UC Irvine
UC Irvine Previously Published Works

Title
Heterogeneity in activity-travel patterns of public transit users

Permalink
https://escholarship.org/uc/item/1m67x541

Authors

Rafig, Rezwana
McNally, Michael G

Publication Date
2021-10-01

DOI
10.1016/j.tra.2021.07.011

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License,

availalbe at https://creativecommons.org/licenses/by/4.0/

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/1m67x54f
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

Heterogeneity in Activity-travel Patterns of Public Transit Users: An
Application of Latent Class Analysis

Rezwana Rafig! and Michael G. McNally?

Abstract

Public transit is considered a sustainable mode of transport that can reduce automobile
dependency and can provide environmental, economic, and societal benefits. However, with the
typical temporal and spatial constraints such as fixed routes and schedules, transfer requirements,
waiting times, and access/egress issues, public transit offers lower accessibility and mobility
services than private vehicles and thus it is considered a less attractive mode to many people. To
improve the performance of transit and in turn to increase its usage, a better understanding of
daily activity-travel patterns of transit users is required. This study analyzes transit-based
activity-travel patterns by classifying users via Latent Class Analysis (LCA). Using data from the
2017 National Household Travel Survey, the LCA model suggests that the transit users can be
divided into five distinct classes where each class has a representative activity-travel pattern.
Class 1 constitutes Caucasians employed males who make transit-dominant simple work tours.
Class 2 is composed of Caucasian females who make complex work tours. Caucasian employed
millennials comprise Class 3 and make multimodal complex tours. Transit Class 4 are non-
Caucasian younger or older adult groups who make transit-dominant simple non-work tours.
Last, Class 5 members make complex non-work tours with recurrent transit use and comprise
single older women. This study will help transit agencies to understand the activity-travel
patterns of various transit user groups and to consider market strategies that can address their
travel needs.
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Introduction

Public transit is considered a sustainable mode of transport that can reduce automobile
dependency and thus can mitigate some of the negative consequences of automobile use,
including congestion, air pollution, and energy consumption (Federal Highway Administration,
2018). However, with operations based on fixed routes and fixed schedules, public transit offers
lower flexibility and mobility services than automobiles, particularly in satisfying complex travel
needs (Hensher and Reyes, 2000) and thus is considered a less attractive mode to many people.
A better understanding of daily activity-travel patterns of transit users is needed to allow transit
operators to evaluate their services and to implement strategies to attract more people to transit.
This study investigates the complex activity-travel patterns and tours of transit users. Here, the
term pattern refers to a complete sequence of activities (in-home and out-home) and trips made
by an individual over a full day whereas tour, a basic unit of a full pattern, is defined as a
sequence of trips that begins and ends at the same location (here, at home) and contains single or
multiple activities. A detailed classification of tours is available in Rafig and McNally (Rafiq and
McNally, 2020a).

In recent years, a wealth of research has been completed that has focused on techniques
to extract information on transit user’s daily activity-travel patterns by mining transit smart card
data (Ma et al., 2013; Ma et al., 2017; Bhaskar and Chung, 2014; Morency et al., 2007; Chu and
Chapleau, 2010; EI Mahrsi et al., 2014; He et al., 2020). These studies mostly covered the data-
mining procedure but did not capture the user’s actual activity-travel patterns, with a few
exceptions (e.g., Goulet-Langlois et al., 2016). Also, the insights on activity-travel patterns are
derived either from Australian, Asian, Canada, or European contexts. Thus, our knowledge of
activity-travel patterns of transit users in the US context has been limited. Our goal in this study

is to address this research gap.

We posit that despite the complexity of an individual's activity-travel patterns, transit
users might fall into a small number of heterogeneous sub-groups, each of which has a
representative activity-travel patterns. The purpose of this study is to analyze the heterogeneity in
activity-travel patterns of transit users by classifying them in such a way that demonstrates
similar activity-travel patterns within a class but different between classes. The findings will help



transit operators to identify transit user groups with representative activity-travel patterns and to

develop policies to address user travel needs and to encourage higher transit usage.

2. Data and Sample

This study analyzes data from the 2017 National Household Travel Survey (NHTS), a source of
information on 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 (demographic characteristics of all household members)
e Trips (over 24-hours by all household members 5 or older and trip-related attributes)

e Vehicles (vehicles used by the responding households)

The NHTS dataset contains 129,696 households consisting of 264,234 persons who took a total
of 923,572 trips. For this study, we identified public transit users as those individuals who start
their first trip from home and ends their last trip at home and used public transit for 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/streetcar. This generates a sample of 4,994 individuals who made a
total of 20,222 trips where almost half of the trips are made by transit (10,011).

