Accepted in Transportation Letters

Vehicle Ownership Models for a Sharing Economy with
Autonomous Vehicle Considerations

OO0 Nh W —

Monique A. Stinson (Corresponding Author)

Department of Civil, Materials, and Environmental Engineering
University of Illinois at Chicago

and Vehicle and Mobility Systems

Argonne National Laboratory

mstinson@anl.gov

ORCID: 0000-0003-1337-1903

Bo Zou
Department of Civil, Materials, and Environmental Engineering
University of Illinois at Chicago

bzou@uic.edu
ORCID: 0000-0003-4485-5548

Diana Briones

Department of Civil, Materials, and Environmental Engineering
University of Illinois at Chicago

dbrion3(@uic.edu

Alicia Manjarrez

Department of Civil, Materials, and Environmental Engineering
University of Illinois at Chicago

Imanja3@uic.edu

Abolfazl (Kouros) Mohammadian

Department of Civil, Materials, and Environmental Engineering
University of Illinois at Chicago

kouros(@uic.edu

ORCID: 0000-0003-3595-3664


mailto:mstinson@anl.gov
mailto:bzou@uic.edu
mailto:dbrion3@uic.edu
mailto:lmanja3@uic.edu
mailto:kouros@uic.edu
https://orcid.org/0000-0003-3595-3664

O J N DN B~ W

e T e T e e Sy S G e G S Y
O AN Dn P~ WN—=O O

D —
SO

\S]
—_—

Accepted in Transportation Letters

Abstract: This study investigates the impacts of the sharing economy and vehicle automation on
household vehicle ownership by considering the earning potential of household vehicles. While
many studies have examined the impact of the sharing economy (namely ridesourcing) on
vehicle ownership of ridesourcing customers, there is a gap in understanding its impact on
vehicle ownership among ridesourcing suppliers. This study hypothesizes that the ability to
generate income using a privately owned vehicle incentivizes individuals to own more vehicles.
Data from an original stated preference (SP) survey are used to develop discrete choice models
to understand the effects in question. The sharing economy of today as well as a future version
are investigated, with the future version covering a context where conventional vehicles (CVs),
autonomous vehicles (AVs), and shared AVs (SAVs) coexist and the former two may be used to
earn money. The estimated models are applied using the 2017 National Household Travel Survey
(NHTS) data to perform national-level simulations. It is found that, in comparison to a non-
sharing economy context, individuals in the sharing economy (both with and without vehicle
automation) tend to purchase more vehicles in times of income gain, and tend to preserve their
fleets more readily in times of income loss. This study provides evidence that the sharing
economy incentivizes individuals to own more — not fewer — vehicles.

Keywords: vehicle ownership; vehicle transaction; sharing economy; income generation;
autonomous vehicle; ridesourcing; discrete choice; vehicle renting; delivery
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1 Background

The sharing economy, in its various forms including ridesourcing and carsharing, is argued
to reduce vehicle ownership from the perspective of treating individuals as the sources of travel
demand (Botsman and Rogers, 2010; Cervero et al., 2007). However, the sharing economy also
enables individuals to be sources of transportation service supply. With ready connection of
buyers and sellers in online marketplaces, vehicle owners can extend use of their vehicles
beyond personal purposes to offering rides to and sharing vehicles with other people and using
the vehicles to deliver food and other freight, to earn extra income. These new possibilities for
income generation provide individuals with new incentives to own and keep vehicles, which
could be further strengthened with the advent of vehicle automation, as doing the above income
generating activities does not require the vehicle owner to be present in an autonomous vehicle
(AV). Consequently, the tendency to own vehicles due to the sharing economy and vehicle
automation may offset the argued effects of reduced vehicle ownership.

Existing research has already performed empirical investigations into the effects of sharing
economy and vehicle automation on household vehicle ownership (HHVO). In terms of sharing
economy, two of the most prominent demonstrations are ridesourcing and carsharing (e.g., Uber
and Lyft). For ridesourcing, a systematic review of the relevant literature is conducted in Jin et
al. (2018) who conclude that ridesourcing does not reduce HHVO, which is supported by the
empirical evidence that ridesourcing draws largely from taxi and transit (Schaller, 2017). On the
other hand, carsharing is shown to reduce vehicle ownership among its users (Martin et al., 2010;
Costain et al., 2012). In terms of vehicle automation, it is argued that the need for individual
vehicle ownership can be reduced as the travel demand of a household can be met with as few as
one AV (Auld et al., 2018; Javanmardi et al., 2019). Moreover, a centralized AV fleet could
accommodate travel demand from most or all individuals in a city, transforming mobility to a
service or utility (Hughes, 2018; Mitchell, 2019). It is also expected that AV will gain a non-
trivial market share in the coming decades. Many industrial and academic endeavors are made to
project the market share of AVs and shared AVs (SAVs) in the future (Spieser et al., 2016;
Fagnant and Kockelman, 2014; Bischoff and Maciejewski, 2016; Deloitte, 2016; Chen et al.,
2016; Martinez and Viegas, 2017; Heilig et al., 2017; Noruzoliaee et al., 2018; Gurumurthy et
al., 2019; Simoni et al., 2019).

Despite the above efforts, two important gaps remain. First, no existing studies have
quantified the potential impacts of ridesourcing and carsharing on HHVO from the perspective
of using owned vehicles to provide transportation services and generate income. Second, while
some discussions briefly touch on income generation using owned AVs (Campbell, 2018), no
work has tried to quantify the implications of income earning using AVs for vehicle ownership.
The objective of this paper, therefore, is to fill these gaps by conducting an empirical study to
assess the impacts of sharing economy and vehicle automation on HHVO. The novelty of this
study is twofold: 1) explicitly considering income earning while designing a series of
experiments for vehicle transaction choice under different scenarios of income gain and loss,
introduction of AV/SAV, and vehicle disposal in the presence of AV/SAV; 2) simulating the
impacts of the sharing economy and vehicle automation on HHVO at the national level. The
ability to predict changes in HHVO in response to the sharing economy and vehicle automation
has not been adequately considered, but is critical for evaluating travel demand; assessing the
impacts on road congestion, environment, and safety; and testing effectiveness of measures such
as those related to technology platform development that may improve mobility, livability, or
other desirable qualities.
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Given that relevant data do not exist, in this paper we first conduct stated preference (SP)
experiments to collect information on individuals’ vehicle transaction preferences with explicit
recognition of earning possibilities using owned vehicles. The SP experiments encompass three
circumstances: 1) considering income change in today’s sharing economy environment; 2)
considering a future environment with three alternatives: buying a conventional vehicle (CV),
buying an AV, or using a shared autonomous vehicle (SAV) service; and 3) considering vehicle
disposal with AV/SAV. Using the SP data, discrete choice models are estimated to infer the
impacts of earning potential on household vehicle transactions.

The estimated models are then employed along with National Household Travel Survey
(NHTS) data from 2017 to simulate HHVO changes for the US, with the sharing economy and
with both sharing economy and vehicle automation. A set of alternative models, which are
developed using data collected prior to the advent of the sharing economy and vehicle
automation, are also applied to the NHTS data to simulate a counterfactual estimate of HHVO
changes without sharing economy and vehicle automation effects. Results provide new insights
about how earning potential brought by the sharing economy and vehicle automation could affect
vehicle ownership, and can inform economic and policy interventions to achieve reduced vehicle
ownership or other desired mobility outcomes in the presence of the sharing economy and
vehicle automation.

The remainder of this paper is organized as follows. Section 2 presents the data collection
effort and salient descriptive statistics of the collected sample. Section 3 discusses the model
estimation methodology and estimation results using the collected data. In Section 4, the
estimated models are applied to NHTS data to simulate vehicle ownership changes at the
national level. Finally, findings are summarized and directions for future research are suggested
in Section 5.

2 Data collection and sample statistics

An original survey is conducted in this study. In total, 654 individuals are included in the
survey'. Following the survey effort, removing responses with incomplete or inconsistent
information leaves completed surveys from about 400 individuals for analysis.

The survey is conducted in three rounds. First, the survey is piloted online with a
convenience sample of 199 friends, family and acquaintances of the authors. The pilot survey
data are used to confirm that meaningful results can be obtained using the survey instrument.
Then, an online survey of 245 students and staff recruited from the authors’ institution is
conducted. The online survey is simple to administer but has the drawback of sampling only
individuals who are affiliated with higher education. So, to ensure broader representation of
viewpoints within the sample, an in-person survey of 210 visitors randomly recruited at
Millennium Park in Chicago is also performed. The in-person data collection uses a paper
survey. Appendix A shows an example of the paper version of the survey instrument.

The main feature of the survey is a series of SP experiments covering HHVO choice
scenarios. Supporting information on sociodemographic characteristics and basic travel behavior
of survey respondents is also collected.

