicates that ruck; can be treated as an exogenous explanatory
variable in (3a) and (3b).

The exogeneity of truck; in our sample is not particularly surprising, as there is no a
priori reason to presume that households choosing to drive more miles than average are

necessarily more likely to choose light-duty trucks or cars based, say, on fuel-efficiency

comparisons. Other concerns, such as safety and comfort, may be as important to

2 Appendix 2 is available online. We provide results based on equation (3a) (as well as equations (5a) and
(6a) to follow), as the results for (3b) (and (5b) and (6b) to follow) are (respectively) qualitatively similar.
The results for (3b), (5b), and (6b) are available upon request from the authors.
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households as fuel efficiency. Thus, on average the direction of endogeneity between
vehicle type and VMT may not be empirically discernable — two households that are the
same in every other respect may choose different vehicle types due to latent
heterogeneity. Or it may simply be that on average, concerns for safety, comfort, and fuel
efficiency offset each other. For these reasons, we find that endogeneity of vehicle type
does not exist for the average household in our sample.

Table 3 contains our VMT estimation results for the sub-sample of one-vehicle
households. As expected, the coefficient estimates for lincome, numdrive, and cm; are
positive in both specifications, indicating that higher-income households with more
drivers who use the household’s vehicle primarily for commuting purposes tend to drive
more miles per year, all else equal. Households with fewer young children (e.g., a larger
hhcomp value) drive fewer miles on average. Vehicle type and household location (urban
vs. rural) have no discernable effects on VMT.

Most importantly for our purposes, the coefficient estimates for /avecost; in both
specifications are negative and statistically significant, indicating that on average, VMT
elasticity for one-vehicle households is negative (and elastic). Further, the coefficient
estimates from (3b) for lavecost; and intercm; indicate that households using their vehicle
for commuting purposes exhibit a significantly lower VMT elasticity than households
that do not.”> This makes intuitive sense, since households that depend on their vehicle

for commuting to work may have (or perceive themselves as having) fewer transportation

** Our measure of commuting is admittedly qualitative rather than quantitative (i.e., cm; merely indicates
whether a household has stated that the vehicle is used primarily for commuting purposes, not the specific
extent to which it is used as such). It is therefore an imprecise measure of commuting. We thank an
anonymous referee for pointing this out to us.
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alternatives. Lastly, the statistical significance of the F-statistics (at the 1% level) indicate
that the coefficients in the respective models are jointly different from zero.

These results differ from West’s (2004) in some important respects. For instance,
West finds a significant positive effect for her measure of urban and a significant
negative effect for her measure of numdrive. Her average VMT elasticity estimate of
-0.93 is also generally lower than ours, which equals -1.85 in specification (3a) and -2.34
for non-commuters and -0.66 for commuters in specification (3b). Also, West’s estimate
of VMT income elasticity of 0.02 is similarly lower than ours, which equals 0.17 in
specification (3a) and 0.13 in specification (3b).

Two-Vehicle Households

Similar to the approach used for the sub-sample of one-vehicle households, we begin
with specifications of VMT for homogeneous and heterogeneous households for each of
two vehicles, respectively

lvmt, = o, + &, ;(lincome) + a, ,(lavecost,) + &, (lavecost,) + a, ,(numdrive)
+as,(hhcomp) + o (cm,) + @, (urban) + oy, (truck ) (5a)

+ay, (z'ntert. /.) +a,; (gender) + Wy, J= 1,2

lvmt, = B, + B,;(lincome) + B, ,(lavecost,) + B, (lavecost,) + f, ,(numdrive)
+ Bs ;(hhcomp) + B, ,(cm ) + B, (urban) + B (truck )
+ By, (intert ) + B, (gender,) + B, (intercm,)

+p,,,(interlinc ) + B,;,(interminc ) + w,;, j=1,2

(5b)
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where subscript j refers to the first and second vehicle, respectively. The interpretations
of the a and f parameters, the explanatory variables, and the error term, uy;, are the same
as for the one-vehicle households.”

Again following Hausmann (1968), we test for the endogeneity of truck; by including
the residuals, res;, j = 1,2, from separate estimations of (5a) and (5b) as explanatory
variables in corresponding probit regression equations (4).>* Estimation results for each
vehicle using (4) are presented in Tables A2-2 and A2-3 of Appendix 2. Most
importantly for our purposes, the statistical insignificance of the coefficients for res;
indicate that truck; j = 1,2, respectively, can be treated as exogenous explanatory
variables in (5a) and (5b).

To account for fact that equations (5a) and (5b) represent respective systems of VMT
demand equations, we use the SUR estimation method to estimate VMT for each of the
two vehicles, and apply homogeneity and Walrasian demand restrictions to enhance the
efficiency of the estimates (Mas-Colell, et al, 1995; Greene, 2003). Our SUR results,
along with results for equation-by-equation OLS estimation of vehicle-specific VMT, are
presented in Tables 4a and 4b. In the following discussion we compare the OLS results
for equation (3b) in Table 3 with the SUR results for equations (5b) in Table (4b).’

Similar to the one-vehicle households, the income elasticity of demand for VMT and

the commuter-car dummy variable are both positively related to VMT — for each vehicle,

23 . . . . . . . 7.
Note that intercm S =cm; -lavecost i interlinc = lowinc - lavecost I interminc ; = midinc - lavecost i

and intert j= truck I -lavecost Iz j=1,2. The inclusion of lavecost; in (5a) and lavecost; in (5b) controls for

cross-price effects.
riX;

**In this case (4) can be written as prob(truck i=D= +0y;,) =1.2.

1+
** The statistical significance of the Wald Chi-Square statistic (at the 1% level) indicates that the SUR

restrictions of homogeneity and Walrasian demand yield more efficient coefficient estimates.
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respectively, in the two-vehicle households. The respective income elasticities are
noticeably higher for two-vehicle households (1.04 for the first vehicle and 1.02 for the
second vehicle), suggesting that VMT is income elastic for these households.*® The
coefficient estimates for numdrive, hhcomp, and gender are no longer statistically
significant. However, fruck; now takes on a negative sign, indicating that, all else equal,
if the second vehicle of a two-vehicle household is a truck the household chooses to drive
that vehicle fewer miles.

