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A B S T R A C T   

Vehicle ownership is an important determinant of the travel demand forecasting process. Vehicle ownership 
models are used by policy makers to identify factors that affect vehicle miles traveled, and therefore address 
problems related to energy consumption, air pollution, and traffic congestion. For the conventional travel de-
mand forecasting, it logically follows land use forecasting, before trip generation, which is commonly treated as 
step one. The most critical limitation of the vehicle ownership models, especially in the conventional process, is 
that they are often related mainly to sociodemographic variables, not so much to built environmental variables. 
In this study, by pooling regional household travel survey data from 32 diverse regions (almost 92,000 house-
holds) of the U.S., and by controlling for socio-demographic and the built environmental variables, we estimated 
a vehicle ownership model that contributes to the understanding of vehicle ownership and improves the accuracy 
of travel demand forecasts. Two main findings of this research are: 1) The number of vehicles owned by a 
household increases with socio-demographic variables and decreases with almost all of the built environmental 
variables. For the urban planning and design practices, this finding suggests that car shedding occurs as built 
environments become more dense, mixed, connected, and transit-served. 2) We used both count regression and 
discrete choice models, and the results suggest that count regression models have better predictive accuracy. The 
model developed in this study can be directly used for travel demand modeling and forecasting by metropolitan 
planning organizations.   

1. Introduction 

Travel demand models are often employed to forecast traffic volumes 
for auto-highway and transit systems based upon assumptions of future 
transportation infrastructure capacities and land use developments. The 
conventional four-step models are the dominant way of modeling travel 
demand, which usually include trip generation, trip distribution, mode 
choice, and route choice (traffic assignment) (Beimborn et al., 1996; 
McNally, 2008; Zhou et al., 2009). 

However, there are criticisms about the conventional four-step travel 
demand modeling and forecasting process on the failure to capture the 
full effects of the built environment on travel outputs during each step. 
The built environment affects household travel decisions in multiple 
ways, many of which are not captured in the conventional process. For 
instance, four-step models are aggregated at a large geographic level, 

where the travel impacts of the built environment happen at the 
neighborhood level (Walters et al., 2000; Cervero, 2006; Davidson et al., 
2007). 

While not always treated as such, vehicle ownership forecasting is 
one step of the conventional travel demand modeling process, and is 
always part of activity-based modeling too (NASEM, 2014). The con-
ventional travel demand forecasting logically follows land use fore-
casting, before trip generation, which is commonly treated as step one. 
Vehicle ownership and household size are the most common inputs to 
household trip generation in the conventional process, and the effects 
carry through all the remaining steps (Cervero, 2006; Kitamura, 2009; 
Mwakalonge and Badoe, 2014). In the trip generation step, input files 
that classify households by household size, vehicle ownership, and one 
or two other variables, are multiplied by trip generation rates to obtain 
trip productions by traffic analysis zone and trip purpose. These 
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generated trips are then distributed in the second step, divided among 
modes in the third step, and assigned to the highway and transit net-
works in the fourth step. Forecasting errors that occur in the vehicle 
ownership “step” of the process, propagate through the trip generation 
and the remaining steps. 

In many metropolitan regions, vehicle ownership is not even a 
modeled input but instead is held constant or extrapolated from existing 
vehicle ownership patterns (Broadstock et al., 2010; Kim and Susilo, 
2013). If it is modeled, vehicle ownership often is related mainly to 
sociodemographic variables, and built environmental variables are often 
neglected (Kitamura et al., 2001; Cao et al., 2007; Pinjari et al., 2011; 
Cirillo and Liu, 2013). One of the major reasons behind practice- 
oriented vehicle ownership modeling lagging behind in the U.S. is that 
vehicle ownership is ubiquitous in most of the U.S. Barring a few major 
cities, vehicle ownership rates might be well above 90%. This, combined 
with the prevalence of auto infrastructure and auto-oriented planning in 
the U.S., leads some MPOs to adopt a why-bother outlook. However, in 
activity-based models, we can see a conspicuous improvement to the 
vehicle ownership prediction since these models provide “better sensi-
tivity to the influence of urban form, accessibility, and demographics on 
auto ownership choices” (NASEM, 2014). 

In this study, the main objective is to measure the impact of the built 
environment on vehicle ownership by controlling for all 5D variables (i. 
e., density, diversity, design, distance to transit, and destination acces-
sibility), as well as sociodemographic ones. We provide elasticities for 
each of the D variables by using data for 32 diverse regions in the U.S. 
The models we develop, as well as the findings we present, contribute to 
the understanding of vehicle ownership and improves the accuracy of 
travel demand forecasts. To this end, the endeavor has been made to 
pool regional household travel survey data in 32 metropolitan regions 
across the U.S. to generate consistent measures for all regions. Next, we 
test both count regression models (i.e., quasi-Poisson and Poisson) and 
the more commonly used multinomial logit (MNL) model to estimate 
vehicle ownership. In addition, we use multilevel modeling to account 
for the dependence of individual households from a given metropolitan 
region on characteristics of that region, and finally, we validate our best- 
fit model using k-fold cross-validation. 

The rest of this paper contains the following sections. Section 2 
presents a literature review on vehicle ownership and the phenomenon 
of car shedding. Section 3 introduces the state-of-the-practice in 
modeling vehicle ownership in 25 diverse regions and proposes a new 
model. Section 4 presents data and methods used to conduct the models. 
Section 5 shows results and the comparison of the new model and 
conventional models. Lastly, Section 6 describes the discussions and 
draws the conclusions. 

2. Literature review 

Vehicle ownership is related to different sectors, including energy, 
environment, and transportation. Just the transport sector alone con-
sumes the second largest share of the world’s energy resources (USEIA, 
2019). In 2017 in the United States, about 29% of greenhouse gas 
emissions came from the transportation sector, of which 59% was due to 
passenger cars and light-duty trucks (USEPA, 2019). Vehicle ownership 
models are useful to transport planners and decision-makers to identify 
features that influence vehicle miles traveled (VMT) and, as a result, 
deal with issues like energy security, air quality, and traffic congestion 
(Dargay et al., 2007; Schipper, 2011). 

Vehicle ownership is generally treated as a function of households’ 
sociodemographic characteristics. Some studies use income or income 
per capita to forecast national or global vehicle ownership (Dargay et al., 
2007). Some other sociodemographic characteristics have been reported 
as good predictors of vehicle ownership, including the size of a house-
hold, number of children and employees, and even immigration status 
(Bhat et al., 2013). 

On the other hand, it is well-documented that the built environment 

has an impact on the number of vehicles households have (Schimek, 
1996; Ryan and Han, 1999; Bates, 2000; Chu, 2002; Hess and Ong, 2002; 
Ewing and Tilbury, 2002; Kim and Kim, 2004; Bento et al., 2005; Shay 
and Khattak, 2005; Bhat and Guo, 2007; Cao et al., 2007; Zegras, 2010; 
Pinjari et al., 2011; Chatman, 2013; Guo, 2013). The built environment 
is characterized by D variables, which are development density, land- 
use diversity, street design, distance to transit, and destination acces-
sibility (Ewing and Cervero, 2010). Areas that are dense, diverse, and 
well-connected by transit encourage households to use transit and non- 
motorized modes of travel and have a lower level of auto ownership; a 
phenomenon called car shedding (Ewing and Tilbury, 2002; Tian et al., 
2020). 