! Sample size was not determined a priori, since with the innovative nature of this study the model specification was
not known beforehand. However, the study team aimed to collect at least 500 surveys in total based on collective
experience of the study team members.
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The structure of the survey questionnaire is shown in Fig. 1. Part 1 asks a series of questions
about current travel habits—for example, frequency of travel using various modes such as
driving, taking transit, and ridesourcing—and distance of home-to-work or home-to-school trips.
Although land use is not included in the questions asked, the travel habits data collected here can
implicitly reflect land use. In Part 2, information on household vehicle availability is collected. A
household vehicle is described as one that is owned or leased by a household member and
typically parked at home when not in use. Respondents are also asked if any of their vehicles are
currently being used to generate income by a household member. Part 3 introduces three
methods that are commonly used today to generate income with a household vehicle:
ridesourcing, renting out a household vehicle, and food delivery. These methods are presented to
survey respondents, who are then asked about their preferences. Although this part is not used
for modeling or analysis in the paper, it helps survey respondents familiarize themselves with the
vehicle transaction experimental context.

Part 4 is the main body of the survey and it includes four SP choice experiments related to
vehicle transactions, which are explained in detail in the rest of this section. In Part 5,
respondents are asked about their sociodemographic characteristics such as household size, the
number of workers, the number of children, and household income.

Part 1. Travel habits

Part 2. Household vehicles

Part 3. Methods of generating
income with a vehicle

Part 4. Stated preference (SP)

experiments

Part 5. Sociodemographics

Fig. 1. Structure of the survey.

2.1 Choice experiments

Four stated preference (SP) choice experiments on vehicle transaction are administered. The
first experiment examines the propensity of individuals for vehicle transaction with income
generation (VT+IG) when an individual experiences an income increase. The experiment is
conducted again, using an income loss scenario the second time. The third experiment considers
a futuristic situation in which both CVs and AVs can be purchased. In addition, one has the
option of using shared autonomous mobility. Vehicle ownership decisions in this futuristic
situation thus involve not only income generation, but also the possibility of using (shared)
autonomous vehicles. This experiment is labelled VT+IG+S/AV. The fourth experiment asks
about vehicle disposal and is posed to respondents who choose an AV or SAV option earlier.
The rest of this section describes the vehicle transaction experiments.

2.1.1 Choice experiments 1 and 2: vehicle transaction with income earning

In the first two choice experiments, survey respondents are asked about vehicle ownership in
the context of the sharing economy, in which it is possible to use household-owned vehicles to
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earn income. On the other hand, as vehicle ownership is commonly influenced by income
change, the vehicle ownership choices combined with income earning choices are presented in
two choice experiments: one with an income gain, and the other with an income loss.

In choice experiment 1 (income gain), a job change leads to an income gain, which is
randomly drawn from four possible values, or levels: $5,000, $10,000, $15,000, or $20,000. The
new job will be located 15 miles away from home with no transit access. The respondent is asked
to choose one out of three options: 1) buy a new vehicle and use the vehicle to generate income
(termed “Buy & earn”); 2) buy a new vehicle but do not use the vehicle to generate income
(termed “Buy & don’t earn”); and 3) neither, i.e., making no changes to the current household
fleet (Fig. 2). The intent of specifying the distance and transit accessibility is to create a situation
where a car is effectively required for commute, so as to generate more instances for studying
“Buy & earn” vs. “Buy & don’t earn” choices. It should be noted that while the experiment
accomplishes this aim, considering the event of a job (and workplace location) change may limit
the application possibilities for the estimated model. Future studies could consider exploring a
wider range of events, such as a salary increase with no change in workplace location. It is
assumed that respondents who select (3) would not use an existing vehicle to earn income. This
assumption is based on the premise that in an income gain situation brought by a job change, the
individual would likely have little reason to use an existing vehicle to earn additional income,
unless s/he has access to more vehicles (which is not the case in (3)).

Choice experiment 2 (income loss) presents an economic downturn scenario that leads to a
reduction in household income by 10%, 20%, or 30%. For a given respondent, the percentage
reduction is randomly picked among these three levels. The respondent is asked to choose one
also out of three options: 1) sell a vehicle (or end a lease) (termed “Sell”); 2) keep existing
vehicles and use one of them to generate income (termed “Keep & earn”); and 3) neither. Similar
to choice experiment 1, “neither” means that the respondent makes no changes to her/his existing
household fleet and s/he will not use an existing vehicle to earn income. Respondents from zero-
vehicle households are not asked about an income loss scenario, as “Sell” and “Keep & earn” are
not relevant options for them.

Buy new vehicle & use it to generate income

Choice
experiment
1 (income
gain)

Buy new vehicle & do not use it to generate income

HHVO in a Neither

Sharing
Economy

Sell a vehicle (or end a lease)

Choice
experiment
2 (income

loss)

Keep existing fleet & use a vehicle to generate income

Neither

Fig. 2. Options under choice experiments 1 and 2.

It should be noted that the choice sets in the two experiments are informed by the existing
literature (e.g., Litman, 2019) which supports positive elasticities of vehicle ownership with
respect to an individual’s income. On the other hand, in times of an income loss, it might be
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possible for an individual to buy a vehicle to earn income with it. While this option is not
included here, extensions of the present study could consider this “Buy & earn” choice.

2.1.2 Choice experiment 3: vehicle ownership with S/AV

This choice experiment first presents the respondent with the same new job with income
gain scenario (subsection 2.1.1) that was shown earlier to the respondent. Then, given this
scenario, respondents are asked to choose one out of five options in a future environment where
both AVs and CVs are available: 1) buy a CV; 2) buy an AV; 3) use SAV for work only; 4) use
SAYV for all purposes; and 5) none of the previous four. In the rest of the paper, these five options
are termed as “CV-buy”, “AV-buy”, “AV-share work only”, “AV-share unrestricted”, and
“None”, as shown in Table 1. In such an environment, an individual may buy a vehicle (either
CV or AV). If buying an AV, the individual can also use the vehicle to earn income.
Alternatively, an individual can choose to use SAVs for either the work commute only or
unrestricted trip purposes. Unlike the previous two experiments, this experiment allows a
respondent to consider oneself as either a provider of mobility service (by using one’s own
vehicles to earn income) or a consumer of mobility service (by using SAVs). By doing so, the
tradeoff between owning a vehicle motivated by income earning and using SAVs can be
explicitly characterized.

In Table 1, each column corresponds to one alternative, while each row represents one
attribute. Each cell of the table shows the possible values, or levels, for the associated attribute
and alternative. When an individual is surveyed, one level is selected randomly for each attribute
from its set of possible levels. An empty cell means that the attribute is not relevant to an
alternative. The first two alternatives, “CV-buy” and “AV-buy”, involve a down payment as well
as a monthly cost due to recurring payments, vehicle energy use, maintenance, insurance, etc.
The ranges for CV down payments and monthly costs are determined based on the authors’
experience and previous research (Experian, 2017; Edmunds, 2020). For both down payment and
monthly cost, AVs are expected to be more expensive than CVs (Noruzoliaee and Zou, 2021).
On the other hand, an AV can generate income without its owner being in the vehicle. When an
AV is used to offer riding service to a customer, unlike current vehicle renting, the customer will
not need to travel to the location of the vehicle. Instead, the AV will drive itself to pick up the
customer.

Since multiple attributes are involved in this choice experiment, the idea of full factorial
design, i.e., random numbers are drawn from the full factorial (Louviere et al., 2000), is pursued.
The main benefit of using a full factorial design is that second- and even higher-order
interactions between attributes that may be desirable for testing can be captured. While in some
cases a full factorial utilization could lead to inefficient parameter estimation, in this study
parameter estimate efficiency (which manifests itself by relatively small standard errors and
large values for t-statistics) can still be achieved since the number of attributes and attribute
levels included in our experiments is relatively small compared to the number of respondents.
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SP choice experiment

Table 1. Vehicle owning / sharing choice alternatives, attributes, and attribute levels in the third

AV-share AV-share
CV-buy AV-buy work only unrestricted None
Down payment ($) 2,500, 5,000 | 5,000, 10,000
Monthly cost ($) 250, 500 500, 1,000 250, 500 500, 1,000
. . 250, 500,
Monthly earning potential ($) 1,000
Avg. wait time (minutes) 5,10, 15 5,10, 15
Avg. percentage of shared rides 25%, 50% 25%, 50%
AVg: detour time When ride 5.10,15 5.10, 15
sharing occurs (minutes)

Because of the self-driving feature, an individual may prefer to call an AV as a service when
needed, rather than owning an AV. In fact, it has been argued that a significant part of future
AVs will be used in a shared fashion (Fagnant and Kockelman, 2014; Boesch et al., 2016; Chen
et al., 2016; and Noruzoliaee and Zou, 2021, to name a few). To reflect this, “AV-share work
only” and “AV-share unrestricted” are provided as the third and the fourth alternatives. We
conjecture that the probability of choosing these alternatives depends on not only the monthly
cost of using SAV, but also quality of the riding service provided, characterized by three
attributes: average wait time, average percentage of shared rides, and average detour time when
ride sharing occurs. The two alternatives differ by the extent of using SAVs (for work only vs.
for all purposes). The ranges for monthly cost for the two “AV-share” alternatives are designed
to be comparable with possible monthly pass cost in relatively expensive transit systems. For
instance, travel by transit over any distance throughout the Chicago region requires a regional
rail monthly pass for about $240 (Metra, 2021) and an additional bus and urban rail pass for
$105 for unlimited times (Chicago Transit Authority, 2021); the additional bus and urban rail
pass cost is $55 if urban transit is constrained to weekday peak periods (Metra, 2021). The
ranges for the three service attributes are determined based on the authors’ collective judgment.
The percentage of solo vs. shared rides is an important determinant of ride quality for some
passengers (Alonso-Gonzalez et al., 2020).

