
UCLA
UCLA Electronic Theses and Dissertations

Title
Trajectories of Vehicle Ownership and Access in American Households

Permalink
https://escholarship.org/uc/item/95r326k9

Author
Brumbaugh, Stephen

Publication Date
2020
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/95r326k9
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA

Los Angeles

Trajectories of Vehicle Ownership and Access in American Households

A dissertation submitted in partial satisfaction

of the requirements for the degree

Doctor of Philosophy in Urban Planning

by

Stephen Paul Brumbaugh

2020



© Copyright by

Stephen Paul Brumbaugh

2020



ABSTRACT OF THE DISSERTATION

Trajectories of Vehicle Ownership and Access in American Households

by

Stephen Paul Brumbaugh

Doctor of Philosophy in Urban Planning

University of California, Los Angeles, 2020

Professor Evelyn A. Blumenberg, Chair

Most American households rely on vehicles for access to employment and other opportunities,

but their levels of vehicle ownership may vary over their life course. In this dissertation,

I use sequence analysis techniques and longitudinal data from the Panel Study of Income

Dynamics to investigate family vehicle ownership trajectories, differences in trajectories

across social groups, and changes in vehicles owned by low-income households.

Chapter 1 examines trajectories of family vehicle ownership from 2001 to 2017. Many

households have stable levels of vehicle ownership. “Multi-mobility,” or owning more than

one vehicle per adult, occurs nearly as often as owning no cars. After establishing a typology

of trajectories, I construct a model to predict the likelihood that a household takes a certain

trajectory type. In the model, a family’s starting vehicle ratio has the most explanatory

power.

Chapter 2 examines trajectories of vehicle ownership by income, race, ethnicity, and

family structure from 2001 to 2017, and by birth cohort from ages 22 to 30. Most groups

show stability in vehicle ownership. Vehicle ownership levels are only slightly less stable

in low-income households than in other households, in part because other households

sometimes experience multi-mobility.

Chapter 3 investigates changes in vehicle holdings among low-income households from

2001 to 2017. Sport utility vehicles (SUVs) account for an ever-increasing share of personal
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vehicles, despite policies intended to facilitate purchases of more fuel-efficient vehicles. The

average fuel economy for owned vehicles increased for all families, but at a slower rate for

low-income families.

Transportation planners and policymakers may consider three types of policies to influ-

ence trajectories of vehicle ownership. The first involves policies to reduce vehicle ownership,

which may have less effect on travel and pollution than expected. The second involves

policies to increase ownership among low-income households, which may face political

challenges. The third involves policies to maintain ownership, which may be more politically

feasible if framed as efforts to help people stay employed.
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Introduction

Most American households rely on vehicles for access to employment and other opportuni-

ties, but their levels of vehicle ownership may vary over their life course for social, economic,

geographic, and personal reasons. Understanding trajectories of household vehicle own-

ership is important for transportation scholarship and policy for several reasons. First,

vehicle ownership patterns may have changed for a multitude of potential reasons, including

shifts in the labor market toward flexible labor, increased income volatility, and the rise of

shared mobility services. Second, understanding trajectories can inform policy responses

involving family vehicle ownership and access, and may suggest ways to reduce disparities

in employment and wealth accumulation among social groups. Finally, planners can use

information about trajectories to refine travel behavior models for long-range transportation

planning.

In this dissertation, which consists of three self-contained chapters, I study vehicle

ownership over a family’s life course to answer three overarching research questions:

1. What are the most common trajectories of vehicle ownership in families, and what

factors influence the trajectories that families take?

2. How do trajectories taken by families differ by income, race, ethnicity, family structure,

and birth cohort?

3. How have low-income families changed their vehicle fleets, and what factors influence

the types of vehicles they acquire?

To examine patterns of vehicle ownership, I use sequence analysis—a set of analytical

methods not used in studies of vehicle ownership to date—and panel data analysis. The

analysis relies on confidential geocoded data from the Panel Study of Income Dynamics
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(PSID), supplemented with data on residential density from the Census and data on transit

access from the National Transit-Oriented Development (TOD) Database.

In the first chapter, I examine trajectories of family vehicle ownership from 2001 to 2017.

The analysis shows that many households have stable levels of vehicle ownership even if the

number of vehicles in the household changes. The state of what I term “multi-mobility,” or

owning more than one vehicle per adult, occurs often in households—nearly as often, in

fact, as owning zero vehicles. After establishing a typology of vehicle ownership trajectories,

I construct a multinomial logit model to test how a household’s baseline characteristics

affect the probability it takes a given vehicle ownership trajectory. Among the characteristics

tested, a family’s starting vehicle ratio has the most influence.

In the second chapter, I examine trajectories of vehicle ownership in the United States

by income, race, ethnicity, family structure, and birth cohort from 2001 to 2017, and

by birth cohort from ages 22 to 30. These groups have been of interest to planners and

policymakers because they have shown disparities in vehicle access. While multiple scholars

have examined vehicle ownership and travel behavior among members of these groups, they

have not explicitly considered trajectories of vehicle ownership. I find that most population

groups show a high degree of continuity in vehicle ownership. Vehicle ownership is only

slightly less stable in low-income households, in part because upper-income households

transition between owning one or more than one vehicle per adult.

In the third chapter, I trace changes in vehicle holdings, including vehicle type, age, and

fuel economy, for low-income households. I find that sport utility vehicles (SUVs) account

for an ever-increasing share of vehicles in low-income households, despite policies intended

to facilitate purchases of fuel-efficient vehicles. The average fuel economy for owned vehicles

increased for all families from 2001 to 2017, but at a slower rate for low-income families,

although the extent to which this trend reflects consumer preferences versus constraints in

the used-car market is unknown. Factors that influence the type of vehicle a family owns

include family size, income, sex, and race.

I conclude the dissertation by discussing the policy implications of the research and
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suggest opportunities for future research. Understanding and predicting trajectories of

vehicle ownership can inform three types of policy responses, with different degrees of

feasibility and effectiveness. The first type involves policies to reduce vehicle ownership,

which may have less influence on travel and pollution than expected given trends such as

multi-mobility. The second type involves policies to increase ownership among low-income

households, which may be effective but may face political challenges. The final type involves

policies to maintain ownership, which may be more politically feasible if framed as efforts to

help people stay employed.
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CHAPTER 1

Trajectories of Family Vehicle Ownership in the United

States

Abstract: Households have trajectories of vehicle ownership that vary over their

life cycle. I employ sequence analysis techniques and data from the Panel Study

of Income Dynamics to examine these trajectories for American families from

2001 to 2017. The analysis shows that many households have stable levels of

vehicle ownership. “Multi-mobility,” or owning more than one vehicle per adult,

occurs frequently in households—nearly as often as owning zero cars. Many

transitions in family vehicle ownership not only involve gaining vehicles instead

of losing them, but also involve multi-mobility. After establishing a typology of

vehicle ownership trajectories, I construct a multinomial logit model to test how

a household’s baseline characteristics affect the probability of taking a certain

trajectory. A family’s vehicle ratio has the most explanatory power in the model,

given the stability of ownership over time.

1.1 Introduction

Most American households depend on automobiles for access to employment and other

opportunities. Their trajectories of vehicle ownership tend to vary over their life cycle, as

well as by social and economic circumstances. In this chapter, I characterize and examine

these trajectories for households in the United States from 2001 to 2017 using a mobility

biography approach and longitudinal data from the Panel Study of Income Dynamics (PSID).
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I use sequence analysis—a set of analytical methods not used in studies of vehicle ownership

to date—to describe family trajectories of vehicle ownership and identify a set of patterns

that form a typology of vehicle ownership. Using these patterns, I construct a model to

predict the probability of a family taking a certain trajectory given its baseline characteristics.

This chapter makes two contributions to research on household vehicle ownership. First,

it uses a novel approach, sequence analysis, to explore vehicle ownership patterns. These

techniques offer a holistic, complementary alternative to conventional, mostly cross-sectional

statistical approaches that summarize vehicle ownership at a point in time or over a period

of time. Second, the chapter quantitatively analyzes what I term “multi-mobility,” or the

state of having more vehicles in a household than adults. Multi-mobility has received little

attention from researchers but has important implications for transportation planning and

policymaking, given that higher levels of vehicle ownership may induce additional driving,

traffic congestion, fuel consumption, and pollution.

1.2 Mobility biographies and vehicle ownership

Traditional studies of household vehicle ownership emphasize the relationships among

household characteristics, land-use characteristics, and vehicle ownership, usually at a given

time. Studies in the United States often use cross-sectional datasets such as the National

Household Travel Survey; studies using panel data are rare (Klein and Smart 2017a). Cross-

sectional surveys cannot capture variation within households, however, and cannot assess

the influence of a family’s past experiences without directly asking respondents about them.

Studies using a mobility biography approach, in contrast, emphasize the role of life events,

life-course transitions, and learning processes in shaping a household’s travel behavior

(Scheiner 2017). Mobility biographies are an emerging area in travel behavior research

(Müggenburg, Busch-Geertsema, and Lanzendorf 2015; Scheiner 2017). A growing number

of studies examine factors that contribute to changes in household vehicle ownership,

including sociodemographic factors and life events (Prillwitz, Harms, and Lanzendorf 2006;
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Clark et al. 2014; Oakil et al. 2014).

Studies adopting a mobility biography approach use panel data or retrospective diaries

to construct biographies for respondents with information on life events like marriage and

mobility-related events like vehicle purchases. The studies typically employ descriptive

statistics and regression models to look at differences between two points in time. Some

studies, for example, construct regression models to test the relationship between household

factors and the decision to gain or lose cars between survey waves (Oakil et al. 2014; Klein

and Smart 2019). Researchers measure vehicle ownership using the number of cars owned,

the ratio of vehicles to adults, or the ratio of vehicles to drivers. These studies typically

focus on the number of vehicles available at the household level rather than the individual

level, although research on gender and travel behavior reveals considerable intra-household

variation in access to vehicles (Blumenberg, Brown, and Schouten 2018b).

Most studies using a mobility biography approach examine travel behavior in Europe

(Müggenburg, Busch-Geertsema, and Lanzendorf 2015), where researchers enjoy access to

several national longitudinal household studies with information on vehicle ownership and

travel behavior. These studies have limited application in the American context, however,

because European patterns of automobile use differ significantly from those in the United

States (Buehler 2010). In the United States, only Klein and Smart (2017a, 2019) have

examined vehicle ownership in families over time. Using longitudinal data from the 1999 to

2011 waves of the PSID, they study the characteristics of carless families. They find that

an average of 13 percent of families in each survey wave did not have a car, but only five

percent of families did not have a car for the entire period. While low-income, immigrant,

and minority families were less likely to own cars than other families, carlessness was still

only a temporary state even among families in these demographic groups.

Much of the research on vehicle ownership, whether it employs a traditional or mobility

biography approach, focuses on distinctions between zero-vehicle households and other

households, or on distinctions between having zero cars by choice or by economic circum-

stance (Brown 2017; Mitra and Saphores 2019). Families with at least one car but less
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than one car per driver are more numerous than families with zero vehicles but receive less

attention in the scholarly literature. Blumenberg, Brown, and Schouten (2018b) find that

low-income families in this category, which they term “car-deficit households,” use their

vehicles almost as often and for almost as many miles as low-income households with at

least one car per driver. That said, the authors note that drivers in car-deficit households

must engage in careful negotiations around household vehicle use and that sharing vehicles

can be challenging.

1.3 A case for using sequence analysis

While many mobility biography studies examine short segments of people’s lives or the

influence of discrete events like marriage, fewer studies have examined relationships between

longer-term life courses and travel behavior (Scheiner 2017). Sequence analysis, a collection

of quantitative techniques used to analyze ordered lists of states or events (Abbott 1995),

is a novel approach to examining these relationships. Sequence analysis can complement

existing analytic approaches by giving researchers tools to understand complex life course

processes holistically (Brzinsky-Fay and Kohler 2010). Sequence analysis emerged from

computer science and information theory, offering tools to describe, classify, and compare

state sequences. It also offers tools to make predictions based on a prior sequence or

identify causes for different sequences (Abbott 1995). One can find sequences in many

domains, including computer science (where sequence analysis techniques were developed)

and bioinformatics (to classify DNA, RNA, and peptide sequences). In the social sciences,

one can find sequences in life-course and career trajectories (Abbott 1995); more recently,

researchers have adopted sequence analysis to examine progressions in residential location

and neighborhood change (Delmelle 2015).

In the travel behavior domain, one can conceptualize a household’s vehicle ownership as

a state—for example, a state of carlessness or a state of having one car per adult. That state

can change for economic, residential, life-cycle, or attitudinal reasons. A low-income family
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whose economic fortunes vary, for example, may alternate between states of carlessness or

having a single car. In another example, a couple may transition from owning one car to

owning multiple cars in advance of having a child. Sequence analysis allows researchers to

construct typologies of vehicle ownership patterns or to find differences in vehicle ownership

trajectories among demographic groups or cohorts.

Understanding trajectories of vehicle ownership is relevant for planners and policymakers

who must consider long-term patterns of vehicle ownership and usage for land use planning,

transportation investments, and environmental planning. Understanding the factors that

determine trajectories, such as personal characteristics or precipitating events, can help

in identifying who is likely to change their vehicle ownership—and, equally importantly,

who is not—and in identifying the types of policies or built environment characteristics that

influence people to change. Given the key role that automobiles play in improving economic

outcomes for many low-income households (Blumenberg and Pierce 2014), policymakers

may wish to identify the factors that lead to stability in vehicle access.

Understanding patterns of vehicle ownership can also inform transit planning. Manville,

Taylor, and Blumenberg (2018a) examine the causes of declining transit use in southern

California in the 2000s. They find that increasing vehicle access—especially among low-

income households who use transit most often—was the most significant factor, and more

significant than commonly-cited factors like transit service, fuel prices, and ride-hailing

services.

1.4 A case for studying multi-mobility

While the percentage of households owning at least one vehicle in the United States has been

stable at just under 90 percent since the mid-1990s (Bureau of Labor Statistics 2018), vehicle

ownership per capita continues to rise (Davis and Boundy 2019). Some households have

more than one vehicle per adult, a state that I term “multi-mobility.” Multi-mobility is not

exclusive to the wealthy: Klein and Smart (2017a) find that 6 percent of households living
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below the poverty line own more than one vehicle per adult. According to data from the

2017 National Household Travel Survey, an estimated 24.7 million households in the United

States had more vehicles than members age 18 or older—more than twice the estimated

10.6 million households with zero vehicles (Federal Highway Administration 2017). Despite

the prevalence of these households, a literature search revealed no studies that discussed

them in detail.

A Reddit user in the “r/AskAnAmerican” group asked how common it was for American

families to own more than one vehicle per person (Reddit 2017). The 66 comments offered

a variety of reasons for doing so. Some families keep vehicles for children who are away

at college. Others may have vehicles for business purposes. Others may have vehicles for

specialized uses such as recreational travel, home improvement, hauling, or hunting. Some

may have cars that are not operable but sitting somewhere until the owner can afford repairs

if the cost of obtaining another car is higher than repairing it. Finally, some people may own

multiple cars simply because they like cars and the status of owning certain models.

Members of the Millennial generation (born 1981 to 1996) have lower rates of licensing

and vehicle ownership than earlier generations (Ralph 2017), calling into question whether

multi-mobility will last. Numerous popular media articles assert that Millennials—and,

recently, members of Generation Z born in 1997 or later (Roberts 2019)—have less interest

in car ownership than previous generations, suggesting that multi-mobility may become

less salient due to changing attitudes toward vehicle ownership. At the same time, other

research has shown that economic factors are the primary explanation for lower rates of car

ownership among Millennials (Blumenberg et al. 2012; Klein and Smart 2017b). Moreover,

younger drivers seem to enjoy driving to the same extent as older drivers. A 2018 Gallup

poll found that 76 percent of American drivers age 30 to 49—an age range overlapping

Generation X and Millennials—enjoy driving “a great deal” or “a moderate amount” (Brenan

2018). The percentage is only slightly lower than the 80 percent of drivers age 50 to 64

who also enjoy driving.

Most studies of vehicle ownership look at the absolute number of cars rather than the
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ratio of cars to adults, and even studies that use ratios, like Blumenberg, Brown, and

Schouten (2018b), create an aggregated “one or more vehicle per adult” category (emphasis

mine). This chapter, in contrast, treats “more vehicles than adults” as a distinct analytic

category from “one vehicle per adult.” The difference between the two categories may seem

trivial for travel behavior research, given that a person can drive only one vehicle at a time.

Multi-mobility merits further examination, however, because it has implications for policies

intended to alter vehicle ownership and use. Even if a person cannot drive more than one

car at once, higher levels of vehicle ownership can induce additional driving and pollution.

For example, someone may own a fuel-efficient compact car for the work commute and a

less-efficient truck or SUV for weekend recreational travel. Multi-mobility may also mean

that policies to reduce vehicle ownership may not lead to the expected reductions in daily

trip-making, VMT, or vehicle emissions if people get rid of extra cars used only occasionally.

Multi-mobility also warrants examination because it may also occur outside the United

States. Vehicle ownership per capita has increased with economic growth in the last several

decades around the world (Dargay, Gately, and Sommer 2007). In 2017, the number of

passenger cars per capita exceeded 600 vehicles per 1,000 people in six European Commis-

sion countries (Eurostat 2019), Iceland (Statistics Iceland 2018), and New Zealand (New

Zealand Ministry of Transport 2019).

Outside the United States, multi-mobility has policy implications for governments that try

to impose driving restrictions in attempts to reduce traffic congestion or pollution. Mexico

City, Athens, and other major cities have implemented various driving restrictions—for

example, by restricting driving on certain days based on license plate numbers (Zhang, Lin

Lawell, and Umanskaya 2017). These restrictions prompted some households to buy more

cars to skirt the restrictions. Imposing restrictions on vehicle use without considering multi-

mobility thus may lead to less effective results. Multi-mobile households may respond to

restrictions by using other available cars, defeating the purpose of the restrictions (Sorensen

et al. 2008). Worse, many of the secondary vehicles purchased to skirt the restrictions are

older and emit more pollution than primary vehicles (Sorensen et al. 2008), exacerbating
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the pollution issues the restrictions were intended to curb.

1.5 Data and analysis

To analyze trajectories of household vehicle ownership in the United States, I use data from

the confidential geocoded version of the 2001 to 2017 waves of the PSID. The PSID is a

biennial longitudinal household survey that measures employment, wealth, spending, and

other social factors in American families (Institute for Social Research 2017). In 2017, 9,607

families with 26,445 individuals took part in the survey. In this analysis, family histories are

the unit of analysis rather than individual observations for each family in each survey year

(also called “family-year observations”). The PSID contains information on family vehicle

ownership but does not contain information on daily travel behavior, save for the length of

time family members spend commuting to and from work.

