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Panel Study of Emerging Transportation Technologies
and Trends in California: Phase 2 Findings

I EXECUTIVE SUMMARY

Changes in sociodemographics, individual lifestyles, the increased availability of modern
communication devices (smartphones, in particular) and the adoption of emerging
transportation technologies and shared-mobility services are quickly changing the way
individuals travel. These changes are transforming travel-related decision-making in the
population at large, and especially among specific groups such as young adults (“millennials”)
and the residents of urban areas.

The data collection was completed through a mixed sampling method: (1) A paper survey was
mailed out to a stratified random sample of 30,000 California residents, by adjusting the
sampling rates to obtain sizable numbers of respondents in all six geographic regions; (2) A
sample of 2,000 Californians was recruited through an online opinion company using quota
sampling based on six geographic regions, three neighborhood types (urban, suburban, and
rural), and selected socio-demographics (age, gender, race, ethnicity, presence of children,
household annual income, student status and employment status); and (3) All respondents
from 2015, the first wave of data collection (N=1,975), were re-contacted through the same
online opinion panel company. In the end, these three channels generated a total of 4,071
complete responses.

By integrating with the 2015 California Millennials Dataset, we built a rotating panel structure
that allow analyzing multiple attitudinal and behavioral aspects of interest, using either
longitudinal or repeated cross-sectional datasets. The data allows researchers to investigate the
relationships among individual attitudes and lifestyles, residential location, vehicle ownership,
travel behavior, the adoption of shared mobility, and the attitudes towards the adoption of
other disruptive transportation technologies (e.g., autonomous vehicles). However, due to the
low longitudinal response rates, the percentage of respondents who participated in both 2015
and 2018 survey, most of current analysis are based on the 2015 or 2018 cross-sectional
dataset, but with a variety of research topics. As part of the project, both datasets have gone
through comprehensive data cleaning, data weighting and geocoding process. The analyses
presented in this project led to a large number of key findings, including:

e Millennials have different attitudinal and behavioral profiles from the members of
Generation X. However, through the analysis of the existing generational gaps and
associated factors, our study suggests that Millennials might be leaving part of their
uniqueness behind and converging with those of Generation X as they enter later life
stages. Nevertheless, Millennials adopt multimodality more often than Gen Xers.
However, the analysis also points to substantial heterogeneity among Millennials and
indicates that, perhaps contrary to expectations and the stereotype in the media, 84%
of millennials are monomodal drivers. Perhaps, the concept of generations is just a way
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to arbitrarily slice up groups of travelers, while fails to capture their unique
characteristics.

By exploring factors impacting consumers’ current vehicle fuel type choice and their
future interest in purchasing or leasing an alternative fuel vehicle (AFV), our study
suggests that people who are more pro-environment, tech-savvy and car-utilitarian are
more likely to choose an AFV currently as well as in the future. Car-dependent people
are also found to be more likely to adopt an AFV in the future than their counterparts.
Also, an individual’s current user experience in AFV has positive effect on their future
interest in AFV. Thus, improving the EV awareness and increasing consumers’
knowledge and experience on EV are critical strategies for EV market uptake.

For the use of ridehailing services (Uber, Lyft) as well as adoption of shared (pooled)
ridehailing (UberPOOL, Lyft Share), our study suggests that high-income, predominantly
white individuals are more likely to be frequent users of regular ridehailing, while
better-educated, younger individuals who currently work or work and study are more
likely to use shared ridehailing services. Residents of urban neighborhoods with high
employment entropy have higher likelihood of using both types of services. On the
contrary, the increased travel time and lack of privacy decreases the likelihood of
adopting shared services.

In terms of ridehailing mode replacement, individuals living in vibrant and walkable
neighborhoods tend to replace other travel modes, including active modes, with
ridehailing. Pricing strategies should be employed to discourage short-distance
ridehailing trips. Also, previous studies may have overestimated the complementary or
supplementary relationships between public transit and ridehailing by ignoring
confounding effects.

By investigating the latent patterns in the modal impacts of ridehailing services, our
study identified three classes of ridehailers: substituters who substitute transit modes
and taxi cabs with ridehailing (30% of the total shared ridehailing adopters, and 50% of
the frequent users in our sample), personal car augmenters who complement personal
car with ridehailing (49% of the total adopters), and multimodal augmenters who use
public transit and active modes and their usage are not impacted by ridehailing (21% of
the total adopters).

Our study reveals three clusters associated with ridehailing usage frequency. The “RH:
Younger Eco-friendly” cluster (30% of the sample) is predominantly RH dependent, as a
majority in it uses RH services on a regular basis, a characteristic in stark contrast with
the “RH: Younger Non-eco-friendly” cluster (29% of the sample), where only 2% are
among the regular users. The third “Older Car Enthusiast” cluster (40% of the sample)
has a nearly zero share of regular RH users. Interestingly, those three clusters have in
fact rather similar vehicle availability and age, and the one with higher ridehailing usage
is less likely to expect an increase in household vehicle ownership within the next three
years.
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e Regarding AV adoption and use, our study reveals three main clusters. AV Early
adopters” are the most interested in using and/or owning AVs. “AV Curious” individuals
are interested in AVs but prefer to wait until the technology matures, and using them to
supplement their current vehicle ownership rather than replace them with a shared-AV
service. “AV Hesitant” individuals more often live in rural areas, are older and have
lower income and are the most reluctant to consider AV use. Different level of external
incentives and motivations can be applied to these segments to get them to adopt AVs.

Overall, this study helps assess the complex relationships behind the observed behaviors which
support the development of better-informed transportation policies. The final data of this
project is subject to the UC Davis Institutional Review Board (IRB) guidelines on the treatment
of human subject data and is available upon request from the principal investigator.
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|| California Mobility Panel Study

Introduction

The rapid expansion of digital technology, the increased availability of locational data and
smartphone apps, and the emergence of technology-enabled transportation and shared-
mobility services are transforming transportation demand and supply. These disruptive trends
might be confounded with other factors affecting travel patterns, behavioral differences across
generations, changes in household compositions and lifestyles, and temporary changes that
impact the way individuals interact, work, socialize, and travel. Despite the continued reliance
on private cars, at least some segments of the population are apparently becoming more
multimodal (Buehler and Hamre, 2016) and are more reliant on the use of information and
communication technology (ICT) (Circella et al., 2016). Some of these changes might point
towards positive impacts on the transportation sustainability. However, changes brought by
new mobility options (e.g., ridehailing), or in the future driverless vehicles might increase the
attractiveness of cars and reduce the use of other modes. Previous research has shown that the
adoption of ridehailing might lead to a decline in the use of public transit (Circella et al., 2018;
Circella et al., 2017; Clewlow and Mishra, 2017; Feigon and Murphy, 2018). The deployment of
AVs will likely lead to even larger changes in travel demand, including a potential increase in the
total vehicle miles traveled (VMT) (Harb et al., 2018), though these impacts will depend on the
policies that are developed to regulate ownership and use (Circella, Ganson, and Rodier, 2017).
These changes sum up to other factors that are already affecting passenger travel in the United
States, and that have been attributed a role in explaining the changes in travel demand in
recent years (Circella et al., 2016; Goodwin, 2012; Metz, 2012; Metz, 2013).

Despite of existing literatures, research on the relationships among the adoption of new
transportation services, socio-demographics, lifestyles, vehicle ownership, mode choice,
residential location choice and other components of travel behavior, as well as socio-
demographics, attitudes and lifestyles, is still in preliminary stages, to date. More analyses
based on robust data is required to better understand these trends and support policy making
to increase transportation sustainability. This project will increase the understanding of the
impacts of emerging transportation technologies and trends in California (Circella, Alemi, and
Matson, 2018; Circella, Tiedeman, Handy, Alemi, and Mokhtarian, 2016; Circella, Alemi,
Tiedeman, and Org, 2017).

This study capitalizes on the work developed in previous stages of this research project, which
allowed us to collect a large longitudinal dataset through two detailed behavioral and
attitudinal surveys in 2015 and 2018 with a rotating panel approach (Circella et al., 2016;
Circella et al., 2018, 2016; Circella et al., 2017). However, due to small number of the
respondents who participated in both waves of the data collection, for the purposes of the
analyses contained in this report, we treated the data as repeated cross-sectional and analyzed
the data from each survey wave separately. Throughout this research endeavor, we analyze this
dataset and answer a number of research questions related to the impacts of emerging
technologies and trends, the role of life stages in affecting changes in travel behavior, vehicle
ownership and the adoption of technology, the use of various modes of transportation, and
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users’ responsiveness to the introduction of new services (e.g., shared ridehailing services, such
as UberPOOL and Lyft Line) and AVs. This project informs transportation agencies and the
research community on the impacts of emerging technologies and trends on travel demand,
helps enhance travel demand forecasting tools, and supports decision-making and investment
decisions, to provide transportation services that best fulfill the mobility needs of Californians.

2018 California Mobility Survey

The 2018 mobility study builds on an existing research program which allowed the collection of
the very rich 2015 California Millennials Dataset. As part of the previous Phase | of the research,
our team designed a detailed online survey that was administered in 2015 resulting in a sample
of 1,975 residents of California, including both millennials (young adults between 18 and 34, in
2015) and members of the preceding Generation X (middle-aged adults, 35 to 50 in 2015), who
were recruited through an online opinion panel. The dataset includes many variables of interest
and has allowed the development of several analyses of millennials and Gen Xers’ attitudinal
profiles, travel behavior, vehicle ownership, residential location, and adoption of shared
mobility. For additional information on the Phase | of the research, which obtained large
visibility in the scientific and planning community due to its ability to shed light into the factors
affecting millennials’ choices related to residential location, travel behavior and adoption of
technology, see (Circella et al., 2016; Circella et al., 2017; Circella et al., 2018).

For the Phase Il of the long-term research plan. we have built the longitudinal component of
the research through a second wave of data collection. We employed a combination of
sampling strategies to recruit respondents, including:

e Paper and online survey for new recruitment: we mailed out 30,000 paper surveys to
randomly selected residential addresses in the state. To ensure representation from
entire California, a stratified random sampling approach was used. California was
divided into six regions (as Figure 1 depicts), and the sampling rates were adjusted
according to the populations in these regions. The respondents had the option of
mailing back the completed questionnaire or completing the survey through an online
link. A total of 1,992 respondents (1,620 via mail and 372 online) completed the survey
through this channel. In order to encourage more responses, respondents were entered
into a drawing for the chance to win Amazon gift cards. Respondents who mailed back
the survey (incomplete or complete) or those who provided contact details at the end of
the online survey were eligible for the drawing.

e New online opinion panel recruitment: We also refreshed the panel by adding a group
of participants in this wave of data collection, recruiting them through another online
opinion panel company. The opinion panel company compensates survey respondents
with points that can be converted into airline miles, gift cards etc., with the number of
the accrued points commensurate to the length of the specific survey. We recruited
these additional respondents to make up for the natural dropping out of respondents
from the panel. We used quota sampling by California region and neighborhood type
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(urban, rural, etc.) for this recruitment, and established socio-demographic targets for
age, gender, children in the household, household income, race, ethnicity, work status
and school status. The quotas and targets were set using the most recent 5-year
estimates from the American Community Survey (ACS). A total of 1,833 respondents
completed this survey through this channel.

Recontact of 2015 respondents: We recalled all the respondents who completed the
previous survey in 2015 using the same commercial online opinion panel from that data
collection. Unfortunately, only 246 of the previous respondents completed the survey in
2018.

In the end, the sample is a combination of both longitudinal sample since 2015 and cross-
sectional sample newly recruited in 2018. The socio-demographic distribution is in accordance
with the 2018 American Community Survey statistics, with a slightly over-sampling of white
people, people aged 55 or over, unemployed population and households without children. The
full 2018 dataset consisted of 4,071 completed surveys, before data cleaning. For the purposes
of this study, the state of California was divided in six main regions:

eYNCST

San Francisco Bay Area corresponding to the boundaries of the Metropolitan
Transportation Commission (MTC),

Los Angeles/Southern California corresponding to the boundaries of the Southern
California Council of Governments (SCAG),

Sacramento region corresponding to the boundaries of the Sacramento Area Council of
Governments (SACOG),

San Diego corresponding to the boundaries of the San Diego Association of
Governments (SANDAG),

Central Valley corresponding to the eight counties in the central San Joaquin Valley,

Northern California and Others which includes the rest of State not included in the
previous regions)



Nor Cal and Others

SANDAG L

Figure 1. The six regions of California included in this study

The panel dataset includes information on the personal attitudes and preferences, lifestyles,
adoption of social media and ICT, e-shopping patterns, residential location, living arrangements,
recent major life events, commuting and other travel-related patterns, auto ownership,
awareness, adoption and frequency of use of shared mobility (carsharing, bikesharing,
ridehailing services such as UberX or Lyft Classic, pooled ridehailing services such as UberPOOL
or Lyft Line), propensity to purchase vehicle and/or modify vehicle ownership, perceptions and
propensity to adopt driverless vehicles, interest in mobility-as-a-service (MAAS), propensity
towards shared or personal ownership and use models of driverless vehicles, and
sociodemographic traits.

Structure of the 2018 dataset

Figure 2 summarizes the sampling strategy for the first and second waves of this panel study.

2015 California A. R:call g:f B. Recrunt.rr!ent of C. Recrult.m_ent of
Millennials Dataset respon ents from new partICIpants new partICIpants
(millennials + Gen Xers) 2015 survey

(millennials + Gen Xers) (entire population, 18+) (entire population, 18+)
OPINION PANEL OPINION PANEL OPINION PANEL PAPER SURVEY
First data collectionin 2015 Second data collectionin 2018
(Phase 1) (Phase 2)

Figure 2. Structure of 2015-2018 California panel data
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Although the panel provides a unique opportunity to study the impacts of emerging
technologies and trends with longitudinal data and capture the causal relationships among the
use of emerging transportation services, we do not present analyses based on the
“longitudinal” component of the data in this report, due to low number of longitudinal
observations that exist in both waves of the survey. Nevertheless, this project demonstrates
how to design and administer a longitudinal panel study, and identifies what types of research
guestions that can be investigated with a longitudinal data.

During a further extension of this data collection to study the COVID-19 mobility project which
was started in Spring 2020, some survey participants of this project were contact again to build
a longitudinal panel that can be used to investigate the temporary and longer-term impacts of
the COVID-19 pandemic, as well as in a number of other research questions in the future. As
the Figure 3 shows, the research team is continuing to expand the panel study, with additional
data collections carried out in Fall 2020 and Spring 2021. This unique dataset will allow
researchers to investigate the complex relationships behind the formation of travel behavior
over time (e.g., modifications in the use of shared mobility and their impacts on vehicle
ownership due to the pandemic) among the various segments of the population.

COVID-19 2020 Spring (New Recruitment): N=10,712

Did not Participate in 2020 Fall Iteration: N=9,029
ICA Panel (2018): N=3,767
[l covip-19 2020 Spring (Longitudinal): N=1,319 (in progress)
8-Cities (2019): N=3,430
New Recruitment for 2020 Fall Iteration: N=4,882
COVID-19 2020 Fall: N=8,029
Did not Participate in 2020 Spring Iteration: N=5,878
Wave 0 Wave 1 Wave 2 Wave 3
Before the pandemic The first phase of the pandemic The second phase of the pandemic Recovery phase
(2018/2019) (Spring 2020) (Fall 2020) (Spring/Summer

2021)

Figure 3. Recontact of respondents from 2018 dataset in a longitudinal study

Research Questions

Table 1. summarizes a list of research questions that we have investigated during the analysis of
the data collected in this project by the time when this report is prepared. Most of the analysis
have been presented in transportation-related conference or published in scientific journals.
Detailed analysis and results of some research questions will be presented in the following
chapter. Given such a rich dataset, more research may be carried out by the team in the future
work.
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Table 1. Research questions investigated f this project

Focus of .
. Research Questions
Analysis
How different are Millennials’ transportation-related attitudes from
Impacts of Generation X?
P - What are the effects of these attitudinal gaps?
stage in life

on attitudes

How do millennials’ attitudes change as they transition into later stages in
life, start working, get married, have children and change residential
location?

Are there any forms of multimodality that can be observed in the

Impacts of population?

stage in life How do vehicle ownership, travel choices, propensity to use various

on travel transportation options change across age and generation?

behavior How various demographic, built environment, and attitudinal attributes
effect on the adoption of multimodality?
What effects consumers’ current vehicle fuel type choice and their future

. interest in purchasing or leasing an alternative fuel vehicle?
Adoption of , i \ . . .
. Does consumers’ current experience with alternative fuel vehicles impact
alternative . .
. their future interest?

fuel vehicles L 1 . . .
How do they vary within different population segments with various
characteristics?
How does the adoption of shared mobility vary by geographic region of
California, neighborhood type, and segment of the population?

Use of What affect the use of services such as ridehailing (e.g., UberX, LyftClassic)

shared and shared ridehailing (e.g., UberPOOL, Lyft Line) for different trip purposes

mobility in California?
How do they vary within different population segments with various
characteristics?
How does ridehailing usage affect the use of other modes, including public
transit, active travel and private vehicle?

Impacts of How does ridehailing usage affect current household vehicle ownership and

P expectations to change?
shared - . . . .
.. What users are more willing to modify their vehicle ownership? How does
mobility on

other modes

that intention relate to the adoption of other travel modes and lifestyles?
How the adoption and use of shared ridehailing and its determinants are
related to the different modal impact patterns of ridehailing?

How does it vary among various groups of users with various characteristics?

Adoption of
AVs

How does the willingness to use driverless vehicles vary across the
population?

Who are the early adopters, i.e., willing to purchase an AV first?

What ownership (shared vs. personal) and use (shared vs. individual) models
for AVs are more popular among various individuals?
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Table 2. summarizes a list of research questions that could be investigated with the current
data, and that will be the potential object of study for future extensions of this work.