2.1 Socio-demographic Characteristics

Table 1 summarizes the household, personal, and location characteristics of the selected transit

users who used a transit mode in at least one trip segment.

3 When a trip involves change of modes, each mode defines a trip segment.



Table 1: Descriptive statistics of NHTS transit users (N = 4,994)

Percentage of users

Variables (%)
Household characteristics
Household size
Household size = 1 29.4
Household size = 2 34.7
Household size > 2 35.9
Number of household vehicles
Number of vehicles = 0 36.2
Number of vehicles = 1 29.7
Number of vehicles > 1 34.1
Monthly household income (USD)
Low income (less than $35K) 37.3
Middle income ($35K to $100K) 29.2
High income ($100K or more) 31.2
Presence of child aged 0-17 19.0
At least one vehicle per licensed driver 48.1
Personal characteristics
Age groups
Younger group (below 18 years) 6.6
Millennials (18 — 38 years) 33.8
Generation X (38 — 58 years) 32.3
Older adults (more than 58 years) 26.1
Gender: Male 48.6
Employment status: Employed 62.2
Race: Caucasian 59.3
Type of transit use
Commuter rail 42.7
Public bus 62.4
Location characteristics
Population density (persons per sq. mile) in census block group
Low density (0-2000) 17.1
Medium density (2000-10000) 42.5
High density (>10000) 40.4
MSA has a rail connection 50.7

In terms of household characteristics, a larger fraction of transit users have more than two
persons per household (35.9 percent) and belong to a lower income group (annual income less
than $35K USD) (37 percent). Few of these households have children aged 17 years or lower (19
percent) and 51.9 percent are car deficient households (less than one car per licensed driver). The
age distribution of transit users is similar for millennials (18 - 38 years) and Generation X (38 -
58 years) people and there are a considerable fraction of older adults among users (26 percent).
The majority of the transit users are Caucasians (59.3 percent), employed (62.2 percent), and live
in medium to high-density areas. Although APTA (2017) reported that Caucasian riders

represent the largest group of riders consisted of 40 percent of all riders, our finding (59.3



percentage) from the NHTS 2017 dataset is consistent with Grahn et al., (2019) who used the

same dataset in their study.

2.2 Trip Characteristics

This section discusses the characteristics of individual trips made by transit users. Figure 1
shows that transit is utilized for a considerable fraction of work (24 percent) and return home
trips (38 percent). Shopping or running errands (14 percent) is also a common trip purpose of
transit. Only 5 percent of trips are made by transit to go to school or religious centers. Note that
we did not consider school bus as a public transit category. Transit is occasionally used for
transporting someone (pick up/drop off) or going to a restaurant or medical center. Similar
results are found in APTA (2017).

School/religious 5%
Medical/dental 4%

-Shupping,-"e rrands 14%

Social recreation 73

I [k up drop off 236
heals 4%
— thers | 2%)

Figure 1: Distribution of transit trips by activity purposes

Next, we investigate how the demand for transit trips for three activity purposes -- work,
non-work, and return home -- varies over time-of-day. Figure 2 shows that the overall demand
for transit, represented by the fraction of trips made by transit, is similar (about 30 percent) for
all conventionally defined periods of travel time during the daytime (i.e., AM peak, midday, and
PM peak period). However, the purpose of trips varies among these three time periods. For
example, during the AM peak period (6 am — 10 am), a majority of transit trips are made for
work purposes (about 17 percent) whereas the higher fraction of midday (10 am — 3 pm) trips are
made for non-work purposes (15 percent). On the other hand, a dominant share of PM peak (3
am — 7 pm) transit trips represent the return home trips (20 percent). Since transit services are



typically unavailable or operate in less frequency during the late evening through early morning
(7 am — 6 am), it is not surprising to observe less fraction of transit trips (11 percent) during this

period.

mWork Non-work Return home
AM peak (6am - 10am) _ 12.9 1.5

Midday (10am - 3pm) - 14.7 10.5

PM peak (3pm - 7pm) * B.6 20.3
Evening to early morning
(7pm - Gam) -1'9 22

0.0 5.0 100 15.0 20.0 25.0 30.0 35.0
Percentage of trips

Figure 2: Distribution of trip purpose by time of day

The fraction of people traveling by activity purposes can be displayed in a time in motion
plot as shown in Figure 3. The figure compares travelers making trips by (a) all modes versus (b)
public transit-only. Note that we categorize trip purposes into four groups: (i) work: work- and
work-related trips; (if) maintenance: school/daycare/religious activity, medical/dental services,
buying goods, buying services, other general errands, and drop off/pick up someone; (iii)
discretionary: go out for a meal, snack, carry-out, recreational activities, and visiting friends or

relatives; and (iv) return home.