Residential location also influences vehicle ownership and use. For urban residents, access

to public transit reduces vehicle ownership and use (Kim and Kim 2004), although associated

neighborhood factors including lower parking availability, smaller housing units, and higher

accessibility may explain changes in automobile use rather than the transit access itself

(Chatman 2013). Vehicle ownership may also motivate families to live near public transit,

as shown in Glaeser, Kahn, and Rappaport (2008), who find that low-income households

tend to make residential location decisions based on access to public transit. Rural residents,

in contrast, have higher levels of car ownership than urban residents regardless of income,

race, or age (Pucher and Renne 2005). The geocoded version of the PSID contains Census

block groups for the residential location of respondents, allowing me to supplement the

PSID with Census tract-level measures of residential density and transit access.

1.5.1 Defining families and vehicle ratios

The PSID began in 1968, and people have split off from the original survey families and

formed new survey families—sometimes multiple times. This analysis focuses on families
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in the 2001 survey wave, which had 7,406 families. I restrict the sample to families who

report vehicle information for the remaining survey years through 2017. The final sample

has 3,342 family units.

Sequences may be incomplete—in this case, meaning that a family does not have in-

formation recorded for every year from 2001 to 2017—for three reasons. First, sequences

may start late. In the PSID, someone may have moved and started a new family after 2001.

Second, sequences may end early. Families with older members in 2001, for example, may

have nobody alive in 2017. Finally, sequences may have missing data in the middle. If a

family fails to respond to the PSID one year, the PSID staff tries to contact them again in

later years. Ritschard, Gabadinho, and Studer (2012) note that sequences with missing

states are “more the rule than the exception” in the social sciences and that there is no

universal method for dealing with such sequences. In the PSID, vehicle information is almost

complete, assuming that families respond to the survey: in the full dataset with 76,834

family-year observations, 23 observations have missing vehicle data. Only two families in

the PSID have missing vehicle data for more than one survey year.

While data for families that respond may be complete, restricting the sample to families

with sixteen years of complete data may raise questions of selection bias. The PSID has a

high response rate (91 percent overall; 94 percent wave-to-wave), reducing the possibility of

biased estimates. While low-income families have higher attrition rates than higher-income

families in the PSID, Johnson et al. (2018) did not find that the parameter estimates were

biased. Using sixteen years of complete data does reduce the number of families at the older

and younger ends of the age distribution in the 2017 wave, however: some older families

from 2001 will have died, and younger families in 2017 did not exist in 2001.

To measure household-level vehicle access and account for variations in household size, I

construct a “vehicles per adult” ratio, following the example of Klein and Smart (2019). Klein

and Smart (2019) note that using a ratio of an absolute number of vehicles has tradeoffs.

Ratios may yield more insight for examining how members of households negotiate decisions

about sharing cars but make it harder to interpret the effects of events like divorce that
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change the household structure and vehicle ownership ratios at the same time.

The PSID does not identify drivers or ask whether family members have drivers’ licenses,

which complicates analysis using vehicle ratios. Some families measured as having “more

than one car per adult” may have one car per driver or less if they have teenagers with

licenses who drive. Conversely, some families may have a higher ratio of cars to drivers than

measured if not all adults have licenses and drive.

A higher percentage of families in the “more than one car per adult” group do have

teenagers age 16 and 17 than families in other groups (23.0 percent versus 8.3 to 14.4

percent), although three-quarters of the group (77.0 percent) have zero teenagers. Table B.1

in Appendix B shows that the percentage of families with teenagers is highest in 2001 at

30.2 percent and declines to 18.0 percent in 2017. Not all teenagers drive, however, as

illustrated with data calculated from the National Household Travel Survey in Table 1.1.

The percentage has declined from 63.4 percent in 2001 to 49.9 percent in 2017. Further,

given the rise of graduated driver licensing programs (Blumenberg et al. 2012), some of the

teenage drivers cannot legally drive on their own until age 17 or 18. Appendix B contains

supplemental tables with analysis results from this chapter recalculated using the ratio

of vehicles to adults plus teenagers. The results are in line with the results presented in

this chapter, in part because zero-vehicle households are unaffected by a change in the

denominator and because many households have zero teenagers.

Table 1.1: Teenage drivers by year, 2001–2017 (National Household Travel Survey)

Year Age 16 Age 17 Total

2001 59.3% 67.9% 63.4%
2009 49.8% 66.6% 58.2%
2017 40.3% 61.4% 49.9%
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1.5.2 Measuring transit access

While Klein and Smart (2019) used time-invariant measures of transit access, a time-variant

measure of transit access is useful in this analysis because some cities greatly expanded their

transit systems during the study period. Houston, for example, extended a line at the end

of 2013 and introduced two new lines in 2015. Houston also redesigned its bus network

and increased the amount of high-frequency transit service offered (Kassel 2019). Charlotte

offers a more extreme example: before 2007, it had no rail system at all.

To identify transit stations and the year they were constructed, I use a rail station dataset

constructed from the National Transit-Oriented Development (TOD) Database (Center for

Transit-Oriented Development 2012), the Transport Politic Blog (Freemark and Vance 2018),

and other public sources. Planners typically define “walking distance” to a rail station as

a half mile (Guerra, Cervero, and Tischler 2012); I use this threshold distance as well to

measure transit access. While some residents may have gained access to multiple stations

between 2001 and 2017, this analysis considers only whether a resident has access to at

least one rail station within a half mile. The technical appendix contains more information

on the station dataset and calculation methodology.

Because national longitudinal data for bus stops are unavailable, I examine access to

fixed-rail transit only. While the lack of bus data is a drawback, rail data can cover a

substantial share of public transit use. In 2017, rail accounted for almost half (48 percent) of

unlinked passenger trips and slightly more than half (57 percent) of transit passenger miles

in the United States (American Public Transportation Association 2019). Understanding the

effects of TOD—which often involves rail stations in practice, as Chatman (2013) notes—on

vehicle ownership is also a matter of research and policy interest itself.

1.6 Descriptive statistics

Table 1.2 shows descriptive statistics for the 3,342 sampled families by vehicle ratio from 2001

to 2017, making a total of 30,078 family-year observations. In this table, an observation is
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one family in one survey wave. Individual-level statistics like race, ethnicity, and educational

attainment are for heads of families at the start of the analysis period. In a family with

a male and female adult, the PSID identifies the male as the head of the household for

consistency with survey waves from earlier decades.

Table 1.2: PSID family descriptive statistics

Group
Group A
(0 cars)

Group B
(<1 car/adult)

Group C
(1 car/adult)

Group D
(>1 car/adult) All families

Household size 1.7 3.4 2.2 2.5 2.5
Children 0.3 0.6 0.5 0.6 0.5
Age (head) 55.6 54.9 54.8 53.7 54.7
Female-headed 49.0% 14.2% 24.7% 10.2% 22.1%
Median income (2017
dollars)

$18,727 $67,710 $71,709 $89,165 $69,427

White (head) 47.9% 63.9% 81.8% 83.6% 75.9%
Black (head) 38.2% 14.1% 9.1% 9.4% 12.7%
Hispanic (head) 10.6% 15.2% 5.6% 5.1% 7.7%
Asian (head) 1.0% 3.9% 2.0% 0.9% 2.0%
High school graduate
(head)

65.8% 75.5% 89.6% 88.7% 84.7%

College graduate
(head)

12.9% 27.1% 36.2% 31.0% 31.4%

In metropolitan area 81.8% 80.3% 77.8% 67.5% 76.6%
Near rail 19.9% 9.7% 6.7% 3.4% 7.8%
n (family-year) 3,275 6,715 14,433 5,655 30,078

Families with zero cars (group A) have much lower average annual incomes than other

families, including those with less than one car per adult ($18,727 versus $67,710 in 2017

dollars). Household incomes are lower in part because family sizes are smaller: this group

has an average family size of 1.7 versus 2.2 to 3.4 for other groups. More than half of

families (52.1 percent) with zero vehicles are non-white, and over a third (38.2 percent) are

black compared to 9.1 to 14.1 percent in other groups. Nearly half (49.0 percent) of families

with zero cars are headed by a female, versus the next highest value of 24.7 percent for

families with one car per adult. The head of the household is slightly older in this group than

in other groups (55.6 years versus 53.7 to 54.9 years for other groups), but the difference

is not substantively large. Finally, families with zero cars are more likely to live within a
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half mile of rail than any other group, although only one-fifth of families without cars do so

(19.9 percent versus 3.4 to 9.7 percent).

Families with at least one car but less than one car per adult in the sample (group B) have

more than twice the combined income of families with zero cars ($67,710 versus $18,727).

They also have the largest average family size of all groups (3.4 persons versus 1.7 to 2.5

persons for other groups). The percentage of non-white families is 36.1 percent, a lower

percentage than in the “zero cars” group. Asian American families in the sample account

for less than 2 percent of other groups but account for 3.9 percent of families in this group.

A higher percentage of families in this group are Hispanic (15.2 percent) than in the other

groups (5.1 to 10.6 percent) as well. Less than a tenth of families in this group (8.1 percent)

have rail station access.

Families with exactly one car per adult (group C) have the highest rates of educational

attainment, as measured by the percentage of families headed by someone with a college

degree (36.2 percent versus 12.9 to 31.0 percent). Families in this group also have the second-

highest percentage of families headed by a female (24.7 percent). One explanation may

be mathematical: a female-headed household is more likely to be a single-adult household

than a male-headed household, given how the PSID identifies the head of the household,

and a ratio of “at least one car but less than one car per adult” is impossible for a single-adult

household. White families account for four-fifths (81.8 percent) of families in this group.

Finally, families with more than one car per adult (group D), or “multi-mobile” families,

have higher incomes than all other households ($89,165). Like group C (1 car per adult),

more than four-fifths (83.6 percent) of families in this group are white. Multi-mobile families

are also the least likely to live near rail (3.4 percent of families).

1.6.1 Visualizing histories of household vehicle ownership

With four states of vehicle ownership and nine survey waves, one can theoretically form up

to 49, or 262,144, unique histories or sequences. The 3,905 households in this analysis have

2,054 unique sequences. Attempting to describe more than 2,000 unique histories would be
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Figure 1.1: Family histories of vehicle ownership (first ten families), 2001–2017

an enormous undertaking while being unlikely to offer much insight.

A first step in understanding the histories of household vehicle ownership is finding a

way to represent them visually. Textually, one can represent sequences using short notation

resembling a DNA sequence: for example, a family that has zero cars (group A) for three

waves and then has one car per adult (group C) for two waves would have a sequence of

“AAACC.” Stacking a series of sequences top of each other to view patterns naturally leads to

more graphics-oriented forms of visualization. A household’s history of vehicle ownership

can be visualized as an index plot, which displays sequences as horizontal sets of bars; the

colors in the bars correspond to states in the sequences. Figure 1.1 shows sequences of

vehicle ownership from 2001 to 2017 for the first ten families in the PSID by interview

ID. These ten histories show multiple states, transitions, and timings, including periods in

which families have more cars than adults—a more frequent state for these ten families than

having zero cars.

Some sequences occur much more often within the sampled households than others.

Figure 1.2 illustrates the ten most frequent sequence patterns for household vehicle own-

ership, which represent nearly one fifth (18.2 percent) of families in the analysis. The

results are weighted by the PSID longitudinal family weight, and the heights of the bars are

proportional to the weight. Figure 1.2 shows that ratios of car ownership are remarkably
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Figure 1.2: Ten most frequent sequences of vehicle ownership, 2001–2017

stable for most families: four of the top five patterns show no changes over the eighteen

years, and the remaining pattern shows only one change, from “less than one car per adult”

in 2001 to “one car per adult” in 2003. The most frequent pattern is keeping one car per

adult for the entirety of the survey, which 10.1 percent of families did. The second most

frequent pattern is having more than one car per adult for the entirety of the survey. While

the third most frequent pattern is having zero cars for the entirety of the survey, none of the

other nine patterns show any periods of carlessness.

A caveat to this finding is that using the PSID to derive sequences may overestimate

measures of the constancy of car ownership. Because the PSID shifted from an annual survey

to a biennial survey in 1997, this analysis cannot consider the cases of families changing car

levels for less than two years between survey periods. Other work suggests that the degree

of underreporting is not large. Klein, Smart, and Basu (2019), presenting preliminary work

based on a study of families who experienced at least one period of carlessness, find that

the average gap lasted 2.9 years and the median gap lasted 1.3 years.
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1.6.2 Measuring complexity of ownership histories

A first step in measuring the complexity of ownership histories is calculating the average

time that families spend in each of the four states over the nine survey periods. Families stay

the longest in the “one car per adult” state, for 4.8 survey periods or just under 10 years.

The average time spent in the “more than one car per adult” and “less than one car per

adult” stages are nearly identical (1.8 and 1.7 survey periods). Finally, households spend

the shortest time in the zero-car state: the average time spent in carlessness is 0.75 survey

periods or approximately 18 months. This echoes the findings of Klein and Smart (2017a),

who find that carlessness is only a temporary condition for most families.

Another way to assess the complexity of ownership histories is by using the transition

rate, which reveals the most frequent state changes and measures the relative stability

of each state. Table 1.3, which shows transition rates for the sixteen possible transitions

between survey waves, shows that the most stable state is having one car per adult. The

probability that a family in that state stays in the state in the next survey period is 0.76. The

next most stable state is having zero cars (0.73), followed by “more than one” (0.63) and

“less than one” (0.62). The probabilities of transitions where families gain cars are higher

than the probabilities of transitions where families lose cars.

Table 1.3: Transition rates between vehicle ownership states

From/To A (0 cars) B (<1 car/adult) C (1 car/adult) D (>1 car/adult)

A (0 cars) 0.73 0.11 0.13 0.02
B (<1 car/adult) 0.05 0.62 0.28 0.05
C (1 car/adult) 0.02 0.1 0.76 0.11
D (>1 car/adult) 0.01 0.06 0.3 0.63

These transition rates are in line with research showing asymmetrical effects for car

ownership. For example, Dargay (2001) shows asymmetrical income elasticities for own-

ership. The likelihood of increasing ownership after events like moving to the suburbs or

gaining income is higher than the likelihood of decreasing ownership after opposite events

like moving to the city or losing income. In the latter case, owning a car may become more
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Figure 1.3: Entropy index by year, 2001–2017

important to someone seeking new employment. Because the ownership states involve ratios

of vehicles to adults rather than numbers of vehicles, these transition measures account for

events like marriage or divorce that change household sizes.

Household vehicle ownership is not only stable in general but also mostly stable over

time. One measure of stability for a sequence is Shannon entropy, which measures the

uncertainty of predicting the next states in a sequence. The entropy index has increased

only slightly from 0.84 in 2001 to 0.88 in 2017 (Figure 1.3), showing that changes have not

become substantially more over time, even in 2007 and 2009 during the Great Recession.

1.7 Typologies of family vehicle ownership

Life-course studies, which investigate the diversity of life trajectories (Elder 1994), often

create typologies to help make sense of these trajectories (Dorsett and Lucchino 2014).

Optimal matching (OM) methods are the most common techniques used to create typologies

of sequences (Abbott and Tsay 2000). OMmethods measure dissimilarity between sequences

with algorithms accounting for sequence order and length. The resulting measures can then

be used to group the sequences using standard cluster analysis techniques.

Cluster analysis with sequences, like any other form of cluster analysis, involves sub-
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jective judgment. Dorsett and Lucchino (2014), who use OM to construct a typology of

school-to-work transitions, describe the process of identifying groups as “an empirically

informed subjective decision” and warn that arbitrary decisions may lead to results that

“lack sociological meaning.” They caution readers that their resulting descriptions of groups

are not absolute, even as they try to make informed choices in setting the parameters for

measuring dissimilarity and grouping observations. Similarly, the results in this analysis

involve a degree of subjectivity; other work with sequence analysis may yield a different

typology of vehicle ownership trajectories.

1.7.1 Vehicle trajectory groups

After calculating OM distances for the sequences, I use Ward’s method, also known as the

method of minimum variance (Ward 1963), to cluster the trajectories into seven groups.

Figure 1.4 shows index plots for families in each group. Although each group shows

heterogeneity, the plots also show distinct patterns in vehicle ownership.

While the clusters are the same size in the visualization, families do not have an equal

probability of belonging to each cluster (Table 1.4). The largest cluster is “fully equipped,”

to use the term from Blumenberg, Brown, and Schouten (2018b), with 40.1 percent of

families (Table 1.4). More than two thirds (70.2 percent) of the families belong to one of

the four clusters characterized by stability (“fully equipped,” “sharing cars,” “multi-mobile,”

and “mostly carless”).

Table 1.4: Groups of vehicle ownership trajectories

Group Percentage Typical trajectory

Fully equipped 27.3% Has one car per adult for most or all years
Losing access 18.9% Starts with one car per adult then later has fewer than one car

per adult
Becoming multi-mobile 17.5% Switches between having one car per adult and having more

than one car per adult
Gaining access 10.4% Starts with fewer than one car per adult then later has one car

per adult
Multi-mobile 10.0% Has more than one car per adult for most or all years

21



Group Percentage Typical trajectory

Sharing cars 8.7% Has at least one car but less than one car per adult for most
years; includes some families that occasionally have one car
per adult

Mostly carless 7.1% Starts with one car per adult then later has fewer than one car
per adult

1.7.2 Household characteristics by vehicle group

Table 1.5 shows the characteristics of families in the seven trajectory groups in 2001 and

2017. Four of the groups have stable vehicle ownership patterns, and their characteristics

resemble the characteristics of families classified by vehicle group in Table 1.2. Families

in the “mostly carless” group, for example, have lower median incomes in 2017 ($18,142)

than those in the “sharing cars” group ($48,909), who have the second-lowest incomes. One

unexpected finding is that families in the “becoming multi-modal” group, which alternates

between having one car per adult and more than one car per adult, have the highest median

incomes of any trajectory group, including the “multi-modal” group. A smaller share of

families in the “multi-modal” and “becoming multi-modal” groups live in metropolitan areas

(62.2 and 68.4 percent) than do other groups (72.4 to 79.6 percent).

