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ABSTRACT OF THE DISSERTATION

Analysis of Complex Travel Behavior: A Tour-based Approach
By
Rezwana Rafiq
Doctor of Philosophy in Transportation Science
University of California, Irvine, 2019

Professor Michael G. McNally, Chair

Complex travel behavior places travel in a broader context than in the conventional trip-based
approach. The activity-based approach provides an analysis framework that positions travel
decisions as dependent on a collection of activities that form an agenda for participation and,
therefore, cannot be properly analyzed on individual trip basis. The basic units of analysis for
activity-based approaches are fours, which can be defined as sequences of trips and activities that
begin and end at the same location. In this dissertation, I apply a tour-based approach to analyze
complex travel behavior from three perspectives: sustainability, technology, and economics.
First, I examine the complex travel behavior of workers, who utilize a sustainable
transport option, namely public transit. I identify dominant patterns of work tours and analyze
factors affecting tour choice using Structural Equation Modeling (SEM). The results obtained by
using the 2017 National Household Travel Survey dataset suggest that 80 percent of work tours
consist of seven dominant tours and that tour choice is influenced by a set of socio-demographic,
built environment, and activity-travel characteristics. Second, the complex travel behavior of
people who use technology-enabled ride-hailing services, such as Uber/Lyft, is explored. In

particular, I identify heterogeneous groups of ride-hailing users by using Latent Class Analysis,

Xvil



analyze the activity-travel patterns of each of these groups, and discuss the ramifications of that
behavior to policy directives.

Lastly, I explore the travel behavior of workers, again in terms of tours, when they are
exposed to an economic downturn, the 2007-2009 recession. I apply multi-group SEM to analyze
changes in tour choice during the recession (2009) compared to pre- (2006) and post-recession
(2012) years. Using American Time Use Survey data, this study shows that activity-travel
relationships and their role in tour choices differed significantly in the recession year. The results
of this study provide insights into potential changes in worker’s travel demand during a
recession, which would contribute to building better pattern choice sets in tour-based models.

The common thread throughout this dissertation is the development of a framework for
analyzing complex travel behavior under disruptive changes due to environment, technology,

and economics forces.
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CHAPTER 1: Introduction

Complex travel behavior places travel in a broader context than in the conventional single-trip
based approach. Such travel behavior can be analyzed by using an activity-based approach. The
core concept of this approach is that travel demand is a derived demand. More specifically, travel
decisions are driven by a collection of activities that form an agenda for participation and,
therefore, it cannot be properly analyzed on individual trip basis. The process of assembling a
travel-activity pattern (whether in pre-travel planning or in real time) and the choice attributes of
each component can only be understood within the context of the entire agenda. The basic unit of
activity-based approach is fours, which can be defined as a sequence of trips and activities that
begins and ends at the same location. In this dissertation, I analyze complex travel behavior of
people by using a tour-based approach.

The fundamental difference between the activity- or tour-based approach and the trip-
based approach is that the latter considers travel as a collection of unlinked or independent #rips
ignoring the interrelationships among the choice of time, destination, and mode of different trips.
In contrast, the tour-based representation can capture the interdependency and consistency
among various temporal, spatial, and modal attributes of trips within a particular tour and can
provide an understanding of how people allocate their time to pursue different activities and
travel subject to time constraints over the whole day. Moreover, a tour-based approach facilitates
the prediction of individual-level responses towards the changes in various travel demand
management policies, such as congestion pricing, alternative work schedule. Such kind of
individual-level prediction is not possible in the trip-based approach since the demand models
under this approach are developed at an aggregate level. Again, trip-based models can

accommodate a limited set of socio-demographic variables and capture the effects at household



or traffic analysis zones (TAZ)-level whereas tour-based models can accommodate a wide range
of socio-demographic characteristics and predict the effects at individual-level who actually
make the activity-travel decisions. Therefore, activity-based models are better equipped in
forecasting both short-term and long-term changes in travel demand in response to the changes in
the socio-demographic composition and the travel environment.

In this dissertation, I apply a tour-based approach to analyze complex travel behavior of
people from three relevant perspectives, namely sustainability, technology, and economics. First,
I examine the complex travel behavior of workers who utilize a sustainable transport option,
namely public transit. The complexity of travel behavior has changed over time and is often
manifested by an increasing tendency to chain trips for different purposes. Private vehicles often
offer greater flexibility of travel, which tends to increase the demand for private vehicle
ownership and usage. This rising use of private vehicles has some negative implications, such as
congestion, air pollution, and energy consumption while public transit is considered a sustainable
transport mode to effectively mitigate these adverse consequences. To make public transit
ridership more attractive and consequently to reduce the use of private vehicles, it is imperative
to identify the existing tour patterns of transit commuters.

I, therefore, identify the dominant patterns of work tours made by transit commuters and
analyze the attributes of these tours using a set of activity-travel analytics. I also characterize the
transit commuters based on their work tour choice and analyze the factors that determine the
choice of work tours. The structural relationship among the different factors affecting the tour
choice is modeled using SEM and the effects are analyzed based on the 2017 National
Household Travel Survey (NHTS) dataset. The results of this study can provide better insights

on identifying the transit commuters who have complex travel needs and can explain how they



meet their needs while utilizing transit in their work tours. It can help transit authorities to find
out the potential target market who have complex travel needs and to formulate better land use
and transit operating policies to foster higher usage of this sustainable transportation option.

Second, from technology perspective, I analyze the complex travel behavior of people
who use technology-enabled ride-hailing services (e.g. Uber/Lyft). Here, travel behavior is
analyzed in two distinct but related aspects: tours and patterns. Tours represent the dominant
sequence of activities and trips whereas patterns are used to capture the grouping or clustering of
ride-hailing users based on their travel behavior indicators. The user clusters are identified by
using Latent Class Analysis (LCA). This analysis is conducted based on the 2017 NHTS dataset.
The results of this study can help ride-hailing operators to find out and address the travel needs
of various heterogeneous groups of potential market users who will show different responses to
policy directives.

Lastly, I explore the travel behavior of people, again in terms of tours, when they are
exposed to an economic downturn, i.e. specifically the most recent 2007-2009 recession. In
particular, I investigate whether a worker changed his/her tour pattern during the recession. I
apply multi-group Structural Equation Modeling (SEM) on the American Time Use Survey
(ATUS) data to analyze changes in tour choice during the recession (2009) compared to pre- and
post-recession years (2006 and 2012 respectively). The results of this study provide valuable
insights on possible changes in worker’s travel demand during an economic downturn, which
would contribute to building better pattern choice sets in tour-based models.

The common thread throughout this dissertation is the development of a framework for
analyzing complex travel behavior under disruptive changes due to environment, technology,

and economics forces.



This dissertation is organized in the following way. The next two chapters contain the
observations on the work tours of transit commuters. Chapter 2 describes the dominant work
tours and detail analysis of each of these tours and Chapter 3 summarizes the factors that govern
the choice of a particular type of work tour. Chapter 4 outlines the activity-travel patterns (tours)
of ride-hailing users. Chapter 5 describes the changes in tour choice behavior of workers when
they are exposed to changes in the economy. Finally, conclusions, limitations, and future

research directions are provided in Chapter 6.



CHAPTER 2: Tour Formation of Public Transit Commuters

2.1 Introduction

The complexity of travel behavior has changed over time as travelers respond to different
activity demands and to the changing supply environment, measured by congestion, cost, and
emerging technologies. Complexity in travel behavior is often manifested by an increasing
tendency to chain trips for different purposes for increased efficiency in time management.
Travelers seek more flexible travel modes to complete their complex travel demand. Private
vehicles often offer greater flexibility of travel, which tends to increase demand for private
vehicle ownership and usage. This rising use of private vehicles has some negative implications,
such as congestion, air pollution, and energy consumption while public transit is considered as a
sustainable transport mode to effectively mitigate these adverse consequences (Federal Highway
Administration, 2002). However, with operations on fixed routes and fixed schedules, public
transit offers lower accessibility and mobility services than private vehicles. The question of
interest is to what extent can public transit accommodate complex travel needs, particularly in
chaining non-work activities before, during, or after work activities.

I analyze the complex travel behavior of workers who utilize public transit in some
portion of their work commute. The activity-based approach is a paradigm that considers the full
complexity of travel behavior to better understand and thus improve travel forecasting models
(Chung et al., 2004; Doherty et al., 2002). The core concept of the paradigm is that travel
demand is a derived demand, which implies that the demand for travel is created to participate in
out-of-home activities. The basic units of analysis of this approach are individual and household

travel-activity patterns that explicitly incorporate the revealed patterns of activities and travel



over a specified time period (often a single day) (McNally and Rindt, 2008). Each pattern
reflects the range of attributes defining daily activities and trips, including the type, location,
mode, timing and duration, and sequence of all travel and activities (Ren and Kwan, 2009).

A fundamental difference between the activity-based approach and the conventional trip-
based approach is that the latter considers travel as a collection of unlinked or independent trips
ignoring the interrelationships among the choice of time, destination, and mode of different trips
(Pinjari and Bhat, 2011). But travel decisions are driven by a collection of activities that form an
agenda for participation and, therefore, it cannot be properly analyzed on individual trip basis.
The process of assembling a travel-activity pattern (whether in pre-travel planning or in real
time) and the choice attributes of each component can only be understood within the context of
the entire agenda (McNally and Rindt, 2008). The activity-based approach addresses these issues
by using full patterns (in theory) or tours (in practice) as a basic unit of analysis, with a tour
being defined as a sequence of trips and activities that begins and ends at the same location. If'a
tour contains at least one work activity location, it is called work tour. The tour-based
representation can capture the interdependency and consistency among various temporal, spatial,
and modal attributes of trips within a particular tour (Pinjari and Bhat, 2011) and can provide an
understanding of how people allocate their time to pursue different activities and travel subject to
time constraints (24 hours a day) over the whole day.

In this study, I conduct an empirical analysis of work tours of individuals who utilize
public transit within their work tours. I refer to these travelers as public transit commuters. A
number of dominant patterns of work tours made by transit commuters are identified and
analyzed in detail using a set of activity-travel analytics, such as temporal distribution of trips,

activity purposes and duration, modal distribution, modal sequence, and frequency of transit with



other modes. This empirical analysis can lead to a better understanding of how non-work
activities and trips are linked to work trips, to evaluate current transit services and to adjust the
travel needs of users accordingly, and to realize how transit commuters can modify their activity-

travel pattern under various policy constraints.

2.2 Literature Review

The increasing complexity of modern life can lead to increased time poverty, which in turn can
increase the tendency of travelers exploring opportunities to chain non-work activity purposes
within a work tour to reduce travel and time costs and to gain efficiency in activity participation
(McGuckin et al., 2005; Hensher and Reyes, 2000; Levinson and Kumar, 1995; Bianco and
Lawson, 1996). However, increasing the number of complex work tours can also increases the
reliance on more flexible travel modes (Hensher and Reyes, 2000), such as private vehicles that
can allow much flexibility and convenience to the commuters to schedule either planned or spur
of the moment non-work activities within the work tour under spatial and temporal constraints
(Lee and McNally, 2003). Hensher and Reyes (2000) found in Sydney, Australia that the
likelihood of public transit usage decreases with the change of a tour from simple to complex. In
addition, the authors identified different household level socio-economic and demographic
factors that influence the utility of a simple or complex tour (work or non-work) yielded from
either car or public transit. Similar results were found by Wallace et al. (2000) who claimed that
tours made by public transit are less complex than the tours taken by cars. Krygsman et al.
(2007) investigated the causal relationships between travel mode choice (car or public transit)
and the insertion of intermediate activities before, in between, or after a work activity within a

work tour in Netherlands. The authors concluded that the inclusion of an intermediate stop for



non-work activity before or after work tends to decrease public transit utility and increase car
utility. They also found that in a majority of home-based work tours, activity decisions are made
before making a decision on mode of travel. This claim is supported by Ye et al. (2007), who
found that for both work and non-work tours, tour complexity drives the choice of mode rather
than the mode determining the inclusion of additional activity stops within the tour. This implies
that with the increasing demand to make complex tours, travelers will seek more flexible modes
and, hence, public transit ridership could suffer as travelers find it difficult to connect multiple
stops within a tour by transit.

In contrast, several prior studies found different relationships between tour behavior and
public transit usage. Currie and Delbosc (2011) explored the tour behavior of public transit users
in Melbourne, Australia. Based on univariate analyses, the authors suggested that for non-work
tours, public transit chains are found to be more complex than those undertaken by car. However,
the opposite relationship was found for work tours. They explained that the higher complexity of
trip chains in public transit based non-work tours might be caused by the availability of a wide
range of services and activities concentrated around the city center that can be easily accessed by
public transit. Primerano et al. (2008) found that in Adelaide, Australia all forms of mass public
transport tours involved higher numbers of activities compared to private car-based tours. The
authors argued against the hypothesis of Hensher and Rayes (2000) that public transit is not
flexible for complex trip chaining. They instead suggested that the nature of complex trip
chaining behavior of public transit users is different rather than inflexible. With public transit,
travelers can access a destination comprising a mix of land uses in close proximity to one another
whereas travelers using a private car can access activities located at multiple destinations that are

not necessarily in close proximity to each other. This statement is reinforced by Ho and Mulley



(2013). Based on Sydney household travel survey data, the authors showed that public transit
tours increased with an increase in the number of activities located in close proximity to one
another (yielding a multiple purpose single destination tour). These results suggest that chaining
multiple activities in tours does not necessarily hinder public transit usage but an unfavorable
spatial distribution of activity locations might do so.

In summary, previous studies addressed the interrelationships between the complexity of
activities and the utility of different mode usage with a primary focus on private vehicle and
public transit. In contrast, this work aims to analyze the complexity of work tours that
incorporate public transit on at least one leg of the tour and, in particular, how and when public
transit users incorporate different non-work activity demands within their work tours,
constrained by work time commitments, transit fixed route, fixed schedules, waiting time,
transfer time, and access/egress issues. To the best knowledge, this study is the first to analyze

the full work tours with transit usage in different parts of the chain.

2.3 Definitions and Classification of Tours

A tour is a sequence of trips that starts and ends at the same location and contains one or more
activities performed at single or multiple destinations (Strathman and Dueker, 1995; Ho and
Mulley, 2013). If the starting and ending location in question is home, the tour is deemed a
home-based tour. Since this study involves working individuals, I only consider home-based
tours that contain at least one work location outside home. These are called home-based work
tours. A home-based work tour is called a simple work tour if it contains exactly one work
activity but no non-work activity within it. That means, a home-based simple work tour has this

sequence of activities Home-Work-Home, separated by two trips in between.



On the other hand, a home-based work tour may contain non-work activity with work in
the same tour. These tours are called work-nonwork mixed tours. In this study, these mixed tours
are divided into two categories: complex work tours and complex tours with work-based sub
tour. Complex work tours contain non-work locations other than work accessed on the way to or
from work. Non-work activities are called 'way to work' non-work activities when performed
after leaving home and before arriving at work. Similarly, 'way to home' non-work activities are
those activities that are performed on the way to home from the workplace.

Work-based tours involve visiting non-work locations 'during work' (such as during a
lunch break). When a home-based tour is combined with a work-based tour, it is referred to as
complex tour with work-based sub-tour. Both simple and complex work tours have exactly one
circuit whereas complex tours with work-based tour have two or more circuits, i.e. one circuit
between home and work, and (minimum) one circuit with work as a base. Note that, the work-
based tour is classified as a distinct one as it shows unique socio-demographic and transport
properties compared to the second work tour category (non-work on the way to or from work)
(Krygsman et al., 2007).

Figure 2.1 shows the general construct of these three types of tours. The difference in
tour type emanates from the degree to which non-work activities are mixed with work. For
instance, simple work tours do not involve any non-work at all, complex work tours involve non-
work stops on the way to work and/or on the way to home, and work-based tours can have non-
work stops in any or all of these three ways. To represent the different types of tours, a graphical
model is produced where activity locations are vertices as H (home), N(non-work) and W (work)
depending on where the activity is performed and an arrow between two vertices denotes a trip

between the corresponding locations.
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Simple work tour Complex work tour Complex tour with work-based sub-tour
N": zero or any number of non-work
N*: one or more non-work
W*: one or more work
Shaded portion can repeat
Figure 2.1 General construct of home-based work tours
A tour type is a generic representation of performing work and non-work activities and
can be realized in many possible ways. Any specific realization of a tour of a certain type is
called a four pattern or simply a pattern. For example, H-W-H is a pattern of realizing a home-
based simple tour (which happen to be the only pattern for this particular type) and H-N-W-H
and H-W-N-N-H are sample patterns of home-based complex tours that involve one non-work
on the way to work and two non-work activities on the way to home. As a mean of representing
patterns of any kind, I denote each pattern as a 3-tuple (a, b, c) where the three whole numbers
(including zero) indicate the number of non-work activities involve on the way to work, on the
way to home, and from work and back to work respectively. Hence, the three patterns mentioned

can be denoted as (0, 0, 0), (1, 0, 0) and (0, 2, 0) respectively. These notations are used when the

most dominant tour patterns are identified from data for the study group.

2.4 Data and Sample

This study analyzes data from the 2017 National Household Travel Survey (NHTS). NHTS is the

source of information about travel by US residents in all 50 states and the District of Columbia.
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The data includes trips made by all modes of travel (private vehicle, public transport, pedestrian,
biking, etc.) and for all purposes (work, school, shopping, recreation, etc.). The NHTS data base
contains four datasets or tables: households, persons, trips, and vehicles. The household table
contains socio-economic and location characteristics of surveyed households and the person
table contains information about the demographic characteristics of all individuals living in those
households. The trip data table lists all trips made within a 24-hour period by each household
member aged 5 or older as well as trip-related attributes, and the vehicle data table contains
information about vehicles available for use by households. The NHTS dataset contains 129,696
households consisting of 264,234 persons who took a total of 923,572 trips. Among them, 23.40
percent individuals (a total of 61,842) made at least one home-based work tour.

For the analysis, home-based work tours (HBW) are identified by individuals who are at
least 18 years old, perform at least one work activity, and used public transit in at least one trip

segment'. A choice of travel mode is treated as 'public transit' if it is any of the following: public

or commute bus, city-to-city bus (greyhound, Mega bus, etc.), Amtrak/commuter rail, and
subway/elevated/light rail/street car. This generates a sample of 2,448 individuals. Home-based
transit work tours are formed by linking person trip sequences that start and end at home and
contain at least one work activity. The result was a total of 2,454 home-based work tours (2.68
percent of total 91,635 work tours in the dataset).

Note that although change of transportation is recorded as an activity purpose in the
survey data, it is not considered as an activity in the analysis. Because 'mode change' is a part of
the whole trip to access a particular activity site and the inclusion of this type as a separate non-

work activity may artificially increases the complex nature of public transit tours (Noland ef al.,

! When a trip involves change of modes, each mode defines a trip segment.
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2008; Ho and Mulley, 2013).

Table 2.1 Descriptive statistics of transit commuters

Variables Mean Std. dev.
Total respondents 2,448
Household characteristics
Household size 2.42 1.26
Number of household vehicles
Number of vehicles = 0 0.23 0.42
Number of vehicles = 1 0.35 0.48
Number of vehicles > 1 0.42 0.49
Monthly household income (USD)
Low income (less than $35K) 0.21 0.40
Middle income ($35K to $100K) 0.35 0.48
High income ($100K or more) 0.44 0.50
Home ownership (Own = 1, Others = 0) 0.54 0.50
Presence of child aged 0-17 (Yes =1, No =0) 0.16 0.37
Number of adults 2.03 0.87
At least one vehicle per worker (Yes =1, No =0) 0.56 0.50
At least one vehicle per licensed driver (Yes =1, No =0) 0.57 0.50
Personal characteristics
Age groups (Millennials: 18-38 yrs. = 1, Others = 0) 0.43 0.50
Gender (Male =1, Female = 0) 0.51 0.50
Type of employment (Full time=1, Part time=0) 0.84 0.37
Flexibility in work arrival time (Yes=1, No=0) 0.53 0.50
Multiple job status (Yes=1, No=0) 0.08 0.28
S%c)upanon (Professional, managerial or technical = 1, Others 062 0.48
Educational attainment (at least have some college degree = 1,
_ 0.87 0.34
Others = 0)
Ethnicity status (Hispanic=1, Others=0) 0.11 0.31
Race (Caucasian = 1, Others = 0) 0.66 0.47
Immigration status (Yes=1, No=0) 0.23 0.42
Employment status of spouse or partner
Has employed spouse or partner 0.48 0.50
Has non-employed spouse or partner 0.12 0.32
No spouse or partner 0.40 0.49
Captive rider: no vehicle or no driving license or give up 034 0.47
driving for medical condition (Yes=1, No=0) ) )
Location characteristics
Population density (persons per sq. mile) in census block
group
Low density (0-2000) 0.18 0.38
Medium density (2000-10000) 0.41 0.49
High density (>10000) 0.41 0.49
MSA rail status (Have rail = 1, Does not have rail or household 059 0.49
not in MSA = 0) ' '
Distance from home to workplace (mile) 21.89 110.05
Proximity to transit station
Trip time to transit station (min.) 9.72 8.79
Trip time from transit station (min.) 12.52 14.63

13



Table 2.1 summarizes the household, personal, and location characteristics of the selected
transit commuters. Note that the definition of transit commuter implies that a transit mode was
used in at least one trip segment of the overall home-based tour. In terms of household
characteristics, transit commuters have on average two persons per household, 76 percent have a
car available (42 percent have more than one) and 44 percent belong to a higher income group
(annual income exceeds $100K USD). Majority of them are car sufficient households (57 percent
have at least one vehicle per licensed driver). Few of these households have children aged less
than or equal to 17 years (16 percent). Regarding personal characteristics, the age distribution of
transit commuters is almost similar for millennials (18-38 years) and non-millennials (above 38
years). Interestingly, males and females are an equal share among transit commuters. While most
transit commuters are Caucasians (66 percent), have full-time work (84 percent), have flexibility
in work arrival time (53 percent) and live in metropolitan areas that have rail connections (59
percent), rather few of them are Hispanic (11 percent), immigrant (23 percent) or have multiple

jobs (8 percent).

2.5 Extracting Tour Attributes from Data

For each sampled traveler, I extract and code trips using the symbols W (work), N (non-work)
and H (home) based on where the trip destination’s activity (except the first trip of the tour
which is also defined for trip origin). The trips are placed in order of their departure times. Any
two consecutive trips are separated in time by the duration of the activity performed between the
trips. This generates individual tours as a sequence of trips denoted by a string triad (H, W, N).
This representation is referred to as a four string. An example tour string may look like this

HNNWNNH, which indicates that, the individual left home and performed two non-work
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activities back to back and then went to work. After work, the individual made two more non-
work activities and then returned home. Since I consider home-based work tours, I take those
tours that start and end with home (H) and contain at least one work (W) in them. Note that a

person can have one or more work tours which is reflected as two separate tours.

2.6 Identification of Dominant Work Tours

After extracting tour attributes from the data, I identify which work tour patterns appear most
frequently. To ensure sufficient sample observations (at least 50) in each of these patterns, the
seven most dominant patterns of tours are selected that represent 80 percent of the total work
tours. While 80 percent of all home-based work tours can be classified into seven representative
patterns; the remaining 20 percent of these tours are labeled as "other" and can be classified as
either complex or home with work-based tours.

Simple @

(0,0,0) Pattern 1 (N=1196_ 49%)
(0, 0, 0)

(*, *’ O) Pattern 2a (N= 262, 11%) Pattern 2b (N= 118, 5%) Pattern 2c (N= 64, 3%) Pattern 2d (N= 52, 2%)

0.1, 0) (1.0.0) (0.2, 0) (1.1, 0}
Work-based C{ﬁ C@
(* * +) Pattern 3a (N= 196, 8%) Patiern 3b (N= 61, 3%)
>0 (0.0, 1) (G, 1 1)

Figure 2.2 Seven dominant patterns of work tours: (1) simple work tour, (2a, 2b, 2¢, 2d)
complex work tour and (3a, 3b) complex tour with work-based sub-tour
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Figure 2.3 Fraction of different work tours

Figure 2.2 and 3.3 display the identified seven patterns. The simple work tour is deemed
pattern 1. Those patterns that represents complex work tours are deemed pattern 2, with four
sub-categories deemed as patterns 2a, 2b, 2¢, and 2d based on the order of non-work activities.
Last, complex tours with work-based sub-tour are deemed as pattern 3, with two sub-categories
patterns (patterns 3a and 3b). I have also identified a complex tour pattern that consists of 70
observations (2.8 percent of total work tours). This pattern includes two work but no non-work
activities. This pattern is not considered among the seven dominant patterns because NHTS data
do not provide location data so it is not possible to identify the precise nature of these work
activities. Therefore, these tours are considered in the analysis of the “other” category.

Figure 2.3 shows the fraction of tours for each of the three primary pattern types. A
higher fraction of tours represents simple tours (49 percent). Complex work tours constitute the
next most frequent group (32 percent) with sub-category pattern 2a (33 percent) and pattern 2b

(15 percent) the two most frequent. This suggests that travelers who perform non-work activities
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as part of a work tour tend to do so primarily on the way home from work (Rafiq and McNally,
2018). Among all pattern types, complex tours with work-based sub-tour comprise 19 percent of
all HBW tours, with patterns 3a and 3b constituting 43 percent and 13 percent of these tours,

respectively.

2.7 Properties of Dominant Work Tours

Including a non-work stop within a work tour depends on individual activity demand (timing and
duration) as well as availability of travel modes to access the activity location. Compared to
more flexible travel modes, public transit usually offers less accessibility since it typically
operates on a fixed route and with a fixed and often limited schedule. When a transit user makes
a non-work stop within their work tour, it raises several questions:

1. Which travelers make non-work stops within their work tour?

2. When do different activity demands occur within a work tour?

3. What are the most frequent non-work activities performed by time of day?

4. How much time is spent on each of the non-work activity purposes? and

5. What modes do travelers use to access activity locations? In particular, when and where

does transit tend to be utilized?

This section provides an empirical analysis of the socio-demographic and activity-travel
characteristics of travelers completing each of the identified representative patterns. A set of five
different activity-travel characteristics, each focusing a different aspect of activity-travel
behavioral issues, are presented that address the above questions related to trips (starting time,
mode, purpose) and activities (activity type, duration) involved in each pattern of tours. Note

that, although each tour pattern involves a different number of trips and activities (work and non-
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work), the analytical means and the associated infographics used remain common to all such tour
patterns. The outlines of all six social-demographics and activity-travel characteristics for each
of the three tour patterns are shown in Table 2.2.

Table 2.2 Six dimensions of complex travel behavior considered

Socio-demographic Personal (e.g. gender, age) and household-level (e.g.,

characteristics income, vehicle ownership) information of travelers who
make tours of a certain type and their dominant socio-
demographic traits

Temporal distribution of  An illustration of when travelers are making trips for

trips which purposes (e.g., work, non-work, return home)
throughout the whole day.

Non-work activity Distribution of activity purposes and the amount of time

purpose and duration spent in those activities for each non-work activity in a
tour, if any.

Modal distribution Distribution of transport modes for each trip involved in a

tour and their durations, as well as an illustration of when
those trips are started, for what purpose and by which
mode.

Modal sequence The sequence of modes used in a tour, that is, an ordered
list of modes for all trips made in a tour.

Frequency of transit with ~ An analysis showing which other modes are combined

other modes with transit in work tours of a certain type.

2.7.1 Simple Work Tour

A total of seven dominant types of work tours were identified and categorized under three broad

pattern types: simple work tours (pattern 1), complex work tours (pattern group 2), and complex
tours with work-based sub-tour (pattern group 3). This section discusses the socio-demographic

and travel characteristics of travelers making simple work tours.
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2.7.1.1 Socio-demographic characteristics

The distribution of socio-demographic characteristics of travelers who make simple work tours is
shown in the spider plot in Figure 2.4. The prevailing socio-demographic characteristics under
this category of tours are married male with higher income. They typically belong to households
that have at least two workers and no children (aged between 6 and 17) and that have more than
one vehicle (the individuals being the primary driver of one of those vehicles). The individuals

reportedly have less flexibility regarding work arrival time.
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Figure 2.4 Socio-demographic characteristics of travelers in simple work tours

2.7.1.2 Temporal distribution of trips

The temporal distribution of activities or ‘time in motion’ of travelers of Pattern 1 is displayed in
Figure 2.5. The figure shows the fraction of travelers who reported to be in a trip for work, non-
work, and return to home purposes at a given time in a total 24-hours period. Note that the figure
covers all trips made in an entire day, not only the work tour trips. For simple work tours, non-
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work activities are not part of the work tour but could be part of home-based non-work tours
performed either before or after the work tour (only home-based work tours are analyzed in this
study). For simple work tour makers, such non-work purposes can be seen in the later PM peak

(3pm—7pm) and evening period.
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Figure 2.5 Time in Motion for three activity purposes in simple work tours

2.7.1.3 Modal distributions

Each simple work tour has two trips: home to work and from work to return home. Table 2.3
shows the distribution of tours by modes for each of the trips in simple work tours. The table also
shows the mean travel time for the associated mode. Note that, single or multiple modes can be
used in a trip. If multiple modes are used, only the primary mode is reported in the table. The
mode that took the longest travel time is considered as the primary mode. It is observed that
public transit is predominantly used in both legs in most simple work tours (in about 90 percent
of tours) with a mean travel duration of 63 minutes and 69 minutes for home to work and return
to home trip respectively. A very small fraction of tours has their both trips made by private

vehicles (~5 percent) or on foot (~1 percent).
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Table 2.3 Percentage of tours and average duration for trip modes
in simple work tours

H-W-H (n= 1196)

Fraction of tours Mean travel duration (min.)