Figure 3 shows that travelers typically commute to work during the AM peak period and
return home from work during the PM peak period (Figure 3(a)). Transit riders demonstrate a
similar trend but with higher peaks (Figure 3(b)). The higher peaks for work and return home
trips indicate that among the transit riders, the majority of travelers are employed and use transit
regularly, primarily for work and return home purposes (APTA, 2017). Maintenance trips are
observed to occur at a constant rate throughout the day except in the evening period (Figure
3(a)). When travelers use transit for maintenance purposes, a similar trend is observed with a
slight variation in the late midday and PM peak periods (Figure 3(b)). Regarding discretionary

trips, no prominent difference appears between trips made by all modes and trips by transit-only.
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Figure 3: Time in motion plot by trip purpose

The mode usage behavior of transit users for various trip purposes is shown in Figure 4.
For any trip purpose, the majority of trips are observed to be made by public transit except for
discretionary purposes. Besides, a similar fraction of trips (around 12-13 percent) is reported to
be made by transit for both work and maintenance purposes. The second most frequent mode

used by transit users to access any activity is walk followed by private vehicles.
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Figure 4: Distribution of travel mode by trip purpose
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3. Heterogeneity in Activity-travel Patterns

The heterogeneity in activity-travel patterns of transit users can be captured by segmenting the
transit users into a set of sub-groups (with representative activity-travel patterns) by using Latent
Class Analysis (LCA). This technique offers several advantages over the traditional K-means
cluster technique. For example, while LCA can simultaneously configure both the classification
and prediction of classes with a single maximum likelihood estimation algorithm, K-means
clustering requires a separate discriminant analysis to predict classes based on exogenous
variables. Moreover, LCA provides various goodness-of-fit measures (e.g., AIC, BIC), which are
useful in determining the number of classes whereas the K-means technique does not provide

any such fit measures (Magidson and Vermunt, 2002).

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), millennials based on their mode usage
(Ralph, 2017; Lee et al., 2019), ride-hailing users depending on individual lifestyles (Alemi et
al., 2018), tours based on various non-work long-distance travel (Davis et al., 2018), individuals
based on mobility patterns (Schneider et al., 2020), and individuals with respect to their attitudes
towards mobility as a service (Alonso-Gonzélez et al., 2020). While prior studies capture
heterogeneity among target groups primarily in terms of individual demographics, lifestyles,
attitudes or preferences, neighborhood characteristics, and travel behavior attributes, we
identified heterogeneity among transit users based on their activity-travel patterns and tour
behavior. A similar method is applied to analyze the activity-travel patterns of ride-hailing users
by Rafig and McNally (2020b). The mathematical formulation of LCA, required variables, and

model estimation results are discussed next.

3.1 Latent Class Analysis (LCA) Model Definition

Latent class analysis 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). Suppose each member of a population (indexed by i)
contains J “indicator” variables (indexed by j), each of which can take a value from a set of K;
possible outcomes (all indicators variables are categorical). Let Yix = 1 if respondent i takes k-th
outcome for its j-th categorical variable, and Yijx = 0 otherwise (Y 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 pr, forr =1, 2,...R, and (b) the
class-conditional probability, denoted by mjrk, that observation in class r produces the k-th

outcome on the j-th variable. The likelihood of observing a certain respondent is therefore given

by:

R 7 Kj
iy = o[ [ [emmo"on

r=1  j=1 k=1
The parameters that the LCA model estimates are pr and ek, Which are found via
maximum log-likelihood estimation (MLE). In a more generalized LCA model, the class
probabilities, pr’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 coefficient vectors,
B: (instead of pr), along with mtjk (more details on this technique can be found in Linzer and

Lewis (Linzer and Lewis, 2011).