Table 2. Potential research questions to be investigated in the future work

Focus of Analysis

Research Questions

The impact of ICT on
travel behavior

How does the adoption of technology vary among sociodemographic
segments?

Is there a relationship between the adoption of smartphones, the
use of social media, and the use of various travel modes (e.g., public
transit)?

Adoption of e-
shopping

How is e-shopping affecting the physical amount of travel for
shopping purposes?

What individuals adopt faster delivery-time services (e.g., Amazon
Prime)?

How do purchasing behaviors (e.g., “searching in stores and buying
online” or “searching online and buying in stores”) vary by groups of
users?

How does the return of items that are purchased online affect goods
shipments?

Travelers’ response
to transportation
policies

Would Californians be responsive to policies designed to reduce
vehicle ownership by adopting mobility-as-a-service transportation
options?

What users might be interested in subscribing for flat-fee programs
for ridehailing?

What users are more inclined to share rides with strangers? Under
what circumstances would they share?

Geocoding

The respondents were asked to report their home and work addresses in the survey. We asked
the respondents to either report their complete address or the nearest intersection of the two
cross streets, along with the zip code. This information was then geocoded (converted into
latitude and longitude) using Google API (Cooley, 2018). All cases were reviewed for accurate
geocoding through a manual review process as the Google APl can misinterpret the input
provided by the respondents. The corresponding geocodes were then used to get measures of
land use and built environment in the place which individuals live and work using external
sources including the U.S. Environmental Protection Agency’s Smart Location Dataset, and the
walkscore, bikescore and transitscore from the commercial website walkscore.com.
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Weighting

This section describes a two-stage weighting process (cell-weighting + iterative proportional
fitting) for this dataset to compensate for the non-response bias present in the raw data.

Although a range of variables are possible for weighting, an inclusion of all is not ideal. If we
have serious non-response by certain demographic groups in the data (e.g., low-income young
male with Hispanic origin, studying and working, etc.), weighting is likely to produce extremely
large weights for cases in such groups in order to be representative of the population. These
large weights are problematic because by nature, cases with these weights are only a few in the
sample, adding huge uncertainty to data analysis (i.e., large sampling errors). Thus, we
narrowed down to two geographic attributes of participants’ residence (i.e., region,
neighborhood type) and six individual or household socioeconomic/demographic attributes
(i.e., age, gender, race/ethnicity, household income, presence of children, employment/student
status). We believe they are closely associated with non-response bias, and various measures of
travel behaviors and mobility-related choices.

For carrying out the weighting process, the first step is to impute the missing values of the key
variables for each case in the dataset. Then, recoding is needed for both the population targets
and the raw data. Their variables were recoded to ensure their levels were consistent and at
the same time avoid extremely large weights. For population target, we chose individual and
household attributes from the 2014-2018 US Census American Community Survey 5-year
estimates, the latest release at the time of weighting. For the raw sample data, two types of
recoding were implemented. (1) There are cases where we recreate subgroups. The age
variable was combined into three categories (“18-34”, “35-54”, “>55”). For household income,
less than $50,000 or larger than $100,000 are made as single group, respectively. (2) There
were also two cases where we combined two variables into one to better represent certain
characteristics. For employment and student status, we combined into three categories
(“employee only”, “student only”, “employee and student”). For race and ethnicity, we
combined into them five categories (“Asian/Hispanic”, “Asian/non-Hispanic”, “White or
Other/Hispanic”, “White/non-Hispanic”, “Other/non-Hispanic”). In fact, those steps were
iterative in that, if the first-round weights included extremely large values, we reduced the
number of levels for certain variables and re-computed weights to avoid such large values in
the second round, and so on. After making changes to a few variables and re-computing
weights iteratively, we concluded that our chosen variables and levels were good enough for
our sample.

Cell Weighting

For the first stage, respondents’ age, and the region and neighborhood type of their residential
location are used in the cell weighting process. The cross-tabs of these three variables are
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calculated for both the raw survey data and population targets. The weights are calculated by
dividing population proportions by sample proportions. In order to represent the non-
respondents in that cell, weights for under-sampled respondents are increased by a multiplying
factor that is greater than 1, and vice versa. In the end, weights ranging from 0.063 to 3.501 are
derived and applied to the sample data.

Iterative-Iterative Proportional Fitting (lIPF)

The second stage of weight development involves a further adjustment to the derived weights
to make the resultant weighted estimates from the sample conform to known population
values for the six key variables identified. The sample joint distribution of certain variables is
forced to match the known population joint distribution.

We employed the iterative proportional fitting (IPF) algorithm (i.e., raking) with the mipfp
package in R (Barthélemy and Suesse, 2018). The iteration starts with the most unbalanced two
variables, race and presence of children in our case, and ends when the differences between
target marginal distribution of these two variables and the sample distribution is small than
certain threshold (1e-9 in our case) and the IPF algorithm converges. With the new-derived
weights, the IPF process iterates among the rest of variables until the change of weights is
negligible. As such, the entire process is termed as Iterative IPF (IIPF). In our case, the process
completes after the 9t iteration, which generate weights ranging from 0.025 to 8.627. Figure 4
shows the change of weights in each iteration, which becomes small and small as the number
of iterations increase.
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Figure 4. Change of weights in each IPF iteration

[SYINCST 9



Weight Trimming

The final stage of the process is to moderate the extreme weights for the purposes of improving
the mean square error (MSE) of estimates. In our case, the weights were trimmed to be
between 0.025 and 3.678 (4 times of interquartile range).

As Table 3. suggests, the weighting process effectively reduces the gap between target marginal
distributions (Column C) and those of the unweighted data (Column E), as the final gaps
(Column J) are much smaller than original gaps (Column J).

Despite of this, small discrepancies still exist. As the color-coded Column J, red indicates under-
representation of a given group in the weighted data, and green indicates over-representation
of a given group in the weighted data. For instance, in the weighted data, urban residents are
over-represented, while suburban and rural residents are under-represented. But overall, we
believe the weighted data is a good representation of the population in California.
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Table 3. Check for gaps between final weights and target distribution

A B C D E F G (=E-C) H | J (=H-C)
Population Survey Original Gaps Final Weights Final Gaps
Perc Freq Perc Freq Perc Perc Freq Perc
Region Region_Central Valley 10% 375 11% 414 1% 10% 367 -0.21%
Region_SFMTC 20% 758 25% 955 5% 21% 800 1.10%
Region_NorCal and Others 7% 269 13% 483 6% 7% 245 -0.63%
Region_SACOG 6% 236 10% 392 4% 6% 235 -0.03%
Region_SANDAG 9% 322 13% 499 5% 9% 322 0.01%
Region_SCAG 48% 1807 27% 1009 -21% 48% 1797 -0.24%
Neighborhood NHTP_Urban 24% 889 31% 875 8% 26% 986 2.56%
Type NHTP_Suburban 47% 1773 45% 1711 -2% 47% 1759 -0.39%
NHTP_Rural 29% 1104 23% 1181 -6% 27% 1023 -2.17%
Age >=55 33% 1249 42% 1596 9% 34% 1265 0.42%
18-34 32% 1222 22% 813 -11% 32% 1203 -0.52%
35-54 34% 1296 36% 1358 2% 34% 1300 0.10%
Gender Male 49% 1849 53% 2006 1% 49% 1858 0.23%
Female 51% 1905 47% 1753 -4% 50% 1897 -0.21%
Other 0% 13 0% 8 0% 0% 12 -0.02%
Race-ethnicity Asian_Hisp 0% 8 0% 16 0% 0% 8 0.01%
Asian_NotHisp 15% 580 11% 420 -4% 15% 578 -0.07%
Other_NotHisp 9% 324 7% 270 -1% 9% 324 0.01%
White_NotHisp 41% 1547 61% 2290 20% 42% 1580 0.88%
WhiteOther_Hisp 35% 1308 20% 771 -14% 34% 1277 -0.83%
Income <50k 31% 1180 32% 1195 0% 31% 1180 -0.02%
>100k 40% 1510 36% 1359 -4% 40% 1503 -0.18%
50k-100k 29% 1077 32% 1213 4% 29% 1084 0.21%
Child Child 38% 1445 31% 1183 -7% 38% 1424 -0.56%
NoChild 62% 2322 69% 2584 7% 62% 2343 0.56%
NA 23% 863 34% 1283 11% 23% 880 0.44%
Employment Student_only 3% 120 2% 82 -1% 3% 119 0.00%
Student_Work 9% 321 8% 317 0% 9% 323 0.05%
Work_only 65% 2463 55% 2085 -10% 65% 2445 -0.49%
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Factor Analysis

A number of studies have shown the importance of individual attitudes in predicting behavior
(Ajzen, 1991; Paulssen, Temme, Vij, and Walker, 2014). In the first section of the survey, we
show respondents 30 statements and ask them to indicate their level of agreement with each
statement by selecting one of the five options in a Likert-type scale, from “Strongly Disagree” to
“Strongly Agree”. This battery of attitudinal statements was asked to measure the underlying
latent constructs which can explain some of the observed behaviors of the respondents (in this
case the use of ridehailing services). The statements were selected to understand respondents’
attitudes towards the environment, land-use, modes of transportation etc. (see Table 4.).
Previous research suggests that each construct must have three to five measurements
statements; and directionality of the statements must be diversified to discourage respondents
from falling into automatic response mode (Fabrigar, Wegener, MacCallum, and Strahan, 1999;
Mokhtarian, Ory, and Cao, 2009). We followed this recommendation while designing the
survey.

We had three main techniques at our disposal to estimate the latent constructs from the
responses to these attitudinal statements—principal component analysis (PCA), exploratory
factor analysis (EFA) and confirmatory factor analysis (CFA). The primary goal of the current
study is to use the latent constructs in the main choice models to explain the usage of
ridehailing services. This rules out the applicability of PCA which is primarily a data reduction
technique and does not attempt to model the structure of correlation among the measured
variables (Fabrigar et al., 1999). PCA does not differentiate between common (latent variable)
and unigue (measurement error) variance of each attitudinal statement. Hence, it defeats our
purpose of extracting behaviorally meaningful latent constructs. On the other hand, both CFA
and EFA are based on common factor models. They attempt to preserve the correlation among
measurement variables by extracting a small set of latent variables which can explain the
common variances in the measurement variables.

CFA is a better approach when the goal is to test a specific theoretical hypothesis about the
data. However, our goal is to extract the optimum latent variables for explaining the usage of
ridehailing. Thus, we rely on EFA which is primarily a data driven approach. Unlike CFA, EFA
does not make any prior assumption about the model. This is especially desirable in the current
case where 30 attitudinal statements can lead to many plausible models making it impractical
to test each one in the CFA framework. We conducted EFA using the ‘Psych’ package in R
(Revelle, 2020).

While conducting an EFA, selecting the number of factors and the type of rotation are two most
critical decisions which can influence the final outcome of the analysis. Fabrigar et al. (51)
explain that oblique rotation is often superior to orthogonal rotation. The latter forces the
factors to be uncorrelated with one another. This is an added restriction while performing EFA.
On the other hand, oblique rotation relaxes this restriction. The optimal solution of an oblique
rotation can have either correlated or uncorrelated factors. Allowing the factor scores to be
slightly correlated also makes sense behaviorally. For instance, one can expect a slight
correlation between a latent construct about the attitude towards owning a private car and the
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sensitivity towards environmental issues. Thus, we resort to oblique rotation while performing
factor analysis. We tested solutions using ‘Oblimin” and ‘Promax’ rotations (both are oblique).
However, the solution from ‘Promax’ rotation was more interpretable.

Initial rounds of EFA with oblique rotation revealed that four out of the 30 attitudinal
statements did not load well on any of the factors or led to solutions with very limited
interpretability (which were most likely the results of other spurious correlations, rather than
true common attitudinal components). Thus, we dropped these four statements and were left
with 26 attitudinal statements. Next, to decide on the number of factors for the final solution
we relied on the Kaiser criterion of computing eigenvalues for correlation matrix. The rule is to
keep the factor scores which have eigen values greater than value 1 (Gorsuch, 1983). This
criterion suggested seven factor scores for 26 statements. However, using seven factors scores
in a Promax rotation led to a solution in which multiple seemingly unrelated statements were
loading on the same factor. After multiple iterations we decided on a final solution with nine
factors for 26 statements. The final solution was chosen for its trade-off between explanation
of variance in the data (and the criterion based on the eigenvalues) and interpretability.
Fabrigar et al. explain how having fewer factors (under-factoring) can potentially lead to more
severe errors compared to over-factoring. The nine factors cumulatively explain 43% of
variance of the 26 statements. We included individual attitudes using the Bartlett factor scores
(which produce less biased estimates as compared to regression scores (DiStefano, Min, and
Diana, 2009)) that were computed through a factor analysis (Promax rotation) of the original
attitudinal variables included in the dataset. The details of these factors and the attitudinal
statements loading from the pattern matrix are mentioned in Table 4.

Towards the end of the survey, we also asked respondents to evaluate a list of shared
ridehailing attributes on a Likert-type scale from “Very limiting” to “Very encouraging”, and
report if they perceived those attributes as barriers or enablers to use of shared ridehailing
services. This question was very specific about shared ridehailing and had a different scale of
measurement from the previous batch of attitudinal statements. Fabrigar et al. (1999) say,
“when EFA is conducted on measured variables with low communalities, substantial distortion
in results can occur”. Thus, we performed a separate EFA for these limitations using ‘Promax’
rotation and two factor scores. The two factor scores cumulatively explain 67% variance of the
six measurement variables. The results are shown in Table 4. as well. We used a cutoff value of
0.3 for the factor loadings to retain statements for each factor. The only exception is the first
statement in Table 4. which loads in “Pro-Environmental Regulation” with a factor loading of
0.29. We still included it since it is fairly close to the cutoff value and it contributes to the
interpretation of that factor.

This two-step approach of first estimating the latent variables and then using the factor scores
in a choice model introduces a measurement error in the choice model. This is because the
attitudinal statements, are not the perfect measurements of the latent constructs, but are
merely indicators of the latter. Researchers sometimes jointly estimate the measurement
variables and choice outcomes using the Integrated Choice and Latent Variable (ICLV) approach.
However, Vij and Walker (Vij and Walker, 2016) found that in many cases ICLV models do not fit
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the data any better than equivalent choice model. The analysis with EFA holds insights about

how attitudes influence the decision to use ridehailing services and will guide our work in

defining the configuration of latent variables with the corresponding measurement variables.
Two studies using the ICLV approach to jointly model the measurement and choice variables

will be discussed in the next section.

Table 4. Factor Scores for attitudinal statements

Factor Scores for Personal Attitudes

Factor Loadings

Pro-Environmental Regulation

The government should put restrictions on car travel in order to reduce congestion.

We should raise the price of gasoline to reduce the negative impacts on the
environment.

We should raise the price of gasoline to provide funding for better public
transportation.

Pro-Urban

| prefer to live close to transit even if it means I'll have a smaller home and live in a

more crowded area.

I like the idea of having stores, restaurants, and offices mixed among the homes in

my neighborhood.

| prefer to live in a spacious home, even if it is farther from public transportation and

many places | go.

Tech-savvy

I like to be among the first people to have the latest technology.

Having Wi-Fi and/or 4G/LTE connectivity everywhere | go is essential to me.
I like trying things that are new and different.

Learning how to use new technologies is often frustrating for me.

Car Lover

| definitely want to own a car.

| prefer to be a driver rather than a passenger.

I am fine with not owning a car, as long as | can use/rent one any time | need it.

Pro-Environment

I am willing to pay a little more to purchase a hybrid or other clean-fuel vehicle.

I am committed to an environmentally friendly lifestyle.

| prefer to minimize the material goods | possess.

Car Dependent

Most of the time, | have no reasonable alternative to driving.

I am too busy to do many things I'd like to do.

My schedule makes it hard or impossible for me to use public transportation.
Car Utilitarian

The functionality of a car is more important to me than its brand.

To me, a car is just a way to get from place to place.

Pro-Multitasking

I try to make good use of the time | spend commuting.

My commute is a useful transition between home and work (or school).
| like to juggle two or more activities at the same time.
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0.99

0.82

0.79

0.46

-0.81

0.59
0.49
0.42
-0.61

0.90
0.41
-0.46

0.56
0.76
0.39

0.43
0.37
0.83

0.68
0.62

0.46
0.54
0.38
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Factor Scores for Personal Attitudes

Factor Loadings

Pro-Luxury

I am uncomfortable being around people | do not know. 0.32
| prefer to live in a spacious home, even if it is farther from public transportation and

many places | go. 0.46
I would/do enjoy having a lot of luxury things. 0.51
Factor Scores for Attitudes Specific to Shared Ridehailing

Longer Travel Time

Longer travel time 0.80
Longer waiting time 0.95
Unreliable travel time 0.84
Deviation from main route 0.62
Safety/Privacy

Interacting with other passengers 0.68
Sitting next to a stranger 0.92
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Il Data Analysis

Decomposing Generational Differences in Transportation-Related Attitudes

Considerable recent work suggests that Millennials’ behaviors may be converging with those of
Generation X as they enter later life stages, but few have investigated whether attitudes, which
are often strong predictors of behavior, are undergoing the same convergence. In this study, we
analyze the existing generational gap in four transportation-related attitudes (currently pro-
urban, long-term pro-urban, pro-car ownership, and pro-environment), and examine the
differential effects of other characteristics, including life-stage variables, on these attitudinal
gaps. We apply the threefold Blinder-Oaxaca decomposition method to a statewide (weighted)
sample of 1029 Millennials and 946 Generation Xers from California to unravel these effects.
The method distinguishes among: (1) effects due to the cohorts having different characteristics
(endowments); (2) effects due to those characteristics having different influences on attitudes
(coefficients); and (3) the interaction of those two effects. We observe that Millennials’
attitudes: (1) differ from those of Generation X only by small, albeit statistically significant,
amounts on average; and (2) are closer to those of Generation X as they gain on a host of life-
stage variables such as marital status, income, and education. For example, if Millennials were
married, employed, and earning higher incomes at the same rates as Generation X (but
retaining their own model coefficients), the generational gap in the currently pro-urban attitude
would be reduced by 25%. This study brings an econometric approach to the study of
generational divides in transportation-related attitudes, with findings suggesting that
Millennials might be leaving part of their uniqueness behind as they enter later life stages.