Both vehicles in the two-vehicle household exhibit negative VMT elasticities, which
are both smaller in magnitude than the estimated elasticity for one-vehicle households.>’
The VMT elasticity for the first vehicle is -1.16 if the household is high income (larger
than $62,500 per year) and the vehicle is not used for commuting purposes. Comparable
estimates for middle- and lower-income households are -1.37 and -1.44, respectively,
indicating that these two-vehicle households are, all else equal, more responsive to
changes in per-mile fuel costs of the first vehicle. If instead the first vehicle is used for
commuting purposes, the VMT elasticity estimates drop considerably, to -0.31, -0.52, and
-0.59 for high-, middle, and lower-income households, respectively.

The relative VMT elasticity estimates for the second vehicle are similar. If the
vehicle is not used for commuting purposes, the elasticity estimates are -1.10, -1.29, and
-1.38 for high-, middle-, and lower-income households, respectively. If instead the
second vehicle is used for commuting, the corresponding estimates are 0.33, 0.14, and

0.05. Theoretically speaking, a positive elasticity suggests an upward-sloping VMT

** We do not have a good theoretical explanation for why both vehicles behave as luxury goods for these
particular households.

* Thus the scale effect outweighs the substitution effect, as discussed in Section 1. Note that this occurs
solely for passenger cars (and light-duty trucks if they are the household’s first vehicle), as the coefficient
estimate for intert; adds a “base” of -0.91 to the non-commuter VMT elasticity for each income category.
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demand for this type of household, which is unappealing. In an empirical sense,
however, the positive signs suggest that households of this type which face higher per-
mile fuel costs also happen to commute more miles. In other words, it could be that these
households commute further distances because of some latent fixed effect (e.g., lack of
carpooling options), not because their fuel costs are higher.*®

Three-or-More Vehicle Households

Our homogeneous and heterogeneous specifications for estimating VMT for each of
three vehicles is the same as (5a) and (5b), respectively, except that lavecost; and vehgrt3
are included as additional explanatory variables in both equations andj = /,2,3. We
henceforth label these augmented equations (6a) and (6b). Again the interpretations of
the a and f parameters, the explanatory variables, and the error term, u3;, are the same as
for the one- and two-vehicle households. Results for the equation-by-equation
endogeneity tests of truck; using res;, j = 1,2,3, based on separate estimations of (6a), are
included in Appendix 2. The results show that fruck; can be treated as exogenous
explanatory variables in (6a) and (6b).

We again use the SUR estimation method to estimate (6a) and (6b) as respective
systems of VMT demand equations. Our SUR and equation-by-equation OLS results for
three-or-more vehicle households are presented in Tables 5a (homogeneous households)
and 5b (heterogeneous households). Comparing heterogeneous two- and three-vehicle
households (Tables 4b and 5b), we find similar results for income elasticity (generally
income elastic — in this case the elasticity estimates are 1.05, 1.11, and 1.11 for the first,

second, and third vehicles, respectively), VMT elasticity (larger for lower- and middle-

¥ We also estimated (5b) without the cm; and truck; variables included. In this case, the coefficient estimate
for intercm; became negative, suggesting that households which use their second vehicle for commuting
purposes have higher VMT elasticities.
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income households and the truck dummy for secondary vehicles, but lower for commuter
vehicles), the commuter dummies, and the truck dummy for secondary vehicles. Also,
VMT elasticities are positive for second and third vehicles that are used for commuting
purposes. Unlike for two-vehicle households, hhcomp is negatively related to VMT for
three-vehicle households.

VMT elasticity estimates for the one-, two-, and three-or-more vehicle households are
compiled in Table 6, along with comparable estimates from previous studies. One cross-
study comparison worthy of note is that our estimates based on the homogeneous
household model (which are more directly comparable to the previous studies’ estimates)
are larger — in some instances we find that VMT is highly elastic with respect to fuel
costs per mile. One reason for this difference could be that households, on average, have
become more responsive to increases in fuel costs over time.” Another reason could be
differences in the sample data themselves. Recall that our data is an updated version of
the dataset used in Sevigny (1998), and the sample frame is restricted to the Mountain
district. The main advantage of our dataset is that avecost; is reported directly by the
household — for each vehicle — based on its own records kept during the year. The main
disadvantage of our dataset is that fruck; is a highly aggregated attribute upon which to
base vehicle type.

Although it contains information on several different, and more disaggregated,
vehicle attributes, West’s (2004) dataset suffers from two potential deficiencies.”® First,

West’s avecost; variable is constructed by dividing the price per gallon of gasoline by

*% Recall that our data covers households in 2001, while the previous studies’ results are based on
household samples conducted in the mid-1990s and earlier.

¥ West’s (2004) dataset is compiled from the 1997 Consumer Expenditure Survey and the California Air
Resources Board Surveillance Program.
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fuel efficiency of the vehicle type reported by the household. Actual variable costs per
mile are therefore not reported directly by the household. Second, the data contains total
gas expenditure per household, not per vehicle. Thus, the data cannot account for
possible substitution effects across vehicles for a given household, which may in turn bias

household VMT estimates downward.

5. Estimating the Impacts of a VMT Tax on Particulate Emissions
Using our VMT elasticity estimates from Table 6, we are able to assess the effectiveness
of different VMT tax rates in reducing particulate emissions in Cache County, Utah. To
begin this component of the analysis, we estimate baseline particulate emissions in Cache
County by applying to the Mountain sample vehicle emissions tests reported in Yu and
Qiao (2004) for light-duty trucks and passenger cars. In specific, we assume 67.57 g/mi
and 20.76 g/mi (all roads) particulate emission rates for light-duty trucks and passenger
cars, respectively (where g/mi stands for grams per mile).”' As a result of combining this
information, we obtain estimates of aggregate particulate emissions for light-duty trucks
and passenger cars in the Mountain sample based on actual VMTs reported for each
vehicle in the sample. We then extrapolate these aggregate emission estimates to Cache
County’s population of vehicles (most recently reported by Utah DMV, 2006) by
applying to the Mountain sample estimates the ratio of Cache County light-duty trucks
and passenger cars.