3.2 LCA Model Indicator Variables and Covariates

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 of an individual belonging to a latent class.
Figure 5 shows the conceptual latent class model with a set of indicator variables and covariates
used in this study. To capture the heterogeneity in activity-travel patterns, we used various trip
and tour attributes of transit users as the indicator variables, such as day of travel (weekday or
weekend), number of daily tours (one or more), a work tour is made or not, number of daily non-
work trips, the timing of non-work trips, fraction of daily trips made by transit, and employment
status of transit users. The covariates are to understand the class membership profiles that consist
of various socio-demographic characteristics, such as gender, age, household income, household
size, vehicle ownership, use of rail transit on the travel day, and population density (persons per
square mile) in the census block group at the home location.
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3.3 LCA Model Estimation and Fit Statistics

MODEL INDICATORS

We 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 with

degrees of freedom and information criteria AIC or BIC). AIC or BIC can be used to compare

the relative fit of models with different numbers of latent classes, where a lower value suggests a

better model fit. In this study, we varied class sizes from 2 to 6, observed the corresponding fit

measures, and empirically assessed the extent of the interpretability of the resulting classes.
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Figure 6: Model fit statistics for two to six-class models
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Figure 6 shows the fit statistic values for two to six-class models. With the increase in the
number of classes, the values of all fit measures decrease until the class size becomes six. The
rate of decrease varies, with a sharp decline after class 2 and then flattening after class 5. Since
the five-class model has the lowest AIC and BIC values and classes are easily identifiable and

logically interpretable, we accepted the five-class model for our study.

The class-conditional membership probabilities for the indicator variables and covariates
by each of the identified five classes are shown in Table 2a and Table 2b respectively. Also, the
effects of covariates on class membership are presented in Table 3. Each of the identified five
latent classes corresponds to an underlying group of individuals who are characterized by a
particular activity-travel pattern and social-demographics features. Next, we provided a detailed
description of (a) who belongs to which class among the five identified classes and their trip and
tour characteristics, (b) class membership socio-demographic profiles (which factor influenced
an individual belonging to a certain class), and (c) the activity-travel patterns of the five classes

of transit users.

3.4 The Five Identified Transit User Classes

The first class corresponds to the simple work tour transit commuters (22 percent of total users,
Table 2a), who, as the name suggests, make a single tour (96 percent) for work purposes (97.3
percent) on weekdays (92 percent). This group neither makes a nonwork stop in their work tour
nor makes a separate nonwork tour in a day (100 percent). Besides, most of the members use
transit for their work and return home trips (78.9 percent reported using transit for more than 50
percent of daily trips). This group constitutes Caucasian (63.8 percent), employed males who live
with other household members (81 percent), have high vehicle ownership (79.5 percent), and
typically use commuter rail (53.6 percent) for their work trips (c.f. Table 2b). The majority of
this group (43.4 percent, Table 2b) resides in medium-density neighborhoods (2,000 to 10,000

people per square mile).

The second class is identified as the complex work tour transit commuters that constitute
22 percent of total users. Similar to class 1, this class also makes a single (67.2 percent, Table 2a)
work tour (97.3 percent) on weekdays but it typically includes a non-work stop within the work
tour that class 1 does not. Several users also make a separate non-work tour to perform a non-

work activity (32.8 percent reported making multiple tours). Most of the users make one non-
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work trip (71.5 percent) per day, usually performed during the midday (10 am — 3 pm) or PM

peak period (3 pm — 7 pm). The majority of the members (58.8 percent) depend on transit for

making 25 to 50 percent of their daily trips. As per socio-demographic characteristics, these

individuals are mostly Caucasian (62.9 percent) employed women with high income and high

vehicle ownership (75.6 percent) who use commuter rail for work purposes (Table 2b).

Table 2a: Class-conditional membership probabilities for indicator variables

by each class (N = 4,994)

Class 1 Class 2 Class 3 Class 4 Class 5
Simple work Complex work Multimodal Simple Complex
tour transit tour transit complex tour non-work tour non-work tour
commuters (%) commuters (%) transit users (%) transit users (%) transit users (%)
Class sizeart 1095 1127 733 977 1062
Class share 22% 22% 16% 19% 22%
Indicator variables
Day of travel
Weekday 92.0 95.9 80.2 82.1 82.7
Weekend 8.0 4.1 19.8 17.9 17.3
Daily tours
Single tour 96.0 67.2 47.9 100 443
Multiple tours 4.0 32.8 521 0.0 55.7
Work tour included
Yes 97.3 97.3 59.3 04 1.3
No 2.7 2.7 40.7 99.6 98.7
Number of daily non-work trips
Non-work# 0 100.0 0.0 0.0 0.0 1.0
Non-work# 1 0.0 71.5 0.0 76.8 0.0
Non-work# 2 0.0 285 23.7 23.2 29.7
Non-work# >2 0.0 0.0 76.3 0.0 69.3
Timing of a non-work trip
AM peak (6am - 10am) 0.0 18.8 43.3 62.6 67.5
Midday (10am — 3pm) 0.0 33.5 70.6 41.6 81.3
PM peak (3pm — 7pm) 0.0 49.3 74.9 6.1 52.7
Evening (7pm — 6am) 0.0 17.4 42.8 3.5 16.2
Fraction of daily trips by transit
Less than 0.25 24 12.8 421 1.0 24.6
0.25-0.5 18.7 58.8 49.9 20.0 48.1
More than 0.5 78.9 28.4 8.0 79.0 27.3
Employment status
Employed 97.5 98.3 96.1 16.8 9.6
Not employed 2.5 1.7 3.9 83.2 90.4