Table 1.5: Characteristics of groups

Group
Fully
equipped

Becoming
multi-
mobile

Multi-
mobile

Sharing
cars

Gaining
access

Losing
access

Mostly
carless

Owns 0 cars/adult
(2001)

7.2% 8.6% 5.0% 8.6% 6.3% 7.3% 13.4%

Owns <1 car/adult
(2001)

15.9% 17.4% 15.8% 23.7% 18.2% 19.4% 19.0%

Owns 1 car/adult
(2001)

56.7% 54.5% 55.9% 49.9% 54.9% 53.0% 45.0%

Owns >1 car/adult
(2001)

20.2% 19.6% 23.3% 17.9% 20.6% 20.2% 22.6%

Household size (2001) 2.6 2.6 2.6 2.7 2.7 2.6 2.7
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Group
Fully
equipped

Becoming
multi-
mobile

Multi-
mobile

Sharing
cars

Gaining
access

Losing
access

Mostly
carless

Household size (2017) 2.2 2.3 2.4 2.5 2.4 2.4 2.4
Median income (2001;
2017 dollars)

$70,705 $67,846 $73,436 $78,063 $81,692 $70,615 $70,647

Median income (2017) $63,983 $67,161 $59,831 $72,883 $74,742 $70,739 $69,158
In metropolitan area
(2001)

74.7% 76.5% 73.3% 78.5% 75.8% 73.7% 70.1%

In metropolitan area
(2017)

81.3% 81.0% 78.9% 86.2% 83.9% 82.6% 83.8%

Does not own home
(2001)

30.6% 31.2% 31.3% 30.9% 31.0% 32.1% 37.0%

Does not own home
(2017)

25.6% 22.5% 24.1% 24.5% 22.2% 26.1% 25.3%

Near rail (2001) 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Near rail (2017) 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
White (head) 78.4% 77.0% 76.2% 77.0% 74.0% 77.9% 72.2%
Black (head) 13.1% 12.6% 9.6% 13.8% 12.3% 11.5% 15.8%
Hispanic (head) 3.6% 5.2% 9.6% 4.0% 6.8% 5.4% 8.1%
Asian (head) 1.6% 2.5% 1.6% 2.4% 3.4% 2.1% 1.3%
Immigrant 4.2% 7.0% 8.2% 7.2% 8.9% 6.8% 9.4%
High school graduate
(2017)

89.9% 86.2% 86.6% 89.1% 87.1% 86.2% 86.5%

College graduate
(2017)

35.7% 31.4% 30.7% 34.2% 38.3% 33.4% 29.3%

n (families) 854 573 314 290 363 671 277

The “losing access,” “sharing cars,” and “mostly carless” groups have larger percentages

of non-white families (30.0 to 44.1 percent) than the other groups. The percentage of black

families in the “mostly carless” group nearly equals the percentage of white families (42.7

versus 45.1 percent). The largest shares of Hispanic families are in the “sharing cars” group

(16.1 percent) and the “mostly carless” group (9.0 percent). The largest shares of Asian

families are in the “sharing cars” group (3.3 percent) and the “losing access” group (3.0

percent).

The percentage of households with immigrant household heads is higher in the “sharing

cars” group (22.8 percent) and the “losing access” group (12.7 percent) than the other

groups (3.0 to 8.8 percent). This result is consistent with previous research showing that
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Mostly carless

Sharing cars Gaining access Losing access

Fully equipped Becoming multi-mobile Multi-mobile

2001 2005 2009 2013 2017

2001 2005 2009 2013 2017 2001 2005 2009 2013 2017

A (0 cars) B (<1 car/adult) C (1 car/adult) D (>1 car/adult)

Figure 1.4: Index plots of vehicle ownership by trajectory group
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immigrant families in the United States have lower levels of car ownership than native-born

families (Tal and Handy 2010) and that Hispanic immigrants are more likely to use transit

than non-immigrants even after staying in the United States for long periods (Blumenberg

and Shiki 2007).

While lower levels of educational attainment are correlated with lower levels of vehicle

ownership, higher education levels do not translate into the highest levels of vehicle own-

ership. Members of the “mostly carless” group have the lowest percentage of high school

graduates (65.8 percent) and college graduates (12.0 percent), followed by the “sharing

cars” group (72.4 percent for high school; 18.9 percent for college). The “fully equipped”

group has the highest percentage of college graduates (41.2 percent) rather than a group

with multi-mobility. The “losing access” group has a slightly higher percentage of college

graduates than the “multi-modal” group (31.0 percent versus 30.3 percent) as well.

1.7.3 Representative sequences

Two ways to describe vehicle ownership trajectories in a group are to describe the most

frequently occurring patterns or to describe patterns identified in visual representations, as

done earlier. A third way is to find small sets of unique “representative” sequences showing

the key features of each group (Gabadinho, Ritschard, Studer, et al. 2011). Gabadinho,

Ritschard, Studer, et al. (2011) developed a heuristic to identify representative sequences

that cover a minimum percentage of “nearby” sequences. Table 1.6 shows representative

sequences derived using this heuristic with a 20-percent coverage threshold.

For the four sequence groups marked by stable levels of car ownership (“fully equipped,”

“multi-mobile,” “sharing cars,” “mostly carless”), only one representative sequence is neces-

sary: a sequence with constant ownership at the given level. The representative sequences

for the “gaining access” group have two to four waves of owning less than one car per adult

at the start, then have waves of owning one car per adult. The representative sequences for

the “losing access” group only two waves of owning less than one car per adult near the end.
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Table 1.6: Representative sequences (20-percent coverage threshold)

Cluster Representative sequence(s)

Fully equipped C-C-C-C-C-C-C-C-C
Becoming multi-mobile C-C-C-C-C-C-D-D-D

C-C-C-C-C-D-D-C-C
C-C-C-C-D-D-D-D-D

Multi-mobile D-D-D-D-D-D-D-D-D
Sharing cars B-B-B-B-B-B-B-B-B
Gaining access B-B-B-B-C-C-C-C-C

B-B-C-C-C-C-C-C-C
C-B-B-B-B-C-C-C-C

Losing access C-C-C-C-C-C-B-B-B
C-C-C-C-B-B-B-B-B
C-C-C-C-C-B-C-B-B
C-C-C-C-C-B-B-B-C
C-C-C-B-C-B-B-B-B

Mostly carless A-A-A-A-A-A-A-A-A

1.8 Modeling of vehicle ownership trajectories

Having established a typology of vehicle ownership, I use statistical modeling to explore

how the baseline characteristics of a household—here, the household’s characteristics in

2001—affect the probability of taking a certain trajectory type. Previous literature has

examined how household characteristics or life events affect the probability of adding or

removing a car in the following survey wave (Klein and Smart 2019). The modeling here is

more general, in that it explores the associations between a family’s characteristics and its

vehicle ownership trajectory.

I use multinomial logit regression to predict the probability of a household ending up in

one of the trajectory groups, relative to a reference trajectory group. The model controls

for a range of sociodemographic factors that research has shown to be associated with

vehicle ownership, including income (Pucher and Renne 2003; Blumenberg and Pierce
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2012) and race and ethnicity (Klein and Smart 2017a). The model also includes controls for

residential density and access to rail stations because the built environment can influence

vehicle ownership and travel behavior even after accounting for the effects of residential

self-selection, although the practical effect may be limited (Cao, Mokhtarian, and Handy

2009). Finally, the model includes the initial level of vehicle ownership as an independent

variable because it limits the trajectories families can take. Families with zero vehicles,

for example, cannot lose automobile access; instead, they can only gain access. Similarly,

although multi-mobility is possible as shown in the earlier analysis, families have practical

constraints given their finances, available parking space, or ability to use multiple cars.

Inertia and lag also may influence the trajectories households take. Vehicles are durable

goods and key assets for families (Bricker et al. 2017). Even if family circumstances change,

families may take time to purchase vehicles or may hold off on selling them. Data from

J.D. Power show that many families take weeks just to decide what car to buy: Baby

Boomers spend an average of 15.7 weeks, and Millennials spend an average of 16.9 weeks

(AutoGuide.com 2016). Inertia and lag may lead to households keeping the same level of

vehicle ownership for longer periods than expected.

Because “fully equipped” is the most common group, I use it as the reference group. This

modeling establishes correlation rather than causality (Dorsett and Lucchino 2014) but still

is of potential interest to policymakers given that it may identify populations that either can

be induced to reduce vehicle ownership or may need intervention to ensure a stable level of

vehicle ownership.

Table 1.7 shows the results of the regression model, with odds ratios for families being

in a given trajectory group relative to the “fully equipped” baseline group. All reported

coefficients are significant at the p < 0.01 level. The model has a McFadden pseudo-R-

squared value of 0.23, showing that it has considerable unexplained variation. This variation

is to be expected, given that some determinants of vehicle ownership like income can change

greatly for households over sixteen years.
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Table 1.7: Trajectory modeling results (“fully equipped” as baseline)

Variable

Becoming
multi-
mobile

Multi-
mobile

Sharing
cars

Gaining
access

Losing
access

Mostly
carless

Vehicle ratio (base
category “1
car/adult”)
More than 1
car/adult

1.11 1.14 0.96 1.13 1.22 1.45

Less than 1 car/adult 1.10 0.97 1.55 1.03 1.52 1.72
Zero cars 0.93 0.65 1.17 0.76 1.10 1.84

Race (head; base
category “white”)
Asian 1.16 0.64 1.09 1.74 1.22 0.85
Black 0.96 1.10 0.78 1.25 1.21 1.32
Hispanic 1.19 3.36 0.97 1.92 1.32 1.82
Native or other 1.03 1.17 0.59 1.51 1.15 1.38

Number of family
members

1.00 0.97 1.02 0.96 0.95 0.92

Income (log) 0.99 1.10 1.01 1.10 1.11 0.95
Female-headed 1.16 1.06 0.97 0.95 0.95 0.75
High school graduate 1.05 1.05 1.04 1.04 1.04 0.98
College graduate 1.00 0.97 1.00 1.00 1.00 0.98
Within half mile of
rail

1.26 0.98 1.57 1.23 1.17 0.71

Density (log) 1.02 0.97 1.06 1.04 0.99 1.05
Not a homeowner 0.98 1.05 0.92 0.82 0.93 0.90
Age 0.98 1.02 1.00 0.96 0.96 1.01
Age squared 1.00 1.00 1.00 1.00 1.00 1.00

Constant 0.84 0.10 0.29 0.39 0.95 0.55
Akaike Inf. Crit. 12,372.68 12,372.68 12,372.68 12,372.68 12,372.68 12,372.68

The variable with the greatest overall effect is the level of vehicle ownership a family has

at the start of the survey. The starting ratios are highly significant predictors of probability

for all trajectory groups. Starting with zero vehicles, for example, increases the odds of

being in the “mostly carless” group; similarly, starting with more than one vehicle per adult

increases the odds of being in the “multi-mobile” group. Higher incomes reduce the odds of
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being in the “losing access,” “sharing cars,” and “mostly carless” groups, as expected, yet

also reduce the odds of being in the “multi-mobile” group. Education has no effect in most

cases, although college graduates have lower odds of being in the “mostly carless” group.

Race and ethnicity influence vehicle ownership trajectories even after controlling for

income and other socioeconomic variables. Black families have higher odds of being in the

“losing access” and “mostly carless” groups. At the same time, they have higher odds of

being in the “multi-mobile” and “becoming multi-mobile” groups than white families, which

is difficult to explain. Asian and Hispanic families, in contrast, have lower odds of being in

the “becoming multi-mobile” and “multi-mobile” groups and higher odds of being in the

“losing access” and “sharing cars” groups.

Neighborhood characteristics also affect vehicle trajectories. Living within a half mile

of rail increases the odds of being in the “mostly carless” and “losing access” groups and

decreases the odds of being in the “becoming multi-mobile” and “multi-mobile” groups.

Higher residential densities also reduce the likelihood of multi-mobility.

1.9 Discussion and conclusion

This analysis used sequence analysis techniques to describe household trajectories of vehicle

ownership and create a typology of groups of households who have broadly similar ownership

experiences. The analysis also used a multinomial logit model to test the extent to which

a household’s starting characteristics influence the probability it takes different types of

trajectories.

One of the most striking results of the analysis is the stability of car ownership levels

across time for most households. As noted, Klein and Smart (2017a) have shown that

carlessness is usually a temporary state at most, even in lower-income households. These

results build on their research by showing that people rarely change their levels of car

ownership even at other levels of vehicle access—including the “more than one vehicle per

household” level. These results suggest that policies intended to reduce driving, VMT, and
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emissions by reducing vehicle ownership face significant challenges.

Given that vehicle access improves employment and economic outcomes for most Amer-

ican families (Baum 2009), including families living in major metropolitan areas, the

persistently low levels of vehicle ownership observed in some households poses a policy

challenge. Policymakers face a dilemma: while promoting vehicle ownership can address

the needs of the most economically disadvantaged, it faces opposition on welfare policy

grounds (from those who oppose expanding welfare) as well as opposition on environmental

grounds (Wachs and Taylor 1998).

The persistently high levels of vehicle ownership observed in other households poses a

policy challenge as well, in that high levels of vehicle ownership may contribute to excess

traffic congestion and greenhouse gas emissions. In the United States, policymakers have

attempted to reduce vehicle ownership by promoting carpooling and ridesharing (Shaheen,

Cohen, and Roberts 2006), as well as by investing in transit and transit-oriented development

in the hopes of letting people live car-free or car-light lifestyles (Dittmar and Ohland 2012).

The stable levels of high vehicle ownership in this analysis show, however, that people rarely

give up vehicles after acquiring them.

Given existing transportation policy, in which people travel and park for most of their

trips with few direct costs for road use or vehicle storage, it is perhaps unsurprising that

few people change their levels of car ownership even when their economic circumstances

change. Households also keep vehicles longer now than even in the recent past, with

design improvements allowing for longer operation. From 2007 to 2012, the average

age of household vehicles in the United States increased from 10.1 years to 11.3 years

(Pfirrmann-Powell 2014).

Future studies on vehicle ownership can use sequence analysis in multiple ways. First,

researchers can examine trajectories within population subgroups of interest, especially

low-income households. Second, future work can inform or serve as inputs for modeling

long-range transportation plans. Data from regional household panel travel surveys would

be especially useful for modeling.
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From a statistical modeling perspective, having a low McFadden’s pseudo-R-squared

(0.23) for the multinomial logit model is disappointing. From a policy perspective, however,

the results are encouraging in that they suggest that there is some variation in a family’s

trajectory of vehicle ownership—and perhaps some ability for policy to influence that

trajectory. At the same time, policymakers must be sensitive to the fact that there is

considerable heterogeneity among families who alter their levels of car ownership for an

extended period. Future analysis involving sequence analysis can explore this heterogeneity.
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CHAPTER 2

Trajectories of Family Vehicle Ownership by Social Group

Abstract: This chapter examines trajectories of family vehicle ownership by

social group using sequence analysis techniques and longitudinal data from

the Panel Study of Income Dynamics. The analysis examines differences by

household income, race, ethnicity, family structure, and immigrant status from

2001 to 2017, and differences by birth cohort (Baby Boomers, Generation X, and

Millennials) from ages 22 to 30. Most population groups show a high degree of

stability in vehicle ownership. Vehicle ownership is only marginally less stable

in low-income households than in upper-income households, in part because

upper-income households transition between having one car and more than

one car per adult. The birth cohort analysis suggests that, after controlling for

other socioeconomic factors, Millennial families have higher likelihoods relative

to Generation X families of entering vehicle ownership trajectories marked by

sharing cars or owning no cars.

2.1 Introduction

Disparities in vehicle access among low-income and minority groups contribute to disparities

in employment and economic outcomes (Raphael and Stoll 2001; Ong 2002; Gautier and

Zenou 2010; Blumenberg and Pierce 2014). Understanding differences in trajectories of

vehicle access among social groups may suggest ways to reduce disparities in employment

and wealth accumulation. Using sequence analysis and longitudinal data from the 2001 to

2017 waves of the Panel Study of Income Dynamics (PSID) to study vehicle ownership for a
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nationally representative sample of families, I investigate three research questions related

to trajectories of vehicle ownership in different social groups:

1. What trajectories of vehicle ownership do different social groups tend to take?

2. How do the stability and diversity of ownership trajectories differ among social groups?

3. How do ownership trajectories in young adulthood differ by birth cohort?

This chapter contributes to several overlapping bodies of research examining vehicle

ownership and travel behavior as they relate to household income, race, ethnicity, gender,

and birth cohort. Researchers have explored many dimensions of these topics in depth and

highlighted differences in travel behavior—differences that persist even after controlling

for income—but have rarely examined differences in vehicle ownership among groups over

the life course. The analysis in this chapter complements previous research by offering a

holistic perspective of ownership trajectories.

2.2 Techniques for studying vehicle ownership by social group

Research on vehicle ownership by socioeconomic factors tends to employ repeated cross-

sectional data to examine changes in vehicle ownership. Repeated cross-sectional surveys

allow for estimates of changes at the group level for population groups of interest, but

do not measure changes for individuals within the group. Typical sources of data include

travel behavior datasets like the National Household Travel Survey or general social surveys

like the American Community Survey. Carlessness and economic outcomes tied to vehicle

ownership are of special interest to researchers, with studies examining carlessness by

income (Blumenberg and Pierce 2012), race, ethnicity (Raphael and Stoll 2001; Raphael,

Berube, and Deakin 2006), and birth cohort (Ralph 2017), among other factors. Researchers

typically use the absolute number of vehicles as the measure of interest, although some use

the share of vehicles per adult in the household.
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A few scholars have employed panel datasets to examine differences in vehicle ownership

by population group. For example, Klein and Smart (2017a) examine seven waves of PSID

data from 1999 to 2013 and summarize carlessness across all seven waves, carlessness across

“some” waves, and carlessness across no waves. They also employ descriptive statistics to

examine changes in the number of vehicles from one wave to the next. Several questions

outside the scope of the study arise for households with vehicle ownership for “some” waves.

Do they start with carlessness and transition to car-having after some period? Do they

transition in and out of car-having multiple times during the seven survey waves? How long

do they remain carless on average? How often do they transition to and from other states of

car ownership, like owning two vehicles?

Answering these questions with traditional statistical analysis poses several difficulties.

A survey with multiple waves can quickly yield an overwhelming number of combinations

for tabulation and analysis. A simple binary outcome like “owning one or more vehicles”

studied over seven survey waves like in Klein and Smart (2017a) yields 27 or 128 potential

combinations for households; adding a third outcome yields 2,187 combinations. Tabulating

individual combinations would not only be unwieldy, with many combinations having

insufficient sample sizes, but also would not offer many insights because some differences

in combinations (for example, Yes-Yes-Yes-Yes-No-Yes-Yes versus Yes-Yes-Yes-No-Yes-Yes-Yes)

may not be meaningful for the analysis.