For example, in the Mountain sample there are a total of 1,318 light-duty trucks (as

defined for this analysis) with an aggregate annual VMT of 16.1 million, resulting in an

*1'Yu and Qiao (2004) do not report separate emissions results for vans and SUVs. Since light-duty trucks,
vans, and SUVs generally match in terms of vehicle weight, engine size, and fuel burn we lump vans and
SUVs with light-duty trucks rather than with passenger cars for this particular analysis.
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estimated aggregate particulate emissions from light-duty trucks of 1.1 million kilograms
(kg) per year (0.06757 kg/mi x 16.1 million mi/yr = 1.1 million kg/yr). By comparison,
the Cache County fleet consists of 23,055 light-duty trucks. Therefore, our estimate of
aggregate particulate emissions in Cache County attributable to light-duty trucks is 19.1
million kilograms per year (1.1 million kg/yr x (23,055/1,318) = 19.1 million kg/yr). An
equivalent approach results in a baseline estimate of 10.5 million kilograms per year of
aggregate particulate emissions attributable to passenger cars in Cache County. Thus, our
baseline estimate of aggregate emissions is 29.6 million kilograms per year.’>

Next, we use the VMT elasticity estimates obtained from this study to derive
associated estimates of VMT reductions attributable to tax-induced increases in avecost,.
These VMT reductions are calculated as follows. For each vehicle in our sample, we

initially assume a vehicle-specific VMT tax ratez,, j = 1,2, for passenger cars and light-

duty trucks (where passenger cars and trucks are distinguished according to the truck;

variable — see Table 1) and determine each vehicle’s new VMT, labeled VMTI.},

according to,

VMT, = VMT,
Y Y avecostl.j

1E,
I+ i=1.n =12 (7)
J

where VMTj; represents initial, or current vehicle-specific VMT, and the term

t,¢, / avecost, <0 is the percentage change in VMT in response to #, j = 1,2 (using our

% A simpler approach would have been to multiply the product of Yu and Qiao’s (2004) PM, 5 emissions
estimates and Utah DMV’s (2006) estimate of average VMT for trucks and passenger cars by the total
number of light-duty trucks and passenger cars, respectively, in the Cache County fleet. However, this
approach seems less precise because only an average VMT is used rather than actual VMTs reported by
households themselves in a survey. Ideally, the Utah Department of Environmental Quality would
calculate an annual estimate of particulate emissions (and perhaps concentrations themselves) attributable
to mobile sources in Cache County. To our knowledge though, such estimates do not currently exist.
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empirical estimates of ¢, derived in Section 4). We calculate (7) for each household

twice — once using the VMT elasticity estimates obtained under the homogeneous-
household assumption and again under the heterogeneous household assumption.
Next, identically to how we calculated particulate emissions above, we calculate new

vehicle-specific emissions by multiplying VMT,.} by our per mile emission rates of 67.57

g/mi and 20.76 g/mi for light-duty trucks and passenger cars, respectively. Lastly, we

calculate the percentage change in particulate emissions (4PM; ) as,

APM, = EiE-’[VMTi’ .PM;J:S] _Et‘E./[VMTi;'PMgS] 100 (8)

B 3., [MT, - Ml

where PM Y., j = 1,2, represents the per mile emission rates for passenger cars and light-

duty trucks, respectively.

Results using (8) are presented in Table 7 for two different tax scenarios. In the first
scenario, we assume relatively moderate per-mile tax rates of $0.003 and $0.01 for
passenger cars and trucks, respectively.”” In the second scenario, we double these tax
rates to $0.006 and $0.02 per mile, respectively. As indicated in Table 7, under the
assumption of homogeneous households aggregate particulate emissions decrease by
11% under the first tax scenario and by 23% under the second, with corresponding
average annual tax burdens for the first year of $128 and $256. We again emphasize that
these estimated annual emissions reductions and associated tax burdens are solely for the
first year following imposition of the VMT tax. Household behavior and the population

of drivers are likely to adjust over time and thus require adjustments in the VMT tax rate

33 These baseline tax rates are similar to those purposed by Sevigny (1998).
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Under the assumption of heterogeneous households, emissions decreases are 7% and
12%, respectively (with the same average annual tax burdens).”* Thus, the
heterogeneous-household model not only produces respectively lower estimates of
particulate emissions, but also a tighter range between the high- and low-end estimates.
The results are driven by (no pun intended) adjustments in commuter VMT elasticities in
the one-, two-, and three-vehicle households (see Table 6, This Study columns).”

Assuming that particulate emissions and concentrations correlate one-for-one (i.e.,
one gram of emissions equals one xg/m’) and the estimated percentage emissions
reductions occur on a daily basis, Figure 3 shows that our upper-bound estimate of a 23%
reduction in particulate emissions would not (counterfactually) have reduced emissions
enough during the past year to meet the new standard of 35ug/m’ (although it would have
met the older standard of 65ug/m”).*® This in turn suggests that either the tax rates
assumed for this analysis are too low, or a VMT tax alone is unlikely to be sufficient in
helping Cache County avoid reaching non-attainment status with the EPA in the future.
Additional policy measures, such as vehicle emissions testing, expanded mass transit or
alternative transportation options, and targeted subsidies to promote use of mass transit
and alternative transportation will therefore be necessary. Fortunately, revenues from the

VMT tax would be available to help fund these measures.

** The heterogeneous household model for this analysis distinguishes commuter and non-commuter
vehicles according to household income levels, i.e., a commuter vehicle from a high-income household,
commuter vehicle from a middle-income household, commuter vehicle from a lower-income household,
non-commuter vehicle from a high income household, etc.

%> In cases where a commuter-vehicle VMT elasticity estimate is positive, we set the estimate to zero in
calculating the particulate emissions reductions presented in Table 7.