H-W W-H H-W W-H
Single mode 97.6 97.1
Multiple modes 24 29
Primary mode *
Public transit 92.9 88.7 62.8 68.6
Walk 0.3 1.3 37.3 32.1
Private vehicle 53 7.9 16.4 245
Ride-hailing 0.7 1.3 34.0 29.1
Other 0.9 0.8 46.5 48.7

Notes: Home-based work tours are identified by individuals who used public transit in at least one
trip segment. * if multiple modes are used in a trip, only the primary mode is reported.

Now it is understood that which trips are made by which modes, it will be interesting to
know when those trips are started and how they span a 24-hour day. Figure 2.6 shows such a plot
where each trip is represented by a dot and the x-axis shows the time of day when the associated
trip started (trip departure time) and the y-axis shows which mode is used (depending on the
mode is used, each trip/dot is placed in the corresponding y-axis band). Furthermore, dots are
color coded based on the purpose which the trip is made for (red for work, green for nonwork
and blue to returning home). For the sake of better illustration, the horizontal axis, i.e., the time
of day, is again segmented into four conventional travel periods: AM peak (6 am to 9 am),
Midday (9 am to 3 pm), PM peak (3 pm to 7 pm), and Evening (after 7 pm). From Figure 2.6, it
is noticed that for simple work tours, transit demand is higher in both the AM and PM peak
periods. Transit departure times tend to be earlier than for other modes (at least for travelers who

use transit for at least one trip on a work tour).
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Figure 2.6 Modal distributions by three activity purposes in simple work tours

2.7.1.4 Modal sequence by tour

While the preceding discussion focused on mode use for each trip independently, I now consider
mode usage as a sequence within a tour to illustrate how transit commuters connect modes in

their work tours. For this, I represent the modes chosen in all trips in a sequence diagram like the

one shown in Figure 2.7.

Qn_s.}@ Car Transit

Most frequent sequence Second-most frequent Third-most frequent
(80% tours) sequence (5% tours) sequence (1% tours)

H-W-H (n= 1196)

Figure 2.7 Frequent modal sequences in simple work tours
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Instead of showing all sequences that may exist for tours of a certain pattern (which may be
fairly large for tours involving multiple trips), I count how many times a given modal sequence
appears and report only the top three frequent sequences.

The top three frequent modal sequences for simple work tours are (transit, transit),
(transit, car), and (car, transit) that constitute about 80 percent, 5 percent, and 1 percent of tours
respectively, as shown in Figure 2.7. That means, in about 80 percent of home-based simple
tours, transit is used for both the work-bound and home-bound trips, nearly 5 percent tours
involve transit in the first trip and private vehicle in the return leg, and about 1 percent tours
involve the reverse mode choice. In the latter two modal sequences, travelers reported being the
passenger in the car, which denotes the pick-up or drop off by family members or friends. On
average travel by transit takes about 63 minutes to work in the morning peak period and about 67
minutes to return home in the evening peak period, as compared to 16 minutes and 25 minutes by

private vehicle, respectively (cf. Table 2.2).

2.7.1.5 Frequency of transit with other modes

Next, I examine the frequency of transit use with other travel modes in an aggregate level. I
produce a pie chart to report this. Figure 2.8 shows such a pie chart for simple work tours. Each
sampled respondent used transit for at least one trip segment within the work tour, but transit was
used in combination with walk (PT&WK), private vehicle (PT&PV), other modes except walk
and private vehicle (PT&Others), or any two or more combinations of modes. Figure 2.8 shows
that the share of transit only tours (PT only) is the largest (83 percent) for simple work tours. It
will be interesting to observe how this fraction varies for complex tours, which is discussed in

later sections.
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Figure 2.8 Frequency of transit with other modes in simple work tours

2.7.2 Complex Work Tours
This section represents the properties of the second category of tour (pattern group 2), that is
complex work tour. Note again, four dominant patterns (2a, 2b, 2¢, and 2d) are identified under

this work tour category.

2.7.2.1 Socio-demographic characteristics

Figure 2.9 depicts the distribution of socio-demographic characteristics for pattern group 2, in
reference to pattern 1. In contrast to simple work tour makers, travelers who make complex work
tours are typically females with medium or high income (see Figure 2.4). They report more than
two members in their household, are typically the only worker in the household, and have
flexibility in their work arrival time. Their households tend to have at least one vehicle but the
traveler is not considered the primary driver of that vehicle. They report to have more children

between 6 and 17 years of age in their household compared to simple tour makers. A higher
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percentage of this group of travelers belong to the non-millennial group (age > 38 years), and a

lower percentage report being married.
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Figure 2.9 Socio-demographic characteristics of travelers in complex work tours

2.7.2.2 Temporal distribution of trips

The time in motion plots for complex work tour makers are shown in Figure 2.10. Conventional
patterns defined by individual activity starting times is identifiable in the first few figures but the
distributions for more complex tours clearly illustrate the chaining effects before, or after work
activity. The earlier initial departure time from home by travelers who make non-work activities
before the work activity (Patterns 2b and 2d) is observed in Figure 2.10. Interestingly, complex
tours with one non-work stop on their return home (Pattern 2a) have a bimodal distribution of
return home times, peaking around 6 pm and 8 pm. This suggests that some travelers also have a

home-based non-work tour that is performed after the work tour.
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Figure 2.10 Time in Motion for three activity purposes in complex work tours

2.7.2.3 Non-work activity type and duration

A complex work tour may involve multiple trips and one or more non-work activities. To

analyze complex tours in depth, I examine the mode and travel duration for each trip of a tour as

well as the purposes and their durations for each non-work activities within the tour. Table 2.4

and Table 2.5 show such results for four identified patterns under pattern group 2. The tables

help us understand how the distribution of modes and their durations differ (or remain similar, if

so) across different trips in a certain tour pattern. Similarly, for non-work activities, they show
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how non-work activity purposes and the amount of time spent on them differ across the different
tour patterns, particularly when non-work activities align themselves with respect to work
(before or after or both). In this subsection, I focus on attributes of non-work activities and defer
the discussion on modes in the next subsection.

Table 2.4 Percentage of tours for trip modes and non-work activities
in complex work tours

2a. H-W-N-H 2b. H-N-W-H 2c. H-W-N-N-H 2d. H-N-W-N-H
N =262 N=118 N =64 N =52

HW W-N NH| HN NW WH|HW WN NN NH| HN N-W  W-N N-H
Single mode 973 962 981|992 932 975 | 100 980 100 96.9 | 98.1 96.2 98.1 96.2
Multiple modes 27 38 19| 08 68 25| 00 16 00 31 1.9 38 1.9 38
Primary mode®
Public transit 897 648 352|458 576 729 | 859 547 234 266 | 385 615 76.9 231
Walk 34 161 207|237 288 68| 31 156 234 188 | 269 288 135 327
Private vehicle 46 161 391 | 297 127 127 | 63 188 484 516 | 308 717 38.5
Ride-hailing 1.5 15 42| 00 00 59| 31 6.3 31 3.1 1.9 00 00 1.9
Other 0.8 15 08| 08 08 1.7 16 47 16 00| 19 1.9 1.9 38
Non-work activity
School/Daycare/Religious 4.6 10.2 6.3 47 9.6 5.8
Medical/Dental 5.0 25 47 16 38 1.9
Shopping/Errands 39.5 18.6 344 422 7.7 28.8
Social/Recreational 14.9 5.1 125 1441 1.9 13.5
Pick up/drop off 7.7 24.6 125 47 38.5 32.7
Buying Meals 16.5 26.3 188 26.6 28.8 7.7
Others 11.9 12.7 109 6.3 9.6 9.6

Notes: Home-based work tours are identified by individuals who used public transit in at least one trip segment. " if multiple
modes are used in a trip, only the primary mode is reported.

For travelers who perform two non-work activities on the return home (pattern 2c), most
report a shopping activity as the first non-work stop (on about 34 percent of tours), with the next
most frequent non-work task being buying meals (on about 19 percent of tours). The same two
non-work activity purposes dominate in their second non-work stop. With respect to activity
duration, travelers spend on average about 26 to 48 minutes for shopping and about 57 to 72
minutes for buying meals (substantially greater than meals prior to work). This difference is
likely due to both greater flexibility after work and the cultural nature of meals by time of day

(with after work meals often involving family or friends).
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Table 2.5 Average duration (minutes) for trip modes and non-work activities
in complex work tours

2a. H-W-N-H 2b. H-N-W-H 2c. H-W-N-N-H 2d. H-N-W-N-H

Primary mode N =262 N=118 N =64 N =52

HW  W-N NH HN NW W-H|HW WN NN NH | HN NW WN NH
Public transit 56.0 541 514 | 478 583 652 | 557 595 355 445|561 491 510 476
Walk 240 144 187 | 112 100 315|195 113 108 215 | 96 87 159 156
Private vehicle 134 395 194 | 124 127 267|250 333 192 162 | 149 145 305 267
Ride-hailing 245 400 218 00 00 320|240 135 190 125|100 0.0 0.0 300
Other 450 353 175 | 150 7.0 135|790 217 80 0.0 | 400 170 150 30.0
Non-work activity
School/Daycare/Religious 266.0 156.9 117.0 122.0 53.0 132.3
Medical/Dental 67.7 125.3 81.7  60.0 67.5 108.0
Shopping/Errands 37.0 20.5 256 479 5.0 249
Social/Recreational 161.4 90.8 953 168.3 28.0 140.6
Pick up/drop off 25.6 5.9 13.6 6.7 9.8 124
Buying Meals 59.7 111 573 724 10.1 70.0
Others 94.5 80.2 1746 855 63.4 78.8

With the case of two non-work activities before and after work (pattern 2d), it is
interesting to note that the purpose of the two non-work activities seem to be negatively
correlated, that means, task of a certain type performed before work has a less chance to appear
again after work and vice versa. For example, shopping/errands and social/recreation happens
less often before work than after work (7.7 percent vs 28.8 percent for shopping and 1.9 percent
vs 13.5 percent for social) whereas buying meals patterns is the converse (28.8 percent and 7.7
percent before and after work respectively). The only exception to this trend is pick up/drop off,
which occurs quite equally in both legs (38.5 percent and 32.7 percent), possibly due to picking
up a child from school/daycare after work who has been dropped off before going to work.

As discussed, the most dominant activity performed on the way to work is pick up/drop
off. It may be worthwhile to investigate how transit commuters manage to pick up/drop off
someone on their way to work or way home since use of transit often involves a change of modes
(access/egress modes) and therefore, does not provide as much flexibility and convenience as a

private vehicle does. A more detailed discussion is provided later.
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2.7.2.4 Modal distributions

Unlike simple work tours, complex tours combine work with non-work activities in a single tour.
It will be then interesting to observe which transport modes are chosen for work and non-work
trips. Arguably, private vehicles provide the most flexibility in managing such needs. Thus,
individuals with access to a private vehicle over the duration of a work tour would typically find

it flexible and convenient to connect non-work activity demands on a work tour.
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Figure 2.11 Modal distribution by three activity purposes in complex work tours
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Since public transit usually operates on a fixed route with a fixed schedule, it cannot
provide as much flexibility to accommodate non-work activity stops within a work tour. It may
be worthwhile to investigate how travelers who use transit for at least one trip within a work tour
manage to connect their non-work activities. What are the combinations of modes used within a
tour? To better understand the modal distribution of trips under complex work tours, I examine
the top section (unshaded) of Table 2.4 (distribution of tours by travel mode for each trip within
a tour) and the ‘modal distributions’ plot in Figure 2.11. It is observed that travelers who have
non-work activities on their way to work (pattern 2b) reflect different mode choices returning
home than for travelers who perform non-work activities on the way home (pattern 2a, 2¢, and
2d). Table 2.4 demonstrates that for pattern 2b transit is dominant for the return home trip, while
for the other three patterns in this category, private vehicles dominate on the return home trip. It
may be seen, from Figure 2.11, that very few work tours use ride-hailing services or other
modes, regardless of trip purpose, when transit is also used on the tour. Last, in the two tour
categories where a non-work activity occurs on the way to work (pattern 2b and 2d), a higher

fraction of car and walk trips are recorded during AM peak period (Table 2.4 and Figure 2.11).

2.7.2.5 Modal sequence by tour
Figure 2.12 shows the top three most frequent modal sequences in the identified four patterns of
complex tours. I also examine the average travel time spent on each trip by different modes
within a tour from Table 2.5. Combined, the analysis contributes to the understanding of mode
usage in activity-travel patterns in terms of activity type and temporal proximity.

The four patterns of complex work tours show variations in the sequence of mode usage.

In pattern 2a, transit is reported as travel mode for all the three trips in the largest fraction of
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tours (about 20 percent), followed by transit to work and non-work trips and then private vehicle
for the return home trip (about 18 percent). In 15 percent of the tours of this pattern, transit is
used for the first two trips and walk is reported for the last trip. This case may be attributed that a

choice of a non-work activity in close proximity to home (19 minutes walking time (Table 2.5)).
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Figure 2.12 Frequent modal sequences in complex work tours

In pattern 2b, the highest portion of tours (about 17 percent) involves transit use to a non-
work activity close to work, followed by on average a 10-minute walk to work (cf. Table 2.5) to
reach to their workplace. About the same portion of tours (about 16 percent) use a private vehicle
for the first trip to a non-work activity, then take transit to reach the workplace (and also return
home from work via transit). About 13 percent tours involve an 11-minute walk (Table 2.5) to
the station, then doing one non-work activity there and taking transit for both work and return
home trips. On these tours, the non-work activities include buying meals (26 percent), pick
up/drop off (25 percent), or shopping (19 percent) (cf. Table 2.4). The use of private vehicle for
only the first trip in the tour can have several explanations: (1) travelers are dropped off at a
transit station but record it as dropping off someone; (2) travelers drop off someone at their
activity location and then drive to the station; (3) travelers drive a vehicle to a station and
perform a non-work activity there before taking transit to work, leaving the vehicle at the station
(but not having a corresponding trip at the end of the tour); or (4) travelers drive to the station
with another traveler. Uncertainty in properly recording complex travel confounds interpretation
of the data.

Note that neither case 1 nor case 4 represent pick up/drop off activities performed by a

survey respondent. Case 1 corresponds to being dropped off by someone else and case 4 involves
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traveling in a private vehicle with someone to 'change mode' at station. To make further inquiries
on these issues, the particular tours are analyzed where travelers choose modes in the sequence in
question (private vehicle (NW) — transit (W) — transit (H)) and record the "pick up/drop off' in
their activity list. In 45 percent of the tours, people drop off a child at school by using a private
vehicle for the first trip. then drive to the station, park the vehicle, and take transit to work (case
2). About 14 percent of the tours represent case 1 suggesting that people misreported the drop off
activity in their activity-travel diary. On the other hand, around 21 percent of tours correspond to
case 3 while no tours stand for case 4.

In pattern 2c where travelers make two non-work stops on their way home, 20 percent of
tours use transit for the first trip to work. On the return home portion, transit can be used to travel
to the first non-work location followed by a pick up by someone with a private vehicle to access
the second non-work activity (which is located an average of 16 minutes from home (Table 2.5)).
The final return home trip is with that vehicle. In some of the tours (about 15 percent), transit is
used for only the first trip but later picked up by their household members from the workplace by
private vehicle to complete the rest of the tour.

The most frequent modal sequence in pattern 2d is to use a private vehicle for the first
and last trips (non-work activities both before and after work) and to use transit for the two
middle trips (from non-work to work and the reverse from work to non-work on the way home).
The most frequent non-work activity purpose recorded for both directions is drop off/pick up
someone (between 33 to 39 percent of tours, Table 2.4). Similar to pattern 2b, this activity
purpose invokes some interesting questions. After analyzing the tours where the non-work
activity purpose was 'drop off/pick up', I conclude that in most of these tours (about 48 percent)

the travelers either use private vehicle or walk to drop off children at school/daycare and then
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drive or walk to a station to take transit to work. After work, they reverse the morning commute
(pick up and return home). It appears that some people (about 14 percent of tours) are dropped

off but incorrectly report their own drop off/pick up activity in their activity list.

2.7.2.6 Frequency of transit with other modes

From the above analysis, it is evident that transit alone cannot meet all travel demands. While
this is not surprising, what is of interest is that most transit commuters use multiple modes to
access different activities within a daily work tour. Figure 2.13 depicts the proportion of tours
with a combination of travel modes within a complete work tour. Note again that each sampled
respondent used transit for at least one trip segment within the work tour, but transit was used in
combination with walk, private vehicle, other modes except walk and private vehicle, or any two
or more combinations of modes. Interestingly, as discussed earlier that when travelers simply go
to their workplace and come back (simple tours), the share of transit only tours (PT only) is the
largest (83 percent). But when they mix any non-work activity before or after work, the 'PT only'
fraction declines and travelers tend to combine transit with other travel modes particularly
private vehicles, which causes private vehicle share (PT&PV) to increase (e.g. for pattern 2¢, the

PT only share becomes 11 percent and PT&PV share rises to 42 percent).

PT & Others
5%

2a. H-W-N-H (n= 262) 2b. H-N-W-H (n= 118)
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2¢c. H-W-N-N-H (n= 64) 2d. H-N-W-N-H (n=52)

Figure 2.13 Frequency of transit with other modes in complex work tours

2.7.3 Complex Tour with Work-based Sub-tour

In this section, the socio-demographic characteristics and travel behavior of travelers who make
a work-based sub-tour within a home-based tour (pattern group 3) are discussed. Note again that
two dominant work tour patterns (3a, 3b) are identified representing this work-based sub-tour

category.

2.7.3.1 Socio-demographic characteristics

Figure 2.14 shows the socio-demographic characteristics in a spider plot for this group, in
reference to the basic pattern (pattern 1). It is found that pattern group 3 travelers are generally
male, younger or millennials (age 18-38), married, and with higher incomes. Moreover, most of
their households consist of two members where both of them are employed. Very few travelers

in this category have child in their household. Again, this group of travelers own at least one
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Figure 2.14 Socio-demographic characteristics of travelers
in complex tours with work-based sub-tour

household vehicle in the household and they are considered as the primary driver of that vehicle.
A much higher proportion of travelers in this group have flexibility in their job arrival time

compared to simple or complex work tour makers. Furthermore, in terms of household income, a
greater proportion of these travelers belong to the higher income class than the travelers from the
other two tour categories. Figure 2.14 also shows that travelers in pattern 3a are more likely to be
married and have higher flexibility in job arrival time than travelers in pattern 3b. The reason for
reporting higher flexibility in job arrival time is perhaps due to the nature of their job (78 percent
of travelers in pattern 3a reported doing professional, managerial or technical job compared to 68

percent travelers of pattern 3b).
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% of people

2.7.3.2 Temporal distribution of trips

Next, I examine the time in motion plot for this tour category (Figure 2.15). Recall that the time
in motion plot shows the fraction of travelers is in a trip for a given purpose at different times of
a day. Since this category of tours involve making a sub-tour from workplace, the figure

illustrates dual trips to work reflecting the case of accommodating a non-work activity mid-day

and then return to work.
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Figure 2.15: Time in Motion for three activity purposes in complex tours with work-based sub-tour

2.7.3.3 Non-work activity type and duration

For complex tours with work-based sub-tour, workers have mid-day visit to a non-work activity
location from their workplace and then return to the workplace (Patterns 3a and 3b, Figure 2.15).
Such behavior can be better explained by Table 2.6 and Table 2.7, which suggest that during
midday in most of these tours (about 74 to 77 percent, Table 2.6), workers report to go out for
lunch from their workplace, spending about 23 to 28 minutes and then returning to work (Table
2.7). In pattern 3b, an additional trip to a non-work location is made, often shopping (about 34

percent of tours, Table 2.6) with an average duration of about 28 minutes (see Table 2.7).
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Table 2.6 Percentage of tours for trip modes and non-work activities
in complex tours with work-based sub-tour

3a. H-W-N-W-H 3b. H-W-N-W-N-H
N =196 N=61

HW W-N NW W-H|HW W-N NW W-N N-H
Single mode 985 100 995 96.4 | 100 100 100 934 96.7
Multiple modes 15 00 05 36| 00 00 00 66 3.3
Primary mode”
Public transit 934 41 46 867|934 98 98 607 377
Walk 15 918 923 20| 16 869 869 246 213
Private vehicle 51 26 31 82| 33 33 33 131 344
Ride-hailing 00 05 00 10| 00 00 00 00 6.6
Other 00 10 00 20| 16 00 00 16 0.0
Non-work activity
School/Daycare/Religious 15 1.6 1.6
Medical/Dental 15 &3 1.6
Shopping/Errands 9.7 9.8 344
Social/Recreational 2.0 1.6 18.0
Pick up/drop off 0.5 0.0 6.6
Buying Meals 77.0 73.8 213
Others 7.7 9.8 16.4

Notes: Home-based work tours are identified by individuals who used public transit in at least one trip

segment. " if multiple modes are used in a trip, only the primary mode is reported.

Table 2.7 Average duration for trip modes and non-work activities
in complex tours with work-based sub-tour

3a. H-W-N-W-H 3b. H-W-N-W-N-H

Primary mode N =196 N=61

HW W-N NW W-H|HW W-N NW W-N N-H
Public transit 602 221 371 630|510 197 215 483 513
Walk 250 82 83 313| 50 69 76 123 105
Private vehicle 148 122 662 156|250 125 100 230 163
Ride-hailing 00 100 00 245| 00 00 0.0 00 190
Other 00 125 00 438|210 00 00 190 0.0
Non-work activity
School/Daycare/Religious 45.7 44.0 75.0
Medical/Dental 65.0 42.5 50.0
Shopping/Errands 275 36.7 28.0
Social/Recreational 36.3 35.0 148.0
Pick up/drop off 10.0 0.0 16.3
Buying Meals 28.3 225 61.6
Others 44 1 39.3 88.4
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2.7.3.4 Modal distributions

Similar to simple and complex tours, the ‘modal distributions’ plot is prepared for work-based
tours and presented in Figure 2.16. The figure shows that transit is the dominant mode for all the
trips within the tour except the midday trips to non-work activity locations. In about 87 to 92
percent of these tours, these midday trips are made by walking (see Table 2.6 and Figure 2.16).
Such behavior corresponds to conventional lunch hour activity, likely in densely developed

areas, such as lunch activity within walking distance of the workplace.
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Figure 2.16 Modal distribution by three activities in complex tours with work-based sub-tour
Again, in a very few tours, ride-hailing and other modes are used regardless of trip purpose. In

pattern 3b, a considerable fraction of travelers (34 percent), use private vehicles for return home

purpose (see Table 2.6 and Figure 2.16).

2.7.3.5 Modal sequence by tour

Figure 2.17 shows the top three most frequent modal sequences of this category of tours. While
the modal sequences indicate trips are chained by which modes, I consult Table 2.7 to check the
associated trip durations. It is found that the largest fraction of tours (about 77 percent of tours in
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pattern 3a) involves a long (on average one hour) transit commute to work, with short (average 8
min. each way) walking trips during the midday for non-work activities (mostly meals) close to

the work location (these are work-based sub-tours).

Transit Walk m Walk m Transit
kP HDE_BB

Transit Walk Car Walk Transit Transit
Most frequent Second-most frequent Third-most frequent
sequence (77% tours) sequence (3% tours) sequence (2% tours)

3a. H-W-N-W-H (n=196)

» Walk Walk Walk

; &
walk X @V%\Tak/

Most frequent Second-most frequent Third-most frequent
sequence (18% tours) sequence (18% tours) sequence (14% tours)

3b. H-W-N-W-N-H (n= 61)

Figure 2.17 Frequent modal sequences in complex tours with work-based sub-tour

During the evening peak period, the reverse commute via transit is frequent. In pattern 3b,
travelers make a 48-minutes (on average) transit commute to an additional non-work location (cf.

Table 2.7) before returning home.

2.7.3.6 Frequency of transit with other modes
While observing the frequency of transit use with other travel modes in this pattern of tours it is
found that the share of public transit with walk (PT&WK) is very high (cf. Figure 2.18), which is

not that surprising. An interesting observation is that, for pattern 3b, transit use in combination
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with two or more other modes is high (36 percent) because in addition to walk trips at midday,

other modes, mostly private vehicles, are used in the return home trip.

PT only

PT & Others &
0%

3a. H-W-N-W-H (n= 196) 3b. H-W-N-W-N-H (n= 61)

Figure 2.18 Frequency of transit with other modes in complex tours with work-based sub-tour

2.7.4 Comparing Three Categories of Work Tours

2.7.4.1 Socio-demographic characteristics

The socio-demographic characteristics of travelers vary over the three categories of work tours.
For example, male travelers tend to make simple tours or work-based tours whereas female
travelers tend to make complex work tours. Moreover, younger or millennial travelers mostly
make work-based tours, while non-millennials tend toward simple or complex work tours.
Travelers who make simple work tours have less flexibility regarding work arrival time
compared to the other two types of tour makers. A notable result is that zero-vehicle households

tend toward complex work tours more than simple tours or work-based tours.
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2.7.4.2 Activity-travel behavior

In this study, all sampled tours are defined as containing a work activity and using public transit
in at least one trip segment. In most simple work tours, transit is used for both the work-bound
and home-bound trips, thus, the share of transit-only tours is largest for simple tours. When
travelers mix their non-work activities either before or after work, the transit-only fraction
declines and travelers tend to combine transit with other travel modes, particularly private
vehicles. The share of public transit with walk is the largest for tours of pattern group 3 (complex
tours with work-based sub-tour), with both the walk access/egress and the density proximate to
the work place being the likely explanatory factors. When travelers make at least one non-work
stop on the way to work (complex tours), they mostly do so to drop off a child or to buy a meal.
When a non-work stop is made on the way to home, the activity tends to be buying goods or
services. If travelers make a non-work stop during work (work-based sub-tours), they typically

go out for lunch within walkable distance from their workplace.

2.7.4.3 Time-use behavior

To mark the differences and similarities in a broader time usage sense across the seven dominant
tour patterns, an aggregate summary statistic of time spent on a work tour for work and non-
work activity purposes and travel is computed. The summary is reported in Table 2.8 which
provides information on the total time spent in and out of home, as well as for travel, in a full
day. People making pattern 3a spent more time on travel in a day (travel time expenditure) than
the people making other tour patterns. Moreover, where travelers make a non-work stop on their
way to work (patterns 2b and 2d), they spend significantly less non-work activity time than for

those patterns where the non-work activities are performed on the way home (patterns 2a and
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2¢). This can be explained by the time constraints often imposed by the work activity that
follows in these patterns. As a result, these patterns mostly include short duration activities, such
as pick up/drop off. Finally, with patterns 2a and 2c, people spend significantly less time at home
than in other patterns. In pattern 2¢ with two non-work activities on the return home commute,
more time is allocated to non-work than in the other patterns.

Table 2.8 Aggregate time-use statistics by identified tour types

Average Time-use

Pattern 1
Pattern 2a
Pattern 2b
Pattern 2¢
Pattern 2d
Pattern 3a
Pattern 3b

Total tour duration (home to home) 10h14m  11h26m  %h32m  11th4m 10h40m 10h49m  11h 28m

Work duration 8h 23m 7h 58m 8h3m  7h29m  7h23m 8hd5m  7h 53m
Work travel duration 55m 49m 57m 1h1m 48m 55m 45m
Nonwork duration in work tour 0 1h 16m 34m 2h 3m 1h 6m 30m 1h 33m
Nonwork travel duration in work tour 0 49m 31m 1h 6m 1h 19m 10m 46m
Travel duration in work tour 2h 6m 2h14m  2h1im  2h24m  2h25m  2h22m  2h14m
Travel time expenditure in a day*? 2h 18m 2h 21m 2h 22m 2h 28m 2h 34m 2h 38m 2h 17m

In home activity duration in a day* 12h53m  12h11m  12h 36m 11h43m 12h41m  12h 17m 12h 9m
Out home activity duration in a day* 8h 48m 9h 27m 9h1m  9h48m  8h44m S9h4m  9h33m

* marked variables are calculated in terms of people and other variables are calculated in terms of tours

It is hypothesized that the two home with work-based patterns, pattern 3a and 3b, with
midday activity (e.g., lunch) during work are similar in structure to pattern 1 and 2a,
respectively, assuming that pattern 1 and 2a might have midday activities, such as lunch or e-
shopping, that did not involve leaving the workplace (and effectively increasing work duration).
Figure 2.19 shows these two pairs of similar patterns. To test this hypothesis, I conducted a
Kruskal-Wallis test only to find that no statistically significant difference in total tour duration

was found between pattern 1 and 3a or between pattern 2a and 3b.

