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ABSTRACT OF THE DISSERTATION 
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According to the California Air Resources Board (CARB, 2020), light-duty vehicles are 

responsible for 13 percent of statewide NOx emissions and 28 percent of statewide 

greenhouse gas emissions. Scientists, policymakers, and car manufacturers have been 

striving to reduce the air pollution and greenhouse gas emissions from the transportation 

sector using various measures, ranging from cleaner engines to alternatives to driving to 

reduce VMT. In this dissertation, I focus on a subset of these measures: carsharing 

programs and Battery Electric Vehicles (BEVs).  

In the first part of this dissertation, I explore the profile of households engaging in 

carsharing by estimating zero-inflated negative binomial (ZINB) models on data from the 

2017 National Household Travel Survey (NHTS). My results show that households who are 

more likely to carshare are those who participate in other forms of sharing, have more 

Silent generation members, are less educated (the highest educational achievement is a 

high school degree), and have fewer vehicles than drivers. Conversely, households with 

more young adults (18 – 20 years old), with 2 or more adults and no children, take part in 
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carsharing program less often. Moreover, households who took more part in ridesharing 

and have fewer vehicles than drivers are less likely to never carshare. Furthermore, 

households whose annual income between $75,000 and $150,000 are more likely to never 

carshare. 

In the second part of this dissertation, I concentrate on the adoption of BEVs. More 

specifically, I focus on two questions: 1) What are the characteristics of households who 

own battery electric vehicles (BEVs)?; and 2) Does the travel behavior of these households 

differ from the travel of households who have motor vehicles but not BEVs? To answer 

those questions, I characterize three groups of households based on their vehicle holdings: 

BEV-only, BEV+ (i.e., households with both one or more BEV and at least one conventional 

vehicle), and non-BEV households. I analyze data from the 2017 NHTS using mixed 

methods. Results show that BEV households are more likely to be Asian, well-educated, 

with a higher income and to live in higher population and employment density areas. 

Furthermore, BEV-only households are more likely to be composed of one adult (not 

retired) with fewer Baby Boomers. Yet, BEV+ households are more likely to be larger 

households with 2 or more adults. Also, BEV+ households are more likely to have more 

Generation X (37-52 years old in 2017) and Z members (20 years old or younger in 2017). 

They are also more likely to own their home. My analysis on gender (at the individual level) 

concluded that BEV owners are more likely to be men. Furthermore, I find that BEV 

households travel as much as non-BEV households. 

Although carsharing and BEVs could substantially decrease the environmental 

footprint of transportation, they are currently far from mainstream. To promote carsharing 

programs, their reach could be extended, they could be made more affordable, while 
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increasing the cost of owning and operating private vehicles. Similarly, state and federal 

governments could continue to provide financial incentives to lower the purchase price 

difference between conventional and BE vehicles, manufacturers could provide extended 

warranties on batteries, and the charging infrastructure needs to be developed in order to 

attract more customers.  

The Covid-19 crisis is giving governments around the world an opportunity to 

invest in clean technologies to jumpstart the economy. It is critical to take advantage of this 

crisis to reduce air pollution and greenhouse gas emissions from transportation for the 

good of current and future generations. 
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Chapter 1 Introduction 

 

The California legislature has adopted ambitious goals to reduce the state’s greenhouse gas (GHG) 

emissions.  Starting in 2006, Assembly Bill (AB) 32 aimed at reducing GHG emissions to the 1990 

level by 2020. In 2017, AB 398 set a new 2030 target of reducing by 40% below 1990 levels.  

California Executive Order B-55-18 signed in September 2018 by Governor Brown took the 

further step of achieving carbon neutrality by 2045.  Achieving these goals will require substantial 

efforts from all sectors of the economy. For transportation, it entails reducing vehicles miles 

traveled, stimulating the use of public transportation and active modes, and replacing vehicles 

powered by internal combustion engines with hybrid or battery electric vehicles.  

In this context, my dissertation examines three questions: 1) What are the characteristics 

of carsharing users? 2) Who are the adopters of hybrid (HEVs) and battery electric (BEVs) 

vehicles? and 3) How differently do households with BEVs travel compared to households who 

only have conventional vehicles. 

Carsharing is a variation of car rental, but more convenient. Compared to traditional car 

rental, carsharing saves time when getting a car and it can meet the demand for short-term rentals 

(down to 30 minutes). Once users register their information online, they can directly go to their 

allocated vehicle and drive away. Carsharing programs charge by the hour or sometimes by 

minutes. Returning a vehicle is also simple, and so is the paying process, which relies on smart 

phones. Carsharing programs provide self-serving services. Users can book, find, unlock, and 

return vehicles by themselves. Some carsharing programs allow users to return the vehicle to a 

different spot other than where they pick up. In sum, carsharing offer more flexibility than 

traditional rental car services. As a product of a sharing economy, carsharing has become 
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increasingly popular in the US. From 2006 to 2016, the number of carsharing members in North 

American grew from 118,560 to 1,837,854, while the number of carsharing vehicles increased 

from 3,337 to 26,691 in the U.S. To understand this trend, the 2017 National Household Travel 

Survey (NHTS) added a question about carsharing, which I analyze in this dissertation to 

understand the characteristics of households who rely on carsharing. As the carsharing market 

been developed further in recent years, the public are more familiar with this travel model. Table 

1 summarizes major carsharing programs in the U.S. and several local carsharing programs 

between 2000 and 2018. Those programs cover major cities that offer carsharing services. 

Interestingly, more than half of US car clubs now offer electric vehicles (EVs), further benefiting 

the environment.  

 

Table 1 Carsharing Programs in the US (2000-2018) 

Start Year Program Name Operation Locations Vehicle Type 

2000 Zipcar  Major cities in 46 states Sedans, SUVs, Hybrids, 

Luxuries, Cargo Vans 

2005 Enterprise Carshare 16 major cities and many 

college campus 

Sedans, SUVs, Hybrids, 

Luxuries, Pickups & Cargo 

vans, and EVs 

2010 Car2go  Austin, Columbus, Denver, 

NYC, Portland, Seattle, 

Washington DC 

Sedans, SUVs, and EVs 

2016 Maven Ann Arbor, Chicago, Detroit, 

Los Angeles, NYC, San 

Francisco, Washington DC 

Compacts, Sedans, SUVs, and 

EVs 

2017 Envoy 13 communities in Southern 

California 

EVs 

2017 Gig Carshare Oakland, Berkeley, Alameda, 

and Albany (Bay area) 

EVs 

2017 Capital Carshare Troy and Albany (NY) Sedans 

2018 BlueLA Los Angeles EVs 

2018 Uhaul Carshare Major cities in 19 states Sedans, SUVs, Hybrids, 

Luxuries, Pickups & Cargo 

vans 
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 Although electric vehicles have been around for over a century, they have only become 

popular again with progress in battery technology and government incentives.  In this dissertation, 

I distinguish between three types of electric vehicles: hybrid electric vehicles (HEVs), plug-in 

hybrid electric vehicles (PHEVs), and battery electric vehicles (BEVs). A HEV has an electric 

drive system and battery in addition to a conventional internal combustion engine (ICE), and its 

driving energy comes from liquid fuel. A PHEV is an HEV that can be plugged in, so its energy 

comes from either its battery or from liquid fuel. Finally, a BEV must rely entirely on electric 

motors for its propulsion, so its operation does not release any greenhouse gas (GHG) or air 

pollutant, with the exception of some particulate matter from its brakes and its tires wear. Although 

all electric vehicles have the potential for creating a more sustainable future, BEVs contribute the 

most. The main focus of the second part of this dissertation is on BEV users and their travel. To 

understand the characteristics of BEV uses and how their travel differs from the travel of 

households who rely only on conventional vehicles, I contrast three groups of NHTS respondents 

based on their vehicle holdings: BEV-only households, BEV+ households (who have both BEVs 

and conventional vehicles) and non-BEV households.  

The remainder of the dissertation is organized as follows. Chapter 2 summarizes selected 

papers about carsharing’s history, benefits, user perception, and users’ characteristics, as well as 

the characteristics of electric vehicle users. Chapter 3 describes the data process and variables 

used for carsharing and BEV adoptions. Chapter 4 present the methodologies for carsharing and 

BEV adoptions. In Chapter 5, results are discussed. Finally, Chapter 6 presents my conclusions, 

briefly discusses some limitations of my work, and suggests avenue for future research.



 

Chapter 2 Literature review 

 

In this chapter, I first summarize selected recent papers on the history, benefits, user 

perceptions, and user characteristics of carsharing. In Section 2.2, I then review selected 

studies that aim at characterizing the households who own electric vehicles (EVs). I also 

looked for analyses of the travel behavior of households with EVs in refereed journals, but 

I was not able to find any at the time this dissertation was written. 

 

2.1 Carsharing programs 

One of the earliest carsharing programs, Sefage, was created in Europe back in 1948.  Its 

aim was to provide a car for those who could not afford buying a car but wanted to use one 

once in a while (Harms & Truffer, 1998). Similar organizations sporadically appeared in 

Europe during the decades that followed. Starting in the 1990s, car sharing became 

increasingly popular in United States, Canada, and western European countries. Nowadays, 

both nationwide and local carsharing programs can be found in the US. Nationwide 

carsharing programs, such as Zipcar and Uhaul Carshare, are present in major cities in 

many states. Local ones, such as Capital Carshare and Envoy, only focus on a small area 

or a selected group of people. 

With the continuing growth of carsharing programs, researchers have drawn 

attention to their impacts not only on the living environment but also on people’s lifestyle. 

Carsharing has the potential of reducing vehicle miles traveled and the number of vehicles 

owned by households (Cervero et al, 2007). According to Cervero et al., members of City 

CarShare, a San Francisco, Bay area (California) carsharing firm, reduced their VMT and 
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their fuel consumption faster than non-members between 2001 and 2005. Moreover, 

members of carsharing programs are more likely to shed a vehicle than non-members. 

Similarly, after conducting a survey on users of carsharing programs in North America, 

Martin and Shaheen found that most households who participate in carsharing programs 

reduced the number of cars they own and drive less compared to before they started 

carsharing, by an average of 27%, which led to a reduction in greenhouse gas emissions 

(Martin & Shaheen, 2011). The VMT reduction of carsharing member was confirmed by 

Sioui et al. Furthermore, carsharing members have a higher level of acceptance of 

alternative fuel vehicles (Sioui et al, 2012). 

To understand people’s willingness to use carsharing services, several scholars 

have conducted surveys, but most of this work has been in Chinese cities. One exception 

is a survey conducted in Austin, Texas, which showed that 13.2% of Austinies are willing 

to join the carsharing plan offered by Austin CarShare (Zhou & Kockelman, 2011). The 

authors found that more local people would likely join CarShare if Austin CarShare could 

lower the costs and shorten the time to access reserved vehicles.  

One early example of survey of carsharing users in a foreign counties is Shaheen 

& Martin’s intercept survey in Beijing in 2006  (Shaheen & Martin, 2006). They report 

that 25% of their respondents are highly interested in car-sharing, and that interest increases 

with income and education. Results from a mail survey conducted in Shanghai by Wang et 

al. confirm the widespread interest for car-sharing in Chinese cities (Wang et al., 2012). 

Their study shows that while interest in car-sharing rises with education, it decreases with 

age and income (younger people are more interested). Furthermore, those who use the 

metro to shop are more likely to use car-sharing than people who rely on taxis. This study 

also points out that neighborhood car-sharing might not be broadly accepted due to the 
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popularity of taxis in China because taxis are convenient and do not require a knowledge 

of driving. 

Some recent research has shown that the interest for carsharing depends on socio-

economic characteristics of potential users.  On one hand, individuals with different socio-

demographic characteristics act variously when they choose their trip mode. Prieto et al. 

analyzed the impact of various socio-demographic variables on carsharing usage in 

London, Madrid, Paris, and Tokyo (Prieto et al., 2017). They reported that socio-

demographic variables, such as home location, gender, age and education, play an 

important role in people’s decision related to the usage of carsharing programs. On the 

other hand, home location alters a person’s decision to use carsharing programs. A resident 

who lives in a higher-density urban neighborhood with good walking, cycling and public-

transit services is more likely to take part in carsharing (Litman, 2000).  There are also 

differences between early and late adopters of carsharing in terms of household 

characteristics. Namazu et al. examined the importance of household characteristic on the 

adoption of carsharing using data from a survey of residents in 110 apartment buildings in 

Metro Vancouver, Canada (Namazu et al., 2018). They concluded that people who live in 

households with more elder members, more unemployed members, or more cars are less 

likely to use carsharing. 

Findings from the papers reviewed above show that individual and household 

socio-economic characteristic impact the use of carsharing programs in different contexts. 

As also noted above, few studies have analyzed the characteristics of people who engage 

in carsharing in the US. This study starts filling this gap by analyzing data from the 2017 

National Household Travel Survey (NHTS). 
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2.2 Electric vehicle ownership 

According to the International Energy Agency (IEA), only 2.6% of global car sales 

currently are EVs (IEA, 2020). Since EVs are still relatively uncommon, most of the 

literature relied on stated preference methods (Axsen et al., 2016; Glerum et al., 2011; 

Lieven, et al., 2011; Sovacool, et al., 2018) or questionnaires (Hardman & Tal, 2016; 

Priessner et al., 2018) to predict potential buyers, although a few papers analyzed actual 

user data (Farkas, et al., 2018; Tal & Nicholas, 2014; Tal, Nicholas et al., 2013) to 

characterize EV owners. 

As indicated in Coffman et al., since EVs have only been available relatively 

recently, their market data are limited. Hence the existence of an “attitude-action gap,” i.e., 

differences between what consumers say and what they actually do (Coffman et al., 2017). 

Axsen et al. (2016) compared the socio-demographic characteristics of potential buyers 

and pioneers who owned a plug-in battery electric vehicle (PEV) in 2015 using data from 

the Canadian Plug-in Electric Vehicle Study. They found that early adopters are more 

likely to have higher income and education levels compared to the general population.  

They are also more likely to be middle-aged and male. Moreover, their household is more 

likely to have multiple vehicles, and to have access to charging equipment at home. 

Most published papers focus on countries or areas outside of the US, and especially 

on Europe.  Plötz & Gnann (Plötz & Gnann, 2013) explored who should buy EVs based 

on a German driving behavior dataset. They reported that potential EV users are likely to 

be full or part time employees who live in small to medium cities. A study in Nordic 

countries concluded that middle-aged (30-45) men with a higher educational attainment in 

full time employment were most likely to buy EVs (Sovacool et al., 2018). While Plötz & 

Gnann (2013) and Sovacool et al. (2018) found a significant relationship between socio-
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demographic variables and EV ownership, Priessner et al. (Priessner et al., 2018) reported 

low explanatory power for socio-demographic variables such as gender, age, education and 

income in their Austrian study. Likewise, Sierzchula et al. (2014) reported that socio-

demographic variables were not a significant indicator of EV adoption in their 2012 study 

of EV ownership in 30 countries. The authors pointed out that socio-demographic data 

might be more suited to predict adoption at the national scale. Although those foreign 

studies provide useful information, their results may not apply to the US. Unfortunately, 

only a small number of studies explore EV ownership and use in the US (Farkas et al., 

2018; Tal & Nicholas, 2014; Tal et al., 2013). 