%% The two assumptions are possibly grandiose. The former depends on inter alia daily weather and traffic
flow conditions. To our knowledge, there are no formal studies addressing the link between emissions and
concentration. The latter depends on daily driving habits of households. Understanding these habits would
require more detailed survey information than is presently available.
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6. Summary and Conclusions

This paper has addressed two interrelated issues. First, we provide updated VMT
elasticity estimates that are conditioned on whether a household uses its vehicles for
commuting purposes. We find that VMT elasticities are generally inelastic for vehicles
that are used primarily for commuting purposes, but elastic for non-commuting vehicles.
We also find that VMT elasticity increases in magnitude as household income level
decreases for two- and three-or-more vehicle households. Second, we use our elasticity
estimates to assess the effectiveness of different VMT tax rates in reducing particulate
emissions in a non-attainment area located in northern Utah. Our principal findings are
that a VMT tax rate of $0.003 per passenger car mile and $0.01 per light-duty truck mile
would reduce annual PM; s emissions in our study area by between 7% and 11%.
Assuming constant elasticity, at tax rates of $0.006 and $0.02 per mile for passenger cars
and light-duty trucks, respectively, annual particulate emissions would therefore be
reduced by between 12% and 23%.

Our results are constrained by data limitations, in particular by information at the
household level that would enable VMT taxes to be adjusted for ‘seasonality’ and
‘location’ effects. Seasonality pertains to the fact that, in this paper’s study area,
particulate emissions pose a threat to public health solely during the winter inversion
season. Location pertains to the fact that not all of a typical household’s annual VMT
occurs strictly within the affected area. Therefore, to be efficient VMT taxes should be
applied only during the winter inversion season and only to miles driven within a
designated area. This type of targeted application necessitates a better understanding of

household driving behavior during a given year.
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In addition, household-level information is needed to control for fixed effects that
might help explain why households with more than one vehicle, and which use their
secondary or tertiary vehicles primarily for commuting purposes, have such low VMT
elasticities for these commuter vehicles (in the case of our study, positive VMT
elasticities). Measures of commuting distance, availability of mass transit, the
household’s subjective assessment of the possibility of substituting away from using their
personal vehicles for commuting would likely be adequate controls in this respect. Also,
longitudinal data (preferably panel) would enable measurement of changes in driving
behavior over time as a result of the implementation of a VMT tax.

Several policy questions are left unanswered in this paper. For instance, how should
VMT taxes be collected? If they are collected on an annual basis, similar to how
registration fees are currently collected, then, psychologically speaking, drivers’
decisions might be less affected by the taxes on the margin. It would therefore seem that
something like a monthly billing system (like some cities currently use for toll road
billing) would be necessary for VMT taxes to be considered marginal in the minds of
drivers.

Also, should the VMT tax replace or supplement annual registration fees? If VMT
taxes are used to replace existing registration fees, revenue might then be unavailable to
fund additional policy measures that may be needed to avoid reaching non-attainment
status with the EPA. This begs a third question: what to do with VMT tax revenue?

Obviously, the revenue could be used to fund these additional policy measures, such as
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vehicle emissions testing, expanded mass transit or alternative transportation options, and
targeted subsidies to promote use of mass transit and alternative transportation.’’

A final issue is how to adjust VMT taxes to account for idling in traffic, which is not
an insignificant contributing factor to particulate concentrations in metropolitan areas.
Similar to the issues of seasonality and location, idling is easier to account for using gas
taxes. However, in concert with more detailed household-level surveys that account for
seasonality and location, studies that similarly assess the amount of time vehicles spend

idling in traffic could be used to adjust VMT upward based on estimated idling times.

7 VMT revenues might also be leveraged to obtain additional transportation dollars through the Federal-aid
Highway Program administered by Department of Transportation's Federal Highway Administration
(FHWA). We thank an anonymous referee for alerting us to this possibility.
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Figure 1.

Map of the U.S. Mountain Census District of the 2001 RTECS.
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Figure 2. Cache County PM, 5 Concentration Levels 2001-2006."
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Figure 3. Counterfactual Reduction in PM; s Concentration Levels for 2005.
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Table 1. Variable Descriptions and Descriptive Statistics (n = 1,585).

Variable
Name Mean SD* Description
vmt,; 12,168 11,319 VMT for household’s first (i.e., primary) vehicle.
vmt, 9,884 9,368 VMT for household’s second (i.e., secondary) vehicle.
vmt; 9,715 9,709 VMT for household’s third (i.e., tertiary) vehicle.
vehgrt3 0.31 0.46 =1 if the household owns more than three vehicles, =0 otherwise.
numdrive 1.38 0.55 The household’s number of registered drivers.
income® 38,477 24,094 Annual household income (in dollars).
lowinc 0.32 0.47 =1 if annual household income is less than $32,500.
midinc 0.50 0.50 =1 of annual household income is between $32,500 and $62,500.
gender 0.42 0.49 =1 if the head of household is male, =0 otherwise.
hhcomp 5.12 3.60 Household composition, indicating size, number of children, etc.
urban 0.87 0.32 =1 if household is located in an urban area, =0 otherwise.
avecost; 0.07 0.02 Average fuel cost per mile for household’s first vehicle.
avecost, 0.08 0.03 Average fuel cost per mile for household’s second vehicle.
avecost; 0.09 0.05 Average fuel cost per mile for household’s third vehicle.
cm; 0.28 0.45 =1 if the first vehicle is a commuter vehicle, =0 otherwise.
cm, 0.20 0.40 =1 if the second vehicle is a commuter vehicle, =0 otherwise.
cm; 0.15 0.36 =1 if the third vehicle is a commuter vehicle, =0 otherwise.
truck; 0.13 0.34 =1 if the first vehicle is a light-duty truck, =0 otherwise.
truck, 0.30 0.46 =1 if the second vehicle is a light-duty truck,=0 otherwise.
trucks 0.29 0.46 =1 if the third vehicle is a light-duty truck, =0 otherwise.

* SD = standard deviation.

® Our continuous measure of household income was constructed by taking the average of endpoints of the
income intervals within which the households placed themselves. For example, the endpoints for intervall
are $0 and $4,999, implying a constructed income of $2,500; the endpoints for interval 2 are $5,000 to
$9,999, implying a constructed income of $7,500; etc.

Table 2. Comparison of Mountain Sample and Cache County, Utah.

Variable Name Sample Mean  County Mean
income ($) 38,477 39,730°
lowinc (%) 32 23
midinc (%) 50 55°
gender (%) 42 49
urban (%) 87 83°
truck; (%) 24¢ 33
one-vehicle households (%) 37 25
two-vehicle households (%) 40 42
three-or-more vehicle house. (%) 23 29°

*Median household income.