2 Total time spent on travel in a day
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Pattern 1 (N=1196) Pattern 3a (N= 196) Pattern 2a (N= 262) Pattern 3b (N= 61)

Figure 2.19 Two pairs of similar patterns

2.8 Properties of Other Work Tours

I have presented and discussed characteristics of the seven most dominant patterns of work tours
that utilize public transit, together representing 80 percent of total work tours. Here, I briefly
discuss the properties of the other 20 percent of work tours. This other category contains a total
of 506 work tours with 106 unique tour patterns thus, this 20 percent of work tours is much more
diverse and complex. Note that these tours cannot belong to pattern 1 (home-based simple work
tours) rather belong to either pattern 2 or pattern 3 (complex tours). The average number of non-
work activities performed under these tours is notably higher. Also, 60 percent of these tours
reflect complex work tours. Among these complex tours, 42 percent tours involve two or more
work but no non-work activities whereas 58 percent tours involve mixing non-work activities
with work. In majority of the other tours (47 percent), non-work stops are made only on the
return home. Travelers tend to combine walk with transit in making many of these work tours
(44 percent) (Figure 2.20). As expected, very few travelers (3 percent) use transit for making all
the trips within a tour. Again, in 37 percent tours travelers tend to use at least two other travel

modes with transit.
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Figure 2.20 Combination of travel modes with transit in 'other' category

HH size 1
Married 07— HHsize2
i HH size 32
____""L AN
\
= o AL N
e o | S ; %\ HHvehide
job amival \ ", o
time |/ A ’ s
AN - N
/ A X
! / ; ! Y .\\ \ \
Gendar ,J'r f i / 5 R U HH vehide
Female [~ | £ ) _1. A q
Tk | [2
/ — Y - A J *_JV_
Man- \ i i ; [ ~——__| HH vehide
millennials \ - # - N f / 1
\ i 1Y ) N” /
M'ﬂennla{s\( f \ "ﬂ\)f HH mcome
age 18-38 / Low
chidegea™l HHncome == =Pattern 1 (HHW+H)
w7 ,/ T Medium = Others {Home-based complex)
Mo, of‘““'-—-____ _——-"—_I Hincome e Othizrz {Home with work-bhaszad)
workers 2 eI High
Mo of
workers 1

Figure 2.21 Socio-demographic characteristics of travelers making 'other' tour patterns
Figure 2.21 displays the socio-demographic characteristics of travelers who make these
'others' tours, partitioned into two groups based on which tour patterns they belong (complex
tours or work-based tours). Travelers who perform both complex tours and work-based tours are
in general similar to those exhibiting simple work tours. Complex work tour makers are mostly

non-millennials, belong to medium or high-income group, have at least two household members
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in their household, and have flexibility in their job arrival time. Work-based tour makers
generally belong to the higher income class, have much greater flexibility in their job arrival time
than their counterparts, and most of their households consist of two members. An interesting
difference between the characteristics of home with work-based tour makers who belong to the
bottom 20 percent data with the same group who fall into the top 80 percent of the data is that the
first group of travelers mostly represents non-millennials whereas the second one typically

consists of millennials.

2.9 Conclusions and Policy Implications

This study analyzes the complex travel behavior of working individuals who utilize public transit
in their work tours. Here, complex travel behavior is defined in terms of fours. This study aims to
investigate how transit commuters manage to link non-work activities as part of work tours under
limited flexibility in meeting complex travel demands. In particular, I identify dominant patterns
of work tours made by transit commuters and analyze these tours using a set of activity-travel
analytics, such as temporal distribution of trips, activity purposes and duration, modal distribution,
modal sequence, and frequency of transit with other modes based on data from the 2017 National

Household Travel Survey (NHTS).

The primary insights and key implications of this study are:

(1) About 80 percent of work tours consist of 7 unique dominant patterns whereas the remaining
20 percent of tours demonstrate a total of 106 diverse and more complicated patterns.

To our best knowledge, this study is the first to analyze the full work tours with transit usage in

different parts of the chain so the simple categorization and analysis of tour types is considered
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as a contribution to theory and practice. Seven dominant work tour patterns are identified that
represent 80 percent of the tours and these patterns can be placed under three broad tour
categories: simple work tours, complex work tours with four sub-categories, and complex tours
with work-based sub-tour with two sub-categories. Based on the choice of a particular work tour,
this study identifies potential transit commuters. For example, tours performed by males tend to
be more elementary than tours performed by females, who frequently link non-work activity
either on the way to work or on the way to home, a result consistent with the greater range of
activity responsibilities for female workers (Strathman et al., 1994; McGuckin and Murakami,
1999; Kuppam and Pendyala, 2001; Rafiq and McNally, 2019). On the other hand, higher
income people do not frequently make non-work stops on their way to work or to home
(complex tours); instead, they tend to do so within the work hour (making work-based tours).
Similarly, younger or millennial travelers mostly make work-based tours whereas non-
millennials prefer to make simple or complex work tours. This information might help the transit
operators to identify the potential market group and their demand of transit usage at different
times in a day, which might help to better evaluate current transit services and to implement
market strategies (e.g. fare structure) that can meet the complex travel needs of potential users,
leading to a higher use of transit. For example, people making multiple transit stops within work
tours can be provided discounted fare options such as a day pass or free transfers which might
encourage commuters to use transit to reach non-work activity location along with workplace.
(2) Transit work tours are pretty complex.

Previous study showed that the majority of workers who use transit in their work tours are more
likely to make home-based simple tours (McGuckin et al., 2005). It is observed that an equal

share of simple and complex work tours is made by transit commuters. Among all the work tours
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where transit is utilized, 49 percent represents elementary or simple tours. On the other hand, 51
percent tours involve complex tours (complex with and without sub-tours) where commuters are
observed to chain either multiple works but no non-work activity (5 percent) or to mix non-work
activities with work on the way to work or during work, or on the way to home (46 percent).
Among these work-nonwork mixed tours, most of the travelers (60 percent) make at least one
non-work stop on the way to home travel. On the other hand, 35 percent and 41 percent travelers
do so on the way to work journey and during work hour respectively. While making a non-work
stop on the way to work, travelers mostly drop off a child or buy a meal. Again, when a non-
work stop is made on the way to home, the activity tends to be buying goods or services. If
travelers make a non-work stop during work, they typically go out for lunch within walkable
distance from their workplace.

Thus, it is apparent that public transit work tours are notably complex, which is partially
supported by Bernardin Jr et al. (2011) who showed that, on the contrary to the common belief,
public transit tours are at least as complex as tours by other modes. This tour-based analysis
facilitates understanding of the interrelationships and consistencies among the choice of
activities, timing, locations (proximity), duration and modes used for the full set of trips
comprising a complex tour. Since public transit offers less flexibility of travel in accommodating
the complex travel needs than private vehicles, the findings of this study will provide an
empirical justification of evaluating the policies that can better address the complex travel
demands of transit commuters.

(3) Transit complex tours are multimodal.
The study results suggest that when non-work activities are linked with work, transit commuters

tend to be multimodal, that is, they mix other travel modes with transit. It is found that simple
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work tours are predominantly transit-only tours (83 percent). When travelers mix non-work
activities either on the way to work or way to home, the transit-only fraction declines and
travelers tend to combine transit with other flexible travel modes, particularly private vehicles as
transit use is not generally conducive to do so. For example, a common non-work activity
performed on the way to work is dropping off children at school. It would not be convenient for
the commuters to connect such non-work activity location (e.g. schools) with home or workplace
by using transit since connecting these facilities (home—non-work—workplace—home)
involves multiple transfers, waiting time, or access/egress issues. To provide a convenient modal
linkage, transit stations should be designed to consider parking facilities and other activity
services.

(4) Transit is utilized many ways within a work tour beyond the traditional home to work
commute with a diverse set of choices at various stages of activity scheduling.

While policies associated with public transit typically focus only on the journey to work, this
study considers the complete set of trips starting and ending at home including intermediate non-
work activity. Although transit use is observed to be predominantly associated with the work-end
of the tour (a direct connection to or from work) due to the better transit services in employment
centers, it is also noticed to be utilized at the non-work end of the tours. Identification of a
variety of transit usage as part of the complex travel can provide a foundation to formulate better
land use and transit-related policies to satisfy demands for the complex tours with a larger share
for transit. For example, allocation of mixed land use developments at employment centers might
help transit commuters to access non-work activity centers in off-peak periods within walking
distance of workplaces. In addition, non-work activity centers can be allocated near the transit

stations or near residences. While allocating these facilities, multiple activity centers (e.g.
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shopping/grocery, restaurants) can be considered at a single location. This might reduce the
number of transfers for the commuters if they utilize public transit to access various non-work
activities and facilitate easier chaining of multiple activity purposes at a single location within a
work tour.

The empirical analysis of this study can lead to a better understanding of how the transit
commuters link non-work activities with work, which can improve our knowledge of linkages
between activity and mobility. Identification of such information is very crucial and at the same
time challenging for the understanding and the development of the tour- or activity-based
demand models (Wang, 2015) as TRB (2007) indicated that the analytical complexity and
prohibitive data demands of tour- or activity-based models enable only a small number of US
transportation agencies to apply them. Note that while analyzing tour behavior of transit
commuters applying an activity-based approach, it does not directly represent an activity-based
(or tour-based) forecasting model. However, the insights of this study can be utilized to develop
better tour-based models that reflect the complexity of transit use within tours.

Since location data is not provided in the NHTS data, it was not possible to analyze how
the land use distribution near home, work or transit stations might influence activity choices as
well as tour formation of transit commuters. Also, the travel activity scheduling of a transit
commuter may be greatly influenced by the travel choices made by other individuals in the same
household. This study was focused on identifying patterns in transit work tours but reserves the
analysis of critical factors such as socio-demographic, location, and activity-travel attributes
affecting those choices to future work.

Research has suggested that when commuters meet non-work activity demands on their

way to home from work, they are less likely to make a non-work tour after returning home
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(Rafiq and McNally, 2019; Bhat and Singh, 2000). The connections between tours, rather than
within tours, as well as identifying the difference in complex travel behavior between bus and
rail commuters, is the subject of on-going research. It would be interesting to compare the

dominant patterns of work tours between transit and non-transit commuters.
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CHAPTER 3: Determinants of Work Tour Choice of Transit Commuters

3.1 Introduction

The increasing complexity of modern life can lead to increased time poverty, which in turn can
increase the tendency of travelers exploring opportunities to chain non-work activity purposes
within a work tour to reduce travel and time costs and to gain efficiency in activity participation
(McGuckin et al., 2005; Hensher and Reyes, 2000; Levinson and Kumar, 1995; Bianco and
Lawson, 1996). However, increasing the number of complex work tours can also increases the
reliance on more flexible travel modes (Hensher and Reyes, 2000), such as private vehicles that
can allow much flexibility and convenience to the commuters to schedule either planned or spur
of the moment non-work activities within the work tour under spatial and temporal constraints
(Lee and McNally, 2003). This rising use of private vehicles has some negative implications,
such as congestion, air pollution, and energy consumption while public transit is considered as a
sustainable transport mode to effectively mitigate these adverse consequences (Federal Highway
Administration, 2002). However, with operations on fixed routes and fixed schedules, public
transit offers lower accessibility and mobility services than private vehicles particularly in
satisfying complex travel demand. Hensher and Reyes (2000) observed that trip chaining is the
potential barrier in attracting car users to switch to public transit use, particularly for work trips.
Thus, to increase the use of public transit, we need to better accommodate the chaining of non-
work activities with work while utilizing public transit within a work tour. Identification of the

public transit commuters® who meet their complex travel needs by chaining non-work activities

3 Public transit commuters are defined as the travelers who utilize transit in any trip segment of their work tour

55



on the way to or from work or during work hour and the factors that influence the choice is
important to facilitate such trip chaining behavior.

A considerable number of research works focused on the trip chaining behavior of
commuters and identify a set of factors, such as age, gender, driving license, vehicle ownership,
household structure, presence of child, and household income that affect trip chaining during the
commute to or from work (Strathman et al., 1994; Bhat, 1999; McGuckin and Murakami, 1999;
Lu and Pas, 1999; Goulias and Kitamura, 1991; Wallace et al., 2000; McGuckin and Nakamoto,
2005; Wang, 2015). Prior works that considered trip chaining behavior of transit users focused
on variety of issues. Hensher and Reyes (2000) found in Sydney, Australia that the likelihood of
public transit usage decreases with the change of a tour from simple to complex. Based on a
limited number of socio-demographic variables, they regressed the utility of a simple and
complex tour (work or non-work) yielded from either car or public transit usage. Krygsman et al.
(2007) investigated the causal relationships between travel mode choice (car or public transit)
and the insertion of intermediate activities before, in between, or after a work activity within a
work tour in Netherlands. The authors concluded that the inclusion of an intermediate stop for
non-work activity before or after work tends to decrease public transit utility and increase car
utility. They also found that in a majority of home-based work tours, activity decisions are made
before making a decision on mode of travel.

In contrast, Currie and Delbosc (2011) found in Melbourne, Australia that for non-work
tours, public transit chains are found to be more complex than those undertaken by car. However,
the opposite relationship was found for work tours. Again, Primerano et al. (2008) observed that
in Adelaide, Australia all forms of mass public transport tours involved higher numbers of

activities compared to private car-based tours. The authors argued against the hypothesis of
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Hensher and Rayes (2000) that public transit is not flexible for complex trip chaining. They
instead suggested that the nature of complex trip chaining behavior of public transit users is
different rather than inflexible. With public transit, travelers can access a destination comprising
a mix of land uses in close proximity to one another whereas travelers using a private car can
access activities located at multiple destinations that are not necessarily in close proximity to
each other. This statement is reinforced by Ho and Mulley (2013). Based on Sydney household
travel survey data, the authors showed that public transit tours increased with an increase in the
number of activities located in close proximity to one another (yielding a multiple purpose single
destination tour). These results suggest that chaining multiple activities in tours does not
necessarily hinder public transit usage but an unfavorable spatial distribution of activity locations
might do so. Again, based on the onboard transit ridership survey data in Ohio, U.S. and the
results of the univariate analysis Bernardin Jr et al. (2011) showed that transit tours are at least as
complex as tours by other modes.

In summary, previous studies addressed the interrelationships between the complexity of
activities and the utility of different mode usage with a primary focus on private vehicle and
public transit. In contrast, this study characterizes the transit commuters based on the complexity
of trip chaining they make within a work tour and assesses the impact of characteristics of
commuters, household, built environment, and activity engagement on the likelihood of a
commuter to choose a particular type of work tour. Here, the term four is defined as a sequence
of trips and activities that begins and ends at home. If a tour contains at least one work activity
location, it is called work tour. Based on the presence of a non-work activity and its location
within the tour, work tours can be categorized into the following three types. Simple work tour

contains exactly one work but no non-work activity whereas complex work tour may contain one
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or more non-work activity on the way to work or on the way to home. Finally, complex tours
with work-based sub-tour additionally contains one or more non-work activities during work
hour. This tour choice model can provide better insights on identifying the transit commuters
with a particular type of work tour and the factors that determine the tour choice, which can
eventually help to predict the number of stops within a tour for each individual and then to

schedule a tour in an activity-based model.

3.2 Data and Sample

This study analyzes data from the 2017 National Household Travel Survey (NHTS). NHTS is the
source of information about travel by US residents in all 50 states and the District of Columbia.
The data includes trips made by all modes of travel (private vehicle, public transport, pedestrian,
biking, etc.) and for all purposes (work, school, shopping, recreation, etc.). The NHTS data base
contains four datasets or tables: households, persons, trips, and vehicles. The household table
contains socio-economic and location characteristics of surveyed households and the person
table contains information about the demographic characteristics of all individuals living in those
households. The trip data table lists all trips made within a 24-hour period by each household
member aged 5 or older as well as trip-related attributes, and the vehicle data table contains
information about vehicles available for use by households. The NHTS dataset contains 129,696
households consisting of 264,234 persons who took a total of 923,572 trips. Among them, 23.40
percent individuals (a total of 61,842) made at least one home-based work tour.

For this analysis, I identified public transit commuters making work tours, that is, those

individuals who are at least 18 years old, perform at least one work activity, and used public
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transit in at least one trip segment*. A choice of travel mode is treated as 'public transit' if it is
any of the following: public or commute bus, city-to-city bus (greyhound, Mega bus, etc.),
Amtrak/commuter rail, and subway/elevated/light rail/street car. This generates a sample of
2,448 individuals. Home-based transit work tours are formed by linking person trip sequences
that start and end at home and contain at least one work activity. The result was a total of 2,454
home-based work tours. From the total sample observations, the travelers who visited multiple
work locations (more than one) but do not mix non-work with work (126 observations) are
removed. Again, I did not consider those travelers who made two work tours in a day (6
observations). After removing observations with missing information, I finally obtained a sample
of 2,079 individuals for modeling purpose. Note that although change of transportation is
recorded as an activity purpose in the survey data, it is not considered as an activity in the
analysis. Because 'mode change' is a part of the whole trip to access a particular activity site and
the inclusion of this type as a separate non-work activity may artificially increases the complex

nature of public transit tours (Noland et al., 2008; Ho and Mulley, 2013).

3.3 Tour Formation of Transit Commuters

A tour is a sequence of trips that starts and ends at the same location and contains one or more
activities performed at single or multiple destinations (Strathman and Dueker, 1995; Ho and
Mulley, 2013). If the starting and ending location in question is home, the tour is deemed a
home-based tour. Since this study involves working individuals, I only consider home-based
tours that contain at least one work location outside home. These are called home-based work

tours. A home-based work tour is called a simple work tour if it contains exactly one work

* When a trip involves change of modes, each mode defines a trip segment.
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activity but no non-work activity within it. That means, a home-based simple work tour has this
sequence of activities Home-Work-Home, separated by two trips in between.

On the other hand, a home-based work tour may contain non-work activity with work in
the same tour. These tours are called work-nonwork mixed tours. In this study, these mixed tours
are divided into two categories: complex work tours and complex tours with work-based sub
tour. Complex work tours contain non-work locations other than work accessed on the way to or
from work. Non-work activities are called 'way to work' non-work activities when performed
after leaving home and before arriving at work. Similarly, 'way to home' non-work activities are
those activities that are performed on the way to home from the workplace.

Work-based tours involve visiting non-work locations 'during work' (such as during a
lunch break). When a home-based tour is combined with a work-based tour, it is referred to as
complex tour with work-based sub-tour. Both simple and complex work tours have exactly one
circuit whereas complex tours with work-based tour have two or more circuits, i.e. one circuit
between home and work, and (minimum) one circuit with work as a base. Note that, work-based
tour is classified as a distinct one as it shows unique socio-demographic and transport properties
compared to the second work tour category (non-work on the way to or from work) (Krygsman
et al., 2007).

Figure 3.1 shows the general construct of these three types of work tours. The difference
in tour type emanates from the degree to which non-work activities are mixed with work. For
instance, simple work tours do not involve any non-work at all, complex work tours involve non-
work stops on the way to work and/or on the way to home, and work-based tours can have non-
work stops in any or all of these three ways. To represent the different types of tours, I produce a

graphical model where activity locations are vertices as H (home), N(non-work) and W (work)
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depending on where the activity is performed and an arrow between two vertices denotes a trip

between the corresponding locations.

® @

Simple work tour Complex work tour Complex tour with work-based sub-tour

N": zero or any number of non-work
N*: one or more non-work
W™: one or more work
Shaded portion can repeat
Figure 3.1 General construct of home-based work tours
The fraction of tours for each of the three categories are shown in Figure 3.2. The figure
shows that both simple work tours and work-nonwork mixed tours contribute almost equal
fraction of tours. Among the mixed tours, complex tours represent higher fraction of tours (29

percent) compared to complex tours with work-based sub-tour (20 percent). Data shows that in

most simple work tours, transit is used for both the work-bound and home-bound trips, thus, the

Figure 3.2 Fraction of different types of work tours
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share of transit-only tours is largest for simple tours. When travelers mix their non-work
activities either before or after work, the transit-only fraction declines and travelers tend to
combine transit with other travel modes, particularly private vehicles. The share of public transit
with walk is the largest in complex tours with work-based sub-tour, with both the walk
access/egress and the density proximate to the work place being the likely contributing factors.
When travelers make at least one non-work stop on the way to work (complex tours), they
mostly do so to drop off a child or to buy a meal. When a non-work stop is made on the way to
home, the activity tends to be buying goods or services. If travelers make a non-work stop during
work (work-based sub-tours), they typically go out for lunch within walkable distance from their

workplace.

3.4 Model Specification

Structural equation modeling (SEM) is a comprehensive methodological framework that can
simultaneously estimate the causal relationships among a set of observed variables based on a
specified model (Kaplan, 2008). That is, an SEM structural model can capture the causal
influences of the exogenous variables on the endogenous variables (regression effects) and the
causal influences of endogenous variables on each other. The structural model also allows to
provide specifications of error-term covariances (Golob, 2003). The strength of a SEM is that in
addition to find out the direct effect of one variable to another one, it can capture the indirect
effect as well through other mediating variables. The summation of direct and indirect effects
represents the total effect that provides valuable insights on the interrelationships between

variables.
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SEM is widely used in travel behavior research as it enables the analysis of complex
causal relationships among a set of exogenous and endogenous variables. Golob (2003) outlined
a comprehensive review of application of SEM in various travel behavior research including its
use in the activity-based travel demand modeling. Several notable works include developing
SEM model to find out relationships between activity participation and number of trips, number
of chains, and travel time (Lu and Pas, 1999), activity participation and complexity in trip chain
generation (e.g. simple, complex) (Golob, 2003), activity participation and frequency of complex
work trip chains for commuters (Kuppam and Pendyala, 2001), and transportation control
measures and commuters’ activity-travel patterns (Fujii and Kitamura, 2000). Among the recent
works, Van Acker and Witlox (2011) showed how the relationships between land use and
commuting differ between work-only tours and more complex tours. Again, the relationships
between work and non-work trip chaining (tours) and various mode choice are explored by Islam
and Habib (2012). Several works focused on the relationships among activity participation, trip
chaining, and mode choice from the context of developing countries (Yang et al., 2010; Cheng et
al., 2019; Hadiuzzaman et al., 2019).

This study identifies factors that determine the choice of work tours by conceptualizing a
causal relationship among a set of socio-demographic characteristics, built environment
variables, activity participation, and a particular work tour choice for the public transit
commuters by using SEM for path model. Path models typically have three types of variables:
exogenous variables, endogenous outcome variables, and endogenous mediator variables. An
exogenous variable is not causally dependent on any other variables in the model. On the other
hand, both of the endogenous variables are determined by the model. An endogenous outcome

variable is a dependent variable with respect to other variables used in the model. Whereas, an
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endogenous mediator variable is independent with respect to some variables and dependent with
respect to other variables in the model. This variable mediates between an exogenous variable
and an endogenous outcome variable (Acock, 2013). The SEM equations for path model,
conceptualized causal structure, and the list of exogenous and endogenous variables are
described next.

3.4.1 The Structural Equation Modeling for Path Model

Let us denote measured exogenous variables as X and measured endogenous variables as Y. The
equation for the endogenous variables is given by (Kline, 2016):

Y=IX+BY+( (1)
where Y is an (m % 1) column vector of endogenous variable and X is an (n x 1) column vector
of measured exogenous variables.

The structural parameters are the elements of the matrices are (Golob and McNally, 1997):
I'  (m x n) matrix of direct causal (regression) effects from the (n) exogenous
variables to the (m) endogenous variables;
B  (m % m) matrix of causal links between the m endogenous variables; and
¢  (m % 1) matrix of m error terms

Equation (1) can be expressed in matrix form as (Kline, 2016):

Yi 1 [X Y C1
. ~ e Mn . o - T m . >
)2 11 1 ‘\2 In )2 K__J
. ~ A 3 0 .
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Other parameter matrices include the covariance matrix of the measured exogenous variables @

and the covariance matrix of the error terms ¥, shown in Eq. (3).
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For identification of system (1), B must be chosen such that (I-B) remains non-singular, where I

is an identity matrix of dimension m. For an identified system, the model implied total effects of

the endogenous variables on each other are given by (Golob and McNally, 1997):
T,,=U—-B)'—1I (4)

The total effects of the exogenous variables on the endogenous variables implied by the system

are given by (Golob and McNally, 1997):

Ty, = —-B)'T (5)
The model parameters of the system in the Eq. (1) are estimated using variance analysis
methods, also known as methods of moments. The theory is that the population covariance matrix

of the observed variables (¥) can be expressed as a function of a set of parameters 6, shown in

Eq. (6) (Lu and Pas, 1999).

z=2x(6) (6)
Here, 0 represents the model parameters of I'y, B, @, and W. These unknown parameters are
estimated such that the difference between the sample covariance matrix S and the model implied
covariance matrix X (0) is minimized. This is achieved by minimizing a fitting function, which is
a function of S and X (0). Several estimation methods are available to identity a best fitting
model. The maximum likelihood (ML) method works well when the endogenous variables have
multivariate normal distribution. On the contrary, weighted least square mean and variance
adjusted (WLSMYV) estimator accounts for non-normally distributed data (Muthen and Kaplan,

1992).
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3.4.2 The Exogenous and Endogenous Variables
The model’s exogenous and endogenous mediator variables and their summary statistics for each
of the three work tour types, namely simple, complex, and complex tours with work-based sub-
tours are shown in Table 3.1. The variables are selected based on the relevant prior works and data
availability. The exogenous variables include a set of household and personal level socio-
demographic and economic characteristics. The household level characteristics include presence
of child (aged 0 to 17 years), number of adult members (aged 18 years or more), presence of
spouse/partner by two categories: employed or no spouse/partner (reference group) and
unemployed spouse/partner, vehicle-driver ratio (total number of vehicles divided by total number
of licensed drivers), and household income by three categories: low (reference group: less than
$20K), middle income ($20K to $60K), and high income ($60K or more). Again, several personal
characteristics of the travelers, such as age, gender, ethnicity, Hispanic status, immigration status,
educational attainment, employment type, flexibility in job arrival time, are considered as
important determinants of work tour choice. All the person level variables are represented as
dummy variables in the model (detailed categories and reference groups are shown in Table 1).
On the other hand, the endogenous mediator variables shown in Table 1 are of two broad
categories: built environment and activity-travel characteristics. The built environment variables
include population density (persons per square mile) in the census block group of the household’s
home location, road network distance (miles) between home location to workplace, and proximity
to or from a transit station. The last variable refers to how far a traveler needs to travel to access a
transit station or to travel to a destination from a station. In this study, such proximity is captured
by using travel time to or from a station instead of distance. In particular, two variables are used

in the model: average travel time (minutes) to access the station from an origin (home or non-home
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activity locations) and average travel time (minutes) to a destination from the station.
Activity-travel characteristics of a traveler are represented by three groups of variables,
such as share of household activities (work, maintenance, and discretionary) performed outside
home, technology usage, mode usage, and travel party composition. The first group of variables
accounts for fraction of total hours spent on various activity purposes outside home by the traveler.
For example, the fraction of total household work hours by the traveler is calculated by dividing
the total hours spent on work by the traveler outside home by the total hours spent on work by all
the members of the household (including the traveler). The other two variables representing the
fraction of total household maintenance and discretionary hours are also calculated in the same
way. Note that, maintenance activities include drop off or pick up someone, buying goods (e.g.
groceries), buying services (e.g. banking) or other general errands, exercise, health care visit, and
religious activities whereas discretionary activities include buying meals, recreational activities
(e.g. visit parks, movies, bars), visiting friends and relatives, and volunteer activities. The
technology usage is denoted by two variables, such as frequency of ride-hailing app usage and
frequency of online purchase in the last month. Again, the mode usage is represented by the
fraction of trips made by private vehicle within the work tour, which is calculated by dividing the
total number of trips made by private vehicle within the work tour by the total number of trips
made in that tour. The last set of variables represents the fraction of trips made with household and
non-household members. The fraction of trips made with household members by the traveler is
calculated by dividing the total number of trips made by the traveler with household members by
the total number of trips made by the traveler in a day. The fraction of trips with non-household
members is calculated in the same manner. The endogenous outcome variable used in the model

denotes the choice of a particular work tour by a transit commuter.
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Table 3.1 Summary statistics of exogenous and endogenous variables

Complex tour

Simple work ~ Complex with work-based
tour work tour
sub-tour

n = 1062 n =592 n =425

(a) (b) (c)
Household Characteristics
Presence of child (aged 0-17) (%) 15.91° 19.76% 13.18°
Presence of spouse/partner
Have no spouse/partner (%) 36.91° 48.65% 37.18°
Have employed spouse/partner (%) 50.09° 44.26% 52.94°
Have unemployed spouse/partner (%) 12.99° 7.09% 9.88
Vehicle-driver ratio 0.80%¢ 0.70? 0.732
Number of adult members (aged >= 18) 2.15% 1.912 1.892
Monthly household income
Low income (less than $20K) (%) 20.81°¢ 23.82°¢ 8.71%
Middle income ($20K to $60K) (%) 35.88 35.14 32.00
High income ($60K or more) (%) 43.31°¢ 41.05¢ 59.29b¢
Personal Characteristics
Millennials (aged 18-38) (%) 43.97 41.55 47.29
Male (%) 53.30° 44.93%¢ 53.41°
Have at least some college degree (%) 83.900¢ 87.67% 96.712°
Immigrant (%) 24.29 20.95 20.24
Hispanic (%) 11.86° 10.47 7.06*
Caucasian (%) 64.69°¢ 60.98°¢ 77.88%
Have flexibility in job arrival time (%) 48.12°¢ 52.70¢ 65.412
Have full-time job (%) 84.65 80.74% 91.29
Built Environment Characteristics
Average midpoint of population density (persons per sq. be ac ab
mile) in census block group of home location (in 1000) 11.09 13.44 14.30
Distance from home to workplace (miles) 20.39b¢ 25.252 14.842
Proximity to transit station
Average travel time to access the station (min.) 10.42b¢ 8.782 9.28%
Average travel time to destination from station (min.) 13.78b¢ 10.552 11.60*
Activity-travel Characteristics
Fraction of total household work hours 0.76° 0.79% 0.76°
Fraction of total household maintenance hours 0.10%¢ 0.52% 0.39%
Fraction of total household discretionary hours 0.05b 0.34% 0.63%
Monthly frequency of ride-hailing app. usage 1.64% 1.80% 2.71%
Monthly frequency of online purchase 3.28b¢ 3.64% 4,392
Fraction of trips made with household members 0.09b¢ 0.17% 0.092°
Fraction of trips made with non-household members 0.07b 0.12% 0.16%

Notes: Table shows mean values for all the variables. Mean values for binary variables are shown in percentage. All
the categorical variables (except: middle income and millennials) and continuous/count variables are jointly
significant at 5% significance level in 2 test and KW test respectively. Superscripts a, b, and ¢ indicate that values are
significantly different (at 5% significance level) from values of simple tours, complex tours, and complex tours with

work-based sub-tours respectively in post-hoc tests.
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3.4.3 The Conceptual Model

The conceptual structure of a SEM can be graphically depicted by a path diagram. An arrow in a
diagram indicates the direct effect from one variable to other. The rectangular boxes represent
exogenous and endogenous variables. Since an exogenous variable affects an endogenous
variable, an arrow is directed from it. On the other hand, an endogenous mediator variable is
influenced by some variables and affects the other variables, so an arrow is directed fo and from
it. Since an endogenous outcome variable is dependent on all the variables in the model, an
arrow is directed fo it. The conceptual structure of the proposed model is shown in Figure 3.3. In
the model, household and person level characteristics are considered as the exogenous variables
whereas built environment and activity-travel variables are accounted for endogenous mediator
variables. Finally, the choice of three work tours: simple, complex, and complex tour with work-
based sub-tours are considered as the endogenous outcome variables.