While the term car shedding has been used in some past studies, it is 
not widely accepted as yet. We like the term because it is descriptive of 
collective behavior. Traditionally, “car shedding” refers to the phe-
nomenon of a household experiencing a reduction in car ownership, e.g., 
transitioning from 2 vehicles to 1 vehicle. Relating built environment 
variables to vehicle ownership and finding negative effects is not 
equivalent. Vehicle transition models (e.g., dynamic discrete choice 
models) are more appropriate for being called “car shedding” models. 

Here, car shedding is used in a static sense to describe the tendency of 
similar households to own and operate fewer private vehicles when they 
live in a built environment that is less auto-dependent by virtue of 
compact development and the availability of alternative modes of travel. 
These neighborhoods are sometimes described as car-lite. The phe-
nomenon of car shedding is also well documented in the literature 
(Chang, 2006; De Jong and Kitamura, 2009; Cirillo and Xu, 2011). 

Car shedding occurs as the density, diversity, design, and destination 
accessibility increase and the distance to transit decreases. All of the Ds 
are important, not just density, the D variable most likely to be included 
in vehicle ownership models. Additionally, some other variables have 
also been reported to be related to vehicle ownership, like parking 
availability (Kitamura et al., 2001; Chatman, 2013; Guo, 2013), housing 
or neighborhood type (Bhat and Pulugurta, 1998; Shay and Khattak, 
2005; Bhat and Guo, 2007; Shay and Khattak, 2007; Potoglou and 
Susilo, 2008; Zegras, 2010; Pinjari et al., 2011; Chatman, 2013), travel 
attitudes (Cao et al., 2007), and urban area size (Cirillo and Liu, 2013). 

Vehicle ownership is a household-level variable. While it is impor-
tant to find a geographic boundary to accurately compute the sur-
rounding built environment of a household, due to data availability and 
confidentiality concerns, aggregated D variables at the Traffic Analysis 
Zone (TAZ), zip code, or census boundaries are more commonly used 
(Zegras, 2010; Bhat et al., 2013; Cirillo and Liu, 2013; Guo, 2013). 
Current literature suffers from multiple shortcomings that limit our 
knowledge of the car shedding phenomenon. These shortcomings 
include lack of generalizability by only studying a single metropolitan 
area, omitting some of the important built environment variables, and 
using different approaches to measure the built environment variables. 

3. Current models and a new model 

3.1. State-of-the-practice in vehicle ownership modeling 

We conducted a survey of 25 Metropolitan Planning Organizations 
(MPO) in mid-2018 in order to investigate the gap between the literature 
and the practice. We took a stratified random sample of these 25 based 
on population and asked about their vehicle ownership-modeling 
practice. We contacted the transportation analysts and modelers in 
each MPO, reviewed their travel model documentation, and asked for 
the details of travel models if we could not find the answers in the 
documentation. 

In terms of selection, we used the “MPO Database” available at the 
United States Department of Transportation (DOT) website to choose the 
25 MPOs. We admit that our survey does not include some of the well- 
recognized MPOs for innovative modeling efforts, but we were inter-
ested in state-of-the-practice not state-of-the-art. We revised our sample 
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Table 1 
The summary of MPOs models and variables for estimating vehicle ownership.  

MPO Name Major City/ 
State 

Population 
(2010) 

Is Vehicle 
Ownership 
Modeled? 

Method and 
variables used 
for calculating 
vehicle 
ownership 

Brunswick 
MPO 

Brunswick, 
GA 

79,626 No – 

RVAMPO Roanoke, VA 227,507 No – 
Lincoln Area 

MPO 
Lincoln, NE 285,407 No – 

North Front 
Range MPO 

Fort Collins, 
CO 

433,178 No – 

CHCNGTPO Chattanooga, 
TN, GA 

436,669 Yes Multinomial 
Logit Model. 
Vehicle 
ownership is 
sensitive both to 
various 
demographic 
variables such as 
number of 
workers, 
income, number 
of drivers and 
accessibility by 
transit. 

ARTS Augusta, GA, 
SC 

440,134 No – 

Des Moines 
Area MPO 

Urbandale, IA 475,855 No – 

Stanislaus 
COG 

Modesto, CA 514,453 No – 

COMPASS Meridian, IA 550,359 No – 
AMBAG Marina, CA 732,667 No – 
CDTC Albany, NY 823,239 No – 
Fresno COG Fresno, CA 930,885 Yes Multinomial 

logit model. 
Variables: 
household size, 
housing type, 
accessibility, 
household 
income. 

Memphis 
Urban Area 
MPO 

Memphis, TN, 
MS 

1,077,697 No – 

WFRC Salt Lake City, 
UT 

1,561,348 Yes Multinomial 
logit model. 
Variables: 
household size, 
household 
income, density 
of the nearest 
eight zones, the 
amount of 
employment 
within 30-min of 
transit 

METROPLAN 
Orlando 

Orlando, FL 1,837,385 No – 

MARC Kansas City, 
MO, KS 

1,895,535 Yes Series of binary 
logit models. 
Variables: 
household 
income, 
household size, 
population 
density of the 
TAZ, and 
highway and 
transit 
accessibility 
from the zone to 
activity centers. 

OKI 1,981,230 Yes  

Table 1 (continued ) 

MPO Name Major City/ 
State 

Population 
(2010) 

Is Vehicle 
Ownership 
Modeled? 

Method and 
variables used 
for calculating 
vehicle 
ownership 

Cincinnati, 
OH, KY, IN 

Nested Logit 
Model. 
Variables: 
Explained in 
text. 

EWGCOG St. Louis, MO, 
IL 

2,571,253 Yes Multinomial 
logit model. 
Variables: 
income, 
household size, 
worker 
numbers, as well 
as highway and 
transit 
accessibility. 

Boston Region 
MPO 

Boston, MA 3,159,512 Yes Multinomial 
logit model. 
Variables: 
income (four 
logit models for 
four income 
categories), 
household size, 
workers per 
household, 
household 
density, 
employment 
density, 
household 
location, and 
transit walk- 
access factors. 