Tal et al. (2013) contrasted the characteristics of California PEV (plug-in electric 

vehicle) owners with the characteristics of the California population using data from the 

2009 national household travel survey (NHTS). They found that PEV households had a 

higher level of hybrid ownership and tended to buy more new cars. Moreover, Tal & 

Nicolas (2014) reported that PEV households differ from households who only own 

internal combustion engine vehicles (ICEV). For instance, PEV households have a higher 

income, more education, and they typically own more new cars. Similarly, a 2016 online 

survey of 1,257 EV owners in Maryland (Farkas et al., 2018) concluded that EV owners 

generally have higher household incomes, are better educated, and tend to be older than 

the general population. They also found that environmental concerns were the main reason 

for purchasing and driving an EV. 

Overall, published studies of the characteristics of EV owners usually consider EV 

households as one homogeneous group. There are some exceptions, however. For example, 

Hardman & Tal (2016) explored high-end battery electric vehicle (BEV) ownership in 

California based on interviews of 33 Tesla (high-end BEV) owners. Unsurprisingly, people 
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with more education and higher incomes were willing to purchase high-end BEVs. Their 

motivations include the high performance, high technology, and lower environmental 

impacts of those vehicles.  

As of this writing, I could not find any study that compared the characteristics of 

households who have BEVs with characteristics of households with only conventional 

vehicles, or that contrasted the travel of EV-only households with the travel of the general 

population. 

For the similar reason that EVs is relatively new and uncommon, studies focus on 

travel behavior of EV owners using real-life data are also limited. Shin et al. (2019) 

examined the influencing factors on EV owners’ purchasing using driving behavior 

variables such as commuting distance. This study is based on a survey for registered PHEV 

and BEV owners in Maryland form May 2015 to February 2016. They found that those EV 

owners who had longer commuted in Maryland were more concerned about the price and 

stated issues of the EV as well as the efficiency and performance of the EV. Also, EV 

owners who were elder and well-educated drive less. Other research of EV owners’ travel 

behavior is related to charging behavior. For example, Tal et al. (2014)  found that BEV 

the electric vehicle miles traveled for small-battery EVs are lower than which for longer-

range EVs. It is not only because of the battery size difference, but also because of public 

charging availability and charging behavior. But, in this dissertation the underlining 

reasons for various travel behavior is beyond scope. 

 



 

Chapter 3 Data 

 

In Chapter 3, I describe the data cleaning process and variables used for carsharing and 

BEV adoptions. Both studies utilized 2017 National Household Travel Survey. This survey 

has been conducted by the Federal Highway Administration (FHWA) at irregular intervals 

every 5 to 10 years for nearly half a century. 

Over time, the sampling method used to collect NHTS data has been changing with 

American’s use of telephone technologies. Instead of using a sample of potential residential 

telephone numbers to recruit survey respondents, as was done for previous NHTS surveys, 

the 2017 NHTS used address-based sampling because the percentage of U.S. cellphone 

only households exceeded 50.8 percent in 2016 (CDC, 2017).  As a result, the consultant 

working on the 2017 NHTS for the FHWA relied on an address-based sample frame to 

capture the large group of cellphones-only households but also to better reach minority 

households. 

 

3.1 Data for the carsharing study 

 

To characterize users of carsharing programs, I analyzed data from the 2017 NHTS. For 

the 2017 NHTS, 129,696 households were interviewed in all 50 States and the District of 

Columbia. it contains a wealth of information. In addition to detailed information about the 

respondents’ households, their vehicles, and their travel, the 2017 NHTS has data about 

sharing collected from questions about “ridesharing”, “carsharing”, and “bikesharing”. The 

“rideshare” data were collected by asking respondents how many times they purchased a 
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ride with a smartphone rideshare app (e.g., Uber, Lyft, or Sidecar) in the past 30 days. The 

definition of rideshare is ambiguous. NHTS calls the instance of purchasing a ride using 

smartphone app ridesharing, while in other cases as known as “ride-hailing”. In this 

dissertation, I follow the NHTS’s definition. Likewise, the “carsharing” question asked the 

number of times a respondent used a carsharing service (e.g., Zipcar or Car2go) in the past 

30 days.  Finally, the survey asked the number of times a respondent used a bikeshare 

program in the past 30 days.  Answers to these questions allowed me to characterize who 

was using carsharing programs in 2017 in the US. 

The 2017 NHTS data are organized in four files that focus respectively on 

households, persons, vehicles, and trips on the survey day assigned to each household.  For 

this study, I relied mostly on variables in the person and household files.  Since people in 

the same household often rely on each other to travel or share the same vehicle(s), the 

analysis presented herein is conducted at the household level. 

To explain participation in carsharing programs, I first selected socio-demographic 

and home location variables likely to impact carsharing: age, ethnicity, household 

structure, education level, household income, household lifecycle, vehicle and house 

ownership, working status, and some basic land use variables around a respondent’s 

residence. I also included information about other forms of sharing (bikesharing and 

ridesharing), with the assumption that people who engage in these forms of sharing would 

be more likely to participate in carsharing programs. Variables in my model can be grouped 

into 4 categories: socio-demographic, vehicle and home ownership, sharing program 

usage, and land use.  In the rest of this chapter, I explain how these variables were created 

after describing my dependent variable. 
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3.1.1 Dependent variable 

Data for my dependent variable come from the 2017 NHTS question that asks about the 

frequency of use of carsharing programs. From the NHTS dataset, we see that one 

respondent used carsharing 90 times in the past 30 days, which corresponds to 3 times a 

day on average.  Five other people relied on carsharing more than once a day. Preliminary 

analyses indicated that these 4 observations are influential (i.e., their presence in the dataset 

substantially changes the results). Therefore, for my final dataset I decided to drop those 

households with the extreme observations. Figure 1 shows the sample sizes of carsharing 

users before and after the data cleaning process by the monthly carsharing usage.  

 

Figure 1 Sample Size of Carsharing Users before and after Data Cleaning 

 

3.1.2 Explanatory variables 
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Household structure and generation of the household members are likely to play a role in 

the adoption of carsharing (Namazu & Dowlatabadi, 2018; Namazu et al., 2018).  I 

therefore created a generation variable that counts the number of adult household members 

from different generations using definitions from the Pew research center (“The 

generations defined”, 2020): Silent (72 to 95 years old in 2017), Baby Boomer (53 to 71 

years old in 2017), Generation X (37 to 52 years old in 2017), Generation Y (21 to 36 years 

old in 2017), and Generation Z (5 to 20 years old in 2017). Because carshare programs 

usually require permanent driver’s license (at least 18 years old) for members (e.g. 

Enterprise Carshare and Zipcar), only household member over 18 years old are taken into account.   

It is well-known that the structure of a household (e.g., the presence of children) 

has an impact on travel (Bhat & Guo, 2007; Feng et al., 2013; Strathman et al., 1994), so 

it also likely matters for carsharing. To capture household structure, I relied on the 

following 2017 NHTS variables: 1 adult; 2 or more adults; 1 adult with at least 1 child; 2 

adults with at least 1 child; 1 retired adult; 2 or more retired adults. 

Given the history of systemic discrimination in the US, race may also impact 

carsharing.  Instead of relying on the race of the head of household as defined by the 2017 

NHTS, I created a household race variable and required that all household members be of 

the same race to be assigned a specific label; households who do not meet this criterion 

were labeled “multiple races.”  As a result, my model has 4 race categories: White, Black 

or African American, Asian, and multiple races. In addition, I created a binary variable for 

Hispanic status of the household based on a self-reporting NHTS question.  

To reflect the education level in the household, I coded the highest educational 

attainment among all household adults. Categories of the educational attainment includes 
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1) less than a high school graduate degree; 2) high school graduate or GED; 3) some college 

or associates degree; 4) bachelor’s degree; 5) graduate degree or professional degree. 

Household income likely also matters. In the original NHTS dataset, household 

annual income is divided into 11 categories. For simplicity, I collapsed these into 4 levels: 

1) less than $24,999; 2) $25,000 to $74,999; 3; $75,000 to $149,999; and 4) more than 

$150,000. 

 

Home and vehicle ownership 

Property ownership variables focus on vehicle and house owned by a household. I created 

two dummy variables. The first one equals 1 if a household has no vehicle and 0 otherwise.  

The second one equals 1 if a household has more drivers than vehicles. Before estimating 

my models, I expected households without vehicles or with more drivers than vehicles to 

be more likely to engage in carsharing. 

 

Other sharing variables 

I assume that people who engage in other forms of sharing such as bikesharing and 

ridesharing would be more likely to participate in carhsaring, so I created two variables to 

reflect these activities at the household level. “Bikeshare” counts bikeshainge program 

usage in the past 30 days in the housheold. Similarly, “rideshare” indicates the number of 

times of a rideshare App was used in the past 30 days in the household. 

In this model bikeshare and rideshare are taken as exogenous. Fishman et al. (2014) 

studies the factors which affect people’s memberships of bikesharing programs. They use 

age, gender, distance between home and work, living within 500m of a docking station, 
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annual income, car ownership, free car park at work, and number of family/friends who are 

bike share members to explain bikeshare. Dias et al. (2017) find age, gender, has a 

smartphone, has a valid driver’s license, residential density, annual household income, 

education level, employment status, single person household, has children in household, 

and household vehicle count has influence for use carsharing and ride-sourcing services. 

However, variables such as living within 500m of a docking station and free car park at 

work are not available in NHTS 2017. It becomes the obstacle to explain bikeshare in this 

content of study. It is also difficult to explain carshare, bikeshare, and rideshare at the same 

time. 

 

Location variables 

Since travel is impacted by land use, I relied on available NHTS variables to try to capture 

salient features of the land use around the respondents’ residence. Two variables were 

included in my models: 1) population density (persons per square mile) in the census block 

group of the household’s home location; and 2) if a household’s main residence is in an 

urban area, in an urban cluster, in an area surrounded by urban areas, or not in urban area.  

Although carsharing programs are now available in most of the US, not all US households 

had access to carsharing in 2017. To account for this limitation, in my sample I kept only 

households who live in CBSAs (core based statistical areas) where at least one person 

partook in carsharing.  

 

3.1.3 Summary 
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The data cleaning process eliminated 5 households with extreme carshare usages, 6,331 

households with missing data, and 74,556 households out of the CBSAs where no 

carsharing took place. As a result, the initial sample of 129,696 households shrank to 

52,436 households. Summary statistics are presented in Table 2. 

 

Table 2 Variable Description and Summary Statistics 

Variables Mean  Std. Dev. Min Max 

Sharing programs usage     
    Carshare 0.05 0.73 0 60 

    Bikeshare 0.11 1.77 0 99 

    Rideshare 1.00 3.77 0 145 

Socio-demographic     

    Numbers of household members from different generations: 

        WWII generation (72 – 95 years old) 0.25 0.55 0 4 

        Baby Boomer generation (53 – 71 years old) 0.70 0.80 0 5 

        X generation (37 – 71 years old) 0.44 0.71 0 5 

        Y generation (21 – 36 years old) 0.36 0.68 0 6 

        Z generation (18 – 20 years old) 0.32 0.74 0 8 

    Household structure:     

        1 adult, no children 0.20 0.40 0 1 

        2+ adults, no children 0.23 0.42 0 1 

        1 adult, some children 0.03 0.18 0 1 

        2+ adult, some children 0.21 0.40 0 1 

        1 retired adult, no children 0.12 0.33 0 1 

        2+ retired adults, no children 0.21 0.41 0 1 

   Household race:     

        White household 0.77 0.42 0 1 

        Black or African American household 0.08 0.27 0 1 

        Asian household 0.06 0.24 0 1 

        Other race household 0.02 0.15 0 1 

        Multiple race household 0.07 0.25 0 1 

   Hispanic status 0.09 0.29 0 1 

   Highest educational attainment in the household:     

        Less than high school graduate 0.01 0.12 0 1 

        High school graduate or GED 0.10 0.29 0 1 

        Some college or associates degree 0.24 0.43 0 1 

        Bachelor’s degree 0.30 0.46 0 1 

        Graduate degree or professional degree 0.35 0.48 0 1 

    Annual household income:     

        less than $24,999 0.15 0.35 0 1 

        $25,000 to $74,999 0.35 0.48 0 1 
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        $75,000 to $149,999 0.33 0.47 0 1 

        $150,000 or more 0.17 0.38 0 1 

Vehicle and house ownership     

    Number of vehicles owned  1.90 1.11 0 12 

    1 if the household owns at least 1 vehicle 0.95 0.22 0 1 

    1 if more drivers than vehicles in the household 0.09 0.29 0 1 

    1 if the household owns home 0.74 0.44 0 1 

Land use     

    Urban classifications:     

        In an urban area 0.88 0.33 0 1 

        In an urban cluster 0.04 0.19 0 1 

        In an area surrounded by urban areas 0.00 0.03 0 1 

        Not in urban area 0.09 0.28 0 1 

    Population density in census tract of home location:     

        0-99 persons per square mile 0.03 0.17 0 1 

        100-499 0.10 0.31 0 1 

        500-999 0.07 0.26 0 1 

        1000-1999 0.13 0.33 0 1 

        2000-3999 0.23 0.42 0 1 

        4000-9999 0.32 0.47 0 1 

        10000-24999 0.09 0.28 0 1 

        25000 or more 0.03 0.18 0 1 

 

Before estimating my model, I checked for multicollinearity using variance inflation 

factors (VIF). VIF is an indicator of excessive collinearity between explanatory variables 

(Mansfield & Helms, 1982). The common advice of VIF cutoff is less than 10 (Abu-Bader, 

2016), which is used for multicollinearity check in this model. I found that the maximum 

variance inflation factors (VIF) is 5.95, which indicates there is no multicollinearity 

between my explanatory variables. 



18 
 

3.2 Data for BEV study 

This section summarizes the procedure I followed to clean the NHTS dataset to construct 

the variables I used to characterize BEV users and their travel. I focus first on vehicle 

ownership, then household characteristics, and, finally, on household travel behavior. 