a Class of each sample is determined by modal assignment (so the percentage may not match).
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Table 2b: Class-conditional membership probabilities for covariates

by each class (N = 4,994)

Class 1 Class 2 Class 3 Class 4 Class 5
Simple work Complex work Multimodal Simple Complex
tour transit tour transit complex tour non-work tour non-work tour
commuters (%) commuters (%) transit users (%) transit users (%) transit users (%)
Class sizea 1095 1127 733 977 1062
Class share 22% 22% 16% 19% 22%
Covariates
Gender of the traveler
Male 54.1 49.5 48.0 46.4 443
Female 45.9 50.5 52.0 53.6 55.7
Age of the traveler
Younger group (< 18 years) 04 0.5 0.7 16.7 14.2
Millennials (18 — 38 years) 40.4 42.6 47.9 23.6 17.2
Generation X (38 — 58 years) 411 37.8 37.2 211 24.2
Older adults (> 58 years) 175 17.8 13.5 36.2 43.4
Race of the traveler
Caucasian 63.8 62.9 73.6 457 52.9
Non-Caucasian 36.2 37.1 264 54.3 471
Household income
Low income (less than $35K) 211 20.5 18.9 60.9 62.8
Middle income ($35K — $100K) 35.2 34.4 33.4 214 21.6
High income (more than $100K) 41.4 43.4 46.8 13.5 13.1
Household size
One person 19.0 25.0 29.1 34.0 40.3
Two persons 38.3 39.9 4.7 25.0 29.5
more than two persons 42.7 35.0 29.2 40.9 30.2
Household vehicle ownership
Own at least one vehicle 79.5 75.6 71.5 48.5 43.9
Does not own a vehicle 20.5 24.4 28.5 51.5 56.1
Used rail transit on the travel day
Yes 53.6 55.5 59.3 24.3 23.2
No 46.4 44.5 40.7 75.7 76.8
Population density (persons per
sq. mile) in census block group
Low density (0 —2,000) 214 15.4 1.7 18.6 17.0
Medium density (2,000 - 10,000) 434 39.1 38.9 444 45.9
High density (more than 10,000) 35.2 45.6 49.3 37.0 37.1

a Class of each sample is determined by modal assignment (so the percentage may not match).

The third identified class is deemed multimodal complex tour transit users (the smallest

with 16 percent users) who are mostly employed (96.1 percent, Table 2a) and make work tours

(59.3 percent) like the first and second class. The key difference is that class 3 typically makes

multiple non-work trips (76.3 percent make more than two non-work trips) within a work or non-

work tour while the other two classes do not. Despite most of the users being employed in this

group, less than two-thirds of them made work tours on travel day (59.3 percent), which is

13



contrary to class 1 and class 2 (more than 97 percent did so in these classes). Moreover, unlike
the other two employed groups, this group makes a considerable fraction of multiple tours (52.1
percent compared to 4 percent (class 1) and 32.8 percent (class 2)). The users of this group are
multimodal since most of them (more than 90 percent) use transit for at most 50 percent of their
trips and depend on other modes for making the rest of the trips. Members of this class are
mostly Caucasians (73.6 percent), millennials with high income (46.8 percent), and high vehicle
ownership (71.5 percent) (c.f. Table 2b). Similar to class 1 and class 2, a higher fraction of this
group uses commuter rail (59.3 percent). Unlike simple work tour transit users (class 1), a higher
fraction of the two complex tour users (class 2 and class 3) live in high-density residential areas

(more than 10,000 people live per sg. mile) (Table 2b).

In contrast to the previous three groups, the last two groups of transit users are not
typically employed and consequently do not make work tours. Instead, they make single or
multiple tours to perform one or more non-work activities. The fourth group, identified as the
simple non-work tour transit users (19 percent of total users), primarily make a single tour (100
percent, Table 2a) to participate in only one non-work activity (76.8 percent). This group
depends mostly on transit for making both of their trips (79 percent use transit for more than 50

percent of trips) (c.f. Table 2a).