Based on annual household income between $25,000 and $75,000.
“Based on population and authors’ arbitrary distinction of urban.
The sample mean is a weighted average based on the sub-sample
sizes for one-, two-, and three-or-more vehicle households.
Percentages do not add to 100 because households with no vehicles
are included in the census data.
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Table 3. Estimation Results for One-Vehicle Households.*"

Variables OLS Estimates (3a) OLS Estimates (3b)
constant 0.71%* 0.32
(0.288) (0.365)
lincome 0.17%** 0.13**
(0.047) (0.067)
lavecost; -1.85%%* =234 %%
(0.156) (0.180)
numdrive 0.14%** 0.12%**
(0.029) (0.029)
hhcomp -0.01%** -0.009**
(0.004) (0.004)
gender 0.07** 0.07#**
(0.029) (0.029)
cm; 0.48%** 2.45%**
(0.036) (0.369)
urban -0.007 -0.005
(0.045) (0.044)
truck; -0.23 0.03
(0.500) (0.491)
intert,; -0.38 -0.13
(0.457) (0.449)
intercm; - 1.68%**
- (0.313)
interlinc --- 0.02
- (0.055)
interminc -—- 0.03
- (0.043)
Sample Size 508 508
Adj. R-squared 0.57 0.59
F(9,498) 76.68%** -
F(12,495) - 63.03%**

"Dependent variable is lvmi;.
"Standard errors in parentheses.
""Significant at the 1% level.
“Significant at the 5% level.
"Significant at the 10% level.
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Table 4a. Estimation Results for Two-Vehicle Households — Equation (5a).*

Variables OLS Estimates” SUR Estimates’ OLS Estimates® SUR Estimates®
constant 1.28%%* -1.78%** 1.74%%* -2.64%**
(0.311) (0.21) (0.391) (0.254)
lincome 0.14%* 0.97%#** 0.08 1.10%**
(0.054) (0.035) (0.069) (0.042)
lavecost; -1.63%** -1.33%** -0.09 -0.11
(0.147) (0.091) (0.161) (0.115)
lavecost, -0.05 0.36%** -1.32%%* -0.99%%**
(0.101) (0.085) (0.151) (0.112)
numdrive 0.02 0.013 0.03 0.015
(0.028) (0.028) (0.036) (0.035)
hhcomp -0.009%** -0.003 -0.01* -0.004
(0.005) (0.005) (0.006) (0.006)
cm; 0.42%** 0.42%%* - ---
(0.033) (0.032)
cm; — - 0.51%** 0.48%**
- - (0.046) (0.045)
urban -0.034 -0.07* 0.003 -0.04
(0.037) (0.037) (0.047) (0.046)
gender -0.01 -0.06** 0.003 -0.05
(0.029) (0.028) (0.036) (0.035)
truck; 0.20 -0.21 — -
(0.442) (0.415)
truck, - --- -0.89%*** -1.05%%*
- - (0.322) (0.298)
intert,; 0.02 -0.34 -— -
(0.408) (0.385)
intert, — --- -0.89%*** -1.05%**
- - (0.298) (0.276)
Sample Size 555 555 555 555
Adj. R-squared 0.43 --- 0.41 ---
F(10,544) 43,51 %% 39,62+
Chi-Square (10) — 130.31%** -—- 125.24%%*
Wald Chi-Squ. (3) — 433,93%** -—- 433,93%**

*Standard errors in parentheses.
bDependen‘[ variable is /vmt;.
‘Dependent variable is lvmt,.
***Signiﬁcant at the 1% level.
“Significant at the 5% level.
"Significant at the 10% level.
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Table 4b. Estimation Results for Two-Vehicle Households — Equation (5b).*

Variables OLS Estimates” SUR Estimates’ OLS Estimates® SUR Estimates®
constant 0.76* -2.54%** 1.68*** -2.44%%*
(0.454) (0.310) (0.565) (0.372)
lincome 0.17%* 1.04%** 0.02 1.02%**
(0.089) (0.050) (0.112) (0.060)
lavecost; -1.91%** -1.16%** -0.14 0.08
(0.166) (0.094) (0.159) (0.119)
lavecost, -0.08 0.12 -1.61%%* -1.10%**
(0.100) (0.088) (0.164) (0.114)
numdrive 0.02 0.04 0.03 0.04
(0.028) (0.028) (0.036) (0.035)
hhcomp -0.008* -0.005 -0.01%* -0.008
(0.005) (0.004) (0.006) (0.006)
cm; 1.94%%* 1.44%%* ——- -
(0.334) (0.315)
cm; - - 2.42%** 2.19%**
- - (0.419) (0.398)
urban -0.027 -0.02 -0.001 0.001
(0.037) (0.037) (0.046) (0.046)
gender -0.008 -0.04 0.01 -0.02
(0.028) (0.028) (0.036) (0.035)
truck; 0.23 -0.32 - ---
(0.436) (0.411)
truck; - - -0.77** -(0.92 %%
- - (0.318) (0.296)
intert, 0.07 -0.41 - -
(0.4025) (0.411)
intert, — --- -0.78*** -0.91%**
- - (0.295) (0.275)
intercm; 1.30%** 0.85%** - -—-
(0.290) (0.266)
intercm, - --- 1.64%** 1.43%%*
- - (0.357) (0.338)
interlinc -0.03 -0.28%** 0.02 -0.28%**
(0.039) (0.032) (0.052) (0.042)
interminc -0.005 -0.21%** 0.03 -0.19%**
(0.035) (0.031) (0.036) (0.038)
Sample Size 555 555 555 555
Adj. R-squared 0.45 --- 0.43 -
F(13,541) 36.22%%* - 33.17%** -
Chi-Square (13) -—- 263.21%** --- 262.01%**
Wald Chi-Squ. (3) - 174.74%** - 174.74%**