The following is a short version from a paper that was peer-reviewed and published in the
journal Transportation (Etezady et al., 2021). The application of the Blinder-Oaxaca
decomposition method to our context was inspired by an unpublished presentation by Dr.
Noreen McDonald. An earlier version of this paper was presented at the 98 Annual Meeting of
the Transportation Research Board, and the present version has been improved by comments
from four anonymous reviewers of the earlier one. Please use the following citation to cite the
full paper:

Etezady, A., Shaw, F. A., Mokhtarian, P. L., and Circella, G. (2021). What drives the gap?
Applying the Blinder—Oaxaca decomposition method to examine generational differences in
transportation-related attitudes. Transportation. doi:10.1007/s11116-020-10080-5
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Although in modern times all generations have engendered a certain amount of media
attention, the Millennials cohort has disproportionately enjoyed a spotlight so intense that, for
many, the word “Millennials” now evokes something of an ad nauseum catchphrase. Examining
the deluge of popular news, opinion, and academic pieces on Millennials makes it clear that this
fascination can be traced to several attributes, the most notable of which is that (based on
national and global projections) Millennials will soon become the largest living adult cohort
(having been the largest living cohort among all age groups since the 1990s), a prediction with
reverberating implications across all domains. Compounding this demographic dominance is
the fact that members of this cohort have long been making choices that fly in the face of
trends observed in prior generations, with increased preferences for spending their money on
experiences as opposed to products (Barton et al., 2013; Benckendorff, 2010; Bilgihan, 2016;
Rita et al., 2018), achieving work-life balance in the form of a satisfying life outside of work (Ng
et al., 2010; Straub, Zhang, and Kusyk, 2007), living in urban centers (Delbosc and Nakanishi,
2017; Okulicz-Kozaryn and Valente, 2018), accompanied by reduced rates of licensure (Delbosc
and Currie, 2013; Sivak and Schoettle, 2011, 2012), vehicle ownership, and vehicle miles
traveled (VMT) (Hopkins, 2016; Kuhnimhof et al., 2012; Polzin, Chu, and Godfrey, 2014), leading
to them being dubbed the “go-nowhere” generation (Buchholz and Buchholz, 2012; McDonald,
2015), although several studies have suggested that some of these contrasting behaviors may
be converging with those of prior generations as Millennials enter later life stages. Identified
behavioral differences between Millennials (defined here as those born in the 1980s and 1990s;
also known as Generation/Gen Y) and the preceding Generation X (born between 1965 and
1980; also referred to as Gen X) have been attributed to a range of personal (ex. attitudinal
differences, technological exposure), environmental (ex. built environment policies intended to
encourage denser living), and economic (ex. effects of recession) factors (Blumenberg et al.,
2012; Delbosc et al., 2018; Kuhnimhof et al., 2012; Thigpen and Handy, 2018).

Within transportation, there is substantial evidence that attitudes play a role in influencing
behavioral choices (Domarchi, Tudela, and Gonzalez, 2008; Kitamura, Mokhtarian, and Laidet,
1997; Kuppam, Pendyala, and Rahman, 1999; Mokhtarian and Salomon, 1997). However, due
largely to a lack of attitudinal data, the majority of comparative studies on generational
differences have relied primarily on behavioral indicators, although there are segments of the
literature that have examined market-oriented attitudes such as brand loyalty, or work/life-
oriented attitudes such as satisfaction. We assert that continued examination of attitudinal
differences between Millennials and Gen Xers is critical to placing into context behavioral
differences, with particular importance in the transport sector where infrastructure planning
revolves around forecasting travel behaviors, of which attitudes play an important explanatory
role. To our knowledge, this analysis is the first, in the dense collection of Millennials literature,
to apply a decomposition approach, specifically the Blinder-Oaxaca (BO) method, to extricate
group (endowment) and effect (coefficient) differences influencing transport-related attitudinal
gaps between Millennials and Gen Xers. As such, while this study contributes specifically to the
Millennials literature, it may also inform future work on other generational and demographic
divides of interest within transport contexts.
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Data used in the analysis for this chapter comes from the first wave (2015) of survey data.

Table 5. provides an overview of the descriptive statistics for the sample. Additional details
regarding study implementation, survey variables, and sociodemographic distributions are

presented in Circella et al. (2016, 2017b).

Table 5. Selected sociodemographic characteristics of the sample (N = 1975)

Variables Characteristics Frequency ?
Unweighted Weighted
GenY Gen X GenY Gen X
N % N % N % N %

Gender Female 629 58.3 525 58.6 518 50.4 481 50.8
Race White 405 375 600 33.0 527 51.2 525 44.5

Asian 188 17.4 136 15.2 177 17.2 175 18.6

Hispanic 271  25.1 150 16.7 445 43.2 266 28.1

African- 50 4.6 47 5.2 36 3.5 43 4.5

American

Native American 39 3.6 28 3.1 40 3.8 25 2.6
Age® 18-24 years 335 31.0 - 400 38.9

25-34 years 744  69.1 - - 679 61.2 - -

35-44 years - 584 65.2 - 629 66.5

45-51 years - 312 34.8 317 33.5
Annual <US $40K 351 325 207 23.1 329 33.0 183 19.4
household US $40K-S100K 472  43.8 414 46.2 385 37.3 342 36.2
income > US $100K 176  16.3 220 24.6 237 23.0 366 38.7
Education High school 193 179 102 11.4 184 17.8 81 8.5

diploma or less

Some college or 452 419 341 38.1 425 41.2 329 34.8

technical school

College degree 332 308 306 34.2 308 29.9 345 36.5

Graduate 98 9.1 143 16.0 107 10.3 189 20.0

degree and

higher
Employment Employed 689 63.9 612 68.3 796 77.4 796 84.2
Occupation Full-time 166 15.4 24 2.7 178 17.3 30 3.2

student

Manager 97 9.0 129 14.4 121 11.7 183 19.4

Professional/ 148 13.7 193 21.5 174 16.9 259 27.4

technical

Clerical/ 106 9.8 78 8.7 109 10.0 87 9.2

administrative

Other ¢ 338 49.0 212 23.7 392 49.2 267 28.2
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Variables Characteristics Frequency ?

Unweighted Weighted
GenY Gen X GenY Gen X
N % N % N % N %

HH size Single-person 170 15.8 131 14.6 158 15.4 120 12.7

HH

Two-person HH 267 24.7 203 22.7 244 23.7 212 22.4

Three-person 248 23.0 211 235 243 23.6 227 24.0

HH

Four-person or 394 36.5 351 39.2 384 374 387 40.9

larger HH
Marital status ~ Married 412 38.2 557 62.2 370 36.0 606 64.1
Built Urban dweller 209 19.3 173 19.3 289 28.1 240 25.4
environment
Political Republican 183 17.0 196 21.9 153 14.8 180 19.0
affiliation Democrat 433 40.1 322 35.9 428 41.6 370 39.1

2 Frequencies do not add up to 100% or the total N because of rounding errors, non-responses, or “other”
categories.

b Average age (weighted sample): 33.8 years (median: 33.0 years); lowest age: 18 years; highest age: 51 years.
¢Includes education/training, service and repair, sales or marketing, production or construction, and other.

Data used in the analysis for this chapter comes from the first wave (2015) of survey data with a
focus on Millennials and Generation X. The survey used in this study measured individual
attitudes through 66 variables that collected information on a variety of topics including
adoption of technology, residential preferences, vehicle ownership, travel behavior, etc. using a
5-point Likert-type scale ranging from “Strongly disagree” to “Strongly agree”. Exploratory
factor analysis (specifically, principal axis factoring with maximum likelihood estimation and
oblique rotation) was first executed across the full set of statements (Circella et al., 2017b),
after which confirmatory factor analysis (CFA) was applied across 14 of the initial 66 statements
to extract four transportation-related constructs for further study. The selected attitudinal
constructs represent desires for an urban lifestyle, separately in both present and future time
frames, feelings toward owning a private vehicle, and attitudes toward environmentally
conscious living. These constructs are selected due to their conceptual and/or empirical
relationships with transport-related behaviors, and because they are also stereotypically
expected to differ between Millennials and older cohorts (Delbosc and Nakanishi, 2017;
Forward et al., 2010; Hopkins, 2016; Malokin et al., 2017; Shaw et al., 2018).

A visual representation of the constructs is shown in Figure 5, which follows latent variable
diagram convention with single-headed arrows representing the effects of constructs on
observed indicators, and double-headed arrows representing correlations between variables
(Loehlin, 2004). Significant correlations between constructs are retained; item error
correlations were also tested for significance, but most were ultimately restricted to zero
(consistent with the assumption that the latent variable accounts for most of the correlation
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between items), with the exception of one significant error correlation shown in the diagram
which both increases the fit of the model and is conceptually interpretable (i.e., having shared
sources of unexplained variation between the respective statements is logical). The overall CFA
model has acceptable fit with an RMSEA of 0.061 and a CFI of 0.902. The chi-squared test of
discrepancy between the sample and model-implied covariance matrices is significant (x* =
578.667, df = 70, p < 0.001, a = 0.05), but this may be attributable to the large sample size and
is therefore a minor concern. Factor scores (continuous variables indicating respondents’
relative measurements on each latent construct or factor) for the derived attitudinal constructs
are computed using linear regression with the mean vector and covariance matrices from the
fitted model (StataCorp, 2017), and standardized across the sample.
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currently pro-
urban

long-term pro-
urban

pro-car
ownership

pro-
environment

I like the idea of having different types of businesses (such as stores, offices,
restaurants, banks, library) mixed in with the homes in my neighborhood.

I prefer to live close to transit even if it means I will have a smaller home and
live in a more crowded area.

0.22

-0.91

I prefer to live in a spacious home, even if it is farther from public
transportation and many places I go to.

I like the idea of living somewhere with large yards and lots of space
between.

I picture myself living long-term in an urban setting.

-0.50

I picture myself living long-term in a suburban setting.

A house in the suburbs is the best place for kids to grow up.

I definitely want to own a car.

I am fine with not owning a car, as long as I can use or rent one any time I
need it .

I prefer to minimize the material goods I possess.

Greenhouse gases from human activities are creating major problems.

-0.22
0.48
0.74
0.78
0.60

I am committed to using a less polluting means of transportation (walking,
public transit, erc.) as much as possible.

The environmental impacts of the various means of transportation affect the
choices I make.

To improve air quality, I am willing to pay a little more to use a hybrid or
other clean-fuel vehicle.

DOOOVOOOOOOY OO

Figure 5. Confirmatory factor analysis of transportation-related attitudinal constructs (N = 1975)
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Currently pro-urban

Numerous findings concur that Millennials have increased tendencies to prefer urban
environments with denser land use (Delbosc and Nakanishi, 2017; Okulicz-Kozaryn and Valente,
2018), while their parents (i.e., Generation X) epitomize the suburban lifestyle, with their
minivans and long commutes. This construct allows us to test that expectation with the current
sample, as it reflects the mindset of respondents toward living in urban rather than suburban or
rural areas—residential location choices that are critically tied to travel behavior (Ewing and
Cervero, 2010; Handy, Cao, and Mokhtarian, 2005; Lavieri et al., 2017). A higher score on this
construct tends to signify a preference for living in mixed-use developments with high transit
accessibility, even if it means sacrificing larger home and/or yard sizes. As alluded to earlier, the
statements measuring attitudes toward large homes and yards were allowed to have correlated
error terms, since it is conceptually plausible that common unobserved variables help explain
the variance in both of these items. The inclusion of the error term correlation produces an
increase in fit for the overall model.

Long-term pro-urban (i.e., long-term urbanite)

While the prior construct captures primarily current land-use preferences, this factor measures
long-term preferences toward one’s residential environment. As the statements indicate, a
respondent with a higher score on this construct tends to see herself as living in an urban
setting in the long term and tends not to consider a suburban setting as necessarily the best
environment in which to settle down and raise children. This construct is informed by a
statement shared with the prior factor (i.e., a double-loaded statement), regarding urban living
in the current time frame. As before, the inclusion of the double-loaded statement produces a
substantial increase in fit, further improving the validity of the overall model. As expected, the
pro-urban constructs in the current and long-term time frames are positively correlated,
although the magnitude of this correlation is fairly low (0.19).

Pro-car ownership

As discussed, a substantial body of work indicates that Millennials have been bucking the
upward trend on car ownership and VMT (Buchholz and Buchholz, 2012; Delbosc and Currie,
2013; Kuhnimhof et al., 2012; McDonald, 2015; Polzin et al., 2014; Sivak and Schoettle, 2011,
2012), with recent concern in the literature about the stability of this deviation (Blumenberg et
al., 2012; Delbosc and Nakanishi, 2017; Garikapati et al., 2016; Lavieri et al., 2017; Newbold and
Scott, 2017). In this study, this construct measures attitudes toward car ownership, with one
indicator related to general attitudes toward owning material goods. A respondent with a high
score on this factor tends to prefer owning a car, tends not to be satisfied with just having
access to a vehicle when needed, and tends not to feel the need to minimize material
possessions. It is pertinent to note here that we also developed and investigated a materialism
construct for further analysis in this chapter (following its previous appearance in the
exploratory factor analysis of the same data mentioned earlier; Circella et al., 2017b), and did
find significant differences between Millennials and Gen Xers on this construct (with Millennials
exhibiting greater materialism than Gen Xers, on average, consistent with their consumerist
orientation). However, we chose not to focus on this attitudinal construct, as its causal
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relationship to travel behavior has not been clearly shown. Nevertheless, an indicator of the
materialism construct (i.e., the general attitude toward material possessions) is retained as part
of the pro-car ownership latent construct. Overall, we see that positive attitudes toward car
ownership are negatively correlated with the pro-urban and pro-environmental attitudes being
studied, which is conceptually reasonable as the latter constructs are associated with favorable
views toward sustainable modes of transport and denser residential locations that facilitate car-
free or “car-lite” lifestyles.

Pro-environment

Previous studies have found that Millennials tend to be more environmentally conscious than
prior generations—for example, they are more likely to support environmentally-focused
policies such as alternative energy (Rainie and Funk, 2015). We note that such positions are
somewhat at odds with other attitudes and behavior associated with Millennials, such as
materialism and the proclivity for air travel to distant experiences. Perhaps for this reason, the
literature reports mixed results with respect to the influence of environmental consciousness
on mobility decisions: while some find significant effects (Forward et al., 2010; Hopkins, 2016),
with more lasting implications compared to financial or situational effects (Hopkins, 2016),
others report little to no relationship between environmental attitudes and travel behavior
(Anable, 2005; Delbosc and Currie, 2012). These differential conclusions may also be due to
differences in sample constitution, experimental design, environmental attitude measurement,
and choice of travel behavior studied. Nevertheless, in view of the clear conceptual
relationships between environmental awareness and travel behavior, as well as the intriguing
clash of stereotypes, we investigate differences in environmental attitudes between Millennials
and Gen Xers.

As such, this construct measures a pro-environment mindset, with an emphasis on how this
mindset affects transportation-related choices and behaviors. Three of the four statements
measured by this construct are related to attitudes toward transportation mode and vehicle
choice, while the fourth measures a general belief that greenhouse gases from human activities
are creating problems. As such, a respondent with a high score on this construct tends to
believe that there are environmental problems present, and tends to report being willing to
alter his/her lifestyle and pay more to lead a more environmentally friendly life. We also see
that this construct is positively correlated with positive views toward urban living in the present
timeframe, but in line with findings from the literature, is negatively correlated with positive
views toward car ownership.

Having introduced the attitudinal constructs that are examined in this chapter, we now analyze
how each generation scores on these constructs and how large a gap, if any, exists between
Millennials and Generation X in their attitudes. To this purpose, Table 6. summarizes the
descriptive statistics and t-test results for differences in mean attitudinal factor scores for the
generations being studied. One observation is that gaps in the mean scores for all four
attitudinal constructs are not large, suggesting that generational differences in these attitudes
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may not be as pronounced as popular opinion has tended to portray. Nevertheless, the
differences are statistically meaningful, even if modest. Figure 6 provides a more fine-grained
look at the differences, by splitting the Millennials cohort into younger and older segments. For
three of the four attitudes studied, a clear progression in attitudes from younger to older
respondents can be seen.

Table 6. Descriptive statistics and t-tests of differences in weighted means

Difference t-statistic*

Attitudinal construct Generation N (weighted) @ Mean S.E. .
in Means (p-value)
GenerationX 946 -0.010  0.046 258
Currently pro-urban -0.161 )
Millennials 1029 0.151  0.042 (0.010)
Older
Millennials? and 1490 -0.093 0.035 217
Long-term pro-urban  Generation X -0.149 :
Younger (0.003)
Millennials? 485 0.056 0.059
Generation X 946 0.037 0.047 3.160
Pro-car ownership 0.195 :
Millennials 1029 -0.158  0.039 (0.002)
Generation X 946 0.043 0.047 2.39
Pro-environment -0.149 :
Millennials 1029 0.192  0.040 (0.017)

Lt-test statistic corresponding to differences in means between generations.

2Younger Millennials represent those aged 18-25, while older Millennials represent those aged 26-34 years, all
numbers relative to 2015 when the survey data was collected. As further discussed in the text, the generational
divides reported in this table are those that are significant, and which will, accordingly, be decomposed in the next
section.