 

3.2.1 Vehicle Data 

The focus of this research is on 4-wheel, on-road battery-electric vehicles (BEVs). To 

confirm the accuracy of the BEV information in the NHTS dataset, I reviewed the 

information on vehicle body type, year, and make and model. If necessary, revisions were 

made to the dataset. An overview of vehicle data cleansing steps is shown in Figure 2. 
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Figure 2 Summary of BEV data cleansing steps and results 

 

Step 1: Review vehicle fuel type 

In the NHTS vehicle dataset, vehicles are categorized into three categories based 

on their fuel type: 1) gasoline; 2) diesel; and 3) hybrid, electric or alternative fuel. From 

there, hybrid, electric, or alternative fuel vehicles are split into four subgroups: biodiesel, 

plug-in hybrid, electric, and hybrid. I identified a total of 607 vehicles coded as BEVs in 

the NHTS dataset. 

 

Step 1: Review NHTS vehicle dataset 
where fuel type = "electric"

607 vehicles identified

Step 2: Constrain dataset to EV model 
years 2011-2017

500 vehicles identified

Step 3: Review vehicle body type 
based on Dept. of Energy EV data

461 vehicles identified

Step 4: Review vehicle make and 
model

432 vehicles identified

Step 5: Review NHTS vehicle dataset 
for any known EV make/model where 

fuel type was incorrectly coded 

449 vehicles identified
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Step 2: Vehicle year 

To ensure consistency and accuracy of the analysis, I constrained the dataset to 

contain only BEVs available for sale in the US from model year 2011 through model year 

2017 (see Table 3) based on information from the US Department of Energy (Department 

of Energy, 2020). After reviewing the initial subset of BEVs, I identified 107 pre-2011 

vehicles coded as BEVs that I flagged. The households owning these vehicles were 

removed from the final working dataset. It is important to note that most of these vehicles 

were unlikely to be BEVs: some were listed with make/model and/or vehicle body type 

that did not conform to any known BEVs, and other observations were missing key 

make/body characteristics. After this stage, 500 BEVs were left. 

 

Step 3: Vehicle body type 

According to the US Department of Energy, from 2011 to 2017, the following body 

types were available for BEVs in the US: car/two-seater/station wagon, SUV and van 

(Table 3). However, the NHTS dataset included some BEVs with other body types, 

including “other truck” (not pickup truck), RV, motorcycle/motorbike, and something else. 

Because this research focuses on 4-wheel BEVs, battery motorcycles were removed from 

the working dataset. Additional investigations of vehicles’ makes and models revealed 

additional inaccurate data. For example, one BEV recorded as a van was described to be a 

Nissan Leaf. In this case, I changed this vehicle’s body type from van to 

automobile/car/station wagon and retained it in the working dataset. Second, since I do not 

know the makes and models for the respondent-claimed BEVs whose body types are other 

truck and RV, I flagged them and removed the households who own the vehicles from the 
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dataset. Last, among the 21 respondent-claimed BEVs whose body type is “something 

else”, I could only identify a Kawasaki and a Yamaha, which are not vehicles as defined 

in Table 3. I also flagged them and removed these households from the working dataset. 

Table 4 shows the original frequency of vehicle body types recorded in the NHTS and the 

adjusted frequency after changing the vehicle type or fuel type of the detected non-BEV 

observations and dropping or reclassifying vehicles missing key information. After 

cleaning vehicle type, the total number of BEVs in the dataset dropped to 461 vehicles. 

 

Step 4: Review vehicle make and model 

Among the 461 BEVs identified after Step 3, I found several non-BEVs such as 

Ford Fusion, Lincoln MKZ, Chevrolet Volt, BMW 1-Series, Honda Accord, Porsche 

Boxster, Toyota Camry, and Toyota Prius. Since the focus of this analysis is only BEVs 

(excluding vehicles that may have a limited all-electric range before switching to gas 

operation such as the Chevrolet Volt) those vehicles were reclassified as non-BEVs. In 

addition, vehicles listed as BEVs, but with unknown makes were flagged and the 

corresponding households were removed from the working dataset. After this step, my 

sample had a total of 432 BEVs. 

 

Step 5: Identify BEVs not coded as a BEV in the NHTS dataset 

Next, I compared vehicles not coded as electric in the NHTS dataset against the list 

of available BEVs on the market from 2011 to 2017 (Table 3) in case any had incorrectly 

coded fuel types. I identified several vehicles incorrectly coded as non-BEV. Due to 

limitations in how the NHTS lists available vehicle makes and models for respondents to 
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select, I could only check for improperly-coded Tesla and Nissan Leaf vehicles. I identified 

eight Tesla vehicles and nine Nissan Leaf vehicles and added them to the sample of BEVs, 

for a total of 449 BEVs. Table 5 summarizes the make, model, and frequency (in the US 

and in California) of all the BEVs in the dataset. 

  



Table 3 BEVs available for sale in the U.S., by make, model and body type for model year 2011 through 2017 

Make Model Body Type 2011 2012 2013 2014 2015 2016 2017 

Azure Dynamics Transit connect Van  ×      

BMW Activ E Car ×       

 i3 Car    × × × × 

BYD e6 SUV  × × ×  × × 

Chevrolet Bolt Station 

Wagon 

      × 

 Spark Car    × × ×  

CODA CODA Car  × ×     

Fiat 500e Car   × × × × × 

Ford Focus Car  × × × × × × 

Honda Clarity Car       × 

 Fit Station 

Wagon 

  × ×    

Hyundai Ioniq Car       × 

Kia Soul Station 

Wagon 

    × × × 

Mercedes-Benz B-class Car    × × × × 

Mitsubishi i-MiEV Car  × × ×  × × 

Nissan Leaf Car × × × × × × × 

Scion iQ Car   ×     

Smart fortwo Car × × × × × × × 

Tesla Model S Car  × × × × × × 

 Model X Car      × × 

 Model 3 Car       × 

 Roadster Car ×       

Toyota RAV4 SUV  × × ×    

Volkswagen e-Golf Car     × × × 

Note: “×” indicates that the vehicle was available in that year 

Source: U.S. Department of Energy (https://www.energy.gov/eere/electricvehicles/find-electric-vehicle-models) 



Table 4 Original and adjust frequency of vehicle types of BEVs 

Vehicle Type Original 

Frequency 

Adjusted Frequency 

Automobile/car/station wagon 448 449 

Van (mini/cargo/passenger) 1 0 

SUV 12 12 

Pickup truck 0 0 

Other truck 1 0 

RV 1 0 

Motorcycle/motorbike 16 0 

Something else 21 0 

   

Total BEVs 500 461 

 

Table 5 BEV make, model and frequencies 

Make (Model) US Freq. CA Freq. 

BMW (Active E, i3) 24 13 

Chevrolet (Bolt, Spark) 21 20 

Fiat (500e) 29 29 

Ford (Focus) 6 5 

Honda (Clarity, Fit) 4 3 

Kia (Soul) 5 3 

Mercedes Benz (B-class) 6 3 

Mitsubishi (i-MiEV) 5 3 

Nissan/Datsun (Leaf) 191 94 

Smart (Fortwo) 11 7 

Tesla (Model X, Model S, Model 3, Roadster) 128 80 

Toyota (RAV4) 5 4 

Volkswagen (e-Golf) 14 13 

  

Total 449 277 

 

 

3.2.2 Household Socio-Economic and Demographic Characteristics 

I considered a number of characteristics including age, household size and composition, 

racial and ethnic makeup of the household, income, education, home ownership, number 

of drivers in the household compared to the number of vehicles, employment status within 

the household, as well as population and employment densities at the Census tract level. 
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The variables were drawn from the NHTS, although in some cases I modified them to 

simplify my models. 

Age has been shown to be an influential factor in some studies on EV ownership 

(Axsen et al., 2016; Farkas et al., 2018; Sovacool et al., 2018). My analysis is at the 

household level, so to capture the influence of age, I created a set of variables based on the 

number of adult members from different generations within a household. Since the decision 

to purchase a vehicle is usually made by adults, I did not include the count of household 

members under 18 in the household-level analysis. I defined the different generations based 

on the age of the individual in 2017 as follows (Pew Reserch Center, 2020): 

1. Silent Generation, born before 1945, age 72+ in 2017 

2. Baby Boomers, born 1946-1964, age 53-71 in 2017 

3. Generation X, born 1965-1980, age 37-52 in 2017 

4. Generation Y (also, known as Millennials), born 1981-1996, age 21-36 in 2017 

5. Generation Z, born after 1996, age 18-20 

 Household size, as well as composition, may affect the household’s vehicle 

ownership as well as how they are used. Household size is the total number of people in 

the household; household composition makes use of a variable from the NHTS called “life 

cycle.” Life cycle captures household composition based on the number of adults, retirees, 

and children in different age categories within the household. Since the age of a 

household’s child(ren) is not important for this analysis, I simplified the life cycle 

categories into the following 6 groups: 

1. 1 adult (not retired), no children 

2. 1 adult (retired or not), with children 

3. 2+ adults (not retired), no children 
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4. 2+ adults (retired or not), with children 

5. 1 retired adult, no children 

6. 2+ retired adults, no children 

I considered race and ethnicity in two different ways. For ethnicity, I first looked at 

the ethnicity for each member of a household. If multiple ethnicities were present, I coded 

the household as a multiracial household. If all household members were of the same 

ethnicity, I assigned the household to that racial group (e.g. Asian, Black, White). I also 

looked at the race of the head of household only and used that information to categorize all 

of the households in the working dataset. Since there was no difference in the modeling 

results, I used this latter approach for the analyses presented in this dissertation. Similarly, 

I used the head of household’s Hispanic status to denote whether a household is Hispanic 

or not. 

Income has been shown to be an important predictor of EV ownership (Axsen et 

al., 2016; Farkas et al., 2018; Tal & Nicholas, 2014). In the original NHTS dataset, 

household annual income is divided into 11 categories. To simplify the models, I 

aggregated categories into 5 levels:  

1. Less than $25,000 

2. $25,000 to $49,999 

3. $50,000 to $74,999 

4. $75,000 to $124,999 

5. $125,000 or more  

As for household income, education attainment is another influential factor in EV 

studies (Axsen et al., 2016; Farkas et al., 2018; Sovacool et al., 2018; Tal & Nicholas, 

2014). I derived a new variable that represents the highest education level within the 
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household based on the personal educational attainment captured in the NHTS. The various 

education levels are: high school or less; some college or associate’s degree; bachelor’s 

degree; and graduate or professional degree. 

Since owning a home has been shown to correlate with EV ownership, I included 

whether the household owns or rents their home as a binary variable in this analysis. 

I also considered the relationship between the number of vehicles and the number 

of licensed drivers in the household. I created a binary variable that indicates whether a 

household is a car-deficit household where there are fewer vehicles than licensed drivers. 

To assess the influence of employment, I included the number of workers in a 

household, drawn from NHTS data. A worker, as defined by the NHTS, is an individual 

over 15 years of age who, in the week prior to taking the survey, was working for pay or 

was temporarily absent from a job. 

 

3.2.3 Land Use Variables 

I used population density and employment density of the home location as land use 

variables in my models. Households are categorized into eight groups according to 

population density (persons per square mile) in the census tract of the household’s home 

location: 

1. 0-99 persons per square mile  

2. 100-499 persons per square mile  

3. 500-999 persons per square mile  

4. 1,000-1,999 persons per square mile  

5. 2,000-3,999 persons per square mile  

6. 4,000-9,999 persons per square mile  

7. 10,000-24,999 persons per square mile  
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8. 25,000 or more persons per square mile  

Similarly, based on the workers per square mile in the census tract of the 

household’s home location, households are categorized into eight groups for employment 

density: 

1. 0-49 workers per square mile 

2. 50-99 workers per square mile 

3. 100-249 workers per square mile 

4. 250-499 workers per square mile 

5. 500-999 workers per square mile 

6. 1,000-1,999 workers per square mile 

7. 2,000-4,999 workers per square mile 

8. 5,000 or more workers per square mile. 

The original NHTS dataset includes observations with missing information. For 

example, the respondent’s age or race is unknown. Since the number of unknown 

observations is very small, I remove those observations from the dataset. After the data 

cleaning process, I had 124,709 households in the household characteristic dataset. 

 

3.2.4 Travel Behavior 

In this dissertation, I compare travel behavior of BEV owners to non-BEV owners for trips 

using their household vehicles as well as trips using all modes including not only household 

vehicles but also walking, biking, golf carts, motorcycles, RVs, taxis, rideshares, rental 

cars, transit, and other surface transportation modes. The variables I examined to study 

travel behavior are number of trips, trip duration, trip distance, and trip propose. Trips were 

divided into weekday trips and weekend trips since travel behavior for these two time 
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periods may be different. The following describes the approach taken to clean the dataset 

prior to the analysis. 

 

Daily number of trips 

To clean the dataset for daily trips, I first looked for duplicate trips. For household 

vehicle trips, two trips are duplicate if they have the same start time, end time, and vehicle 

ID for members of the same households. Duplicate trips usually occur when one household 

member drives the household vehicle and other household members are passengers. To 

remove duplicate trips, I first removed trips for which the respondent is a passenger and 

the driver is a household member. However, I kept passenger trips if the driver is not a 

household member. Any remaining duplicate trips were removed from the sample. In this 

way, I kept the driver and removed passengers for duplicate trips. For trips not taken in the 

household’s personal vehicles, I retained all duplicate trips. For example, if two household 

members each use transit for the same duration/period, I considered these two trips.  

 

Trip duration 

Trip duration (in minutes) was calculated based on the start and end times for each 

trip based on data in the NHTS trip dataset. I flagged all trips with zero or negative travel 

time for any mode and removed them from the working dataset. 

 

Trip distance 

Trip distance (in miles) was included in the NHTS trip dataset. This variable is 

derived from route geometry returned by Google Maps API using a shortest path algorithm, 

or from reported loop-trip distance. In reviewing the data, I identified 30 trips with no 
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distance listed and 940 zero-mileage trips across all travel modes (excluding plane and 

boat). I also identified several extreme value trips including 118 trips of more than 1,000 

miles on the survey day. In addition, by checking the travel speed for each trip, I discovered 

13,703 trips with an average speed over 85 miles per hour, which exceeds the maximum 

vehicle speed limit in the US. I flagged these non-positive or extreme trips and dropped the 

corresponding households for both household vehicle trips and all modes. 

 

Trip purpose 

The NHTS collects trip purpose for each trip and categorizes them into 20 groups. It also 

provides an aggregated variable that combines trip purpose into the following 9 groups: 

1. Home (regular home activities and work from home) 

2. Work (work and work-related meeting/trip)  

3. School/Daycare/Religious activity (attend school as a student, attend child 

care, attend adult care and religious or other community activities) 

4. Medical/Dental services (health care visit) 

5. Shopping/Errands (buy goods, buy services and other general errands) 

6. Social/Recreational (recreational activities, exercise and visit friends or 

relatives) 

7. Transport someone (drop off/pick up someone) 

8. Meals (buy meals)  

9. Something else.  

In this analysis, I focused on all trip purposes except for Home and Something else trips.  