2.3 Complexity and diversity

Employment and family life courses have become more complex for individuals over time

(McMunn et al. 2015). Life courses have become more de-standardized as well, meaning

that differences in life courses among individuals have increased (McMunn et al. 2015). On

the one hand, vehicle ownership may have become correspondingly more complex. On the

other hand, stable levels of vehicle ownership may facilitate the increase in complexity in

other life domains by allowing people to change jobs and residential locations more easily.
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Individuals with vehicles have much greater access to employment than people who rely on

public transit, even as cities continue to increase their investments in transit (Shen 2001;

Kawabata and Shen 2007; Ong and Gonzalez 2019).

Recent developments in transportation technologies and travel behavior also may affect

the complexity of vehicle ownership patterns. Households may have greater complexity of

travel behavior over time, for example, if they use ride-hailing services like Uber and Lyft to

provide mobility in place of a private vehicle. At the same time, the effects of ride-hailing and

other emerging mobility services on travel behavior should not be overstated. Three-quarters

of ride-hailing adopters use the services a few times per month or less (Clewlow and Mishra

2017), and research suggests that most people who use the services have not changed their

levels of vehicle ownership, especially if they do not also use transit (Clewlow and Mishra

2017). These findings suggest that ride-hailing services may not have large effects on vehicle

ownership patterns.

Income volatility, or the degree to which a family’s income varies, may further contribute

to complexity in vehicle ownership trajectories. Income volatility from year to year has

risen for families since the 1970s (Dynan, Elmendorf, and Sichel 2012), and volatility from

month to month has increased as well (Hannagan and Morduch 2015). The relationship

between vehicle ownership and income volatility is not immediately clear. On the one

hand, vehicle ownership may insulate against income shocks by ensuring that people retain

access to employment and other opportunities. In the most desperate of cases, people

who cannot afford rent may live in their cars; the car offers mobility and storage (Wakin

2008; Redshaw 2017). On the other hand, vehicle ownership levels may change as income

fluctuates and people need to sell their cars or end up having them repossessed if they miss

a payment. Vehicle ownership may even exacerbate financial volatility if families need to

pay for unexpected and expensive repairs or if vehicle ownership precludes a family from

receiving public assistance due to vehicle asset limits, which vary by state (Laird and Trippe

2014).
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2.4 Data and analysis

This research uses sequence analysis to examine trajectories of family vehicle ownership

by social group in two parts. In the first part, I examine trajectories by income quintile,

race, ethnicity, family structure, and immigration from 2001 to 2017. In the second part,

I examine trajectories by birth cohort (Baby Boomer, Generation X, and Millennial) from

ages 22 to 30. The analysis uses data from the confidential geocoded version of the 1969

to 2017 waves of the PSID, supplemented with measures of residential density and transit

access. The PSID is a biennial longitudinal household survey that measures employment,

wealth, spending, and other social factors in American families (Institute for Social Research

2017). The PSID, which emerged from an effort to assess President Lyndon Johnson’s War

on Poverty, has an oversampling of low-income households (McGonagle et al. 2012), making

it especially useful for studying vehicle ownership in low-income groups.

To quantify the complexity of vehicle ownership for families, I compute two measures

found in the literature and in the TraMineR sequence analysis package for R. These measures

account for how many states and transitions a given sequence has, as well as the duration of

the states (Elzinga 2010). The first measure is the complexity index, a composite measure

based on the number of transitions and the longitudinal entropy of the sequence (Gabadinho,

Ritschard, Müller, et al. 2011). The second measure, introduced in Elzinga and Liefbroer

(2007) and developed in Elzinga (2010), is Elzinga’s turbulence, based on the number of

distinct subsequences, or contiguous parts within a sequence. For example, the sequence

A-B-A-B-A-B has 12 distinct subsequences and is less complex than the sequence A-B-C-D-E-F,

which has 22 distinct subsequences (Elzinga 2010).

2.5 Income, race, ethnicity, and family structure

In the first part of the analysis, I focus on the 2001 survey wave, which had 7,406 families,

and restrict the sample to families who report vehicle information for the remaining survey

years through 2017; the final sample has 3,342 family units. To measure levels of vehicle
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ownership, I construct a “vehicles per adult” ratio instead of using the number of vehicles.

The ratio has four levels, as shown in Table 2.1. Klein and Smart (2019) note that using a

ratio instead of a number has tradeoffs: ratios may better capture family decision-making

about owning a car, but car ownership may stay the same even when the household structure

does not change. I discuss the tradeoffs of using adults in the ratio rather than adults and

teens in Chapter 1.

Table 2.1: Vehicle ownership ratios

Ratio Description

A Zero cars
B More than zero but less than one car per adult
C One car per adult
D More than one car per adult

To classify the trajectory that a family’s vehicle ownership takes, I use the seven-group

typology developed in Chapter 1 (Table 2.2). To measure transit access, I employ a dataset

based on the National Transit-Oriented Development (TOD) Database (Center for Transit-

Oriented Development 2012), as described in the data appendix.

Table 2.2: Groups of vehicle ownership trajectories

Group Percentage Typical trajectory

Fully equipped 27.3% Has one car per adult for most or all years
Losing access 18.9% Starts with one car per adult then later has fewer than one

car per adult
Becoming multi-mobile 17.5% Switches between having one car per adult and having more

than one car per adult
Gaining access 10.4% Starts with fewer than one car per adult then later has one

car per adult
Multi-mobile 10.0% Has more than one car per adult for most or all years
Sharing cars 8.7% Has at least one car but less than one car per adult for most

years; includes some families that occasionally have one car
per adult

Mostly carless 7.1% Starts with one car per adult then later has fewer than one
car per adult
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2.5.1 Income

Vehicles are the most frequently held non-financial asset in American households (Bricker

et al. 2017) and play an important role in improving economic outcomes for many low-

income households (Ong 2002; Blumenberg and Pierce 2014). Lower-income households

own fewer vehicles and are more likely to have zero cars than higher-income households

(Pucher and Renne 2003; Blumenberg and Pierce 2012). At the same time, the effects of

income on vehicle ownership are asymmetric: households are more likely to purchase cars

when their incomes rise than they are to shed cars when their incomes decline (Dargay

2001).

An emerging body of research explores carlessness in lower-income households (Klein

and Smart 2017a), including the financial aspects of vehicle ownership. For example,

subprime vehicle lenders lend disproportionately to low-income and minority households at

high interest rates, which can lead to repossession as households fall behind on payments

(Blumenberg, Brumbaugh, and Pollard 2018). Cross-sectional data cannot capture this

instability within financially vulnerable households, however.

Table 2.3 presents descriptive statistics for PSID families by income quintile at the start

of the analysis in 2001. The gap in median income between the bottom and second income

quintiles decreases from $20,847 (in 2017 dollars) in 2001 ($37,739 minus $16,892) to

$13,488 in 2017 ($36,202 minus $22,714), but remains relatively large. A larger percentage

of families in the bottom quintile are black and Hispanic (28.4 and 11.1 percent) than in the

other quintiles. The percentage of families living near rail increased to around 10 percent

for the bottom, second, and top quintiles, but decreased to around 6 percent for the third

and fourth quintiles. The number of vehicles per household did not change noticeably from

2001 to 2017 in any of the income quintiles, despite household sizes decreasing noticeably

in the fourth and top quintiles.
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Table 2.3: Descriptive statistics by 2001 family income quintile

Variable
Bottom
quintile

Second
quintile

Third
quintile

Fourth
quintile

Top
quintile

Maximum income (2001; 2017 dollars) $32,320 $55,852 $84,461 $129,808 -
Vehicles (2001) 1 1.5 1.8 2.2 2.5
Vehicles (2017) 1.1 1.5 1.9 2.1 2.4
Age (2001) 44.6 44.4 45.5 45.1 47.9
Household size (2001) 2 2.2 2.4 2.9 3.1
Household size (2017) 2.2 2.2 2.3 2.5 2.5
Children (2001) 0.7 0.6 0.6 0.8 0.8
Median income (2001; 2017 dollars) $16,892 $37,739 $60,895 $92,769 $166,154
Median income (2017) $22,714 $36,202 $56,000 $83,690 $132,446
White (head) 56.2% 68.8% 75.4% 83.7% 88.4%
Black (head) 28.4% 17.1% 12.6% 8.7% 4.2%
Hispanic (head) 11.1% 10.0% 6.2% 3.2% 0.9%
Asian (head) 1.0% 1.1% 2.3% 1.7% 3.6%
In metropolitan area (2001) 67.8% 69.1% 71.9% 74.7% 85.0%
In metropolitan area (2017) 78.6% 78.0% 78.9% 81.3% 90.0%
Near rail (2001) 6.8% 8.1% 8.4% 5.9% 8.8%
Near rail (2017) 9.4% 10.3% 6.0% 6.6% 9.6%
n 544 625 635 774 764

Figure 2.1 shows index plots (displays of sequences as horizontal sets of bars, with colors

corresponding to states in the sequences) for families by income quintile. Carlessness (group

A) is a more common state in the bottom income quintile, but persistent carlessness is not the

default state even in the bottom quintile. Instead, carlessness is infrequent and often brief.

For families in the bottom income quintile, the average length of a carless state is 2.4 survey

periods or 4.8 years. For families in the second quintile, the average length is 1.0 periods

(2.0 years); for families in the third quintile, the average length is 0.5 periods (1.0 year).

Looking at the index plots shows that patterns of car ownership are similar for families in

the third, fourth, and top quintiles: in fact, their index plots are almost indistinguishable,

save for the third income having a few more periods of carlessness. While members of the

second quintile have more episodes of carlessness, their overall pattern of vehicle access

looks more like the upper three quintiles than the bottom quintile.

While low-income households are less likely to own vehicles than higher-income house-
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Fourth quintile Top quintile

Bottom quintile Second quintile Third quintile

2001 2005 2009 2013 2017 2001 2005 2009 2013 2017

2001 2005 2009 2013 2017

A (0 cars) B (<1 car/adult) C (1 car/adult) D (>1 car/adult)

Figure 2.1: Index plots of vehicle ownership by 2001 family income quintile

holds, a small number of low-income households experience “multi-mobility,” the term I use

for the state of owning more than one vehicle per adult. (Chapter 1 discusses multi-mobility

and its policy implications.) Low-income households are much less likely to experience

multi-mobility than other households, but 32.8 percent of sampled families in the bottom

income quintile experienced multi-mobility at least once during the survey period. As shown

in Table 2.4, 8.2 percent of families in the bottom income quintile and 14.0 percent in the

second quintile have trajectories in the “multi-mobile” or “becoming multi-mobile” groups,

versus 24.4 percent in the top quintile. Multi-mobility may have different meanings in

low-income and other households: while it may represent opportunities in other households

for leisure or employment depending on the type of additional vehicles, it may represent

burdens for low-income households in the form of financially unsustainable loans, vehicles

in poor condition that are too expensive to repair, or vehicles that families have been unable

to sell or retire.
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Table 2.4: Trajectory groups by 2001 family income quintile

Group
Bottom
quintile

Second
quintile

Third
quintile

Fourth
quintile

Top
quintile

Fully equipped 34.9% 41.8% 39.6% 37.5% 39.3%
Gaining access 5.3% 7.2% 7.9% 11.3% 14.4%
Multi-mobile 3.6% 8.0% 12.2% 14.6% 14.0%
Losing access 6.7% 9.1% 6.8% 8.5% 8.3%
Sharing cars 11.6% 12.3% 15.0% 12.7% 7.2%
Mostly carless 33.5% 12.6% 5.8% 2.4% 2.2%
Becoming multi-mobile 4.4% 9.0% 12.6% 13.1% 14.5%

The quantitative measures of complexity and turbulence (Table 2.5) do not show major

differences by income quintile. The complexity index ranges from .32 for households in

the bottom and third quintiles to .35 for households in the top quintile, and the turbulence

ranges from .35 to .38. The similarity in index measures implies that vehicle ownership

sequences are more complex in top-quintile households than in bottom-quintile households,

but only slightly. One reason for the relative similarity in these measures across income

groups is that levels of vehicle ownership are stable in most families. The second reason

is that the measures treat all states and transitions equally. A household transitioning

between “one car per adult” and “more than one car adult” each survey wave (CDCDCDCD),

for example, would have the same complexity and turbulence measures as a household

transitioning between carlessness and “one car per adult” (ACACACAC), despite having more

stability from a travel behavior perspective in the sense that the household always has vehicle

access. Both of these example households would have more complexity and turbulence

than a family having “one car per adult” in every wave (CCCCCCCC). Many middle-income

families consistently have one car per adult and many lower-income families consistently

have zero or one cars per adult, resulting in lower measures of complexity for these groups.

Table 2.5: Complexity and diversity measures by family income quintile

Income quintile Complexity Turbulence

Bottom quintile 0.32 0.35
Second quintile 0.34 0.36
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Income quintile Complexity Turbulence

Third quintile 0.32 0.35
Fourth quintile 0.34 0.38
Top quintile 0.35 0.38

2.5.2 Race and ethnicity

Minority families are more likely to own zero vehicles than other families. One key ex-

planation is economic: minority families are more likely to be low-income and thus less

likely to own vehicles than non-Hispanic white families (Klein and Smart 2017a). Another

explanation is urban residence: minority families are more likely to live in urban areas,

and urban residents have fewer vehicles on average than rural residents (Pucher and Renne

2005). A third explanation is that a higher percentage of Hispanic and Asian families include

immigrants than black and white households, and immigrant families tend to own fewer cars

than native-born families do (Tal and Handy 2010; Klein and Smart 2017a). Nonetheless,

some racial and ethnic differences in vehicle ownership persist even after controlling for

income and urban location (Blumenberg, Brown, and Schouten 2018b).

Table 2.6 shows descriptive statistics for families by race and ethnicity of the household

head. In the PSID, any person mentioning Spanish, Latin American, or South American

heritage is classified as Hispanic, regardless of race. Black and Hispanic families have lower

median incomes in 2001 (around $42,000 in 2017 dollars) than other families. Asian

families have the highest median incomes, but the sample size for this group is small. Black

families have notably fewer vehicles on average than other families in 2017 (1.3 vehicles

versus 1.8 to 2 vehicles). While Hispanic families have nearly the same number of vehicles

as white families (1.8 versus 2 vehicles), Hispanic families have larger family sizes (3.4

versus 2.3 people).
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Table 2.6: Descriptive statistics by race and ethnicity

Group White Black Hispanic Asian

Vehicles (2001) 2 1.2 1.6 1.8
Vehicles (2017) 2 1.3 1.8 1.8
Age (2001) 46.5 43.1 41.4 47.4
Household size (2001) 2.5 2.5 3.8 3.1
Household size (2017) 2.3 2.1 3.4 2.5
Children (2001) 0.6 0.8 1.6 1
Median income (2001; 2017 dollars) $81,885 $41,538 $41,538 $109,481
Median income (2017) $74,094 $35,092 $45,368 $95,774
In metropolitan area (2001) 71.4% 84.0% 89.7% 98.0%
In metropolitan area (2017) 79.5% 88.5% 98.0% 99.7%
Near rail (2001) 5.8% 14.9% 10.7% 16.2%
Near rail (2017) 7.1% 13.3% 8.4% 20.3%
n 1,986 1,022 171 62

Table 2.7 shows further evidence of racial differences in vehicle access over a family’s

life course. The most common trajectory for white and Asian families is “fully equipped”

(43.6 and 37.7 percent of families respectively). The most common trajectory for Hispanic

families is “sharing cars” (34.8 percent), and the most common for black families is “mostly

carless” (31.3 percent). These findings are consistent with studies showing lower rates of

vehicle ownership among black and Hispanic families (Raphael and Stoll 2001; Raphael,

Berube, and Deakin 2006) and greater use of carpooling in Hispanic immigrant families

(Blumenberg and Smart 2010; Liu and Painter 2012).

Consistent with the analysis by income quintile in the previous section, white families

have the largest share of families in the “becoming multi-mobile” or “multi-mobile” groups

(24.9 percent). Other results are less intuitive: black families have the second-largest share

(18.0 percent) despite having the lowest median incomes, and Asian families have a much

lower share of households experiencing multi-mobility (6.1 percent) despite having the

second-highest median incomes.
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Table 2.7: Trajectory groups by race and ethnicity

Group White Black Hispanic Asian

Fully equipped 43.6% 22.1% 15.4% 37.7%
Gaining access 9.5% 9.6% 13.0% 8.7%
Multi-mobile 12.5% 8.5% 4.6% 3.8%
Losing access 7.7% 6.1% 11.0% 16.1%
Sharing cars 8.9% 13.0% 34.8% 25.7%
Mostly carless 5.3% 31.3% 16.2% 5.6%
Becoming multi-mobile 12.4% 9.5% 5.1% 2.3%

Table 2.8 shows the complexity and diversity measures for families by race and ethnicity

of the household head in 2001. Asian families have the lowest complexity and turbulence,

and maintain the same levels of vehicle ownership longer than other groups. Hispanic

families have the highest complexity and turbulence, perhaps related to immigration and

changing economic fortunes over the past two decades that result in more changes in vehicle

ownership.

Table 2.8: Complexity and diversity measures by race and ethnicity

Race Complexity Turbulence

White 0.33 0.36
Black 0.36 0.39
Hispanic 0.41 0.44
Asian 0.27 0.31

2.5.3 Immigration

The vehicle ownership trajectories of immigrants to the United States are of interest to

planners because the share of immigrants in the United States has increased from 10 percent

in 1998 to 14 percent in 2018 (Congressional Budget Office 2020). Vehicle ownership

patterns of immigrants may change as they gain income and spatially assimilate by moving

to suburbs (Blumenberg and Shiki 2007). While immigrants to the United States own fewer
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cars and use transit more often than native-born families do (Tal and Handy 2010), their

travel behavior starts to reflect the travel behavior of native-born families after five years in

the United States (Blumenberg and Shiki 2007). Nonetheless, some differences in travel

behavior persist over time: Hispanic immigrants, for example, are more likely to commute

by transit than native-born families even after staying in the United States for long periods

(Blumenberg and Shiki 2007). One factor that explains the persistent differences is living or

working in an ethnic enclave. Liu and Painter (2012) find that Hispanic immigrants living

in enclaves are more likely to use transit and carpool than those who do not.

Table 2.9 shows descriptive statistics for families by immigration status for the head of

the family. While immigrant families eventually have the same average number of vehicles

in 2017 as native-born families (1.9 vehicles), they also have larger average family sizes

(3.3 versus 2.5 people). The gap in median incomes between immigrant and native-born

families narrowed from $28,141 in 2001 (in 2017 dollars) to $18,705 in 2017. Nearly all

(99.7 percent) of the immigrant families lived in metropolitan counties by 2017 and were

nearly twice as likely to live near rail as native-born families (15.7 versus 7.7 percent).