It is conceptualized that travelers’ necessity to participate in various activities determines
whether they make a simple work tour or mix non-work with work within the tour (work tour
choice). For instance, it is assumed that the increasing fraction of household maintenance or
discretionary hours spent by a traveler induces the choice of making a work-nonwork mixed tour
(positive effect). Besides, the built environment characteristics (e.g. population density at
residence, distance from home to workplace etc.) are anticipated to affect the work tour choice.
For example, a traveler living in a denser area tends to make complex tours (positive effect).
More importantly, a set of household and person level socio-demographic and economic factors
(e.g. age, gender, ethnicity, income, presence of child etc.) are postulated to influence the choice
of work tour.

Residential self-selection effects are captured in the model, the fact that people chose where
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to live based on their travel abilities, needs, and preferences (Mokhtarian and Cao, 2008). To
capture such effect, I posit direct connections from each of the household and person level socio-
demographic and economic characteristics to the residential location and surrounding built
environment variables. In addition, it is conceptualized that people’s activity-travel characteristics

are affected by their socio-demographics and built environment characteristics.

Household and personal i Built environment
characteristics characteristics

Activity-travel
characteristics

¥

i

v

Work Tour Choice |+

Figure 3.3 SEM conceptual structure
In the model, some error-term covariances among similar set of variables are added, for
example, among the four built environment variables, between two technology usage variables,
and two travel party composition in trips variables. In addition, two error-term covariances are
added between the fraction of total household maintenance and the fraction of total household

discretionary activities.

3.4.4 Estimation of the Model

Based on the conceptual structure (Figure 3.3), three SEM path models are estimated, with
different combination of a binary outcome variable. For instance, in Model I (sample size: 1,654),
the outcome variable is 1 if a traveler chooses complex tour and O if he/she choose simple tour.

The purpose of this model is to contrast the factors that affect the choice of complex tours with
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that of simple tours. Again, in Model 2 (sample size: 1,487), the outcome variable is 1 if a traveler
chooses complex tour with work-based sub-tour and 0 if the choice of tour is simple. This
facilitates the understanding of how the factors that determine the choice of work-based sub-tours
differ with the factors that influence simple work tour choice. Lastly, in Model 3 (sample size:
1,017), a contrast between two work-nonwork mixed tours is made. That is, in this model, the
outcome variable is 1 if the choice of the work tour is complex tour with work-based sub-tour and
0 if it is complex tour.

SEM path models are estimated using lavaan package in R. I used weighted least square
mean and variance adjusted (WLSMYV) estimator that works with categorical endogenous variables
(one binary outcome variable in each model, which is regressed by a probit function in laavan
(R documentation, 2018)) and that accounts for non-normally distributed data (Muthen and
Kaplan, 1992). The widely used index to evaluate the model fit is % statistic that tests whether the
observed covariance matrix and the model implied covariance matrix are equal. Smaller ? value
with high p-value (p-value > 0.05) indicates better model fit. Other model fit indices are also
reported, such as Root Mean Square Error Approximation (RMSEA), Comparative Fit Index
(CFI), Tucker Lewis Index (TLI), and Standardized Root Mean Square Residual (SRMR). The
resultant fit statistics for three models and the cut off value for the fit indices are shown in Table

3.2. It is observed that all the model fit indices indicate satisfactory fit for the three models.
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Table 3.2 Model fit indices for the three SEM path models

Model fit
indices

Description

Cut-off

value

Model-based value

Model 1 Model 2 Model 3
(n=1,654) ®m=1487) (n=1,017)

Chi-
square: >

(df)

RMSEA

CFI

TLI

SRMR

A measure of the discrepancy between the
observed and model-implied covariance
matrices. Smaller value indicates better
model fit.

A measure of the amount of error of
approximation per model degree of
freedom, while controlling for sample size.
Smaller value indicates better model fit.
An assessment of the improvement of the
hypothesized model compared to the
independence model with unrelated
variables. Bigger value indicates better
model fit.

An assessment of the improvement of the
hypothesized model compared to the
independence model with unrelated
variables. Bigger value indicates better
model fit.

A measure of the mean absolute
correlation residual, indicating the overall
difference between the observed and
predicted correlations. Smaller value
indicates better model fit.

p>0.05

<0.05

>0.95

>0.95

<0.08

2.27(5) 6.50 (5) 7.15 (5)
p>0811  p>0260 p>0210

0.000 0.014 0.021
1.00 0.99 0.99
1.02 0.99 0.97

0.004 0.006 0.007

Kline (2016), Hu and Bentler (1999), and Van Acker and Witlox (2010)

3.5 Results and Discussion

The model results are discussed in this section by dividing the findings into three broad

categories: factors that determine the work tour choice, evidence of residential self-selection, and

factors that affect activity-travel characteristics. Here, unstandardized coefficients of the direct

and total effects that are statistically significant are discussed. If not otherwise stated, all the

mentioned effects below represent direct effects.
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Table 3.3 Direct and total effects of variables on work tour choice in three SEM models

Model 1: complex vs. Model 2: complex with ~ Model 3: complex with

simple sub-tour vs. simple sub-tour vs. complex
n=1,654 n=1,487 n=1,017
Direct Total Direct Total Direct Total
effect effect effect effect effect effect
Household Characteristics
Presence of child
B: 1 =if HH has child aged 0-17 years 0.073%*%*  0.077** 0.064** -0.027 0.015 -0.126%***
Presence of spouse/partner
B:1 = if traveler have unemployed L0.056%%  -0.087%*  0.041 0027 0.101%  0.056
spouse/partner
Vehicle-driver ratio -0.062%* -0.105***  -0.088***  -0.149***  (0.038 -0.033
Number of adult members (aged >=18 years) 0.071** -0.122%**  -0.031 -0.181***  -0.026 -0.044
Household income
B: 1 =low income (less than $20K) (baseline)
B: 1 = middle income ($20K to $60K) -0.034 -0.005 0.123*** (. 156***  (.138%* 0.134%**
B: 1 = high income ($60K or more) 0.004 0.014 0.201%%*  0277***  (220%*%*  (.255%**
Personal Characteristics
Age of the traveler
B: 1 = Millennials (aged 18 to 38 years) -0.062** -0.04 -0.044 0.039 0.012 0.076%*
Gender: B: 1 if male -0.047* -0.091***  -0.016 -0.014 0.065* 0.065
Educational attainment
B: 1 = have some college or higher degree 0.032 0.097***  0.141%**  0.209%**  0.167***  (.135%*
Immigration status: B: 1 = if Immigrant -0.03 -0.057* 0.011 0.01 0.046 0.058
Hispanic status: B: 1 if Hispanic or Latino -0.018 -0.018 -0.052%* -0.037 0.005 -0.034
Ethnicity: B: 1 = if Caucasian -0.051** -0.064* 0.079%**  0.117***  (.130%**  (.173***
Flexibility in job arrival time
B: 1 if have flexibility 0.043* 0.051 0.095***  0.116***  0.031 0.061
Employment type: B: 1 = if have full-time job -0.042 -0.084** 0.046 0.027 0.132%%*  (.114%*

Built Environment Characteristics

Midpoint of population density in census block

. . 0.100* 0.104%**  0.079%** 0.101** -0.112%* -0.04
group of home location (persons per sq. mile)

Distance from home to workplace (miles) (log)  0.026 0.027 -0.042 -0.124%** 0. 119%*%*  -0.170%***
Proximity to transit station

Average travel time to access the station (log) -0.036 -0.065* 0.000 -0.044 0.066 0.062
Av.erage travel time to destination from station -0.055%* 0.145%%%  _0.018 -0.058 0.006 0.072
(min.) (log)

Activity-travel Characteristics

Fraction of total household work hours 0.091***  0.078** -0.056 -0.058 -0.137*%**  -0.085*
Fraction of total household maintenance hours ~ 0.460***  0.514***  (0.284***  2.86 -0.063 -0.068
Fraction of total household discretionary hours ~ 0.467***  0.466***  0.646***  0.669***  (.273***  (308***
Monthly frequency of ride-hailing app. usage 0.011 -0.006 0.016 0.037 0.001 0.005
Monthly frequency of online purchase 0.028 0.052%* 0.007 0.027 -0.003 -0.005
Fraction of trips made with household members  0.087***  0.087***  -0.065* -0.066* -0.117%%% Q. 117*%*
Fraction of trips made with non-household -0.029 20,029 0.131%%*%  0.131%**  0.163%* 0,163 %%
members

Fraction of trips made by private vehicle 0.328***  (0.498***  (.178*%**  (.201***  -(0.348%**  _(.382%**

Notes: ‘B’ stands for binary variable. *, ** and *** indicate statistical significance at 10%, 5%, and 1% respectively.
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3.5.1 Factors Affecting Work Tour Choice

3.5.1.1 Household and personal characteristics

Work tour choice is influenced by household and personal characteristics on an individual. As
observed, millennials are less likely to make non-work stop on either way to work or way to
home (complex) but more likely to do so during work (sub-tour) (total effect). It is also
noticeable that tours performed by males tend to be more elementary (simple) than tours
performed by females, who frequently link non-work activity either on the way to work or on the
way to home. This is perhaps because female workers usually carryout greater range of activity
responsibilities than their male counterparts (Strathman et al., 1994; McGuckin and Murakami,
1999; Kuppam and Pendyala, 2001; Rafiq and McNally, 2019). In contrast, males prefer more to
make non-work during work. Furthermore, an individual having at least college degree is more
likely to make any kind of work-nonwork mixed tours.

Immigration status appears significantly in only model 1with implication that immigrants
are more likely to make simple tours than native born people (total effect). While being Hispanic
appears to be significant in only model 2, ethnicity demonstrated significant impacts on tour
choice in all three models, such as Caucasians are found to be less likely to make complex tours
but more likely to make complex with sub-tours. Employment characteristics, such as fulltime vs
part time, flexibility in job arrival time, influence tour choice: full-time workers apparently
prefer making simple tours compared to mixing work with nonwork (total effect), whereas
travelers who have flexibility in arriving their jobs are more likely to make work-nonwork mixed
tours than simple tours.

Presence of spouse (both employed and non-employed), children and other adults

significantly affect the work tour choice. In particular, a traveler having unemployed
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spouse/partner are more likely to make simple tours than complex (Model 1) compared to the
traveler who either do not have spouse or have employed spouse/partner. But these group of
travelers are more interested to make work-based sub-tours (Model 3) than their counterpart. On
the other hand, individuals having children at home tends to prefer make to complex tours
(Model 1) over simple tours, perhaps because those individuals might take their child to daycare
or school or complete shopping for their child within a work tour and thus have fewer
opportunities to make separate non-work tours. Between two complex tours (Model 3), they tend
to make non-work less during work hour than on the way to work or way to home compared to
the travelers who do not have child (total effect). With the increase of the number of adults in
households, travelers tend to make more simple tours and do not mix work with non-work
activities. This might be due to the presence of other adult household members who might take
care of essential non-work household activities (e.g., taking a child to school/daycare, grocery
shopping).

Another important household characteristic affecting tour choice is household income
and the presence and prevalence of vehicles at the household. However, household income does
not appear significant in model 1, that means it does not significantly contribute in determining
the likelihood of making complex tours over simple tours (Wang, 2015). It shows significant
effects in the other two models. Results show that both middle- and higher-income travelers are
more likely to make work-based sub-tours compared to low-income travelers. Moreover,
travelers from households with a higher vehicle to driver ratio are prone to make simple tours
(effect in Model 1 and Model 2), which is because more vehicle per driver in the household

might give the traveler higher flexibility to make separate non-work tours after returning home.
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3.5.1.2 Built environment characteristics

Built environment characteristics affect people’s choice of certain work tour. Travelers living in
denser areas (higher population density near the residence) are more likely to make any kind of
complex tours than simple tours (effect in Model 1 and Model 2), perhaps because they can
easily perform non-work activities on their way to home near home location (due to dense
neighborhood). As distance to work increases the chance to further travel from workplace to a
non-work location declines hence tours to and from workplace reduces (effect in Model 2 and
Model 3). Proximity to the transit station appears significant in only the Model 1. It shows that
with the increase of the average travel time to or from the stations reduces the tendency of

making complex tours.

3.5.1.3 Activity-travel characteristics

Tour choice of an individual depends on his/her activity-travel characteristics, such as share of
household activities (work, maintenance and discretionary) performed outside home, technology
usage, mode usage, and travel party composition. With the increase of the fraction of total
household work hours made by a traveler, the tendency of making complex tours increases
(Model 1) but complex with sub-tours decreases (Model 3). On the other hand, increase of the
fraction of total maintenance hours contribute to make any kind of work-nonwork mixed tours
than simple work tours. Similarly, the increase of the fraction of total household discretionary
hours cause to make work-nonwork mixed tours than simple tours. Discretionary stops are more
likely to be made during work hour (buying lunch during midday) (Model 3). Technology usage
such as monthly frequency of ride-hailing app usage or online shopping do not significantly

affect the choice of work tours.
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Interestingly, who accompany a trip affects the tour choice. For example, when
individuals make trips with household members accompanied with them, their chance of making
complex tours increases and the tendency of making work-based sub-tours declines. Conversely,
with the increase of the fraction of trips made with non-household members, the chance of
making work-based sub-tours increases. Non-work stops made on the way to work or on way to
home, are more likely to be made with household members to drop off/pick up someone from the
same household. On the other hand, a non-work stop made during work hour is more likely to be
made with co-workers (non-household members) for lunch. The use of private vehicle in the
work tour appears discernable effects in all the three models. With the increase of the fraction of
trips made by private vehicle, the tendency to make any kind of work-nonwork mixed tours
increases (model 1 and model 2). While comparing the two work-nonwork mixed tours, the
increasing fraction of private vehicle usage decreases the chance of making work-based sub-

tours compared to complex tours (model 3).

3.5.2 Residential Self-selection

Residential self-selection refers to people’s social-demographics attributes affecting their choice
of where they live (residence) and the characteristics of the surrounding built environment (e.g.,
population density, distance to and from work and transit station). The tour choice model
demonstrates the presence of residential self-selection in all the three models. It turns out that
traveler’s personal characteristics, such as age and household characteristics, such as presence of
child, number of adults, vehicle-driver ratio, and income are important residential self-selection
factors in tour choice modeling. For instance, millennials, people with higher educational

qualification, immigrant, Hispanics, middle- and high-income households are more likely to live
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in a denser area. In contrast, male travelers, non-millennials, people who have flexibility in job
arrival time and people from households having children and adults at home with higher vehicle
to driver ratio are less likely to live in a denser residential area. Most of the results are consistent
except a few. For example, high income households tend to live in residential areas with lower
population density. But the model results show the opposite. However, similar result was found
in a study by Mitra and Saphores (2017).

Again, distance from home to work location is influences by a set of socio-demographic
characteristics. Most of the effects appear positive, except a few. For example, age has negative
effect on the distance from home to workplace, which implies that millennials tend to work at a
location that is not very far from the residence than non-millennials. The indicators representing
the proximity to the station also appears to be significantly affected by the socio-demographic
characteristics but at a limited scope. For instance, millennials tend to access or egress the transit
stations close to their home or non-home activity locations. On the other hand, travelers with
high household income and higher number of household vehicles per driver tend to travel longer

distance (longer trip time) to access the station or egress from the station.

3.5.3 Factors Affecting Activity-Travel Characteristics

Household and personal characteristics influence individual’s activity-travel characteristics in
their way to influencing the tour choice. Millennials tend to contribute less fraction of household
work hour than non-millennials. As expected, men tend to contribute higher proportion of work
hour and lower fraction of maintenance hour in the household. With the increase of the number

of adults in the household, the work and maintenance load of the traveler diminishes. Similar
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Table 3.4 Residential self-selection results for three SEM models

Model 1: complex vs. simple

Model 2: complex with sub-tour vs. simple

Model 3: complex with sub-tour vs. complex

n=1,654 n=1,487 n=1,017
Population  Distance Travel 'Travel Population  Distance Travel .Travel Population  Distance "I'ravel 'Travel
density to work tlmg to time from density to work tlmg to time from density to work tlmg to time from
station station station station station station

Household Characteristics
Presence of child
B: 1 =if HH has child aged 0-17 -0.072** 0.050**  0.005 0.023 -0.102** 0.083***  0.054**  0.063** -0.076**  0.083***  0.056* 0.018
Presence of spouse/partner
B:1 = if traveler have unemployed
spouse/partner -0.037 0.038 0.064***  0.074™*  -0.035 0.056**  0.059**  0.038 -0.016 0.051 0.012 0.071**
Vehicle-driver ratio -0.360** 0.237***  0.099***  0.078***  -0.359*** 0.241**  0.091**  0.074** -0.468**  0.253***  0.140***  0.129"**
Number of adult members (aged >=18)  -0.056** 0.071**  0.026 0.040* -0.042* 0.096***  0.046 0.090***  -0.098***  0.058* 0.039 0.098***
Household income
B: 1 = low income (less than $20K)
(baseline)
B: 1 = middle income ($20K to $60K) 0.184*** 0.059* -0.011 0.022 0.144** 0.022 0.002 0.006 0.235*** 0.074 -0.071 -0.058
B: 1 = high income ($60K or more) 0.229*** 0.191*** 0.099**  0.110**  0.224*** 0.182***  0.095**  0.047 0.314** 0.166***  0.01 0.003
Personal Characteristics
Age of the traveler
B: 1 = Millennials (aged 18 to 38) 0.057* -0.113***  -0.061**  -0.045* 0.060* -0.120***  -0.098***  -0.112***  0.033 -0.131**  -0.085*** -0.084**
Gender: B: 1 if male -0.063** -0.003 -0.008 -0.011 -0.045* 0 0.016 0.009 -0.078**  0.024 -0.031 -0.047
Educational attainment
B: 1 = have some college or higher
degree 0.050** 0.044* -0.011 -0.003 0.052** 0.029 -0.004 -0.007 0.077** 0.025 0.018 0.02
Immigration status: B: 1 = if Inmigrant ~ 0.086*** 0.046* 0.001 -0.004 0.089** 0.019 -0.002 -0.016 0.091*** 0.018 -0.011 0.013
Hispanic status: B: 1 if Hispanic or
Latino 0.125*** -0.02 -0.026 0.04 0.116*** -0.021 -0.022 0.018 0.120*** -0.021 -0.029 0.068**
Ethnicity: B: 1 = if Caucasian -0.033 -0.03 -0.017 -0.056**  -0.007 -0.013 0.01 -0.03 0.026 -0.058 -0.011 -0.038
Flexibility in job arrival time
B: 1 if have flexibility -0.036 -0.03 -0.027 -0.022 -0.045* -0.078**  -0.022 -0.033 -0.059* -0.083**  -0.063*  -0.047
Employment type: B: 1 = if have full-
time 0.004 0.042* 0.024 0.051* -0.02 0.072***  0.028 0.068** 0.019 0.053* 0.014 0.071**

Notes: ‘B’ stands for binary variable. *, **

, and *** indicate statistical significance at 10%, 5%, and 1% respectively.
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Table 3.5 Direct and total effects of variables on activity-travel characteristics in model 1

Model 1: complex vs simple work tour

Fraction of total

Fraction of total
household

Fraction of total
household

Monthly frequency of

ride-hailing app.

Monthly frequency

Fraction of trips

made with household

Fraction of trips made
with non-household

Fraction of trips made

household work hours maintenance hours discretionary hours usage of online purchase members members by private vehicle
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total
Household Characteristics
Presence of child
i;;r: It HH has child aged 0-17 0033 0032  -0023  -0006  -0.082** -0076™ 0015  -0.027 0018 0014  0.119™ 0457  0.03 -0.007 0108 0115
Presence of spouse/partner
B:1 = if traveler have unemployed 0266  0273* 0 0.033 -0.015 0.02 0016 -0.019 0037 0038 0004  -0.053*  -0.003 -0.008 0051 -0.054*
spouse/partner
Vehicle-driver ratio 0027 0009  -003  -0048"  -0.041 0057 0.049* -0093* 0037 0026  -0.05" 0009  -0.001 0.039 0.097* 0140
t‘f%b;;:;?d““ members(@ged  ogag  0sag 02127 0197 0074 0424 0085 0067 0031 0032  0090™ 0.148™ 0045  -0065%  -0008  -0.005
Household income
B: 1 =low income (less than $20K)
(baseline)
gé;K): middle income (20K to 0005 0.100"*  -0.051 0019 0018 0.021 0043 0.051 0099%  0105% 0045  0.058 00047 0087 005 0.02
B: 1= highincome (360K or more)  -0.224™*  0.223"*  -0.128"*  -0.087*  0.065 0.049 0.163**  0.168™  0.253** 0262** 0.088" 0111 0411 0008  0.065 0.02
Personal Characteristics
Age of the traveler
yB;;r:) Milennials (aged 18 to 38 0091 0099™  -0033  -0018 0029 0.033 0.219% 0231 0407**  0107** 0052*  0.073"* 008"  0090™  0.026 0.022
Gender: B: 1 if male 0.042%  0045%  -0059%  -0074™ 0017 0.005 0029  -0035 0043 -0044* 0006 0016  -0.053*  -0055%  -0.04 0,03
Educational attainment
S;;r:eha"e some college or higher 0.002 0.057*  0.067**  0.04 0.050* 0028  0.029 0081* 0083 0007  0.005 0.014 -0.009 0.009 0.002
l”r;’ﬂg: Z;’f” status: B:1 =t 0043 0045%  -0067"  -0057"  0.002 0005 003 003 0058 -0054* 0015 0013  -0.003 -0.003 0.006 -0.006
’L";fi‘r’]f)”’c status: B: 1 ifHispanicor 4 ¢ 0006 0.024 0.033 0051 0042* 0015  0.02 0018 0016 0016 0025 0013 0.005 0.012 0.011
Ethnioity: B: 1 = if Caucasian 0017 0017 0002 0 0.006 0.002 002 0022 0.064* 0064  -0.050% -0.061  -0.002 0,012 0,037 0.026

Flexibility in job arrival time
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Model 1: complex vs simple work tour

) Fraction of total Fraction of total Monthly frequency of Fraction of trips Fraction of trips made ) )
Fraction of total . o Monthly frequency . . Fraction of trips made
household household ride-hailing app. ) made with household with non-household . .
household work hours . . ) of online purchase by private vehicle
maintenance hours discretionary hours usage members members
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total
B: 1 if have flexibility -0.004 -0.005 0.027 0.027 -0.017 -0.014 0.027 0.024 0.070***  0.068***  0.015 0.017 -0.026 -0.029 -0.005 0.002
:i‘:r’n”s?‘;’t’)me”t ype: B: 1 =ithavefull- g 0.021 0014 -0019  -0.048"  -0053**  -0003  -0.004 0045 0045 0012 0025 001 0.002 -0.015 -0.021
Built Environment Characteristics
Midpoint of population density in 0.033 0.029 0.113*** 0.085*** 0.044 0.037* 0.084***  (0.085*** 0.032 0.035 0.023 0.067** 0.009 0.045 0.143*** 0.143*
census block group of home locaton ™ - : . : : : : : : - - - - - -
(persons per sq. mile)
Distance from home to workplace o4 0.031 0.015 0.016 0017 0014 - .. 0085 0018 0018  -0016  -0.02 0.023 0.021 -0.001 0.001
(miles) (in log) 0.065
Proximity to transit station
Average travel ime fo access the 0.022 0032  -0031  -0052*  -0053* 0025 0024 0007 0007 0015 0017 003 0038 0014 0.014
station (min.) (in log)
Average travel time lo destination ;) 0.015 0049 0075 0 0021 0001 0.001 0024 002  -0046* -0084™ 005" 0023 0119 0,119
from station (min.) (in log)
Activity-travel Characteristics
Fraction of total housefiold work 0042 0042 0.04 0.035 0.002 . 0107 0028 0.034
hours 0.109***
Fraction of otal housefold 0.119 0.119 0 0029 0026 0040 002
maintenance hours
Fraction of otal housefiold 0 0.002* 003 0.3 0123 0423
discretionary hours
Monthly frequency of ride-hailing 0,033 0,033 0,004 0,001 0.001
app. usage
Monthly frequency of onfine 0.047"  0.047% 0.006 0 -0.001 20,001
purchase
Fraction of trips made with 0 0 20,009 20,009 0
household members
Fraction of trips made with non- 0,001 0 0.022% 0022 0
household members
Fraction of trips made by private 0030*  -0030*  0.198"*  0.199%*  0.109 0132 0013 -0.01 0019 0019 0320 0321" 0255 0263

vehicle

Notes: ‘B’ stands for binary variable. *, **, and *** indicate statistical significance at 10%, 5%, and 1% respectively.
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Table 3.6 Direct and total effects of variables on activity-travel characteristics in model 2