SEMCOG Detroit, MI 4,703,593 No No in the current 
model, but yes 
in the ABM 

NCRTPB Washington, 
DC, MD, VA 

5,068,540 Yes Multinomial 
logit model. 
Variables: 
household size, 
household 
income, area 
type, and transit 
accessibility 
defined as the 
number of jobs 
accessible in 45 
min using the 
“best” AM 
transit service. 
The best transit 
service is 
defined as the 
minimum AM 
walk− /drive- 
access transit 
time among the 
Metrorail- 
related transit, i. 
e., Metrorail 
only or bus/ 
Metrorail 
(NCRTB report, 
2012) 

H-GAC Houston, TX 5,892,002 No No in the current 
model, but yes 
in the ABM 

NCTCOG Arlington, TX 6,417,630 No – 
NJTPA Newark, NJ 6,579,801 No – 
CMAP Chicago, IL 8,444,660 Yes Multinomial 

logit model. 
Separate models 

(continued on next page) 

S. Sabouri et al.                                                                                                                                                                                                                                 



Journal of Transport Geography 93 (2021) 103073

4

of MPOs multiple times since we either could not find the detailed in-
formation that we wanted online or did not hear back from an MPO. 
Note that the latter happened frequently for small MPOs. Therefore, it 
should be acknowledged that our final sample used for the study is to 
some degree based on convenience sampling. 

Summary findings from our survey are presented in Table 1. 
Although we surveyed MPOs with different population sizes, we focused 
most heavily on large regions – with populations more than 750,000 
according to the 2010 census – since, generally, their MPOs are ahead of 
modeling technique innovations, compared to smaller regions. Note that 
only 16% of MPOs had a population of more than 750,000 in 2010. 

Based on Table 1, first of all, the traditional four-step process is still 
the dominant way of modeling travel demand. As was mentioned in the 
previous section, modeling vehicle ownership is not a mandatory step in 
the traditional four-step modeling. According to Tables 1, 14 MPOs do 
not model vehicle ownership at all (i.e., it remains constant across the 
forecast years). There is a reason why the car ownership model is not 
mandatory in many of the MPOs. Since most of the MPOs in the U.S. are 
car-oriented places, modeling car ownership can be a waste of time and 
resources. However, all types of tour-based or activity-based models 
actually model vehicle ownership. It is worth mentioning that in more 
complex types of activity-based models, even transit pass and parking 
pass ownership are modeled as well (see NASEM (2014) for more 
details). 

The results indicate that only two of the MPOs with populations less 
than one million model vehicle ownership; these are Chattanooga- 
Hamilton County/North Georgia Transportation Planning Organiza-
tion (CHCNGTPO) and Fresno Council of Government (FresCOG). On 
the other hand, nine out of 13 MPOs with populations greater than one 
million model vehicle ownership and, surprisingly, all of them use logit 
regression for their estimation. Among these MPOs, eight of them use 
multinomial logit models: CHCNGTPO, FresnoCOG, Wasatch Front 
Regional Council (WFRC), East-West Gateway Council of Government 
(EWGCOG), Southeast Michigan Council of Government (SEMCOG), 

Boston Region MPO, National Capital Region Transportation Planning 
Board (NCRTPB) and Chicago Metropolitan Agency for Planning 
(CMAP). One MPO uses a series of binomial logit models (Mid-America 
Regional Council (MARC)), one uses nested logit (Ohio-Kentucky-Indi-
ana Regional Council of Government (OKI)), and one uses an ordered 
logit (Houston-Galveston Area Council (H-GAC)). 

Seven of these 25 MPOs are working on developing activity-based 
models. SEMCOG and H-GAC now have both four-step travel demand 
models and activity-based models. But they have not switched to ABM 
yet, and none of them predicts vehicle ownership in their four-step 
travel demand models. 

CHCNGTPO and OKI are the only two MPOs in our survey that have 
already switched to ABM. CHCNGTPO uses multinomial logit, and OKI 
uses a nested logit model to predict vehicle ownership. The OKI model 
has five choices, as shown below in Fig. 1. The alternatives can be nested 
in several ways to account for a differential similarity across adjacent 
and non-adjacent alternatives. Based on the variables and the model that 
OKI has used, it should have one of the most accurate vehicle ownership 
estimation among all 25 MPOs. 

As shown in Table 1, vehicle ownership is related mainly to socio-
economic variables and not so much to the built environment variables. 
To sum up, the results indicate that 1) the majority of MPOs do not 
model vehicle ownership; 2) Logit models are the dominant way of 
predicting vehicle ownership (the problem with these models are dis-
cussed in the next subsection); and 3) not much attention has been paid 
to the built environment variables (only one or two of these variables are 
used: i.e., destination accessibility and density). 

MNL is a typical way of modeling vehicle ownership in trans-
portation planning practice for travel forecasting. One problem with this 
model is its MNL structure. The MNL model treats the number of vehicles 
owned by a household as a discrete choice, like the choice among 
discrete modes—driving, taking transit, or walking/biking. Vehicle 
ownership, however, has the characteristics of count data, and it is zero- 
bounded. Although vehicle ownership has been widely modeled as a 
discrete choice in the literature (Anowar et al., 2014), this may not be 
the best approach. Vehicle ownership is a count variable, and a count 
regression may better fit the data. 

Previous studies have made comparisons of model structures, such as 
MNL, ordered logit (ORL), or ordered probit (ORP), and all have treated 
vehicle ownership as a discrete choice (Potoglou and Susilo, 2008). 
These comparisons show that the MNL model is more appropriate for 
modeling household vehicle ownership, but count regression (e.g., 
Poisson or negative binomial) has not been tested in these comparisons. 

Another problem with the current models is their failure to account 
for the interdependence of households from the same TAZ. Linear 
regression and many other statistical techniques require the indepen-
dence of observations. Here households within the same TAZ share the 
characteristics of the TAZ. This nesting data structure violates the in-
dependence requirement. 

3.2. Developing a new model 

To respond to the issues in existing models of literature and practice, 
we have collected household travel survey data for 32 diverse regions 
(both in terms of population and geographic location) across the U.S. 
and then estimated vehicle ownership models based on consistently 

Table 1 (continued ) 

MPO Name Major City/ 
State 

Population 
(2010) 

Is Vehicle 
Ownership 
Modeled? 

Method and 
variables used 
for calculating 
vehicle 
ownership 

were estimated 
and calibrated 
for three 
different sized 
households 
defined by the 
total adults 
(workers plus 
nonworking 
adults) in the 
household. 
Variables: 
socioeconomic 
variables and 
the location of 
the household 
(inner Chicago, 
rest of Chicago 
and inner 
suburbs, mid- 
suburbs, and far 
suburbs and 
fringe). 

Abbreviations: COG: Council of Governments; RVAMPO: Roanoke Valley MPO; 
ARTS: Augusta Regional Transportation Study; CDTC: Capital District Trans-
portation Committee; NCTCOG: North Central TexasCOG; COMPASS: Commu-
nity Planning Association of Southwest Idaho; NJTPA: North Jersey 
Transportation Planning Authority; AMBAG: Association of Monterey Bay Area 
Governments 

Fig. 1. Auto ownership model structure of OKI.  