Compared to class 4, the final class of transit users (class 5) mostly makes multiple tours
(55.7 percent) to multiple non-work activities (69.3 percent make more than two, Table 2a). This
class is, therefore, called complex non-work tour transit users, which comprises 22 percent of
total transit users. These two non-work tour classes include a higher fraction of younger (age <
18 years) and older-adult (age > 58 years) groups and a larger proportion of low-income
households with low vehicle ownership (nearly 45 percent in class 4 and 5 compared to about 75
percent in the other three classes) than the first three classes (c.f. Table 2b). Moreover, while a
higher proportion of the three employed groups used commuter rail (more than 50 percent), the
other two groups mostly used the public bus (more than 75 percent) on the travel day. Among all
the classes, class 4 includes a larger share of non-Caucasian people whereas class 5 comprises a
greater fraction of single-living people. Similar to class 1, the majority of users in both class 4

and class 5 resides in medium-density areas.
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3.5 Prediction of Latent Class Membership

The socio-demographic factors (covariates) that influence an individual belonging to a certain

class are shown in Table 3. The covariate coefficients for four classes are displayed relative to

the first class (i.e. simple work tour transit commuters). Males are more likely to belong to the

simple work tour class (class 1) compared to all the four classes. On the other hand, females are

more likely to belong to all the complex tour classes. This is because females often have a

greater range of activity responsibilities than their male counterparts (McGuckin and Murakami,

1999; Rafig and McNally, 2020a). Both younger (< 18 years) and older adult groups (> 58 years)

are more inclined to be the non-work tour transit users (class 4 and class 5) whereas millennials

(18 — 38 years) are more likely to be the multimodal complex tour transit users (class 3).

Table 3: Prediction of latent class membership (N = 4,994)

Complex work ~ Multimodal Simple Complex
tour transit complex tour non-work tour ~ non-work tour
Covariates commuters vs.  transitusersvs. transitusersvs. transit users vs.
simple work simple work simple work simple work
tour commuters  tour commuters  tour commuters  tour commuters
Gender of traveler. Male -0.168* -0.255* -0.226* -0.313*
Age of traveler (baseline: Millennials, 18 — 38 yrs.)
Younger group (less than 18 years) 0.324 0.646 4.542*** 4.897***
Generation X (38 — 58 years) -0.151 -0.300** -0.249* 0177
Older adults (more than 58 years) -0.139 -0.666** 1.212*** 1.581***
Household income (baseline: low income, < $35K)
Middle income ($35K — $100K) 0.084 0.165 -1.210%** -1.097***
High income (>$100K) 0.295* 0.507** -1.644*** -1.536***
Race of the traveler: Caucasian -0.040 0.490*** -0.267* 0.006
Household size (baseline: single person)
Two persons -0.286* -0.423*** -0.240 -0.167*
More than two persons -0.525%** -0.880*** 0.082 -0.269
Household vehicle: own at least one vehicle -0.033 -0.281* -0.683*** -0.800***
(baseline: does not own vehicle)
Use of rail transit on the travel day: Yes -0.033 0.047 -0.655™* -0.755™*
Population density (persons per sq. mile) in census
block group (baseline: low density, 0 —2,000)
Medium density (2,000 — 10,000) 0.198 0.463*** -0.162 -0.036
High density (more than 10,000) 0.507** 0.759** -0.033 0.085

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

Household income also affects class membership: transit users with low-income belong

to class 4 and class 5, on the contrary, high-income users belong to class 2 and class 3. Likewise,

the users who do not possess any household vehicle or do not use commuter rail are more likely
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to belong to class 4 and class 5. We found an association between household size and class
membership: persons from single-living households tend to belong to class 5, whereas persons
from larger households are more likely to belong to class 1. The effects of population density on
class membership are limited, more specifically people living in high-density areas are more

likely to make complex tours, hence more tend to belong to class 2 and class 3.

3.6 Activity-travel Patterns of Identified Classes

This section analyzes the activity-travel patterns of the identified five transit user classes. A
graphical representation is utilized for each class that shows the sequence of all activities and
travel reported in a travel diary day for a randomly selected 50 individuals from a given class.
Ideally, we would depict the plots for all individuals in the class but space and clarity of display
resulted a selection of 50 patterns yielding the clearest results. We generate the same plots for 10
different random samples, each time producing a similar set of plots. We report one of those ten
results here. Figure 7 shows these results for each class (the x-axis denotes the time of day and
the y-axis denotes sampled individuals with their activities and trips). The sequence of activities
and travel is shown as segments based on activity and travel duration. The segments are color-
coded based on activity purpose and mode use. In Figure 7, a summary of the major activity-
travel characteristics of each class is also shown by a stacked bar chart beside the activity-travel

pattern drawing.