 

3.2.5 Summary 
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After cleaning the original NHTS datasets and merging them together for the purposes of 

this analysis, I was left with 114,871 households. This includes 10,279 households who did 

not travel on the survey day as well as 5,563 households who did not travel using a 

household vehicle. Figure 3 documents the process to develop the final working dataset. 

To better understand who drives BEVs and how they are used, I divided the dataset 

into three groups: 

1. BEV-only: households who only own BEVs. 

2. BEV+: households who own multiple vehicles of which at least one is a BEV 

and one is a non-BEV. 

3.  Non-BEV: households who do not own a BEV, but who own at least one 

vehicle. 

Table 6 presents summary statistics for the household’s socio-economic and 

demographic characteristics grouped by BEV-ownership (i.e. BEV-only, BEV+, and Non-

BEV). Summary statistics for number of trips, trip duration, and trip length is shown in 

Table 7. The information here is grouped by BEV-ownership. It also compares a 

household’s vehicle trips with trips by all modes such as walking, biking, using a golf cart, 

riding a motorcycle, driving an RV, taking a taxi, ridesharing, renting a car, taking transit, 

and other surface transportation modes. Table 8 and Table 9 present summary statistics for 

travel behavior by trip purposes for both weekday trips (Table 8) and weekend trips (Table 

9). 

 



 

 

Figure 3 Overall data cleaning process 

Original vehicle dataset

(256,115 vehicles in 
129,696 households)

BEV household 
classification 

(123,286 households)

Merged dataset with 
extreme trips and 

outliers 

(118,173 households)

Final dataset

(114,871 households)

Original personal dataset 
(264,234 individuals in 
129,696 households)

Household 
characteristics (124,169 

households)
Original household 

dataset 

(129,696 households)

Original trip dataset

(923,572 trips taken on 
survey day in 129,696 

households)

Travel behavior 

(113,474 households)



 

Table 6 Summary statistics of household socio-economic and demographic 

characteristics by BEV-only/BEV+ /Non-BEV households 

 
BEV-only  

(Obs. = 38) 

BEV+  

(Obs. = 370) 

Non-BEV  

(Obs. = 114,463) 

Variable Mean Std. 

Dev. 

Mean Std. 

Dev. 

Mean Std. 

Dev. 

Socio-economics Characteristics       

  Number of household members in generation group: 

    Silent Generation 0.18 0.51 0.14 0.44 0.29 0.59 

    Baby Boomers  0.39 0.55 0.79 0.89 0.74 0.82 

    Generation X  0.58 0.68 0.77 0.88 0.39 0.69 

    Generation Y  0.26 0.64 0.38 0.75 0.33 0.66 

    Generation Z  - - 0.08 0.26 0.04 0.22 

  Life cycle: 
      

    1 adult, no children 0.34 0.48 0.05 0.22 0.17 0.38 

    2+ adult, no children 0.18 0.39 0.31 0.46 0.22 0.41 

    1 adult, some children 0.05 0.23 0.02 0.13 0.03 0.18 

    2+ adult, some children 0.11 0.31 0.41 0.49 0.19 0.39 

    1 retired adult, no children 0.21 0.41 0.01 0.12 0.13 0.34 

    2+ retired adults, no children 0.11 0.31 0.19 0.40 0.25 0.43 

  Household ethnicity: 
      

    White 0.71 0.46 0.81 0.39 0.85 0.36 

    African American - - 0.01 0.12 0.07 0.25 

    Asian 0.16 0.37 0.14 0.34 0.04 0.19 

    Multiple 0.05 0.23 0.04 0.18 0.03 0.16 

    Other 0.08 0.27 0.01 0.09 0.02 0.15 

  Hispanic status  0.16 0.37 0.04 0.18 0.07 0.25 

  Household size 1.68 0.99 2.83 1.15 2.16 1.16 

  Number of workers in the household 1.05 0.70 1.53 0.83 1.03 0.90 

  Annual household income: 
      

    $24,999 or less 0.11 0.31 0.02 0.15 0.17 0.37 

    $25,000 to $49,999 0.11 0.31 0.03 0.18 0.23 0.42 

    $50,000 to $74,999 0.08 0.27 0.08 0.27 0.19 0.39 

    $75,000 to $124,999 0.18 0.39 0.24 0.42 0.24 0.43 

    $125,000 or more 0.53 0.51 0.63 0.48 0.18 0.38 

  Educational Attainment: 
      

    High school graduate or GED or less 0.03 0.16 0.00 0.05 0.14 0.35 

    Some college or associate’s degree 0.26 0.45 0.07 0.25 0.28 0.45 

    Bachelor’s degree 0.18 0.39 0.22 0.42 0.27 0.44 

    Graduate degree or professional degree 0.53 0.51 0.71 0.46 0.31 0.46 

Vehicle and home ownership       

  Number of vehicles in the household 1.18 0.39 2.80 1.01 2.07 1.11 

  Car-deficient household 0.16 0.37 0.03 0.18 0.07 0.26 
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  Home ownership 0.79 0.41 0.92 0.27 0.78 0.41 

Land use       

  Population density in census tract of home location: 

    0-99 persons per square mile 0.05 0.23 0.05 0.22 0.15 0.36 

    100-499 0.05 0.23 0.11 0.31 0.17 0.38 

    500-999 0.03 0.16 0.07 0.26 0.09 0.29 

    1000-1999 0.08 0.27 0.12 0.33 0.13 0.34 

    2000-3999 0.16 0.37 0.22 0.42 0.19 0.39 

    4000-9999 0.42 0.50 0.35 0.48 0.21 0.41 

    10000-24999 0.16 0.37 0.06 0.25 0.04 0.20 

    25000 or more 0.05 0.23 0.01 0.07 0.01 0.10 

  Employment density in census tract of home location: 

    0-49 workers per square mile 0.05 0.23 0.06 0.25 0.16 0.37 

    50-99 - - 0.04 0.18 0.07 0.26 

    100-249 0.05 0.23 0.07 0.26 0.10 0.30 

    250-499 0.03 0.16 0.06 0.24 0.10 0.29 

    500-999 0.08 0.27 0.12 0.33 0.14 0.34 

    1000-1999 0.16 0.37 0.22 0.42 0.19 0.39 

    2000-4999 0.37 0.49 0.29 0.45 0.17 0.37 

    5000 or more 0.26 0.45 0.13 0.34 0.08 0.27 

 

Table 7  Summary statistics of number of trips, trip duration, and trip distance by 

BEV-only/BEV+/Non-BEV households 

Variable  Mean Std. Dev. Min Max 

Weekday Trips 

BEV-only  Number of vehicle trips (per day) 3.67 2.86 0 11 

 Vehicle travel time (in minutes) 69.03 60.40 0 281 

 Vehicle trip distance (in miles) 31.89 32.54 0 117.20 

 Number of trips for all trips (per day) 6.23 5.66 0 24 

 Travel time for all trips (in minutes) 124.23 114.66 0 418 

 Trip distance for all trips (in miles) 47.76 54.03 0 236.66 

BEV+ Number of vehicle trips (per day) 6.97 4.07 0 20 

 Vehicle travel time (in minutes) 141.40 98.63 0 575 

 Vehicle trip distance (in miles) 60.32 57.65 0 401.72 

 Number of trips for all trips (per day) 4.74 2.85 0 14 

 Travel time for all trips (in minutes) 98.41 83.52 0 540 

 Trip distance for all trips (in miles) 47.36 60.26 0 469.66 

Non-BEV Number of vehicle trips (per day) 5.11 3.79 0 56 

 Vehicle travel time (in minutes) 100.61 95.02 0 1863 

 Vehicle trip distance (in miles) 44.69 59.44 0 1240.01 

 Number of trips for all trips (per day) 3.92 3.26 0 30 

 Travel time for all trips (in minutes) 78.45 89.70 0 1200 

 Trip distance for all trips (in miles) 37.71 61.59 0 1072.45 

Weekend Trips 
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BEV-only  Number of vehicle trips (per day) 3.38 2.97 0 8 

 Vehicle travel time (in minutes) 43.50 53.72 0 159 

 Vehicle trip distance (in miles) 17.03 24.59 0 71.87 

 Number of trips for all trips (per day) 6.00 5.37 0 16 

 Travel time for all trips (in minutes) 98.75 121.58 0 306 

 Trip distance for all trips (in miles) 26.57 44.73 0 133.24 

BEV+ Number of vehicle trips (per day) 11.04 6.56 0 35 

 Vehicle travel time (in minutes) 228.52 153.83 0 1085 

 Vehicle trip distance (in miles) 87.70 89.48 0 759.74 

 Number of trips for all trips (per day) 9.15 6.09 0 27 

 Travel time for all trips (in minutes) 208.13 188.07 0 1095 

 Trip distance for all trips (in miles) 92.68 128.39 0 939.32 

Non-BEV Number of vehicle trips (per day) 7.37 5.75 0 95 

 Vehicle travel time (in minutes) 151.63 155.76 0 7590 

 Vehicle trip distance (in miles) 62.76 101.44 0 5884.92 

 Number of trips for all trips (per day) 6.56 5.74 0 62 

 Travel time for all trips (in minutes) 142.15 182.46 0 4200 

 Trip distance for all trips (in miles) 65.45 128.94 0 4204.21 

 

Table 8  Mean of travel behavior (trip purpose) variables (weekday trips) 

 Trips using household vehicles All trips 

 # of trips  Travel 

time 

Travel 

distance  

# of trips Travel 

time  

Travel 

distance  

BEV-only trip purpose       

Work 0.67 17.33 9.94 1.03 27.10 12.50 

School/Daycare/Religious 

activity 

0.03 0.50 0.17 0.17 1.53 0.46 

Medical/Dental services 0.10 1.70 0.49 0.10 1.70 0.49 

Shopping/Errands 0.60 10.87 5.83 0.80 12.10 6.04 

Social/Recreational 0.43 6.43 2.39 0.90 16.20 6.38 

Transport someone 0.37 6.53 2.98 0.47 8.10 3.24 

Meals 0.27 4.23 0.84 0.43 6.73 1.21 

BEV+ trip purpose       

Work 1.25 32.58 15.60 1.61 40.55 17.61 

School/Daycare/Religious 

activity 

0.19 3.63 1.33 0.64 10.65 3.23 

Medical/Dental services 0.14 3.62 1.32 0.19 5.01 1.85 

Shopping/Errands 0.94 14.87 5.86 1.22 20.31 8.35 

Social/Recreational 0.60 11.53 4.76 1.23 25.04 8.75 

Transport someone 0.86 13.21 5.04 1.11 16.73 6.40 

Meals 0.43 6.28 2.38 0.81 13.74 4.78 

Non-BEV trip purpose       

Work 0.87 20.35 10.03 1.04 24.64 11.59 

School/Daycare/Religious 

activity 

0.11 2.17 0.91 0.34 6.32 1.99 

Medical/Dental services 0.12 2.81 1.21 0.16 4.03 1.74 
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Shopping/Errands 1.08 16.38 6.44 1.40 22.07 8.84 

Social/Recreational 0.39 9.13 4.52 0.70 17.38 7.87 

Transport someone 0.40 6.68 2.76 0.50 8.43 3.50 

Meals 0.34 5.53 2.29 0.54 9.37 3.85 

 

Table 9  Mean of travel behavior (trip purpose) variables (weekend trips) 

 Trips using household vehicles All trips 

Weekend Trips # of 

trips 

Travel 

time 

Travel 

distance 

# of 

trips 

Travel 

time 

Travel 

distance 

BEV-only HH trip purpose       

Work 0.13 1.25 0.20 0.13 1.25 0.20 

School/Daycare/Religious 

activity 0.13 1.25 0.31 0.38 7.75 0.52 

Medical/Dental services 0.00 0.00 0.00 0.00 0.00 0.00 

Shopping/Errands 0.88 18.63 8.97 1.63 43.63 15.97 

Social/Recreational 0.50 5.63 1.64 0.88 9.00 2.08 

Transport someone 0.13 1.88 0.71 0.13 1.88 0.71 

Meals 0.38 3.25 1.09 0.75 9.88 1.99 

BEV+ HH trip purpose       

Work 0.23 5.69 2.62 0.27 6.23 2.70 

School/Daycare/Religious 

activity 0.27 4.03 1.89 0.62 11.34 3.52 

Medical/Dental services 0.03 0.43 0.13 0.08 0.80 0.17 

Shopping/Errands 0.98 13.52 5.23 1.70 25.72 10.41 

Social/Recreational 0.76 21.01 12.97 1.70 49.76 28.52 

Transport someone 0.32 6.87 3.32 0.48 10.58 5.01 

Meals 0.38 7.34 3.07 0.82 15.97 6.07 

Non-BEV HH trip purpose       

Work 0.22 4.88 2.39 0.26 6.22 2.94 

School/Daycare/Religious 

activity 0.20 3.52 1.51 0.36 6.51 2.74 

Medical/Dental services 0.02 0.36 0.15 0.02 0.65 0.27 

Shopping/Errands 1.02 15.44 6.47 1.53 24.66 10.78 

Social/Recreational 0.50 13.35 7.24 1.03 28.27 14.00 

Transport someone 0.19 3.87 1.97 0.26 5.61 2.91 

Meals 0.35 6.36 2.89 0.65 12.79 5.70 

 



Chapter 4 Methodology 

 

Chapter 4 presents the methodologies used to examine the stated questions in this 

dissertation. Section 4.1 describes the zero-inflated negative binomial model used for 

estimating the characteristics of carsharing users. Section 4.2 illustrates the various 

methods used for analyzing BEV household characteristics and travel behaviors. 

 

4.1 Characteristics of Carsharing Users 

Carsharing is relatively uncommon in the US, which only had 1.4 million registered 

carsharing members in 2018 (https://brandongaille.com/20-car-sharing-industry-statistics-

trends-analysis/). This is reflected in the 2017 NHTS data, where the percentage of 

households who did not use any carshare program in the 30 days preceding their survey 

day is approximately 99%.  To explain the number of occurrences of an event that is 

relatively rare in a data set that has an “excess” of zeros compared to a simple Poisson 

process, two families of models are commonly used: zero-inflated models, and hurdle 

models (Hu et al., 2011). The distinction between those two classes of models is the source 

of the zeros. Whereas hurdle models assume that all the zero observations are from the 

same source, zero-inflated models assume that zero observations are generated by two 

distinct processes. In the context of carsharing, the first process captures households who 

never use carsharing programs. This represents the “structural zeros”, which can be 

conveniently modeled with a binary process, such as a logit or a probit model. The second 

process represents both households who engaged in carsharing in the month preceding their 

2017 NHTS survey day and those who could have, so the “zeros” generated by this model 
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are called “sampling zeros”.  Therefore, a zero-inflated model is more appropriate than a 

hurdle model to analyze carsharing with the 2017 NHTS dataset. 