S. Sabouri et al.                                                                                                                                                                                                                                 



Journal of Transport Geography 93 (2021) 103073

5

computed built environment variables. Our models shed light on the 
impact of built environment variables (all 5Ds), after controlling for 
socioeconomic variables. We develop two sets of models: discrete choice 
and count regression models. The first set of models has been developed 
since it is widely used by MPOs and practitioners. The second set has 
been developed since the number of vehicles owned by households can 
be treated as a count. Therefore, count regression models such as Poisson 
and Quasi-Poisson might provide some useful insights as well. Note that 
in order to resolve the dependence of observations, we use multilevel 
modeling (MLM) structure. Details are provided in the following section. 

4. Data and methods 

4.1. Regional household travel survey 

The availability of regional household travel survey data is mainly 
used to include regions in this study. In order to geocode respondents’ 
residences and compute their surrounding built environment more 
accurately, regions had to provide survey data with coordinates. Due to 
privacy concerns, not every regional metropolitan planning organiza-
tion is willing to provide these data. 

With several years of effort, the final data set include 32 regions with 
91,959 households and 883,695 trips (see Table 2). On average, a 
household owns 1.903 cars in this data set. The regions are diverse with 
respect to urban form, ranges from compact places (like Portland) to 
sprawling places (like Houston). This data set has a larger sample than 
any other studies. The only available dataset that has a bigger sample 
size (in total) is the National Household Travel Survey (NHTS), with the 

most recent one released in 2017. However, compared to NHTS, our 
data set has more samples for a single region and provides the exact 
location of households that allows us to capture the local built envi-
ronment. The NHTS only provides predefined geographic boundaries, 
such as census tracts. 

4.2. Built environmental data 

As modal options increase, the need for a second or third household 
vehicle decreases. Also, as destinations become more accessible to 
home, vehicles can be used more efficiently, with carpooling or 
sequential use of the same vehicle by different household members. All 
the Ds at the TAZ level are represented in our model based on the 
following data. TAZ was chosen as the unit to capture the built envi-
ronmental variables because the ultimate goal of this study is that the 
model presenting here can be directly used by MPOs. And MPOs use TAZ 
as the spatial unit in their travel modeling. Overall, we have 23,840 
TAZs in 32 regions (see Fig. 2). 

These data were acquired from various entries, including Census, 
state DOTs, MPOs, county tax assessors, transit agencies, General Transit 
Feed Specification (GTFS). Particularly, the travel times were acquired 
from MPOs as they usually model and calculate travel time from TAZ to 
TAZ by different modes for their use of travel demand modeling and 
forecasting.  

• Specific land-use data with information about the classifications of 
uses at parcel level acquired from county tax assessors or MPOs; from 
these, we can compute land use mix measures.  

• A GIS layer of street networks acquired from state DOTs or MPOs; 
from these, we can compute two intersection measures.  

• A GIS layer for transit stops acquired from transit agencies, GTFS, or 
MPOs; from these data, we can compute transit-related measures.  

• A GIS layer for TAZs with socioeconomic information (population 
and job) acquired from MPOs. For almost all regions, we used TAZ 
data to compute activity density. For a few regions that did not 
supply TAZ population and employment data, we used American 
Community Survey (ACS) (for population) and Longitudinal 
Employer-Household Dynamics (LEHD) (for employment) data.  

• Time skims for both auto and transit acquired from MPOs; from 
these, and TAZ job information, we can compute regional employ-
ment accessibility measures for auto and transit. 

4.3. Variables 

The descriptive statistics are shown in Table 3, including the 
outcome variable, predictors, and sample size. There are 14 predictors 
available to model vehicle ownership. They are consistently measured 
across the 32 regions and include most of the socioeconomic and built 
environment variables in the literature. 

4.4. Statistical analysis 

This study has a hierarchical data structure, with individual house-
holds nested within TAZs which are nested within regions. Hence there 
are levels: Level 1 – household, Level 2 – TAZ, and Level 3 – region. It is 
expected to see a different pattern of vehicle ownership in compact re-
gions with sprawling regions, besides household socioeconomic char-
acteristics and neighborhood built environment. Following the 
methodology by Ewing et al. (2015), MLM is employed here. MLM splits 
the residual variation in the outcome variable (here vehicle ownership) 
into component parts that are attributed to multiple levels. In other 
words, each data level has a variance associated with it and MLM tries to 
isolate that variance. 

We have large samples at Levels 1 and 2, but a small sample at Level 
3 (i.e., 32 regions). It is a challenge to capture the variance at Level 3. 
Because of that, fixed-effect models are used to extract all of the 

Table 2 
Combined household travel survey dataset from 32 regions of the U.S.  

Regions Survey 
date 

Surveyed 
households 

Surveyed 
trips 

Mean of 
household 
vehicles 

Albany, NY 2009 1453 12,618 2.02 
Atlanta, GA 2011 9575 93,681 2.11 
Boston, MA 2011 7826 86,915 1.64 
Burlington, NC 2009 606 5111 2.24 
Charleston, SC 2009 243 2098 2.04 
Dallas, TX 2009 2869 27,066 2.05 
Denver, CO 2010 5551 55,056 1.94 
Detroit, MI 2005 939 14,690 1.49 
Eugene, OR 2011 1777 16,563 1.82 
Greensboro, NC 2009 2022 17,561 2.09 
Hampton Roads- 

Norfolk, VA 
2009 1957 16,495 2.16 

Houston, TX 2008 5330 59,552 2.27 
Indianapolis, IN 2009 3926 37,473 1.89 
Kansas City, MO 2004 3048 31,779 1.84 
Madison, WI 2009 138 1316 2.12 
Miami-Dade, FL 2009 1428 11,580 1.76 
Minneapolis-St. 

Paul 
2010 8931 79,236 1.81 

Orlando, FL 2009 866 7315 2.00 
West Palm Beach, 

FL 
2009 944 7166 1.70 

Phoenix, AZ 2008 4638 37,811 1.92 
Portland, OR 2011 4513 47,551 1.86 
Provo-Orem, UT 2012 1556 19,255 2.08 
Richmond, VA 2009 623 5123 2.13 
Rochester, NY 2011 3439 23,145 1.81 
Salem, OR 2010 1795 16,231 1.82 
Salt Lake City, UT 2012 4236 44,565 2.04 
San Antonio, TX 2007 1563 14,952 1.90 
Seattle, WA 2006 4965 47,877 1.49 
Springfield, MA 2011 850 8456 1.70 
Syracuse, NY 2009 654 5752 1.94 
Tampa, FL 2009 2259 17,538 1.79 
Winston-Salem, 

NC 
2009 1459 12,168 2.15 

Total – 91,959 883,695 1.92  
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Fig. 2. The 32 regions and TAZs in Salt Lake City region.  
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variances at Level 3. In other words, the random effect term is used to 
capture TAZ variance at the Level 2 equation, and the fixed effect term is 
used to capture regional variance at the Level 3 equation. All models in 
this paper are based on an underlying index function: 

V*(i, t, r) = α+ xi,t,r’β+ λr + σwt,r 

where 
“V” = estimated number of vehicle ownership 
“i”= household 
“t”= TAZ (several per region) 
“r”= region, numbered 7 to 38 (Region 7 is considered the base.) 
“α” = intercept 
“xi,t,r’β” = the built environment effect, captured by a set of built 

environmental variablesand 
λr = the region effect, captured by a set of regional dummy variables. 
σwt,r = a random TAZ specific effect, modeled as a random effect 

with zero mean and variance σ2. 
This is a “three-level model” that contains individual level, TAZ 

level, and regional level effects. To reduce the computation time and 
make the model easier to interpret, we chose a random intercept model 
over a random slope model in which the explanatory variables can have 
a different effect (coefficient) for each group or TAZ. 