3.6.1 Class 1. Simple Work Tour Transit Commuters

The dominance of red-colored segments in all the patterns in Figure 7(a) best illustrates the work
focus in this class. The blue segments show transit use, predominantly preceding and following
the red segments indicating transit as a commute mode to and from work. The departure time of
transit trips during morning and evening hours and the length of red segments demonstrates that
this is a 9-to-5 commuter group. In addition to the pattern diagram, the bar chart depicts that this
group mostly make a single tour for work purpose and are primarily dependent on transit: 85
percent use only transit, 10 percent use transit in a combination of a private vehicle, and 9

percent combine walk trips with transit. The higher weekly frequency of transit use indicates that
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this class commutes regularly by transit. The majority of this class are not captive riders* but are

rather choice riders (66 percent).

3.6.2 Class 2. Complex Work Tour Transit Commuters

In Figure 7(b), class 2 demonstrates a similar pattern of red and blue colored segments like class
1, which means that class 2 also use transit (blue segment) as a commute mode to and from work
(red segment). In contrast to class 1, this class depicts green colored segments in the middle of
the red color and mostly on the right side of the diagram. The green segments depict non-work
activities, usually performed either during work or after work hour (33.5 percent people make
during midday and 49.3 percent during PM peak period, Table 2a). The after-work non-work
activities are made either on the ‘way to home’ journey or via separate non-work tours. About
two-thirds of people in this class make a single tour that typically mixed non-work with work
whereas the other third made multiple tours, possibly one for work and another one for non-
work. Data reveals that when this group makes non-work during work hours, they typically go
out for lunch (spending 28 minutes on average) within walkable distance from their workplace.
Again, when they stop on the way to home, the activity tends to be buying goods, groceries, or

services spending about 40 minutes on average.

Figure 7(b) also shows that while transit (blue) is predominantly associated with work
activity (red), private vehicles (yellow) and other modes (cyan) along with transit are associated
with non-work (green) activities. More specifically, this class uses a variety of modes to access
non-work activities, for example, in 32 percent of non-work trips transit is reported to be used
whereas in 26 percent and 37 percent of trips private vehicles and walk are used to access non-

work activities, respectively.

4 Captive riders refers to those riders who either do not own a vehicle or do not have driving license or give up
driving for a medical condtion.
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Figure 7: Sampled activity-travel patterns and aggregate trip characteristics
by transit user classes

3.6.3 Class 3. Multimodal Complex Tour Transit Users
The transit users who belong to this class demonstrate different trip characteristics from the first

two classes (class 1 and class 2), as evidenced in Figure 7(c). One difference is that not all people
in this class make trips to work on the travel day (even though 96 percent of people in this class
are employed). A possible reason may be that a higher fraction of class 3 reported weekend trips
(20 percent compared to 8 and 4 percent for class 1 and class 2, respectively) or worked from
home (12 percent compared to 3 and 4 percent) on the travel day. Another observation is that the
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non-home activities span from morning till late evening in this class, which is not visible in other
classes (42.8 percent people make trips during evening compared to 17.4, 3.5, and 16.2 percent
in class 2, 4, 5 respectively, Table 2a). Also, class 3 participates in more non-work activities by
making multiple tours and depart late in their first trip made by transit within the first tour than

the previous two employed classes.

The pattern also reveals that the transit users in the class mix private vehicles (yellow
segments) and other modes (cyan segments) with their transit modes (blue segments). This class
indeed has a higher fraction of “PT + two/more” group (the travelers who use two and more
modes in addition to transit to complete their activities) than other classes (Figure 7(c) bar chart).

This is why this class is called a multimodal transit user group.

3.6.4 Class 4. Simple Nonwork Tour Transit Users

The activity-travel pattern of class 4 is displayed in Figure 7(d), which shows a similar pattern of
class 1, but instead of having red, class 4 illustrates green color. In particular, this class makes a
single tour to perform one non-work activity and use transit to make the non-work and return
home trips (blue segments juxtaposed with green segments). It is observed that the non-work
trips mostly occur during the morning hours (blue segments that precede the green segments
span between 8 am to 12 pm) usually to go to school (19 percent trips), to buy groceries or other
goods (35 percent), to visit health care centers (14 percent), or to do discretionary activities (21
percent). As the pattern diagram shows, the total non-home durations for each individual varies
quite a bit. For example, while the majority of them spend less than 5 hours (41 percent), a
considerable fraction spends up to 8 hours (26 percent) or even up to 12 hours (27 percent)
(Figure 7(d) bar chart).