Model 2: complex tour with work-based sub-tour vs. simple work tour

Fraction of total

Fraction of total

household maintenance

Fraction of total
household

Monthly frequency of

Monthly frequency

Fraction of trips

made with household

Fraction of trips made
with non-household

Fraction of trips made

household work hours hours discretionary hours ride-hailing app. usage of online purchase members members by private vehicle
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total
Household Characteristics
Presence of child
B:1=ifHHhaschidaged 017 0012 0005  -0063*  -0071* 0174 0084 002 0002 0004 0008  0.064™ 0070%* -0.014 0.02 0.018 0.02
Presence of spouse/partner
B:1 = ifraveler have 0.275% 0281 0,014 0,036 0027 -0.041 0.03 0036  -0.04 004 0019 0019 -0.006 0,029 -0.034 0.035
unemployed spouse/partner
Vehicle-driver ratio 0016 -0004  -0005  -0027 0019  -0041*  -0062%  -0420™* 0034 0018  -0006 0024 0015 0.035 0.047% 0,063
Number of adult memb d
tbyeny o0 gseor  0seze 0182t 0A6T™ 0550 OM67™  0000% 006" 0053 0053 0065 0112 0046 0057* 0007 0002
Household income
B: 1 = low income (less than
$20K) (baseline)
B:1 =middiei 20K
$60K) middeincome ($20K10 o fowe g1z 0018 0012 0431 0067 0.051 0066°  0126™  0136™ 0054 0044  -0115%  0A17™ 003 0044
B:1=highi 60K
more) 'gh income ($60K or 02397 0231 0046 -0043 0327 0143 0A78™* 0195  0286™  0306™ 0091% 0074  -0.098"  -0.098" 0046  -0.078"
Personal Characteristics
Age of the traveler
B: 1 = Millennials (aged 18 to 38
o) flennials (aged 181038 o hogewe 106" 0008 0,015 0062  0066™ 0235 0247  0144™  0444™ 0036 0061  0065* 0085 0027 0.033
Gender: B: 1 if male 0054 0056  -0014  -0021 0091  0.031 003 0038 0027 003 0017  -0026  -0.029 0028 0019 -0016
Educational attainment
B: 1= have some college or 0.012 0.014 0.083% 0079  -0239 0079 0017 0.024 0065 007 0021  -0002 0021 0.016 0.054% 0,060
higher degree
fﬂﬂfgﬁiﬁfn status: B: 1 =11 0013 0015 -0.01 0004 0008 002  -0003 0007 0008 -0002 0042 -0034  -0.001 0 0039  0.031
(’;’r’sé"’ti'r’]’g“at”s; B:1ifHispanic 4 106 -0.009 0.024 0.03 011 -0.008 0055*  0071™ 0009 0015 0015 0013 0003 0.002 0.018 0.008
Ethnicity: B: 1 = if Caucasian 0.012 0.1 0.04 0042 0126 0034 0.031 0.031 0.056* 0055 002  -0013  -0013 0004 0015 0.018
Flexibility in job arrival time
B: 1 if have flexibility 0.009 0.006 0.036 0038 0431 0015 0.028 0.029 0.075% 0070 0008  -0.007  0.008 0.009 -0.021 0012
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Model 2: complex tour with work-based sub-tour vs. simple work tour

Fraction of total

Fraction of total

household maintenance

Fraction of total
household

Monthly frequency of

Monthly frequency

Fraction of trips
made with household

Fraction of trips made
with non-household

Fraction of trips made

household work hours hours discretionary hours ride-hailing app. usage of online purchase members members by private vehicle
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total

iﬁﬁ’; ’Tj:t ype: Bt =ithave o o7 0.013 0006  -0015 0024 0013  -0001 0006 0024 0025 0033 0047 0014 0.007 0019 -002
Built Environment Characteristics
Midpoint of population density in )
census block group of home -0.013 -0.009 0.033 0.027 -0.079  0.045* 0.133*** 0.138*** 0.059** 0.061**  -0.04 0.068** -0.032 -0.048* -0.090** -0.090***
location (persons per sq. mile) '
Distance from home to 0.014 0.016 0038 -0043 0064  -0088™ 008"  -0083* 0030° 0031 0014 0033  -0.001 0.03 0052% 0,052
workplace (miles) (in log)
Proximity to transit station
Average ravel time toaccess the o a0 (030 9038 004 0407 0037 0038 0.037 0002 0002 0014 0008  -0.04 0049 -0.007 0.007
station (min.) (in log)
Average travel time to
destination from station (min.) (in  0.039* 0.041* -0.021 -0.026 0.038 -0.046* 0.005 0.01 -0.004 -0.003 -0.061** E)078*** 0.037 0.017 -0.042** -0.042**
log) '
Activity-travel Characteristics
Fraction of total household work - .
hours -0.043 -0.043 0.176 0.011 0.003 0.091%* 0,091 -0.024 -0.022
Fraction of total h hold

racion ototal nouseno 3852  3.852 0.009 0001 0007  -0.003 0.662
maintenance hours
Fraction of total h hold

raction o forai nouseho 0 0.002 0002 0002 0473 0473
discretionary hours
Monthly frequency of ride-hailing 0.007 0.007 0.028 0 0.005
app. usage
Monthly fi f onli

onnly frequency oronine 0.007 0.007 0.027 0 0 0.005
purchase
Fraction of trips made with 0 0,001 0,035 0,035 0
household members
Fraction of trips made with non- 0 0 0.013 0.013 0
household members
Fraction of tri de by privat

[acionoiiips MAcebYPIVEe 0038 0038 0086 0087 0219  0.110%* 0036 0043 002 002 033" 036%™ 0267 0287

vehicle

Notes: ‘B’ stands for binary variable. *, **, and *** indicate statistical significance at 10%, 5%, and 1% respectively.
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Table 3.7 Direct and total effects of variables on activity-travel characteristics in model 3

Model 3: complex tour with work-based sub-tour vs. complex work tour

Fraction of total

Fraction of total
household

Fraction of total
household

Monthly frequency of

Monthly frequency of

Fraction of trips made
with household

Fraction of trips made
with non-household

Fraction of trips made

household work hours maintenance hours discretionary hours ride-hailing app. usage online purchase members members by private vehicle
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total

Household Characteristics
Presence of child
B:1=ifHHhaschidaged 017 0013 0012  -0075"  -0060*  -0226™ -0241** -0003  -0.027  0.05 0.04 0437  0210%*  -0054  -0046  0.120™  0.146™*
Presence of spouse/partner
B:1 =iftraveler h

1 raveler have 0317 0319 0024 0054 0083  -0054  -0025  -0020  -0047  -0053 0023 0027 0005 0004  -008  -0.028
unemployed spouse/partner
Vehicle-driver ratio 0027 0021 -0071* 0044 0035 0.013 0003 -0405% 0018  -0027 0072 0005 0008 0095  0.240% 0367
Number of adult members 0561 -0560%  -0.373%  0323% 0188 -0228™  -0.07 0091 0012 0025 0046  0215**  .0078°  -0078% 0047  0.064*
(aged >=18 years)
Household income
B: 1 =low income (less than
$20K) (baseline)
B:1 = middle 20K t
$60K) middeincome (S20K10 o s 113 0015 0003 0088 007 0053 0077 0123  0437* 0023 003 0052 0065 0002  -0.047
i:;;)mgh income (60K 0T oozees g2 043" 0426% 0421 0400 0217*  0249® 0204  0303* 0067 0069  -0.086 0111  -0.08 0142
Personal Characteristics
Age of the traveler
gé;a':i')"e"”'als (Bged 1810 togme 0412 0402 -0.009"*  0.086 0.077% 0234 0250™* 034" 0447**  0.056*  0088"*  0.163%* 0183 0023 0.012
Gender B: 1 if male 0.060%  0061*  -0058*  -0.060*  0.065 0.068*  -0005  -0023  -0049 0052  0.007 0001 -0062  -004 0.005 0.033
Educational attainment
B: 1= have some collegeor 0.011 0.017 0.022 0.041 0.035 0.048 0.049 0.1 0.103 0019 0014  -0407**  -0.098™ 0058 0.038
higher degree
I’mg Zzi’” status: B 1 =if 0015  -0015  -003 -0.031 0.027 0.025 0.01 0.024 0.012 0.017 0008 -0009 0028 0.025 0004  -0.028
Hispanic status: B: 1 if Hispani
Or’sﬁﬂgsaus HISPANC 0000 0.021 0056 0053  -0065  -0064*  -0.02 0003 -0015 0008 0025  -0016  -0.023  -0039 0036  -0.006
Ethnicity: B: 1= if Caucasian 0028 -0.029 0,036 0.034 0.024 0.027 0.004 0.014 0.022 0.028 0063 -0080% 0014 0.001 0055  -0.062

Flexibility in job arrival time
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Model 3: complex tour with work-based sub-tour vs. complex work tour

Fraction of total

Fraction of total
household

Fraction of total
household

Monthly frequency of

Fraction of trips made

Monthly frequency of with household

Fraction of trips made
with non-household

Fraction of trips made

household work hours maintenance hours discretionary hours ride-hailing app. usage online purchase members members by private vehicle
Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total Direct Total

B: 1 if have flexibility 0059 0061 001 0006 0001 0001  -0011 0007 0022 0026 0048  0060'  0085*  0085"  -0.02 20008

fmﬁ’;’?j:”ype Bi=ithave o001 0001 0024 0027 0012 0007 0026 0025 005 0049  -0001 0012 0051 0059 0064  0.055

Built Environment Characteristics

Midpoint of population density

incensus block group of home ~ -0.005  0.003  0.022  -0.006  -0.045  -0.02 0.138** 0449 0056  0.056* 0049 0021  -0015  -0073% 0249  -0.249"

location (persons per sq. mile)

Distance from home to 0019 0019 0007 0019 0033  -0042 0094 0101 0044 004 0047 0016 0034 0018  0100™*  0.100"

workplace (miles) (in log)

Proximity to transit station

Average travel time o access 001 0004 0004 0015 0016 0012 0011 0032 0032 005" 0052 002 0026 0024  0.024

the station (min.) (in log)

Average travel time to

destination from station (min) 0001 0 0031 -0047 0044 0058 0018 0025  -0029 003 0031 -0015 0008 0020 0144 0144

(inlog)

Activity-travel Characteristics

Fraction of total household work

oo o O e Hotseno T 0080%  -0080% 0074 0075 0,001 0166 0168 0029 0045

Fraction of total household

racton otfolal houseno 0006 0006 -0.007* 0103 0102 0090 -0.091

maintenance hours

Fraction of total household

racfion o foai nouseho 0 0.003 0133 0433™ 019%™ 0419

discretionary hours

Monthly f fride-

oninly frequency of ride 0052 0052 0 0.005 0.005

hailing app. usage

Monthly f f onli

onnly frequency ofonine 003 0.03 0 0 0003 0003

purchase

Fraction of trips made with

raction of trips made wi 20,001 0 0.019 0.019 0

household members

Fraction of trips made with non-

raction of trips made with non 0,003 0 00507 0050 0

household members

Fraction of trips made b

facton ' TIps mace by 0009 -0009  0090%* 0002  -0099* 0101 -0.060** -0.044™* 0002 0002  0298"* 0304 0223  0.203"

private vehicle

Notes: ‘B’ stands for binary variable. *, **, and *** indicate statistical significance at 10%, 5%, and 1% respectively.
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effect is obtained in connection to high income. It implies that there might be other workers in
the household who share both the work and maintenance activities in household.

Technology usage of a traveler is also affected by his/her socio-demographic and built
environment characteristics. As anticipated, millennials are more tech-savvy and hence, more
preferred to use ride-hailing services and to do internet shopping than non-millennials. Higher
income is significantly associated with ride-hailing usage and internet shopping. Travelers living
in higher density areas increases the likelihood to use ride-hailing services due to the availability
of frequent services. A traveler being a millennial increases the chance of making higher fraction
of trips with household or non-household members. As anticipated, presence of child and other
adults in the household increases the chance of making higher fraction of trips with household
members. Travelers with high income is more likely to make higher fraction of trips with
household members compared to trips with non-household members. Again, presence of child

and higher vehicle-driver ratio increases the chance of using private vehicle in the work tour.

3.6 Conclusions

This study characterizes the transit commuters based on the complexity of trip chaining they
make within a work tour and assesses the impact of various factors on the likelihood of a
commuter to choose a particular type of work tour. The impact of various factors on work tour
choice is analyzed by conceptualizing a causal structure among a set of socio-demographic
characteristics, built environment variables, activity participation, and a particular tour choice by
using SEM for path model. Based on the 2017 NHTS data, results suggest that millennial male
commuters with high vehicle ownership who have spouse, other adult members but no children

at their households tend to make simple work tours. On the other hand, non-Caucasian non-
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millennial female commuters having children at home are more likely to make complex work
tours. And, Caucasian higher income millennials who have a full-time job and who have higher
flexibility in job arrival time are prone to make complex tours with work-based sub-tours. The
findings of this study can provide better insights on identifying the transit commuters with a
particular type of work tour and the factors that govern the tour choice, which can eventually
help to predict the number of stops within a tour for each individual and then to schedule a tour

in an activity-based model.
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CHAPTER 4: Tour Formation of Ride-hailing Users

4.1 Introduction

The emergence of technology-enabled on-demand ride services (e.g., Uber or Lyft), also known
as ride-hailing, creates new opportunities for transportation and arguably has impacted daily
activity-travel behavior in recent years. Since the advent of ride-hailing (circa 2009), services
have experienced significant growth in demand. Recent studies in American cities show that
about 21 percent of adults now personally use ride-hailing services and an additional 9 percent
use it with friends (Clewlow and Mishra, 2017). Ride-hailing services expand the set of travel
alternatives and substantially increase the flexibility in activity scheduling and travel choices,
thus affecting travel behavior in several ways, including increasing travel options, reducing
travel uncertainty, and potentially replacing the use of other travel modes (Alemi et al., 2018a).
These services can offer superior user experiences through a set of benefits that other transport
choices can hardly provide, such as real-time information about wait time, the identification of
both drivers and passengers prior to making a trip, and a simple payment method.

Despite of the rising demand of ride-hailing services, the lack of available data from its
major companies limits comprehensive examination of travel behavior of ride-hailing users.
Prior studies considered ride-hailing in terms of its emergence (Taylor et al., 2015), user
demographics and activity demands (Young and Farber, 2019), use across socio-demographic
classes (Alemi et al., 2018b), use among older adults (Leistner and Steiner, 2017), regulations
and legal issues (Beer et al., 2017; Flores and Rayle, 2017), differences with taxi service (Rayle
et al., 2016), as well as impacts on transit and taxi (Hall et al., 2018; Contreras and Paz, 2018),

VMT and parking (Henao and Marshall, 2018, 2019).
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However, previous studies have focused on independent ride-hailing trips and thus, have
not considered the complete sequence of activities and trips (pattern) made by a ride-hailing user
over a full day and consequently are unable to address key interrelationships regarding the choice
of time, destination, and mode usage for other trips in connection with the ride-hailing trip(s). In
this study, these interrelations are analyzed in a holistic manner via an activity-based approach
that uses full activity-travel patterns or tours as a basic unit of analysis, with a tour being defined
as a sequence of trips and activities that begin and end at the same location. This approach is
applied to explore the complex travel behavior of ride-hailing users. The particular research
questions in this context are: how do people use ride-hailing in their daily life? Do heterogeneous
groups of ride-hailing users with representative activity-travel pattern exist among the user

population?

4.2 Data and Sample

This study analyzes data from the 2017 National Household Travel Survey (NHTS), a source of
information about travel by US residents in all 50 states and the District of Columbia. This
survey sponsored by Federal Highway Administration includes data on trips made by all modes
of travel (private vehicle, public transportation, pedestrian, biking, etc.) and for all purposes
(travel to work, school, recreation, personal/family trips, etc.). The dataset contains the following
four data tables:

e Households (socio-economic and location characteristics of surveyed households)

e Persons (information about the demographic characteristics of all individuals living in

those households)
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e Trips (trips made within a 24-hour period by all household members aged 5 or older and
trip-related attributes)

e Vehicles (vehicles used by the responding households)
The dataset contains 264,234 persons from 129,696 households who took a total of 923,572 trips.
For the analysis, ride-hailing users are identified as those individuals who make at least one trip
on the survey day by using ride-hailing. Since ride-hailing was identified in NHTS as using taxi,
limo, or Uber/Lyft, services provided by Transportation Network Companies cannot be separated
from convention taxi services. The final sample was 1,677 individuals making 2,813 ride-hailing

trips.

4.3 Analysis of Ride-hailing Trips

I categorize activity purposes for which ride-hailing trips are made into five groups: work (work-
and work-related trips), maintenance (school/daycare/religious activity, medical/dental services,
buying goods (groceries, cloths, appliances, gas), buying services (dry cleaners, banking, service
a car, pet care), other general errands (post office, library), and drop off/pick up someone),
discretionary (buying meals (go out for a meal, snack, carry-out), recreational activities (visit
parks, movies, bars, museums), and visiting friends or relatives), change of mode (trip made to
transfer from mode to another, say using Uber to catch a flight), and return home. A considerable
fraction of ride hailing trips was reported to access discretionary activity locations (24 percent),
whereas 9 percent trips were used for mode of change. The use of ride-hailing for returning
home was reportedly quite high (about 37 percent). Returning home is indeed a very common

use of ride-hailing (Young and Farber, 2019).
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Table 4.1 Ride-hailing trips per day by ride-hailing users

No. of ride- Total % of ) ) % of
Three dominant trip purposes

hailing trips  travelers travelers
Return home 39.9

1 51.8 Change of mode 18.1
Discretionary 16.3
Return home and Discretionary 35.3

2 36.7 Return home and maintenance 234
Return home and work 6.2
Return home and two discretionary activities  11.9

>2 11.5 Return home and two maintenance activities 10.9
Three discretionary activities 4.7

Table 4.1 shows the daily frequency of ride-hailing trips. It is observed that more than
half of ride hailing users (51.8 percent) make only one ride-hailing trip, 36.7 percent make two
ride-hailing trips, and the remainder make more than two trips per day. In all cases, returning
home is the dominant activity purpose, followed by discretionary activities. Change of mode is
also a common trip purpose for ride-hailing, especially when travelers make only one ride-
hailing trip.

Figure 4.1(a) and 1(b) show the distribution of travel times (in minutes) and travel party
size for various activities on ride-hailing trips. Since an estimated travel time from mapping
services or ride-hailing apps infers better understanding on spatial distance between two
locations than the actual distance, I here examine the distribution of travel time for various
activities rather than travel distance. Maintenance trips are typically shorter than other trip
purposes, while change of mode trips are longer than other purposes. More specifically, higher
fraction of maintenance trips (53 percent) are less than 15 minutes, whereas the same fraction of
change of mode trips (53 percent) reflect travel times between 20 to 50 minutes (Figure 4.1(a)).

Regarding travel party size, ride-hailing users mostly travel alone (cf. Figure 4.1(b)) for any out-
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of-home activities (over 50 percent for all activities). In particular, about 91 percent ride-hailing
trips for work are lone trips whereas trips for other purposes tend to be shared by multiple

persons (the fraction of trips with two travelers is 34 percent for discretionary and 36 percent for

change of mode purpose).
m 0-15 m 15-20 m 20-30 m 30-50 ® >50 1 m2 m>2

Change of mode | SEINTSISH 29.5 23.7 14.0 Change of mode 54.0 361 9.9

Return home [IIESOIGENNISZNNN22/10010.8/9:1 Return home 65.7 287 5.6

Discretionary [ EEESIOEENN20IZINN2110"6.76:4 Discretionary 59.6 7342 6.2

Maintenance |INIINEGEGSEGENITEI0IN1913W6.78:3 Maintenance 69.0 1234 7.6
Work  INSSHNT18:700 214 13.0 8.2 Work 91.2 751.3
0% 20%  40%  60%  80%  100% 0%  20% 40% 60% 80% 100%

Percentage of trips by travel time (min) Percentage of trips by travel party size
(a) (b)

Figure 4.1 Distribution of (a) travel time and (b) travel party size by activity type

Next, I investigate how the demand of ride-hailing trips varies over time-of-day. Figure
4.2 shows that for all conventionally defined periods of travel time periods, the majority of ride-
hailing trips (about one-third) occur during evening period (7pm-6am) (Young and Farber,
2019), with only 10 percent of ride-hailing trips being made during the AM peak period (6am-
9am). The demand of ride-hailing also varies between weekdays and weekends. The share of
trips during weekdays is higher than weekends in most time periods (except evening when the
trend is reversed). Figure 4.2 also shows that the majority of weekend ride-hailing trips are made

during evening period.
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0

AM peak Midday PM peak Evening
(6am-9am) (9am-3pm) (3pm-7pm) (7pm-6am)

Percentage of trips

Time of day

Figure 4.2 Temporal distribution of ride-hailing trips
The fraction of people travelling for different activity purposes (work, maintenance,

discretionary, and return home) can be displayed in a time in motion plot as shown in Figure 4.3.

% of people

| |
B Work B Mainten O Discre E Home i i B work B Mainten [0 Discre B Home

i + i i ' ' T T
| AM peak | Mid day | PMlpeak | Evening - i AM peak i Mid day 3 PM peak i Evening
/ i\ | ] B I | i |

% of ride-hailing users

3am
Sam
Tam
9am
11am
1pm
Spm
Tpm
9pm
11pm
1am —
1am

Spm
7pm -
Spm
11pm

(a) Traveler by all modes (b) Traveler by ride-hailing
Figure 4.3 Time in motion plot by activity purposes
The figure compares travelers making trips by (a) all modes versus (b) ride-hailing only. Note
that the range of vertical axis of these two figures is different. It is observed that while travelers
generally return home during the PM peak period (high peak of people participation in "return to

home" during PM in Figure 4.3(a)), they tend to use ride-hailing later for the same purpose
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(during evening). Regarding discretionary trips, it is observed that there are two peaks occurring
during the midday and PM peak periods. When travelers do use ride-hailing for discretionary

purposes they make the higher portion of those trips during the PM peak period.

4.4 Analysis of Ride-hailing Tours and Patterns

The attention is now returned to analyzing the travel behavior of ride-hailing users that cannot be
done with the single trip-based analysis presented earlier. This part of analysis is rather complex
in nature as they involve analyzing trips in terms of fours and patterns. A tour is defined by a
sequence of trips and activities that starts and ends at the same location, whereas pattern suggests
a full sequence of activities and trips made in a day by an individual (this might include more
than one tour).

In this study, all tours considered are home based tours (both start and end at home). A
simple tour starts and ends at home and includes a single non-home activity. If the activity
performed is work, then it is a simple work tour; for any other activity type, it is simple non-work
tour. On the other hand, a tour containing more than one non-home activity location is defined as
a complex tour. If all non-home activities are work, then the tour is a complex work tour; if all the
non-home activities are non-work, then the tour is a complex non-work tour. Complex tours can
also combine work and non-work activities in the same tour, in which case they are work-
nonwork mixed tours (Rafiq and McNally, 2019).

Home-based ride-hailing tours are generated by linking person trip sequences that start
and end at home and contain at least one trip by ride-hailing. The result was a total of 1,198
home-based tours. Note that while constructing “tours”, change of mode is not considered as an

activity purpose. Because it is part of the whole trip to access a particular activity site and the
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inclusion of this type as a separate non-work activity may artificially increases the complex

nature of tours (Noland et al., 2008; Ho and Mulley, 2013). Among all ride-hailing tours, 45
percent of tours have exactly one ride-hailing trip and the same fraction of tours (45 percent)
have two ride-hailing trips. A detailed analysis of the tours and patterns of ride-hailing users

follows.

4.4.1 Analysis of Tours based on Activity-Travel Sequence

The tour characteristics of ride-hailing users are analyzed based on the sequence of activities and
trips that form the tours. I first extract tour information from data, identify all home-based ride-
hailing tours, and categorize them into tour categories. A small number of frequent tour
categories are identified and the activity-travel characteristics of those tours, as well as socio-

economic and demographic characteristics of individuals who made those tours, are analyzed.

4.4.1.1 Extracting tours from data

Tours are constructed in the form of sequence of activities. To do so, at first I extract trips for
each person from the "trip" data table and code them as W (work), N (non-work), or H (home)
based on where the trip’s "to" purpose (for the first trip of the tour I also record the trip’s "from"
purpose. The trips are ordered by start times. Consecutive trips are separated by a time gap
assumed equal to the duration of the activity performed. This represents each tour as a sequence
of trips denoted by a string of three symbols (H, W, N), deemed a tour string. An example of a
tour string is HNNWNNH, which indicates that the individual left home and performed two non-
work activities prior to work and then two more non-work activities before returning home. In

addition to the sequence of activities captured in the tour strings, the activity type of each non-
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work activity (maintenance, discretionary, etc.), the time spent at each activity, the mode of

transportation, and the duration of each trip are also recorded by tour.

4.4.1.2 Dominant categories of tours

After constructing all tours, I identify the five most dominant strings, which are: HNH, HNNH,
HNNNH, HWH and HWNH (their distribution is shown in Figure 4.4). These strings represent
about 76 percent of the total tours while the remaining 24 percent of tours demonstrate a total of
67 diverse and more complicated tour strings. Based on our definition of tours, these five tour
strings can be placed under four broad tour categories: simple non-work, complex non-work,
simple work, and work-nonwork mixed (cf. Figure 4.4). Note that HNNH and HNNNH belong
to the same category 2 (simple non-work tours) so they are marked as 2a and 2b respectively. In
the following, I identify the individuals who made these tours and produce summary statistic of

their socio-demographic and travel characteristics.

< »

Tour category 1 (n=423. 35%)

(W ‘Dmﬁl
@ .

Tour category 2a (n= 207, 17%) Tour category 2b i(n= 91, 8%)

b

Tour category 3 (n=140, 12%) Tour category 4 (n= 52, 4%)

Figure 4.4 Dominant categories of ride-hailing tours: (1) simple non-work tour, (2a, 2b)

complex non-work tour, (3) simple work tour, and (4) work-nonwork mixed tour
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4.4.1.3 Socio-demographic characteristics

The distribution of socio-demographic characteristics of ride-hailing users by tour category is
shown in Figure 4.5. A difference between the characteristics of people who use ride-hailing for
work tours and those who use it for non-work tours is observed. The prevailing socio-
demographic characteristics of non-work tour makers (categories 1 and 2, shown as solid lines in
Figure 4.5) are non-millennials (age > 38 years) and married females. They typically belong to
households that have at least two members and have more than one vehicle. A majority of them
belong to high income group. In contrast, travelers who make work tours by ride-hailing are
typically millennials (age 18-38) and married with high income (categories 3 and 4, shown as
dashed lines in Figure 4.5). Again, simple work tour makers are male dominated group whereas
work-nonwork mixed tour makers are dominated by female group. Most of the simple work tour

makers (65 percent) are not considered as the primary driver in their households.

HH size 1
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chile Child 8- HHsize 2
17 60 -
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Married 40 _ HH wehide 0
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Gender | “*+., | HH income
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millennials ¥ ~ High —— Tour category 2b (H-N-N-N-H)
i fale = Towr category 3 (H-W-H)
Millennials Not emploved
age 18-38 — — Tour category 4 (H-W-N-H)

Figure 4.5 Socio-demographic characteristics of travelers for identified tour categories
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4.4.1.4 Activity-travel characteristics
Next, the mode for each trip of a tour as well as the purposes for each non-work activities within
the tour for each identified tour category are examined (cf. Table 4.2).

Table 4.2 Percentage of tours for trip modes and non-work activities

Simple non-work Complex non-work Simple work Work-nonwork mixed
(%) (%) (%) (%)
Trip Mode Tour category 1 Tour category 2a Tour category 2b Tour category 3 Tour category 4
H-N-H H-N-N-H H-N-N-N-H H-W-H H-W-N-H
n=423 n =207 n=91 n =140 n=52
H-N N-H HN NN NH | HN NN NN NH|HW W-H H-W W-N N-H
Public Transit 7.1 24 135 6.3 39 | 209 55 66 55 | 129 5.7 25 17.3 1.9
Walk 5 54 14 314 135 | 209 451 429 143 | 29 3.6 3.8 154 7.7
Private vehicles 10.2 9.2 193 14 116 | 176 154 143 198 | 164 16.4 21.2 28.8 42.3
Ride hailing 79.4 83.7 575 517 758 | 418 319 374 626 | 714 77.9 53.8 46.2 51.9
Other 4 47 4.8 48 34 | 88 3.3 1.1 22 | 121 114 3.8 0 3.8
Nonwork activity purpose
School/Daycare/Religious 10.6 9.2 14 6.6 55 44 1.9
Medical/Dental 16.1 116 43 6.6 1.1 22 38
Shopping/Errands 18.9 164 256 286 297 275 32.7
Social/Recreational 33.3 333 3941 308 209 44 30.8
Pick up/Drop off 21 3.9 1 8.8 22 22 1.9
Buying meals 17 222 266 154 352 165 25
Others 1.9 3.4 1.9 3.3 55 33 3.8

The table shows variations in the distribution of modes across different trip types. For non-work
activities, it shows how non-work activity purposes differ across the different tour categories.
The table reveals that ride-hailing is predominantly used in both legs in most of the simple tours
(in about 80 percent of tours for non-work and 75 percent for work). Similarly, in complex tours,
ride-hailing is mostly used for the first and last trips within a tour. However, for in-between trips,
a large fraction of travelers is observed to walk while going from one non-work activity location
to another and to use private vehicle to connect workplace with a non-work activity location.