As mentioned in section 3.1, discrete choice models of vehicle 
ownership are used more commonly in practice and, among them, the 
MNL model is the most popular one. In this paper, we estimated two 
discrete choice models, which are multilevel ordered logit and multi-
level MNL. Note that for these two models, we have created four cate-
gories for vehicle ownership, i.e., 0, 1, 2, and 3 or more vehicles. 
Ordered logit treats the number of vehicles as a quantity of vehicle 
services. This produces categories (not quantities) 0,1,2,3 where “3” is 
“3 or more”. The four cells probabilities are: 

Prob
[
Veh Cat = 0|wt,r

]
= Λ( − V*(i, t, r) )

Prob
[
Veh Cat = 1|wt,r

]
= Λ(μ1 − V*(i, t, r) ) − Λ( − V*(i, t, r) )

Prob
[
Veh Cat = 2|wt,r

]
= Λ(μ2 − V*(i, t, r) ) − Λ(μ1 − V*(i, t, r) )

Prob
[
Veh Cat = 3|wt,r

]
= 1 − Λ(μ2 − V*(i, t, r) )

The mean is computed using Σj Prob(Veh_Cat = j|wt,r = 0) * j. For the 
upper cell, the conditional mean is estimated at the sample mean for the 
cell, approximately 3.4. 

In the MNL model, the vehicle ownership category is treated as a 
discrete unordered decision. In this model, there is a separate index 
function for each cell: 

V*(i,t,r)|j = αj + xi,t,r’βj + λr,j + σwt,r,j for j = 0,1,2,3. All terms are 
zero for the zero cells. The four cell probabilities are 

Prob[Veh Cat = j] =
exp

(
V*

i,t,r |j
)

∑3

j=0
exp

(
V*

i,t,r |j
)

Prob[Veh Cat = 0] =
1

1 +
∑3

j=1
exp

(
V*

i,t,r|j
)

Prob[Veh Cat = 1 or 2 or 3] =
exp

(
V*

i,t,r |1 or 2 or 3
)

1 +
∑3

j=1
exp

(
V*

i,t,r |j
)

On the other hand, the dependent variable is the count of vehicles a 
household owns. Poisson regression and negative binomial regression 
are among the well-known count regression models. In principle, the 
distribution of the outcome variable indicates the appropriate count 
regression model to be used. The three possible types of distributions are 
over-dispersion (variance > mean), equi-dispersion (variance = mean), 
and under-dispersion (variance < mean). Negative binomial is appro-
priate for the first type of dispersion, and Poisson for the second one 
(although sometimes it is being used for the third type as well). Note that 
we can use dispersion statistics to indicate if the distribution of the 
predictor is over-dispersed as well. Our data shows that the distribution 
of household vehicle ownership is under-dispersed since the variance is 
much smaller than the mean (see Fig. 3). 

Table 3 
Variables used to estimate a vehicle ownership model.  

Variable Description N Mean S.D. 

Dependent variables 
veha actual number of vehicles owned by household 91,959 1.903 1.045 
veh_cat vehicles owned by household: 0, 1, 2, 3+ 91,959 1.810 0.833  

Independent variables – sociodemographic characteristics 
hhsize_cat household size of 1, 2, 3, 4 and 5+ 91,959 2.401 1.223 
employed_cat number of employed persons in household: 0, 1, 2, and 3+ 91,959 1.184 0.858 
lnincome Natural log of households income 85,784 10.98 0.812  

Independent variables – built environment within TAZs 
Density (actden) activity density within TAZ (pop + emp per square mile in 1000s) 25,735 7.013 21.113 
Diversity (entropyb) land use entropy 25,705 0.451 0.264 
Design (intden) intersection density within TAZ 25,729 98.006 80.482 
Design (pct4way) percentage of 4-way intersections within TAZ 25,688 25.758 20.106 
Destination accessibility (pctemp10a) percentage of regional employment within 10 min by auto 25,686 6.973 11.001 
Destination accessibility (pctemp20a) percentage of regional employment within 20 min by auto 25,730 27.449 25.209 
Destination accessibility (pctemp30a) percentage of regional employment within 30 min by auto 25,732 49.275 30.175 
Destination accessibility (pctemp30t) percentage of regional employment within 30 min by transit 25,732 16.877 21.244 
Distance to transit (transitden) transit stop density within TAZ: number of stops per square mile 24,070 19.019 38.121  

Independent variable – region     
Region a set of regional dummy variables 32 – –  

a Number of vehicles is capped at 6 vehicles, which includes 99% of all households. 
b “land use entropy = − [residential share * ln(residential share) + commercial share * ln(commercial share) + public share * ln(public share)]/ln(3), where ln is the 

natural logarithm” (Ewing et al., 2015). 
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In this paper, we choose a multilevel Poisson model for the sake of 
comparison with the discrete choice models. In Poisson regression: 

Prob
(
Veh = K|wt,r

)
=

exp
(
− Mi,t,r

)
MKi,t,r

i,t,r

Ki,t,r !
,Mi,t,r = exp

(
V*

i,t,r

)

The expected value given the random effect is Mi,t,r. The expected 
value averaged over the random effects would be Exp(α + xi,t,r’β + λr) ×
Exp(σ2/2). 

Conway Maxwell (COM) Poisson and Quasi-Poisson (also known as 
Quasi-Likelihood) are two well-known models that can handle under-, 
equi- and over-dispersed count data (Giuffrè et al., 2013; Hüls et al., 
2017; Ribeiro Jr et al., 2020). Note that they might be better models 
even for equi- or over-dispersed model. For instance, Van Hoef and 
Boveng (2007) demonstrated in their example of over-dispersion that 
Quasi-Poisson is better than negative binomial regression. 

In principle, COM-Poisson is a better model for under-dispersed 
count data (Giuffrè et al., 2013; Hüls et al., 2017). Unfortunately, 
there is no statistical package that can compute a multilevel COM- 
Poisson. Hence, for this study, we use Quasi-Poisson (Q.P.) to account 
the under-dispersion as well. The variance of a Q.P. model is a linear 
function of the mean: Vy = ϕμy = (1 + α)μy, where α is the dispersion 
parameter. In our case that we have under-dispersion, α < 0 (and thus 0 
< ϕ < 1), while in over-despersion, α > 0 and ϕ > 1 (Giuffrè et al., 2013). 
Parameters in Q.P. model are estimated using iteratively reweighted 
least squares (see Daubechies et al., 2010 to learn more), and the 
weights are μ/θ. 