Table 2.9: Descriptive statistics by immigrant status

Group Immigrant Native-born

Vehicles (2001) 1.7 1.9
Vehicles (2017) 1.9 1.9
Age (2001) 42.7 45.9
Household size (2001) 3.8 2.5
Household size (2017) 3.3 2.3
Children (2001) 1.5 0.6
Median income (2001; 2017 dollars) $45,692 $73,833
Median income (2017) $51,096 $69,801
In metropolitan area (2001) 90.5% 73.7%
In metropolitan area (2017) 99.7% 80.9%
Near rail (2001) 17.8% 6.9%
Near rail (2017) 15.7% 7.8%
n 243 3,099

Figure 2.2 shows that immigrant families are less likely to own one or more vehicles per
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Immigrant Native-born

2001 2005 2009 2013 2017 2001 2005 2009 2013 2017

A (0 cars) B (<1 car/adult) C (1 car/adult) D (>1 car/adult)

Figure 2.2: Index plots of vehicle ownership by immigrant status

adult than native-born families. Immigrant families are also more likely to change their level

of vehicle ownership multiple times than native-born families. The quantitative measures

of complexity and turbulence bear out this observation as well: immigrant families have

higher measures of complexity and turbulence (0.38 and 0.42) than native-born families

(0.33 and 0.36).

The trajectory groups in Table 2.10 highlight the extent to which immigrant families

are more likely to share cars than native-born families, consistent with research showing

that immigrant families carpool with other household members and people outside the

household at much higher rates than native-born families (Blumenberg and Smart 2010).

“Sharing cars” is the most common trajectory group for immigrant families (39.7 percent) as

opposed to “fully equipped” for native-born families (40.5 percent). A slightly higher share

of immigrant families than native-born families are “mostly carless” (12.8 percent versus

8.9 percent). Multi-mobility is much less prevalent in immigrant families: only 5.8 percent

of immigrant families have “multi-mobile” or “becoming multi-mobile” trajectories versus

23.9 percent of native-born families.
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Table 2.10: Trajectory groups by immigrant status

Group Immigrant Native-born

Fully equipped 15.7% 40.5%
Gaining access 15.4% 9.5%
Multi-mobile 2.1% 11.9%
Losing access 10.6% 7.8%
Sharing cars 39.7% 9.5%
Mostly carless 12.8% 8.9%
Becoming multi-mobile 3.7% 12.0%

2.5.4 Family structure

Family structure and gendered differences in labor division affect vehicle ownership in

multiple ways. On the one hand, women rely on vehicles because they continue to bear a dis-

proportionate domestic burden: women use vehicles for domestic errands and chauffeuring

far more often than men do (Blumenberg, Brown, and Schouten 2018a). On the other hand,

women have lower employment rates and incomes, which makes vehicle ownership more

difficult to support (Blumenberg 2003). Table 2.11 shows descriptive statistics for three

types of family structures: families with two or more adults, families with one male adult,

and families with one female adult. Families with one female adult have fewer vehicles in

2017 than families with one male adult (0.9 vehicles versus 1.5 vehicles), despite having

larger average household sizes (1.4 people versus 1.1 people). A greater percentage of

families with one female adult live near rail in 2017 (14.3 percent) than families with one

male adult (9.4 percent) or families with two or more adults (6.7 percent).

Table 2.11: Descriptive statistics by family structure

Group Single female Single male Two or more adults

Vehicles (2001) 1 1.2 2.2
Vehicles (2017) 0.9 1.5 2.2
Age (2001) 49.7 38.8 46.4
Household size (2001) 1.4 1.1 3.2
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Group Single female Single male Two or more adults

Household size (2017) 1.4 2 2.6
Children (2001) 0.4 0.1 0.9
Median income (2001; 2017 dollars) $35,566 $42,957 $92,378
Median income (2017) $31,744 $55,538 $80,885
White (head) 66.3% 75.6% 79.5%
Black (head) 24.0% 17.6% 8.8%
Hispanic (head) 5.4% 2.4% 6.2%
Asian (head) 1.1% 2.5% 2.2%
In metropolitan area (2001) 76.7% 78.8% 73.5%
In metropolitan area (2017) 80.3% 84.3% 82.1%
Near rail (2001) 9.7% 9.9% 6.6%
Near rail (2017) 14.3% 9.4% 6.7%
n 491 364 2,487

Table 2.12 reveals differences in vehicle ownership by family structure. While single-

female households are more likely to be in the “fully equipped” trajectory group (57.5

percent) than single-male and multiple-adult households (47.7 and 32.5 percent), the

primary reason is that they are less likely to experience multi-mobility. One-tenth (10.5

percent) of single-female households are in the “multi-mobile” or “becoming multi-mobile”

groups, versus 21.3 percent of single-male and 25.7 percent of multiple-adult households.

Single-female households are more likely to be in the “mostly carless” group (23.0 percent)

than single-male and multiple-adult households (16.0 and 4.0 percent). Very few single-

female or single-male households (2.2 and 3.0 percent) have “sharing cars” trajectories,

although the main reason is mathematical: a ratio of “at least one car but less than one

car per adult” is impossible for a single adult. Some of these households change structure

through cohabitation and marriage and eventually share cars, however, which is why some

have the “sharing cars” trajectory.

Table 2.12: Trajectory groups by family structure

Group Single female Single male Two or more adults

Fully equipped 57.5% 47.7% 32.5%
Gaining access 2.0% 3.7% 13.1%
Multi-mobile 4.9% 13.4% 12.2%
Losing access 4.7% 8.3% 8.7%
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Group Single female Single male Two or more adults

Sharing cars 2.2% 3.0% 15.5%
Mostly carless 23.0% 16.0% 4.5%
Becoming multi-mobile 5.6% 7.9% 13.5%

Households with two or more adults have the highest complexity and diversity measures

among the three family types; single-female households have the lowest (Table 2.13). One

potential reason is that families with multiple adults can choose to share or stop sharing

cars, unlike families with one adult, allowing for more potential state transitions.

Table 2.13: Complexity and diversity measures by family structure

Family structure Complexity Turbulence

Single female 0.23 0.25
Single male 0.3 0.33
Two or more adults 0.37 0.4

2.6 Birth cohort

Members of the Millennial generation (born in 1981 to 1996) have lower rates of licensing

and vehicle ownership than previous generations (Tefft, Williams, and Grabowski 2014;

Ralph 2017). Numerous popular media articles assert that Millennials—and, recently,

members of Generation Z (born in 1997 or later) (Roberts 2019)—have less interest in

car ownership than previous generations, suggesting that multi-mobility may become less

salient due to changing attitudes toward vehicle ownership. McDonald (2015) identifies

online shopping and online socializing as “Millennial-specific factors” that partially explain

lower rates of driving. Graduated driver licensing laws (GDLs) are another potential factor.

These laws, introduced by states in the late 1990s and early 2000s, restrict driving privileges

for 16- and 17-year-olds as they gain experience. Tefft, Williams, and Grabowski (2014)

find, however, that few teenagers who delayed licensing did so because of GDL restrictions;
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instead, their most common reasons were not having a car, not needing a car, and not being

able to afford a car.

Other research has shown that economic factors, rather than generation-specific dif-

ferences, are the primary explanation for lower rates of car ownership among Millennials

(Blumenberg et al. 2012; Klein and Smart 2017b). Younger drivers also seem to enjoy

driving to the same extent as older drivers, suggesting that attitudinal differences are less

pronounced than depicted in the media—at least among Millennials who own vehicles. A

2018 Gallup poll found that 76 percent of American drivers age 30 to 49 enjoy driving “a

great deal” or “a moderate amount” (Brenan 2018). The percentage is only slightly lower

than the 80 percent of drivers age 50 to 64 who also enjoy driving.

Researchers studying generational differences in travel behavior in the United States

typically rely on a set of cross-sectional household surveys from the last three decades to

compare generations. In the United States, the most used survey is the National Household

Travel Survey (formerly the Nationwide Personal Transportation Survey), conducted roughly

every seven years since 1969. Klein and Smart (2017b), in one of the first studies to use

American panel data, compare Millennials to earlier generations using the 1999 to 2013

waves of the PSID.

This analysis builds on existing cohort studies in two ways. First, it uses sequence analysis

to study how vehicle ownership differed among generations when their members were the

same age. Second, it uses PSID data from 1969 to 2017 to examine vehicle ownership

among Baby Boomers when they were in their twenties. Given that many Millennials came

of age during the Great Recession, which officially ended more than a decade ago in June

2009, examining vehicle ownership with a focus on trajectories can reveal the degree to

which economic and social factors at the start of adulthood had a lasting effect on Millennial

vehicle ownership.
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Figure 2.3: Vehicle data availability by birth year and age

2.6.1 Data availability and missing states

I compare vehicle ownership trajectories taken by families in three birth cohorts from age

22 to 30: Baby Boomers (born in 1946 to 1964), Generation X (born in 1965 to 1980), and

Millennials (born in 1981 to 1996). As of 2017, the latest PSID survey wave, members of

Generation Z (born after 1996) are too young to appear as household heads in the PSID

for more than one or two waves. The PSID was an annual survey before 1997, but I use

odd-numbered years for consistency.

One shortcoming of using the PSID is that it did not ask about vehicle ownership in 1975

and from 1989 to 1998. As a result, almost every member of Generation X has missing

information for at least part of their twenties and early thirties, as does every member of the

Baby Boomer generation in their forties and fifties. Members of the Baby Boomer generation

have fewer missing years in their twenties than Generation X, but instead have missing

information for mid-adulthood. Figure 2.3 illustrates the effects of the data issue on analysis

for people by age and birth cohort. Colored blocks indicate available data.

Ritschard, Gabadinho, and Studer (2012), who developed the TraMineR software pack-

age for sequence analysis, claim that sequences with missing states are “more the rule than
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the exception” in the social sciences. They outline four strategies for dealing with missing

states, noting that no universal method exists: deleting incomplete sequences, deleting

sequences with more missing states than the researcher deems acceptable, treating missing

states as a separate state, and imputing missing states. Deleting incomplete sequences

wholesale would eliminate almost all observations for members of Generation X and younger

Baby Boomers. Keeping as wide a range of ages as possible within each birth cohort is

desirable because people born on the cusp of two generations have influences and defining

events from both groups (Arsenault 2004). If generations have different attitudes toward

vehicle ownership, the attitudes of people born on the cusp of two generations—and, by

extension, their vehicle ownership—may reflect a blend of attitudes in the two generations.

To address the missing states, I identified an age range for the head of the household that

maximizes the age range observed while maximizing the number of acceptable observations,

which I define as having no more than one missing survey year. The final age range is 22 to

30 years old, which spans five survey waves. The resulting sample includes observations

for 1,459 families, with 635 Baby Boomer families, 343 Generation X families, and 481

Millennial families. The supplemental appendix lists other tested age ranges for comparison.

2.6.2 Analysis results

Figure 2.4 shows vehicle ownership ratios by age across birth cohort for all families in the

PSID, including households excluded from the sequence analysis. (I removed age-cohort

combinations with fewer than 20 observations due to high standard errors, although some

unexplained outliers remain.) Ownership ratios for Boomers, Generation X, and Millennial

families increase from 0.8 to 1.0 cars per adult from ages 20 to 40, with Millennial families

having slightly lower ratios than Generation X throughout. For Baby Boomers and Generation

X, ratios hover around 1.0 cars per adult around age 40 to 60. For the Silent Generation

(born in 1928 to 1945), ownership ratios decrease from 1.0 cars per adult around age 60 to

0.75 cars per adult around age 85.

After calculating optimal matching (OM) distances for the sequences as described in
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Figure 2.4: Vehicle ownership ratios by age and birth cohort

Chapter 1, I use Ward’s method (Ward 1963) to cluster the trajectories into seven groups

(Figure 2.5). I construct a separate typology because the analysis for birth cohorts spans

an age range rather than a year range. Young adults may also have different trajectories as

they start to establish themselves and their households. Three trajectory groups (“carless,”

“sharing cars,” and “fully equipped”) are marked by stable levels of vehicle ownership at zero

vehicles, less than one vehicle per adult, and one vehicle per adult, respectively. Members of

the “becoming multi-mobile” group have more than one vehicle per adult for most of their

twenties but are more likely to switch to having one car per adult later in life. Families in

the “some to full” and “none to full” groups eventually have one vehicle per adult, with

families in the “none to full” group reaching that state slightly earlier than in the “some to

full” group. Families in the “one to none” category start with one car per adult in their early

twenties but end up having no cars by the end.

Table 2.14 shows the percentages of families in each age-based trajectory group. Gener-

ation X has the highest percentage of families in the “becoming multi-mobile” and “fully

equipped” groups (59.5 percent). Millennials are more likely to be in the “carless” group

than other generations (18.3 percent), but also have the second-highest percentage of

families in the “becoming multi-mobile” and “fully equipped” groups (43.7 percent). Baby
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Figure 2.5: Index plots of vehicle ownership trajectories, age 22 to 30

Boomers have the lowest percentage of families in the two groups (34.7 percent) but have a

greater share in the “some to full” group that gains full access to automobiles (19.1 percent).

Table 2.14: Birth cohort share by age-based trajectory group

Group Boomers Generation X Millennials Typical trajectory

Some to full 19.1% 8.5% 9.1% Starts with fewer than one car
per adult, then has one car per
adult

Sharing cars 23.3% 12.2% 17.5% Has at least one car but less than
one car per adult for most years;
includes some families that
occasionally have one car per
adult

None to full 3.5% 4.4% 5.2% Has no cars for one or two
waves, then has one car per adult

Fully equipped 26.5% 41.7% 31.6% Has one car per adult for most or
all years

Carless 14.0% 11.4% 18.3% Rarely owns any vehicles
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Group Boomers Generation X Millennials Typical trajectory

Becoming multi-mobile 8.2% 17.8% 12.1% Switches between having one
car per adult and having more
than one car per adult

Full to none 5.5% 4.1% 6.2% Starts with one car per adult
then has no cars

Table 2.15 shows descriptive statistics for families in each age-based trajectory group,

weighted by the family’s longitudinal weight when the family first appears in the survey (at

age 22 or 24). The trajectory groups show correlations between vehicle ownership, income,

and race and ethnicity. Members of the “becoming multi-mobile” and “fully equipped”

groups end up with the highest median household incomes at age 30 (around $70,000 in

2017 dollars). More than 80 percent of households in these groups are white. The “some to

full” and “sharing cars” groups end up with the second-highest household incomes ($58,000

and $53,000 in 2017 dollars) at age 30, in part because they also have the largest household

sizes (3.5 members). The “full to none,” and “carless” groups have the lowest household

incomes by far (around $27,000 in 2017 dollars), and the highest share of black families,

consistent with the previous analysis by race. Finally, the “full to none” group presents a

puzzle: while it has the highest percentage of college graduates, it also has the third-lowest

median household income at age 30 ($38,000 in 2017 dollars) and a larger share of black

and Hispanic households than most groups. The group may represent a mix of college

graduates moving to cities and working-class urban residents.

Table 2.15: Descriptive statistics by age-based trajectory groups

Variable
Some to
full

Sharing
cars

None to
full

Fully
equipped Carless

Becoming
multi-mobile

Full to
none

Birth year 1982 1983 1982 1981 1982 1980 1983
Household size (22) 2.8 1.9 1.7 1.7 2 1.9 1.4
Household size (30) 3.5 3.5 1.7 2.4 2.4 3.1 2.4
White 57.1% 55.6% 49.0% 81.4% 46.7% 88.3% 61.5%
Black 16.1% 20.0% 33.1% 12.3% 47.9% 7.2% 27.7%
Hispanic 13.9% 20.9% 5.2% 4.6% 5.2% 4.4% 10.1%
Median income (22
in 2017 dollars)

$34,529 $18,693 $13,364 $21,268 $7,644 $34,461 $18,531
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Variable
Some to
full

Sharing
cars

None to
full

Fully
equipped Carless

Becoming
multi-mobile

Full to
none

Median income (30
in 2017 dollars)

$58,298 $53,153 $26,503 $69,691 $27,275 $71,424 $37,580

High school
graduate (30)

82.5% 79.8% 80.2% 89.8% 73.7% 78.3% 82.0%

College graduate
(30)

7.2% 8.9% 0.0% 10.9% 3.7% 7.9% 10.4%

n 194 274 62 463 216 171 79

To test whether birth cohorts have different patterns of vehicle ownership after controlling

for other sociodemographic factors like income, I construct a multinomial logit model. The

model predicts the likelihood of a family being in a trajectory group relative to the baseline

group of “fully equipped,” the most common state for American households as described in

Chapter 1. Independent variables include the birth cohort of the family head, the family’s

starting vehicle ratio (at age 22 or 24), race, and starting income. Due to issues with sample

sizes that lead to separation in the logistic regression, the model incorporates fewer variables

and fewer categories than the model estimated in Chapter 1. It also omits the smallest

trajectory groups (“some to full” and “none to full”).

Table 2.16 shows the results of the regression model. Because families have short tra-

jectories of four or five survey waves in this analysis, a family’s starting vehicle ownership

level has a substantial influence on the likelihood of being in a given trajectory group. The

results suggest that being a Baby Boomer household increases the likelihood of being in

the “sharing cars,” “carless,” and “full to none” trajectory groups relative to a Generation X

household, and decreases the likelihood of being in the “becoming multi-mobile” group. Be-

ing a Millennial household affects the likelihoods in the same manner relative to Generation

X, albeit to a lesser extent.

Table 2.16: Cohort trajectory modeling results

Variable
Sharing
cars Carless

Becoming
multi-mobile

Full to
none

Vehicle ratio
(base category “1 car/adult”)

56



Variable
Sharing
cars Carless

Becoming
multi-mobile

Full to
none

Zero cars 43.58*** 11,536.12*** 1.85 1.76**
Less than 1 car/adult 20.14*** 61.43*** 10.15*** 3.55***

Birth cohort
(base category “Generation X”)
Baby Boomer 2.21*** 1.92*** 0.50* 2.57***
Millennial 1.36*** 1.12** 0.73** 1.70***

Race (base category “white”)
Black 1.35*** 2.81*** 1.07*** 6.75***

Income (log, 2017 dollars) 0.85*** 0.48** 1.99*** 0.63***
High school graduate 0.60** 0.56 0.69** 0.62*

Constant 1.06 3.09 0.0002 5.08***
Akaike Inf. Crit. 1,858.46 1,858.46 1,858.46 1,858.46
* .1 ** .05 *** .01

2.7 Discussion and conclusion

While overall vehicle ownership levels differ by income, race, ethnicity, and family structure,

the analysis shows that most households experience stable vehicle ownership levels regardless

of social group. The primary exceptions are Hispanic and immigrant families (most of whom

are Hispanic), who have higher measures of sequence complexity and diversity than their

non-Hispanic and non-immigrant counterparts. Hispanic and immigrant families may have

more complex patterns of vehicle ownership as they assimilate to the United States and as

their economic situation changes.