As Table 6. illustrates, consistent with stereotype, Millennials on average have more favorable
views toward currently living in urban locations, while Generation X has less favorable views.
The t-test on the difference in means between generations shows the gap to be statistically
significant, implying that the -0.161 gap between the mean factor scores can be validly
decomposed. Further dissection of the Millennials cohort on this construct, as demonstrated in
Figure 6, shows that “younger” Millennials (18-25 years old) have a larger mean factor score
(0.215) compared to the “older” Millennials (26-34 years old), whose factor score averages at
0.093 (thus putting older Millennials between younger Millennials and Gen X on the attitudinal
“continuum”).

Long-term attitudes toward one’s living environment did not prove to be significantly different
between Millennials and Generation X, but when we separated the younger Millennials (as
previously demarcated) from the others, there was a more defined change. Younger
Millennials, per Table 6. and Figure 6, have a positive mean factor score, while older Millennials
aggregated with members of Gen X have an almost equal negative mean factor score. The
similarity between older Millennials (-0.100) and Gen X (-0.091) in this construct (both having
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negative mean scores) resembles the findings for the currently pro-urban construct previously
discussed, in that it suggests a state of attitudinal transition. Based on the relationships shown
in the figure, to investigate the drivers of this gap, for this variable we combine older
Millennials with Gen Xers, and decompose the statistically significant -0.149 difference in the
mean values of the long-term urbanite attitude for that group versus the younger Millennials.

Attitudes regarding the desire to own a car are significantly different between the two
generations (mean gap of -0.195), with Millennials indicating that on average they are more
averse to owning a personal vehicle, despite their tendencies to be actually more materialistic
in general (Circella et al., 2017b). For this construct, as Figure 6 shows, the mean factor score
for younger Millennials (-0.224) is more negative (farther from the Gen X mean of 0.037) than
that of older Millennials (-0.099). Regarding environmental views between the two generations
per se, we again see a statistically significant difference in attitudes (-0.149), with Millennials
being more environmentally conscious on average. For this variable, the difference between
younger and older Millennials is relatively small, and not statistically significant.

Based on the findings discussed here, attitudinal gaps between Millennials and Generation X
are further analyzed for residential location choice attitudes in the present time frame, as well
as for attitudes toward car ownership and the environment. However, for the long-term urban
residential choice construct, we decompose the gap between younger Millennials and the
aggregate group of older Millennials and Generation X instead, for reasons explained above. As
mentioned earlier, the statistics discussed here illustrate a general trend across constructs
whereby older Millennials tend to have mean factor scores that are between those of younger
Millennials and Generation X, reinforcing expectations that many transport-related attitudes
(and thus, observed behaviors) may exist along an age and/or life stage-related continuum.

With that in mind, it is reasonable to ask, why not simply incorporate age as a continuous
explanatory variable in a regression model for each attitude, interacted with at least some of
the other variables in the model? Why artificially dichotomize a continuous variable, thereby
throwing away considerable information about its effects? We readily acknowledge the
advantage of this alternative approach, and do not assert that our approach is unequivocally
superior. Rather, we suggest that it has advantages of its own. First, for better or worse, it is
common to analyze generations as discretely-defined cohorts rather than as falling along an
age-based continuum, and so this study provides insight that is directly useful to this popular
paradigm. Second, the gap decomposition approach clarifies and quantifies the sources of
attitudinal differences more readily than would a regression model with continuously varying
age and age interaction terms. Third, the present context offers a convenient and topical
platform from which to highlight a methodology that, although little-used in transportation to
date, has numerous potential applications in our field.
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Currently pro-urban Longterm pro-urban
0.215 0.058
0.093 I I
-0.010 -0.100 -0.091
Young Gen Y Older Gen'Y Gen X Young Gen Y Older Gen'Y Gen X
(18-25 yrs) (26-34 yrs) (35-51 yrs) (18-25 yrs) (26-34 yrs) (35-51 yrs)
Pro-car ownership Pro-environment
0.037 0.213
B 0.173
-0.099
0.043
-0.224 -
Young Gen Y Older Gen' Y Gen X Young Gen Y Older Gen Y Gen X
(18-25 yrs) (26-34 yrs) (35-51 yrs) (18-25 yrs) (26-34 yrs) (35-51 yrs)

Figure 6. Detailed comparison of mean attitudinal values among generations

Decomposing the gap

We are often interested not only in finding differences (i.e., “gaps”) in observations over time
or across groups, but also in finding the drivers (i.e., significant explanatory variables) of these
differences. Going a step further requires us to ask, what are the differential effects of these
explanatory variables on groups between which gaps have been identified? Ensuing from the
seminal works of Oaxaca and Blinder (Blinder, 1973; Oaxaca, 1973), the Blinder-Oaxaca (BO)
decomposition methods have been most widely applied in economics to study discriminatory
behaviors of employers resulting in gender wage gaps. The gender wage gap disparity is a
favored application because it is clear that while there is a plethora of explanatory variables
(such as differing levels of education) contributing to wage differences between genders, it is
also true that the return for men with the same level of a variable like education is often
greater, due to discriminatory practices against women. Because the BO method has not been
widely used in transportation, we next provide a detailed overview of the method.
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In this study, we apply the threefold BO decomposition to investigate generational differences
in attitudes, which presents a more fine-grained decomposition by separating the interaction
term from the other two terms, thus allowing for a more consistent and “cleaner”
interpretation. We select Millennials as the reference group, and thus, the results should be
interpreted as representing how Millennials’ mean attitudes would change if they only had
Generation X characteristics (endowments) or if Millennials’ own characteristics were only
influenced to the same extent that Gen Xers’ characteristics were (coefficients), or if both
effects occurred at once (interaction). In principle, this allows us to separate the portion of the
gap that is attributable to Millennials currently just being at a different life stage (part of their
endowment), from that which is due to more fundamental shifts in effects (coefficients) that
may persist even after (if) their endowments converge to those of Gen Xers. In reality, however
the constant term of each model captures the average impact of all relevant unobserved
variables on the associated attitude, and as such, the composite contributions of those
variables to the gap are accounted for as a difference in the constant term between cohorts.
Although this is technically a difference in coefficient, in actuality the constant term will include
(average) unobserved endowments, together with their coefficients. If the Millennials’ constant
term were to approach that of Gen Xers’ over time, it would be unknown whether this were
due to both unobserved endowments and the coefficients of those endowments converging, or
whether changes in one of those things narrowed the gap while changes in the other widened it
(but with the first effect predominating).

The segmented linear regression models are estimated using sociodemographic and (when
appropriate) built environment characteristics, as these variables facilitate clearer
interpretation of life-stage effects and are less likely than behavioral or other attitudinal
variables to be endogenous. We first estimate segmented models (for Millennials and
Generation X) for each construct, and identify significant explanatory variables across the two
regression models. We then test all identified significant variables in the decomposition model.
To better focus on the decomposition results, we present the fully estimated models and more
detailed discussion on the impact of the significant variables in the Appendix, and bring only an
overview of the models into the following sections. As a general observation, it should be noted
that the R? goodness-of-fit measures for the models—i.e., the proportions of variance in
attitudes that are explained by observed variables—are fairly modest (ranging from 0.058 to
0.143), albeit consistent with typical values for disaggregate travel behavior-related models.
Nevertheless, as just indicated, the composite contributions of the remaining, unobserved
variables to the gap are accounted for as a difference in the constant term between cohorts.

Table 7. provides a summary of the decompositions for the four attitudes studied in this
chapter. In the following sections we discuss these results in greater detail.
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Table 7. Summary of decomposition of attitudinal gap results

Attitudinal Generation Mean Gap Endowment Coefficient Interaction
construct
Currently Generation X 0010 161  -0.052 -0.048 -0.061
prO'Urban Millennials 0.151 100% 32% 30% 38%

Older Millennials -0.093
Long-term and Generation X ) -0.149 -0.265 -0.019 0.135
pro-urban Younger 100% 178% 13% -91%

. . 0.056

Millennials
Pro-car Generation X 0037 0195  0.082 -0.032 0.145
ownership Millennials 0158 100% 42% -16% 74%
Pro- Generation X 0043 0149  -0.047 -0.052 -0.050
environment Millennials 0.192 100% 32% 35% 33%

Currently pro-urban attitude

The segmented regression results for the currently pro-urban attitude associate life-stage
variables such as being married and having higher income with a lower pro-urban tendency,
while employment status shows a positive association. In addition, female Millennials tend to
be significantly less pro-urban than their male counterparts, a trend that is not present (or
significant) for Gen Xers. Moreover, Millennials who have a parent (or parents) with graduate-
level education tend to be more pro-urban, while this influence is the opposite (though not
significant) with Gen Xers, potentially pointing to a critical generational difference in how those
raised in well-educated (higher-earning) households view the desirability of living in urban
areas. With regard to race, Native Americans tend to be less pro-urban, while Asians tend to be
more pro-urban, relative to other races.

Based on these regression results, Table 8. shows the threefold decomposition of the gap
between the mean currently pro-urban attitudes of Millennials and Gen Xers. The total gap for
this attitude is -0.161 (standard deviations), with the three decomposition portions explaining
approximately equal shares of this gap (i.e., ~ -0.05 each). The endowment term, itself only
marginally significant at a 10% level, includes several significant (at the 10% level) life-stage and
political affiliation variables, while gender, race, and childhood residential location appear to
explain little of the overall endowment portion of this decomposition. Similarly, the coefficient
term, while itself not statistically significant, contains significant contributions associated with
variables such as gender, marital status, parental education, and political affiliation. To provide
a more intuitive basis for interpretation, Figure 7 and Figure 8 show the detailed contributions
of each variable to the endowment and coefficient portions of the currently pro-urban
attitudinal gap, respectively; each bar shows the contribution (in standard deviation units)
associated with each variable, in addition to its 95% confidence interval.
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Table 8. Detailed threefold decomposition for the currently pro-urban attitude

Endowment Coefficient Interaction Total

Coef. p- Coef. p- Coef. p- Coef.

(Std. Err.)  value | (Std.Err.) value | (Std.Err.) value
Raised in Hawaii ('g'gg:) 0.622 ('g'golg) 0.108 (g:ggz) 0.621 | -0.010
Raised in Northeast (888;) 0.766 (8832) 0.114 (gggg) 0.447 0.018
Native American (gggg) 0.356 _(%%(ﬁ? 0.975 ?0'?000031) 0.975 0.005
Asian ('g_gg:) 0.579 (gzgg) 0.453 (g:ggi) 0.649 | 0.017
Female ('g_ggsl) 0.882 (gzégg) 0.079 (8:88;) 0.882 | 0.109
Married ('g.'gzlf) 0.440 ('g.gfg) 0.044 ('3 'g; 86) 0.047 | -0.192
i AR B
Employed (gzgéé) 0.081 ('8_8)95% 0.543 ('ggg:) 0.549 | -0.053
Democrat ('g_ggal) 0.748 (8:832) 0.137 ('g'ggf) 0.464 | 0.077
Republican ('g_glzf) 0.074 (8:822) 0.040 (81813) 0.156 | 0.044
Constant - - (-(:()).'3373) 0.552 - - -0.093
Total ('g_g;f) 0.100 ('g_ggf) 0.473 ('ggle) 0.148 | -0.161

Endowment

As shown in Figure 7, disparities in generational shares of high-income groups, political
affiliation, employment status, and marital status contribute the most to the overall
endowment portion of the gap, although the contribution of disparity in marital status shares is
not statistically significant, despite its magnitude. Those in higher-income households tend to
have less favorable currently pro-urban attitudes; therefore, with Millennials currently lagging
in earnings compared to Gen X, we may expect their favorability toward currently pro-urban
living to drop by as much as 0.032 (standard deviation units) if (all else equal) the Millennials’
share of high income (>5100K) households matched Gen Xers’ current share. In other words,
the younger generation’s attitude toward currently pro-urban living could close the gap
(through becoming less pro-urban) by as much as 20% (-0.032 / -0.161 = 0.20) given these
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conditions. On the other hand, being employed has a positive effect on this attitudinal
construct (see regression results in the Appendix), suggesting that if the employment rate
among Millennials were to match that of their older peers (as they graduate and enter the
workforce), they may on average (holding all else constant) become slightly more pro-urban
(+0.011 s.d. units), thereby widening the gap by 7%. With regard to marriage rates, we see that
if Millennials were to have the same shares of marriage as Gen Xers, their favorability toward
currently pro-urban living (all else equal again) would decrease by 0.019 s.d. units (narrowing
the gap by 12%).

Considering the overall impact of the life-stage variables discussed, the model suggests that
there may be an overall 0.039 s.d. (roughly 25%) decrease in the gap (due to Millennials
becoming less pro-urban) as more Millennials enter the workforce, marry, and ultimately earn
higher incomes. Such predictions, needless to say, assume the temporal invariance of the
Millennials” model coefficients. In other words, it assumes that as Millennials continue to age,
their currently pro-urban attitudes will be influenced by these life-stage variables in a similar
way as they are now, even though the measured values of these variables are changing. Testing
the validity of these assumptions requires longitudinal data, and as with many other models in
practice and literature, such insights into the future based on cross-sectional data should be
interpreted with due caution.

Finally, we see (that those who identify as Republican have lower tendencies to be pro-urban
and this party also has lower shares in the Millennials generation, a disparity that accounts for
approximately 38% (-0.020/-0.052) of the endowment gap and 12% of the total gap.

High household income (>$100K) 1Y) & —— e
Republican -0.020 t---mmenees =
Married -0.019 +—-- - T — ’
Raised in Hawaii -0.003 +--—-M--
Female -0.001 +=----A----=
Democrat -0.001 4
Raised in Northeast “+40.001
Asian t---B---10.003
Parent w/ graduate education s 0.004
Native American -l 0.005
Employed 1 — b ol
Total  -0.052 + - - Fommmm e

Figure 7. Contributions to the endowment portion of the difference in mean “currently pro-
urban” attitude (Horizontal dashed lines portray the 95% confidence interval)
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Coefficient

Figure 8 details the coefficient portion of the gap, with effect disparities of marital status,
parental education level, political affiliation, and gender having relatively large and significant
contributions to the overall coefficient portion. Although both generations tend to be less pro-
urban when married, this effect is stronger among Gen Xers, hence the decrease (all else equal)
in Millennial’s average “currently pro-urban” attitude if marriage were to influence their
attitude similarly to the way it influences Gen Xers’. Meanwhile, Millennials having a parent
with graduate-level education tend to be more “currently pro-urban”, while Gen Xers with the
same characteristics show the opposite effect, and so if Millennials had the coefficients of Gen
X on these attributes, there would again be decreases in their overall attitude toward urban
living. Finally, we see that right-leaning political affiliations and gender (being female) both
have a stronger negative effect on the pro-urban attitude among Millennials, hence, in this case
if Millennials had the coefficients of Gen X on these attributes, there would be increases in their
overall affinity for urban living. Thus, as illustrated in this discussion, the BO method facilitates
an examination of not only the variables that are affecting pro-urban attitudes, but also the role
of differential effects of the explanatory variables on the identified attitudinal differences
between generations.

We further discuss the aggregated effect (by life-stage variables and other characteristics) of
the three terms, pointing out that, although the total coefficient effects are generally smaller
than the endowment effects, the life-stage coefficient effects per se tend to be much larger
than their endowment counterparts. This aggregated decomposition brings additional insight
into how different groups of variables impact the gap differently.

Married -0.097 +-------- —_—
Constant  -0.093 ¢ B "
Parent w/ graduate education -0.074 +-------—
Employed ()] B —
Raised in Hawaii -0.010 =&
Native American -0.0003 t-—-1
High household income (>$100K) P— B 1 0.012
Raised in Northeast ®- 0.013
Asian s - 0.019
Republican - 0.050
Democrat T — 10.083
Female - S~~~ 10.109
Total I X1V T J — e A— s

Figure 8. Contributions to the coefficient portion of the difference in mean “currently pro-
urban” attitude (Horizontal dashed lines portray the 95% confidence interval)
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Interaction

With respect to the interaction term of -0.061, following the earlier discussion, we can say that
(as already seen from Table 8., Figure 7 and Figure 8): the baseline endowment effect for
Millennials is -0.052 (holding their coefficients constant but changing their endowments to
those of the Gen Xers); and the baseline coefficients effect for Millennials is -0.048 (holding
their endowments constant but changing their coefficients to those of the Gen Xers); but an
additional effect of -0.061 is accrued if both their endowments and their coefficients were to
change to those of the Gen Xers at the same time. The relative magnitude of this interaction
effect (it is the largest component of the gap, accounting for 38% of it) demonstrates its
importance.

We can also interpret the specific contribution of the most important variable in the interaction
effect, namely marital status. As previously discussed, if Millennials were to achieve the same
marriage rate as Gen Xers while keeping all coefficients constant (the endowment effect), the
mean contribution to the total gap of -0.161 would be -0.019, closing it by 12%. If marital status
were to have the same effect on the currently pro-urban attitude for Millennials as for Gen Xers
while not changing their actual marriage rates (the coefficient effect), the mean contribution to
the gap would be -0.097, closing it by 60%. But if both the marriage rate and the effect of
marital status for Millennials converged to those of Gen Xers, the additional contribution to the
gap would be -0.076, closing it by a further 47% (the fact that the sum of these contributions
exceeds 100% merely indicates that other explanatory variables contribute to widening the gap,
as we saw with the endowment effect for employment status).

Long-term pro-urban attitude

As discussed, the long-term pro-urban attitude is segmented based on the younger Millennials
cohort (< 26 years old) relative to an aggregate group of older Millennials and Generation X. For
this attitude, we see that attributes related to childhood residential location, current residential
location, race, income level, education level, political affiliation, and the interaction between
marital status and children are statistically significant predictors of the long-term pro-urban
attitudinal construct. Notably, among younger Millennials, those who currently live in urban
areas tend to have significantly more favorable attitudes toward long-term urban living than
non-urban dwellers, an effect that is consistent but not significant for their older peers. In
addition, those who identify as White in both cohorts being studied tend to have significantly
more favorable attitudes toward long-term urban living relative to other races.