For non-work activity purposes, Table 4 shows that discretionary activities (e.g.
socializing with friends or relatives, recreational activities, buying meals) are the most frequent

activities performed in non-work tours. On the other hand, when non-work activity is performed
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within a work tour, both maintenance (e.g. buying goods, services or other general errands) and

discretionary activities are reported in a larger fraction of tours.

4.4.2 Analysis of Patterns by Clustering Ride-hailing Users

It is postulated that despite the complexity of individual's activity-travel patterns, the overall
ride-hailing user population might fall into a small number of distinct sub-groups each of which
might have representative activity-travel patterns, particularly in terms of ride-hailing usage. The
identification of these distinct groups of people is done by cluster analysis, more specifically by
using Latent Class Analysis (LCA). LCA is commonly used in a range of travel behavior
research, including to classify immigrants based on their travel behavior (Beckman and Goulias,
2008), individuals based on their residential location preferences (Liao et al., 2015), ride-hailing
users based on individual lifestyles (Alemi et al., 2018a), and millennials based on their mode
usage (Molin et al., 2016; Ralph, 2017; Lee et al., 2019). The LCA is applied to probabilistically
assign individual ride-hailing user to a set of classes where each class represents homogeneity of
activity-travel patterns related to ride-hailing usages (in timing of trips and their purposes) within

classes and heterogeneity of patterns across classes.

4.4.2.1 Latent Class Analysis for clustering ride-hailing users

LCA is a mixture model that hypothesizes that there is an underlying unobserved categorical
variable that divides a population into mutually exclusive and exhaustive latent classes (Lanza
and Rhoades, 2013). Due to Linzer and Lewis (2011), I have the following formal construct for
the model. Suppose each member of the population (indexed by i) contains J “indicators”

variables (indexed by j), each of which can take a value from a set of K; possible outcomes (all
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indicators variables are categorical). Let Y;x = 1 if respondent i takes k-th outcome for its j-th
categorical variable, and Y;x = 0 otherwise (¥; denotes the corresponding vector). For a given
number of classes, say R, LCA attempts to simultaneously compute: (a) the probability that a
respondent falls into a certain class, denoted by p,, for =1, 2,...R, and (b) the class-conditional
probability, denoted by m;«, that an observation in class » produces the k-th outcome on the j-th
variable. The likelihood of observing a certain respondent is therefore given by:
R ] Kj
roimpy = Y pe | ] [mmoron
r=1  j=1 k=1

The parameters that the LCA model estimates are p, and m;x, which are found via
maximum log-likelihood estimation (MLE). In a more generalized LCA model, the class
probabilities, p,’s, are regressed (by using a logit link function) from a set of observed variables,
called “covariates”. Hence, the estimation technique finds a set of per class co-efficient vector,
B, (instead of p,), along with ;4 (refer to Linzer and Lewis (2011) for details).

As stated, LCA requires a set of indicator variables that defines the characteristics of each
latent class and a set of covariates that help to predict the probability an individual belonging to a
latent class. The indicator variables I chose include the timing and purposes of ride-hailing trips,
vehicle ownership and employment status of the traveler, frequency of ride-hailing usage (in last
month), and the day of travel (weekend or weekday). The covariates are to understand the class
membership profiles that consist of various socio-demographic characteristics, such as gender,
age, household income and household size, and population density (persons per sq. mile) in the
census block group at the home location.

[ used poLCA (Polytomous variable Latent Class Analysis) in the statistical software

package R to run LCA. R provides model parameters and goodness of fit measures, (chi square
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with degrees of freedom and information criteria AIC (Akaike Information Criteria) or BIC
(Bayesian Information Criteria)). AIC or BIC are usually used to compare relative fit of models
with different numbers of latent classes, where a lower value suggests a better model fit. In this
case, I varied class sizes from 3 to 8 and observed the associated fit measures and also
empirically assessed the extent that the resulting classes could be described and interpreted. I
accepted the model with class size four.

Each of the identified four latent classes corresponds to an underlying group of
individuals who are characterized by particular pattern of social-demographics features and ride-
hailing usage. The resultant four classes are outlined in Table 4.3. Moreover, class-conditional
membership probabilities for the indicator variables and covariates by each class are shown in
Table 4.4 and the effects of covariates on class membership are presented in Table 4.5. What
follows next are the detail description of (a)who belong to which class and their ride-hailing
characteristics, (b)class membership profiles (which factor influenced an individual belonging to
a certain class), (c)detailed activity-travel patterns of the four classes of ride-hailing users.

Table 4.3 Summary of ride-hailing users by four latent classes

Ride-hailing user Class Class

1 1 ti

Class class size share Class properties

1 Work trip users 292 17.0%  Young, all employed who use ride-hailing for work

purpose and they are frequent ride-hailing users.

2 Midday 332 19.8%  Older adults, living alone, a low-income group who
maintenance trip use ride-hailing during midday for maintenance and
users return home purpose and infrequent ride-hailing users.

3 Evening 611 36.1%  Young, employed, live with spouse/partner, use ride-
discretionary trip hailing solely during night time for discretionary and
users return home purposes.

4 Mode change trip 442 27.1%  Young, affluent who use ride-hailing during midday
users and PM-peak periods as access and egress mode
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4.4.2.2 The four identified ride-hailing user classes

The first class (also the smallest one with 17 percent users) is the work trip users who, as the
name suggests, use ride-hailing trips to go to work (100 percent) and make ride-hailing trips on
weekdays (85.7 percent). This group appears to be regular ride-hailing users as 43.5 percent say
they use ride-hailing apps more than 5 times in the last 30 days. The group constitutes
millennials (aged between 18 to 38) males who are mostly employed (98.3 percent), have a high
income (58 percent with annual income higher than $100K), and have at least one car in their
household (85.1 percent). In addition to going to work, a considerable fraction of them (30.8
percent) uses ride-hailing to return home but only infrequently to perform other activity types.
Their ride-hailing trips uniformly span the day, which can be attributed to their using ride-hailing
to go work, perhaps during AM peak (6am — 9am) and Midday (9am — 3pm), and then again
avail ride-hailing to return home in the late afternoon and in the evening.

The second ride-hailing user group is called midday maintenance trip users (19.8 percent
of total users) who make ride-hailing trips during mid-day and most of them make ride-hailing
trips for doing maintenance activities and for returning home (69.2 percent and 80.4 percent
respectively). As per sociodemographic characteristics, these individuals are mostly single (43.5
percent live in households with only one member) older women who are not employed and have
low income (75.9 percent earn below $35K per year). Importantly, this group of people do not
have a personal vehicle (66.2 percent), in contrast to other classes with over 80 percent of
members having at least one vehicle. This class only uses ride-hailing occasionally (78 percent
did not use a ride-hailing app during the last 30 days). Leistner and Steiner (2017) found a

similar class of ride-hailing users among seniors.
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The third class is the largest ride-hailing user group identified (36.1 percent of 1677
users) and is deemed evening discretionary trip users. Members of this class use ride-hailing
mostly for discretionary purposes, such as socialization and recreation, in the evening (59
percent have at last one discretionary trip while 83.5 percent have ride-hailing trips made during
the evening (7pm — 6am)). Members of this class are mostly millennials, equal split between men
and women, mostly employed (80 percent), higher income group (51.5 percent earn more than
$100K per year) from car owning households (82.9 percent have at least one car) with two or
more members. Unlike other classes, this class makes more ride-hailing trips on weekends than
weekdays (59.4 percent vs 40.6 percent). Class members use ride-hailing for evening
discretionary trips despite owning household vehicles, perhaps to avoid parking or legal
constraints as reported in some studies (Clewlow and Mishra, 2017).

Finally, the last class (class 4) of ride-hailing users use ride-hailing for a very specific
purpose, that is, to change of mode of transport. This change of mode corresponds to users going
to a train/bus station or airport where they access another transport mode. This class is, therefore,
called mode change trip users and constitutes a fairly large fraction of ride-hailing users (27.1
percent). While only a few individuals (5 percent or less) report using ride-hailing to change
modes in other classes, 50 percent in this class made ride-hailing trips to do so, mostly during
midday on weekdays. This group is fairly uniform over gender and age groups. They belong to
higher income households having at least one vehicle with nearly 85 percent having two or more

household members and they live in medium density areas.
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Table 4.4 Class-conditional membership probabilities by each class

Midday Evening
Work maintenance discretionary Mode change
trip users (%) trip users (%) trip users (%) trip users (%)
Class size? 292 332 611 442
Class share 17.0 19.8 36.1 271
Indicator variables
Purpose of ride-hailing trip
Work 100.0 6.4 24 0.7
Maintenance 3.5 69.2 8.1 15.0
Discretionary 10.6 12.0 59.0 28.4
Return home 30.8 804 81.5 295
Change of mode 58 0.0 0.9 49.7
Timing of ride-hailing trip
AM peak (6am - 9am) 33.2 24.0 0.2 204
Midday (9am - 3pm) 48.1 71.5 13.5 46.1
PM peak (3pm - 7pm) 40.5 26.9 41.0 35.8
Evening (7pm - 6am) 35.0 15.9 83.5 20.8
Day of travel
Weekend 14.3 17.5 59.4 25.8
Weekday 85.7 82.5 40.6 74.2
Frequency of rideshare app usage
(in last 30 days)
None 30.5 78.3 18.7 35.2
1-5 times 25.7 9.6 38.3 38.6
more than 5 times 43.8 121 43.0 26.2
Household vehicle ownership
Own at least one vehicle 85.1 33.8 82.9 98.1
Does not own vehicle 14.9 66.2 171 1.9
Employment status
Employed 98.3 20.9 80.2 66.4
Not employed 1.7 791 19.8 33.6
Covariates
Gender of the traveler
Male 54.6 34.8 48.9 48.8
Female 45.4 65.2 51.1 51.2
Age of the traveler
Millennials (18-38 years) 44.5 19.6 55.7 29.2
Generation X (38-58 years) 375 281 246 295
Older (more than 58 years) 15.4 45.6 14.6 32.8
Household income
Low income (less than $35K) 16.1 75.9 11.0 6.0
Middle income ($35K - $100K) 245 16.7 36.4 254
High income (more than $100K) 58.0 2.6 51.5 67.1
Household size
One person 20.8 43.5 274 13.9
Two persons 40.1 30.1 48.3 51.9
more than two persons 391 26.4 24.2 34.2
Population density (persons per sq.
mile) in census block group
Low density (0 - 2,000) 25.8 31.0 174 325
Medium density (2,000 - 10,000) 49.1 48.3 37.5 43.9
High density (more than 10,000) 25.1 20.7 45.0 23.6

a Class of each sample is determined by modal assignment (so the percentage may not match)
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4.4.2.3 Prediction of latent class membership

Table 4.5 shows covariate coefficients for three classes relative to the first class (i.e., work trip
users). Females are more likely to belong to class 2 (midday maintenance) and class 4 (mode
change) than to class 1 (due to negative sign of the associated co-efficients). Generation X and
older ride-hailing users more likely belong to midday users (class 2) and less likely to be evening
users (class 3). Moreover, this group of people are more likely to use ride-hailing for change of
mode of transport (class 4).

Table 4.5 Prediction of latent class membership (N = 1,677)

Midday Evening
maintenance discretionary Mode change

trip users trip users trip users
Covariates vs work trip users  vs work trip users vs work trip users
Gender of traveler: Male -0.460* -0.163 -0.333*
Age of traveler (baseline: Millennials, 18-38 yrs.)
Generation X (38-58 years) 0.915** -0.645** -0.088
Older (more than 58 years) 2.163** -0.450* 0.875***
Household income (baseline: low income, < $35K)
Middle income ($35K - $100K) -2.089*** 0.778*** 0.790**
High income (>$100K) 4,751 0.412* 0.963***
Household size (baseline: single person)
Two persons -0.179 -0.008 0.457*
more than two persons 0.331 -0.639** 0.299
Population density (persons per sq. mile) in census
block group (baseline: low density, 0-2,000)
Medium density (2,000 - 10,000) 0.004 0.053 -0.286
High density (more than 10,000) 0.102 0.738*** -0.222

*,** and *** indicate statistical significance respectively at 10%, 5%, and 1%.

Household income does affect the class membership: people with middle and higher
income belong to class 3 and class 4 whereas lower income people belong to class 2. The effect
of household size is rather limited: persons from single person households, especially elderly

women, tend to belong to class 2, whereas persons from larger households are less likely to
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belong class 3. Interestingly, I find an association of location variable with class membership,

particularly people living in high density areas are more likely to belong to class 3.

4.4.2.4 Activity-travel patterns of identified user classes

I now analyze activity-travel patterns of the identified four ride-hailing users. A graphical
representation is utilized for each class that shows the sequence of al/ activities and travel
reported in a travel diary day for a randomly selected 50 individuals from a given class. Figure
4.6 shows such drawings for each class (x-axis denotes the time of day and y-axis denotes each
individual with their activities and trips). The sequence of activities and travel is shown as
segments based on the activity and travel duration, color coded based on activity purposes and

mode use.

Class 1. Work trip users

The number of work segments (shown in red in the Figure 4.6(a)) best illustrates the work focus
in this class. The blue segments show ride-hailing use, predominantly preceding the red
segments indicating ride-hailing as a commute mode from home. The presence of a good number
of ride-hailing trips made in the late afternoon or evening suggests the use of ride-hailing after
hours to return home. The majority of this class uses either private vehicle (42 percent) or ride-
hailing (32 percent) as their regular work mode choice. It is found that on the diary day 50
percent of travelers use ride-hailing to work whereas 25 percent use this service to return home,
while 20 percent use it both ways.

Green segments visible in the figure during the late PM peak or evening period show

non-work activity either within the work tour or on separate non-work tours. While a majority of
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the class (37 percent) make work only tours, a large fraction mix non-work activities within work
tours (26 percent) and a smaller fraction make separate non-work tours (15 percent). About 59
percent use ride-hailing as their travel mode while traveling between two non-home locations
(e.g., work to work, work to non-work, or non-work to non-work). Interestingly, about 36
percent of this class did not make a complete tour during the day. Analysis reveals that most of
these people did not start from their home on the travel day, starting instead from a non-home
location with a ride-hailing trip to work.

Members of class 1 average 4.4 trips per day, with ride-hailing accounting for 50 percent
of the trips (with private vehicle use at 21 percent and walk at 14 percent). This class has longer
commute times to work than other classes (26 minutes versus 18 minutes for ‘evening users’ and

13 minutes for ‘mode change trip users’).

Class 2. Midday maintenance trip users

Figure 4.6(b) shows that class 2 demonstratively performs more non-work activities (green
segments) and make most of their ride-hailing trips during midday (blue segments spanning 8am
to 3pm). Ride-hailing is used to perform non-work activities (blue segments juxtaposed with
green segments) and also to return home. Interestingly, these return to home ride-hailing trips
happen during midday, which do mostly occur during the evening in other classes. About 60
percent use ride-hailing to access a non-work location from home, 77 percent use ride-hailing to
return home, and 50 percent use it to do both.

Most members of this class complete non-work tours (53 percent simple and 41 percent

complex) for activities such as grocery shopping and medical visits. This class is dominated by
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Figure 4.6 Sampled activity-travel patterns by ride-hailing class

low income, older, single living individuals who tend to not own a car. A large fraction of users

(63 percent) in this group gave up driving due to medical conditions. Members of class 2 average

3.9 trips per day, with ride-hailing accounting for the majority the trips (60 percent, a higher

share than in other classes). Other shares of travel modes correspond to walk (16 percent) and
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private vehicle (11 percent). The blue segments representing ride-hailing trips of midday users
are longer than for evening users (Figure 4.6(c)), with class 2 having longer average travel times

by ride-hailing (32 minutes compared to 24 minutes for evening users).

Class 3. Evening discretionary trip users

Members of class 3 make their ride-hailing trips in the evening (after S5pm) illustrated by a high
concentration of blue segments on the right side of Figure 4.6(c). These ride-hailing trips are
preceded and followed by non-work activities (green segments), which are predominantly
discretionary activities (e.g. visiting recreational centers, restaurants, friends). About two-thirds
of this class make at least one non-work tour (42 percent simple and 41 percent complex).
Regarding mode usage, 35 percent use ride-hailing to go from home to non-work locations and
32 percent use it to travel between non-work locations. A high percentage of travelers use ride-
hailing to return home from a non-work place (74 percent).

Some members do work (red segments) during midday but then access discretionary
activities from work or via separate non-work tours after hours. While ride-hailing (blue) is
associated with non-work (green) evening activities, other modes are associated with work (red)
activities. This suggests that this class uses ride-hailing for non-work trips, but use either private
vehicles or other modes on their AM-peak work commute (55 and 26 percent report private
vehicle and public transit, respectively, as regular work mode). Members of class 3 average the
greatest average trip rates compared to other user classes (5.6 compared to 4.4, 3.9, 4.8 for class

1, class 2, and class 3, respectively).
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Class 4. Mode change trip users

The activity-travel pattern of class 4 are displayed in Figure 4.6(d) and show distinctly different
travel patterns with members making trips using other travel modes (cyan segments). A number
of travelers do not return home after their trips as marked by the absence of gray segments
(indicative of being at home) at the end of the day. This class features long distance travelers
(cyan colors with longer travel times) who do not return home within the same day. It is found
that about 40 percent of members do not make any complete home-based tour.

Travel by other modes is preceded by or followed by ride-hailing (blue) which indicates
that this class use ride-hailing to access airports, train stations, and other mode change locations

or to reach to the final destination (typically home) from these transportation hubs.

4.5 Conclusion

Ride-hailing has become the pre-dominant shared-mobility service. The emergence of this
technology-enabled (app based) on-demand ride services expands the set of travel alternatives
and substantially increase flexibility in activity scheduling and travel choices, thus affecting
travel behavior in several ways. This study analyzed the travel behavior of ride-hailing users
from an activity-based approach that uses full activity-travel patterns or tours as a basic unit of
analysis. Tours are analyzed based on the dominant sequence of activities and trips. Whereas
patterns are analyzed by clustering ride-hailing users based on travel behavior indicators and by
using Latent Class Analysis (LCA) technique. The empirical results using data from the 2017
NHTS show that 76 percent ride-hailing tours can be represented by five most dominant
sequence of tours where non-work tours are the most frequent tours. A variation is also observed

in the socio-demographic characteristics of ride-hailing users between work and non-work tours.
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The Latent Class model suggests that the ride-hailing user population can be divided into four
distinct classes where each class has a representative activity-travel pattern defining ride-hailing
usage. This implies that people utilize ride-hailing in distinctly different ways (although any user
could actually have behaviors exhibited in any of the four identified classes). Class 1 is
composed of young and employed users who use ride-hailing for work. Single and older
individuals comprise Class 2 and use ride-hailing for maintenance activities during midday.
Ride-hailing Class 3 are younger, employed individuals who use it during evenings for
discretionary purposes. Last, Class 4 members use it for mode change purpose. Since each
identified class has different activity-travel patterns, they will show different responses to policy
directives. This can help ride-hailing operators to address user travel needs as users respond to

different policy constraints.
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CHAPTER 5: Tour Formation of Workers During Recession 2007-2009

5.1 Introduction

The technology, climate, economic, and demographic changes currently evident portend future
change in travel behavior. Despite prior stability of automobile ownership and use patterns, these
changes likely will have direct impacts on activity-travel patterns. To analyze such change
essentially requires before or after data, something that is difficult to obtain when the drivers of
change are not within our control. The 2009 recession provides a relatively short tenure
economic change, and the American Time Use Survey (ATUS) provides data before, during and
after that recession.

Prior studies consider recession impacts using ATUS data (Aguiar et al., 2013; Berik and
Kongar, 2013) but these reflect only time allocation behavior and not travel behavior. Studies on
changes in travel behavior due to recessions are limited. These works focused on various
changes during recessions, such as automotive travel behavior (Thomas et al., 2015; Blumenberg
et al., 2016), travel expenditures (Thakuriah and Mallon-Keita, 2014; Keita and Tilahun, 2017),
traffic fatalities (Noland and Zhou, 2017), and millennials’ activity-travel behavior (Garikapati et
al., 2016). However, these studies did not consider changes in travel behavior from an activity-
based approach.

Activity-based approach is widely used to analyze complex travel behavior. The
fundamental tenet of this approach is that travel decisions are driven by a collection of activities
that form an agenda for participation and, therefore, travel cannot be properly analyzed on
individual trip basis. The process of assembling a travel-activity pattern and the choice attributes

of each component can only be understood within the context of the entire agenda (McNally and
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Rindt, 2008). In this work, time use data is utilized to analyze changes in travel behavior during a
recession compared to that before and after in a holistic manner via an activity-based approach.
This approach uses fours as a basic unit of analysis, with a tour being defined as a sequence of
trips and activities that begin and end at the same location, in this case at home.

While ATUS time use data provides rich before and after data, it is limited in that it is a
cross sectional survey of only a single household member. To narrow the focus, I examine the
changes in travel behavior during a recession on only employed persons. Granted, individuals
that maintain employment throughout an economic recession is less impacted, but this choice
allows us to examine the relationships between changes in travel behavior and the changes in
employment type (for example, fulltime, part time, or multiple jobs). My second interest narrows
travel behavior to tour formation. The particular research questions are: how is time allocated to
different activity demands at different times of a day and how are these activity demands
allocated to out-of-home travel tours? How does the imposition of an external change affect how
people organize their daily activity-travel patterns, here in the form of tours?

The next section describes relevant studies regarding recessions. Then I define the
representation of complex travel behavior in the form of tour types. The time use data and the
sample are then described followed by an overview of methodology, here, multiple group
structural equation models (SEM). An extensive summary is then presented of model results and
the implications for changes in travel behavior in the face of an external change, that is, the 2009

recession. Last, conclusions and potential implications for policy are provided.
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5.2 Literature Review

This section provides an overview of previous research studies relevant to this work with a

particular focus on time-use and travel behavior related studies considering recession.

5.2.1 The 2007-09 Recession and Its Notable Impacts
The most recent recession began in December 2007 and continued for the next two years
(National Bureau of Economic Research, 2018). A recession is in general characterized by a
slowdown in the national economy, a downturn in the business cycle, and a decrease in the
amount of production and sales of goods and services (Bureau of Labor Statistics, 2012). The
recent 2007-09 recession had also some notable changes. One of the remarkable features of the
recession was higher unemployment rates. According to the Bureau of Labor Statistics (2012),
the national unemployment rate was 5 percent at the end of the year 2007 but this was doubled
over the next two years (to 10 percent in October 2009). Recession caused a reduction in not
only employment status but also to workers' hours. It was reported that the aggregate work hours
(product of total number of employees and average weekly hours) dropped by 7.7 percent
between December 2007 to December 2010 (Kroll, 2011). Moreover, during the recession, the
number of individuals who are employed part-time for economic reasons (also known as
involuntary part-time workers) increased drastically (Borbely, 2009). The result was that workers
often started to find and work in more than one job (Hipple, 2010).

In addition to employment, notable changes occurred in consumers' purchasing behavior
during the recession, for example, in the housing sector. Homeownership rates dropped in
conjunction with the depreciation in housing prices and increase in home foreclosures. Winkler

(2013) reported that from 2007 to 2010, housing prices fell about 13 percent in the US whereas
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the home foreclosure rate increased from 0.87 percent to 3.26 percent. Another change in
consumer purchasing behavior was observed in the auto sector, which can be characterized by
lower car ownerships, delayed purchase of additional vehicles (new or used) when selling,
increased number of zero-car households and therefore reduced transportation expenditures

during the recession (Thakuriah and Mallon-Keita, 2014).

5.2.2 Changes in Time Use and Travel Behavior During the Recession

During the recession, changes occurred in time allocation behavior. By using the 2003-2010
ATUS data, Aguiar et al. (2013) identified that household production and leisure activities
mostly absorb the reduced work hours during recession. According to their findings, 30 percent
of the foregone work hours is substituted by core household production activities, such as
cooking and cleaning and 50 percent is substituted by sleeping and watching television. A
significant difference in time allocation behavior between men and women is also observed. For
example, the reduced work hours are allocated more to core household activities for women
whereas TV watching and education for men.

Again, using the same dataset, Berik and Kongar (2013) examined that the gender gap is
narrowed in both paid and unpaid work hours during recession between married mothers and
fathers as mothers substituted paid work for unpaid work and fathers’ paid work hours were
reduced. In addition to time allocation behavior, Krueger and Mueller (2012) investigated the
relationship between unemployment and well-being issues. They found that although
unemployed people spent more time in leisure activities than employed people during recession,
they enjoyed those activities to a lesser degree by reporting higher level of sadness than their

employed counterparts. Thus, the effects of recession are predominantly considered from the
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perspective of time allocation behavior in social science literature. But these studies do not
address the recession effects from travel behavior perspective.

Several studies in transportation planning field observed recession effects on travel
behavior. McCahill (2017) examined that total domestic vehicle miles traveled (VMT) peaked in
2007, dropping significantly until 2014. Per capita VMT decreased by about 7 percent in this
period despite a general recovery in the economy. Furthermore, public transit ridership in many
metropolitan areas in the US dropped significantly, a trend that unlike VMT did not return to
pre-recession levels (per capita transit use dropped about 9.7 percent since 2014) (The Transport
Politic, 2018). Other studies also consider recession impacts on public transit but mostly in the
context of European countries (Efthymiou et al., 2018; Ulfarsson et al., 2015; Cascajo et al.,
2018).

Again, studies report about the reduced travel expenditure during recession (Thakuriah
and Mallon-Keita, 2014; Pauline, 2012). Since income has effect on travel behavior, the decline
in household income due to the economic downturn leads to reduction in travel spending, which
results in reduced mobility and activity participation particularly in female-headed and low-
income households (Keita and Tilahun, 2017; Thomas et al., 2015). The decline in household
income, on the other hand, causes reduction in making trips and consequently reduction in traffic
fatalities (Noland and Zhou, 2017; Maheshri and Winston, 2016).

The 2007-09 recession has impacts on travel behavior of millennials. Garikapati et al.
(2016) observed a lag among millennials in adopting the activity-travel pattern of their
predecessor generation, which is partially due to the lingering effects of the great recession.
Blumenberg et al. (2012) examined changes in travel behavior of youth and adults during the

recession. They found that unemployment was considerably higher among youth than adults,
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which results in a higher decline in work-related travel as well as travel for other purposes
among the youth population. Since it was difficult for them to own and operate automobiles due
to the economic crisis, they rely more on alternative modes, such as public transit and walking

for travel.

5.2.3 This Study in the Context of Previous Studies

Previous literature in social science mostly focuses on the changes in time allocation behavior
during the recession, but provide little consideration on travel for various activities. Research
that focuses on changes in travel behavior due to the economic crisis, explore changes in travel
in the context of vehicle miles traveled, travel expenditure, transit usage, and traffic fatalities.
However, in these studies, findings are mostly drawn based on univariate statistical analysis.
Again, these studies do not consider changes in activity-travel behavior from an activity-based
perspective. In particular, they do not take into account whether people change their sequence of
activities and trips (tour) during a recession to gain efficiency in activity participation, for
example, performing multiple out-of-home activities within a single tour instead of going to
multiple places back and forth from home or mixing non-work activities with work instead of
making separate non-work tours.

This study, on the other hand, explores such changes in tour patterns for employed people
by using a multivariate statistical technique. In this study, a multiple group structural equation
modeling (SEM) is developed that enables the investigation of invariance in causal structures
among the pre, during, and post-recession years. More specifically, it helps to examine whether
the choice of tours (work and non-work) varies during the recession due to the changes in socio-

economic characteristics (e.g. nature of jobs) and time spent in activity participation. Multiple
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group SEM is widely used in travel behavior research to find out differences across various
transport user groups (detailed discussion in model specification section). However, little is
known about the use of this technique to explore the temporal differences in the conceptualized
causal structure.

To develop this model, American Time Use Survey (ATUS) data is used. ATUS is the
most reliable national-level time-use data that is widely used in social science literature to
analyze time-use behavior of individuals (e.g. Robinson and Martin, 2010; Mastracci, 2013;
Anand and Ben-Shalom, 2014). This data is also used in travel behavior studies to examine
activity-travel behavior of particular groups (Bernardo et al., 2015; Fan, 2017; Garikapati et al.,
2016; Gimenez-Nadal et al., 2018) or to connect activity-travel time use with well-being issues
(Archer et al., 2013; Stone and Schneider, 2016; Morris, 2015). In addition, from activity-based
perspective, researchers use this data to model various activity choice, time-use, joint-activity
participation, and activity scheduling issues (Ferdous et al., 2010; Srinivasan and Bhat, 2008;
Langerudi et al., 2016). However, to the best of my knowledge, this study is the first to use
ATUS data to provide a tour-based representation of activity-based approach that enables to
analyze how the employed people organize their daily activity-travel pattern (i.e. tours) at

different times of a day relative to work activity.