Lastly, a fifth alternative, which is not doing any of the previous four, is introduced. This
alternative is likely to be chosen when the travel needs of a respondent can be met by her/his
existing household fleet and s/he is not interested in an autonomously driven vehicle.

2.1.3 Choice experiment 4: vehicle disposal with S/AV

In the future, travel needs of households that use AVs or SAVs may be met with fewer
owned vehicles (Fagnant and Kockelman, 2014; Auld et al., 2018). It is then reasonable to
assume that some households may sell or otherwise dispose of CVs (e.g., through charitable
donations) when they choose own-AV or SAV options. In choice experiment 4, this
selling/disposal possibility is addressed by asking respondents who currently own one or more
CVs and choose AV/SAV options in choice experiment 3 how many vehicles they would dispose
of from their current CV fleets.
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This is a multiple choice question with three possible answers: Sell one household vehicle;
Sell all household vehicles; or Keep current fleet. Results of this choice experiment will be used
in simulating household vehicle ownership change with the sharing economy and vehicle
automation (see subsection 4.5).

2.2 Sample representativeness of the national population

To understand the representativeness of the surveyed sample with respect to the national
population, a preliminary comparison is made. Table 2 provides a comparison of some key
variables between the sample proportions and the population proportions, the latter based on the
NHTS data. It can be seen that the female-male ratio is comparable between the survey sample
and the NHTS data. Individuals with high school or less education are under-represented in the
survey, which is about 12%, as opposed to 34% from the NHTS data. In contrast, individuals
with advanced degrees are over-represented in the survey sample, with the corresponding
proportion in the NHTS data at 17%. Household size distribution is similar in shape and the
mode is two persons for both. However, some differences exist in the distributions: in the NHTS,
about 28% of households have one person, 34% have two, 16% have three, 14% have four, and
8% have five or more. Compared to NHTS, our survey sample under-represents zero-worker and
one-worker households, which constitute 27% and 37% in the NHTS data. The percentage of
households with children under 18 is similar between our survey sample and NTHS data (about
one-third of households). About 9% of US adults are enrolled in college (US Census, 2011;
Bustamante, 2019), which is lower than our survey. Households with annual income under
$25,000 constitute about 23% of the US population while households with annual income over
$75,000 make up about 38% of the population. Therefore, our sample is under-representative of
lower-income households and over-representative of higher-income households. Lastly, the
survey sample is over-representative of younger adults (e.g., according to the NHTS data, 13%
of the US adult population is 18-34) and under-representative of older adults. Appendix B
presents additional descriptive statistics of the data.

Despite the distributional differences between our sample and the national statistics, the
estimation results are not expected to be biased. This is because, as noted by Manski and
McFadden (1981) and Ben-Akiva and Lerman (1985), discrete choice models with a data sample
obtained either randomly or with stratification on an exogenous variable can be estimated using
maximum likelihood estimation procedures without bias, provided that the sample contains
variation in the exogenous dimensions and as long as important sociodemographic characteristics
are included in the specification. As such, using a sample that is under- or over-representative of
some exogenous dimensions generally will yield unbiased estimates in an adequately specified
model. Consequently, we include a wide variety of sociodemographic indicators as exploratory
variables in the models, which allows us to use estimation processes that are designed for
random sampling. One limitation, however, is that most respondents are from the Midwest. Since
attitudes towards vehicle ownership, the sharing economy, and automation may differ throughout
the US, the resulting parameter estimates may have bias due to geographic differences. We
recommend collecting additional data from other regions as an extension to this work.

3 Model estimation methodology and results

With the data collected from the survey, discrete choice models are specified and estimated.
For the VT+IG model, which is developed using responses from two choice experiments, the
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1  number of observations used for estimation is 662 (from 360 respondents), less than twice the
2 sample size as some responses are incomplete with missing information on explanatory or
3 dependent variables. For the VT+IG+S/AV model, 359 observations, one for each individual, are
4 used for estimation. The number of observations is less than the sample size for similar reasons
5 above.
6
7
8 Table 2. Comparison of key variables: sample vs. NHTS
Attribute Attribute Level Survey Sample NHTS
Sex % Female 52% 51%
Education % High school or less 12% 34%
% Associate or bachelor’s degree 50% 50%
0
e/;)cgdvanced degree (MS, PhD, JD, MD, 38% 17%
Age 18-24 35% 13%
25-34 28% 17%
35-49 20% 25%
50-64 13% 26%
65 and above 5% 19%
Household Vehicles 0 17% 9%
1 35% 34%
2 22% 33%
3+ 26% 24%
Household Income Less than $25,000 11% 23%
$25,000 - $74,999 38% 39%
$75,000 or more 51% 38%
Household Size 1 14% 28%
2 30% 34%
3 19% 16%
4 20% 14%
5 or more 17% 8%
Household Workers 0 5% 27%
1 26% 37%
2 or more 70% 36%
Percentage of Households with Kids Under 18 36% 30%
9
10
11 For the VT+IG model, both multinomial logit (MNL) and nested logit (NL) model

12 specifications are considered. Unlike the MNL model, with its Independence of Irrelevant
13 Alternatives (IIA) assumption, the NL structure allows for the possibility that some alternatives
14  may be more closely related to each other (in ways that are not observed) than to other

10
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alternatives (Ben-Akiva and Lerman, 1985). To confirm or disprove this possibility, the
statistical significance of the lower-level nest coefficient is evaluated using a t-test. As Ben-
Akiva and Lerman (1985) note, for a two-level nesting structure, only one nest parameter can be
estimated. We normalize the upper-level parameter to 1.0. Therefore, the estimated lower-level
nest parameter should be significantly greater than 1.0 in order for the nest to be warranted from
a statistical standpoint (Ben-Akiva and Lerman, 1985). The nesting structure of the VT+IG
model is presented in Fig. 3. One nest contains four alternatives under which a vehicle
transaction occurs: “Buy & earn”, “Buy & don’t earn”, “Keep & earn”, and “Sell”. The other
nest has only one alternative: no vehicle transaction or income generation, termed as “None”.
The estimated nest parameter pertains to the former. The latter nest has no nesting parameter
since it has only one alternative. Intuitively, this nest structure implies that options that involve a
transaction are more closely related to each other than to the “None” option. We assume that
respondents who choose “Sell” will not use any remaining vehicle for income generation. This is
because selling a vehicle may imply that it would not be beneficial to use a vehicle for earning
income (otherwise, the respondent would not have chosen to sell a vehicle).

Joint vehicle
transaction &
income generation
choice
Transaction and/or Mo transaction or
income generation income generation

oweon ]

-| Buy & don't earn |

-| Keep & earn |

. Sell |

Fig. 3. Nesting structure of the VT+1G model.

For VT+IG+S/AV, nested logit specifications are also considered and tested. However, the
nest parameters turn out to be insignificant. Therefore, multinomial logit (MNL) models are
specified.

A general expression of the utility equation for an alternative can be expressed as Eq. (1):

Ui,j =ﬁ,Xi+y,Zj+£i,j (1)

where U, ; is the utility for alternative j perceived by individual i. X; is a vector of travel habits
and sociodemographic characteristics of individual i and her/his household. Z; is a vector of
attributes that are associated with alternative j. 8 and y are vectors of parameters to be
estimated. ¢; ; is a term that encompasses unobserved features and measurement error with the
standard assumption of having independent and identical Gumbel distributions. In the nested

11
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logit model, the properties of the error term are modified to permit correlation between
alternatives. Further details about discrete choice models can be found in (Ben-Akiva and
Lerman, 1985).

We adopt an incremental approach to estimating the models, beginning with a minimal
specification and adding one variable at a time. In some cases, parameters with somewhat high
standard errors (i.e., low statistical significance) are kept in the final specification to provide the
reader with a more complete picture of the impacts of different variables (Bierlaire, 2016). All
models are estimated using the Python Biogeme package (Bierlaire, 2018). The estimation
results of each model are discussed next.