This class is neither considered as choice riders nor as frequent transit riders as the other
commuter classes. Most of them use transit constrained by their circumstances (74 percent are
captive riders) and use it for at most 3 times a week (60 percent). They rarely use other modes to
make non-work trips— only 11 percent and 19 percent of members combine private vehicles and
walk with transit respectively.
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3.6.5 Class 5. Complex Nonwork Tour Transit Users

Members of class 5 make multiple tours to make multiple non-work activities as illustrated by a
high concentration of small green-colored segments in Figure 7(e). The green segments mostly
span from morning through early evening period, which can be attributed to doing non-work
activities during the daytime: 67.5, 81.3, and 52.7 percent users make trips in AM peak, midday,
PM peak periods respectively (Table 2a). Non-work trips are usually made for school (8
percent), shopping (40 percent), discretionary activities (28 percent), and medical visits (10
percent). Similar to class 4, the duration of total non-work activities varies considerably among

the class members (Figure 7(e) bar chart).

The scattered pattern of small blue-colored segments demonstrates a repetitive use of
transit for making multiple tours or single tours with multiple trips by this class. Data reveals that
compared to other transit user classes, this class makes more transit trips with shorter duration
(average number of transit trips for class 5 is 2.3 compared to 1.9 for the other classes). The
presence of cyan and yellow-colored segments denote corresponding walk and private vehicle
trips integrated with transit to access multiple non-work activities.

4. Conclusions

This study analyzes the activity-travel patterns and tours of transit users by classifying them into
a number of sub-groups via Latent Class Analysis (LCA). Here, the term pattern denotes a
complete sequence of activities and trips made by a transit user over a full day whereas tour, a
basic unit of a pattern, refers to a sequence of trips that begins and ends at home and contains
single or multiple activities. Based on data from the 2017 NHTS, the LCA model results suggest
that the transit users can be divided into five distinct classes where each class has a
representative activity-travel pattern. Class 1 constitutes Caucasians employed males who make
transit-dominant simple work tours. This is a regular 9-to-5 commuter group. Class 2 is
composed of Caucasian females who commute by transit and typically make after-work non-
work activities. Caucasian employed millennials comprise Class 3 and make a multimodal
complex tour. Transit Class 4 consists of non-Caucasian younger or older adult people who make
a transit-dominant simple non-work tour. Last, Class 5 members make complex non-work tours
with recurrent transit use and are comprised of single-living older women. The summary of the

characterizations of these five transit user classes is shown in Figure 8.
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Figure 8: Five transit user classes and their socio-demographic properties

This study can help transit agencies identify potential market groups of transit users with
particular socio-demographic characteristics and activity-travel patterns and to take necessary
market strategies addressing different groups of users to meet their travel needs and to improve
the quality of service provided. For example, frequent transit services and on-time strict
schedules need to be ensured and monthly transit pass option can be offered particularly to those
who regularly use it for commute purposes (Class 1 and Class 2). While making after-work non-
work activities, a substantial portion of Class 2 members use private vehicles for non-work or
return-home trips as transit use is not generally conducive to do so. To provide a convenient
modal linkage for this class, transit stations should be designed to consider parking facilities and

other activity services.

As individuals belonging to Class 3 make multiple trips to non-work activity locations
and usually mix other modes in addition to transit, providing multiple activity centers (e.g.
shopping/grocery, restaurants) at a single location might benefit them at length. This might
reduce the number of transfers on their transit usage and might facilitate easier chaining of
multiple activity purposes at a single location. On the contrary, since Class 4 and Class 5
comprise a large portion of older-adults, special attention needs to be given to design a better and
convenient transit service for them addressing their mobility and accessibility needs. Finally,

Class 5 transit users make use of transit quite often (multiple times in a single day) so discounted
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fare options (e.g., a transit day pass or free transfers) can be offered to them so that they can

make multiple transit-stops in connecting non-work activities.

The findings of this study provide valuable information on the heterogeneity among
transit users based on their activity-travel patterns. It, therefore, provides better insights on their
pattern choice sets, which will help planning organizations in forecasting daily activity-travel
schedules for transit users and subsequently predicting tour generation behavior in an activity-

based travel demand forecasting model.
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