5.3 Tour Formation of Employed People

This study considers home based tours: those that both start and end at home. A simple tour
starts and ends at home and includes a single non-home activity. If the activity performed is
work, then it is a simple work tour; for any other activity type, it is simple non-work tour. On the

other hand, a tour containing more than one non-home activity location is defined as a complex

125



tour. If all non-home activities are work, then the tour is a complex work tour; if all the non-home
activities are non-work, then the tour is a complex non-work tour. Complex tours can also
combine work and non-work activities in the same tour, in which case they are work-nonwork
mixed tours. Since the number of complex work tours are found to be very small in the dataset
(less than 2% of all tours), simple and complex work tours are combined into a single category as
work-only tours, which effectively gives us four types of tours: work-only, simple non-work,

complex non-work, and work-nonwork mixed (similar to Golob’s classification (Golob, 2000)).
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Figure 5.1 Definition and classification of tours
Since work activities are less flexible, employed people with a non-home work activity typically
make at least one work tour (either work-only or work-nonwork mixed) and then align their non-
work activities with respect to that tour. Non-work activities can be performed as separate non-
work tours or as a part of a work-nonwork mixed tour, in any of five ways:
1. "before work:" non-work performed before starting the first work tour of the day by

making a non-work (simple or complex) tour,
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2. "way to work:" when an individual has started his work tour but did not yet reach the
workplace and performed non-work activities on the way,
3. "during work:" non-work activities that are performed outside workplace but the person
returned to workplace after completing them,
4. "way to home:" non-work activities that are performed as the person is on his way to
home from the workplace but has not reached home yet,
5. '"after work:" non-work activities that are performed by making separate non-work tours
after returning home from work.
The partition of non-work activities into five timeslots also appears in prior studies
(Damm, 1982; Bhat and Singh, 2000). For people who work only at home and do not make any
work tour, I took the longest duration of work as a reference point and distribute ‘before’ and

‘after’ out-of-home non-work activities accordingly.

5.4 Data and Sample

5.4.1 The American Time Use Survey Data and Sample

The American Time Use Survey (ATUS) from 2006, 2009, and 2012 for pre-, during, and post-
recession years, respectively are used in this study. Defined in economic terms, the recession
started in December 2007 and continued till June 2009 (National Bureau of Economic Research,
2018). There are several reasons that I consider the full year of 2009 as the peak recession year.
First, although the economic downturn ended in the middle of the 2009, associated transportation
impacts typically change more slowly and last longer, and thus were expected to extend beyond
the year 2009. Second, this selection enables to explore the seasonal effects on tour choice in a

whole year in the model. Finally, the choice is consistent with prior studies (Aguiar et al., 2013;
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Berik and Kongar, 2013). The before and after recession years were chosen so that they are not
too far removed from the recession year so as to be affected by other trends.

ATUS surveys are conducted every year facilitating the pooling of data for the pre-,
during, and post-recession years, each three years apart. ATUS surveys time use information for
detailed activity categories (e.g., work, socializing, traveling) performed by individuals for one
complete day (from 4am to 4am the next day). ATUS data also contain socio-demographic
information for the household respondent and location information defining the geographical
area in which the respondent resides (obtained by interfacing with Current Population Survey
data). The target group is defined as employed adults who on the survey day worked, made at
least one home-based tour, made not more than 10 trips, and did not use transit for any trips (due
to low sample size). After removing the missing observations from data, the result was a total of

8,251 respondents, with 2712, 2723, and 2816 for the years 2006, 2009, and 2012, respectively.

5.4.2 Data Processing and Tour Construction

In order to construct tours, at first, I extract activities of each person of the study group (from
"atusact" data table) and code each of the activity with four symbols based on their types: W to
indicate work, N for non-work, T for travel and H for staying at home (i.e., activities performed
at home). In the dataset, each activity of an individual on the survey day is recorded with the
activity type/purpose (coded with a three-level hierarchy), start time, end time, duration, location
and other relevant information. The activities are arranged in ascending order of their start times
one after another starting from 4:00am up until 4:00am in the following day. With this coding,
the activity sequence of an individual can be expressed as sequence of four symbols (H, T, W,

N), which is called activity string. For example, HTNNTWTHTNTH is an activity string of an
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individuals that reads as follows. The individual was at home at the beginning of the day and
made a trip to a place to do two non-work activities back to back and then went to work by
making a travel. After that, he/she returns home by making another travel. This individual again
heads out from home to perform a non-work activity and then returns home. Apparently, the
individual made two tours in a day: the first one being a complex tour (work-nonwork mixed)
and the second one being a simple non-work tour. Note that each activity string maintains details
of all activities performed within that string (duration, purpose codes, location, start time, end
time, etc.) stored in separate data structures. For a given activity string, I split the entire string
into segments each of which starts and ends with H (each segment effectively corresponds to a

tour). Then, I determine which of the four tour types the segment represents.

5.4.3 Activity-Travel Time Use During the Recession
I attempted to determine in which types of activity and travel people allocated time differently in
the recession year than the pre- and post-recession years. To do so, Kruskal-Wallis non-
parametric test (with p-value <0.1) were conducted. Four distinct categories of significant
changes in activity-travel durations were identified after the difference test: (1) 2006 durations
that changed in 2009 but returned to the 'old duration' in 2012 (2) 2006 durations that changed in
2009 and changes were maintained in 2012 as a 'new duration' (3) 2006 durations that did not
change in 2009 but changes occurred after 2009, and (4) 2006 durations that changed in 2009
and changes were continued in 2012.

Figure 5.2 shows these four categories of change in mean activity durations. The
horizontal axis represents the three years and the vertical axis represents the change in mean

activity durations in 2006 and 2012 with respect to the 2009 mean duration. Note that in this
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figure maintenance activities include household activities, childcare, personal services, consumer

purchases, and religious activities whereas taking meals, socializing, relaxing, leisure, sports,

exercise, recreation, and phone calls are considered as discretionary activities.
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Figure 5.2 Changes in mean activity durations in 2006 and 2012 with respect to 2009

In Figure 5.2(a), it can be observed that the average duration of work outside home

decreased significantly by around 5 percent in the recession year and again increased by 4

percent in the post-recession year. As discussed earlier, previous studies also found that 2007-09

recession caused a decline in work hours (Kroll, 2011; Goodman and Mance, 2011). In contrast
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to the reduction in work hours, it is found that the average duration of total non-work activities,
particularly the duration of maintenance activities inside home increased significantly during
recession, which again dropped after the recession (Krueger and Mueller, 2012).

Figure 5.2(b) denotes that in the recession year, people on average spent more time at
home for work than in the pre-recession year. Similarly, in the same year, people spent more
time doing discretionary activities at home. Aguiar et al., (2013) reported that during the
recession (defined from 2008 to 2010 in their study) people spent more time in leisure at home in
the form of watching TV and sleeping. It is also observed that the tendency of spending more
time at home for doing work and discretionary activities remained unchanged in the post-
recession year. On the other hand, some activity durations did not change during the recession,
but changes happened only after the recession. For example, average work travel time increased
in 2012 (see Figure 5.2(c)).

Again, Figure 5.2(d) denotes that there was a decrease in the average duration of non-
work activities performed during work hour over the three data points. From the data it is found
that as a non-work activity during work hour, people mostly take meals (lunch) outside
workplace. Since there were more part-time workers during the recession (Borbely, 2009), they
might participate less in any non-work activities during work hour, for example taking meals
outside the workplace (49 percent of people did so during the recession compared to 57 percent
in the pre-recession year). Less participation in non-work activities during work hours in the
recession year (cf. Table 5.1) might reduce the average duration of these activities in that year
than the pre-recession year. Interestingly, even in the post-recession year, a lower percentage of
people did non-work activities during work hour than the pre- and during recession years and

this reduced participation might cause average duration to reduce even more.
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5.5 Model Specification

To find out the nature of changes in tour choice during recession, I conceptualize a causal
structure between activity-travel participation and choice of tours. This structure also captures
the effects of socio-demographic and economic factors on activity-travel as well as tour choice
indicators. More specifically, multiple group structural equation modeling (SEM) is used to
investigate invariance in causal structure across the pre (2006), during (2009) and post (2012)
recession years.

Structural equation modeling (SEM) is a comprehensive methodological framework that
can simultaneously estimate the causal relationships among a set of observed variables based on
a specified model (Kaplan, 2008). The strength of a SEM is that in addition to find out the direct
effect of one variable to another one, it can capture the indirect effect as well through other
mediating variables. The summation of direct and indirect effects represents the total effect that
provides valuable insights on the interrelationships between variables. The conceptual structure
of a SEM can be graphically depicted by path diagrams. An arrow in a diagram indicates the
direct effect from one variable to other. The rectangular boxes represent exogenous and
endogenous variables. A variable is exogenous if it is not determined by the model (an arrow is
directed from it) and it is endogenous if it is determined by the model (an arrow is directed to
and/or from it).

Structural equation modeling (SEM) is widely used in travel behavior research, including
trip chain generation (Golob, 2000), spatial features and car availability (Van Acker et al., 2014),
and commuter activity-travel patterns (Kuppam and Pendyala, 2001). Multiple group SEM is
also used in previous studies to identify the difference across gender in terms of internet use (Ren

and Kwan, 2009), activity-travel participation (Susilo et al., 2019), and public transit usage (Fu
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and Juan, 2017), difference in attitude toward public transit between car and non-car owners
(Thegersen, 2006), difference in commuting behavior between work only and more complex
tours (Van Acker and Witlox, 2011), comparing mode-specific preference groups (Fu and Juan,
2016), sectors of the trucking industry (Golob and Regan, 2001), and two working women
groups (Rafiq and McNally, 2018). However, little is known about the use of multiple group
SEM to explore the temporal differences in the conceptualized causal structure. The model

specifications and conceptualized causal structure are described next.

5.5.1 The Exogenous and Endogenous Variables

The model’s endogenous and exogenous variables and their summary statistics are shown in
Table 5.1 and 2.2, respectively. The endogenous variables are of three broad types: activity
duration, travel duration, and choice of tours. There is a total of seven activity duration variables
and six travel durations: one variable is for in-home work activity and the rest six are for out-of-
home activity (one work and five non-work), each with a corresponding travel duration. Finally,
this study considers four tour choice binary variables indicating whether an individual made at
least one tour of a given type. In Table 5.1, for a given year the first column represents the
percentage of respondents that performs a particular tour or activity, and the second and third
columns show the average time spent on a particular tour or activity for the participating
respondents and the associated standard deviation respectively. All the durations are provided in

minutes.
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Table 5.1 Summary statistics of endogenous variables

2006 2009 2012

Variables % cases Forcases>0 9% cases For cases>0 % cases For cases >0

>0 Mean SD >0 Mean SD >0 Mean SD
Tour choice (1= yes, 0=no)
Work-only tour 40.2 457.9 180 40.7 451.7 1854 41.7 470.7 180.6
Work-nonwork mixed tour 494 559.8 190.3 45.6 566.1 1834 46.8 566.8 182.9
Simple non-work tour 393 108.1 945 38.1 110.7 105.6 37.8 110.7 97.2
Complex non-work tour 21.1 218.1 138.9 21.3 220.3  146.1 18.8 210.5  149.7
Activity duration (minutes)
Work at home 25.8 141.7 159.9 29.5 149.0 171.7 28.7 153.7 168.6
Work out-of-home 86.1 4440 1549 83.2 438.6 159.1 85.2 4459 1532
Non-work way to work 22.1 44.5 83.8 20.9 48.2 91.6 20.3 39.1 66.3
Non-work during work 14.7 39.0 45.0 12.7 37.0 44.7 11.0 36.4 36.1
Non-work way to home 31.8 75.2 95.3 30.6 71.2 94.5 32.6 73.1 89.8
Non-work before work 20.6 1354 133.7 21.6 1333 1284 19.9 1264 125.1
Non-work after work 37.8 130.3 109.8 36.1 130.7 111.6 34.1 1284 1163
Travel duration (minutes)
Work travel 86.1 494 42.1 83.2 51.7 43.6 85.2 55.4 51.0

Non-work travel way to work 22.1 16.2 37.6 20.9 17.0 37.9 20.3 12.1 13.2
Non-work travel during work 14.7 22.7 23.4 12.7 26.6 36.7 11.0 28.4 36.9
Non-work travel way to home 31.8 22.1 24.6 30.6 21.4 354 32.6 233 34.0
Non-work travel before work 20.6 50.2 46.6 21.6 50.4 53.4 19.9 50.7 58.0
Non-work travel after work 37.8 44.7 46.0 36.1 49.5 60.1 34.1 523 75.5

Figure 5.3 shows the fraction of people making certain types of tours at a particular time
in a day in three different years. It is observed that participation of people in work-only tours
slightly reduced during recession. On the other hand, the mid-day participation of people in non-
work activities by making complex non-work tours increased notably in 2009 compared to 2006

and 2012. However, no significant changes are observed for other two types of tours.
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Figure 5.3 Participation rates by tour type and time of day
The exogenous variables shown in Table 5.2 include household and personal socio-
demographic characteristics, residential location variables, and seasonal effects. Summary
statistics in Table 5.2 reveal some changes in employment characteristics during the recession.
For example, the percentage of full-time workers slightly reduced during recession from pre-
recession (81 percent in 2006 and 80 percent in 2009) whereas the percentage of multiple job

holders increased (12 percent in 2006 and 14 percent in 2009).
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Table 5.2 Summary statistics of exogenous variables

. 2006 2009 2012
Variables Mean SD Mean SD Mean SD
Total respondents 2,712 2,723 2,816
Household characteristics
Household size 2.98 149 293 148 2.94 1.52
Household ownership
Binary: 1= Owned, 0 = Rented with or w/o cash 0.78 042 0.76 0.43 0.72 0.45
No. of children
No. of children aged between 0-5 0.24 0.53 0.24 0.55 0.25 0.57
No. of children aged between 6-10 0.26 0.56 0.26 0.57 0.26 0.57
No. of children aged between 11-18 0.36 0.71  0.33 0.67 0.33 0.67
Monthly household income (USD)

Binary: 1= Low income (less than $20K) 0.10 030 0.09 029 0.11 0.31
Binary: 1= Middle income ($20K to $60K) (baseline) 0.41 049 039 049 038 048
Binary: 1= High income ($60K or more) 0.49 0.50 0.52 0.50 0.52 0.50
Personal characteristics

Type of employment

Binary: 1= Full time, 0 = Part time 0.81 0.39 0.80 0.40 0.80 0.40
Ethnicity status

Binary: 1= Hispanic, 0 = Others 0.12 0.33 0.14 0.35 0.13 0.34
Multiple job status

Binary: 1=Yes, 0 = No 0.12 033 0.14 034 0.11 0.31
Gender

Binary: 1= Male, 0 = Female 0.49 0.50 049 050 050 0.50
Age 4131 1297 4252 13.07 4357 13.23
Marital status

Binary: 1= Married and spouse employed 0.44 0.50 041 0.49 0.40 0.49
Binary: 1= Married and spouse unemployed 0.12 0.33 0.14 0.35 0.14 0.35
Binary: 1= Single (baseline) 0.44 0.50 0.45 0.50 0.45 0.50
Metropolitan status of residential location

Binary: 1= Principal city (baseline) 0.29 0.45 0.29 0.46  0.31 0.46
Binary: 1= Suburb 0.52 050 0.51 0.50 0.50 0.50
Binary: 1= Non-metropolitan area 0.19 039 020 040 0.18 0.39
Seasonal effect

Binary: 1= Winter, 0 = Others 0.26 044 026 044 0.26 0.44

5.5.2 The Structural Equation Modeling for Path Model
Let us denote measured exogenous variables as X and measured endogenous variables as Y. The
equation for the endogenous variables is given by (Kline, 2016):

Y=TX+BY+ (1)
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where Y is an (m % 1) column vector of endogenous variable and X is an (n x 1) column vector
of measured exogenous variables.
The structural parameters are the elements of the matrices are (Golob and McNally, 1997):
I'  (m % n) matrix of direct causal (regression) effects from the (n) exogenous
variables to the (m) endogenous variables;
B  (m % m) matrix of causal links between the m endogenous variables; and
¢  (m % 1) matrix of m error terms

Equation (1) can be expressed in matrix form as (Kline, 2016):

Y; 4 X | Y, G
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Other parameter matrices include the covariance matrix of the measured exogenous variables @

and the covariance matrix of the error terms W, shown in Eq. (3).
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For identification of system (1), B must be chosen such that (I-B) remains non-singular, where I
is an identity matrix of dimension m. For an identified system, the model implied total effects of
the endogenous variables on each other are given by (Golob and McNally, 1997):
Ty, =U—-B)'—1I 4)
The total effects of the exogenous variables on the endogenous variables implied by the system

are given by (Golob and McNally, 1997):
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Ty, = —-B)'T (5)
The model parameters of the system in the Eq. (1) are estimated using variance analysis
methods, also known as methods of moments. The theory is that the population covariance matrix

of the observed variables (¥) can be expressed as a function of a set of parameters 6, shown in

Eq. (6) (Lu and Pas, 1999).

I=12x(0) (6)

Here, 0 represents the model parameters of I'y B, @, and . These unknown parameters are
estimated such that the difference between the sample covariance matrix S and the model implied
covariance matrix X (0) is minimized. This is achieved by minimizing a fitting function, which is
a function of S and X (0). Several estimation methods are available to identity a best fitting
model. The maximum likelihood (ML) method works well when the endogenous variables have
multivariate normal distribution. On the contrary, weighted least square mean and variance
adjusted (WLSMYV) estimator accounts for non-normally distributed data (Muthen and Kaplan,

1992).

5.5.3 The Initial Conceptual Model

The conceptual tour choice model has the following features: (1) the model captures non-work
activity-travel demand and its associated tour choice for workers at different times aligned with
the work tour; (2) it distinguishes the degree of variation in non-work activity demand and
associated time use with respect to work, and consequently how this variation impacts non-work
tour choices between people who work at home and who work out of home; (3) the model
explicitly factors in the effect of travel time in addition to activity duration on tour choices. The

last feature stands out as a contrast to earlier models (e.g., Golob, 2000), where tour generation

138



was shown to be dependent on activity duration and travel times are hypothesized as the outcome
of tour choice. Although activity demand (work or non-work) necessitates the occurrence of a
tour, the type of tour undertaken should depends on both activity and travel duration. The impact
of travel time can be very explicit, as when people use mapping services to find an estimated
travel time for a certain activity, and this travel time influences the decision to chain other

activities along the way or not.
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Figure 5.4 Structural equation model
The initial conceptual structure of the proposed model is shown in solid lines and
additional link to improve the model is shown in dashed line in Figure 2.4. The upper figure
shows the higher level of the conceptual model, where the demand for activity creates the
demand for associated travel and both the activity and travel influence on tour generation. The

rectangular boxes in the lower figure represent the endogenous variables and the arrows
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represent postulated non-zero direct effects and their expected sign. In the following the expected
interactions between three layers of endogenous variables: activity durations, travel time, and

tour choice are discussed.

5.5.3.1 Work and non-work activity interactions

Work is a mandatory activity and usually the least flexible because it is most often pursued at a
fixed location on a fixed schedule. Other non-work activities need to be aligned with the work
time (Golob and McNally, 1997; Rafiq and McNally, 2018). Therefore, out-of-home work
duration has the following postulated effects: (1) negative effects on in-home work duration, (2)
positive on within work tour non-work activities, and (3) negative on before and after work non-
work.

The negative effects on after work non-work imply that employed persons spending more
time working out-of-home might not be interested in going out again after returning from work.
They may also have less time to accommodate out-of-home non-work activities before going to
work because of less flexibility of start time of their works. They may instead prefer do the same
on the way to work that would save them return trips to home. Similar effects can be observed
with respect to choosing whether to finish some of the non-work activities on the way to home
while returning from work (as part of work tours) or to make a separate "after work" non-work
tour. The effects from out-of-home work to 'within work' non-work activities are postulated
positive because they are part of work tours and are performed when the out-of-home work
activities are made.

Similar to out-of-home work, in-home work duration is expected to have negative effects

on both "before work" and "after work" non-work. As discussed earlier, since work is a
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mandatory task, spending more time in work activity naturally reduces the time for other

activities since the total duration of a day (24 hours) is fixed (Golob and McNally, 1997).

5.5.3.2 Activity and travel interactions

In the model, a direct connection from each of the out-of-home activity to their associated travel
is assigned. These direct connections represent travel as a derived demand meaning that the
demand for travel is created to participate in out-of-home activity (McNally and Rindt, 2008).
Each of the coefficients is assumed to be positive. We have added one feedback effect from ‘way

to home travel time to ‘after work” nonwork activity time and expecte a negative effect.

5.5.3.3 Activity-travel interactions with tours
In terms of activity and tour choice interactions, activity durations have generally positive effect
on associated tour choices because activity demand creates the necessities of tours. One
exception is out-of-home work duration negatively affecting work-nonwork mixed tour and non-
work tours assuming that one spending more time in work may not have enough time left for
mixing non-work activities within work tour or making separate non-work tours (simple or
complex) before or after the work. Unlike work out-of-home, a positive effect is postulated from
work in-home to simple non-work tour anticipating that working at home is more flexible than
working out-of-home (Alexander et al., 2010), which will provide more opportunities to make
simple non-work tours before or after work.

Causal connections from work travel time to both the work-only and work-nonwork
mixed tour choices are provided where I posit the first connection as negative and the second one

as positive assuming that if a person travels a longer distance (longer travel time) for work, it will
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provide him an exposure to a greater range of non-work activity locations, which might increase
the likelihood of doing non-work activities during the journey to or from work (Kondo and
Kitamura, 1987; Nishii et al., 1988; Bhat, 1999). All non-work travel within work tours are
expected to have positive coefficients to work-nonwork mixed tours anticipating that the
tendency to combine non-work with work increases with the increase of distance between home
and non-work activity locations (Kondo and Kitamura, 1987). Moreover, two direct connections
from each of the non-work travel times (before and after work) are assigned to simple and
complex non-work tours. The anticipated connections with simple non-work tour are negative
and with complex non-work tour as positive. It is assumed that if a person has to travel longer
distance (longer travel time) to avail a non-work activity before or after work activity, he might
be more interested to chain other non-work activity demands within that tour by making a
complex tour. In contrast, if the travel distance to avail a non-work activity is short, that person

might be more interested to make frequent simple non-work tours.

5.5.3.4 Interactions between tours

It is postulated that chaining more than one activity within a tour reduces de facto the demand for
single purpose simple tours (Golob, 2000). Thus, direct links are provided from work-nonwork
mixed tour to work-only tour and complex non-work tour to simple non-work tour assuming
each coefficient to be negative. Moreover, work-nonwork mixed tour is anticipated to affect the

choice of non-work tours negatively.

142



5.5.3.5 Effects of exogenous variables and error-term covariance

For each of the specified endogenous variables, a subset of exogenous variables is selected that
may potentially affect the endogenous variable. In the model, some error-term covariance
between two similar set of variables are added, for example work only and work-nonwork mixed
tours, simple and complex non-work tours, and non-work before work and after work. In
addition, I added two error-term covariances: between work travel to way to work and way to
home non-work activity. This is because these non-work activities are part of a work tour of an
individual when the individual is traveling to or from work and the unaccounted factors affecting
the work travel may be correlated with the duration of those non-work activities performed on

the way.

5.5.4 Degree of Causal Invariance due to Recession

Given the postulated conceptual model, I investigate how this causal structure varies in terms of
size, sign, and significance of the model parameters across pre (2006), during (2009) and post
(2012) recession. It is anticipated that the model parameters will vary significantly across the

three years.

5.5.5 Estimation of the Model

Based on the conceptual structure of endogenous variables and the best possible combination of
exogenous variables, two multiple group structural models (constrained and unconstrained) are
estimated using lavaan in R. I took logarithms of all activity and travel durations to reduce
skewness (however, some skewness in travel durations still remained). The weighted least square

mean and variance adjusted (WLSMYV) estimator is used that works with categorical endogenous
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variables (four binary variables for tour choices, which are regressed by a probit function in
laavan (R documentation, 2018)) and that accounts for non-normally distributed data (Muthen
and Kaplan, 1992).

I specified one model by constraining all the corresponding parameters to be equal for
2006, 2009, and 2012 and another model without having such constraints. The main model fit
statistic is 7 statistic that tests whether the observed covariance matrix and the model implied
covariance matrix are equal. Smaller %2 value with high p-value (p-value > 0.05) indicates better
model fit. However, ¥? value tends to increase with sample size so models with larger sample
sizes might show larger % value and subsequently may lead to rejection of an otherwise good
model (Van Acker and Witlox, 2011). Other model fit indices, such as Root Mean Square Error
Approximation (RMSEA), Comparative Fit Index (CFI), and Tucker Lewis Index (TLI) are also
reported.

The conceptual structure resulted in large %2 value with a lower p-value for both
constrained and unconstrained models, which indicates a poor fit. To improve the model, I
introduced a direct effect from work only tours to work-nonwork mixed tours and found that this
additional direct connection (shown in dashed line in Figure 2.4) improved the model
significantly: y? (751) = 1187 (p-value = 0.000) for the constrained model and y? (393) = 742 (p-
value = 0.000) for the unconstrained model. This indicates that these two tour choices
demonstrate feedback effects. In other words, the choice of work-only tour affects the choice of
work-nonwork mixed tour and vice versa. Other model fit indices indicate satisfactory fit
(constrained: y2/df = 1.58, RMSEA=0.015, CF1=0.993, TLI=0.996; unconstrained: y*/df =
1.88, RMSEA=0.018, CFI=0.995, TLI= 0.994) (Van Acker et al., 2014). I subsequently

performed a y? difference test between the constrained and unconstrained models (2 = 445, df =
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358, p = 0.001<0.05), which confirms that model parameters are not equal across pre-, during,

and post-recession years. Therefore, the unconstrained version is chosen as the final model.

5.6 Model Results and Discussion

Here I discuss unstandardized coefficients of direct effects (Table 5.3) and fotal effects (Table
5.4) that are statistically significant. If not otherwise stated, all the mentioned effects below
represent direct effects. Note again, exogenous variables are not influenced by any other
variable, whereas endogenous variables are both influenced (either directly or indirectly) and can
influence other variables. In both the above-mentioned tables, the set of exogenous and
endogenous variables are provided in rows and the list of endogenous variables are again placed
in columns so that for a pair of variables corresponding effects (direct or total) can be interpreted
in the direction from rows to columns. Again, each cell represents three coefficients for a pair of
variables in 2006, 2009, and 2012 respectively. Three dashes indicate that the particular variable
is a part of the model, but not significant whereas blank cells indicate that the particular variable

is not a part of the model.

5.6.1 Effects between Endogenous Variables

5.6.1.1 Work and non-work activity interactions

Work out-of-home positively affects non-work activities performed within work tours and
negatively affects "before work" and "after work" non-work activities. Non-work activities
performed on the way to home have higher effect than during work and way to work. This
indicates that if people need to perform non-work activities as a part of their work tours, they

tend to prefer performing them more on the way to home than the other two ways. A rationale
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for this behavior may be that the post-work, way-to-home period puts fewer constraints on
performing non-work activities, whereas way-to-work and during work timeslots are more
constrained by the fixed nature and importance of the work activity. Similar findings are reported
in previous works (Strathman et al., 1994, Castro et al., 2011). Moreover, way to home non-work
has negative total effects (cf. Table 5.4) on "after work" out-of-home non-work activities, which
suggests that when people meet their non-work activity demand on their way to home, they may
be reluctant to make another tour after returning home (similar results appear in Bhat and Singh
(2000)). As anticipated, both out-of-home work and in-home work affects before and after work

non-work activities negatively.

5.6.1.2 Activity-travel interactions

All estimated activity-travel coefficients are found positive and statistically significant. One
feedback effect from way-to-home travel time to "after work" non-work activities (negative) is
found. This implies that people who spend more time travelling on their way to home have less
time available for out-of-home, non-work activities after returning home (also reported in Golob,

2000; Kitamura et al., 1996).

5.6.1.3 Activity-travel interactions with tours

The model results based on fotal effects reveal that out-of-home work positively affects both the
choice of work tours, higher on work-nonwork mixed tours than work-only tours. This result
contradicts with the assumption and the study results reported in Bhat (1999). However, result
from the direct effect shows expected negative correlation between out-of-home work duration

and the choice of work-nonwork mixed tour. Secondly, work time negatively affects the choice
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of non-work tours (as postulated). Moreover, the choice of work tour type depends on work
travel time. For instance, I found that work-only tours are preferred when work travel time is
longer. But it differs with the postulation of association between these two variables. However,
this positive correlation can be rationalized by the time constraints and stress people may face to
perform additional non-work activities within work tour while travelling longer distance (time)
for work.

Both "before work" and "after work" non-work activities have positive effects, as
expected, on choosing simple non-work tours, with "after work" having the higher influence
(coefficients are 0.284 and 0.316 respectively in 2006, Table 5.4). Effects on complex non-work
tours are also positive albeit smaller sizes and they are obtained only from total effects. This
observation matches with summary statistics shown in Table 5.2, where I see that, in 2006,
38.8% people are reported to make simple non-work tours compared to 21.3% people making
complex ones and around 21% people make non-work tours before work versus around 38%
after work. Furthermore, both before work and after work non-work travel time affects non-work
tour choice as postulated but not all effects are obtained with significance in all years (cf. Table

5.4).