To model the counts of households who engaged in carsharing in my dataset, 

simpler count models are preferred.  The simplest approach is a Poisson model, but when 

the equidispersion property does not hold, it is necessary to rely on a model such as a 

negative binomial regression model, which allows modeling over-dispersed count 

variables. After checking the shape, variance and mean of the count of households who 

engaged in carsharing during the month preceding their 2017 sampling day, I found that 

this variable is skewed and has a variance that is much larger than its mean. I therefore 

decided to model these counts with a negative binomial regression model for the sampling 

zeros and the non-zero counts, and a logit for structural zeros, leading to a zero-inflated 

negative binomial (ZINB) model. 

 Following Miaou (Miaou, 1994) and Sharma & Landge (2013), let the response 𝑦𝑖 

denote the count of carshares by household “i”, i = 1, …, N.  𝜋𝑖  is the probability of 

exceeding zeros, 0 ≤ 𝜋𝑖 ≤ 1. Therefore, the probability distribution of the ZINB can be 

written as equation (1): 

Pr(𝑦𝑖 = 𝑗) = {
𝜋𝑖 + (1 − 𝜋𝑖)𝑔(𝑦𝑖 = 0)        , 𝑖𝑓 𝑗 = 0
(1 − 𝜋𝑖)𝑔(𝑦𝑖)                          , 𝑖𝑓 𝑗 > 0

                   ( 1 ) 

where 𝑔(𝑦𝑖) is the negative binomial distribution:  

𝑔(𝑦𝑖) = Pr (𝑌 = 𝑦𝑖|𝜇𝑖 , 𝛼) =
Γ(𝑦𝑖+𝛼−1)

Γ(𝛼−1)Γ(𝑦𝑖+1)
(

1

1+𝛼𝜇𝑖
)

𝛼−1

(
𝛼𝜇𝑖

1+𝛼𝜇𝑖
)

𝑦𝑖

  ( 2 ) 

In Equation (2), 𝜇𝑖 = exp(𝑥𝑖𝛽) , where 𝑥𝑖  is a covariate vector and 𝛽  is a vector of 

unknown coefficients to be estimated; Γ(.) is Gamma function; and  is the rate of over 

dispersion. The regression coefficients are estimated using the method of maximum 

likelihood, where the likelihood function is given by: 
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ℒ =  ∑ 𝑙𝑛 [𝜆𝑖 + (
1

1+𝛼𝜇𝑖
)

𝛼−1

]{𝑖:𝑦𝑖=0} + ∑ ∑ ln (𝑗 +
1

𝛼
)

𝑦𝑖=1
𝑗=0{𝑖:𝑦𝑖>0} − ∑ ln (1 +𝑛

𝑖=1 𝜆𝑖)  

+ ∑ [−ln (𝑦𝑖!) − (𝑦𝑖 +
1

𝛼
)ln (1 + 𝛼𝜇𝑖) + 𝑦𝑖ln (𝛼) + 𝑦𝑖ln (𝜇𝑖)]{𝑖:𝑦𝑖>0}              (3) 

where 𝜆𝑖 =  
𝜋𝑖

1−𝜋𝑖
. 

 Due to the advantage of capturing excess zeros, the ZINB model is used in many 

research fields which collect data with many zero observations. When collecting the data 

for any sharing programs, it is highly possible to see this data pattern. Several research 

papers have used ZINB to solve this problem. For example, Wang et al. (2018) estimated 

ZINB models to analyze the relationship between bikesharing and users’ generation. For 

baby boomers, 75.79% of the observation units produced zero trips. Given the skewness 

and large number of zero of the observations, the users estimated a ZINB model. Likewise, 

Coll et al. estimated a ZINB model in a study of the geographical and socio-economic 

factors that impact on carsharing membership in Quebec City (Coll et al., 2014). 

  



4.2 BEV households’ characteristics and travel behavior 

This section presents the methods used to explore the two main questions addressed: 1) 

What are the characteristics of households who own battery electric vehicles (BEVs); and 

2) Do the travel characteristics of these households differ from those of households who 

have motor vehicles but not BEVs. As explained above, I considered three groups of 

households: 

1. BEV-only: households who only own BEVs 

2. BEV+: households who own multiple vehicles of which at least one is a BEV 

and one is a non-BEV 

3.  Non-BEV: households who do not own a BEV, but own at least one vehicle 

 

4.2.1 Characteristics of BEV households 

Because of the small sample size of the BEV-only households (38 households), estimating 

a multivariate model to tease-out the influence of household characteristics on BEV 

ownership is not possible. To examine whether BEV households differ from non-BEV 

households in terms of their household characteristics, I therefore rely on chi-square tests. 

Because the distributions of household characteristics are seriously skewed or kurtotic in 

the dataset, a non-parametric test is needed. Chi-square test, also known as Pearson Chi-

square test, is a non-parametric test which can detect significant differences among the 

study groups (Mchugh, 2013). To perform the Chi-square tests, all the variables are 

required to be categorical or ordinal (Mchugh, 2013). I collapse count variables, such as 

count of generation group members in the households and household size, into ordinal 

categories to meet this requirement. Other household characteristics are either ordinal 

categorical (e.g., household income) or binary variables (e.g., home ownership status). 

When a significant difference among groups is detected, I conduct the Bonferroni multiple 
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comparison test (Savin, 1980) as a post-hoc test to determine where the significant 

differences between groups exist.  

For household-level characteristics, I compare among three groups: BEV-only 

households, BEV+ households, and non-BEV households. For some characteristics, such 

as gender, it is impossible to capture differences for BEV users at the household level. So, 

I compare gender effect at the individual level. I use chi-square tests and Bonferroni 

multiple comparison tests to examine the gender proportions among four groups: BEV 

drivers in BEV-only households, BEV drivers in BEV+ households, non-BEV drivers in 

BEV+ households and non-BEV drivers in non-BEV households. 

Although I compare the characteristics of BEV+ households with non-BEV 

households using chi-square tests, the larger number of observations of BEV+ households 

(370 households) also allow us to conduct multivariate models to assess the influence of 

specific characteristics on the likelihood of being a BEV+ household. I use a logit model, 

which is suitable for a binary dependent variable (Horowitz & Savin, 2001). In this case, 

the dependent variable is coded to indicate whether the household is a BEV+ household or 

not. 

 

4.2.2 Travel behavior of BEV households 

I utilize two approaches to explore the travel behavior of BEV households. To compare the 

travel behavior between BEV households, including BEV-only households and BEV+ 

households, and non-BEV households, propensity score matching is adopted. To explore 

how BEVs are used in BEV+ households, Kruskal-Wallis H test is employed. 

 

Propensity score matching 
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To remove the impact of self-selection on the impact of BEVs on travel behavior, I rely on 

propensity score matching (PSM) (Rosenbaum and Rubin, 1983).  With PSM, a group of 

observations with a treatment (here the ownership of a BEV) from an observational 

(nonrandomized) dataset is matched with a group of observations without that treatment so 

the combined dataset has the key characteristics of a randomized controlled trial and the 

impact of the treatment can be calculated without bias. More specifically, I match each 

BEV households (the treatment group) with households (the control group) who have 

similar socio-economic characteristics and reside in areas with a similar land use based on 

the information available in the sample, but do not own any BEV. 

Following Mishra et al. (2015) and Rosenbaum and Rubin (1983), the difference in 

a travel outcome (denoted by Y; Y is number of trips or trip mileage) if household “i” has 

one or more BEVs (Bi=1; the treatment group) versus no BEV (Bi =0; the control group) 

can be written 

1, 0,| 1 | 0 .i i i iE Y B E Y B     = = − =               (1) 

Unfortunately, I observe only whether each household is either in a treatment or in the 

control group.   

Let us now decompose  into a causal effect and a self-selection bias term: 

( ) ( )1, 1, 1, 0,| 1 | 0 | 0 | 0 .i i i i i i i iE Y B E Y B E Y B E Y B         = = − = + = − =         (2) 

Terms in the first parenthesis on the right side of Equation (2) calculate the average causal 

effect of a BEV on the dependent variable for households observed in the treatment group; 

it is the average treatment effect on the treated (ATET). It represents the expected 

difference between observed (first term) and unobserved counterfactual outcomes (second 

term). 
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Terms in the second parenthesis on the right side of Equation (2) represent the self-

selection bias, which is calculated as the difference between the expected travel of 

households in the treatment group if they had not received the treatment and the travel of 

households observed in the control group. 

If the self-selection bias is zero,  equals the ATET, but for observational data this is 

unlikely because households in the treatment group could have different socio-economic 

and demographic characteristics compared to households in the control group, or differ in 

terms of land use around their residence. 

To minimize the self-selection bias, the PSM algorithm matches every household 

in the control group with one or more households in the treatment group based on 

covariates known to explain travel behavior (socio-economic, demographic, and land use 

variables), denoted here by Xi.  If the matching is thorough and comprehensive, the 

outcome variables (Yk,i, k{0,1}) become orthogonal to membership in the treatment and 

control groups conditional on covariates Xi, the bias becomes zero, and 

, ,| , |k i i i k i iE Y B l E Y   = =   X X
 (Rosenbaum and Rubin, 1983). As a result, 

1, 0, 1, 0,| | | .i i i i i i iE Y E Y E Y Y       = − = −     X X X
            (3) 

While matching can be done in more than one way, I rely on the propensity score 

( ) Pr( 1| )i i i ie B= =X X
, which represents the probability (estimated via a logit model) that 

household i has one or more BEVs conditional on the control variables Xi.  This approach 

hinges on Rosenbaum and Rubin’s (1983) proof that matching based on the probability of 

treatment conditional on all relevant observed covariates Xi is sufficient for obtaining an 

unbiased estimate of a treatment on an outcome variable. 
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Like Mishra et al. (2015), however, I note that PSM can only remove the self-selection bias 

arising from observed covariates Xi, but not from unobserved variables such as attitudes, 

so I cannot completely exclude the risk of residual omitted variable bias. 

 

Kruskal-Wallis test 

A BEV+ household has at least one BEV and one ICEV. I am curious about how vehicles 

are used. Which vehicle are used for longer trip, for what purpose? For the comparison 

between BEV trips and non-BEV trips in BEV+ households, I rely on Kruskal-Wallis H 

test. 

The Kruskal-Wallis H test, which is a non-parametric version of one-way ANOVA 

(Theodorsson-Norheim, 1986), is suitable when the test variables are ordinal or continuous. 

The tested variables in this analysis are the daily trip distance and duration in the BEV+ 

households. The distributions of tested variables are far from normal but the shapes are 

similar between the comparing groups, which meets the assumptions of the Kruskal-Wallis 

test (Ostertagová, Ostertag, & Kováč, 2014). As a result, I compared the medians for those 

to detect significant differences.



Chapter 5 Results  

 

STATA 15 was used to perform all the statistical analyses presented in this chapter.  This 

chapter has three parts.  In Section 5.1, I present results of my best ZINB model estimated 

to characterize the households who engage in carsharing.  In Section 5.2, I analyze the 

characteristics of BEV users, and in Section 5.3, I present results of the analyses where I 

contrast the travel behavior of BEV households with non-BEV households and study on 

BEV usage in the different household group (BEV-only and BEV+ households) 

 

5.1 Characteristics of carsharing users 

Table 10 displays the results of both sub-models of the ZINB model (a logit model for 

households who never engage in carsharing and a negative binomial regression model to 

explain the number of times a household engaged in carsharing over a month) I estimated 

to characterize carsharing households. I used stars to indicate the level of significance of a 

coefficient as follows: 95%(*), 99%(**), and 99.9%(***).  
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Table 10 ZINB Model Results 

Variables Count Model Logit Model 

Sharing programs usage   

  Bikeshare 0.061* -3.792 

  Rideshare 0.065*** -2.196*** 

Socio-economic characteristics   

  Numbers of household members from different generations: 

    Silent generation (72 – 95 years old) 0.518* -0.004 

    Baby Boomer generation (53 – 71 years old) 0.362 0.205 

    X generation (37 – 71 years old) 0.238 -0.150 

    Y generation (21 – 36 years old)  0.076 -0.111 

    Z generation (18 – 20 years old)  -0.237* -0.118 

  Household structure: (Base case: 2+ adult, some children)   

    1 adult, no children  -0.416 -0.227 

    2+ adults, no children -0.432* -0.613 

    1 adult, some children 0.382 -0.303 

    1 retired adult, no children -0.642 -0.092 

    2+ retired adults, no children -0.543 -0.009 

  Household race: (Base case: White household)   

    Black or African American household 0.422 -0.541 

    Asian household 0.624* -0.547 

    Other race household -0.714 -1.222 

    Multiple race household  0.347 -0.272 

  Hispanic status 0.139 -0.143 

  Highest educational attainment in the household: (Base case: Some college or associates degree) 

    Less than high school graduate 0.428 0.169 

    High school graduate or GED 0.736** 0.541 

    Bachelor’s degree -0.014 -0.124 

    Graduate degree or professional degree 0.168 -0.208 

  Annual household income: (Base case: $25,000 to $74,999) 

    less than $24,999 0.221 0.310 

    $75,000 to $149,999 0.079 0.473* 

    $150,000 or more  -0.218 0.264 

Vehicle and home ownership   

  Number of vehicles owned  0.106 0.105 

  1 if the household owns at least 1 vehicle  -0.818*** 1.042** 

  1 if more drivers than vehicles in the household  0.589** -0.552* 

  1 if the household owns home 0.109 0.141 

Land use   

  Urban classifications: (Base case: In an urban area)   

    In an urban cluster -0.364 -0.662 

    In an area surrounded by urban areas 1.571 0.997 

    Not in urban area -0.276 -0.283 

  Population density in census tract of home location: (Base case: 2000-3999) 

      0-99 persons per square mile -0.409 0.842 

      100-499 -0.012 0.075 

      500-999 -0.813 -0.228 

      1000-1999 0.115 0.136 
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      4000-9999 -0.306 -0.350 

      10000-24999 -0.111 0.091 

      25000 or more -0.176 -0.906 

 

Sharing programs usage 

In the logit model of the ZINB model, rideshare is a significant factor that affect the 

probability of structural zero existing (-2.,96***) which means that the households who 

participate more in rideshare programs are less likely to never use them. But the usage of 

bikeshare programs do not affect this probability. After all, rideshare and carshare use 

vehicles, which provide services to meet different travel needs than bikes. Also, I find that 

both bikeshare (0.061*) and rideshare (0.065***) are statistically significant in the count 

model. It shows that people who use more other sharing programs are more likely to use 

carsharing programs. Sharing may be a lifestyle choice for households: once people realize 

the benefits of sharing, they will be more open to engaging in other forms of sources. 