With regard to life stage variables, we see that the interaction of being married and number of
children (in the household) is significant for both cohorts, indicating that those who are married
and with more children in the household tend to have less favorable attitudes toward long-
term urban living. Additionally, we see that those with lower levels of education and income
show a more favorable opinion toward living long-term in urban environments.

Based on these regression results, Table 9. presents the decomposition of the difference in
means for the long-term urbanite attitude (-0.149). We see that the endowment portion of the
gap is the largest, with the interaction portion cancelling out roughly half of its negative value.

eYNCST 2



The magnitude of the interaction term here is mostly due to the “married “ number of children”
term, with the other interaction effects significantly smaller. This illustrates that the
simultaneous change in the share and effect of this variable plays a large role in defining the
gap in this attitude, as will be discussed further below. The overall coefficient portion is
significantly smaller than the endowment and interaction portions, with none of its terms
having large magnitudes or showing statistical significance. As before, Figure 9 and Figure 10
visually illustrate the endowment and coefficient portions of the long-term urban living gap to
allow for a more intuitive interpretation of Table 9..

Table 9. Detailed threefold decomposition for the long-term pro-urban attitude

Endowment Coefficient Interaction Total
Coef. P- Coef. P- Coef. P- Coef.
(Std. Err.) value | (Std.Err.) value | (Std.Err.) value

Raised in the Southeast (8:813) 0.223 ('g_'g 12;) 0.100 ('(?_ '81252) 0.139 | -0.028
Raised in Hawaii (’8 '(())852) 0.661 ('g_ggg 0.296 (gzggg) 0.661 | -0.006
Raised in Alaska (’8 'gfg)) 0.352 '(%'_%11(; 0.303 (gzggg) 0.380 | -0.011
White (8:83) 0.250 ('g_ggg) 0.491 ('(?_ 5875) 0.541 | -0.039
Number of children (88‘2&) 0.571 (_(())..(?612) 0.841 (_8'851;)) 0.841 0.000
Employed ('8_ '125% 0.009 (8:833) 0.157 (8:113) 0.138 | -0.065
Married (8:83(1)) 0.569 -(c())..%gc;; 0.998 (81821) 0.934 | 0.054
Low household income ('8_ g;:) 0.103 ('g_ggf) 0.934 '(%"ggg? 0.998 | -0.051
;'r'ﬁ;‘ school education ('8_ 'gzlg) 0.328 (8:842:1) 0.610 ('g 52153) 0.612 | -0.009
Urban dweller '(%'_%%(E 0.908 (8:822) 0.269 ('g 5871) 0.865 | 0.052
Republican ('8 'g 115) 0.211 ('g_gf;) 0.798 ('g_ 'gf;) 0.798 | -0.019
Constant - - (-3_356) 0.855 - - -0.026
Total ('8 '586:) 0.002 ('8_57159) 0.796 (8:333) 0.143 | -0.149
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Endowment

With respect to the baseline endowment effect, Figure 9 shows that by far the strongest
influence belongs to the interaction of marital status with number of children in the household,
but this term should be interpreted in conjunction with its constituents, the marital status and
number of children variables. The interpretation is that if younger Millennials were to have the
same share of married people, the same average number of children, and the same average
number of children per married person as the older group does (holding all else constant), they
would have a significantly less favorable attitude toward living long-term in urban
environments. With respect to other life-stage variables, we see that the contributions of
having a lower income (relatively large, although not statistically significant) and only a high
school level education suggest that younger Millennials’ views of long-term urban living will
become less favorable as they graduate from college and increase their earnings.

The combined contributions of these life-stage disparities add to -0.270 overall, accounting for
181% of the total gap of -0.149. This implies that if younger Millennials took on the same life-
stage endowments as their older peers but kept their own coefficients (and all else constant),
they could end up even less favorable toward long-term living in urban areas than the older
group is now. However, note from the coefficient and interaction effects of these variables that
if the younger Millennials’ coefficients also changed to those of the older group, the net effect
of the four life-stage variables (low income, high school education, married, and number of
children, plus the interaction of the last two) on attitudes would be -0.072, closing just 48% of
the gap rather than “overshooting” it.

MarriedxChildren count -0.280 --------------------- e e I
Low household income -0.045 -
High school education -0.019 -4
Republican -0.012 -
Raised in Alaska -0.009 -4
Raised in Hawaii -0.002 -
Urban dweller -0.0001 ¢
White Hi-10.013
Raised in the Southeast HE-10.015
Children count Nt +0.023
Married brmmmmmmnee .- 1
Total -0.265 tmemememenee e 001

Figure 9. Contributions to the endowment portion of the difference in mean “long-term pro-
urban” attitude (Horizontal dotted lines refer to the 95% confidence interval)
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Coefficient

Figure 10 portrays the coefficient portion of the gap; however, none of the effect disparities are
statistically significant nor practically large, and we therefore do not discuss the results of this

portion further.

White -0.047 —--
Constant -0.026 i
Raised in the Southeast -0.021 -
Number of children -0.013 1
Raised in Alaska -0.010 :-u
Raised in Hawaii -0.006 -
Married -0.006 i
Republican -0.004 -
Low household income 0.000 +------- , 4
High school education : [ :0.023
MarriedxNumber of children -2 0.038
Urban dweller t---- - + 0.053
Total -0.019 = :

Figure 10. Contributions to the coefficient portion of the difference in mean “long-term pro-
urban” attitude (Horizontal dashed lines refer to the 95% confidence interval)

Interaction

The interaction term here has a relatively large contribution, and as discussed, indicates an
incremental effect of 0.135 s.d. units that substantially counteracts the baseline endowment
and coefficient effects when both endowments and coefficients of younger Millennials change
to those of their older peers at the same time. The large magnitude of this term can mostly be
attributed to the “married B number of children” variable. Considering this variable together
with its main-effects constituents, we see that if both the means and the effects of these
variables (married, number of children, and their interaction) for younger Millennials converged
to those of the older group, the incremental contribution (on top of endowment and coefficient
effects) to the gap would be 0.170. However, it is best to consider the interaction effect
together with the endowment and coefficient effects: the total effect of these three variables is
a scant -0.011, indicating that the net impact on the gap of this bundle of variables, if both
endowments and coefficients of the younger Millennials achieved those of the older group,
would be negligible (closing only 7% of the -0.149 gap). Viewed this way, the other two life-
stage variables, low income and high school education, are more powerful: the total combined
effects of these two variables is -0.0603, which would close 40% of the overall gap if the
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younger Millennials replicated the income and education endowments and coefficients of their
older counterparts.

Pro-car ownership attitude

The significant variables in the regression models for the pro-car ownership attitude include
attributes related to childhood and current residential locations, gender, race, education level,
marital status, occupation, student status, and political affiliation. We see that urban dwellers
tend to be less pro-car, although this effect is attenuated among Millennials. Regarding race,
Whites and African Americans tend to have more favourable views toward car ownership, while
Asians have less favourable views, relative to the base group which represents all other races
(Native Americans, mixed race, and others). Gender is also a significant predictor, with women
tending to have more favourable car ownership attitudes than men. With respect to education,
those with a high school education, and those who are college students, are less insistent on
owning a car, potentially because of lower income levels and overall needs relative to those
with higher education levels. Those who identify as Republican tend to have more favourable
views toward owning a car, and in conjunction with previously reported results, we see that
Republicans in the sample tend to be less pro-urban, less pro-environment, and more pro-car
ownership than those of other political affiliations.

We now turn to the BO decomposition for the pro-car ownership construct (Table 10.). The
endowment portion of the gap significantly explains 42% of the total gap, while the coefficient
portion is much smaller and contributes in the opposing direction. The interaction portion in
this decomposition is the largest, explaining about 74% of the gap. In the endowment portion
of the decomposition, education level and student status have the largest contributions, while
in the coefficient portion of the model, race, marital status, and built environment have the
largest contributions. Figure 11 and Figure 12 illustrate the contributions of the explanatory
variables to the endowment and coefficient portions of the gap.
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Table 10. Detailed threefold decomposition for pro-car ownership attitude

Endowment Coefficient Interaction Total
Coef. P- Coef. P- Coef. P- Coef.
(Std. Err.) value | (Std.Err.) value { (Std.Err.) value

Raised in Hawaii (8:885) 0.620 (8:88; 0.112 (_(())_ '8852) 0.622 | 0.009
Raised in Southeast ('3 '8866) 0.315 ('3 '(())0195) 0.104 (8:88; 0.358 | -0.016
Native American (8:882) 0.161 ('3 '(())853) 0.507 ('8 gg;) 0.541 | 0.003
White (8:882) 0.809 (8:(1)33) 0.024 (8:81‘21) 0.237 | 0.180
African-American (8883) 0.379 (888;) 0.392 (888421) 0.521 | 0.013
Asian (’8 'gg;) 0.573 (8:828) 0.098 (8:883) 0.588 | 0.050
Female (8:88;) 0.882 (’8 ';50:) 0.073 (’8 '(())871) 0.882 | -0.106
::ﬁ;‘ school education (gzgﬁ) 0.016 (8:8;2) 0.528 (’8 'gllg) 0.531 | 0.035
Urban dweller ’(%'_%%g} 0.955 (’8 '&111) 0.006 (8:812) 0.373 | -0.100
Student (8:823) 0.010 ('8 '(())5391) 0.598 (gzgii) 0.598 | 0.044
Married ('g'gzlf) 0.494 (8:322) 0.009 (8:82) 0.011 | 0.195
Republican (ggég) 0.108 (88;71) 0.492 (888; 0.517 | 0.036
Employed in service (888;) 0.679 (8882) 0.169 (8882) 0.430 | 0.013
Constant - - (_8_ '11598) 0.348 - - -0.158
Total (8:8242;) 0.016 ('8'(;)7352) 0.671 (8:(1):2) 0.013 | 0.195

Endowment

As shown in Figure 11, education-related variables contribute the most to the overall
endowment gap, with disparities in shares of students and those with only a high school
education between the two generations explaining a significant portion of the endowment gap.
As before, these terms indicate that if the shares of Millennial students and those with only a
high school education diminish to the Gen Xers’ levels, the mean pro-car attitude among
Millennials could increase by 0.052 and 0.026 s.d. units, respectively. Additionally, the disparity
in marriage rates demonstrates a relatively large (although not statistically significant)
contribution, albeit in the negative direction. Overall, assuming that Millennials were to end up
having the same shares for these life-stage variables (and holding all else equal), we may see an
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increase of as much as 0.062 s.d. units (i.e., a 32% decrease in the gap) in the mean pro-car
attitude of Millennials as they graduate with a college degree and begin to get married. In
addition to the life-stage variables, the difference in shares of political affiliation also results in
a relatively large contribution. Millennials, with a lower share of Republicans in our weighted
dataset, would have a stronger pro-car attitude if they had as many Republicans as the Gen X
generation does.

Married -0.016 t---------------- - !
Raised in the Southeast -0.006 :---4--
Asian -0.004 8-
Urban dweller -0.0001+4-
Employed in service v+ 0.001
White +-+-+ 0.001
Female t----+----1 0.001
Raised in Hawaii -1 0.002
Black -B--! 0.004
Native American -mm---- 0.008
Republican - 0.014
High school education e + 0.026
Student R e 10.052
Total I P - < - 1 0.082

Figure 11. Contributions to the endowment portion of the difference in mean “pro-car
ownership” attitude (Horizontal dashed lines refer to the 95% confidence interval)

Coefficient

The overall contribution of the coefficient portion (Figure 12) is relatively small and
insignificant, although this insignificance and low magnitude is due largely to sizable
contributions in opposite directions. The constant term, which indicates the difference in the
effect of unobserved variables between the two groups, has the largest, yet not statistically
significant, contribution. The effect disparity of the built environment is also significant, with
Gen Xers living in urban areas interestingly having a lower tendency to be pro-car than their
Millennial neighbors do (perhaps suggesting that living in an urban area signifies more of a
lifestyle commitment for Gen Xers, who may be married and with families, than for the more
transient Millennials, who may yet move to the suburbs when they marry and have children).
The effect disparity for marital status also explains a relatively large portion of the gap, showing
that if being married were to have the same impact on the pro-car attitude of Millennials as it
does for Gen Xers, Millennials’ attitudes would become more favorable on average. Finally, race
plays a significant role, specifically the differential impact on pro-car attitudes of being Asian or
White that is exhibited by Millennials relative to their Generation X peers.

[SINCST .



Constant  -0.158 +------------==--=-=--=-mmoom- R ========—-=-= L L L et
Urban dweller -0.111 +-------—
Female -0.106 +---—----- -
Student -0.031 - - 1
Raised in the Southeast -0.015 -&
Native American -0.003 !
Raised in Hawaii = 0.007
Black +H 0.007
Employed in service H 0.009
Republican F--B---4 0.017
High school education r---B--—--410.019
Asian - 0.050
Married b : 0.119
White I -~ t 0.165
Total -0.032 p----moeo - .- 1

Figure 12. Contributions to the coefficient portion of the difference in mean “pro-car
ownership” attitude (Horizontal dotted lines refer to the 95% confidence interval)

Interaction

The interaction term has a relatively large value here (0.145), stemming largely from marital
status (the only significant interaction effect). We see that the incremental effect (on top of the
all-else equal terms) of the simultaneous change of endowments and coefficients for the
married variable would result in a more favourable pro-car ownership attitude for the
Millennials. This incremental effect is in the opposite direction to the endowment effect, but in
line with the coefficient effect. The total of all three effects for the married variable essentially
accounts for the entire attitude gap of 0.195 s.d. units; the effects of all other variables almost
exactly cancel each other out.

Pro-environment attitude

The regression models for the pro-environment attitude, show that childhood residential
location, current residential location, race, income level, education level, employment status,
student status, and political affiliation are all statistically significant predictors of attitudes
toward environmentally-conscious living. Living in an urban area tends to indicate more
favorable pro-environment attitudes for both cohorts. In addition, we see that being a member
of either Hispanic or Asian racial/ethnic groups is a significant predictor of environmental
attitudes for both cohorts, with members of these groups tending to be more pro-environment
than those from other races. Furthermore, among Millennials, those who are students,
employed, or have high individual income levels (>5100K) tend to be more pro-environment
than their counterparts, while for the same groups of Gen Xers, although the average effects
are also positive, they are smaller and not statistically significant. This observation suggests a
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generational divide in which employed Millennials with or without well-paying jobs report a
greater care for the environment than the preceding generation.

Table 11. summarizes the detailed threefold decomposition of the generational difference in
the mean pro-environment attitude. The total difference in mean attitude between Millennials

and Generation X (Table 6.) is -0.149 s.d. units. This difference is approximately equally

explained by the three components of the decomposition, although the statistical significance

of each term is poor. Upon closer investigation, however, we can see that these lower

significance levels are largely due to statistically significant contributions of several influential
variables in opposite directions that end up cancelling each other out, resulting in a smaller
total contribution for each portion with consequently a lower significance level. Figure 13 and
Figure 14 show the detailed contribution of each variable to the endowment and coefficient
portions of the overall difference, respectively. Given that none of the effects for the

interaction term are significant or relatively large, we do not discuss those in detail here.

Table 11. Detailed threefold decomposition for pro-environment attitude

Endowment Coefficient Interaction Total
(Stcdo.eEfr.r.) p-value (Stcdo.eEfr.r.) vapI;Je (Stcdc.)eEfér.) vapI;Je Coef.
rReagITce): in the Pacific (8:88;) 0.560 (8:88; 0.086 (’8 '(())8;) 0.562 | 0.007
Raised in Alaska (8:885) 0.350 ('g_gg:) 0.298 (8:882) 0.398 | 0.001
Asian (8:88‘21) 0.587 (8:822) 0.019 (8:88‘7‘) 0.578 | 0.059
Hispanic ('g_gfj) 0.027 (8:821) 0.610 ('8 '(;)2111) 0.612 | -0.011
Urban dweller ('g.ggg) 0.390 (gzgig) 0.457 ('8 gc?:) 0.559 | 0.024
(F':ihli)”odlé;’id”a' income (gzggé) 0.018 (_8_51257) 0.085 ('8 gfg) 0.083 | -0.018
Student ('g.gff) <0.001 ('g.'g é’g) 0.446 (8:833) 0.446 | -0.096
Employed (8:83;) 0.009 ('g.gsg) 0.027 ('8 '&197) 0.063 | -0.193
Republican ('g_glzzl) 0.077 (8:8;) 0.670 (8:882) 0.677 | -0.006
Democrat ('g_gg:) 0.440 (g:ggg) 0.394 ('8 gg:) 0.549 | 0.037
Constant - (ggg;) 0.719 - 0.047
Total ('g_gﬂ) 0.254 ('8_57552) 0.486 ('8 'ggf) 0.417 | -0.149
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Endowment

As Figure 13 demonstrates, significant contributors to the endowment portion of the mean
attitudinal difference, i.e., contributions arising from differences in the levels of explanatory
variables, are student status, employment status, high individual income levels, Hispanic
ethnicity, and Republican affiliation. Focusing on non-life-stage variables first, we see that
differences in shares of Republicans and Hispanics between Millennials and Gen Xers in the
weighted dataset explain part of the difference between the pro-environment attitude means.
There are more Hispanic Millennials in the weighted dataset relative to Hispanic Gen Xers, and
considering that the models indicate Hispanics as being more pro-environment, a lower share
of this ethnicity in Gen Xers is contributing negatively to the overall difference. Similarly,
Republicans, who are less inclined toward a pro-environment attitude, constitute a higher share
among Gen Xers, therefore contributing negatively to the overall difference.

