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Abstract

Sensing Human Activity and Interaction Patterns through Movement Observations

by

Rongxiang Su

Human beings have a fundamental need for social interaction according to Maslow’s

hierarchy of needs. Human interaction contributes to individual psychological develop-

ment and well-being, and enhances social cohesion more broadly. Among others, two

scientific fields that are interested in human interaction in space and time progressed in

separate paths but emerged from similar inspirations and aim at similar end goals. The

first is activity analysis with a focus on developing models of activity participation and

travel behavior using travel surveys. These are commonly referred to as activity-based

approaches in travel demand analysis. The second is the study of human movement in

space and time using geometric relationships that evolve over time and space derived

from the observations of moving individuals, a tradition followed mostly by geographic

information scientists. Travel behavior researchers recognize human interaction as one

of the most important determinants affecting people’s daily time allocation and travel.

However, inter-individual interactions, particularly inter-household ones, in travel behav-

ior research have received less attention while these interactions contribute to a significant

amount of travel. Traditional travel surveys are usually limited in sample size and obser-

vation period due to expensive costs. They also often lack sufficient information regarding

inter-household interactions. Besides human interactions when individuals engage in ac-

tivities at specific locations, it is also crucial to consider potential interactions in shared

spaces, such as when their activity spaces or paths intersect during movement. In recent

years, the increased availability of diverse and fine-grained movement data offers an un-

x



precedented opportunity to study human movement and interaction at an unparalleled

level of fine granularity. However, there is a shortage of advanced computational meth-

ods to trace and understand human interactions present in fine-grained and large-volume

movement data. It also remains unclear to what extent the knowledge gained from indi-

vidual movement data can contribute to our understanding of collective behaviors across

different socio-geographical contexts. The primary goal of this dissertation is to develop

and evaluate new computational methods for identifying and quantifying spatiotemporal

patterns of human daily activities and interactions, using both conventional travel diaries

and massive movement data of individuals. By doing so, this dissertation explores im-

portant questions to understand heterogeneity in people’s daily activity-travel patterns

and interactions across different socio-geographical spaces.
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Chapter 1

Introduction

1.1 Background and Motivation

Human beings have a fundamental need for social interaction or social contact, ac-

cording to Maslow’s hierarchy of needs [1]. In practical terms, at the individual level,

social contact significantly contributes to psychological development and subjective well-

being [2]. At the community level, social interaction may strengthen social cohesion,

which, in turn, leads to increased solidarity, trust, pro-social behavior, well-being, and

reduced violence and crime in society [3, 4, 5, 6].

Among others, two scientific fields that are interested in human interaction in space

and time progressed in separate paths but emerged from similar inspirations and aimed

at similar end goals. The first is activity analysis with a focus on developing models of

activity participation and travel behavior using travel surveys. Over time, considerations

about the daily social interactions of people, time allocation to different activities, physi-

cal separation of places, and the roles people play as they progress through their life cycle

stages led researchers to develop more complex models for planning and operations that

are known as activity-based approaches for travel demand analysis [7, 8, 9]. The second
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is the study of human movement in space and time using geometric relationships that

evolve over time and space derived from the observations of moving individuals, which is

a tradition that is followed mostly by geographic information scientists [10, 11, 12, 13].

With the increasing availability of fine-grained human movement data, the primary con-

cern of this stream of research is to develop new computational approaches and modeling

techniques for analyzing and understanding human interaction at more granular levels.