 

Socio-economic characteristics 

In the logit model, there is only one socio-economic characteristic variable that is 

associated with structural zero, which is the household with the annual income of $75, 000 

to $149, 999 (0.473*). Compared to those households with annual income of $25,000 to 

$74,999, the households in this level (annual income of $75, 000 to $149, 999) are more 

likely to never use carshare programs. Other socio-economic characteristic variables do not 

affect the probability of structural zero existence. 

In the count model, I found four socio-economic variables that are related to 

carshare usage. First, there is no difference among households with various number of 

Baby Boomers, Generation X, and Generation Y in the households in terms of their 

frequency of using carsharing programs. However, households who have more Silent 
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Generation (age from 72 to 95 in 2017) members compared to other households are more 

likely to use more carsharing programs; while households who have more adult Generation 

Z members (age from 18 to 20 in 2017) participate less in carsharing programs. This 

confirms the finding that there is a generation effect. However, it contradicts the finding 

from Namazu et al. (2018) in Metro Vancouver, Canada. They find that non-adopters of 

carsharing tended to live with elderly family members. 

 Second, compared to the households with 2 adults and some children, those with 2 

adults and no children are less likely to carshare.  

Third, I find that Asian families use carsharing services more than other families 

(0.624*). Unfortunately, there is no similar study to compare this finding. However, the 

number of Latino/a members in the household does not seem to have an influence on 

carsharing.  

 Fourth, household education level matters (Wang et al., 2012). From the results in 

my model, households whose highest educational attainment is high school or GED use 

more carsharing than those whose highest educational attainment is some college or an 

associate degree. This result differs from Wang et al.’s finding for Shanghai, China, who 

reported that those interested in carsharing were more likely to be educated. 

Interestingly, household annual income does not play any role in explaining 

carsharing. None of the other socio-economic variables in the count model are significant. 

This is opposite to the expectation that households with certain income level will 

participate more in carsharing programs. 

 

Vehicle and home ownership 
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Estimated coefficients of the logit model show that compared to zero vehicle households, 

households who own at least one vehicle are more likely to never carshare. Furthermore, 

car deficit households are less likely to never carshare. This is reasonable because those 

families who do not have sufficient cars have more interest in carshare programs. Dias et 

al. (2017) also find a similar result (carsharing members own fewer vehicles). 

Unsurprisingly, results from the count model indicate that households with at least one 

vehicle per member tend to carshare less. Finally, whether a household owns their house 

or not does not affect their use of carsharing programs.  

 

Land use 

For both the logit and the count models, I find no significant result for land use variables. 

It could be the result from the location restriction process. Because my dataset is restricted 

in CBSAs where at least one person took part in carsharing during the survey days, I 

assumed all households have access to at least one carshare location. As a result, land use 

variables in this model have no significant influence on carshare usage. 

 

5.2 BEV household characteristics 

In this section, I analyze the BEV users’ characteristics for both BEV only households and 

BEV+ households. Because the sample size for BEV-only households is very small (38 

households), I used chi-square tests to analyze the characteristics of BEV-only households 

as well as BEV+ households. The larger sample size of BEV+ households (370 households) 

allows me to use different tools to estimate the household characteristics. Subsection 5.2.1 

summarize the drivers and vehicles’ characteristics in BEV-only households. Then, 

subsection 5.2.2 compares BEV household (both BEV-only and BEV+) characteristics 
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with non-BEV households using chi-square tests. Finally, in subsection 5.2.3, a logit model 

is employed to estimate the household characteristics for BEV+ households. 

 

5.2.1 Drivers and BEVs in BEV-only households 

Among the 38 BEV-only households, 21 households (more than a half) are one-member 

households; 8 households are couple families with no children; 5 households are single or 

couple family with some children (2 of which are single dad families); 2 households are 

one adult with parents; and 2 households with non-relative members. Most of the BEV-

only households’ structure is relatively simple. Usually, the BEV serves one person in the 

household. So, rather than a household decision of purchase a BEV, it is more likely to be 

a personal decision for most of the BEV-only households.  

Among those who live alone, 15 (about 71%) people are male, 6 people are female. 

Comparing to the male proportion in non-BEV one-member households, 40%, I find single 

male are more likely to drive BEV. Those single family members’ age range from 38 to 76 

in 2017. Basically, they are Baby Boomers and Generation X. More than half of the 

households own Tesla (12 households out of 21). It seems young people who live alone 

would not choose to have only BEVs.  

One 39-age-old male owns 2 Teslas. According to the vehicle year, I could infer 

that one of the Tesla is Tesla Roadster. Other households who own 2 BEVs are those couple 

families. 6 out of 11 couple families own 2 BEVs. The household incomes of couple 

families with 2 BEVs are over $100,000. 5 of their family incomes reach $200,000. Despite 

of the wealthy of those couple families, they are well-educated. The adults in the 

households have at least Bachelor’s degrees. Highly educated people are more concerned 

about the environment. That could be a reason why two of their vehicles are both BEVs.  
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33 of 39 working BEV-only household members have professional, managerial, or 

technical job. Those occupations usually require high educational level and provide higher 

salaries. The median family income for BEV-only households is between $125,000 to 

$150,000. Usually, BEVs’ purchasing price is higher than conventional vehicles. So, high 

income households are more likely to afford buying BEVs. 

Among the 45 BEVs from the BEV-only households, 23 of them are Tesla; 11 of 

them are Nissan Leaf. Other makes are Fiat (3), BMW (2), Chevrolet (2), Toyota (2), Ford 

(1), and Mitsubishi (1). 21 of the 38 households have Tesla. This high-end BEV with 

relatively longer range could satisfy BEV-only households’ driving needs. Range anxiety 

would not be a problem for households who have Tesla. Also, some may think owing 

expensive BEVs could show their socio status. 

 

5.2.2 Compare BEV households with non-BEV households 

In this section, I compare the difference between groups (BEV-only households or BEV+ 

households versus non-BEV households) for the following characteristics: socio-

economics characteristics (generations, life cycle, ethnicity, Hispanic status, household 

size, worker count, household annual income, educational attainment), vehicle and home 

ownership (vehicle count, car-deficient household, home-own status), and land use 

variables (home population and employment densities). 

I perform these comparisons for a) all 2017 NHTS respondents in the sample and 

b) only California respondents in the sample. The Chi-square test results are indicated using 

“𝜒2(df)”, while the Bonferroni test results are indicated using “B(group A – group B)”.  

The significant level is indicated as 95%(*), 99%(**), and 99.9%(***). The post hoc tests 

guide us where the differences lie in. However, due to the small sample size (38 
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observations) of BEV-only households in the US, and the even small sample size (27 

observations) of BEV-only households in California, I might not find significant difference 

between BEV-only households and other two household groups. Because the comparison 

is at household level, I miss the analysis of gender proportions. Therefore, I preform the 

personal level analysis on gender proportions. 

 

Socio-economics characteristics 

Comparisons of the number of household members from different generations in the US 

show differences among the 3 groups. The chi-square tests detect the statistically 

significant differences for number of Silent generation members (Table 11), 𝜒2 (4) = 

30.75***; number of Boomers,  𝜒2 (4) = 33.06***; number of Millennials, 𝜒2 (4) = 

132.29***; and number of Generation Z, 𝜒2 (2) = 14.26***. There is no significant 

difference among groups in terms of numbers of Generation Y members in the households. 

The post hoc tests indicate that compare to non-BEV households, BEV+ households have 

less Silent generation members but more X and Z generation members in the households. 

And compared to non-BEV households, BEV-only households have less Boomers in their 

households. I also notice that none of the BEV-only households have Generation Z 

members. So, I cannot use Bonferroni test to compare the BEV-only household and non-

BEV households on the number of Generation Z members. From the tests I could get a 

rough idea that the households who have BEVs are more likely to be younger than non-

BEV households. The tests for California respondents show the same differences. 
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Table 11 Results of Chi-square and Bonferroni tests for generations 

 US California 

 Difference 

among 

groups 

(𝜒2) 

BEV-only 

vs Non-

BEV 

(B) 

BEV+ vs 

Non-BEV 

(B) 

Difference 

among 

groups 

(𝜒2) 

BEV-only 

vs Non-

BEV 

(B) 

BEV+ vs 

Non-BEV 

(B) 

Silent 30.75*** -0.10 -0.15*** 28.83*** -0.15 -0.18*** 

Boomer 33.06*** -0.35* 0.05 26.29*** -0.37 0.08 

Generation X 132.29*** 0.18 0.38*** 69.09*** 0.12 0.36*** 

Generation Y 3.88 - - 3.34 - - 

Generation Z 14.26***  (a) 0.04*** 12.28*** (a) 0.04** 

(a) None of the BEV-only households (both in the US and in California) have Generation Z 

members. 

 

 

I also compare the life cycle (household structure) between groups (Table 12). By 

comparing the life cycle of households, I find differences among groups. BEV-only 

households are more likely to be 1 adult family, B[(BEV-only) - (Non-BEV)] = 0.17*, 

compared to non-BEV households. BEV+ households are more likely to be households 

with 2 adults with children, B[(BEV+) - (Non-BEV)] = 0.09***, or households without 

children, B[(BEV+) - (Non-BEV)] = 0.22***; while less likely to be 1 adult households or 

retired households compared to non-BEV households. Same results are obtained for 

California respondents. I notice that BEV-only households have simple household 

structure, while BEV+ households have more members in the households. So, I compare 

household sizes among groups as well. 

 

Table 12 Results of Chi-square and Bonforroni tests for life cycle 

 US California 

 Difference 

among 

groups 

(𝝌𝟐) 

BEV-only 

vs Non-

BEV 

(B) 

BEV+ vs 

Non-BEV 

(B) 

Difference 

among 

groups 

(𝝌𝟐) 

BEV-only 

vs Non-

BEV 

(B) 

BEV+ vs 

Non-BEV 

(B) 

1 adult, no 

children 
45.14*** 0.17* -0.12*** 27.24*** 0.21* -0.11*** 

2+ adult, no 

children 
19.51*** -0.03 0.09*** 13.35*** -0.10 0.09** 
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1 adult, some 

children 
3.98 - - 3.53 - - 

2+ adult, some 

children 
115.78*** -0.08 0.22*** 82.18 -0.04 0.24*** 

1 retired adult, no 

children 
47.68***  0.08 -0.12*** 35.88*** 0.16 -0.13*** 

2+ retired adult, 

no children 
10.67** -0.15 -0.06* 11.51** -0.18 -0.08* 

 

 

I analyze household race using the same process based the ethnicity composition of 

the household members. The household race categories are White, African American, 

Asian, Multiple, and Other. I find no significant difference among group in terms of White, 

Multiple and other households. However, Asian households are more likely to own BEVs, 

B[(BEV-only) - (Non-BEV)] = 0.12***, B[(BEV+) - (Non-BEV)] = 0.10***, while 

African American households are less likely to own BEVs, B[(BEV+) - (Non-BEV)] = -

0.05***, for the US respondents. In the dataset, none of the BEV-only households are 

African American. For California respondents, I also find that Asian households are more 

likely to be BEV-only or BEV+ households compared to non-BEV households, B[(BEV-

only) - (Non-BEV)] = 0.14***, B[(BEV+) - (Non-BEV)] = 0.10***.  

BEV+ households are less likely to be Hispanic households compared to non-BEV 

households both for the California respondents, B[(BEV+) - (Non-BEV)] = -0.05*, and the 

US respondents, B[(BEV+) - (Non-BEV)] = -0.03*. Tests show no significant difference 

between BEV-only households and non-BEV households. 

Furthermore, I find strong evidence that the household sizes among groups are 

different for both US respondent, 𝝌𝟐(6) = 168.27***, and California respondent, 𝝌𝟐(6) = 

111.74***. The post hoc tests show that BEV+ households are more likely to have larger 

household size than non-BEV households, B[(BEV+) - (Non-BEV)] = 0.64***, while 

BEV-only households are more likely to have smaller household size than non-BEV 
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households, B[(BEV-only) - (Non-BEV)] = -0.43*, in the US. The test in California 

delivers the same result. Figure 4 shows the percentages of different household sizes in the 

BEV groups in the US. Over 55% of the BEV-only households are single families. Also, 

only 6.5% of the BEV+ households are single families. About 30% of BEV+ households 

have 4 or more members. It is reasonable because large households are more likely to have 

complex household structure. As a result, those households might need different fuel types 

of vehicles to satisfy different needs.  

 

Figure 4 Percentage of household size in group by BEV-only/BEV+/non-BEV 

groups in the US 

 

 

Because BEVs are usually more expensive than conventional vehicles, I expect 

BEV-only households to have higher incomes than other households. Figure 5 

demonstrates the percentage of different household income level in each group in the US. 

About 53% BEV-only households and 63% of BEV+ households fall in household income 

level 5 (more than $125,000 yearly). The chi-square tests and Bonferroni tests confirm that 
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BEV households are more likely have higher household annual income than non-BEV 

households. I could not get the significant result when comparing BEV-only households 

and non-BEV households in California, B[(BEV-only) – (non-BEV)] = 0.63. Furthermore, 

I find that BEV+ households are more likely to have higher family income than non-BEV 

households in California, B[(BEV+) – (non-BEV)] = 1.33***.  

 

 

Figure 5 Percentage of household income level in group by BEV-only/BEV+/non-

BEV groups in the US 

 

Similarly, I investigate highest educational attainment in the household. For the US 

population, Chi-square test and Bonferroni test show that BEV households are more likely 

to be better-educated than non-BEV households, B[(BEV-only) – (non-BEV)] = 0.46*, 

B[(BEV+) – (non-BEV)] = 0.88***. 53% of the BEV-only households and 71% of the 

BEV+ households have graduate or professional degrees (Figure 6). However, for the 

California, I find no difference in educational achievement between BEV-only and non-

BEV households. Still, I find BEV+ households are more likely to obtain higher education 

degree than non-BEV households. 
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Figure 6 Percentage of household educational level in group by BEV-

only/BEV+/non-BEV groups in the US 

 

Vehicle and home ownership 

A household are called car deficit household when the household have fewer vehicles than 

drivers. Tests show that BEV+ households are less likely to be car deficit households 

compared to non-BEV households, both in the US, 𝜒2(2) = 12.90**, B[(BEV+) – (non-

BEV)] = -0.04**, and in California, 𝜒2(2) = 6.78*, B[(BEV+) – (non-BEV)] = -0.04*. No 

strong evidence is found for difference between BEV-only households and non-BEV 
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Chi-square tests for home-own status show significant difference between groups. 

For both California respondents, B[(BEV+) - (Non-BEV)] = 0.14***, and the US 

respondents, B[(BEV+) - (Non-BEV)] = 0.19***, BEV+ households are more likely to 
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Unsurprisingly, BEV-only households tend to live in areas with higher population in the 

U.S. Test of population density find significant differences between groups, 𝜒2(14) = 

122.90***. Compared to non-BEV households, BEV-only households are more likely to 

live in denser area, B[(BEV-only) – (non-BEV)] = 1.52***; and BEV+ households are the 

same, B[(BEV+) – (non-BEV)] = 0.83***. Nevertheless, there is no significant difference 

between groups for California respondents due the higher population density in CA than in 

the whole country. 