Stable levels of vehicle ownership can have different meanings and consequences for

families depending on their economic circumstances. Extended periods of carlessness,

for example, may represent high accessibility and freedom from the burdens of vehicle

ownership for upper-income urban families. For low-income families, especially in areas
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poorly served by transit, carlessness may pose significant barriers to opportunity. Similarly,

while multi-mobility may allow upper-income families to enjoy leisure activities like camping

or recreational driving, it may represent unsellable assets and financial burdens in low-

income households. Future research incorporating information on vehicle use would shed

more light on multi-mobility, in particular for understanding which vehicles are secondary

and how families use the secondary vehicles—if the vehicles are even usable, which may not

be the case in low-income households.

Future research should also explore different techniques for measuring complexity. While

the measures used in this study are quantitative, they can still be informed by qualitative

research if researchers assign different values to different states and transitions. Moving

from “one car per adult” to “more than one car per adult” could have a lower value assigned

to it than other transitions, for example, since the transition has less effect on automobile

access for families. Moving from “zero cars” to “less than one car per adult,” in contrast,

could have a higher value.

Finally, vehicle ownership, employment, and family structure are interrelated domains,

as discussed in this chapter: vehicle ownership and employment affect each other, and

family structure influences who owns and uses vehicles. While the sequence analysis in this

study looks only at vehicle ownership, future sequence analysis can incorporate employment

and family structure.
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CHAPTER 3

Changes in Low-Income Household Vehicle Holdings

Abstract: This chapter investigates changes in vehicle holdings for low-income

households in the United States from 2001 to 2017 using longitudinal data from

the Panel Study of Income Dynamics. Sport utility vehicles (SUVs) account for

an ever-increasing share of vehicles in low-income households, despite efforts by

policymakers to facilitate purchases of smaller, more fuel-efficient vehicles. The

average fuel economy for vehicles increased for all families over the period, but

at a slower rate for low-income families. Factors that influence vehicle type and

the decision to switch vehicle types include family size, income, sex, and race

and ethnicity.

3.1 Introduction

The household vehicle fleet in the United States has undergone substantial shifts in the last

two decades, with implications for the environment and urban planning. Understanding

vehicle composition at the household level is important because households make decisions

about buying vehicles individually, based on availability and prices in the new and used car

markets. Studies of vehicle holdings in low-income households are especially important

because older vehicles, which low-income households are more likely to own, account for a

highly disproportionate share of emissions (Park et al. 2016). Moreover, older vehicles with

lower fuel economy raise questions about affordability due to higher operating costs and

potentially expensive repairs as they reach the end of their life.

This chapter investigates changes in vehicle holdings—in particular, changes in vehicle
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type, age, and fuel economy—for low-income households in the United States from 2001

to 2017 using longitudinal data from the Panel Study of Income Dynamics (PSID). Three

research questions guide the investigation:

1. How have vehicle holdings changed within low-income households?

2. What factors determine the type of vehicles which low-income households own?

3. What factors determine whether a low-income household switches vehicle type when

acquiring a new vehicle?

3.2 Background and policy significance

Transportation is the primary source of greenhouse gas emissions in the United States, and

household vehicles account for a major share of those emissions. In 2018, transportation

accounted for 28.2 percent of greenhouse gas emissions and 36.3 percent of carbon dioxide

emissions in the United States (Environmental Protection Agency 2020). Passenger cars

accounted for 41.2 percent of carbon dioxide emissions; light-duty trucks, which include

SUVs (sport utility vehicles), pickup trucks, and minivans, accounted for 17.4 percent.

Policymakers seeking to reduce vehicle emissions have endorsed policies that give house-

holds incentives to retire high-polluting vehicles and replace them with cleaner vehicles.

The most notable example in the United States is the 2009 Cash for Clunkers program, a

$2.85-billion program administered by the U.S. Department of Transportation (USDOT) that

gave dealers rebate credits for buyers trading in less fuel-efficient vehicles (Mian and Sufi

2012). California has taken a further step toward reducing vehicle emissions by subsidizing

vehicle repairs or retirement for vehicles that have failed their smog check inspections

(Connolly et al. 2019). Older and poorly maintained vehicles are more likely to emit dispro-

portionately high levels of pollutants, and more likely to be owned by lower-income families

(Park et al. 2016). Older model years not only have lower fuel efficiency, but also have

pollution abatement devices that become less effective (Feng, Fullerton, and Gan 2013).
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Keeping these devices in good operating condition improves fuel efficiency and reduces

emissions from the vehicle.

Pierce et al. (2019) and other recent studies assess policies and programs that induce low-

income households to buy clean vehicles or repair high-polluting vehicles. These programs

are of special interest in California, which passed legislation requiring the state to reduce

greenhouse gas emissions below 1990 levels by 2030 (Sheldon and Dua 2019). California

and nine other states have also set targets to place a certain number of electric vehicles on

the road over the next several decades (Pierce et al. 2019; Dua, White, and Lindland 2019).

Untargeted energy-subsidy programs can yield smaller environmental benefits than

policymakers expect because many recipients would have made the same choices even

without the subsidy (Boomhower and Davis 2014). These programs also raise policy concerns

about equity: Borenstein and Davis (2016) find that households in the top income quintile

have received about 90 percent of federal income tax credits for electric vehicles since

2006. Targeted subsidy programs, in contrast, induce new purchases because lower-income

consumers are especially sensitive to vehicle prices and subsidy amounts (Dua, White, and

Lindland 2019). Sheldon and Dua (2019) find that “Replace Your Ride,” a program offering

subsidies to low-income households purchasing electric vehicles in the Los Angeles region,

has been more cost-effective than a former statewide subsidy program for all consumers.

Vehicle emissions in low-income households raise additional concerns about environmen-

tal justice. Many urban low-income households live in concentrated areas of poverty, where

higher numbers of residents owning older vehicles result in higher neighborhood pollution

levels (Park et al. 2016). Moreover, minority and low-income neighborhoods are more likely

to be near freeways than higher-income households (Houston et al. 2004; Manville and

Goldman 2018). Urban residents living near major roadways experience much higher levels

of vehicle-related pollution and respiratory ailments than other urban residents (Houston

et al. 2004).

Vehicle holdings and fuel economy are also a policy concern from a financial perspective.

Transportation is the second-largest expenditure for American households after housing
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(Bureau of Labor Statistics 2018). In 2017, households spent an average of $9,761 on

transportation, with an average of $8,943 going to vehicle-related expenditures including

$2,109 on gasoline (Bureau of Labor Statistics 2018). At the same time, the share of

expenditures that households devote to transportation has steadily declined in the last two

decades, from an average of 21.3 percent of total expenditures in 2000 for all households to

17.4 percent in 2017 (Bureau of Labor Statistics 2018).

Vehicles with low fuel economy increase vehicle operating costs and raise concerns

about affordability for low-income households, particularly when fuel prices increase. While

the United States has not recently experienced an oil crisis, fuel prices are highly volatile

regardless, and fuel consumption is relatively inelastic with respect to price. Fuel economy

is also relevant for emergency management, where the economically vulnerable may not

be able to afford fuel prices while traveling long distances to evacuate (Fothergill and Peek

2004), even if they have access to vehicles. Public health research has implicated gasoline

prices as a contributing factor to poor levels of nutrition and substance abuse treatment in

rural areas, where residents need to drive to access food and healthcare (Omar, Coleman,

and Hoerr 2001; Sexton et al. 2008). Older vehicles also raise concerns about durability

and the potential for costly repairs. For the most economically vulnerable, having access to

reliable transportation is as important as having access to transportation.

Despite substantial recent investments in public transit systems (Manville, Taylor, and

Blumenberg 2018b), access to a vehicle remains one of the most important determinants

of employment for low-income individuals in the United States—and for individuals of all

income levels, for that matter (Blumenberg and Pierce 2014). Accordingly, the percentage

of households owning at least one vehicle in the United States has reached a steady level of

just under 90 percent since the mid-1990s (Bureau of Labor Statistics 2018). While vehicle

ownership rates are lower in low-income households, most still own vehicles: in 2018, 66

percent of households in the bottom income quintile and 89 percent in the second-bottom

quintile owned one or more vehicles (Bureau of Labor Statistics 2018).
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3.3 Vehicle ownership in low-income households

Most research on vehicle ownership in low-income households focuses on the number of

vehicles they have rather than the kinds of vehicles they own. Research has examined

the influence of socioeconomic factors and the built environment on vehicle ownership

(Brown 2017; Ong and Gonzalez 2019), the effects of vehicle ownership on employment

and economic outcomes (Blumenberg and Pierce 2014), and availability in households with

fewer vehicles than drivers (Blumenberg, Brown, and Schouten 2018b). Ong and Gonzalez

(2019) also examine the influence of neighborhood-level structural barriers—disparities

in vehicle financing, insurance premiums, and policing—and find that they have negative

effects on vehicle ownership rates and on owning vehicles less than ten years old.

One study, Pierce et al. (2019), describes household vehicle fleets for Californians as

a secondary analysis for a study of programs to encourage low- and moderate-incomes to

purchase electric vehicles. The authors conduct a choice experiment with 1,600 households

planning to buy a vehicle in the next three years to determine what type of vehicle they

intended to buy. Even with fuel economy measures prominently displayed, respondents

preferred SUVs to cars and preferred trucks to SUVs; in both cases, respondents preferred

vehicle types with lower fuel efficiency. While the survey had many low-income respondents,

the results may not have been nationally representative: the authors note that they could

not find comparable studies or data. The authors call for future research to examine

household vehicle holdings (or “fleet packages”) and the effects of household structure and

socioeconomic factors on these holdings.

To use an electric vehicle, one must also have a place to charge it and equipment to do so.

Even with subsidies, low-income households are less likely to own electric vehicles because

they are more likely to rent (and thus less likely to have access to the needed infrastructure)

than to own property. Davis (2019) finds that homeowners in the United States are three

times more likely than renters to own electric vehicles, even after controlling for income, but

also questions whether this gap reflects an actual market failure for policymakers to address.
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A related strand of research involving vehicle characteristics investigates the effects of

fuel economy on incomes and spending. Greene and Welch (2018) estimate the effects of

fuel efficiency gains on incomes and find that lower-income households experienced greater

relative gains than higher-income households. This finding is intuitive, given that lower-

income households have smaller household budgets and given that low-income households

have lower fuel price elasticity than higher-income households with respect to vehicle miles

traveled (VMT), meaning that low-income households reduce their driving less when fuel

prices increase (Wang and Chen 2014).

3.4 American vehicle manufacturing and fuel efficiency trends

National vehicle manufacturing and fuel efficiency data from the Environmental Protection

Agency (EPA) offers context for the household-level analysis. Figure 3.1, adapted from

Environmental Protection Agency (2019), illustrates changes in the composition and fuel

economy of vehicles manufactured in the United States from 1975 to 2017. In 1980,

following the oil crises of the 1970s that made fuel efficiency a highly salient issue for

consumers, sedans and station wagons experienced their peak market share, accounting

for 80 percent of new vehicles. Over time, however, their share has steadily declined to 45

percent of vehicles, with a temporary increase during the Great Recession from December

2007 to June 2009, which once again brought fuel efficiency to the forefront of consumers’

minds—this time in terms of affordability. Station wagons have nearly disappeared from the

market: in 2018, only 200,000 were sold, with one model (the Subaru Outback, designed

to look “rugged” like a sport utility vehicle) accounting for more than four-fifths of the sales

(Joseph 2020).

Despite considerable scholarly attention paid to hybrid and electric vehicles, the larger

car market is shifting toward SUVs. In 2017, SUVs accounted for a record 43 percent of

market share for new vehicles (Environmental Protection Agency 2019). Car and truck SUVs

were nearly non-existent in 1980, but their market share has grown to 43 percent in 2017.
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Figure 3.1: Production share by vehicle type, 2001–2017 (EPA data)

Because SUVs have lower average fuel efficiency than cars, the market shift from cars to

SUVs has offset some of the vehicle fuel efficiency gains at the aggregate level. Hybrid SUV

and electric SUV models have started to appear in the market, with new models expected to

appear shortly (Foldy 2020).

While most of the increase in market share for SUVs has come at the expense of cars, a

smaller share has come at the expense of minivans and vans, which serve household needs

which cars cannot, especially for larger families. Minivans and vans had their largest market

share in the 1990s, with a peak of 10 percent in 1994, but their market share has dwindled

to 2 percent as of 2017. Pickup trucks, in contrast, have held a steady market share of 12

to 15 percent over the last three decades, most likely because they fill a niche for people

hauling large items, including items used in employment, that SUVs do not.

Fuel economy has increased for all vehicle types since 1975, but the rate of improvement

varies by vehicle type, as shown in Figure 3.2, adapted from Environmental Protection

Agency (2019). (Fuel efficiency for SUVs, which EPA split into “truck SUV” and “car SUV”

categories, is an average for car and truck SUVs weighted by production share.) In 1975,

vehicles of all types had fuel economy below 14 miles per gallon (MPG). In the aftermath
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Figure 3.2: Fuel economy by vehicle type, 2001–2017 (EPA data)

of the oil crises of the 1970s, manufacturers increased fuel efficiency for vehicles; by 1985,

new cars had an average of 23 MPG. From the mid-1980s to the mid-2000s, however, fuel

efficiency gains stagnated: for trucks, fuel efficiency declined from 18.2 MPG in 1985 to

15.8 MPG in 2005. While a variety of new vehicle technologies made engines more efficient,

manufacturers added weight to their vehicles and features that collectively canceled out the

gains derived from the vehicle technologies (Lutsey and Sperling 2005). Since 2005, cars

and SUVs have experienced notable gains in fuel efficiency, and minivans have gained to a

lesser extent. While the average fuel efficiency of trucks has also increased, it has only made

up for losses over the last two decades and has barely changed from 1985 (18.9 MPG in

2017; 18.2 MPG in 1985).

Federal regulation plays a key role in fuel economy and vehicle manufacturing trends. In

1975, following the 1973 oil crisis, Congress enacted corporate average fuel economy (CAFE)

standards to improve vehicle fuel economy for passenger vehicles starting in 1978 (Yacobucci

and Bamberger 2010). In 2012, the Obama administration enacted more stringent CAFE

standards with a target of 54.5 MPG for vehicles manufactured in model year 2025 (Office of

the Press Secretary 2012), although vehicles have lower effective fuel economy in real-world

conditions than in federal laboratory tests for CAFE standards (Webster 2011). Future
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regulatory developments, such as the Trump administration’s current effort to relax CAFE

standards, will affect fuel economy and vehicle prices in low-income households when

vehicles filter into the used car market (Keith, Houston, and Naumov 2019). Jacobsen

(2013), evaluating the long-run effects of CAFE standards in the used-car market, finds that

wealthier households bore the initial burden of higher vehicle prices as manufacturers added

fuel-saving technologies, but also finds that lower-income households incurred welfare losses

once the vehicles entered the used car market. The CAFE standards also affect the type of

vehicles entering the used car market. Whitefoot and Skerlos (2012) find that the standards,

which set fuel-economy targets based on vehicle size, created incentives for manufacturers

to produce larger vehicles.

3.5 Analysis

National trends in vehicle manufacturing alone do not tell the full story of trends in vehicle

holdings in low-income households. Low-income households buy most of their vehicles used,

not new (Paszkiewicz 2003). While the supply of new vehicles affects the supply of used

vehicles, the ways in which consumers of new vehicles purchase, use, and sell the vehicles

also affect supply and price, as does demand from higher-income consumers of used vehicles.

Finally, vehicles age differently depending on their type, make and model, and maintenance.

When making used vehicle purchases, low-income consumers may also have different

considerations from higher-income consumers. For example, reliability and repairability

over the long term may be more relevant factors to low-income consumers. Low-income

households also may be more likely to purchase trucks if they are more likely to work in jobs

requiring them. Manufacturer, make, and model preferences may differ as well: low-income

households living in dense urban areas with limited free parking may prefer smaller vehicles,

and may avoid certain popular vehicles if they fear theft.
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3.5.1 Data and measures

I use data from the confidential geocoded version of the 2001 to 2017 waves of the PSID

to examine trends in vehicle holdings, supplemented with measures of residential density

and transit access. The PSID is a biennial longitudinal household survey that has measured

employment, wealth, spending, and other social factors in American families (Institute for

Social Research 2017) since 1968. In 2017, 9,607 families with 26,445 individuals took

part in the survey. The PSID, which emerged from an effort to assess President Lyndon

Johnson’s War on Poverty, includes an oversampling of low-income households (McGonagle

et al. 2012), making it useful for studying vehicle ownership in low-income groups.

To identify transit stations, I employ a dataset constructed from the National Transit-

Oriented Development (TOD) Database (Center for Transit-Oriented Development 2012),

Wikipedia station lists, and a list of transit stations produced by The Transport Politic Blog

(Freemark and Vance 2018), as described in the data appendix.

I define “low-income” as having a household income under 200 percent of the federal

poverty guideline levels in a given year. The federal poverty guidelines, issued annually

by U.S. Health and Human Services and used by government agencies to decide eligibility

for various aid programs, account for family size but not for geographic location or ages

of family members. Using this threshold, the number of families in the analysis that are

low-income each year ranges from 2,153 (2001) to 3,292 (2015). I use a broad definition

of poverty to minimize issues with sample size when grouping families by the number of

vehicles and types of vehicles owned.

The PSID has information on the three newest vehicles a family owns by model year and

the total number of vehicles owned. The model year is bottom-coded at 19 to 40 years before

the survey year depending on the year, as described in the data appendix. The PSID has

information on a vehicle’s year, manufacturer, make, type (car, pickup, van, or SUV), how it

was acquired (bought, leased, or given), and whether the vehicle is used for business. The

PSID also has information on hybrid and electric vehicles starting in 2011. A restricted-use

version of the PSID also includes vehicle models.
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Figure 3.3: Vehicle share by type and year, low-income households with one vehicle

To derive initial estimates of fuel economy, I incorporate data from Environmental

Protection Agency (2020), as described in the data appendix, matching the model year,

manufacturer, and vehicle type. These estimates should be understood as rough estimates to

identify trends, given that an individual family’s driving patterns and vehicle maintenance

have substantial effects on actual fuel economy [@].