3.1 VT+IG model

Table 3 reports the estimation results of the VT+IG model, with the data used for estimation
having the following choice shares: 65 (Buy & earn), 169 (Buy & don’t earn), 134 (Keep &
earn), 45 (Sell), 249 (None). The initial and final log-likelihood values of the VT+IG model
estimation are -726.6 and -636.7. Rho-square and rho-square-bar are 0.124 and 0.094. The nest
coefficient is 1.93, which is significant at the 85% level using a one-tailed t-test (under the
hypothesis that the coefficient is greater than 1.0), confirming that the options that involve a
transaction are more closely related to each other than to the “None” option. In other words, an
MNL specification would not be appropriate.

Looking at the alternative-specific constants, all else being equal, respondents exhibit a
greater preference to buy a vehicle or keep the existing fleet over selling a vehicle. Respondents
from an auto-deficient household, i.e., a household where the number of vehicles is less than the
number of workers, show a stronger attraction toward increasing their household fleets than
respondents from a household with no auto deficiency. Respondents from a higher-income
household are more likely to choose “no transaction or income generation”, suggesting that their
existing fleets are enough to accommodate traveling to new jobs at transit-inaccessible locations.
The greater likelihood also suggests that income change will impact individuals from a lower-
income household more than individuals from a higher-income household, in terms of
maintaining their existing fleets. To gauge possible non-linear income effects, a specification
using the log transform of income in place of linear income is tested, but this creates a slightly
worse fit with rho-square-bar of 0.087. Respondents from households with children are more
willing to sell a vehicle than respondents from childless households. The preference to sell a
vehicle may reflect the constraints on discretionary income and available time for driving faced
by these households. A similar effect is tested but not significant for the “Buy & don’t earn”
option, suggesting that individuals in the survey who come from households with children find
their existing fleets to be sufficient.

Possession of an advanced degree is associated with a much lower interest in using a
household vehicle to generate income (“Buy & earn” and “Keep & earn”) than the “None” (i.e.,
do-nothing) and “Buy & don’t earn” options. This is likely due to the relatively high earnings
and limited available time from their professions. Additionally, currently enrolled PhD students
who already possess an advanced (Master’s) degree are likely dedicated to their studies and too
busy to pursue income earning activities with a household vehicle. Individuals with an advanced
degree also have a relatively low preference for selling an existing vehicle. In other words, these
respondents are more willing to withstand shocks in household income without resorting to
compensation from vehicle sale than respondents with less education. This might be related to
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their greater confidence in getting back to the initial income level or higher (through promotion
or job change) in the future.

Table 3. HHVO with sharing economy: VT+IG model estimation results

Variable Parameter t-statistic
Alternative-specific constants (base: None)
Buy & earn 2.00 1.04
Buy & don't earn 2.07 1.09
Keep & earn 0.869 2.50
Sell -0.084 -0.14
Household attributes
Auto Deficiency (base. no deficiency)
Buy & earn 0.871 2.88
Buy & don't earn 0.635 2.37
Household Income (in $100,000s)
Buy & earn -0.772 -2.50
Buy & don't earn -0.235 -0.76
Keep & earn -1.32 -3.24
Sell -1.47 -2.94
Presence of children/youth under 18 (base: no children)
Sell 0.482 2.09
Respondent attributes
Education level: advanced degree (base: college, high school, or lower)
Buy & earn -0.424 -1.64
Keep & earn -0.581 -2.29
Sell -0.214 -0.72
Student (base: non-student)
Buy & don't earn 0.638 2.24
Buy & earn, Keep & earn 0.340 1.70
Absolute change in household income (in $1,000s) (base: None)
Buy & earn 0.101 0.98
Buy & don't earn 0.113 1.10
Keep & earn 0.0301 1.99
Sell 0.0483 2.47
Change in household income > 0 (base: change is negative)
None 1.27 1.00
Nest coefficient 1.93 1.05

In contrast, students in general (most of whom did not possess advanced degrees) exhibit
relatively high interest in the buy and keep options, reflecting the strong desire of students to
own cars. The highest preference is for “Buy & don’t earn”, which again may be interpreted by
the fact that with schoolwork students may not have enough time to pursue income earning
activities. Therefore, the preference for “Buy & don’t earn” is greater than the two income
earning options. On the other hand, since students usually have fewer (or no) reliable cars and
less disposable income than working non-students, it is reasonable that students are interested in
both earning more and having a new or better vehicle.

The effect of an income change on vehicle transaction is explicitly investigated using two
variables. The first one is the “absolute change in household income” (magnitude of income
increase or decrease) variable. The other variable, termed “Change in household income > 07, is
a dummy variable that equals one when the income change is a gain and zero when the income
change is a loss. When income change is positive, an individual is more likely to choose “None”
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than another alternative, all else being equal. The “Absolute change in household income”
variable has different effects across the alternatives. Overall, each unit (in $1,000s) change in
household income has a greater effect on vehicle purchasing (“Buy & earn” and “Buy & don’t
earn”) than on the “Keep & earn”, “Sell”, and “None” options. This is partially attributed to the
SP experiment design in which a positive income change is accompanied by a job change that
requires a driving commute.

For an income decrease, respondents show the highest preference for selling a vehicle. The
next preferred response to an income decrease is the “Keep & earn” option. Both options are
preferred to the “None” option. The interest in the “Keep & earn” option is statistically highly
significant and demonstrates that income earning options that have emerged in the sharing
economy can affect vehicle transaction decisions of individuals. In particular, these results
indicate that when faced with an income loss in the sharing economy, some individuals would
keep their existing fleets and use a vehicle to earn income rather than selling the vehicle. In a
world lacking sharing economy options, individuals would probably choose to sell the vehicle
instead. This point is further explored in Section 5, which simulates vehicle ownership with and
without the sharing economy.

Two other considerations are examined in the estimation process: potential scale effects and
panel effects. Since the VT+IG model uses input data from two different survey questions, which
have different choice alternatives, the coefficients might have different scales or magnitudes. To
test this possibility, a scale factor is estimated for the VT+IG model. The estimated scale factor is
14.4 with a robust standard error of 66.8, indicating that the scale factor is not different from the
baseline scale (1.0) in terms of statistical significance. From this, we conclude that the scale
factor should not be used.

In addition, using multiple observations from each respondent means that the estimation
input is panel data, which could detrimentally affect model estimation. Specifically, the
assumption of independence across observations could be violated due to potential serial
correlation for each respondent, which would generate misleading estimates of the standard
errors of model parameters. Bierlaire (2014) outlines a random effects solution to investigate
serial correlation. We follow that approach. Specifically, we create a panel effects model by: 1)
introducing variables to represent the mean and standard deviation of each alternative-specific
constant (normalizing one constant to zero), and then 2) applying the Biogeme (Bierlaire, 2018)
PanelLikelihoodTrajectory function to re-estimate the NL model. In the panel effects model, the
overall model fit declines from 0.094 to 0.087. The standard deviation estimates are all
statistically insignificant, with robust p-values ranging from 0.235 to 0.919. With these results,
we conclude that serial correlation is not an issue in our NL model and that random constants are
not needed.

3.2 VT+IG+S/AYV model

The estimation results of the VT+IG+S/AV model are shown in Table 4. The estimation has
initial and final log-likelihood values of -577.8 and -505.0. Rho-square and rho-square-bar are
0.126 and 0.091. Unlike the VT+IG model, the VT+IG+S/AV model uses data from one choice
experiment for each respondent. Therefore, it is not necessary to consider a scale factor or panel
effects. The number of observations for each alternative in the input data are: 142 (CV-buy), 57
(AV-buy), 42 (AV-share work only), 44 (AV-share unrestricted), and 74 (None).
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Table 4. HHVO with sharing economy and vehicle automation:
VT+IG+S/AV model estimation results
Variable Parameter t-statistic
Alternative-specific constants (base: None)

CV-buy 1.16 3.14

AV-buy 0.0329 0.060

AV-share work only 0.033 0.050
AV-share unrestricted 0.199 0.42

Respondent attributes
Education level: advanced degree (base: college, high school, or lower)

AV-share work only 0.446 1.36
Student (base: Non-student)
AV-buy 1.22 3.90
Frequent use of drive mode (base: infrequent use)
CV-buy 0.39 1.28
None 0.601 1.59
Frequent use of ride with others (base: infrequent use)
None 0.329 1.18
Frequent use of transit (base: infrequent use)
AV-buy -0.767 -2.18
AV-share work only 1.29 3.18
AV-share unrestricted 0.496 1.37
Attributes of alternatives
Average wait time (minutes)
AV-share work only -0.0642 -0.94
Monthly cost (transformed)
Household income < $25,000
CV-buy or AV-buy -2.98 -2.76
AV-share work only -5.46 -1.98
AV-share unrestricted -2.15 -1.53
$25,000 <= Household income < $50,000
CV-buy or AV-buy -1.21 -1.80
AV-share work only -4.01 -2.33
AV-share unrestricted -1.23 -1.51
$50,000 <= Household income < $75,000
CV-buy or AV-buy -0.658 -0.87
AV-share work only -2.32 -1.74
AV-share unrestricted -1.26 -1.44
Monthly income potential ($1,000s): AV-buy
0.536 1.11