*Standard errors in parentheses. bDependent variable is /vmt,. “Dependent variable is lvmt,.
""Significant at the 1% level. ~Significant at the 5% level. "Significant at the 10% level.
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Table 5a. Estimation Results for Three-Vehicle Households — Equation (6a).”
OLS SUR OLS SUR OLS SUR
Variables Estimates® Estimates® Estimates® Estimates® Estimates®  Estimates®
constant 2.61%** -1.73%%* 1.88%%* -2.98%** 3.57%** -2.38%**
(0.364) (0.275) (0.430) (0.343) (0.538) (0.428)
lincome 0.14%* 1.01%** 0.19%** 1.20%** -0.10 1.07%**
(0.069) (0.048) (0.084) (0.060) (0.101) (0.074)
lavecost; -(.73 %% -1.03%** -0.12 -0.37%** 0.14 -0.22
(0.147) (0.104) (0.161) (0.123) (0.193) (0.143)
lavecost, 0.23%* 0.21%* -0.92%** -0.91*** 0.21 0.15
(0.118) (0.096) (0.166) (0.124) (0.173) (0.137)
lavecost; -0.14 -0.18%* 0.10 0.08 -0.85%** -1.00%**
(0.095) (0.085) (0.116) (0.105) (0.151) (0.134)
numdrive -0.03 -0.07%%* 0.001 -0.05%** 0.05 -0.004
(0.021) (0.020) (0.026) (0.025) (0.032) (0.030)
hhcomp -0.017%%* -0.01%** -0.01* -0.005 -0.02%** -0.01*
(0.005) (0.005) (0.0006) (0.006) (0.008) (0.007)
cm; 0.5] *%* 0.44%%* - — - —-
(0.034) (0.033) - - --- -
cm; - - 0.55%** 0.59%** - -
- - (0.048) (0.046) - -
cm; - - - -—- 0.59%** 0.49%**
- -—- - - (0.065) (0.064)
urban -0.01 -0.10%%* -0.04 -0.14%** 0.06 -0.04
(0.037) (0.036) (0.045) (0.043) (0.053) (0.052)
gender 0.02 -0.01 -0.003 -0.05 -0.02 -0.07
(0.031) (0.030) (0.038) (0.037) (0.045) (0.045)
vehgrt3 0.03 0.02 -0.02 -0.03 -0.02 -0.03
(0.035) (0.034) (0.043) (0.042) (0.051) (0.050)
truck; -0.82% -0.66 --- - - -
(0.485) (0.460)
truck, - - -1.04** -0.85%* -—- -
- - (0.450) (0.420) - -
trucks - - --- -—- SNk Sk =254 %%
-—- -—- - - (0.395) (0.383)
intert, -0.89% -0.75% --- - - -
(0.454) (0.432) - - --- -
intert, - --- -1.08** -0.86** - -
- - (0.424) (0.398) - -
intert; -— --- --- - -2.63*** -2 477FE*
o — — - (0.377) (0.365)
Sample Size 316 316 316 316 317 316
Adj. R-squared 0.55 - 0.44 - 0.50 -—-
F(12,304) 31.09%** --- 21.64%** -—- 27.18%** ---
Chi-Square (11) — 125.15%%** - 78.47%** --- 118.97***
Wald Chi-Squ. (3) — 459.72%** -—- 459.72%** -—- 459.72%**

*Standard errors in parentheses.

bDependen‘[ variable is lvmt;. “Dependent variable is lvmt,.
""Significant at the 1% level. = Significant at the 5% level. "Significant at the 10% level.
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Table 5b. Estimation Results for Three-Vehicle Households — Equation (6b).”

OLS SUR OLS SUR OLS SUR
Variables Estimates” Estimates” Estimates® Estimates® Estimates'  Estimates’
constant 2.90%** S22 5%*k 2.93%** -2.70%** 3.54 %% -2.98%**
(0.771) (0.536) (0.894) (0.656) (1.14) (0.813)
lincome 0.01 1.05%** -0.08 1.1 1% -0.13 L11***
(0.159) (0.090) (0.187) (0.110) (0.235) (0.136)
lavecost, -1.04%%* -1.04%%* -0.14 -0.25%* 0.13 -0.13
(0.175) 0.117) (0.159) (0.130) (0.189) (0.151)
lavecost, 0.23% 0.17* -1 13%%* -0.91%** 0.24 0.07
(0.117) (0.101) 0.177) (0.125) (0.170) (0.143)
lavecost; -0.13 -0.18** 0.09 0.05 -1.07%*** -1.06%**
(0.094) (0.087) (0.115) (0.105) (0.160) (0.137)
numdrive -0.03 -0.03 -0.005 -0.005 0.04 0.04
(0.021) (0.020) (0.026) (0.024) (0.031) (0.029)
hhcomp -0.02%%* -0.017%** -0.01* -0.01* -0.02%** -0.02%**
(0.005) (0.005) (0.006) (0.0006) (0.007) (0.007)
cm; 1.50%*:% 1.64%** - - - ---
(0.326) (0.298)
cm; - --- 2.07%** 1.84 %% --- ---
- --- (0.551) (0.517) --- ---
cms - --- - --- 2.53%%* 2.71%%*
- --- --- --- (0.485) (0.469)
urban -0.03 -0.05 -0.05 -0.07* 0.07 0.04
(0.037) (0.036) (0.044) (0.043) (0.052) (0.051)
gender 0.008 0.01 0.003 -0.001 -0.02 -0.02
(0.031) (0.030) (0.038) (0.037) (0.045) (0.044)
vehgrt3 0.04 0.02 -0.02 -0.03 -0.01 -0.02
(0.035) (0.034) (0.042) (0.041) (0.050) (0.049)
truck; -0.62 -0.50 - -—- - -
(0.483) (0.456) --- --- - -
truck; -—- - -0.87* -0.89** -—- -
- --- (0.444) (0.415) --- ---
trucks - - - -—- -2.63%H* -2.45% %%
--- --- --- --- (0.389) (0.376)
intert, -0.69 -0.59 --- --- --- ---
(0.453) (0.427)
intert, -—- - -0.90** -0.89** -—- -
- - (0.419) (0.392) --- ---
intert; — - -—- --- -2.48%** -2.33%%*
o - --- --- (0.371) (0.358)
intercm; 0.88#** 1.00*** --- --- --- ---
(0.285) (0.259)
intercm, - - 1.33%%* 1.12%** --- ---
- - (0.478) (0.447) --- ---
intercms - - -—- --- 1.68%*** ].83%**
- - --- --- (0.416) (0.403)
interlinc 0.06 -0.57x** 0.10 -0.62%** 0.01 -0.80%***
(0.109) (0.075) (0.129) (0.093) (0.169) (0.117)
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interminc 0.065 -0.22%** 0.15%* -0.18%** 0.03 -0.32%**
(0.053) (0.039) (0.063) (0.048) (0.081) (0.060)
Sample Size 317 316 316 316 317 316
Adj. R-squared 0.55 - 0.46 -—- 0.52 -
F(15,300) 26.32%%* --- 18.90%s#* --—- 23.82%**
Chi-Square (15) - 237.775%** --- 186.02%** 228.32%**
Wald Chi-Squ. (3) — 118.79*** --- 118.79%** 118.79***

*Standard errors in parentheses.