3.5.2 Vehicle fleet packages in low-income households

For low-income households owning one vehicle, the share of SUVs has increased from 6.2

percent in 2001 to 23.7 percent in 2017 (Figure 3.3). Most of this increase comes from cars,

whose share decreased from 79.3 percent to 58.0 percent. (For other households, the share

of SUVs increased from 15.3 percent in 2001 to 34.2 percent in 2017.) The share of trucks

in low-income households increased from 6.8 percent in 2001 to a peak of 12.5 percent in

2007 but decreased to 11.1 percent by 2017. The share of vans increased from 7.7 percent

in 2001 to a peak of 9.6 percent in 2009, and then declined to 7.2 percent in 2017. This

trend is likely to continue as new minivan sales also continue to decline (Foldy 2019). In

contrast, the share of pickup trucks may not decline, given their steady manufacturing share.

A small but growing share of low-income families with vehicles owns a hybrid, plug-

in hybrid, electric, or alternative-fuel vehicle with compressed natural gas or liquefied
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petroleum gas (Table 3.1). The percentage of low-income families with vehicles that owned

at least one of these types is low but increased from 2.1 percent in 2011 to 4.5 percent in

2017. These rates are only slightly lower than rates for other families, which increased from

2.6 percent to 6.2 percent over the same period.

Table 3.1: Families with hybrid, plug-in hybrid, electric, or alternative-fuel vehicles

Year Low-income Not low-income

2011 2.1% 2.6%
2013 3.2% 4.6%
2015 3.2% 5.7%
2017 4.5% 6.2%

Table 3.2 shows vehicle holdings in low-income households owning two vehicles by year.

The most common combination of vehicles overall for families owning two vehicles was

owning two cars (26.7 percent of households), followed by owning a car and a truck (23.2

percent). Owning a car and an SUV has become much more common—and became the

most common holding combination in 2017, with 24.2 percent of households owning a car

and an SUV that year. The fourth most common combination, a car and van, has declined

in share from 15.5 percent to 8.1 percent as the “car and SUV” combination became more

common.

Table 3.2: Vehicle share by type and year, low-income households with two vehicles

Year
Car,
car

Car,
SUV

Car,
truck

Car,
van

SUV,
SUV

SUV,
truck

SUV,
van

Truck,
truck

Truck,
van

Van,
van

2001 31.2% 7.5% 28.2% 15.5% 1.3% 4.7% 1.5% 2.1% 6.4% 1.7%
2003 34.2% 9.8% 28.1% 12.2% 1.1% 5.3% 0.8% 2.2% 5.5% 0.9%
2005 28.7% 9.8% 31.6% 11.1% 1.7% 6.8% 1.9% 1.3% 6.0% 1.2%
2007 27.0% 12.8% 23.5% 11.9% 2.3% 6.2% 4.8% 3.4% 6.6% 1.5%
2009 26.5% 16.9% 24.9% 10.6% 1.5% 9.5% 2.2% 2.5% 4.5% 0.8%
2011 26.7% 18.7% 22.6% 8.6% 1.3% 9.3% 2.9% 3.8% 5.4% 0.9%
2013 24.7% 22.5% 23.1% 7.8% 3.0% 8.5% 2.1% 2.3% 5.5% 0.4%
2015 24.0% 21.7% 20.2% 10.5% 5.5% 9.3% 2.1% 2.8% 3.8% 0.1%
2017 19.6% 24.2% 20.1% 8.1% 6.2% 9.8% 2.1% 4.6% 3.6% 1.8%
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The PSID has information for the newest three vehicles a family owns. A small percentage

of low-income families in the sample (5.4 percent) own three or more vehicles. The four

most common combinations of three vehicles for these households were two cars and a truck

(17.1 percent of households); a car, an SUV, and a truck (13.4 percent); three cars (12.6

percent); and a car and two trucks (9.9 percent) (Table 3.3). While the sample size is too

small to produce annual estimates by vehicle type, combinations with SUVs are likely to

have become much more common in recent years, given trends in vehicle ownership for one-

and two-car households.

Table 3.3: Vehicle share by type, low-income households with three vehicles

Group Share

Car, car, truck 17.1%
Car, SUV, truck 13.4%
Car, car, car 12.6%
Car, truck, truck 9.9%
Car, car, SUV 9.8%
Car, car, van 8.1%
Car, truck, van 6.2%
SUV, truck, truck 4.0%
Car, SUV, SUV 3.6%
Car, SUV, van 2.7%

3.5.3 Vehicle ages in low-income households

The average age of a family’s vehicle has increased for households of all income levels,

consistent with other research showing that families are holding on to cars longer (Pfirrmann-

Powell 2014). For low-income households, the average age of their newest vehicle has

increased from 8.3 years in 2001 to 10.6 years in 2017 (Table 3.4). For other households,

the average age has increased from 4.7 to 6.1 years. On the one hand, holding vehicles

longer can be positive for low-income households if improvements in vehicle technology

allow them to drive vehicles longer without needing major repairs. With improvements
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in vehicle technology, well-maintained cars can last 200,000 miles or more (Consumer

Reports 2018). On the other hand, the average age for vehicles in low-income households

suggests that many of the vehicles they own do not have the increased fuel efficiency of

vehicles produced in the last decade, resulting in higher operating costs than if they had

more recently manufactured vehicles.

Table 3.4: First vehicle age by year and income status

Income 2001 2003 2005 2007 2009 2011 2013 2015 2017

Not low-income 4.7 4.8 4.8 4.9 5.5 6.1 6.2 6.2 6.1
Low-income 8.3 8.8 9.3 9.3 9.3 10.2 10.6 10.7 10.6

While the average age of all vehicle types has increased, the increase was largest for

vehicles other than cars. In 2001, cars had the highest average age of all first vehicle types

owned by low-income households (8.6 years), while SUVs had the lowest ages (6.0 years)

(Table 3.5). By 2017, the average age of SUVs increased to 9.9 years, almost the same as

the average age of cars (10.2 years). The average age of trucks and vans also increased

noticeably. For trucks, the average age increased from 8.1 years in 2001 to 12.8 years in

2017; for vans, the average increased from 8.2 to 12.1 years.

Table 3.5: First vehicle age by year and type, low-income families

Year Car SUV Truck Van

2001 8.6 6 8.1 8.2
2003 9.1 6.6 8.3 9.2
2005 9.8 7.2 8.5 8.7
2007 9.5 8.1 9 9.1
2009 9.7 7.6 9.5 10.2
2011 10.2 9.5 11.2 10.7
2013 10.4 10.3 11.8 11.1
2015 10.7 9.4 13 11.3
2017 10.1 9.9 12.8 12.1
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Figure 3.4: Average fuel economy for vehicles by family income, 2001–2017

3.5.4 Fuel economy

Figure 3.4 shows estimates of average MPG for vehicles in low-income and higher-income

families by year. In 2001, vehicles in low-income families—few of which were SUVs—had

slightly higher MPG than vehicles in higher-income families (26.1 MPG versus 25.4 MPG).

Fuel economy increased for higher-income households but not lower-income households

until 2007, at which point the two groups had equal MPG. After 2007, fuel economy

increased for both groups, but at a faster rate for higher-income households. In 2017, the

average fuel economy for vehicles in low-income families was 27.9 MPG versus 30.0 MPG

for higher-income families.

Fuel economy is lower for second and third vehicles than for first vehicles, as expected

given that second and third vehicles have older model years. Unlike with first vehicles,

however, low-income families consistently had lower average MPG than higher-income

families over the two decades; the gap also widened slightly even as fuel economy increased

for vehicles in both groups. In 2001, the average fuel economy for second vehicles was 25.2

MPG for both low-income and higher-income households. In 2017, low-income households

had an average of 26.8 MPG for second vehicles versus 25.1 MPG for higher-income house-
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holds. Third vehicles had the lowest average MPG and, unlike first and second vehicles,

have shown little change in fuel economy. For low-income families, fuel economy for third

vehicles declined slightly from 24.4 MPG in 2001 to 23.4 MPG in 2017.

3.5.5 Characteristics of low-income households and vehicle ownership

Table 3.6 shows the characteristics of low-income households by the type of the newest

vehicle they own. Owners of vans and SUVs have higher numbers of children on average (1.6

and 1.1 children) and higher median incomes ($24,000 and $22,000 in 2017 dollars) than

other families. Families with trucks are much less likely to be female-headed households

(19 percent) than families with other vehicle types (36 to 53 percent). Families with SUVs

have slightly younger heads of household than other families (45.8 years old versus 47.9 to

50.6 years old). Owners of cars, in contrast, are slightly older (50.6 years old) and slightly

more likely to be retired. About one-fifth of families with trucks (17.4 percent) use them

for business purposes besides commuting, a higher percentage than for families with other

vehicles (9.8 to 13.2 percent).

Some differences in family income by vehicle type may stem from differences in prices for

used vehicles by type. Data from CarGurus, an online automotive marketplace that compiles

vehicle listings from dealers across the country, illustrate relative differences in used vehicle

prices by vehicle type. As of January 2020, average prices for used SUVs and pickup trucks

(around $26,000) are higher than for used sedans and wagons (around $15,000); average

prices for used vans and minivans (around $19,000 and $16,000) are in between (CarGurus

2020). Because these average prices are for all vehicle listings in the United States, relative

prices may differ slightly in the set of used vehicles that low-income households typically

consider.

Table 3.6: Low-income household characteristics by first vehicle type

Group Car SUV Truck Van All vehicles

Household size 2.3 2.9 2.5 3.6 2.3
Children 0.6 1.1 0.7 1.6 0.7
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Group Car SUV Truck Van All vehicles

Age (head) 50.7 45.7 49 47.8 50.7
Female-headed 53.0% 44.8% 18.8% 35.5% 50.7%
Income (median, 2017 dollars) $19,627 $22,200 $19,776 $24,001 $17,740
White (head) 62.9% 60.5% 65.2% 60.1% 58.2%
Black (head) 22.0% 18.6% 11.3% 15.8% 24.9%
Hispanic (head) 11.5% 17.5% 20.1% 19.6% 13.2%
Asian (head) 1.2% 0.5% 1.0% 1.4% 1.2%
High school graduate (head) 74.5% 74.0% 64.4% 62.6% 68.5%
College graduate (head) 12.4% 11.6% 6.2% 8.7% 9.2%
In metropolitan area 69.6% 67.5% 60.8% 69.5% 70.8%
Near rail 6.9% 5.7% 3.9% 5.1% 8.3%
Vehicle used for business 10.4% 13.1% 17.8% 11.5% 11.8%
n (family-year) 10,333 2,884 1,585 1,526 25,324

To test the relative influence of social, demographic, and geographic characteristics on

the type of vehicle low-income families own, I perform a multinomial logit regression using

the low-income households identified the PSID. The regression models the odds of owning an

SUV, truck, or van relative to the odds of owning a car, the baseline outcome. Independent

variables include a range of sociodemographic and geographic factors that may influence the

vehicle a family buys, taken from the earlier discussion as well as from Zhao and Kockelman

(2002), who model household vehicle ownership using national data from 1995:

• Income: Higher-income consumers are more likely to own SUVs than lower-income

families; Zhao and Kockelman (2002) found that lower-income families were more

likely to own pickup trucks. These relative probabilities may hold even within lower-

income families.

• Use of vehicles: Families using vehicles for business purposes (apart from commuting)

may be more likely to own trucks, which can accommodate business needs like hauling

objects.

• Residential location: Households in dense urban areas may be more likely to own cars

than larger vehicles given limited space for driving and parking. Households in rural

areas may be more likely to own pickup trucks to accommodate outdoor activities.
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One limitation of the modeling is that it does not account for the simultaneity of em-

ployment and vehicle ownership (Baum 2009; Gurley and Bruce 2005; Ong 2002). Having

a vehicle makes finding employment easier; at the same time, having a job makes owning

a vehicle easier. Without data on exogenous factors that may influence vehicle ownership

without influencing employment (or vice versa), accounting for simultaneity is difficult (Ong

and Gonzalez 2019).

Table 3.7 shows the results of the regression model. All reported coefficients are sig-

nificant at the p < 0.01 level. The odds of owning a van or SUV as the primary vehicle

increase with the number of children in the household, but the odds of owning a truck, van,

or SUV are lower for female-headed households. Higher incomes are associated with higher

odds of owning an SUV, as expected. Living within a half mile of rail, living in denser areas,

and not being a homeowner all decrease the odds of owning a non-car vehicle. Using the

primary vehicle for business purposes increases the odds that the vehicle is a truck or, to a

lesser extent, an SUV. Finally, owning additional vehicles increases the likelihood that the

primary vehicle is a truck or an SUV, but decreases the likelihood that the primary vehicle

is a van. Racial differences in primary vehicle ownership persist even after controlling for

other factors: black households have lower odds of owning trucks, vans, or SUVs, while

Hispanic families have higher odds of owning trucks.

Table 3.7: Vehicle type modeling results (“car” as baseline)

Variable SUV Truck Van

Race (head; base category “white”)
Black 0.75 0.50 0.53
Hispanic 0.99 1.94 0.89
Asian 0.40 1.04 0.57

Employment (head; base category “employed”)
Retired 1.64 1.08 0.78
Unemployed or disabled 0.97 1.02 0.93
Keeping house 0.96 1.21 0.91
Student 1.47 1.11 1.13

Adults 0.95 0.92 1.01
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Variable SUV Truck Van

Children 1.27 0.92 1.68
Female-headed 0.84 0.22 0.60
Age (head) 1.10 1.09 1.14
Age squared 1.00 1.00 1.00
High school graduate 0.93 0.98 1.00
College graduate 1.00 0.99 1.00
Income (log) 1.14 0.91 0.97
Vehicle used for work 1.28 1.72 1.15
Number of vehicles 1.06 1.00 0.86
Within half-mile of rail 0.93 0.86 0.91
Density (log) 1.01 0.84 1.01
Not homeowner 0.85 0.67 0.79

Constant 0.01 0.55 0.01
Akaike Inf. Crit. 29,424.58 29,424.58 29,424.58

3.5.6 Changes in vehicle type within households

The PSID does not directly ask if or how families changed vehicle ownership—by buying,

selling, trading in, or disposing of vehicles—since the last survey. I use the make, model year,

and type of vehicles to identify households that have acquired vehicles between survey waves.

Assuming that the newest model-year vehicle in the household is the household’s primary

vehicle, I examine whether households change the type of their vehicle when they acquire a

new primary vehicle. (The households may still own the previous vehicle.) Table 3.8 shows

that most families keep the same vehicle type. Owners of cars are the most likely to stay

with the same type of vehicle (81.6 percent), followed by owners of SUVs (70.4 percent). If

car owners switch vehicle types, they are most likely to switch to SUVs. If owners of SUVs,

trucks, and vans switch vehicle types, they are most likely to switch to cars.

Table 3.8: Vehicle types for low-income families acquiring a new vehicle

Previous vehicle Car SUV Truck Van

Car 84.6% 7.4% 4.5% 3.6%
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Previous vehicle Car SUV Truck Van

SUV 20.1% 70.7% 6.6% 2.6%
Truck 18.9% 8.5% 67.6% 5.0%
Van 22.5% 8.2% 9.4% 59.9%

To determine what factors influence families to switch from owning a car as their primary

vehicle to owning an SUV, truck, or van, I construct a multinomial logit model. The sample

consists of families who had a car as the primary vehicle in one year and acquired a new

vehicle the following survey year. Table 3.9 shows the odds of switching relative to the odds

of acquiring another car as the primary vehicle. One unexpected result is that living within

half a mile of rail increases the odds of switching to an SUV, truck, or van. One potential

explanation is that, because these families have transit access, they switch to vehicles that

fulfill more specialized needs. Other relationships are more expected. For example, families

with more children are more likely to switch to SUVs and vans, and wealthier families are

more likely to switch to SUVs and less likely to switch to trucks and vans. Residential density

decreases the odds of switching to trucks. Using the vehicle for employment increases the

odds of switching to a truck and, to a lesser extent, an SUV.

Table 3.9: Vehicle switching modeling results (“keep car” as baseline)

Variable Car to SUV Car to truck Car to van

Race (head; base category “white”)
Black 0.71 0.58 0.44
Hispanic 0.87 1.65 0.59
Asian 0.44 1.63 0.40

Employment (head; base category “employed”)
Retired 1.64 1.14 0.90
Unemployed or disabled 0.88 0.93 0.91
Keeping house 1.00 2.22 1.01
Student 1.56 0.53 1.63

Adults 0.97 0.95 1.09
Children 1.29 0.93 1.76
Female-headed 1.00 0.20 0.62
Age (head) 1.07 1.10 1.08
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Variable Car to SUV Car to truck Car to van

Age squared 1.00 1.00 1.00
High school graduate (head) 0.97 1.11 0.97
College graduate (head) 1.00 1.00 1.00
Income (log) 1.16 0.92 0.98
Vehicle used for work 1.16 1.73 0.84
Number of vehicles 1.07 1.11 0.86
Within half-mile of rail 1.10 1.35 1.03
Density (log) 0.98 0.88 0.99
Not homeowner 0.89 0.64 1.28

Constant 0.02 0.14 0.02
Akaike Inf. Crit. 6,625.50 6,625.50 6,625.50

3.6 Discussion and conclusion

SUVs account for an ever-increasing share of vehicles in low-income households, despite

efforts by policymakers to facilitate purchases of smaller, more fuel-efficient vehicles. The

average fuel economy for vehicles increased for all families over the period, but at a slower

rate for low-income families. To what extent do these two trends reflect disparities in access

to fuel-efficient vehicles? To what extent do the trends reflect consumer preferences for

other vehicle features besides fuel efficiency?

One unanswered question in this research and a key area of interest for future research

is whether the rise in SUV ownership among low-income households reflects consumer pref-

erences versus a shift in vehicle availability in the used car market that creates disparities in

access to fuel-efficient vehicles. Despite the “sport” in “sport utility vehicle,” most purchasers

of SUVs have more mundane uses for the vehicles, like running household errands. Many

vehicles typically described as SUVs, like the Toyota RAV4, are more precisely known as

crossover vehicles (Consumer Reports 2019). These vehicles, built on car platforms, offer

more passenger and cargo space than cars while offering better fuel economy than trucks.
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Regardless of SUV designations, low-income families may use them because they have

many of the same passenger-transporting and errand-running needs as other families in this

area—and may have more needs since they cannot afford to pay others to perform services

as many higher-income households do. Many SUV drivers also perceive driving in larger

vehicles as safer (Thomas and Walton 2008); low-income drivers have similar concerns about

driving and safety. Finally, SUVs—and vehicles in general—operate as status symbols as

well as means of transportation, even as they receive fierce criticism from environmentalists

and anti-consumerist groups (Vanderheiden 2006). Focusing on ways to reduce the negative

effects of SUVs, like removing them from fuel-economy exemptions and promoting the

manufacturing of electric or hybrid SUVs, can benefit lower-income households who buy

them used as well as the upper-income households who buy them new.