As shown by the alternative-specific constants, all else being equal, respondents most prefer
“CV-buy” and “AV-share unrestricted” options in the new job context. Possession of an
advanced degree is associated with greater interest in the “AV-share work only” option. A
student status is associated with greater interest in the “AV-buy” option. These suggest that: 1)
individuals with more education are more likely to be the initial adopters of AV technologies;
and 2) the concept of owning an AV is especially attractive among university students. For the
variables indicating the frequent use of modes, “frequent use” is defined as usage of once or
more per week. As shown in the table, individuals who currently drive frequently are more likely
to choose “CV-buy” and “None” options, suggesting that these individuals either have sufficient
fleets already or that if they add to their fleets then they will add an option they already use (CV).
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Both of these can be described as an inertia effect. Similarly, individuals who frequently get
rides from others prefer “None” to the other vehicle buying or sharing options. A possible
explanation is that these individuals are content with their current shared-ride experience, and do
not care about the specific vehicle technology adopted (rather, the person(s) who provides the
shared rides may care more). Frequent transit use, in contrast, is associated with relatively high
interest in the two “AV-share” options. Interest in “AV-share work only” is especially high
among these individuals, suggesting that these individuals prefer to switch to a transit-like option
rather than purchase a vehicle for commuting to the new job.

Increasing wait time is a deterrent to choosing “AV-share work only” but is only weakly
significant. In terms of the other two service quality parameters, the average percentages of
shared rides and detour time are tested but are not significant. This may be related to the
familiarity with transit service among individuals who choose ”AV-share ”” modes, meaning that
ridesharing and somewhat meandering routes are expected by these individuals. Monthly cost,
which is log transformed using log(1 + monthly cost (in $1,000s)), exhibits significant effects
across the three income ranges under $75,000, with greater effects for individuals from lower-
income households. The effect of monthly cost also varies by alternative. Individuals value
“(CV/AV) buy” and “AV-share unrestricted” more than the “AV-share work only” option. It
should be noted that both down payment and the absolute change in household income are tested,
but found to be insignificant. It is possible that individuals disregarded the down payment in the
stated context of increased income, which would cause these to be insignificant. Ultimately, the
“AV-share work only” option appears to be a service that would appeal mainly to a niche group
of individuals as described above (i.e., highly educated individuals who currently use transit
frequently).

Finally, of particular interest in the VT+IG+S/AV model is the positive coefficient for the
monthly income potential. The positive coefficient for the “AV-buy” option confirms earning
income as a motivation for buying AVs. The significance level of this coefficient is about 85%
based on a one-tailed t-test assuming that the actual value is positive (a reasonable assumption in
this case).

4 Simulations

This section describes simulations of the short-term change in the US household vehicle
population with and without the impacts of the sharing economy and vehicle automation. The
simulations of vehicle transaction decisions rely mainly on the estimated models from Section 3.
However, the models from Section 3 can only be applied in the context of sharing economy or
vehicle automation options. To produce a counterfactual estimate of short-term HHVO change
with no sharing economy or vehicle automation effects, alternative models are developed using
data collected from the Puget Sound region in 1989-2002 and discussed in 4.3. The alternative
models are applicable to modeling vehicle transaction decisions with no sharing economy or
vehicle automation options, since they are based on data that come from a time period when the
concepts of sharing economy and vehicle automation were not prevalent.

The simulations use three income-related events that are based on the SP choice contexts
used to develop the earlier models of Section 3 (i.e., job loss or distant new job that is
inaccessible by transit), and a fourth income-related event that covers all other household income
changes that are not consistent with the choice contexts from the survey (i.e., new job that is
accessible by transit). A fifth event is simulated which involves no change in income, but covers
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any other type of change in household circumstance, such as births, that may occur in the short
term and trigger vehicle transactions. Next, the magnitude and direction of change in income is
simulated for households for which a change in household income is simulated to occur. Vehicle
transactions that are made in the short term in response to the simulated event are then predicted
using the SP-based models and the alternative models (i.e., the models based on Puget Sound
data). The simulation models are subsequently applied to NHTS data to generate estimates of
aggregate US household vehicle ownership in three simulated scenarios.

4.1 Data

We apply the vehicle ownership models to the 2017 NHTS data (Federal Highway
Administration, 2017) to simulate nationwide HHVO in the US. The simulations use the primary
household respondent from the NHTS survey since only this person provides information on
her/his frequency of using different modes (walk, bike, car, bus, and train), which is important in
the VT+IG+S/AV model. The information is not collected for other household members. For
purposes of the analysis, the role of this person is considered to be the same as the survey
respondent (that is, this person makes a vehicle transaction decision).

The NHTS does not provide a weight to expand respondent-level data to the US vehicle
population. So, an adjustment factor, or weight, is created for this purpose as follows. First, the
person-level NHTS weights are applied to each person-level observation to estimate the initial
vehicle ownership of household to which the person belongs. The result is used to compute the
number of households in each HHVO category. We designate this quantity N¢, where N
represents the number of households, ¢ the HHVO category (0, 1, 2, ... vehicles) and i denotes
that this quantity is the initial estimate. The final weight is computed for each HHVO category ¢
by dividing the total weighted number of households with ¢ from the NHTS data (using the
household weights) by N.'. The weights are used to expand the results to estimate vehicle
ownership across all households in the US.

Additionally, the following household-level NHTS variables are used in the simulation:
HHSIZE (size), HHVEHCNT (number of vehicles), HHFAMINC (income), NUMADLT
(number of adults), WRKCOUNT (number of workers), and DRVRCNT (number of drivers).
Student status, which only includes higher education in our model due to our focus on adults
ages 18 and over, is not available for the simulation since the NHTS collects this information
only for persons under 18 years old. So, it is not used in the simulation.

Note that the NHTS data do not include information on whether a household member
currently uses a household vehicle for income earning. The value of this binary variable (i.e.,
whether an individual uses a household vehicle for income earning) is predicted by a simple
binary logit model estimated using our survey data. For the binary logit model, the deterministic
portion of the utility of using a household vehicle to earn income is estimated as:

Vearn = —17.3 + 14.6 X (Household has 1 worker) + 15.3 X (Household has 2 or more workers)
— 0.011 X (Household income in $100K) + 0.49 X (Household has 1 or more kids under 18)

+ 0.25 X (Number of household vehicles)

By applying this model to the NHTS data (after creating the necessary explanatory variables
for the utility expression using the variables HHSIZE, HHVEHCNT, HHFAMINC, NUMADLT,
and WRKCOUNT), it is estimated that 5.1% of households use at least one vehicle for earning
income.
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4.2 Simulation setup

The simulations performed consider the change in household vehicle fleet among the NHTS
population that results from income change events in a short term (Fig. 4). Let V}, o denote the
baseline HHVO for household h at the beginning. We use Monte Carlo simulation to generate
such events based on modeled distributions derived from the Puget Sound data. For purposes of
the simulation, “short term” here means about 1-2 years, since panels in the Puget Sound data are
between one and two years apart. Let e; denote an income change event, where E is the set of
income change events. Five events are considered. Thus, E = {e;, e, €3, €4, €5}

e Event 1 (e;): income decrease;

e Event 2 (e;): income increase due to a new job which is greater than 15 miles away
from home and not accessible by transit;

e Event 3 (e3): income increase due to a new job which is between one and 15 miles
away from home and not accessible by transit;

e Event4 (e,): income increase due to a new job that is within one mile of home and/or
accessible by transit; and

e Event 5 (e5): no income change.

The amount of income change that occurs for the first four events, (AI NC he; |ei), i=1.234,is
predicted (Section 4.3). The resulting distribution of the simulated income changes following
events 1-4 in the NHTS data is shown in Fig. 5. With the income changes, we simulate the
vehicle transaction response (Rj, ¢, |e;) of the household to the stimulating event. We use Vj, ; to
denote the predicted, short-term HHVO of household h after responding to the simulated income
change event.

The alternative models for estimating vehicle transaction use arc elasticities of vehicle
transaction with respect to household income. Arc elasticities are estimated using the Puget
Sound data and are specific to each type of the above income changing events. Each model is
applied by multiplying the event-specific arc elasticity with the simulated income change.

With the simulated income change events, three vehicle transaction simulations are
performed:

e Simulation 1: Vehicle ownership without sharing economy.

e Simulation 2: Vehicle ownership in a sharing economy.

e Simulation 3: Vehicle ownership in a sharing economy with AV options.

The three simulations rely on different means for estimating vehicle transactions, as shown
in Table 5. For event 4, since the new job is within one mile of home and/or accessible by transit,

which is different from our choice experiment context, neither the VT+1G nor VG+IG+S/AV
model should be used. Therefore, arc elasticities are used.
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Fig. 4. General framework for simulating vehicle transaction responses due to
income change events over a short term.
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Fig. 5. Frequency distribution of simulated income changes in the NHTS data
when Events 1-3 are simulated.