Now turning our attention to the contribution of life-stage variables, i.e., being a student, being
employed, and having high individual income, we see that these variables contribute the most
to the overall gap, although their opposing directions cancel out the overall effect. In other
words, if Millennials were to “grow” into the shares of Gen Xers for these variables, their
attitudes toward environmentally conscious living would roughly stay the same. We again
caution that such predictions assume the temporal invariance of model coefficients.

Student -0.084 !------------ s |
Hispanic -0.031 +-—-—--- B |
Republican -0.021+------ Ly
Urban dweller -0.005 +--f-4
Democrat -0.004 +--f-
Raised in the Pacific region +H0.001
Asian -F-1 0.002
Raised in Alaska k4 0.002
Employed - 0.021
0.071
High individual income (>$100K) P —— e !
Total -0.047 -------------mmmmmme s e PR '

Figure 13. Contributions to the endowment portion of the difference in mean “pro-
environment” attitude (Horizontal dashed lines refer to the 95% confidence interval)

Coefficient

The portion of the gap due to the difference in coefficients between the two generations is
illustrated in Figure 14. Employment status and high individual income levels influence the two
generations differently, with Millennials who are employed or have high incomes showing a
more environmentally friendly attitude relative to Gen Xers with the same characteristics.
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These differences, in other words, indicate that were the Millennials to have the same model
coefficients as Gen Xers on these two variables, their average score on the pro-environment
attitude would decrease by 0.224 (excluding the impact of other coefficient differences). Other
non-life-stage variables whose (statistically meaningful) coefficient effects on the pro-
environment construct differ between generations include belonging to the Asian race, and
having a childhood residential location in the Pacific region. Gen Xers with these two
characteristics tend to be more pro-environment than Millennials with the same characteristics,
hence the positive change shown in Figure 14.

Employed -0.197 t------mmmmme- e I
Student BN e — - |
High individual income (>5$100K) -0.027 -
Raised in Alaska -0.004 H
Raised in the Pacific region + 0.008
Republican (- — T
Hispanic e [ 1 0.031
Urban dweller [S— - E— 1 0.032
Democrat — [ — 10.044
Constant bommmmmmm e .- 1 0.047
Asian - 0.053
Total -0.052 1-----mmmommmme - !

Figure 14. Contributions to the coefficient portion of the difference in mean “pro-
environment” attitude (Horizontal dashed lines refer to the 95% confidence interval)

Interaction

With respect to the interaction term, the life-stage variables have the largest contributions
(although at lower significance levels). Based on Table 11., the incremental effects (on top of
the all-else equal terms) of the simultaneous change of endowments/ coefficients for having a
high individual income and being employed are -0.062 and -0.017, respectively. These two
amplify the corresponding coefficient effects, and partly counteract the corresponding
endowment effects. The total contributions of employment status considering all its
components amounts to -0.193 s.d., the largest contribution of all variables, while the total
contribution of high-income status here equals a relatively low -0.018 s.d., largely due to the
opposite sign contribution of its interaction term compared to its endowment. With respect to
the other life-stage variable, student, the interaction term contributes in the opposite direction
to its endowment and coefficient terms, resulting in an overall contribution of -0.096 s.d. to the
gap (second largest after employment status).
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This analysis utilized data from a research survey executed in California to investigate
generational differences in transportation-related attitudes, namely toward urban living
(distinguishing between currently and long term), car ownership, and environmentally-
conscious lifestyles. One simple but important result is that on average, those differences are
small (0.15—0.20 standard deviation units)—albeit statistically significant—suggesting that
generational distinctions are not as dramatic as they have been portrayed to be by popular
media. Nevertheless, it is of interest to explore the sources of the differences that do appear—
and, separately from the substantive content of the results in this study, to demonstrate a
flexible methodology for comparing two groups that has numerous potential applications in
transportation beyond the present one.

We linearly decomposed the differences in mean attitudes between Millennials and Generation
X, and examined the decomposition terms which may be more likely to change as Millennials
move into later life stages. The analysis shows that life-stage-related endowment disparities,
such as in employment status, student status, income level, and marital status, explain
significant portions of the overall attitudinal gaps. Our analysis also shows differential
generational influences (coefficients) of these life-stage variables on attitudinal differences. We
discussed interaction effects in greater depth and demonstrated the importance of considering
such effects, highlighting the roles of the endowment and coefficient effects in concert with
interactions.

In general, we can expect that the share of Millennials with life-stage characteristics such as
being married will increase over time, i.e., that their endowment will approach that of Gen Xers
(although, importantly, it may never reach Gen Xers’, which has profound implications in a
number of ways). It is much less clear how much the effect of such life-stage variables on an
attitude will come to resemble that of Gen Xers’ as Millennials continue to age. Effect
magnitudes (coefficients), after all, are often functions of attitudes, lifestyles, and values—and
so we can imagine an infinite regress, in which we need to know how much certain attitudes
will change in order to fully understand how much others will change.

With respect to the pro-environment attitudinal construct, we see that Millennials tend to be
more environmentally conscious, and it is unlikely that convergence of their life-stage variable
shares to those of the Gen Xers will significantly impact this tendency—although convergence
of the coefficients of those variables would. On the other hand, changes in life-stage variables
may decrease the stronger tendencies of the younger generation toward urban living in the
present time frame. With respect to long-term pro-urban tendencies, the generational
differences appear less clear. Although there is not a statistically meaningful difference
between Millennials and Gen Xers in long-term pro-urban attitudes, the difference becomes
meaningful when we compare younger Millennials (< 26 years old) to older Millennials
combined with Gen Xers. The greater tendency of younger Millennials toward long-term urban
living may be reversed as they get married and start to have children. Similarly, the pro-car
ownership attitude among Millennials, currently lower than for Gen Xers, would diminish the
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gap by 32% if the younger generation were married and had college degrees to the same extent
as their older counterparts.

This study represents one of the first examinations of the influence of life stage variables on
Millennials’ transportation-related attitudes, and complements existing literature findings that
Millennials’ behaviors may be converging to those of Generation X as they enter later life
stages. A limitation of this work revolves around the cross-sectional design of the survey, which
precludes deductions about whether the coefficient portion of the gap is likely to diminish over
time. The authors intend to extend the application of this approach to longitudinal data in the
future. A further useful extension (particularly in a new dataset with broader reach) would be
to decompose differences between geographically distinct groups. Additionally, as a number of
studies (e.g., Myers, 2016) indicate, the real-world impact of these attitudes and preferences
would be determined by contextual factors, therefore future work that builds upon findings in
this chapter will seek to investigate how much of the reduction in attitudinal gaps translates
into behavioral choices. This intended extension would have direct policy implications, since
policy-makers are often more interested in revealed behavioral choices.

As such, the results of the current study pave the way toward better understanding if, why, and
how travel-related behaviors or choices differ between generations. Such studies have
important implications for transportation planning and forecasting, and further examination of
differences in behaviors and attitudes across generational divides using longitudinally-designed
studies should be a priority for transportation researchers moving forward.
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Are Millennials More Multimodal?

Millennials tend to use a variety of travel modes more often than older birth cohorts. Two
potential explanations for this phenomenon prevail in the literature. According to the first
explanation, millennials often choose travel multimodality at least in part because of the effects
of the economic crisis, which affected young adults more severely than their older
counterparts. Another explanation points to the fact that millennials may have fundamentally
different preferences from those of older birth cohorts. This chapter presents an examination
of millennials’ travel behavior as compared to the preceding Generation X, based on a survey of
1,069 California commuters. It shows that millennials adopt multimodality more often than Gen
Xers, on average. However, the analysis also points to substantial heterogeneity among
millennials and indicates that, perhaps contrary to expectations and the stereotype in the
media, the majority of millennials are monomodal drivers. The chapter contributes to the
literature on millennials” mobility in several ways. First, it rigorously classifies various forms of
travel multimodality (on a monthly basis and distinctively taking trip purpose into account)
through the analysis of a rich dataset that includes individual attitudes and preferences;
second, it explores gradual changes of multimodality across age and generation; and third, it
analyzes the effects of various demographic, built environment, and attitudinal attributes on
the adoption of multimodality.

The following is a short version from a paper that was peer-reviewed and published in the
journal Transportation (Lee et.al, 2019). Please use the following citation to cite the full paper:

Lee, Y., Circella, G., Mokhtarian, P. L., and Guhathakurta, S. (2020). Are millennials more
multimodal? A latent-class cluster analysis with attitudes and preferences among millennial
and Generation X commuters in California. Transportation, 47, 2505-2528.
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The millennial generation, which includes those who were born from the early 1980s to the late
1990s (Dimock, 2019), has travel patterns that differ from those of preceding generations when
they were at the same age. Millennials wait longer to obtain a driver’s license, own fewer cars,
drive less, and make more trips by alternative or emerging modes such as car sharing and on-
demand ride services (Delbosc and Currie, 2013; Kuhnimhof et al., 2012; Kuhnimhof, Zumkeller,
and Chlond, 2013a, 2013b; Millard-Ball et al., 2005; Circella et al., 2018). Scholars have
speculated about the possible causes for their unique travel patterns and coalesced around
three dominant hypotheses. First, researchers point to the effects of economic hardship on
today’s young adults and the fact that life course events such as independent living from
parents, marriage, and childbearing are delayed compared to previous years, while pursuing
higher education has increased. According to this theory, lack of economic resources (especially
in the past few years) has prevented millennials from owning and driving personal vehicles and
moving onto the next stage in the lifecycle (e.g., starting their own household and having
children), at which people usually make more trips (Blumenberg, Ralph, Smart, and Taylor,
2016; Delbosc and Currie, 2013; Klein and Smart, 2017; McDonald, 2015). Instead, millennials
choose cities where they can find affordable rental units and travel without cars.

Second, researchers also assert that the increasing share of college graduates among young
adults and their delay in experiencing life course events are manifestations of long-term social
trends. One factor behind these trends is the transition towards knowledge-based economies
that demand highly educated labor and agglomeration economies (Millsap, 2018). As an effect
of such trends, millennials are the most educated generation in US history, while on average
the amount of their debt from student loans is higher than that of previous generations (Fry,
Parker, and Rohal, 2014; Taylor, Fry, and Oates, 2014). Together with delaying marriage and
childbearing, millennials neither can afford to buy nor need their own home until later in their
lives (Census, 2011), or simply prefer smaller housing units, so they tend to choose urban
neighborhoods and travel more with non-car travel modes (Scheiner, Chatterjee, and Heinen,
2016). Moreover, scholars point out that work arrangements and commute trips are changing
as part of the transformations in the economy, including an increase in zero-hour contracts and
home-based workers (Chatterjee et al. 2018; Marsden, Dales, Jones, Seagriff, and Spurling,
2018; Mateyka, Rapino, and Landivar, 2012). These changes bear implications for travel
behavior in general and mode choice in particular, and they do so more for young adults, who
are starting to build their careers in the evolving job market of the moment.

Third, scholars, according to reports in the academic journals and popular media, note that
changes in attitudes and preferences and the adoption of information and communication
technologies (ICT) may play a key role in affecting millennials’ choices. They observe that
millennials have pragmatic attitudes towards car ownership, are more conscious of the
negative externalities of driving, are more informed about environmental and public health
issues, prefer closer access to vibrant parts of cities, and are more willing to substitute virtual
contacts for physical trips (Couture and Handbury, 2017; Delbosc and Currie, 2014; Hopkins,
2016; Puhe and Schippl, 2014; Raymond, Dill, and Lee, 2018; Smith and Page, 2016; Taylor,
Doherty, Parker, and Krishnamurthy, 2014; Vij, Carrel, and Walker, 2013). Since these
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explanations have different implications for planning and policy, it is important to assess the
contribution of various factors to current travel patterns of millennials and understand what
these mean for possible changes to their travel in the near future (Delbosc and Ralph, 2017;
Polzin, Chu, and Godfrey, 2014).

One less studied aspect of millennials’ travel behavior is their use of multiple travel modes in a
given period, or multimodality (Kuhnimhof, Chlond, and von der Ruhren, 2006; Nobis, 2007). By
multimodality, scholars imply travel patterns that present some balance among various modes
(e.g., half of trips made by driving and the other half by non-motorized modes), instead of
relying on a single mode. While previous studies focused on various dimensions of millennial
travel separately, the lens of multimodality helps researchers understand the unique patterns
of millennial travel in more comprehensive ways (Ralph, 2017). In addition, understanding
trends in multimodality could reveal how millennials might respond to policy interventions.
Multimodal travelers are found to be better informed about and more sensitive to level-of-
service attributes of various modes than habitual users of certain modes (Heinen and Ogilvie,
2016; Van Exel and Rietveld, 2009). These characteristics of multimodality may lead them to
choose the mode that best matches their needs, which may differ by circumstance. Certainly,
understanding how many millennials are multimodal travelers is of importance in that it
informs the development of travel demand management (TDM) strategies for this birth cohort.

A few studies have analyzed millennials’ multimodality. According to these studies, millennials
represent several distinctive traveler groups based on daily travel patterns and longer-term
mobility choices. By analyzing the 2009 National Household Travel Survey (NHTS), Ralph (2017)
suggested that four groups of travelers could be identified: drivers, long-distance trekkers,
multimodals, and carless. Among these groups, multimodals made more than half of their trips
by walking, biking, and public transit; were less likely to have a driver’s license and access to
household vehicles; but traveled more frequently than the first two groups who traveled almost
exclusively in automobiles. Unlike the popular depiction in the mass media, only 3.6% of those
aged between 16 and 36 fit into this category in the 2009 NHTS. With a simpler measure of
travel multimodality, Buehler and Hamre (2014) found that younger people tended to travel
more by walking, biking, and using public transit than their older counterparts. The authors also
showed that the longer the measurement period, the higher the proportion of users that would
be categorized as multimodal travelers in the population. For example, while only 22.1% of
respondents in the 2009 NHTS data used more than one mode on the surveyed day, the share
of “multimodal travelers” increased to 72% if its definition includes users that adopted different
modes on different days of the same week. Thus, identifying multimodal travelers based only
on daily travel patterns may omit a substantial portion of the population, who may be (nearly)
as responsive to policies and interventions as daily multimodals (Buehler and Hamre, 2014;
Molin, Mokhtarian, and Kroesen, 2016; Van Exel and Rietveld, 2009; Schlich and Axhausen,
2003). While the aforementioned studies analyzed one or more cross-sectional datasets
separately, Vij and his colleagues (Vij, Gorripaty, and Walker, 2017) estimated pooled models
using two repeated cross-sectional datasets to see if (in the aggregate) young and older adults
prefer multimodality more over time. Using two regional travel survey datasets in the San
Francisco Bay Area in 2000 and 2012, they reported that “Car Preferring Multimodals”
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increased their shares in the population while “Complete Car Dependents” decreased in the
2000s. Interestingly, in their study, the trend of increasing multimodals was not limited to
young adults, but present in all age groups. In contrast, Heinen and Mattioli (in press)
documented (at the aggregate level) decreasing trends in multimodality in England from 1995
to 2015 by analyzing the Great Britain National Travel Survey, a nationally representative cross-
sectional dataset that is collected annually. The study found that those who were between 16
and 30 (in all years) always tended to exhibit more multimodal travel behavior than those who
were older than 30. However, on average, the level of multimodality of the young adults
decreased in these two decades (while those of the older groups had remained stable at their
lower levels).

Researchers have developed a variety of multimodality definitions and indices, most of which
have not been applied to studies with a focus on millennials. Buehler and Hamre (2014)
classified all individuals into three traveler groups: (a) those who use only automobiles, (b)
those who use both automobiles and several alternatives (walking, biking, and public transit),
and (c) those who use only these non-automobile modes. Although intuitive and convenient,
this approach fails to capture the continuous degree of mono/multimodality that each traveler
might have and its multidimensionality. Heinen and her colleagues (Heinen, 2018; Heinen and
Chatterjee, 2015; Heinen and Mattiolo, 2017; Scheiner, Chatterjee, and Heinen, 2016) tested
several continuous measures, each of which focused on specific aspects of multimodality. For
example, the share of trips made with the most frequently used mode captures individuals’
degree of concentration on a single mode, but does not take into account the distribution of
use across other modes. In contrast, the Herfindahl-Hirschman Index (HHI) and Shannon’s
Entropy index measure how concentrated or dispersed individuals’ use patterns are across
multiple modes, but do not consider what their primary mode is.

Other researchers have attempted to measure the multidimensional nature of multimodality.
Diana and Mokhtarian (2009) classified survey respondents from France and the US into four
traveler types, using a k-means cluster analysis on objective, subjective, and desired levels of
travel by various modes. Ralph (2017) employed a latent profile analysis in which she included
seven indicators of mobility choices for various time horizons, from daily travel patterns to
medium-term commitments such as driver’s license, car ownership, and annual miles driven.
Molin et al. (2016) avoided arbitrarily weighting indicators of various time horizons by
employing monthly frequencies of various modes in their latent-class cluster analysis. Vij et al.
(2017) employed a latent-class choice model to estimate unobserved modal preferences of
individuals, which they define as “behavioral predisposition towards a certain travel mode or
set of travel modes that an individual habitually uses” (p. 242). In brief, although a wide range
of measurement techniques is available in the literature, researchers of millennials’ travel
behavior have not employed many of them yet. In particular, more complex approaches that
capture the multidimensional nature of travel modality have been rarely used.

The objectives of this chapter are two-fold. First, we examine various types of multimodality
and their relative shares in a sample of millennials and members of Generation X by employing
a rich set of variables, including individual attitudes and the use of shared mobility services—
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these variables are rarely available in conventional travel-diary data. Second, we analyze the
effects of various individual attributes, such as socioeconomics and demographics, attitudes
and preferences, and residential location, on the likelihood of belonging to certain traveler
groups.