Empirical evidence further demonstrates that, while vehicle affordability is an important

policy concern, it is far from the only factor motivating vehicle purchases in low-income

households. Surveying low- and moderate-income households in California, Pierce et

al. (2019) asked households who were considering disposing of their vehicle what their

primary reason was. While 19 percent reported that the vehicle was too expensive to

maintain and 4 percent reported that they could no longer afford the vehicle, twice as

many respondents (41 percent) wanted a different or newer make or model—twice the

percentage citing financial reasons. The authors note that “vehicle aesthetics, style, and

personal preferences are extremely salient” even for low-income households. Indeed, low-

income families, like all families, have consumer preferences. The PSID lacks information

to judge the degree to which the increase in SUV ownership reflects changing consumer

preferences versus supply constraints. While discussions of affordability center on vehicle

purchases and operation, resale may be an issue as well.

Finally, this chapter offered an initial analysis of fuel economy for vehicles owned by

low-income households. Future studies can incorporate information about daily trip-making

patterns, which can have substantial effects on fuel economy: mileage is much lower in

cities than on highways due to frequent stopping, starting, and idling.
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Conclusion

American households have taken fewer daily trips over the last two decades, and their average

vehicle miles traveled (VMT) have declined as well (McGuckin and Fucci 2018). Forecasted

growth rates in national VMT for future decades have also decreased (Federal Highway

Administration 2019). Public transit and many environmental advocates have seized upon

these trends to declare that the developed world has reached “peak car” (Goodwin and

Dender 2013) and to lobby for more money to expand transit and less money to expand and

maintain highways (Dutzik and Baxandall 2013).

The analysis in the first two chapters shows that family trajectories of car ownership do

not show declining levels of vehicle ownership, even as daily trip-making and VMT decline.

On the contrary, most families show stable or even increasing levels of vehicle ownership

over the last two decades. As the analysis in Chapter 3 shows, an increasing number of these

families—including low-income families—now own sport utility vehicles (SUVs) as well.

How can researchers and policymakers reconcile these differing trends, and what im-

plications might the trends have for transportation planning and policy? While the data

used in this dissertation do not permit a quantitative analysis of household VMT or daily

travel patterns, some instances of increased vehicle ownership and multi-mobility may be

related to social and recreational travel. While increases in online activities correspond with

declines in vehicle trips for social purposes overall (McGuckin and Fucci 2018), families

may have more time and resources for different types of social travel with extra vehicles.

Owning an additional truck or SUV may allow families to take camping trips, for example;

owning a sports car or vintage model may allow people to take recreational drives.

One of the most striking results of the analysis is the overall stability of car ownership

levels across time for most of the surveyed households, even as they experience major life
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events like moving, marriage, and having children over the analysis period. One explanation

is that trends in moving to areas that allow for car-light or car-free lifestyles, particularly

among Millennials, may be overstated. Some Millennials moved into central cities in the

late 2000s and early 2010s, reversing decades of population decline in central cities, but

those changes may not be permanent (Myers 2016). Moreover, Millennials move less than

previous generations and are the primary reason that the United States has experienced its

lowest mobility rate in decades (Frey 2019). While some Millennials have moved to cities,

suburbanization is the dominant trend in the United States, with other population groups

like immigrants moving from central cities to suburbs (Myers 2016). Even Millennials are

more likely to live in suburban areas than urban areas, with the percentage of suburban

Millennials increasing since 2000 (Blumenberg et al. 2019). Finally, while new transportation

developments like the rise of ride-hailing services may offer important mobility options for

households, they have not induced most users to change their levels of vehicle ownership

(Clewlow and Mishra 2017).

This dissertation marks a first step toward constructing models that planners can use

to predict patterns of vehicle ownership in a household over its life course. Developing

models that could predict vehicle ownership patterns with reasonable accuracy could inform

aggregate models of vehicle ownership for land use, transportation, and environmental

modeling. The modeling results could also inform policy responses involving family vehicle

ownership and access. These policy responses have three potential goals: reducing vehicle

ownership; promoting vehicle ownership; and maintaining vehicle ownership.

Policies to reduce vehicle ownership seek to reduce the negative externalities and fi-

nancial burdens of using automobiles. Policymakers may focus on investments in transit

and pedestrian infrastructure and on transit-oriented development to facilitate car-free

lifestyles. Smart and Klein (2018), who find that people who are exposed to transit in young

adulthood own fewer cars and use transit more often later in life, suggest encouraging a

“transit habit” by subsidizing transit for school- and college-age students, recent movers,

and new employees. The results of this dissertation suggest that people rarely give up
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vehicles altogether, however. Families with one vehicle, for example, may be unwilling to

give up a vehicle, even if they can reliably use other modes for most of their trips, in case of

emergencies.

Policymakers may counter that, even if such policies do not substantially reduce vehicle

ownership, the policies will still reduce the negative externalities associated with automobile

use. As the analysis of multi-mobility shows, however, families are willing to own more

vehicles than people, and anecdotal evidence suggests that families are willing to own

vehicles they drive only occasionally, like on weekends (Reddit 2017). If policies to reduce

vehicle ownership mostly lead to families shedding “extra” vehicles, the policies may be

much less effective than expected. Dill (2004), evaluating two vehicle retirement programs

in the Bay Area and Los Angeles, found that the programs attracted more households with

multiple vehicles than expected and that households reported driving those vehicles less

often than the statewide average for the vehicle model year. Nonetheless, planners and

policymakers can address the negative consequences of vehicle use through other policies

without reducing vehicle ownership—in particular, by reassessing policies like minimum

parking requirements and low fuel taxes that subsidize driving (Taylor 2006). Moreover,

negative externalities of vehicle use like traffic congestion are often unpriced (Taylor 2006);

policymakers can implement pricing to compensate for these externalities and better manage

travel demand.

In contrast, other policies may promote car ownership for families with no or low levels of

vehicle access. Programs that promote car ownership are much less common than programs

that promote transit use (Cervero and Tsai 2003), in part because using money to subsidize

vehicle ownership sparks controversy from environmentalists as well as from critics of

welfare programs (Wachs and Taylor 1998). Nonetheless, the few studies of car ownership

programs available show positive economic results for participants (Lucas and Nicholson

2003; Blumenberg and Waller 2003). While policymakers assert that increasing access to

public transit can also improve economic outcomes for low-income riders, empirical evidence

suggests that it does not except in limited circumstances (Sanchez, Shen, and Peng 2004;
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Ong and Houston 2002; Kawabata 2003).

Finally, other policies involve maintaining minimal levels of vehicle access for families

who are vulnerable to losing access—and are therefore vulnerable to losing employment.

One way to maintain access is to help families maintain and repair vehicles. Vehicle repair

subsidies, like the Tune In and Tune Up program in California’s San Joaquin Valley (Mérel

and Wimberger 2012), are one example of a policy action to maintain access. A much

smaller-scale option to maintain ownership is improving outreach efforts for recalls and

manufacturer service actions, also known as “secret warranties,” for components that fail

at greater rates than predicted (Sovern 1995). Vehicle-keeping programs may be more

politically palatable than programs to increase car ownership, especially if vehicle-keeping

programs are framed as programs to help people maintain employment and, in the case of

programs like Tune In and Tune Up, to improve the environment.

While some families may need to use vehicles daily, other families may need vehicles only

on occasion—for example, while looking for employment or accessing healthcare. For the

other families, an alternative policy approach to maintaining vehicle access is to subsidize

ride-hailing and shared mobility services. In her examination of Lyft use in Los Angeles,

Brown (2019) finds that most customers use the service for occasional travel needs, and that

such services can offer vehicle access to low-income families even in suburban and rural

areas.

Consistent vehicle access cannot by itself address the complex and interrelated problems

associated with poverty—for example, inadequate education and poor health. Nor will

vehicle access help if it only connects low-income households to jobs that pay little and offer

little hope of advancement. Effective transportation policy can, however, remove one of the

persistent barriers to economic and social opportunity that low-income households face over

the life course.
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APPENDIX A

Technical Information

This appendix contains supplemental technical information for the data and methods I use

in the three analytic chapters. The primary source of data is the confidential geocoded

version of the Panel Study of Income Dynamics (PSID). For most of the analysis, I use data

from the 2001 to 2017 waves; for the birth cohort analysis in Chapter 2, I use the 1969

to 1987 waves and the 1997 wave as well. (The PSID did not collect vehicle information

in 1975 and from 1989 to 1998.) The PSID is a biennial longitudinal household survey

that measures employment, wealth, spending, and other social factors in American families

(Institute for Social Research 2017). In 2017, 9,607 families with 26,445 individuals took

part in the survey. The confidential geocoded version of the PSID has the Census tract and

block group of respondents.

A.1 Statistical computing and analysis

I perform the statistical and geospatial analysis using R, an open-source statistical software

environment (R Core Team 2018). Major R packages used in the analysis include:

• TraMineR to perform sequence analysis (Gabadinho, Ritschard, Müller, et al. 2011)

• tidycensus to download and process U.S. Census Bureau data (Walker and Eberwein

2018)

• sf and rgdal to manipulate spatial data and perform spatial analysis (Pebesma et

al. 2018; Bivand et al. 2018)
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A.2 Neighborhood characteristics

I measure neighborhood density for respondents at the Census tract level by combining

population measures from the Longitudinal Tract Data Base (LTDB) with land area measures

from the U.S. Census Bureau’s Topologically Integrated Geographic Encoding and Referencing

(TIGER) database. The LTDB, developed by Logan, Xu, and Stults (2014), harmonizes Census

tract data from 1970 to 2010 using 2010 tract boundaries. For analysis with respondents in

the 2001 to 2009 waves, I use density measures from 2000; for respondents in the 2001 to

2017 waves, I use density measures from 2010.

A.3 Transit access

I measure transit access using distances to rail stations, as discussed in Chapter 1. I use

the National Transit-Oriented Development (TOD) Database (Center for Transit-Oriented

Development 2012) as the primary dataset to identify stations and their opening years. The

database has information on 4,400 fixed-guideway transit stations in the United States as

of 2011, the opening years if the stations opened after 2000, and the station latitudes and

longitudes. To add information for stations that opened from 2012 to 2017, I compiled

a list of stations using two sources. For station names and opening years, I used station

lists compiled on Wikipedia to identify stations that opened after 2011 and checked the

information using transit agency websites or newspaper articles. For station locations, I

used data from Transit Explorer, an interactive map of transit stations and lines produced

by The Transport Politic Blog, which has information for new stations up to 2017 and

beyond (Freemark and Vance 2018). The list of transit stations and locations is at http:

//github.com/sbrumb/stationlist/ for interested researchers.

I identify whether families live within a half-mile radius of one or more rail stations

each survey year. To identify the correct map projections to use for calculating buffers,

I use a county-level list of map projections prepared by Neil Freeman at https://gist.

github.com/fitnr/10795511. I identify any Census block group (the lowest level of
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geographical detail available in the geocoded PSID) that overlaps the half-mile buffer as

being “within” in it. The number of Census block groups from the 100 most populated

MSAs within half a mile of a transit station increased from 20,769 in 2005 to 22,509 in

2017, for an 8.4 percent increase. The code I use to calculate the buffers is available at

https://github.com/sbrumb/railbuffers.

A.4 Vehicle information and fuel economy

The PSID occasionally changes the earliest model year it records for vehicles, and codes

vehicles with earlier model years as “9997.” These changes effectively top-code vehicle ages

in the PSID at 19 to 41 years old depending on the survey wave, as shown in Table A.1. For

vehicles coded “9997” in a survey wave, I use the maximum age available.

Table A.1: Earliest vehicle model year recorded by survey wave

Survey year Earliest vehicle year Oldest vehicle age

2001 1960 41
2003 1984 19
2005 1986 19
2007 1987 20
2009 1987 22
2011 1987 24
2013 1987 26
2015 1993 22
2017 1998 19

To derive estimates of fuel economy, I combine vehicle information in the PSID with

data from Environmental Protection Agency (2020) (Supplemental Table J), which lists

average MPG by manufacturer and vehicle type from 1975 to 2018 weighted by production

share for vehicles in each group. A separate confidential version of the PSID, not obtained

for this analysis, contains vehicle models. While having additional vehicle information like

model and trim would allow for more accurate MPG estimates, actual MPG may still vary

greatly depending on a family’s driving patterns and vehicle maintenance. For sport utility
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vehicles (SUVs), which EPA separates by truck and car SUV, I derive an average weighted by

production share. For vehicle manufacturers in the PSID that are not in the EPA data, I use

the average miles per gallon (MPG) for “all manufacturers” for the year and vehicle type.
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APPENDIX B

Supplemental Tables

This appendix contains supplemental tables for the three analytic chapters.

B.1 Vehicle ownership ratios and families with teenagers

The analysis in Chapters 1 and 2 uses a “vehicles per adult” ratio to measure vehicle access.

As discussed in Chapter 1, some teenagers age 16 and 17 may drive, complicating analysis.

Table B.1 shows the percentage of teenagers age 16 and 17 in each vehicle ownership group.

Table B.1: Families with 16- or 17-year-olds by year and vehicle ownership ratio

Year A (0 cars) B (<1 car/adult) C (1 car/adult) D (>1 car/adult)

2001 4.6% 11.0% 5.4% 17.1%
2003 7.9% 11.0% 4.8% 15.7%
2005 6.7% 10.3% 5.6% 17.2%
2007 7.7% 11.4% 6.7% 15.0%
2009 6.3% 12.1% 7.3% 14.0%
2011 9.2% 10.7% 5.9% 11.5%
2013 7.8% 10.1% 6.7% 16.5%
2015 12.2% 10.0% 6.0% 14.3%
2017 11.5% 13.2% 5.3% 13.7%
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B.2 Alternative vehicle ownership ratio results

This section presents descriptive statistics and modeling results from Chapter 1 recalculated

using the ratio of vehicles to adults plus teenagers age 16 and older.

Table B.2: PSID family descriptive statistics (alternative specification)

Group
Group A
(0 cars)

Group B
(<1 car/driver)

Group C
(1 car/driver)

Group D
(>1 car/driver)

Household size 1.7 3.4 2.1 2.3
Children 0.3 0.8 0.5 0.5
Age (head) 53.7 51.5 50.1 51.4
Female-headed 57.0% 23.9% 32.2% 14.4%
Median income (2017
dollars)

$18,538 $59,554 $60,570 $79,996

White (head) 54.9% 63.7% 79.9% 81.9%
Black (head) 32.0% 16.1% 10.4% 9.9%
Hispanic (head) 9.3% 14.0% 6.3% 5.6%
Asian (head) 1.3% 2.8% 1.5% 1.1%
High school (head) 68.6% 76.1% 88.8% 89.2%
College (head) 13.4% 23.3% 33.7% 27.5%
Metropolitan area 56.8% 58.5% 56.1% 46.7%
n (family-year) 11703 19784 35124 10200

Table B.3: Groups of vehicle ownership trajectories (alternative specification)

Group Percentage Typical trajectory

Fully equipped 39.1% Has one car per adult for most or all years
Gaining access 22.5% Starts with fewer than one car per adult then later has one car

per adult
Multi-mobile 11.4% Has more than one car per adult for most or all years
Becoming multi-mobile 10.4% Switches between having one car per adult and having more

than one car per adult
Sharing cars 6.4% Has at least one car but less than one car per adult for most

years; includes some families that occasionally have one car
per adult

Mostly carless 5.2% Starts with one car per adult then later has fewer than one car
per adult

Turbulent 4.9% Switches multiple states including zero cars
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Table B.4: Characteristics of groups (alternative specification)

Group
Fully
equipped Turbulent

Multi-
mobile

Sharing
cars

Gaining
access

Mostly
carless

Becoming
multi-mobile

Household size
(2001)

2.1 2.1 2.4 3.9 3.5 1.9 2.9

Household size
(2017)

2.1 2.3 2.2 3.2 2.8 1.6 2.4

Median income
(2001, 2017
dollars)

$72,211 $28,740 $87,852 $62,327 $84,304 $24,989 $86,815

Median income
(2017)

$68,060 $31,085 $78,078 $51,708 $79,000 $14,257 $91,549

Lives in
metropolitan area
(2001)

76.4% 76.4% 60.0% 81.1% 75.8% 83.2% 69.8%

Lives in
metropolitan area
(2017)

76.4% 76.4% 60.0% 81.1% 75.8% 83.2% 69.8%

Does not own home
(2001)

30.6% 68.8% 15.5% 32.6% 26.1% 80.0% 22.1%

Does not own home
(2017)

21.6% 62.4% 7.4% 30.1% 21.0% 79.6% 12.9%

Near rail (2001) 6.9% 10.1% 3.1% 13.9% 7.9% 28.2% 4.3%
Near rail (2017) 7.1% 10.0% 5.3% 13.8% 7.1% 26.9% 4.3%
White (head) 86.3% 52.0% 85.3% 54.5% 73.8% 37.1% 84.0%
Black (head) 6.9% 31.5% 8.8% 13.6% 11.2% 53.3% 10.5%
Hispanic (head) 2.0% 12.5% 1.8% 19.9% 8.9% 6.1% 2.9%
Asian (head) 2.1% 0.6% 0.9% 6.4% 2.6% 1.7% 0.5%
Immigrant 2.6% 12.1% 1.3% 28.7% 10.8% 7.2% 2.8%
High school (2017) 94.8% 70.2% 90.3% 69.6% 86.3% 65.1% 91.2%
College (2017) 40.5% 10.5% 31.4% 23.7% 33.4% 14.2% 38.5%
n (families) 1053 196 340 262 892 246 353

B.3 Birth cohort years

Table B.5 shows the number of usable sequences for a set of ages tested for the cohort

analysis in Chapter 2. I defined a usable family sequence as a sequence with zero or one
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missing state.

Table B.5: Usable family sequences by age range (four or more survey waves)

Starting age 24 26 28 30 32

18 646 412 293 176 95
20 1337 1027 641 434
22 2220 1459 1063
24 2620 1977
26 2672
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