Table 5. Summary of vehicle ownership models and their use during the simulation

Household [Vehicle ownership model used in:
income event Simulation 1 Simulation 2 Simulation 3
Event 1 Arec elasticity for Event 1 |VT+IG model VT+IG+S/AV model
Event 2 Arec elasticity for Event 2 [VT+1G model VT+IG+S/AV model
Event 3 Arc elasticity for Event 3 [VT+IG model VT+IG+S/AV model
Event 4 Arc elasticity for Event 4 |Arc elasticity for Event 4 |Arc elasticity for Event 4
Event 5 Arc elasticity for Event 5 | Arc elasticity for Event 5 |Arc elasticity for Event 5

4.3 Analysis of Puget Sound data to develop additional simulation models

As mentioned before, survey data for the Puget Sound region in the state of Washington,

collected by the Puget Sound Council of Governments (now the Puget Sound Regional Council)

(Murakami and Watterson, 1990), are used to develop three models for the simulation:
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1. A probabilistic model of (discrete) household income change events;

2. A probabilistic model of the (continuous) change in household income that occurs when
a household experiences an income change event;

3. A model that predicts vehicle transaction decisions by households in response to
changes in household income absent the sharing economy and vehicle automation.

The rest of Section 4.3 describes the Puget Sound data and how the data are used to develop
these three models for the simulation. Next, Section 4.4 describes the application of each of the
three models. Fig. 4 and Table 5 serve to guide the reader in understanding each model and its
place in the simulation setup.

The Puget Sound data provide information on household income changes, HHVO changes,
job changes, and other changes, in 1989, 1990, 1992, 1993, 1994, 1996, 1997, 1999, 2000 and
2002. The analysis here focuses on changes between data collection years (1989-1990, 1990-
1992, etc.). The associated data contain about 7,700 households. For simplicity, the current
analysis ignores potential autocorrelation as well as life-cycle effects, such as retiring, under the
assumption that households do not move residences in the short-term. These factors may be
addressed in follow-up work.

The probabilistic model of household income change events predicts the probability that
each event type occurs in the short term. For a household, exactly one event is simulated. This
process is necessary because households experience various vehicle transaction-triggering events
at different times and frequencies. The simulation is based on a probability mass function (pmf)
of job and income change events relevant to this analysis, which is constructed using the Puget
Sound data as shown in Fig. 6.

Events that “match” the two SP contexts in our survey are simulated along with events that
are not consistent with the SP contexts, such as the event of a new job that is accessible by
transit. The matching events from the Puget Sound data are identified based on the following
criteria. A decrease in household income between two consecutive panels is treated as a “match”
to the income decrease context in our SP survey. An increase in household income between two
consecutive panels that is accompanied by (1) a change in workplace location and (2) the new
workplace being greater than one mile from home and not located in downtown Seattle is treated
as a “match” to the income increase context in our SP survey. The workplace location criteria are
based on the fact that downtown Seattle has good transit accessibility and the observation that
personal auto dominates work mode share in other cases. The pmf also includes an event that
involves an increase in income that does not meet these criteria. Finally, the “No change/Other”
category covers households that have no income changes.

In the event of income change, the amount of income increase or decrease then is simulated
based on observed distributions from the Puget Sound data. The Puget Sound data are used to
develop probabilistic models of absolute change in income that is associated with each event
(Fig. 7). Lognormal and exponential distributions are explored for events that correspond to the
SP scenarios. Akaike’s Information Criterion (AIC) is used to compare the relative strength of fit
for the two distributions. The AIC for the lognormal (exponential) fit is -256.5 (348.2). Lower
AIC indicates a better fit, therefore lognormal is a better fit than exponential for this distribution.
Consequently, lognormal distributions are adopted, and Monte Carlo draws are used to simulate
income changes for all events that have an income change. Since the draw generates an absolute
change in percentage, the drawn number is converted to a negative in the case of an income loss
event.
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Finally, the model that predicts vehicle transaction decisions is developed based on arc
elasticities with respect to household income derived from the Puget Sound data, as shown in
Table 6. These elasticities are in line with the literature (e.g., Goodwin et al., 2003; Litman,
2019). We note that the elasticity with respect to income decrease is quite low (0.012) in times of
economic upturn (1993-2000), and much greater (0.27) in times of economic downturn. One
possible explanation is that in times of significant macroeconomic declines, households are more
likely to shed vehicles, while in times of broad economic health households have more optimism
and tend to maintain their fleets. Assuming that the economy will be in a major downturn in
three out of the next ten years, the elasticity associated with a major economic downturn is
applied randomly to 30% of the households that will suffer an income decrease. For the
remaining households with an income decrease, the upturn rate of 0.012 is applied.

For events that do not match one of the SP contexts, a net of 1.7% of households undergo a
gain of one vehicle and 0.7% had a gain of two. Other gains and losses are observed but not
worth modeling since these details would effectively cancel each other out when the results are
aggregated across the population.

Table 6. Arc elasticities derived from Puget Sound data

Population-level elasticities of HHVO with respect to household income

Households with income increase & SP Context 1 (>=15 mi) 0.23
Households with income increase & SP Context 2 (1-15 mi) 0.15
Households with income increase, Non-SP Context 0.46
Households with income decrease
- major downturn (based on 2000-2002 data) 0.27
- economic upturn (based on 1993-2000 data) 0.012

4.4 Simulations 1 and 2: without and with sharing economy

In a simulation, each household experiences one of the five income change events.
Household events are simulated using Monte Carlo draws and the observed probabilities as
shown in Fig. 6. The arc elasticities and the other rates (1.7% (0.7%) for a gain of 1 (2) vehicles)
are applied to predict response to the event for Simulation 1 (base case), while the VT+IG model
is applied in Simulation 2 to replace the base case results for households with events that match
an SP Context. The results are shown in Table 7. HHVO indicates the number of vehicles in a
household in the base year. For a given HHVO category, HH under “Base Year” indicates the
number of households in the NHTS data that have the number of vehicles as HHVO. HHV under
“Base Year” is the total number of household vehicles in the corresponding category, equal to
HHVO times HH (though the displayed numbers are not exact due to rounding errors).
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Table 7. Results from Simulations 1 and 2

Category | Base Year Simulatio.n 1 Simulati.on 2
(w/o sharing economy) (w/ sharing economy)
0 10,567 0 565 0.05 1,281 0.12
1 39,648 | 39,648 41,803 1.05 44,298 1.12
2 39,125 | 78,250 80,429 2.06 82,565 2.11
3 17,598 52,794 53,754 3.05 54,727 3.11
4 7,194 | 28,776 29,163 4.05 29,574 4.11
5 2,579 12,896 13,030 5.05 13,182 5.11
6 848 5,089 5,132 6.05 5,159 6.08
7 378 2,646 2,664 7.05 2,683 7.10
8 130 1,040 1,047 8.05 1,056 8.13
9 62 554 558 9.07 558 9.05
10 26 262 264 10.07 264 10.08
11 21 230 232 11.10 232 11.12
12 33 393 394 12.03 397 12.12
Total 118,208 | 222,579 229,036 235,977
% increase over Base Year: 2.9% 6.0%

* All counts of households and vehicle population are in 1,000s.
"' HH is the number of households corresponding to each Base Year HHVO level.
2HHV is the total number of vehicles owned by households from each Base Year HHVO category.

For simulation 1 (without sharing economy), we find the total number of household vehicles
would increase from 222,579 to 229,036, or a 2.9% increase. This rate is comparable to the 2.8%
historical average annual increase (1950-2016) (Oak Ridge National Laboratory, 2019). For
simulation 2, which considers a sharing economy and uses the VT+IG model, a 6% growth in
household vehicle ownership is found, which provides strong evidence that the population of
household vehicles will increase more when the vehicles can be used for income earning under
sharing economy. It should be noted that the projected growth is based on SP data, and therefore
should be interpreted conservatively. Furthermore, the share of households that use a vehicle to
earn income is predicted to grow from 5.1% of households to about 7-8% as the adoption of the
sharing economy paradigm continues in the transportation system. While this percentage does
not consider attrition, which is high for certain types of labor (McGee, 2017), the percentage
nevertheless suggests that many individuals will continue to consider the income generation
potential of vehicles when experiencing events that lead to vehicle transaction decisions.
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Simulation 3: with sharing economy and vehicle automation

Table 8 reports vehicle ownership results from Simulation 3, which is with sharing economy
and AVs. The results are also compared with the Base Year. Two differences from Table 7 are
worth noting. First, the scenario results are delineated by the Analysis of Owned Vehicles, which
includes both CVs and AVs, and the Analysis of Vehicle Sharing that focuses on predicted SAV
use. Second, total new household vehicles (HHV (before reduction)) is the sum of CVs and AVs
that are predicted to be purchased. Recalling that choice experiment 4 asks respondents who
currently own one or more CVs and choose AV/SAV options about CV disposal, the ownership
estimate is further refined to account for the CV disposal effect. The disposal rate comes directly
from choice experiment 4. On average, individuals who choose AV or SAV in the survey
indicate that their households would dispose of 0.3 vehicles from the existing fleet. The disposal
rate is applied to the household of each individual that is predicted to choose AV or SAV, to
compute a reduction in the number of household vehicles owned (HHV reduction).