In this chapter, we analyze the California Millennials Dataset collected by 2015. To capture
various patterns of travel multimodality, we employed a subsample of 1,069 cases who
regularly commute either to work or school, and constructed several indicator variables from
their frequency of using various transportation modes for commute and leisure/shopping/social
(henceforth, “non-commute”) trips. For commute trips, we asked the frequency of using
various modes for one-way trips. Unlike previous studies, we analyze multimodality in a way
that takes into account trip purposes, because reports and statistics suggest that millennials’
mode choice may differ from that of older birth cohorts only for trips with certain purposes,
e.g., non-commute (Jaffe, 2013, 2014). Note that this study examines the travel patterns of a
sample of commuters, whose mode choice behaviors may differ from those of non-commuters.
After all, commute trips usually take place in similar circumstances, so commuters may well
develop habits of choosing a certain (set of) mode(s). Their habits may also affect their mode
choices for non-commute trips and their overall multimodality.

The original raw data include frequencies of using 13 travel modes reported on a 7-point
ordinal scale, separately for the two categories of trip purposes. For each of the 26
mode/purpose combinations, individuals marked a choice that ranges from “Not available” to
“5 or more times a week.” Since the survey asked individuals to report retrospectively how
often they “typically” use various travel modes, they may have inaccurately reported their
frequencies (Stopher, FitzGerald, and Xu, 2007). For analysis, we grouped the 26 variables into
nine indicators based on similarity and uniqueness of modes and purposes, developing
“monthly” frequencies for four groups of modes for commute trips and five groups of modes
for non-commutes. The four groups of modes common to both commute and non-commute
trips are: car as a driver, car as a passenger (including taxi and ridehailing services for commute
trips, which are classified separately for non-commute trips), public transit (including both bus
and rail options), and active modes (including walking, biking and skateboarding). An additional
group of modes was included for non-commutes, measuring the use of emerging transportation
modes (ride-hailing services such as Uber/Lyft and carsharing services such as
Zipcar/Car2Go).To obtain the monthly frequencies for these nine groups, we summed proxy
values that capture the monthly frequencies of the raw modes that belong to each group (refer
to Appendix 2). Given that many studies analyzed the NHTS datasets, which lack information on
use of various modes for more than a day (Buehler and Hamre, 2014; Ralph, 2017), our
indicators capturing monthly use of various travel modes are expected to reveal unexplored
patterns of multimodality, which may substantially differ from those measured only on one
day.

We used three groups of explanatory variables in the model: sociodemographic traits and
economic characteristics, attitudes and preferences, and built environment attributes. For
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attitudes and preferences, the dataset contains individuals’ level of agreement with 66
statements on a 5-point Likert-type scale from “Strongly disagree” to “Strongly agree”. We
conducted a factor analysis and identified 17 factors as the best solution, leaving 14 stand-
alone statements that were not included in the final factor solution (but were retained for
further analysis), based on multiple criteria including interpretability (Circella et al., 2017b;
refer to Appendix 3). For built environment attributes, the California Millennials Dataset
contains individuals’ home addresses, which we geocoded using the Google Maps Application
Programming Interface (API). Using these geocoded locations, we extracted information on
land use and transportation systems from external sources. The Smart Location Database of the
US Environmental Protection Agency provides a wide range of land use variables, which we
factor analyzed to obtain composite indexes capturing activity intensity and land-use balance.
For the level of service by public transit, we collected the transit connectivity index, i.e., a
composite index that takes into account bus routes and train stations within walking distance
for each census block group, from alltransit.cnt.org (CNT, 2016). In addition, we used the five
neighborhood types that Salon (2015) developed based on the land use characteristics of
individual census tracts throughout California. While her typology included central city, urban,
suburban, rural in urban, and rural, we rename the fourth type exurban based on the census
tracts’ geographical locations and land-use patterns.

In this chapter, we employ latent profile analysis to probabilistically assign individuals to
traveler groups, each of which is characterized by relatively similar mode use patterns, while
maximizing the heterogeneity of these patterns across groups. This analytical approach has
several advantages over simpler methods for identifying multimodal travel behaviors. First, we
attempt to measure multimodality in its entirety, instead of developing a single (composite)
index. We believe that travel multimodality cannot be easily reduced to a mono-dimensional
measure such as HHI or Shannon’s Entropy. The same values for these indexes may refer to
travel behaviors which are very different from each other, and each of which could be the
target of unique sets of policies and interventions. Instead, we classify individuals into /atent
classes based on multiple indicators, all of which depict the unique mode use patterns of each
class.

Second, unlike deterministic classification schemes (Buehler and Hamre, 2014; Diana and
Mokhtarian, 2009; Kuhnimhof et al., 2006; Nobis, 2007), latent profile analysis estimates
individuals’ probabilities of belonging to various latent classes. Each of these classes shows its
own profile consisting of average frequencies of use of various modes. Specifically, they are the
group-specific probability-weighted averages of indicator variables (the nine mode use
frequencies) across the sample. In brief, the latent profile analysis better captures the
heterogeneity of multimodal travel behaviors by creating an unobservable construct consisting
of multiple modality styles, each of which characterizes a given individual to varying degrees
(i.e., with varying probabilities). Third, as for the effects of various factors (i.e., active
covariates) on the individuals’ probabilities of belonging to various latent classes, the latent
profile analysis simultaneously estimates these effects while classifying individuals into various
classes. Several researchers, to date, have deterministically identified traveler groups and then
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assigned individuals to these groups in a separate stage (Buehler and Hamre, 2014; Nobis,
2007; Ralph, 2017). However, their methods (1) do not use information available in the active
covariates to help estimate the probability of belonging to a given group, and (2) do not
guarantee to maximize the heterogeneity between groups. Figure 15 presents the relationships
among the latent construct of mobility styles, the indicators, and the active and inactive
covariates.
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Figure 15. Graphical representation of the latent profile analysis with covariates (Source: modified from Fig.1 in a previous study
(Molin et al., 2016))
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After testing several alternatives, we chose the four-class solution as best, based on several
goodness of fit measures and interpretability. Information criteria help determine the best
among models with varying specifications (e.g., differing numbers of latent classes). Mplus
reports several such criteria, including the Akaike Information Criterion (AIC), Bayesian
Information Criterion (BIC), and sample-size adjusted BIC (for formulas, see Akaike, 1987;
Schwartz, 1978; Sclove, 1987). Low values for these criteria are associated with better model
fit. However, because the values of these criteria kept decreasing as the number of latent
classes increased, we considered the tradeoffs between model if and interpretability of the
model results to determine the number of latent classes in the final model. Additional
consideration was given to discarding model solutions that included very small classes
(containing only a few cases in the sample).

Four Traveler Groups

We identified four traveler groups, having different frequencies of use of various travel modes
for two trip purposes. Figure 16 displays the frequency profiles for the use of various modes by
the four traveler groups: monomodal drivers (including 84.2% of cases in the weighted sample),
carpoolers (4.9%), active travelers (7.7%), and transit riders (3.1%). In this section, we briefly
introduce the multimodal travel patterns and socioeconomic attributes of these classes. To
understand the distinctive traits of each traveler group, we use both active and inactive
covariates. Note that class-specific (probability-weighted) summary statistics in need to be
understood in the context of the small sample size in this study (N=1,069), which is subject to
large sampling errors, compared to large-sized samples.
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Figure 16. Monthly frequencies of use of travel modes and weekly vehicle miles driven by
class. (Note: The right y-axis applies only the last set of bars)

Containing the vast majority of cases, monomodal drivers drive for most of their commute
(16.1 times per month) and non-commute (12.8 times per month) trips. Monomodal drivers
own the most vehicles and have the greatest access to their household’s vehicles (available
92.7% of the time). The majority of monomodal drivers are full-time workers (73.1%), usually
with either an associate’s or bachelor’s degree (37.8% and 36.3%, respectively), and their
commute distance is the second longest (8.99 miles), following carpoolers (9.39 miles). Many
monomodal drivers tend to live with their partners and children, and have average household
incomes between $60,000 and $120,000. The members of this group are older on average, are
likely to perceive that a car is more than a tool, and more often reside in suburban or exurban
neighborhoods. As expected, they drive the most (144 miles per week), which is three times the
average driving distance for transit riders.

Carpoolers drive occasionally; however, they commute more often as a passenger in a car
driven by someone else, either via carpool, a taxi, or on-demand ride services (17.98 times per
month, or more than four times a week). For non-commute trips, they tend to drive instead of
having others drive for them (10.47 versus 6.92 times per month). Carpoolers have the longest
commutes among all groups (9.39 miles one-way), and they likely work full time. Many
carpoolers earn household incomes more than $120,000 a year, and they live in a large
household with many working adults. While a majority of carpoolers have a driver’s license
(80.7%) and a car available most (71.6%) of the time on average, these values are lower than
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those of monomodal drivers (at 95.7% and 92.7%, respectively). Carpoolers feel more
constrained to travel by car, for reasons such as their inflexible schedules or destinations not
served by public transit. Not surprisingly, most carpoolers rate cars either “good” or “very
good” as their means of transportation, but overall, they are less averse to alternative travel
modes, public transit and active modes, than monomodal drivers. Carpoolers’ household
composition, somewhat limited car availability, and attitudes appear to explain their weekly
vehicle-miles driven (VMD), which are 20 percent fewer than those of monomodal drivers.

Active travelers travel most frequently by walking, biking or skateboarding for both commute
(19.64 times per month) and non-commute (13.37 times per month) purposes. Many active
travelers do not hold a driver’s license (i.e., only 71.4% of them are licensed), they own few
household vehicles (0.59 per adult), and report lower car availability (50.7%) than the two car-
oriented groups. Active travelers reveal the most pragmatic attitudes towards cars; they do not
feel they are constrained in terms of scheduling trips or choosing travel modes; and they view
active modes more positively than those in the other classes. Three of every four members of
this group are millennials (74.0%), and their share of urban residents is the highest (43.1%)
among the four groups (followed by the transit riders group, at 36.7%).

As the smallest among the four traveler groups (including only 3.1% of the 1,069 cases, or 33
travelers in the weighted sample), transit riders use public transit almost every day for
commute (22.24 times per month) and non-commute (22.96 times per month) trips. For non-
commute trips, they often travel by active modes, possibly as an access or egress mode for
public transit, because they lack access to a car (e.g., only 56.4% of the members of this class
hold a driver’s license, and their household vehicles are available only 41.8% of the time on
average). Not surprisingly, this group has the largest share of transit pass holders (73.6%).
Moreover, the transit rider class has adopted emerging transportation services (e.g., carsharing
or ridehailing) more than the other classes, using these services more than once a week. Their
total numbers of commute and non-commute trips are the highest among all classes, implying
that either their trip rates are the highest or (more likely) they tend to use multiple modes for a
single tour.

Transit riders contain the largest share of college graduates and current students (27.7% of this
group being either part-time or full-time students). While college/graduate students in certain
areas (e.g., college towns) or other countries (e.g., European countries, as discussed in Buehler,
Pucher, Merom, and Bauman (2011)) may choose walking more than other modes to reach
their place of study, many students in our sample, which covers the entire state of California,
appear to live in locations that are not within a walkable distance from their school. On
average, they have the lowest annual household income (55.4% of this group earns $60,000 or
less). Also, this group shows the strongest support for environmental policies that would
regulate driving. Counterintuitively, transit riders are not particularly pro-exercise, suggesting
that their choice of public transit is not to increase their level of daily physical activity but to
meet their travel needs. Members of this class accept public transit as either a “good” or “very
good” means of travel, and on average they live in neighborhoods with high development
density, mixed land use, and decent transit levels-of-service. Many transit riders reside in

eYNCST 5



neighborhoods located either in or close to the central core of cities (e.g., downtown Los
Angeles and San Francisco). As a result, they drive fewer miles (64 miles per week, on average)

than the members of the two car-oriented classes, monomodal drivers and carpoolers.

Table 12. Sample characteristics for the indicators and covariates, by traveler group (Sample

Size N=1,069)

Monomodal driver  Carpooler Active traveler Transit rider
Class size (n) T 900 52 82 33
Class share (%) 84.2% 4.9% 7.7% 3.1%
Frequency per month
For commute trips
Car as a driver 16.11 8.53 5.06 8.04
Car as a passenger 0.43 17.98 1.45 1.92
Public transit 1.76 2.54 6.32 22.24
Active modes 0.35 2.10 19.64 3.21
Total 18.65 31.16 32.47 35.41
For leisure trips
Car as a driver 12.84 10.47 6.93 7.87
Car as a passenger 2.02 6.92 2.54 5.28
Public transit 0.61 1.29 2.94 22.96
Active modes 2.13 4.44 13.37 12.28
Emerging modes 0.31 1.46 0.49 5.25
Total 17.92 24.58 26.26 53.64
Active covariates
Travel patterns and mobility choices
Commute days per week 4.49 4.76 457 4.26
Commute distance (mile) 8.99 9.39 3.73 5.46
Telecommuting frequency
No 73.8% 70.7% 75.4% 75.9%
Less than once a week 17.4% 18.9% 19.6% 14.3%
At least once a week 8.8% 10.4% 5.1% 9.8%
Having a driver's license 95.7% 80.7% 71.4% 56.4%
Cars per household adult 0.93 0.74 0.59 0.64
Household composition
Household size* 3.14 3.42 2.93 3.02
Living with parents* 19.9% 32.3% 29.3% 21.6%
Living with partner* 64.7% 63.5% 41.4% 40.4%
Living with own children 50.4% 41.7% 26.3% 52.2%
Work/study status
Full-time student 8.3% 18.8% 6.4% 20.8%
Part-time student 1.3% 0.3% 0.2% 6.9%
Full-time worker 73.1% 66.7% 52.1% 63.4%
Part-time worker 16.7% 13.4% 39.5% 8.9%
Only doing unpaid work 0.6% 0.7% 1.9% 0.0%

56



Monomodal driver  Carpooler Active traveler Transit rider
Class size (n) T 900 52 82 33
Class share (%) 84.2% 4.9% 7.7% 3.1%
Educational attainment
Decline to answer 0.1% 0.0% 3.2% 0.0%
Up to high school 9.3% 14.5% 20.8% 14.4%
Associate's degree 37.8% 47.5% 37.1% 28.2%
Bachelor's degree 36.3% 22.6% 21.8% 28.1%
Graduate degree 16.4% 15.3% 17.2% 29.4%
Household income*
Decline to answer 5.2% 3.2% 7.1% 4.8%
$60,000 or less 35.1% 39.6% 38.6% 55.4%
$60,001-5120,000 35.4% 30.2% 36.7% 23.3%
More than $120,000 24.2% 27.0% 17.6% 16.4%
Attitudes and perceptions
Car as a tool -0.059 -0.075 0.220 -0.080
Pro environmental policies 0.056 0.273 0.592 1.149
Time/mode constrained 0.177 0.296 -0.568 -0.415
Pro exercise 0.142 0.068 0.057 -0.638
Personal vehicles
Very bad 0.1% 3.5% 2.9% 0.0%
Bad 1.7% 2.1% 4.3% 17.5%
Neutral 12.8% 3.0% 35.1% 16.3%
Good 40.5% 34.1% 42.0% 44.6%
Very good 44.9% 57.2% 15.7% 21.6%
Public transportation
Very bad 14.0% 10.6% 5.4% 0.0%
Bad 25.4% 23.0% 13.8% 2.8%
Neutral 34.4% 24.0% 17.4% 11.5%
Good 23.2% 28.4% 50.8% 71.5%
Very good 3.0% 13.9% 12.5% 14.3%
Active transportation
Very bad 12.1% 6.6% 0.7% 5.3%
Bad 15.4% 23.2% 2.7% 4.7%
Neutral 31.5% 23.2% 11.2% 28.2%
Good 31.9% 32.0% 50.7% 38.2%
Very good 9.0% 15.1% 34.7% 23.6%
Land use attributes
Activity intensity 0.114 0.206 0.506 0.662
Land use diversity* 0.222 0.033 0.301 0.320
Transit service quality* 10.557 13.786 16.870 19.459
Inactive covariates
Demographics
Age 34.27 33.70 30.00 33.76
Proportion of millennials 51.6% 47.0% 74.0% 56.8%

57



Monomodal driver  Carpooler Active traveler Transit rider

Class size (n) T 900 52 82 33
Class share (%) 84.2% 4.9% 7.7% 3.1%
Mobility choice
Having a transit pass 11.3% 7.5% 33.3% 73.6%
Self-reported weekly VMD 144 115 47 64
Car availability @ 92.7% 71.6% 50.7% 41.8%
Residential neighborhood type
Central city 1.7% 2.3% 8.8% 12.3%
Urban 22.1% 24.1% 43.1% 36.7%
Suburban 46.8% 45.8% 33.4% 34.1%
Exurban 20.7% 19.0% 10.0% 11.6%
Rural 8.7% 8.9% 4.8% 5.4%

Notes: Bold values indicate the highest value for each row; * indicates a covariate dropped from the final
specification due to statistical insignificance; T The counts of individual classes do not sum to the total due to
rounding errors; and measures a self-reported car availability (0-100%), i.e., the percentage of time an individual
has access to a private vehicle.

Class Membership Model

In addition to depicting the four classes of travelers based on summary statistics, we attempt to
understand the factors affecting the probabilities of individuals belonging to these groups.
Table 13. presents the estimates of active covariates that are statistically significant in the
membership model. Here, the reference group is monomodal drivers (which is therefore
omitted in the table), so we interpret the coefficients for the other groups in comparison to
monomodal drivers. We test two hypotheses by including covariates that relate to millennials’
limited economic resources and delayed life course events, as well as to their different
preferences from the older cohorts. Moreover, we analyze the separate effects of the built
environment, which most studies neglected.