Similarly, tests show that BEV households tend to live in a census tractor of high 

employment density. Figure 7 indicate that about 79% of BEV-only households and 64% 

of BEV+ households live in where employment density over 1,000 workers per square mile 

(employment density category 6, 7 and 8) in the US. One possible reason is that these areas 

tend to have a higher density of charging stations (Electric Vehicle Charging Station 

Locations, 2020). However, I do not find significant difference between BEV-only 

households and non-BEV households with the California population. 

 

Figure 7 Percentage of household employment density category in group by BEV-

only/BEV+/non-BEV groups in the US 
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So, where do BEV-only households live?  As shown in Table 13, among the 38 

BEV-only households in the dataset, 27 live in California. Based on the electric vehicle 

charging station locations from U.S. Department of Energy, California is the state which 

have the most EV charging stations. 23% of the EV charging stations and 24% of the DC 

(direct current) Fast charging stations in the US are located in California. This may explain 

why most of the BEV-only households live in California. The number of charging stations 

along trips is an important factor when a household decide to only have BEVs in their 

households. Furthermore, 28 of the BEV-only households live in a metropolitan statistical 

area (MSA) with 3 million people or more; 3 are in an MSA of 1 to 3 million; and 7 

households live in MSAs of less than 1 million people or areas that are not MSAs.  

 

Table 13 BEV-only households CBSA location 

Core Based Statistical Area (CBSA) # of households 

In an MSA of 3 million or more:  

Atlanta-Sandy Springs-Roswell, GA 2 

Chicago-Naperville-Elgin, IL-IN-WI 1 

Dallas-Fort Worth-Arlington, TX 2 

Los Angeles-Long Beach-Anaheim, CA 7 

Phoenix-Mesa-Scottsdale, AZ 1 

Riverside-San Bernardino-Ontario, CA 1 

San Diego-Carlsbad, CA 6 

San Francisco-Oakland-Hayward, CA 7 

Washington-Arlington-Alexandria, DC-VA-MD-WV 1 

Total 28 

  

In an MSA of 1,000,000 - 2,999,999:  

Austin-Round Rock, TX 2 

San Jose-Sunnyvale-Santa Clara, CA 1 

Total 3 

  

In an MSA of less than 1 million or not in MSA:  

CA 5 

ME 1 

NY 1 

Total 7 
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Total BEV-only households 38 

 

 

Gender 

In the dataset, both men and women drive the BEV in the BEV+ households.  The number 

of males (58.5%) who drive BEVs is slightly higher than the corresponding number of 

female BEV drivers.  The gender proportions of BEV users in different households (BEV-

only households, BEV+ households, and non-BEV households) are compared. To find out 

the gender differences for BEV drivers, I utilize chi-square test to test for differences of 

gender proportions among 4 groups of drivers. They are BEV drivers in BEV-only 

households, BEV drivers in BEV+ households, non-BEV drivers in BEV+ households, and 

non-BEV drivers in non-BEV households. Figure 8 demonstrate the gender proportions for 

the 4 groups of drivers. The proportions of male users of BEV, both in BEV-only 

households (70%) and BEV+ households (57%), are higher than the proportions of male 

users of non-BEV in BEV+ households (52%) and non-BEV households (48%). The chi-

square test confirms the statistically significant difference of male proportions among the 

4 driver groups. The post hoc test, Bonferroni test, detects significant differences in male 

proportions between BEV drivers and drivers in non-BEV households. The proportion of 

main drivers in BEV-only households who are male is about 22% higher than the 

proportion of non-BEV drivers in non-BEV households who are male at a 98% confidence 

level. The proportion of BEV drivers in BEV+ households who are male is about 9% higher 

than the proportion of non-BEV drivers in non-BEV households who are male at a 99% 

confidence level. BEV drivers are more likely to be male compared to non-BEV drivers in 

non-BEV households. 
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Figure 8 Gender proportion of drivers for different households 

 

Also, I compare the male proportions for one member households. In those 

households, decisions are made by one person. They do not have the situation that 

household members shared use one vehicle. In the dataset, the proportions of male in BEV-

only households, BEV+ households and non-BEV households are 71%, 50% and 40%, 

respectively. A chi-square test detects significant difference among the groups. The post 

hoc test shows that the proportion of male in one member BEV-only households is higher 

than which in one-member non-BEV households.  

Further, I compare the gender proportions for heterosexual couple households (only 

1 male and 1 female in the household, and they are a couple) among the 4 driver groups 

using the chi-square test. The proportions of male drivers in BEV-only households, male 

BEV drivers in BEV+ households, male non-BEV drivers in BEV+ households, and male 

drivers in non-BEV households are 57%, 57%, 54%, and 53%, respectively. The tests of 

proportions show not statistically difference among those groups. 
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In Sum, BEVs are more attractive to men. Men are more likely to drive BEV in 

both BEV-only households and BEV+ households. In one member households, where 

people can decide on vehicle purchasing by themselves, men are more likely to have BEVs. 

When the vehicle buying decision involved in women, such as in the heterosexual couple 

households, there is no such propensity towards BEVs.  

Based on the analysis at household level, BEV households (both BEV-only 

households and BEV+ households) are more likely to be Asian households; households 

with high income and education level; and live in dense population & employment area. 

What the unique characteristics for BEV-only households is that they are more likely to be 

single households and have less Boomers (age 53-71 in 2017 in the household compared 

to non-BEV households. Unlike BEV-only households, BEV+ households are less likely 

to be single or retired households. Compared to non-BEV households they are more likely 

to have larger household size with 2 or more adults or even some children in their 

households. Moreover, they have more Generation X members (age 37-52 in 2017) and 

Generation Z members (age 20 or younger in 2017) but less Silent Generation members 

than non-BEV households. BEV+ households are less likely to be Hispanic households. In 

addition, BEV+ households are more likely to own the house and have sufficient car in 

their family compared to non-BEV households. At personal level, BEVs are more attractive 

to man compared to women. 

 

5.2.3 Characteristics of BEV+ households 

In the working dataset, 370 out of 114,871 households who own vehicles in the US are 

BEV+ households. In addition, 226 out of 23,294 households who own vehicles in 

California are BEV+ households. In order to further explore the characteristics of these 
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households using a different method, I estimate logit models for both the U.S. and the CA 

populations. The explanatory variables include household structure, socio-demographic 

characteristics, land use variables, and a vehicle-driver variable. Because of the 

multicollinearity problem when include the binary variables of population density of home 

location in the explanatory variables, they are removed from the models. Table 14 shows 

the odds ratios (OR) for the logit models with the US population and CA population. Odds 

ratio indicates the ratio of the odds that an outcome will occur given an exposure and the 

odds of the outcome occurring without the exposure (Szumilas, 2010). When OR > 1, the 

variable associated with higher odds of outcome; when OR < 1, the variable associated 

with lower odds of outcome. 

  



64 
 

Table 14 Logit models results of BEV+ households in the US and California 

Variable Odds Ratio 

 US CA 

Life cycle: (Base case: 2+ adult, no children) 
  

    1 adult, no children 0.48** 0.54 

    1 adult, some children 0.96 0.84 

    2+ adult, some children 1.33* 1.38* 

    1 retired adult, no children 0.26** 0.24* 

    2+ retired adults, no children 0.75 0.61* 

Number of workers in the household 0.93 1.01 

Home-own status 1.66* 2.05** 

Household ethnicity: (Base case: White) 
  

    African American 0.35* 0.74 

    Asian 2.04*** 1.58* 

    Multiple 1.41 1.30 

    Other 0.66 0.60 

Hispanic status 0.59 0.67 

Annual household income:  (Base case: $25,999 or less) 
  

    $25,000 to $49,999 0.61 1.77 

    $50,000 to $74,999 1.07 2.17 

    $75,000 to $124,999 1.50 3.66 

    $125,000 or more 3.52*** 8.46** 

Highest educational Attainment: (Base case: Some college or 

associates degree) 

  

    High school graduate or GED or less 0.14 - 

    Bachelor’s degree 1.87** 1.94* 

    Graduate degree or professional degree 3.85*** 4.02*** 

Employment density in census tract of home location: (Base case:  

250-499) 

  

    0-49 workers per square mile 0.89 1.91 

    50-99 0.86 2.08 

    100-249 1.15 3.16* 

    500-999 1.42 1.80 

    1000-1999 1.89** 2.37* 

    2000-4999 2.74*** 2.97* 

    5000 or more 2.88*** 2.60* 

Number of household vehicles 1.32*** 1.23*** 

1 if fewer vehicles than drivers 0.46** 0.42* 

* p < 0.05; ** p < 0.01; *** p < 0.001   

 

The first column of odds ratio in Table 14 shows the results for US population. This 

sample size is larger than which for California population. Therefore, I find more 
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significant variables in this model. One-adult households, no matter retired (OR = 0.26**) 

or not (OR = 0.48**), are less likely to be BEV+ households. BEV+ households own at 

least two vehicles. Maybe that is the reason why single family are less likely to be BEV+ 

households. BEV+ households are more likely to own home (OR = 1.66*). African 

American households (OR = 0.35*) are less likely to be BEV+ households, while Asian 

households (OR = 2.04***) are more likely to be BEV+ households. The results for annual 

household income variables, show that households with higher annual family income 

(more than $125,000) are more likely to be BEV+ households (OR = 3.85***). Compared 

to households whose highest educational attainment are some college or associated degree, 

those whose highest educational attainment are higher than some college or associated 

degree, for example, bachelor’s degree (OR = 1.87**) and graduate degree or professional 

degree (OR = 3.85***) are more likely to be BEV+ households. Households live in 

employment denser locations (over 1,000 workers per square mile) are more likely to be 

BEV+ households. Finally, vehicle deficit households are less likely to be BEV+ 

households. 

The model for California population delivers the similar results with some 

difference in significant level. In sum, the results using the logit model is consistent with 

the results using the chi-square tests.  

 

5.3 Travel Behavior of BEV households 

In this section, I compare the travel between household groups (BEV-only or BEV+ 

households vs. non-BEV households) in terms of number of trips, trip distance, trip 

duration, as well as trip purposes for both trips using household vehicles (cars, SUVs, vans, 

and pickup trucks) and all ground trips (excluding airplane and boat). As mentioned in 
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Chapter 1, the most striking difference between a BEV and a conventional vehicle is that 

the former one has only battery. So, the driver is not able to refuel the vehicle easily. Driver 

of a BEV may suffer range anxiety when go to new places or for a trip relatively longer. 

Due to the performance difference between BEVs and non-BEVs, I expect difference in 

travel behavior for BEV households and non-BEV households. Furthermore, I compared 

travel behavior separately for weekday trips and weekend trips since differences in travel 

behavior occur between weekday trips and weekend trips (Agarwal, 2004). Subsection 

5.3.1 compares travel behavior between BEV-only households and non-BEV households. 

Then, how BEVs are used in the BEV-only households is studied in subsection 5.3.2.  In 

subsection 5.3.3, I compare the BEV+ households with non-BEV households, followed by 

subsection 5.3.4, which studies on how BEVs are used in BEV+ households. 

 

5.3.1 BEV-only households vs. non-BEV households 

Table 15 shows a comparison of overall household travel characteristics (number 

of trips, trip duration in minutes and trip distance in miles) between BEV-only and non-

BEV households for both weekday trips and weekend trips. The small sample size of BEV-

only households results in less significant outcomes. So, in this table I use 10% as the 

significance level. BEV-only households’ travel duration using their own vehicles (cars, 

SUVs, vans, and pickup trucks) in weekends is significantly less than non-BEV households 

(-49.64*). Interestingly, BEV-only households travel less both during the week, and even 

more so on weekends. I note that most of the results are not significant because of the small 

number of BEV-only households. The results show no significant differences in travel 

behavior on the weekday between BEV-only households and non-BEV households. Also, 

no differences are found in travel behavior for all ground trips between these two groups. 
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Table 15 PSM results for BEV-only vs. non-BEV households 

  Weekday Weekend 

Number of observations 71,591 7,897 

Number of households in treatment group 30 8 

 Coefficient 

Trips using household vehicles   

  Daily number of trips -0.56 -0.91 

  Daily travel time (in minutes) -9.56 -49.64* 

  Daily travel distance (in miles) 0.95 -26.33 

All surface mode trips 
  

  Daily number of trips -0.51 -0.44 

  Daily travel time (minutes) -15.07 -49.74 

  Daily travel distance (miles) -3.29 -36.34 

* p < 0.1; ** p < 0.05; *** p < 0.01   

 

Also, I analyze trip purpose for BEV-only households using household vehicles 

and all ground modes. NHTS categorize trip purpose into 20 groups. Because BEV-only 

households did not travel for some purposes, for example work-related meeting/trip, 

volunteer activates, attend school as a student, attend childcare, attend adult care or 

something else purposes. So, I use aggregated trip purpose categories (also grouped by 

NHTS) as listed in Table 16 and Table 17. They are Home (regular home activates and 

work from home), Work (work and work-related meeting/trip), School/Daycare/Religious 

activity (attend school as a student, attend child care, attend adult care and religious or 

other community activities), Medical/Dental services (health care visit), Shopping/Errands 

(buy goods, buy services and other general errands), Social/Recreational (recreational 

activities, exercise and visit friends or relatives), Transport someone (drop off/pick up 

someone), and Meals (buy meals). 
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Table 16 PSM results (trip purposes) for BEV-only vs. non-BEV households 

(weekday) 

 
Trips using household vehicles All surface mode trips 

Trip purpose # of trips 

Travel 

time 

Travel 

distance # of trips 

Travel 

time 

Travel 

distance 

  (minutes) (miles)  (minutes) (miles) 

Work -0.04 0.78 2.22 0.05 3.38 2.72 

School/Daycare/ 

Religious activity 
-0.15 -3.56 -1.58 -0.22 -6.00 -2.24 

Medical/Dental services 0.03 0.23 -0.05 -0.02 -0.95 -0.24 

Shopping/Errands -0.40* -2.97 0.97 -0.49** -6.28 -1.58 

Social/Recreational 0.18 0.33 0.10 0.32 -5.07 -1.88 

Transport someone 0.10 0.70 0.66 0.06 -1.85 -1.53 

Meals -0.07 -1.66 -1.04 -0.20 -2.99 -1.42* 

* p < 0.1; ** p < 0.05; *** p < 0.01 

 

 

Table 17 PSM results (trip purposes) for BEV-only vs. non-BEV households 

(weekend) 

 
Trips using household vehicles All surface mode trips 

Trip purpose # of trips 

Travel 

time 

Travel 

distance # of trips 

Travel 

time 

Travel 

distance 

  
(minutes) (miles) 

 
(minutes) (miles) 

Work -0.28 -9.21 -1.72 -0.43 -13.29 -2.58 

School/Daycare/ 

Religious activity 
0.06 0.15 -0.02 0.29 6.36 -0.02 

Medical/Dental services - - - - - - 

Shopping/Errands -0.61 -2.48 3.59 -0.11 17.95 9.61 

Social/Recreational -0.05 -4.44 -2.77 -0.20 -9.09 -4.61 

Transport someone 0.00 0.35 0.15 -0.01 0.05 -0.01 

Meals 0.01 -12.95 -6.72 0.11 -18.25 -12.16 

* p < 0.1; ** p < 0.05; *** p < 0.01 

 

By comparing BEV-only households with households with non-BEV households 

on their trip purposes, I find there is not much significant differences between groups for 

both weekday trips and weekend trips. One of the differences is BEV-only households 

make significantly less shopping or errands trips in weekdays (0.49 less trips and 0.40 less 

household vehicle trips per day per households). Another difference is BEV-only 

households travel less (-1.42 miles per day per households) for meals in weekdays. 
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5.3.2 BEV usage in BEV-only households 

Among 38 households in the dataset, 8 of them did not travel using their own vehicle on 

the survey day. The rest 30 households conduct 130 non-home trips (the destination of a 

trip is not home). 92 trips of which used household BEVs and 38 trips used other modes 

such as walk, bike and transit.  