As is shown at the bottom of Table 8, before accounting for HHV reduction, it is estimated
that total vehicle population would increase by 5.9%, which is similar to the result under the
sharing economy scenario. Based on this simulation analysis, it is reasonable to attribute this
increase to a combination of sharing economy impacts and people’s interest in AV adoption. On
the other hand, when vehicle disposal with AV/SAYV is considered, the total vehicle population is
predicted to increase by 5.5% instead of 5.9%, which is in line with previous findings of reduced
aggregate HHVO due to AV/SAV use (Fagnant and Kockelman, 2014; Auld et al., 2018).

As a final note, since the main goal of this paper is to understand the directionality and
approximate magnitude of the sharing economy and vehicle automation impacts, calibration and
validation are not considered essential at this point. Undertaking calibration and validation are
expected, in this case, to lead to the same general conclusions that the sharing economy and
vehicle automation would increase HHVO compared to a world without them. Nevertheless, it is
worth mentioning that the magnitude of the simulation estimations should be interpreted with
this caveat in mind.

5 Conclusions

This study hypothesizes that the sharing economy has led many individuals to consider the
potential of earning income using household vehicles when making household vehicle ownership
decisions. To this end, using data collected from an original survey, two discrete choice models
are developed to reveal the various factors that influence vehicle ownership decisions. These
models investigate vehicle investment decisions from different perspectives. The first is the
propensity for vehicle transaction resulting from changes in income. The second is vehicle
ownership choice in the advent of autonomous vehicles and shared autonomous mobility
services.

The estimation results yield several interesting insights. Foremost, income earning potential
is confirmed to stimulate vehicle ownership. If household income were decreased, some
individuals would prefer to keep their fleets and use a vehicle to earn income rather than to sell a
vehicle. If household income were increased, the potential for extra income generation would
inspire some individuals to purchase a vehicle. Income generation potential of household-owned
AV likewise influences individuals to own an AV over owning a CV or using SAV.
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Table 8. Results from Simulation 3

g((:)?;e- Base Year Simulation 3 (w/ sharing economy and vehicle automation)

Analysis of Owned Vehicles glllljrll}r]l sgis of Vehicle Y afier

HHVO | HH™ | HHV® | HHV (before reduction) | HH: join | HHV reduction

CV + AV AV Only | reduction | SAV reduction

0 10,567 0 1,008 154 98 - 1,008

1 39,648 39,648 43,913 571 -171 252 -75 43,666

2 39,125 78,250 82,686 607 -182 347 -104 82,399

3 17,598 52,794 54,829 300 -90 163 -49 54,690

4 7,194 28,776 29,609 128 -38 66 -20 29,550

5 2,579 12,896 13,193 48 -14 25 -1.5 13,171

6 848 5,089 5,175 11 -33 7.4 -2.2 5,169

7 378 2,646 2,686 9 -2.6 2.2 -0.66 2,682

8 130 1,040 1,058 2 -.6 0.93 -0.28 1,057

9 62 554 560 - - 560

10 26 262 266 - - 266

11 21 230 233 - - 233

12 33 393 396 1 -3 - - 396

Total 118,208 | 222,579 235,611 1,831 -503 962 -259 234,849

% increase over Base Year: 5.9% 5.5%

* All counts of household and vehicle population are in 1,000s.
"' HH is the number of households corresponding to each Base Year HHVO level.
2HHV is the total number of vehicles owned by households from each Base Year HHVO category.

The estimated models are also used to assess the impact of the sharing economy and vehicle
automation on short-term vehicle ownership at the national level. We find that in the sharing
economy, household vehicle ownership levels are higher than they otherwise would be without
such options available. Further, the sharing economy along with the options of owning or sharing
AVs would lead to higher vehicle ownership levels than a future without these options. The
findings suggest that additional economic and policy interventions would be needed if reduced
vehicle ownership is the desired outcome in the presence of the sharing economy and vehicle
automation.

While an increasing consensus is emerging that human mobility is heading toward a shared,
autonomous future, almost no attention has been paid so far to the implications for vehicle
ownership due to the new opportunities for using owned vehicles to generate extra income for
households. This research shows a promising beginning toward understanding this overlooked
issue. Future work can be extended in a few directions. First, the models developed in this paper
can be further refined with the collection and incorporation of land use information, which
influences vehicle ownership decisions and may someday be affected by the expansion of
autonomous vehicle use. Second, as ridesourcing has become commonplace in society and
mobility services provided by shared autonomous vehicles are rapidly developing, conducting
revealed preference (RP) surveys and combining SP with RP data for further model development
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could lead to improved estimates of the model coefficients. Third, a longitudinal survey that
follows a panel of households over the next several years would provide rich data to improve
these models and other models that predict the impacts of technological innovations on vehicle
ownership and the transportation system. Finally, data from the earnings preference questions in
the survey currently are being explored by us to jointly examine earning potential and vehicle
transactions. The results may yield further insights about vehicle ownership with sharing
economy and vehicle automation effects.
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Appendix A: Survey instrument

. YOUR TRAVEL HABITS (in this year)
In the town where you live, how often did you (circle one for each):

Onceamonthor Aboutoncea Morethanonce

Drive yourself Never
less week aweek

Onceamonthor Aboutoncea Morethanonce

Get rides from family and friends Never
less week aweek

Onceamonthor Aboutoncea Morethanonce

Ride-source (Uber, Lyft, etc. Never

less week aweek

" Onceamonth or Aboutoncea Morethanonce
Useataxi Never
less week aweek

Onceamonth or Aboutoncea Morethanonce
Car-share (e.g., I-GO Never
less week aweek

. . Onceamonthor Aboutoncea Morethanonce
Use public transportation Never

less week aweek
Onceamonthor Aboutoncea Morethanonce
Walk Never
less week aweek
. Onceamonthor Aboutoncea Morethanonce
ike Never

less week aweek

Do you (check all that apply):

O Workat home
O Workat 1+job locations>-> How far do you commute to work (in miles): 00-2 02.1-5 05.1-10 oOver 10
O Workasadriver
O Attend school >>->->->->  How far do you commute to school (in miles): 00-2 02.1-5 05.1-10 oOver 10
O Noneoftheabove
How many vehicles does your household have that Does your household earn income using any of
are: these vehicles?
____ Owned by ahousehold member O Yes, by transporting passengers
___ Owned by aleasing company O Yes, by transporting goods
___ Owned by an employer O VYes, for service or sales
O No

I. YOUR MOST RECENT VEHICLE TRANSACTION
When did your household most recently acquire and/or get rid of a vehicle (check one)?
02018 02017 02016 02015 02014 02013 02012 02011 02010(or earlier)
oN/A-1've never had a vehicle<SKIP TO Section I11.>

Please checkall actions done at this time:
[OBought avehicle [IStarted new lease OGained access to an employer vehicle for personal trips
[Sold a vehicle [CEnded alease OLost access to an employer vehicle for personal trips

How many miles each week were you driving the employer
vehicle for personal trips?

At this time, what else was happeningin your life? Check all that apply.

[ORelationship or household [Ostarted working somewhere OMy household income INCREASED ( please
changes. else. check by how much):
OMoved to a different . oS$1- 05$2,000- 035,000
X Oi was carsharing more.
neighborhood. $1,999 $4,999 or more
Ol was using Uber/Lyft more. [l was carsharing less. OOMy household income DECREASED ( please
[OReplaced aging vehicle. check by how much):
051- 052,000- 055,000
Oother s 4 s
$1,999 $4,999 or more

lil. VEHICLE CHOICES IN THE FUTURE

Assuming you decided to make money with your vehicle, which option below would you prefer?

Your hourl
OPTION Hourly pay |Hours per week When our hourly
expenses
O Rent it out to other drivers 8 0to 16 Evenings & weekends s1
when you're not using it
O Deliver food $20 20 0r 40 ) Evenings & weekends none
(your choice)

O Ridesource : pick up Peak: $36 Peak: Weekdays 6-9 AM & 4-7 PM,
passengers and drive them 0to 40 Fri/Sat 1-2:30 AM $4
around town Offpeak: $18 Offpeak: all other times
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Imagine that it is2019. The economy isin arecession. Your household's annual income is 20% less than today. Which of the following

options would you choose?

o Earn extraincome with a household vehicle. >How many hours a week would you use it to make money?

-> If you chose Ridesource , how many hours would you work in the Peak?
o Sell (or end lease) a household vehicle > how much would you save each month? 0$1-5249 0$250-$499 0$500+

oNoneoftheabove.

o N/A-l don't have a car now.