Economic factors and related living arrangements affect class membership in various ways.
First, not surprisingly, those without a driver’s license are more likely to be carpoolers, active
travelers, or transit riders than monomodal drivers. Having fewer cars per adult in the
household is associated with belonging to carpoolers or active travelers. Those who do not
have children living at home are more likely to be active travelers, suggesting they are less
burdened by the childcare and housework duties that may make driving convenient or
necessary. Interestingly, those who are students, either part-time or full-time, are less likely to
be active travelers. Instead, it is a short commute distance that increases one's probability of
belonging to the active traveler class. In the meantime, those with higher educational
credentials are associated with a higher likelihood of using public transit. However, these
factors do not present the full picture of millennials' multimodality. We also find separate
associations of individual attitudes and preferences with class membership. In particular, those
who think of a car as a mere “tool” (to reach a destination) rather than a desirable object in its
own right are more likely to be active travelers than monomodal drivers. Those who share
concerns over the environmental impacts of driving tend to travel more by public transit.
Consistent with class-specific (probability-weighted) summary statistics in Table 12., those who
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do not see themselves constrained regarding trip schedules and mode choice tend to travel
more by active modes or public transportation (the opposite is true for carpoolers, who feel
constrained).

Land use attributes of one’s place of residence help account for multimodality. Activity
intensity, a composite measure extracted from a factor analysis on variables such as population
and employment density in the place of residence, increases the likelihood of an individual
being a public transit user. Dense neighborhoods, mostly located in or close to the central city,
usually offer a transit-conducive environment and are well served by public transit. In
comparison, we did not find statistical significance for land-use balance, a composite index
measuring the balance between housing and employment. This finding suggests that the
intensity of activities in a given neighborhood induces its residents to use alternative modes,
while land-use balance in itself does not. After all, the same balance value (e.g., 1-to-1 between
residential and commercial) may represent very different built environments (e.g., inner city or
sprawled suburbs). We see the transit service quality measure is not significant because of its
high correlation with the density measure.

Table 13. Class membership model (N = 1,069; Reference: Monomodal Drivers (84.2%))

Covariates Carpooler Active traveler Transit rider
Share 4.9% 7.7% 3.1%
Travel pattern and mobility choices

Natural log of commute distance 0.053 -1.052 *** -0.297

Commute days per week 0.326 ** 0.154 0.188

Telecommute (reference: no telecommute)

Less than once a week 0.451 0.081 0.135
At least once a week 0.896 -2.073  ** 0.260

Has a drivers' license -1.489  *** -1.264  ** -2.878  ***

Cars per adult in the household -1.342  ** -1.948  *** -0.722
Household characteristics

Living with own children -0.124 -0.985 ** 1.226 **
Student status (reference: not a student)

Full-time student 0.570 -1.289 ** 0.864

Part-time student -1.822 -4.004 *** 1.904
Educational attainment (reference: up to high school)

Some college 0.068 0.004 -0.091

Bachelor's degree -0.422 -0.752 0.278

Graduate degree -0.037 0.364 1.718 **
Attitudes and preferences

Car as a tool -0.063 0.434 ** -0.400

Pro-environmental 0.131 0.231 0.763 **

Time / mode constrained 0.322 * -0.559 k** -0.400 *

Pro-exercise -0.118 0.064 -0.901 ***
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Covariates Carpooler Active traveler Transit rider

Share 4.9% 7.7% 3.1%
Overall rating for cars (@ 0.319 -0.737 ***  _0.059
Overall rating for public transit @ 0.262 0.033 1.105 ***
Overall rating for active modes @ -0.026 0.857 *** 0.175

Land-use attributes
Activity intensity 0.051 0.003 0.990 **

Notes: * significant at the 10% level, ** significant at the 5% level, and *** significant at the 1% level; ?) denotes a
single-item response (and not a factor score) for this attitudinal variable.

Generational Effects

To evaluate the effects of being a member of a certain generation on the adoption of
multimodality, we control for one’s age as an inactive covariate in the latent profile analysis, to
investigate subtler differences among individuals belonging to the various groups (i.e., how they
differ within and across generations). In fact, many studies attempted to measure generational
effects by including a set of binary variables that indicate whether individuals are millennials or
members of preceding generations in multiple regression models (Buehler and Hamre, 2014;
McDonald, 2015). This approach may be effective for checking the existence of such effects,
especially with panel or repeated cross-sectional datasets; however, it cannot reveal specific
sources of the effects unless a rich set of qualitative attributes is also included. In contrast, we
hypothesize that individuals’ sociodemographic and economic conditions, living arrangements,
and attitudes and preferences affect the type and intensity of travel multimodality. For
instance, two same-aged people may travel in different ways because of the aforementioned
factors being different (e.g., married or not), and two people with different ages may be very
similar in their multimodal patterns, because of these factors being similar (e.g., similar
preferences for urban lifestyles and active modes).

Figure 17 displays the share of each traveler group by age (note that the y-axis starts at 68
percent to clearly present the variation in the composition by age). Since we do not have
sufficient cases for each age, we calculate five-year moving averages. As expected (in view of
their large share), monomodal drivers dominate all age groups from 18-22 to 46-50; however,
we see gradual changes, or even fluctuations, in the shares of the four traveler groups by age.
The proportion of active travelers tends to decrease up to the age of 41 and slightly increase
again after that age (probably because of the reduction in household obligations as children
become older). Transit riders first peak in the early and mid 30s, gradually decrease to 0.7% at
about 40 years old, and rebound among individuals in their mid to late 40s. Given that Figure 17
presents a one-time snapshot of the population, not a trajectory that follows the same
individuals over time, young transit riders and older transit riders may differ in their
characteristics. The largest proportion of active travelers are observed around an age of 29
years. In sum, treating one’s age as an inactive covariate in the latent-class cluster analysis
helps reveal nuanced, continuous, distributions of heterogeneity in multimodality by age, while
we use individual attitudes and preferences, in addition to sociodemographics, to characterize
the mobility styles of the members of the various latent classes. Still, how many millennials will
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continue to have multimodal travel patterns (as opposed to travel patterns more similar to
those of the current older adults) as they age is an open question, which cannot be answered
with the analysis of cross-sectional data.
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This study employs a latent-class model and a comprehensive set of variables to identify varying
patterns of travel multimodality and the relationships of these patterns to individual attributes.
By doing so, we reveal multiple classes of multimodal travelers. Our results suggest possible
changes in the mode use patterns of millennials in coming years, which can inform policies to
help millennials stay multimodal.

Unlike popular images of multimodal millennials in the media, our study shows that the
majority of millennials in California are monomodal drivers, which is consistent with findings in
a recent study that covers the entire US (Ralph, 2017). In contrast to the monomodal drivers,
the three multimodal traveler classes have lower driver’s licensure rates and limited car
availability, as a result choose driving less often for commutes and leisure trips, and even
though they drive occasionally, drive far fewer miles on a weekly basis. These traveler classes
differ by several individual characteristics including household income, presence of children,
and personal preferences. Not surprisingly, active travelers and transit riders more often reside
in urban neighborhoods with high activity intensity, where public transit and non-motorized
modes are viable alternatives. That is, land use facilitates, or inhibits, multimodality. Related to
this, the combined share of the three multimodal travelers diminishes and that of monomodal
drivers increases among individuals between 36 and 41 years old, ages at which people
undergo marriage and childbearing, achieve increases in their earnings, and often relocate to
the suburbs. Thus, to encourage individuals to maintain environmentally-beneficial behaviors
and higher levels of travel multimodality, planners may take two approaches. First, they can
spearhead plans for affordable residential alternatives (with decent public school quality) in the
central parts of cities for those who prefer urban lifestyles, but also want to buy a home and
raise children. Second, they can design and plan some suburbs with urban amenities (e.g.,
dense residential and commercial developments) for those who choose to relocate, to support
more sustainable travel behavior.

This study presents a weighted analysis estimated with a relatively small sample from
California. The travel patterns of the travelers included in this sample may differ from those in
other regions or countries (for comparison see Heinen and Chatterjee (2015) for Great Britain,
Molin et al. (2016) for the Dutch, and Kuhnimhof et al. (2012) for Germany). However, in view
of California’s position as a US leader in green energy production, greenhouse gas emissions
reduction, and promotion of sustainable land use and transportation patterns, these results
point to the difficulties in achieving sustainability goals at an aggregate level, even when the
policy climate is favorable toward doing so. On the other hand, on average in California,
proportionally more millennials belong to these three traveler groups than do the members of
Generation X. Also, the membership model confirms that not only economic factors but also
attitudes and preferences explain the likelihood of an individual to adopt travel multimodality.
Thus, the current shares of the four traveler groups by cohort are likely to change in the future
as millennials age and experience life course events (even if at a more delayed time in life),
assuming they maintain their current attitudes and preferences (e.g., they continue to be more
supportive of environmental policies and take more pragmatic approaches to car ownership
and driving than older adults).
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As for effective policies and interventions to encourage multimodality, studies suggest focusing
on the dynamic nature of multimodality, which helps identify windows of opportunity during
which individuals adjust their travel patterns to new social and physical environments (Scheiner
et al., 2016). We find this strategy highly relevant to young adults in California, because many of
those belonging to the active traveler and transit rider classes in this study appear to be in
transition to full-fledged adulthood. Many active travelers work part time, live close to their
schools or workplaces, and do not live with children of their own. Many of them earn incomes
in the middle bracket, but live with low access to household vehicles in part because their
lifestyles or urban locations may not demand frequent use of cars. Similarly, many transit riders
are students either full-time or part-time while not making high incomes, but they do not
necessarily perceive cars as merely a tool to get around (i.e., their demand for driving may be
suppressed to some extent for now). Thus, when these young adults transition to next phases
in the life cycle (e.g., relocation to less dense neighborhoods with low support for alternative
modes), planners and policymakers should help them make an informed decision on mode
choice by providing information on, and incentives for the use of, feasible alternatives in new
circumstances (as well as improving the quality of such alternatives). By doing so, millennials
may be both willing and able to keep being multimodal for a longer period of time.

This study analyzes cross-sectional data, which do not portray historic trends, so it cannot
estimate the extent to which today’s millennials will behave in coming years in the same way
today’s Gen Xers do. While researchers have attempted to understand generational differences
by examining panel and repeated cross-sectional data (i.e., comparing millennials and Gen Xers
at the same age) (Chatterjee et al., 2018), these data lack attitudes and preferences, factors
behind different travel behaviors and mobility choices of different generations. To overcome
this limitation, we are completing a second round of data collection with a larger sample, which
includes some of the same individuals from the first survey as well as new respondents included
to refresh the panel. With the two waves collected at a two-and-a-half-year interval, we plan to
investigate the dynamic nature of multimodal travel patterns of the same individuals by
employing a latent transition model. By the time of the second survey, these individuals are
likely in a different life stage, they may have different attitudes and preferences, and the
environments in which they live may have changed, while the quality of emerging
transportation technologies and services may have substantially evolved in the meantime.
Examining the ways that these various types of changes affect the travel multimodality of these
individuals will help us better understand behavioral changes and produce practical insights for
planning and policy.

Note that our final sample does not include non-commuting millennials (and Gen Xers). Given
that non-commuters have zero commute trips by any travel mode, the latent-class cluster
analysis is likely to assign many of them to a single class, while in fact there are some variations
in mode choice (for non-commute trips) among them. Our chosen approach, taken to avoid
insufficient differentiation across latent classes, has limitations: First, we cannot generalize the
main findings of the study to non-commuters. Second, since work arrangements are changing
over time (e.g., recent increases in flexible arrangements such as zero-hour contracts and
telework (Le Vine, Polak, and Humphrey, 2017)), current commuters may behave differently
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from commuters in the previous and future years. Thus, any direct comparison between the
current group of commuters and commuters in previous (or future) years regarding their travel
behaviors requires careful approaches (note that this study does not attempt to do so because
of the cross-sectional data). However, we believe it is worthwhile for future research to
examine the extent to which millennials’ commute (and non-commute) travel patterns are
associated with their wider adoption of non-traditional work arrangements.
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Factors Associated with the Adoption of Alternative Fuel Vehicles

Promoting the use of alternative fuel vehicles (AFV) has become a long-term transportation
strategy in California, which has a broad range of social, economic, and environmental benefits.
Based on a sample of 3,463 California residents from the 2018 California Panel Survey, this
study explores the effects of socio-demographic characteristics, latent attitudes, and regional
context of electric vehicle (EV) market on consumers’ current vehicle fuel type choice and their
future interest in purchasing or leasing an AFV. One joint integrated choice and latent variable
(ICLV) model is estimated to understand the taste heterogeneity within different population
segments. The results suggest that latent attitudes towards environmentalism, technologies,
car-dependence and car-pragmatism play critical roles in individuals’ adopting new vehicle
technologies. Also, housing ownership and higher EV density has a significantly positive
influence on AFV adoption, although public EV charging stations and related policy support
have not found to be essential factors. Moreover, the study suggests that individual’s current
user experience in AFV has positive effect on their future interest in AFV. The findings offer
detailed guidance on crafting California’s transport policies based on the characteristics of
statewide socio-technical system.

The following is a short version from a paper that was peer-reviewed and presented at 100"
TRB Conference (logansen et al., 2021), and is currently in the process of peer review for a
journal publication. Please use the following citation to cite the full paper:

logansen, X., Wang, K., Bunch, D., Matson, G., Circella, G. (2020). Factors Associated with
the Adoption of Alternative Fuel Vehicles. Transportation Research Part A: Policy and
Practice (under review).
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Encouraging the adoption of alternative fuel vehicles (AFV) has emerged as a mainstream policy
interest in California to control pollutants and greenhouse gas (GHG) emissions, and more
broadly mitigate adverse environmental impacts related to the reliance on petroleum motor
fuels. From customers’ perspective, AFV reduce fuel costs and change the economy structure at
the household level (Ogden, Williams, and Larson, 2004). In this chapter, vehicles that run on
the following five alternative fuel powertrains are considered as AFV. Note that Flexible fuel
vehicles (FFVs) run on a mixture of gas and ethanol and currently have the best network of
fueling stations. They are usually considered as AFV, but given that many FFVs still dominantly
use gasoline these days, we treat them as internal combustion engine vehicles in this study.

a) Hybrid electric vehicles (HEVs) combine a gas and electric propulsion system. The
electrical generator either recharges the vehicle’s batteries or directly powers its electric
drive motors.

b) Plug-in hybrid electric vehicles (PHEVs) also have a gas and electric propulsion system
yet having larger batteries than HEVs allows the car to run on electricity alone within a
limited range, which is usually between 6 and 40 miles. HEVs and PHEVs are together
referred as gasoline hybrid vehicle.

c) Battery electric vehicles (BEVs) run solely on battery power with a longer range than
PHEV, which is commonly between 80 and 100 miles while a few models can run more
than 250 miles. PHEVs and BEVs are together referred as plug-in electric vehicles (PEVs).

d) Hydrogen fuel cell electric vehicles (FCEVs) have on-board fuel cells that run on
compressed hydrogen, with the advantage of zero tail-pipe emissions and high
efficiency.

e) Natural gas vehicles (NGVs) run on compressed or liquefied natural gas and have cleaner
emissions.

Established in January 2018, the California Zero-Emission Vehicle (ZEV) Action Plan set
ambitious targets of supporting 1.5 million ZEVs, including a mix of PHEVs, BEVs and FCEVs by
2025, on the path to 5 million by 2030. Auto manufacturers are required to offer for sale
specific numbers of the very cleanest cars available to their market (California Air Resources
Board, 2020). Up to recent, more than 0.7 million ZEVs have hit the road in California, yet this
figure will need to increase by more than sevenfold during the next decade to achieve the goal.

Policy makers and planning practitioners have advocated the usage of AFV for decades.
Understanding what factors influencing individuals’ current adoption, and usage of AFV would
help policymakers evaluate what have worked and what have not, in order to develop more
individually tailored policy interventions to encourage the market uptake. Since AFV, especially
PHEV and BEV, were introduced to the broader consumer market in 2010, there has been a
growing number of studies exploring consumers’ motivations and barriers to their adoption
(Javid and Nejat, 2017; McFadden, 1974; Rezvani, Jansson, and Bodin, 2015; Sierzchula, Bakker,
Maat, and Van Wee, 2014).
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Some studies have attempted to understand the factors that influence the adoption of AFV
relying on theoretical frameworks, such as the theory of planned behavior (Moons and De
Pelsmacker, 2012), the rational choice theory (Peters and Diitschke, 2014), the value-belief-
norm-theory (Egbue and Long, 2012), the self-image congruency theory (Schuitema, Anable,
Skippon, and Kinnear, 2013), the lifestyle theory (Axsen, TyreeHageman, and Lentz, 2012),
socio-technical transitions theory (Steinhilber, Wells, and Thankappan, 2013), and the theory of
diffusion of innovations (Lee, Hardman, and Tal, 2019). A common feature of this stream of
literature is that attitudinal factors, such as knowledge, values, beliefs, norms are usually found
to have the most direct influences on AFV adoption. For instance, the links between pro-
environmental attitudes and the intention to adopt AFV have been widely discussed (Rezvani et
al., 2015).

Other studies show that not only those current AFV users, but also many people who currently
drive gasoline vehicles express great interest in buying or leasing a vehicle that runs on
alternative fuels in the next few years (Rezvani et al., 2015; Shaheen, Martin, and Totte, 2020).
Also, the adoption of AFV can be viewed as a proxy for the potential market penetration of
more advanced technology-enabled transportation options, such as autonomous EV (Webb,
Wilson, and Kularatne, 2019). It is likely that technology enthusiasts tend to be the early
adopters of emerging transportation options (Alemi, Circella, Handy, and Mokhtarian, 2018;
Egbue and Long, 2012). Studying the correlates between current and future fuel type choice
can provide useful insights into the possible future of new vehicle technologies. Therefore, we
believe a joint analysis between consumers’ current and potential future behavior is of great
interest.

By investigating empirical user data that includes 3,483 residents from California, the goal of
this part of the research is two-fold. The first is to explore the factors that affect consumers’
current vehicle fuel type choice and interest in purchasing or leasing an AFV in the future,
respectively. We hypothesize that some factors may have common effects on both individuals’
current cho