"Dependent variable is /vmz,. ‘Dependent variable is lvmt,. 1
Significant at the 1% level. ~ Significant at the 5% level. Significant at the 10% level.

dDependen‘[ variable is /vmt;.

Table 6. Comparisons of VMT Elasticity Estimates Across Studies.

Walls, etal.  Sevigny West This Study®
(1993) (1998) (2004)
Vehicle

1st 1 st 1 st 1 st 2nd 3rd
One-Vehicle Households
passenger car’ -0.13 -0.85 -0.93 -1.85°¢ --- -
truck --- --- - -1.85¢ - ---
commuter vehicle -—- --- -—- -0.66 --- ---
non-commuter vehicle - - --- -2.34° --- -
Two-Vehicle Households
passenger car® -0.52 -0.92 -0.93 -1.33¢ -0.99 -
truck --- --- - -1.33¢ -2.04 ---
commuter vehicle -—- --- -—- -0.31 0.33 ---
non-commuter vehicle - - --- -1.16° -1.10 -
Three-Vehicle Households
passenger car® -0.92 -0.94 -0.93 -1.03 -0.91 -1.00
truck --- --- - -1.78 -1.76 -3.47
commuter vehicle - - -—- -0.04 0.21 0.77
non-commuter vehicle - - - -1.04 -0.91 -1.06

*Values for passenger car and truck are taken from Tables 3 (equation (3a)), 4a, and 5a. Values for

commuter and non-commuter vehicles are taken from Tables 3 (equation (3b)), 4b, and 5b.

" Averaged over passenger cars and light-duty trucks for Walls, et al. (1993), Sevigny (1998), and West

(2004). West (2004) does not distinguish VMT elasticity by household. Averaged solely over passenger
cars from the homogeneous-household models (equations (3a), (5a), and (6a)) for this study.
"¢ Statistically different at the 5% level of significance.
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Table 7. Comparisons of Emissions Reductions Under Alternative Tax Scenarios.

Reduction in Particulate Percent Reduction Average Annual Tax
Emissions (million kg.)  in Particulate Emissions” Burden ($/yr.)°
Tax Scenario 1
Homogeneous Households 34 11 128
Heterogeneous Households 2 7
Tax Scenario 2
Homogeneous Households 6.7 23 256
Heterogeneous Households 3.5 12

* The baseline condition is the current estimate of 29.6 million kg of particulate emissions per year with no
VMT tax burden.

"Based on a ‘two-stage’ weighted average, where in the first stage a weighted average is calculated of the
sum of the average VMTs for passenger cars and trucks — using the percentages of one-, two-, and three-
vehicle households as the weights — and in the second stage a weighted average is calculated of the average
VMTs for passenger cars and trucks — using the percentages of passenger cars and trucks as the weights.
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Appendix 1

We begin by solving household i’s problem, where E_ is assumed exogenous. The

problem may be expressed as MAX U'(z;, m; E)+ A {y, -z, - P,m}, where },

{z;,m;}
represents household i’s marginal utility of income. In solving this problem, we note that
E=3, f'(m)+E_,i=l..,nand j=1..m.

Optimality conditions for this problem are:

Ul=A,i=1,...,n (A1)
U,’;,j +ULf] < AP, i=l..,n j=1..,m (A2)
y, =z, + ijl., i=1...n (A3)

where P, is the ;™ element of P .. Note that equations (A1) and (A2) represent standard
equality conditions between marginal costs and benefits for goods z; and m ,,

respectively. Ratioing these two equations results in equations (1) in the text.

Solving now for the first-best VMT tax, we assume a benevolent social planner faces

the problem MAX 3, aU'(z;, m; , E)+ u{3,(y, -z, - P;m,)}, where o, are

{z;,m;}
predetermined welfare weights, > «, =1, and u is the social marginal utility of income.

Note that in this problem the social planner is constrained by an economy-wide budget
constraint. The planner also endogenizes each vehicle’s (of each household’s) emissions,

i.e. for the regulator £ = 3, ¥ . e, where eache; is effectively a choice variable.

ij’

The optimality conditions for this problem are:

40



aU!=u,i=1l..,n
a, U, suP, - f)3,aU;, i=l...nj=1..m

Ei(yi -z _iji)=0

Equations (A1’) and (A2') imply the Kuhn-Tucker conditions:

i j i
U’"j + fm Ei aiUE _
i i i J
U, aU.

Using (A1'), we note that (A4) may be re-written as:

i

]nj : UIE'
| i +fh112i(U_;‘)_f)j‘ =0

(A1)

(A2)

(A3)

(A4)

(A4)

which, inter alia, results in optimal mij* = ml.j* (P;,a, y). Comparing (A4") and (1) we

observe that m; > m; > 0 for every vehicle type j driven by household i, given the

optimal values of all other variables. In other words, all households i owning vehicle

types j drive more miles than are optimal because they do not fully internalize the

external effects of their VMTs on each other.