Now imagine: It is 2019 and you have a great new job. It pays $15,000 more than you currently earn. The job is 15 miles away. It
cannot be reached by transit. Which of the following options would you choose?
0 Buy or lease a new vehicle AND useit to earn income ->How many hours aweek would you use it to make money?

-> If you chose Ridesource , how many hours would you workin the Peak? ____

o Buy or lease a new vehicle AND do not useit to earn income.
o Neither of the above:

IV. AUTONOMOUS VEHICLE (AV) CHOICES IN THE FUTURE

More about AVs: For the following questions, assume that AVs are completely safe. AVs can drive

themselves around to drop off and pick up passengers upon request; this would include rides for anyone

you authorize (if you own the vehicle). The AV will park itself at no additional cost.

As in the previous question, it is 2019 and you are deciding how to commute to your new job. Which option would you

choose?
Earnin, Average Wait
3 Monthly .g g Percent of Rides Shared &
Option Upfront Cost Potential Time
Payment ) Average Detour for You
(monthly) (Minutes)
o Buy Conventional Vehicle $2,500 $500 Yes - -
o Buy AV $10,000 $500 $250 - -
o Join AV sharing service: get B 4500 : 10 25%, 5 minutes
rides to & from work
0 Join AV sharing service: _ $1,000 R 10 25%, 5 minutes
unlimited rides
o None of the above

If you chose to use AVs above , would you then:
o Sell (or end lease of) ONE of your household vehicles
o Sell (or end lease of) ALL of your household vehicles

IV.ABOUT YOUR HOUSEHOLD

Your age: Your gender:
018-24 025-34 035-49 oFemale oMale
050-64 065+ oOther/decline to answer

Number of people in your
household: your household:
0l 02 03 04 o5+ o0 ol o2+

Ages of youth in your household (check all that

Number of licensed drivers in

o Keep your current household vehicle(s)
o Other

Your education level:

oHigh school or below

OAssociate or bachelor degree
oAdvanced degree (MS, PhD, JD, etc.)

Number of workers in your
household:
o0 ol o2+

apply): Type of home you live in:

[J0-5 years old [J12-17 years old
[J6-11 years old [ONone oCondo

oApartment oTownhome/rowhome

oSingle-family house

Please provide your address OR nearest
intersection with city, state and zip:

Your annual household income:

oless than $10,000 0$30,000 to $39,999
0$10,000 to $19,999 0$40,000 to $49,999
0$20,000 to $29,999 0$50,000 to $59,999

0$60,000 to $74,999
0$75,000 to $99,999
0$100,000 or more

If the government offered incentives for Avs, which one would most influence you to purchase an AV?
OAVs are permitted to own a dedicated parking space.
OAVs get reduced purchasing tax, license plate and renewal fees oA government subsidy for buying an AV.

OAVs are exempt from tolls.

V. INCENTIVE. thank you! Please leave your email address for a chance to win one of three

$10 gift cards to Starbucks.
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Appendix B: Additional descriptive statistics

This appendix presents some additional descriptive statistics of the data. First, pair plots of
the frequency of using different modes, including driving, riding, ridesourcing, transit, and
nonmotorized modes, are shown in Fig. Al. Taxi and carshare are not presented as they are used
much less frequently than those modes. In A1, a function is applied to each point to slightly shift
it away from the actual point so that a pseudo-density can be envisioned (Wilke, 2019).
Abbreviations in the figure are: fdrv = frequency of driving, fride = frequency of getting a ride
(from a family member or a friend), frsource = frequency of ridesourcing (such as Lyft or Uber),
fxit = frequency of transit, and fnonmot = frequency of nonmotorized modes. The responses are
categorical, with 4 = more than once a week, 3 = about once a week, 2 = once a month or less,
and 1 = never.

Fig. A1 shows a broad and balanced range of travel habits among surveyed individuals.
Some interesting observations can be gained. For example, individuals who drive more than once
a week (category 4) tend to get a ride or take ridesourcing less frequently, only once per month
or never. Low frequency of getting a ride is typically associated with rare use of ridesourcing.
For driving, high frequency does not clearly connect with the frequency of taking transit or
nonmotorized modes. But the usage frequencies of transit and nonmotorized modes are strongly
correlated.

10 20 30 40 10 20 30 40 10 20 30 40 10 20 30 40 10 20 30 40
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Fig. A1. Frequency of using various modes.

Fig. A2 shows the frequency distributions of some sociodemographic characteristics. The
sample is almost evenly split between females and males (Fig. A2-A). Most respondents have an
Associate degree or higher education level (Fig. A2-B). Further analysis shows that the
remaining 10% is evenly split between current college students and those who are not enrolled in
college. A broad range of household sizes is captured (Fig. A2-C). Most respondents come from
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households with multiple workers (Fig. A2-D). Households both with and without children are
well represented (Fig. A2-E). The survey also has a good representation of students and non-
students (Fig. A2-F). About 10% of the respondents come from households with one or more
vehicles used for income generation purposes (Fig. A2-G). The charted percentage of
respondents by income level (Fig. A2-H) shows that about half of the respondents earn more
than $75,000. Finally, the age distribution is skewed toward younger people (Fig. A2-I). The age
distribution is in line with the share of student respondents.
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Fig. A2. Sociodemographic characteristics of sample.

Fig. A3 shows the commute distances to work and school among respondents in the sample.
The reported home-to-work distance (Fig. A3-A) appears farther than the home-to-school
distance (Fig. A3-B).

30



Accepted in Transportation Letters

A
0.31
>
[8)
c
()
=
o
d 0.2
[
(0]
>
®
[} J
y .
0.0
0-2miles  2.1-5miles 5.1-10 miles Over 10 miles
Home to Work Distance
B
_ 0.3
Q
c
(]
3
O
L 0.2
L
[0]
>
®
Q 4
2 o1
0.0

0-2miles  2.1-5miles 5.1-10 miles Over 10 miles
Home to School Distance
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Appendix C: Model sensitivity

This appendix presents and discusses the sensitivity of the VT+IG model to variations in a
key explanatory variable (change in income). The differences in response to income change in
the VT+IG+S/AV model by household income segment is also presented.

Fig. A4 shows the sensitivity of the VT+IG model prediction to income change. As seen in
this figure and noted in Section 3, based on the model results, individuals are much more likely
to make some change in fleet or vehicle use (in comparison with None) when the income change
is positive than when the income change is negative. In income loss scenarios, however, most
persons will choose None, suggesting that individuals may optimistically believe that their
households will soon recover the lost income level and therefore see no need to change their
fleets or work habits. It is important to remember that in the case of a positive income change,
the context of the SP question centered around a new job that could not be reached by transit.
Therefore, it is expected that the VT+IG model coefficients will generate relatively high rates of
vehicle purchases (as discussed in Section 3) for individuals in this circumstance.

100% A

75% 1 N
Choice
H Neither

50% - Buy & Don't Earn

’ [ | Buy & Earn Income

B Keep & Earn Income
B sel

25%-IIII
0%

-20-15-10-5 5 10 15 20
Income Change ($1,000s)

Fig. A4. Sensitivity of VT+IG choice to change in income.

These outcomes provide behavioral evidence that the sharing economy impacts vehicle
transaction decisions. Two phenomena are especially worth mentioning. First, the potential to
earn income incentivizes individuals to purchase a vehicle. Based on the model prediction, a
relatively large number of individuals (about 20% to 25%) would both purchase a new vehicle
and use it to earn income. This is quite notable considering that in the context of the SP questions
individuals would already be enjoying higher incomes due to a new job. Second, the potential to
earn income makes it easier for individuals to keep the existing fleet even in times of income loss
— this figure shows that in times of income loss, the behavioral response involves a reluctance to
part with vehicles. Individuals expressed a greater preference to earn income with a vehicle
rather than sell it in these situations. Together, these behavioral effects imply that vehicle
ownership levels in the sharing economy will either stay the same or increase, all else equal, in
comparison with vehicle ownership levels in a non-sharing economy.

Fig. AS portrays the predicted market shares by the VT+IG+S/AV model for various
household income levels. The estimates are based on an annual household income increase of

32



O N KW~

10
11
12
13

14

Accepted in Transportation Letters

$5,000. As with the VT+IG model, the SP context involved a distant new job with an income
increase; therefore, the share of individuals that either buy a new vehicle or join an AV-share
program as expected is relatively high. The preference of “None” (no change in fleet) is greatest
for low-income household and diminishes with increasing income. This may reflect the
preference of low-income households to spend the new extra income on other things besides
transportation. Also, as income increases, the interest in AV-share options increases. This may
reflect the willingness of wealthier individuals to experiment with new modes.

100%

75%

@
3
©
£
2
?;‘, Choice
% AVshareUnlim
8 50% AVshareWork
£ buyAV
[&] buyConv
& no change
8 25%
c
[«h]
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Fig. AS. Variation in vehicle transaction choice by household income level in a futuristic
context.
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