This linear function means that the quasi-Poisson models are only 
characterized by their means and variances, and do not necessarily have 
a distributional form (Van Hoef and Boveng, 2007). The quasi-Poisson is 
not a full maximum likelihood (ML) model but a quasi-ML model since 
we do not specify any distributional form. Hence, in quasi-likelihood 
methods, the likelihood value is unreliable (Rasbash et al., 2009). 
Since we do not have likelihood values, we will not be able to compute 
the likelihood ratio test, AIC, and BIC of the model and compare them 
with the Poisson model. We have used different statistical software 
packages (i.e., R, Stata, and NLogit) to estimate the four models. To 
estimate the Q.P. model, for instance, we used the software package R 
3.4.0 and glmmPQL function. 

5. Results and evaluation 

5.1. Model results 

Table 4 shows the best-fit vehicle ownership models – multilevel 
Quasi-Poisson, Poisson, ordered logit, and multinomial logit. Almost all 
of the variables are significant at the 0.05 probability level and also have 
the expected signs. Household vehicle ownership is positively correlated 
with household size, workers, and income. These relationships suggest 

that households with more members, more workers, and higher incomes 
are likely to own more vehicles, which is consistent with most previous 
studies. 

Vehicle ownership declines with almost all of the D variables while 
controlling for sociodemographic variables. In other words, density, 
diversity (land use entropy), design (intersection density and percentage 
of 4-way intersections), transit (stop density), and destination accessi-
bility (jobs within 10 and 30 min’ travel time by auto and 30 min by 
transit) are negatively correlated with vehicle ownership. The only 
exception is in the Poisson model, where the destination accessibility 
within 10 min is not statistically significant. 

The conservative 0.05 significance level was used in most models. 
The main exceptions are the household size variables and employment 
variables in the MNL models. For the other variables, the relationships 
we found here are likely real rather than due to chance. We also used a 
variance inflation factor (VIF) to check for the multicollinearity (i.e., 
high correlation among predictors) in our models. The highest VIF in our 
model was 3.84, which did not exceed the 10 (or sometimes 5) rule of 
thumb. 

In Table 4, the intercept of the Level 2 (number of TAZs = 23,480) 
has a substantial variation, except in the Poisson model. It tells that the 
differences in the built environment at TAZ level influence vehicle 
ownership significantly, and we cannot expect it is the case for all TAZs 
in the 32 regions. We have also computed the point elasticity which is 
defined as a percentage change in one variable with respect to 1% 
change in another variable. According to Ewing and Cervero (2010), in a 
Poisson model, the elasticity is just equal to the regression coefficient 
times the mean value of the independent variable. Note that our income 
variable was used in the log form. For this variable, the elasticity is equal 
to its coefficient. The elasticity of all continuous variables in the Poisson 
model is shown in Table 5. 

The elasticity of household income is the largest among all variables, 
which means vehicle ownership increases by 0.186% when household 
income increases by 1%. The elasticities of built environmental variables 
are relatively small compared to the household income in the model, but 
still significant. Viewed another way, for example, the percentage of jobs 
reachable within 30 min by transit for our sample ranges from 0 to 
99.21% and averages 16.88%. So, for a household that is average in all 
other respects, vehicle ownership will drop by a value of − 0.064 
(99.21*Bpctemp30t - 0*Bpctemp30t) as transit accessibility climbs from zero 
to the maximum. According to Table 5, intersection density and desti-
nation accessibility by personal vehicle (within 30 min) have the highest 
impact on reducing vehicle ownership, respectively. In other words, 
destination accessibility and street design are the most important built 
environment variables to encourage households to own fewer vehicles 
(i.e., car-lite). 

In terms of goodness of fit measures, we used McFadden pseudo R- 
squared and Akaike Information Criterion (AIC). McFadden pseudo R- 
squared is computed as: 

R2 = 1 −
lnL

(
Mfull

)

lnL
(
Mintercept

)

Where L(Mfull) is the log-likelihood of the full model and L(Mintercept) is a 
model without any predictors (only a constant). AIC is computed as − 2* 
L.L. (β) + 2 K where K is the number of parameters in the model 
(excluding any constant). The higher the value of the McFadden pseudo 
R-squared, the better the model fit. For AIC, it’s vice versa. As it was 
mentioned before, since we do not have a log-likelihood function in 
quasi-Poisson, we cannot compute AIC or even a Bayesian Information 
Criterion (BIC) or McFadden pseudo R squared. On the other hand, it is 
not possible to compare the count regression models (i.e., QP and 
Poisson) and discrete choice models (i.e., ordered logit and MNL) based 
on the likelihood-based statistics such as pseudo-R-squared, or any of the 
information criteria because these models are not nested and their 
likelihood functions – the underlying formulas – are different. 

Fig. 3. The percentage frequency distribution of household vehicle counts.  
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Table 4 
Results of count regression and discrete choice models.  

Variablea Multi-level Quasi-Poisson Multi-level Poisson Multi-level ordered logit Multi-level multinomial logit (Ref: vehicle = 0) 

Vehicle = 1 Vehicle = 2 Vehicle = 3 

Coeff t ratio Coeff t ratio Coeff t ratio Coeff t ratio Coeff t ratio Coeff t ratio 