Figure 9 is a back-to-back bar chart, which shows the number of trips for different purposes 

for household BEV trips and other surface modes. 70% of the trips in BEV-only households 

use household vehicles. Household BEVs are mostly used for shopping/errands, work, and 

social/recreational purposes.  

 

Figure 9 Number of trips for each trip purpose using household-owned BEV vs. 

other modes in BEV-only households 

 

Figure 10 shows the difference in medium distance of household vehicle trips for 

different purposes between BEV-only households and other households. I find BEV-only 

households’ travel distance (12.7 miles) for work trips is almost doubled than other 

households (6.8 miles). Maybe the longer distance for work prompts those households to 

use BEVs to save fuel cost. Also, they drive more for transport someone and shopping. 
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Because the low cost of driving, they are able to transport someone and go to further places 

for shopping. BEV-only households drive the similar but a little less distance for 

social/recreational, school/religious, and meal trips than other households. Moreover, 

BEV-only households’ driving distance for medical services is shorter than other 

households. It is possible that BEV-only households live in more convenient areas where 

are closer to those places. Because of their high household income, they could afford the 

living expenses for those areas. 

 

Figure 10 Medium household vehicle trip distances in BEV-only households versus 

other households 
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5.3.3 BEV+ households vs. non-BEV households 

I conduct a similar analysis to compare BEV+ households with non-BEV households. 

From the results (Table 18), I find there is no significant difference between BEV+ 

households and non-BEV households in terms of their travel behavior except BEV+ 

households make more trips and have longer travel time than non-BEV households on 

weekdays (1.05 more trips and 23.92 more minutes per day per households) at the 10% 

significance level. Generally, BEV+ households drive using the household vehicles as 

much as non-BEV households, although they make more surface mode trips and spend 

more time on all surface trips.  

 

Table 18 PSM results for BEV+ vs. non-BEV households 

  Weekday Weekend 

Number of observations 76,598 25,237 

Number of households for treatment group 277 93 

 Coefficient 

Trips using household vehicles: 
  

  Daily number of trips 0.21 -0.41 

  Daily travel time (in minutes) 5.60 -8.59 

  Daily travel distance (in miles) -0.27 -7.04 

All surface mode trips 
  

  Daily number of trips 1.05** -0.55 

  Daily travel time (in minutes) 23.92** -5.39 

  Daily travel distance (in miles) 4.472 -12.97 

* p < 0.1; ** p < 0.05; *** p < 0.01   

 

To better understand what trip purpose BEV+ households made more, I also 

conduct PSM tests (Table 19 and Table 20). Compared to non-BEV households, BEV+ 

households make less trips for shopping or errands trips and more trips for social or 

recreational trips and transport someone on weekdays. BEV+ households use their vehicles 

according to their trip needs. Compared to non-BEV households, BEV+ households use 
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the household vehicles more to transport someone and less on shopping or errands trips. 

During the weekends, BEV+ households spend less time on shopping or errands trips than 

non-BEV households. They drive significantly less using household vehicles for shopping 

or errands than non-BEV households. 

 

Table 19 PSM results (trip purposes) for BEV+ households vs. non-BEV households 

(weekday) 

 
Trips using household vehicles All surface mode trips 

Trip purpose # of trips 

Travel 

time 

Travel 

distance # of trips 

Travel 

time 

Travel 

distance 

  
(minutes) (miles) 

 
(minutes) (miles) 

Work -0.10 -1.24 -1.17 0.03 -0.56 -1.98 

School/Daycare/ 

Religious activity 
0.03 0.48 0.00 0.04 0.48 0.15 

Medical/Dental services 0.03 0.79 0.18 0.03 0.86 0.14 

Shopping/Errands -0.17* -2.24 -1.04 -0.21* -2.18 -0.66 

Social/Recreational 0.06 0.07 -0.50 0.21** 2.84 -0.15 

Transport someone 0.23*** 2.98** 1.17* 0.35*** 4.44** 1.88** 

Meals -0.02 -0.66 -0.62 0.07 1.69 -0.27 

* p < 0.1; ** p < 0.05; *** p < 0.01 

 

 

Table 20 PSM results (trip purposes) for BEV+ households vs. non-BEV households 

(weekend) 

 
Trips using household vehicles All surface mode trips 

Trip purpose # of trips 

Travel 

time 

Travel 

distance # of trips 

Travel 

time 

Travel 

distance 

  
(minutes) (miles) 

 
(minutes) (miles) 

Work 0.07 0.43 -0.27 0.06 -0.63 -0.59 

School/Daycare/ 

Religious activity 
0.04 0.62 0.48 0.13 3.70 0.29 

Medical/Dental services 0.02 0.16 0.02 0.06 0.48 0.04 

Shopping/Errands -0.30** -6.18** -3.87* -0.41 -12.06* -10.35 

Social/Recreational -0.004 -0.23 0.74 -0.02 2.63 4.03 

Transport someone 0.05 0.47 0.35 0.11 1.69 0.79 

Meals -0.09 -0.75 -0.72 -0.21 -4.10 -3.19 

* p < 0.1; ** p < 0.05; *** p < 0.01 
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Overall, BEV-only households travel as much as non-BEV households. But, they 

spend less time on weekend trips using household vehicles compared to non-BEV 

households. BEV+ households travel more on weekday using all surface modes. However, 

they did not conduct more trips using the household vehicles. In sum, BEV households 

travel as much as non-BEV households by household vehicles. Also, I find not much 

difference what trip purposes are for household vehicle tips between BEV households and 

non-BEV households. BEV households travel less for shopping and errands trips but more 

for transport someone, compared to the similar non-BEV households. 

 

5.3.4 BEV usage in BEV+ households 

How BEVs are used for BEV+ households compare to the non-BEVs in BEV+ 

households? Do BEVs are used identically as non-BEVs in the BEV+ households? I 

compared the daily numbers of tips, travel distances, travel durations for trips using BEVs 

and non-BEVs in the BEV+ households. On average, 3.1 trips are made by BEVs and 3.3 

trips are made by non-BEVs, per household per day. The results of Student’s t-tests show 

no difference in terms of number of trips between BEV trips and non-BEV trips in BEV+ 

households. The daily average miles travelled by BEVs in the BEV+ households is 24.4 

miles, 8.3 miles less than non-BEVs. I find significant differences in mean of household 

daily miles travelled as well as daily minutes travelled for BEVs and non-BEVs in the 

BEV+ households. I am 99% confident that BEVs travelled less miles than non-BEVs in 

BEV+ households. Accordingly, BEVs travelled less time than non-BEVs in BEV+ 

households. Although BEVs are used for same number of trips in BEV+ households, BEVs 

are more likely to be auxiliary vehicles for shorter trips. This is related to the range anxiety 

problem of BEVs.  
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Next, I compare those travel behavior variables for both weekday trips and weekend 

trips. So that I could identify whether travel behaviors are different on weekday trips or 

weekend trips or both. The chi square tests show no significant difference between BEV 

usage and non-BEV usage in BEV+ households for weekday trips. The difference lies in 

weekend trips. BEV trips travelled less (both in distance and duration) than non-BEVs for 

weekend trips. BEV+ households are more likely to use BEV for shorter trips during the 

weekends. 

One step further for the analysis on BEV usage in BEV+ households, compare the 

trips in different trip purposes for weekend trips to identify for which trip purposes BEVs 

are used differently than non-BEVs. Kruskal-Wallis tests find that BEV+ households use 

BEVs differently than non-BEVs for work trips and social or recreational trips during 

weekends. Table 21 illustrate the medians of daily household trip distance and durations 

for BEV trips and Non-BEV trips. BEV+ households use BEVs for shorter work and social 

or recreational trips. The work trips and social or recreational trips in weekends is different 

than which in weekdays.  

 

Table 21 Median of vehicle trip distance and duration for different trip purposes by 

groups for weekend trips 

 Trip Distance (in miles) Trip duration (in minutes) 

Trip Purpose BEV non-BEV BEV non-BEV 

  Work 6.4 19.0 20 45 

  School/Daycare/Religious activity 4.3 6.8 10 15 

  Medical/Dental services 2.2 7.5 12 16 

  Shopping/Errands 3.4 3.5 10 12 

  Social/Recreational 4.1 9.3 14 24.5 

  Transport someone 3.4 7.6 13.5 22.5 

  Meals 2.5 2.3 12 2.3 

Where differences are found using Kruskal-Wallis test are highlighted  

Sample size: 441 trips 



Chapter 6 Conclusions 

 

This dissertation focuses on carsharing programs and battery electric vehicles, which are 

two approaches that are promoted to decrease the environmental footprint of transportation. 

  The first part of this dissertation analyzes data from the 2017 NHTS dataset to 

understand the characteristics of households who are carsharing in the US. I estimated a 

zero-inflated negative binomial regression model to explain carsharing usage with a broad 

range of explanatory variables (experience with other forms of sharing, household socio-

demographic variables, property and vehicle ownership, and land use variables). 

 From the Logit model results of the ZINB model, households who participate more 

in rideshare programs and have fewer vehicles than drivers are less likely to never carshare. 

Moreover, households with an annual income between $75,000 and $150,000 are more 

likely to never carshare compared to households in lower income brackets. Results for the 

count model of the ZINB model shows that Asian households who use other sharing 

programs, such as bikeshare and rideshare, have more elderly family members (72 – 95 

years old), have less education (a high school degree at most), and have more drivers than 

vehicles, carshare more. Conversely, households with more young people (18 – 20 years 

old), with 2 or more adults and no children take part in carsharing program less often. 

 The second part of my dissertation also analyzed the 2017 NHTS to elicit the 

characteristics of BEV households and their travel behavior (characterized by their number 

of trips, trip duration, trip distance and trip purposes). I divided households into three 

groups: BEV-only households, BEV+ households, and non-BEV households.  

I found that BEV households (BEV-only and BEV+ households) are more likely to 

be Asian, well-educated, with a higher income who live in higher population and 
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employment density areas. Furthermore, BEV-only households are more likely to be 

composed of one adult (not retired) with fewer Baby Boomers. Yet, BEV+ households are 

more likely to be larger households with 2 or more adults in the households. Also, BEV+ 

households are more likely to have more Generation X (37-52 years old in 2017) and Z 

members (20 years old or younger in 2017). Moreover, BEV+ households are more likely 

to own their home. My analysis on gender (at the individual level) concluded that BEV 

owners are more likely to be men. 

 I then used propensity score matching to compare the travel behavior of BEV 

households and non-BEV households. I found that BEV households drive household 

vehicles as much as non-BEV households. Although BEV+ households take more trips 

(including both household vehicle trips and trips with other surface vehicles) on weekdays 

compared to the non-BEV households with similar household characteristics, they drive as 

much as those non-BEV households. The analysis of trip purposes indicates that BEV 

households, especially BEV+ households travel more for the purpose of transport some 

and less for shopping or errands using household vehicles or other modes on weekdays.  

In addition, I examined the use of BEVs within the household. 70% of the trips in 

BEV-only households are made by BEVs. And they are more used for work transport and 

shopping or errands. In BEV+ households, BEVs and non-BEVs are used for roughly the 

same number of trips. However, BEVs are used for shorter trips, possibly due to range 

limitation. 

Today’s BEVs have 3 key characteristics. First, they emit no air pollutant emissions 

while operating. Second, BEVs are more expensive than comparable conventional and 

hybrid vehicles. Third, most BEVs have shorter ranges than similar conventional or hybrid 

vehicles. 
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The promotion of BEVs could help the environment by reducing the emissions of 

air pollutants. However, the lower marginal cost of driving BEVs may induce their owners 

to drive more and possibly increase congestion (and possibly air pollution of conventional 

vehicles). However, I did not see in my dataset that BEV household drive more than others, 

which is reassuring given California’s efforts to electrify its transportation sector. 

The second and third attributes of today’s BEVs are impediments to their adoption. 

As expected, BEV households are more likely to be high income families because of the 

extra cost of BEVs.  Moreover, wealthier families are typically well-educated families, and 

they are probably more concerned about air pollution from transportation (Farkas et al., 

2018). 

One of the common characteristics for both BEV-only and BEV+ households is 

that they all live in denser areas, where household members are closer to their daily 

activates. So, BEVs, with shorter range could at least meet part of their travel needs. 

Furthermore, battery charging stations are more likely to be located in those high 

population and employment density areas. Households who live in area with fewer 

charging stations are less likely to own BEVs because they may worry about finding 

charging stations. In addition, I find the BEV+ households are more likely to own their 

house, which again reflects that they are wealthier, but may also be connected to the ability 

to have home charging equipment. If the level 2 electric vehicle supply equipment (EVSE) 

is installed at home, there is really no range anxiety for any non-intercity trips.  

Although the adoption of carsharing and BEVs have a promising influence on the 

environment, promoting them sufficiently to replace conventional vehicle will require 

sustained efforts, possibly substantial changes in behavior in the case of carsharing, and 

substantial investment to erase the premium that BEVs command, possibly coupled with 
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taxation of conventional vehicles and of fossil fuels (both of which are politically difficult). 

Social distancing measures brought about by the Covid-19 pandemic likely made 

carsharing more difficult. However, progress with battery technology and a slow 

(especially in the US) awakening of the realities of global climate change seems to push 

some governments to action to reduce the environmental footprint of transportation and 

finally provide all members of society access to clean transportation. 
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