5.6.1.4 Interactions between tours
Results from the model show that, as expected, work-nonwork mixed tours reduce the demand
for work-only tours. Moreover, making work-nonwork mixed tours negatively affects the choice

of both simple and complex non-work tours.
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5.6.2 Effects of Exogenous Variables

Women tend to perform more out-of-home non-work activities (specifically "way-to-work" and
"way-to-home" non-work) and consequently make more work-nonwork mixed tours than men
(cf. Table 5.4). Similar observations are found in some prior works (Strathman et al., 1994; Bhat,
1999; Kuppam and Pendyala, 2001). Men usually travel farther to work as they have longer work
travel time and make less complex non-work tours than women. Older people apparently do
more in-home work, less out-of-home work and less "after work" non-work compared to
younger people (Bhat and Singh, 2000; Rajagopalan et al., 2009). They usually do not prefer
mixing work with non-work thus prefer to make fewer complex tours (total effects) (Kuppam
and Pendyala, 2001).

Generally, single persons tend to do more non-work activities than their married
counterparts, in part because they might enjoy more flexible time management. Married persons
with unemployed spouse spend less time in non-work activities than those with an employed
spouse (while all effects are negatives, the effects for the former group have mostly smaller
absolute values). This indicates that unemployed spouses might take care of some household
tasks while their partners are at work and let them do less non-work. Persons with children
usually perform more mixed tour and less work-only tours (total effects). Persons having
children aged below 5 do less "after work" non-work activities, whereas persons with children
aged 6-18 do more "after work" (mostly perhaps via simple non-work tours) as these children
may perform more non-home activities (Bhat and Singh, 2000).

Full time workers spend less time in non-work activities (and consequently fewer non-
work tours) than part-time workers, except for during work when they spend more possibly go

out of their workplace to have lunch during midday (Castro et al., 2011). People with multiple
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jobs tend to spend less time working out-of-home than people with a single job. They prefer to
do non-work before their work and when they combine their non-work with their work, they do
so particularly on their way to home (cf. Table 5.3 and Table 5.4) (Castro et al., 2011). One
notable observation is that people with multiple jobs tend to choose work only tours differently
in the pre- and during recession years (negative total effect in 2006, but positive in 2009, detailed

discussion is provided in the later section).
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Figure 5.5 Significant effects of socio-demographic variables on tour choices
High income people make more non-work tours and fewer work-only tours (Strathman e al.,
1994; Kuppam and Pendyala, 2001). People living in suburb and non-metropolitan areas do more
out-of-home work and less non-work of any type than those living in principal cities. Figure 5.5

summarizes how the tour choices vary for a set of ten socio-demographic characteristics.

5.6.3 Differences in Causal Effects in Pre-, During, and Post- recession Years

The significant causal effects (i.e., model coefficients) identified for the recession are now
compared to these effects for the pre- and post-recession years. To measure statistical difference
between two coefficients observed at two different years (which are assumed to be independent

since ATUS does not represent panel data), a Z-test is applied; in particular, for two coefficients,
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say B1 and B, with standard errors, se; and sez, the test statistic is: Z = (8; — f,)/ \m ,
which is supposed to follow standard normal distribution under the null hypothesis that both
coefficients are equal (Kiihne ef al., 2018).

In regard to highlighting the differences in causal effects, I identify three categories of
effects (direct and total) that are discussed below. Since the list of variables under each category

is broad, I limit discussion mostly to those variables that affect tour choices.
(a) Effects that are significant in 2009 but neither in 2006 nor in 2012 (unique recession effects)

It is observed that during recession the tendency of choosing complex non-work tours is low for
full-time workers and aged people. Interestingly, winter season played a significant role during
recession in choosing simple tours. More specifically, people preferred less to make work-only

tours or simple non-work tours in winter compared to other seasons, say fall or summer.

(b) Effects that are significant in 2009 and in either 2006 or 2012, with 2009's effects

significantly differ from the other year's effects (whichever exists)

People having multiple jobs showed a sheer variation in their work tour choices. For instance,
work-only tours are less preferable during pre-recession (negative total effect), whereas the
contrary is true during recession (positive total effect). In the pre- and post-recession years,
people perhaps preferred to make work-nonwork mixed tours more than work-only tours. On the
other hand, in the recession year, they perhaps preferred to make work-only tours more either by
making one long work-only tour (went from one work to another without returning home) or
making more work-only tours (returned home before going to another job).

I have checked this categorically in our dataset and noted that the fraction of people with

multiple jobs making work-only tours in recession year was indeed higher than the pre- and post-
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recession years (44% compared to 36% and 38% respectively). Moreover, during recession
higher fraction of people doing multiple jobs performed work-only tours in combination of work-
nonwork mixed tours or other non-work tours than pre- and post-recession years (8% people
combined work-nonwork mixed tours compared to 4% and 5% respectively whereas 25% people
combined any non-work tours compared to 18% and 17% respectively). One possible reason for
such behavior may be less out-of-home work during recession (average out-of-home work
duration in 2009 was around 366 minutes which differ significantly from 383 and 378 minutes in
2006 and 2012 respectively with p-values < 0.05) led to make other work or non-work tours with

work-only tours.

(c) Effects that are significant in all the three years and represent one of the following four sub-

trend groups.

Group 1: Norms that did not change in pre-, during and post-recession years

In this study, the multiple group SEM is constructed to study the invariance in causal structures
among the three target years. Arguably, there can be a considerable portion of causal effects that
happen to demonstrate no changes across the three years. These are the effects that remained
unchanged and constitute the time invariant travel behavior of the target population. In this
study, around 47 percent effects are those effects that did not change in the pre-, during, and
post-recession years. For example, the structural relationships of out-of-home work activity with
different non-work activities and the choice of tours did not change in the three target years. That
means, the process of balancing less mandatory tasks (non-work) and choosing associated work

or non-work tours based on the mandatory task (work) remained unchanged over time.

Group 2: 2006 norms that changed during the 2009 recession but returned to the 'old norm' in
2012
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It is observed that, part-time workers are more likely to make simple non-work tours than full-
time workers since they have to spend less time at work and thus, get more chances to make non-
work activities by making separate non-work tours. This effect significantly became lower in the
recession year than the pre- and post-recession years. One possible explanation may be during
recession, part-time workers might have replaced some of their out-of-home non-work demands
with an equivalent in-home counterpart, say shopping online from home instead of going to
marketplaces or doing recreational activities at home instead of visiting outside. Data show that
average in-home non-work activity duration is indeed increased significantly during recession
compared to pre- and post-recession (836 minutes compared to 824 and 826 minutes
respectively). Also, lower fraction of part-time workers preferred to make simple non-work tours
in 2009 than 2006 and 2012 (39% compared to 45% and 43% respectively).

As anticipated, work-nonwork mixed tour reduced the demand of making complex non-
work tours in all the three years. This negative effect was higher in the recession year than the
pre- and post-recession years. This indicates that during recession, workers who made non-work
stops within their work tours, may preferred to meet all the non-work activity demands within

that tour to avoid extra home-based trips by making separate complex non-work tours.

Group 3: 2006 norms that changed during the 2009 recession and were maintained in 2012 as

'new norm'

A positive association between "before work" non-work activity time and the choice of simple
non-work tour in all the three years is found. The positive association between these two
variables indicate that since typically there are time constraints before starting an individual's

work activity, he/she may prefer to meet the demand of a non-work activity that arises at that

152



time—for example, dropping children at school or doing grocery or taking breakfast outside—by
making a simple non-work tour instead of a complex one.

It is also observed that the recession year has got the larger effect than the pre-recession
year and this larger effect also continued during the post-recession year. The larger effect might
be due to the higher percentage of people participating in non-work activity before starting their
work in 2009 than 2006 (22% people did so in 2009 compared to 21% in 2006, cf. Table 5.1).
This higher participation of people perhaps increased the chances of making a simple non-work
tour in the recession year. During recession as individuals spent significantly more time working
at home (mean around 37 and 44 minutes for 2006 and 2009 respectively with p-value = 0.005),
it perhaps gave them some flexibility in terms of when to start and finish the work and thus, led
them to participate in non-work activities before starting the work (Alexander et al., 2010) more
than the pre-recession year. Interestingly, this recession effect did not change in the post-
recession year. Data reveals that during recession a higher fraction of people out of those who
made non-work before starting their work, worked only from home than the post-recession year
(45% did so during the recession compared to 43% in the post-recession year). It also shows that
the new trend of performing single or multiple jobs both at home and workplace remained
unchanged (8% people in 2006 compared to 10% in both 2009 and 2012) and the average time
spent on work at home did not significantly differ between 2009 and 2012. These facts may
rationalize of having some degree of flexibility in the post-recession year to make non-work

activities before starting work by making simple non-work tours.

Group 4: 2006 norms that did not change during the 2009 recession but changed after the

recession
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Two notable effects under this sub-trend are while making work tours, men are more likely to
make work-only tours and less likely to work-nonwork mixed tours and the size of these effects
are larger in post-recession year compared to the recession year. Since women are reported to
spend less time in out-of-home work than men (430 minutes versus 447 minutes in 2009 where
the difference is significant with p-value = 0.000) and they happen to take care of their children
and household chores most of the times (Rosenbloom, 2006), they manage to do more non-work
activities within work tours, for example, drop off children at school or daycare on the way to
work or consumer purchase for household, on the way to home from work than men. This
tendency is higher in post-recession year because the work out-of-home time gap between

women and men is also higher in that year (429 versus 459 minutes with p-value = 0.000).

5.7 Conclusions

This study explored how employed individuals change their activity-travel patterns during a
recession by using a tour-based representation of the activity-based approach. Unlike previous
studies, this study captured the nature of changes in travel behavior during the recession by using
a rigorous methodological framework. A multiple group structural equation modeling (SEM) is
used by conceptualizing a causal structure between activity-travel participation and choice of
tours. This structure also captured the effects of socio-demographic and economic factors on
activity-travel as well as tour choice indicators. The multiple group SEM enabled assessment of
the invariance in causal structure across the pre (2006), during (2009) and post (2012) recession
years. Although multiple group SEM is widely used in travel behavior research to identify
differences across various transport user groups, little is known about the use of this technique to

explore the temporal differences in the conceptualized causal structure. To develop this model,
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the American Time Use Survey (ATUS) data is used, which is the most reliable national-level
cross-sectional survey data providing an individual’s time usage in various activities on a single
day.

Results show that activity-travel relationships and their role in tour choice differed
significantly in the recession year (2009) compared to pre- and post-recession years. While
analyzing the temporal changes in causal effects, I identify four sub-trend groups. Group 1 had
norms that did not change in pre-, during and post-recession years. For example, the process of
balancing less mandatory tasks (non-work) and choosing associated work or non-work tours
based on the mandatory task (work) remained unchanged over time. The 2006 norms for Group 2
changed during 2009 recession but returned to the 'old norm' in 2012. While part-time workers
are more likely to make simple non-work tours than full-time workers, the effect significantly
became lower in the recession year than the pre- and post-recession years. Moreover, during the
recession workers more preferred to meet non-work activity demands within the work tour
instead of making separate complex non-work tours. For Group 3, 2006 norms that changed
during 2009 recession were maintained in 2012 as a 'new norm.' For example, the tendency of
making simple non-work activities before work increased during the recession and this tendency
is continued in the post-recession year. Last, for Group 4, 2006 had norms that did not change
during the 2009 recession but did change after the recession. For example, men were more likely
to make work-only tours and less likely to work-nonwork mixed tours and the size of these
effects were larger in the post-recession year compared to the pre- and during recession years.

A recession can bring a wide spectrum of potential responses to newly imposed
constraints. [ have limited the range of impacts by focusing only on employed individuals,

although the nature of their employment may change. For example, the average number of jobs
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held varies, possibly reflecting additional part-time work, as has become common in the gig
economy, and more work in home. Results from this study suggest how the changes in the nature
of jobs affect the tour choices of an individual. For instance, prior to the recession, people having
multiple jobs made fewer work-only tours; during the recession, the contrary was true. Our
findings on changes in tour choice pattern during the recession provide valuable insights on
possible changes in worker’s travel demand during an economic downturn, which would
contribute to building better pattern choice sets in tour-based models. Moreover, the terms that [
introduce to analyze the recession effects such as old norms and new norms can have broader
applications to other studies related to trend analysis.

Since the purpose of developing the multiple group SEM structure was to identify the
temporal variation in the causal structure among socio-economic characteristics, activity-travel
participation, and choice of tours, it cannot be immediately used for long term travel demand
forecasting purpose. Nonetheless, the conceptual SEM structure and the model results will
provide valuable insights on how workers allocate time to various out-of-home activity demands
at different times of a day aligned with work activity, how these activity demands are allocated
to different tours, and what kind of tours are preferred by an individual with given socio-
economic characteristics, and consequently contribute to better development of a tour choice

prediction model.
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Table 5.3 Direct effects of exogenous and endogenous variables (see footnotes for explanation)
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-0.029*  -0.094* -0.132*
HH size -0.100* -0.103* - -0.065* -0.120*
- -0.076* -0.110* -0.050** -0.118* -0.129*
- - -0.208* - - - - - -
HH ownership -- --
0.141* - -0.126* - 0.179* - - - - - -
. - - -0.169*  0.191* - 0.246*  0.114*  0.189** 0.061* - -
No. of child aged 0-5 i i 0.155* 0471 i} _ 0.053* 3 i
- 0.112* - 0.128**  -0.176"  0.194* 0.083*  0.472* - - 0.088* 0.074* -
- - 0.094* 0.279* - - 0.051* -
No. of child aged 6-10 - -0.171* 0.117* - 0.286* - 0.082* 0.048* - -0.057*
0.046* 0.109* -0.274* 0.105* - 0.201* - - -
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- 0.301* -0.452* 0.210* 0.234* - 0.217* - - -0.050* -
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0.097* | 0.348" -0.389* 0.204* 0.162* - - -
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Married & spouse i " N "
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Winter -0.059* - -
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Work-only tour
Simple non-work tour
Work-nonwork  mix _1'062* _0'113*
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Complex  non-work
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NW way to work 0.552* 0.608"
0.707* 0.554*
0.959* 0.720*
NW during work 0.758* 0.756*
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0.603* 0.579*
NW way to home 0.640* 0.584*
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Only significant values are shown in the table for clarity of presentation. Each cell represents three coefficients for a pair of variables in 2006, 2009, and 2012 respectively.

*: 5% level of significance, **: 10% level of significance; Three dashes (---) indicates variable is a part of the model, but not significant; Blank cell indicates variable is not a part of the model
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Table 5.4 Total effects of exogenous and endogenous variables (see footnotes for explanation)
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-0.394*  0.192* 0.200* | 0.576*  -0.389*  -0.040*  0.168" 0.206*  0.239* | -0.243*  -0.022*  0.136* 0.143*  0.197*
0235  -0.306* -0.316*  0.708*  -0.177*  0.168* 0472 -0.205" | 0.293" 0.146* -0.204*  -0.182"
Employment type 0132 0431*  -0.338* | -0.229*  0.624* 0.236* -0.343*  -0.288* | 0.368* 0.178* -0.276*  -0.192*
-0.315*  0.238**  -0.281* 0.643* 0.127* 0461 -0.359* | 0.347* -0.314*  -0.249*
0.551* -0.360* -0.385*
Ethnicity 0.465* -0.193* | -0.448* -0.318* -0.241*
0.630* -0.293* -0.457*
-0.315* 0.181* | 0.811*  -0.463* 0.259* -0.279* 0.246*
Multiple jobs status 0.281** 0.157** | 0.566*  -0.232**  0.121* -0.120*  0.207*  0.221* 0.083** 0.140™
0.712*  -0492*  0.152* 0.238* 0.170* 0.238*
0.189** -0.242* 0.167* 0.134*  -0.307* -0.122*  0.075"™  -0.222*
Gender 0.295* -0.237* 0.164* -0.134* -0.178* -0.095* -0.185*
0.560* -0.493* -0.237* -0.361* -0.195* -0.252*
Age 0.018*  -0.010* -0.009* | -0.007*
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From To
5 g E 5 5 % 5 x
B X x ® = = = = °
- z E g £ £ £ 2 = 2 2 | £ g :
Variables 3 3 5 s g < g g S g = g 5 g 2 2
> S 2 < S S e =) e o ES £ 2 > z = =
S < S 5 = E > £ > S & g g g g g g
? 2 < = = o (] E; S ] = = i S o o o
x a x< £ x< x = © = o © x s s ] = =
2 5 | 2 S | 2 2 = = = = = 2 = | 2| 2 = =
-0.010* 0.013*  -0.007* -0.006* -0.011* | -0.004* -0.004* -0.009*
-0.005** | 0.015*  -0.008* - -0.008* | -0.005* - -- -0.006*
Married & spouse 0.2447 0.27%°
-0.405* 0.206**  -0.262* -0.266* -0.166* -0.155*
employed
0.148* 0.228*  -0.261* -0.132¢  -0.169** 0.200** | -0.164* -0.093*  -0.101*
Marri -0.452* 0.443* -0.259* -0.156*
arried & - Spouse | (oo 0751 | 0251 — 479" —  0479° 0278 - - 0109% - 0280* -0205"
unemployed
-0.305** 0.262**  -0.377* -0.230** -0.238* -0.138**
-0.167*  0.225* -0.163* 0.158*  0.087** -0.145*
Suburb -0.166** -0.128*
0.234* -0.108** -0.159* -0.075*
0.265**  -0.250* -0.240* | -0.243*  0.270* -0.129** -0.298*  -0.272* -0.292*  -0.193**
Non-metropolitan area -0.377*  0.350* -0.267* -0.249*
0.303*  -0.130* -0.240% | -0.531*  0473* -0.204*  -0.291* -0.176*
Winter -0.114*
-0.212** 0.209**
-0.041*  1.059*  -0.119*
Work-only tour -0.051* 0943  -0.154*
-0.045*  0.914*  -0.095
Simple non-work tour
-1.062*  -0.039* -0.113*
Work-nonwork mix tour -1.091*  -0.054* -0.163*
-1.073*  -0.050* -0.103*
Complex non-work tour
-0.056* -0.101* -0.078*
Work in home -0.052* -0.086*  -0.050* -0.065*  -0.039*
-0.050* -0.069* -0.054*
0401*  -0.208*  0.568*  -0.276* | -0.605* 0.114*  0135*  0271* 0477 -0.267* | 0.630*  0.068* 0.097*  0.157* -0.367*  -0.203*
Work out of home 0.381*  -0.199*  0.544*  -0.294* | -0.622* 0124  0107*  0.247*  -0465* -0.304* | 0.632*  0.076* 0.081*  0.144* -0.352* -0.241*
0.391*  -0.215*  0.520*  -0.263* | -0.587* 0.104*  0.093*  0.283* -0429* -0.303* | 0.630*  0.057* 0.065* 0.169*  -0.334*  -0.237*
NW way to work -0.965*  -0.035*  0.909*  -0.102* 0.601*
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From To
5 g E 5 5 % 5 x
B X x ® = = = = °
N i E g E = x 2 < £ 2 2 2 =
Variables 3 3 5 s g < g g S g = _ g 5 g s 2
> S 2 < S S e =) e o ES o 2 > z = =
S < S 3 c E > £ > S 5 g g g e S S
? 2 < = = o S = S @ = = s i ud i S
x a x< £ x< x = © = o © x s s ] = =
2 5 2 S 2 2 = 2 2 2 2 2 2 | 2 2 2 2
-0.818*  -0.040*  0.750*  -0.122* 0.608*
-0.885*  -0.041*  0.825*  -0.085* 0.554*
-1.152*  -0.042*  1.085*  -0.122* 0.720*
NW during work -1.127* -0.056*  1.033*  -0.169* 0.756*
-0.940*  -0.043* 0.876*  -0.091* 0.705*
-0.759*  -0.057*  0.715*  -0.101* -0.091* 0.579* -0.069*
NW way to home -0.775*  -0.063*  0.711*  -0.132* -0.071* 0.584* -0.057*
-0.786*  -0.062* 0.732*  -0.092* -0.072* 0.598* -0.056*
0.284* 0.230* 0.770*
NW before work 0.342% 0.215* 0.757*
0.364* 0.241* 0.779*
0.316* 0.221* 0.762*
NW after work 0.344* 0.226* 0.795*
0.362* 0.231* 0.783*
Work travel 0.582*
0.449*
-0.518*  -0.019*  0488*  -0.055*
NW travel way to work -0.355*  -0.018*  0.326*  -0.053*
-0.229* 0.213*
NW travel during work -0.397*  -0.020*  0.364*  -0.059*
-0.425*  -0.020*  0.396*  -0.041*
-0.057* -0.057* -0.157* -0.120*
NW travel way to home -0.049* -0.047* -0.122¢ -0.097*
-0.269*  -0.056*  0.250*  -0.054* -0.120* -0.094*
NW travel before work
-0.705* 0.368*
0.236*
NW travel after work
-0.488*

Only significant values are shown in the table for clarity of presentation. Each cell represents three coefficients for a pair of variables in 2006, 2009, and 2012 respectively.
*: 5% level of significance, **: 10% level of significance; Three dashes (---) indicates variable is a part of the model, but not significant; Blank cell indicates variable is not a part of the model
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CHAPTER 6: Summary and Conclusions

In this dissertation, I apply a tour-based approach to analyze the complex travel behavior
of people from three relevant perspectives, namely sustainability, technology, and
economics. First, [ examine the complex travel behavior of workers who utilize a sustainable
transport option, namely public transit. I identify the dominant patterns of work tours made by
transit commuters by using 2017 National Household Travel Survey (NHTS) and analyze the
attributes of these tours using a set of activity-travel analytics (Chapter 2). Major insights of this
study are: about 80 percent of work tours consist of 7 unique dominant patterns whereas the
remaining 20 percent of tours demonstrate a total of 106 diverse and more complicated patterns,
transit work tours are pretty complex, transit complex tours are multimodal, and transit is utilized
many ways within a work tour beyond the traditional home to work commute with a diverse set
of choices at various stages of activity scheduling.

Next, I characterize the transit commuters based on their work tour choice and analyze
the factors that determine the choice of work tours by using Structural Equation Modeling (SEM)
(Chapter 3). Results suggest that millennial male commuters with high vehicle ownership who
have spouses, other adult members but no children at their households tend to make simple work
tours. On the other hand, non-Caucasian non-millennial female commuters having children at
home are more likely to make complex work tours. And, Caucasian higher-income millennials
who have a full-time job and who have higher flexibility in job arrival time are prone to make
complex tours with work-based sub-tours. The results of this study can provide better insights on
identifying the transit commuters who have complex travel needs and how they meet their needs

while utilizing transit in their work tours. Also, this study can help the transit authorities to find
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out the potential target market who have complex travel needs and to formulate better land use
and transit operating policies to foster higher usage of this sustainable transportation option.

Since location data is not provided in the NHTS data, it was not possible to analyze how
the land use distribution near home, work or transit stations might influence activity choices as
well as tour formation of transit commuters. Also, the travel activity scheduling of a transit
commuter may be greatly influenced by the travel choices made by other individuals in the same
household. The connections between tours, rather than within tours, as well as identifying the
difference in complex travel behavior between bus and rail commuters, is the subject of on-going
research. It would be interesting to compare the dominant patterns of work tours between transit
and non-transit commuters.

Second, from the technology perspective, I analyze the complex travel behavior of people
who use the recent technology-enabled ride-hailing services, such as Uber and Lyft (Chapter 4).
The empirical results using data from the 2017 NHTS show that 76 percent of ride-hailing tours
can be represented by five dominant tour types. The Latent Class Analysis (LCA) model
suggests that the ride-hailing user population can be divided into four distinct classes where each
class has a representative activity-travel pattern defining ride-hailing usage. Class 1 is composed
of young and employed users who use ride-hailing for work. Single and older individuals
comprise Class 2 and use ride-hailing for maintenance activities during midday. Ride-hailing
Class 3 are younger, employed individuals who use it during evenings for discretionary
purposes. Class 4 members use it for mode change purposes. The results of this study can help
ride-hailing operators to find out and address the travel needs of various heterogeneous groups of
potential market users who will show different responses to policy directives. The limitation of

this study is that services provided by Transportation Network Companies (e.g., Uber/Lyft)
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cannot be separated from convention taxi services because all ride-hailing options such as taxi,
limo, or Uber/Lyft are identified under a single code in the NHTS dataset. To make a comparison
between the taxi services and the recent on-demand ride-hailing services (Uber/Lyft), this study
reserves the analysis of the tour formation of taxi-only users (when the Uber/Lyft services were
not introduced) and a comparison between the tour formation of taxi-only and taxi with
Uber/Lyft users to future work.

Lastly, I explore the travel behavior of people, again in terms of tours, when they are
exposed to an economic downturn, i.e. 2007-2009 recession (Chapter 5). In particular, I
investigate whether workers changed their tour choice during a recession based on the American
Time Use Survey (ATUS). I apply multi-group SEM to analyze changes in tour choice during
the recession (2009) compared to pre- and post-recession years (2006 and 2012 respectively).
Results show that activity-travel relationships and their role in tour choice differed significantly
in the recession year particularly due to the changes in the nature of jobs. To analyze temporal
changes in causal structure, four sub-trend groups are identified: (1) norms that did not change in
pre-, during and post-recession years, (2) norms that changed during the recession but returned to
the old norm, (3) norms that changed during the recession and were maintained as a new norm,
and finally (4) 2006 norms that did not change during the 2009 recession but changed after the
recession. The results of this study provide valuable insights on possible changes in worker’s
travel demand during an economic downturn, which would contribute to building better pattern
choice sets in tour-based models.

The common thread throughout this dissertation is the development of a comprehensive
framework for analyzing complex travel behavior under disruptive changes due to environment,

technology, and economics forces.
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As mentioned, to analyze the complex travel behavior (i.e. tour formation) of the
travelers, I used two different national-level datasets: the American Time Use Survey (ATUS)
and the National Household Travel Survey (NHTS). The former represents the activity-based or
time-use oriented survey whereas the later one denotes the trip-based survey. The NHTS collects
nationally representative data for al/l the members from the selected households on both long-
distance and daily trips. For each respondent, trips made by all modes of travel (private vehicle,
public transport, pedestrian, biking, etc.) and for all purposes (work, school, shopping,
recreation, etc.) are recorded for a randomly assigned day (24 hours). On the other hand, ATUS
collects nationally representative data for only one member (aged 15 and older) from the selected
households on time use information for detailed activity categories (e.g., work, socializing,
traveling) for a 24-hour period.

Both of the datasets have some advantages and /imitations. For example, the activity-
based survey provides a greater number of trips than the trip-based survey. In other words, the
trip-based survey may result in underreporting of trips. Because the activity-based survey is more
intuitive and guides the respondent to better recall the short and infrequent trips (Pendyala,
2003). But in the trip-based survey, the respondents are required to record the travel “out of
context” of the activities performed (Harvey, 2003). Again, while ATUS provides detailed
information on both in-home and out-of-home activities, the substitution effects between these
two activity locations can be captured by using this data. In contrast, such substitution effects
cannot be captured by NHTS data as it provides information on in-home activities at a very
limited scope. Moreover, ATUS data is collected every year and thus, short term changes in
travel behavior can be better captured by this data compared to NHTS that collects data every ten

years. One of the biggest limitations of ATUS is that it provides data on only one member from
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each household. Thus, travel interactions among household members cannot be analyzed with
this dataset. On the contrary, NHTS supports such analysis as it collects data on all the members
from each household. Furthermore, ATUS does not provide household vehicle ownership data,
which is considered as one of the most important travel behavior indicators. Finally, since both
the ATUS and the NHTS do not provide location information, the influence of land use
distribution and spatial characteristics surrounding home, workplace, and other activity locations
on complex travel behavior cannot be captured in this dissertation.

Finally, the tour-based travel behavior analysis of this study can lead to a better
understanding of the complex travel behavior of the three groups of travelers: who are exposed
to changes in the economy, who use sustainable transport option under environmental concerns
of extensive car usage, and who use the recent technology-enabled on-demand ride-hailing
services, which can improve the knowledge of linkages between activity and mobility.
Identification of tour-based information is very crucial and at the same time challenging for the
understanding and the development of the tour- or activity-based demand models (Wang, 2015)
as TRB (2007) indicated that the analytical complexity and prohibitive data demands of the tour-
or activity-based models enable only a small number of US transportation agencies to apply
them. Note that while I analyze the travel behavior of these groups of travelers by applying the
tour-based approach, it does not directly represent an activity-based (or tour-based) forecasting

model. However, the insights of this study can be utilized to develop better tour-based models.
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