Intercept − 1.27316 − 42.07*** − 1.26600 − 24.37*** − 3.94745 − 30.22*** − 6.20828 − 16.59*** − 6.20828 − 16.59*** − 18.9133 − 44.84*** 
hhsize_cat2b 0.43893 87.55*** 0.44060 50.28*** 2.07109 94.55*** 0.23988 4.72*** 2.71152 48.59*** 2.74445 39.35*** 
hhsize_cat3 0.49796 83.78*** 0.49950 48.17*** 2.50299 93.78*** 0.15161 2.03* 2.61276 33.12*** 3.31191 36.95*** 
hhsize_cat4 0.48905 79.41*** 0.48970 45.64*** 2.36481 79.22*** 0.0531 0.51 3.05236 28.92*** 3.31464 28.95*** 
hhsize_cat5 0.53966 79.38*** 0.54120 45.73*** 2.56507 74.25*** 0.03781 0.31 3.13177 25.44*** 3.58724 27.32*** 
employed_cat0c − 0.43453 − 60.09*** − 0.43660 − 34.78*** − 2.77728 − 61.65*** − 0.38789 − 1.57 − 0.94938 − 3.97*** − 3.46337 − 14.42*** 
employed_cat1 − 0.36738 − 59.72*** − 0.36950 − 34.62*** − 2.49424 − 59.34*** 0.09486 0.39 − 0.31776 − 1.34 − 2.66589 − 11.25*** 
employed_cat2 − 0.28874 − 49.18*** − 0.29030 − 28.54*** − 1.99007 − 48.07*** − 0.0452 − 0.18 0.30747 1.27 − 1.79052 − 7.42*** 
lnincome 0.18669 76.33*** 0.18570 43.87*** 0.95166 89.77*** 0.96673 43.89*** 1.86261 75.26*** 2.24246 79.36*** 
actden − 0.00468 − 19.57*** − 0.00486 − 11.82*** − 0.01426 − 29.78*** − 0.0064 − 9.87*** − 0.02943 − 27.02*** − 0.03748 − 18.65*** 
entropy − 0.06918 − 10.03*** − 0.06636 − 5.81*** − 0.41287 − 13.18*** − 0.67677 − 8.85*** − 0.92502 − 11.29*** − 1.23155 − 13.86*** 
intden − 0.00053 − 16.52*** − 0.00053 − 9.85*** − 0.00261 − 22.06*** − 0.00152 − 7.1*** − 0.00308 − 12.56*** − 0.00573 − 18.55*** 
pct4way − 0.00037 − 3.49*** − 0.00037 − 2.09* − 0.0033 − 7.45*** − 0.00575 − 6.27*** − 0.00953 − 9.31*** − 0.0086 − 7.46*** 
pctemp10a − 0.00067 − 2.96*** − 0.00063 − 1.71 − 0.00561 − 5.36*** − 0.00954 − 3.41*** − 0.01426 − 4.79*** − 0.01508 − 4.76*** 
pctemp30a − 0.00101 − 9.64*** − 0.00099 − 5.63*** − 0.00543 − 11.04*** − 0.003 − 1.93* − 0.00507 − 3.07*** − 0.01042 − 6.1*** 
pctemp30t − 0.00069 − 5.53*** − 0.00065 − 3.15** − 0.00481 − 7.92*** − 0.02234 − 9.8*** − 0.02837 − 12.01*** − 0.03066 − 12.64*** 
transitden − 0.00082 − 10.19*** − 0.00083 − 6.09*** − 0.00309 − 14.2*** − 0.00226 − 7.46*** − 0.00522 − 11.02*** − 0.00657 − 9.71***  

Threshold parameters for probabilities 
Mu(01)     3.90428 170.87***       
Mu(02)     6.93591 257.65***       
Var(cons)-TAZ 0.0415 0.00004 0.37583 0.30164 0.12062 0.31331  

Model evaluation 
Log Likelihood (LL(β)) N/A − 107,021 − 68,393 − 66,107 
AIC/N N/A 2.726 1.743 1.443 
McFadden R2 N/A 0.157 0.2826 0.3065 
Cor(Veh, Pred)d 0.6789 0.6602 0.6527 0.6536 
Cor(Veh, IntPred)d 0.6242 0.6066 0.6039 0.6065 
RMSE 0.8148 0.8347 0.9083 0.8964 

*** p-value <0.001, ** p-value <0.01, * p-value <0.05. 
a Fixed-effect variables for regions were included in the models, but are not shown here. 
b Household size equal to 1 is the reference category. 
c Number of employed persons equal to 3 is the reference category. 
d Correlation between Veh = actual number of vehicles and Pred = predicted values, and IntPred = rounded predicted values. 
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The measures that we can use to compare the models are related to 
the prediction accuracy and they are root mean square error (RMSE) and 
the correlation between an actual number of vehicles owned by house-
holds and predicted values. For the latter one, we have used both a 
predicted number of vehicle owned and a rounded version. Based on 
these two measures, we can conclude that count regression models yield 
higher predictive accuracy than the discrete choice models. In terms of 
correlation, Poisson and MNL models have almost the same result, but 
the MNL is slightly better. In terms of RMSE, however, Poisson is better 
than MNL, and the difference is quite considerable. In the next section, 
we will explain the model validation results. 

It is true that a discrete choice kind of model might be a richer model 
for analyzing behavior, as an anonymous reviewer pointed out (see 
Castro et al. (2012) and Bhat and Pulugurta (1998)). But we do not argue 
otherwise. We argue that by a particular measure, a count model pro-
vides a closer fit to the data. The two claims can be true at the same time. 
The ordered choice and count model are somewhat similar. They both 
(arguably) work from a model for the demand for transportation ser-
vices, and researchers have used both. The higher demand induces a 
greater number of vehicles purchased. We would argue that for all its 
virtues, a discrete choice model for the number of vehicles is not quite as 
appealing as the count or ordered model because it fails to reflect the 
inherent ordering of the number of vehicles. In the main, two vehicles 
and three vehicles are just different choices of numbers of vehicles. The 
pure discrete choice model does not account for the fact that three is 
more than two. The anonymous reviewer’s opinions about the virtues of 
different models do not conflict with our claim that you get the best fit 
with the count model. These are opinions about different issues. It is 
likely that our count model would do a better job of predicting the 
number of vehicles in aggregate. We can argue for this even if the re-
viewer’s points were all true. 

5.2. Model evaluation 

Our approach is theoretically more solid in the sense that it in-
corporates influential built environment characteristics of TAZ and uses 
disaggregate data at the individual household level from various U.S. 
regions. In addition to presenting the best-fit quasi-Poisson vehicle 
ownership model, this study also contributes to the current literature by 
comparing two categorical models – ordered logit and MNL – and two 
count data models – Poisson and quasi-Poisson. To be used in practical 
modeling, however, we need to validate our model in comparison with 
the conventional practice—the ORL and MNL models used by most of 
the MPOs. 

In this regard, the predictive power of the model is evaluated by k- 
fold cross-validation (where k = 5 in this study). Table 6 confirms that 
the error rate of the count regression models (as our best-fit models) is 
significantly lower than the discrete choice models. It should be 

mentioned that the overall RMSE is calculated as 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
RMSE1

2+…+RMSE2
k

k

√

. 
In addition, we validate the model in comparison with the multi-

nomial logit model used by our MPO, Wasatch Front Regional Council 
(WFRC), since we have access to their vehicle ownership model out-
comes. In other words, does our model (here, multilevel Poisson 
regression) yield a better fit to the data than the current MNL model of 
WFRC? 

The WFRC’s MNL model controls for all of the sociodemographic 
variables used in this study, as well as two built environment variables 
which are population density of neighboring zones and accessibility to 
employment within 30 min by transit. In this study, for those variables 
that WFRC uses in their model (e.g., sociodemographic variables), we 
tried to code them in the same way, except for the density variable. That 
is why we have used the employed persons variable as a categorical one, 
not continuous. Their model was developed in 2017, using the same data 
that they provided us with. But we combine their household travel 
survey data with 31 other regions and then used a multilevel (fixed-ef-
fect at the region-level) structure to suck out all the variance due to the 
regional differences. 

Since WFRC ultimately models the average number of vehicles for 
each of the TAZs, our model used TAZ as the unit of analysis. We 
compared the model predicted values with the observed average vehicle 
ownership of TAZ for the Wasatch Front in the 2012 Utah Travel Survey. 
It should be noted that we omitted TAZs with very few households to 
avoid sampling error issues. For instance, only one household in a TAZ 
that has four cars cannot be a good representative of all households 
living in that TAZ. Or if a household does not have a vehicle, it doesn’t 
mean that all households have no cars in that specific TAZ. Hence, in 
order to minimize this sampling error issue, 10 was determined as the 
final cutoff value used for this validation purpose. As it is shown in 
Table 7, even if we don’t define this threshold, our model still out-
performs the WFRC model. 