Finally, we return to household i’s problem to derive the set of first-best VMT tax

rates. Household i’s problem is now MAX U'(z,,m; ,E) + A{y, - Z, - P,m, —t,m.}

ziom; }

where ¢, = {tij JL in a vector of household- and vehicle-specific tax rates.
’ J

The first order conditions for this problem are:
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Ul=2 ,i=l..,n (A1")
U, +Upf) s AP, ~t,)<0,i=l,,n, j=1...m (A2")
v, =z, —=m(P,—t;)=0,i=1,...n (A3")

Equations (A1") and (A2") imply:

U’ fiU
m; m~ E . : !
mij U—;+U—;—P/ —l‘i/]=0,l=l,....,n,]=1,....,m (A4)
o : : o . . U,
which implies, via comparison with (A4), the Pigovian tax rates 7; = - f./ Y, F ,

where the functions U, £/, andU " are each evaluated at corresponding z, ,m;,
and e; . Hence, 7;; represents first-best VMT tax rate per household i and vehicle type j,

i=l..,nand j=1,..,m.
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Appendix 2

Table A2-1. Probit Estimation Results for Truck; in (3a).a’b

Variables OLS Estimates
constant -0.59
(1.03)
lincome 0.03
(0.236)
numdrive 0.06
(0.144)
hhcomp -0.07%*%*
(0.022)
cmy 0.098
(0.172)
urban -0.63%**
(0.193)
gender 0.27*
(0.144)
res; -0.03
(0.2444)
Sample Size 508
Log-likelihood -193.91
Chi-Square (7) 26.80%**
McFadden R? 0.06
Akaike 1.C. 0.79
% 0s Correctly Pred.’ 100
% 1s Correctly Pred.’ 0

*Standard errors in parentheses.

"Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 508 vehicles, 436 were non-trucks (truck; = 0)
and 72 were trucks (truck; = 1).

""Significant at the 1% level.

"Significant at the 10% level.
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Table A2-2. Probit Estimation Results for Truck; (Two-Vehicle Households).*”

Variables OLS Estimates
constant -1.02
(1.13)
lincome 0.06
(0.238)
numdrive 0.11
(0.121)
hhcomp -0.01
(0.020)
cmy 0.10
(0.137)
cm;y 0.21
(0.148)
urban -0.30**
(0.152)
gender 0.007
(0.123)
res; -0.004
(0.194)
Sample Size 555
Log-likelihood -288.71
Chi-Square (8) 9.71
McFadden R* 0.02
Akaike 1.C. 1.07
% 0s Correctly Pred.’ 100
% 1s Correctly Pred.’ 0

*Standard errors in parentheses.

"Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 555 vehicles, 432 were non-trucks (truck; = 0)
and 123 were trucks (truck; = 1).

"Significant at the 5% level.
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Table A2-3. Probit Estimation Results for Truck, (Two-Vehicle Households).*”

Variables OLS Estimates
constant 1.62
(1.05)
lincome -0.38*
(0.221)
numdrive -0.04
(0.118)
hhcomp 0.01
(0.019)
cmy 0.20
(0.132)
cm; -0.11
(0.150)
urban -0.51%**
(0.144)
gender 0.03
(0.118)
res; -0.01
(0.137)
Sample Size 555
Log-likelihood -322.61
Chi-Square (8) 21.46%**
McFadden R? 0.03
Akaike I.C. 1.20
% 0s Correctly Pred.’ 96.46
% 1s Correctly Pred.’ 4.38

*Standard errors in parentheses.

"Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 555 vehicles, 395 were non-trucks (truck; = 0)
and 160 were trucks (truck; = 1).

""Significant at the 1% level.

"Significant at the 10% level.
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Table A2-4. Probit Estimation Results for Truck, (Three-Vehicle Households).*®

Variables OLS Estimates
constant -1.21
(1.58)
lincome 0.13
(0.338)
numdrive 0.02
(0.102)
hhcomp 0.02
(0.026)
cmy -0.02
(0.170)
cm; 0.23
(0.190)
urban -0.35*
(0.179)
gender 0.005
(0.157)
vehgrt3 -0.004
(0.177)
res; -0.03
(0.302)
Sample Size 316
Log-likelihood -175.80
Chi-Square (9) 5.99
McFadden R* 0.02
Akaike 1.C. 1.18
% 0s Correctly Pred.’ 100
% 1s Correctly Pred.’ 0

*Standard errors in parentheses.

°Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 316 vehicles, 236 were non-trucks (truck; = 0)
and 80 were trucks (truck; = 1).

"Significant at the 10% level.
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Table A2-5. Probit Estimation Results for Truck, (Three-Vehicle Households).*®

Variables OLS Estimates
constant -0.84
(1.61)
lincome 0.15
(0.348)
numdrive -0.02
(0.102)
hhcomp -0.009
(0.026)
cmy 0.23
(0.166)
cm; -0.07
(0.193)
cm; 0.05
(0.219)
urban -0.42%*
(0.178)
gender -0.23
(0.158)
vehgrt3 0.04
(0.177)
res; -0.007
(0.243)
Sample Size 316
Log-likelihood -179.30
Chi-Square (10) 11.36
McFadden R? 0.03
Akaike 1.C. 1.20
% 0s Correctly Pred.’ 99.57
% 1s Correctly Pred.’ 1.16

*Standard errors in parentheses.

"Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 316 vehicles, 230 were non-trucks (truck; = 0)
and 86 were trucks (truck; = 1).

"Significant at the 5% level.
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Table A2-6. Probit Estimation Results for Trucks (Three-Vehicle Households).*”

Variables OLS Estimates
constant 3.69%*
(1.639)
lincome -0.68%*
(0.350)
numdrive -0.36%**
(0.110)
hhcomp -0.02
(0.026)
cmy -0.08
(0.173)
cm;y 0.02
(0.194)
cm; 0.31
(0.221)
urban -0.31%*
(0.181)
gender 0.29*
(0.157)
vehgrt3 -0.07
0.180
ress 0.005
(0.199)
Sample Size 316
Log-likelihood -177.46
Chi-Square (10) 28.04%**
McFadden R? 0.07
Akaike 1.C. 1.19
% 0s Correctly Pred.’ 94.62
% 1s Correctly Pred.’ 9.68

*Standard errors in parentheses.

"Marginal effects are qualitatively similar to the
coefficient estimates presented here (and are available
upon request from the authors).

“Out of 316 vehicles, 223 were non-trucks (truck; = 0)
and 93 were trucks (truck; = 1).

""Significant at the 1% level.

“Significant at the 5% level.

"Significant at the 10% level.
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