The RMSE of our model is 0.2293, while this number for the WFRC 
model is 0.9243. On the other hand, the correlation between the pre-
dicted values and the actual average number of vehicles in TAZs in the 
best-fit model is 0.8506, while this value is only 0.08 in the WFRC 
model. Based on these results, our model has a better performance than 
the WFRC model. This is because their model is underspecified. They 
only control for two built environment variables. Moreover, their model 
does not account for the dependency between households that live 
within the same TAZ, and we encourage them to use a multilevel 
structure (just a 2-level model, i.e., households nested within TAZs). We 
also encourage them to consider other alternatives (i.e., count regression 
models) in terms of model selection. 

6. Conclusions 

The purpose of this study is to develop a model that is sensitive to 
policy levers available to land use and transportation planners, 
including all D variables. This study estimates vehicle ownership models 
using regional household travel data and built environmental variables 

Table 5 
The elasticity of vehicle ownership with respect to the continuous variables.  

Variable Coeff. Mean Elasticity 

ln of household income 0.18570 10.98 0.1857 
Activity density − 0.00486 7.013 − 0.0341 
entropy − 0.06636 0.451 − 0.0299 
intersection density − 0.00053 98.006 − 0.0522 
% of 4-way intersections − 0.00037 25.758 − 0.0095 
employment accessibility by auto (30 min) − 0.00099 49.275 − 0.0488 
employment accessibility by transit (30 min) 0.00065 16.877 − 0.0110 
transit stop density − 0.00083 19.019 − 0.0157  

Table 6 
The Results of 5-fold Cross-Validation (RMSE).  

Fold Quasi-Poisson Poisson Ordered logit MNL 

1 0.761 0.782 0.922 0.918 
2 0.757 0.798 0.922 0.909 
3 0.765 0.772 0.910 0.902 
4 0.751 0.776 0.941 0.930 
5 0.769 0.793 0.933 0.917 
Overall RMSE 0.761 0.784 0.926 0.915  

Table 7 
The results of our multi-level Poisson regression model and WFRC’s MNL model.  

Goodness-of-fit measures Best-fit 
model 

WFRC 
Model 

RMSE for all TAZs 0.5135 1.1431 
Correlation (predicted vs. actual) for all TAZs 0.6569 0.0276 
RMSE for TAZs with 10 or more households 0.2132 0.9243 
Correlation (predicted vs. actual) for TAZs with 10 or 

more households 
0.8584 0.0882  
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from 32 regions across the U.S. The household vehicle ownership models 
are estimated with multilevel count regression and discrete choice 
models. The results show that there are positive associations between 
household vehicle ownership and household size, workers, and income. 
There are negative associations between household vehicle ownership 
and several built environmental characteristics. Although the elasticities 
of built environmental variables are smaller than the elasticities of the 
socioeconomic variables (specifically household income), all are highly 
significant. Vehicle ownership decreases with density, design (inter-
section density and percentage of 4-way intersections), and destination 
accessibility after controlling sociodemographic variables. These find-
ings are consistent with the literature on car shedding (Bento et al., 
2005; Zegras, 2010; Pinjari et al., 2011). 

Among built environment variables, street design, destination 
accessibility, and density variables have the highest impact on encour-
aging households to car-lite, respectively. For instance, a one-percent 
increase in intersection density of a neighborhood will lead to a 0.05% 
reduction in vehicle ownership. We acknowledge that our elasticities are 
not 100% accurate because of the limitations we will discuss shortly. 
Nevertheless, they are the most accurate elasticities yet produced in a 
study. 

Such a large dataset also gives the models external validity missing 
from earlier studies. The model developed here can be directly applied 
for travel demand modeling and forecasting by MPOs. In fact, the WFRC 
and Mountainland Association of Governments (MAG) are incorporating 
the model into their travel demand model. We believe that our vehicle 
ownership model is applicable to other regions, especially those medium 
and small MPOs that have limited resources to collect household travel 
survey data and estimate a vehicle ownership model of their own. 

We acknowledge that two of the variables in our models are not 
presently predicted for out years (horizon years) by MPOs, and thus 
present a challenge for implementation. The land use entropy variable 
requires parcel-level land use data in the out years, and the transit stop 
density variable requires transit network data in the out years. After 
being asked by our MPO to include only those input variables that could 
be computed based on their current forecasts, which include all the 
other variables in our models, we faced a dilemma. Dropping these 
variables would have left us with operational variables for only three of 
the five Ds. Nevertheless, the purpose of this study, while centered on 
developing models that consider all of the D variables that affect vehicle 
ownership and capture their impacts (or elasticities), also includes ap-
plications to four-step modeling by MPOs. Hence, upon request, we are 
happy to provide other MPOs with the less fully specified models we 
developed for our own MPOs. Our final report for the MPOs includes 
only these currently projected or easily derived variables (authors). 

Based on the results of this study, we argue that count models (quasi- 
Poisson and Poisson) can be a good alternative to discrete or categorical 
models (ordered and multinomial logit), and MPOs can easily adopt 
them. By comparing ordered logit and MNL models, where vehicle 
ownership is considered a categorical variable, with QP and Poisson 
models, where vehicle ownership is considered a count variable, this 
study shows that the QP and Poisson models have better predictive ac-
curacy than the first two. 

It is a limitation of this study to rely on cross-sectional data, from 
which one cannot confidently draw causal inferences. Yet, the number of 
such studies and the consistency of findings leads us to cautiously use the 
term “car shedding” to describe the collective tendency of households to 
own fewer vehicles when they live in less auto-dependent environments. 

In order to analyze household travel survey data for 32 regions in our 
study, we did not use the sampling weights provided by each MPO. We 
acknowledge that not using the sampling weights could bias results 
within regions, but using them would create bias across regions because 
there is no uniformity in the calculation of sampling weights across 
regions. 

Another limitation of this study is that there are other missing vari-
ables that could impact a household’s decision to own vehicles, such as 

the demand management variable known as another D (which includes 
parking availability and rates), travel preferences, and residential self- 
selection. A study in New York City shows that vehicle ownership 
could go up as much as 9% if on-street parking is provided freely (Guo, 
2013). Individuals who would like to own fewer vehicles and want to 
rely more on alternative travel means may choose to live in neighbor-
hoods that support such lifestyle choices. We could not control for these 
effects since there were no relevant preference questions in most 
household surveys. We have elsewhere argued that self-selection effects 
are small compared to the built environmental effects, and that self- 
selection is as likely to result in enhanced as attenuated built environ-
mental effects (Ewing and Cervero, 2010; Ewing et al., 2016; Ewing and 
Cervero, 2017). 
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