The conceptual framework for analyzing human interactions is motivated by Hägerstrand’s

time geography and its derivatives [14, 15, 16]. Hägerstrand was opposed to aggregate

analyses of people’s behavior and advocated microanalysis of human behavior. He defined

many of the fundamental elements in time geography, such as space-time path tracing

the movement of an individual in space and time, space-time prism for measuring indi-

vidual activity space, space–time bundle (convergence of two or more paths for a shared

activity), three types of constraints people face in their everyday life (i.e., capability,

coupling, and authority constraints), activity motivated by basic human needs, and an

evolutionary approach to all this [14]. Of these concepts, the space-time bundle is the

most directly relevant for the study of human interaction. In time geography, a bundle

refers to the grouping of activities or events (i.e., the convergence of two or more paths

for some shared activity) within a defined time period or temporal window [14, 17]. A

bundle can occur when individuals are stationary at the same location (i.e., stationary

bundle) or during movement in a shared space (i.e., mobile bundle). The idea of space-

time bundle lays the foundation for understanding complex spatiotemporal patterns of

human activities and interactions [17, 18]. In this dissertation, I use the term interaction

to explicitly discuss spatiotemporal co-location behaviors of different individuals at the

same activity location or during movement in a shared space.

Travel behavior researchers recognize human interaction as one of the most impor-

tant determinants affecting people’s daily time allocation and travel [19, 9, 20, 7]. The

2
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majority of daily human interactions happen within households (i.e., intra-household

interactions). This is not only because household members live together but also be-

cause they share household responsibilities. Consequently, intra-household interactions

are frequently incorporated into activity-travel analyses, and numerous researchers have

highlighted their substantial roles in elucidating people’s daily life [21, 22, 23, 24, 25].

Exploration of this topic has roots in Samuelson’s work [26] in which he formulated

household utility as a function of the utility of each individual household member. This

approach was further developed by Townsend [27] and Koppelman [28], who established a

theoretical framework for a household time allocation model, considering various types of

interdependencies within a household. According to [29], intra-household relationships

can be categorized into three types: substitution, complementarity, and companion-

ship. In essence, researchers are interested in understanding the group decision-making

process regarding how people allocate time to themselves and others in activity and

travel (e.g., parents picking up the children from school, joint activities between house-

hold members such as having dinner together or engaging in the same social event)

[21, 22, 27, 28, 29, 30, 31, 32, 33].

Nevertheless, inter-individual interactions, particularly inter-household ones in travel

behavior research have received less attention while these interactions contribute to sub-

stantial daily travel and significantly impact the duration and start time of activities

[33]. Inter-household interactions may not necessarily refer to social contact between

familiar individuals (e.g., friends); they also include anonymized and casual encounters

between strangers or acquaintances. This phenomenon is also referred to as the “familiar

strangers” concept proposed by Milgram [34]. While such contact may seem insignif-

icant, it serves as a precondition for more complex and meaningful social interactions

that shape a healthy and lively environment [35, 36]. For instance, sharing rides with

“familiar strangers” provides a sense of security without introducing additional obliga-

3
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tions to engage in interpersonal interactions [37]. Familiar strangers have the potential

to enhance more sophisticated social interactions, contributing to the formation of social

identity and social networks among individuals [38, 39]. Traditional data sources sup-

porting interaction analysis primarily consist of individual records of daily travel (e.g.,

travel diaries) or sometimes, in conjunction with GPS devices (e.g., GPS-enhanced travel

surveys). Travel surveys usually collect people’s individual and household level sociode-

mographic characteristics as well as detailed information about daily travel or activities

such as each trip’s departure and arrival times, trip purpose or activity type, activity lo-

cation, and mode choice. In addition, GPS technology has been integrated into the travel

survey collection process for various purposes, such as detecting travel modes [40, 41],

identifying trip end or activity locations [42, 43], assessing transportation network condi-

tions [44], and analyzing route choices [45, 46]. However, these data are usually limited

in sample size and observation period due to expensive data collection costs. They also

often lack sufficient information regarding inter-household interactions.

It is also crucial to take into account human interactions not only when individu-

als engage in activities together at specific locations but also potential interactions in

shared spaces, such as when their activity spaces or paths intersect during movement

[47, 48, 11, 10, 49, 50]. Geographic information scientists, also inspired by Hägerstrand’s

time geography framework [14], pursue a distinct research direction with objectives akin

to those of travel behavior researchers. Their focus lies in unraveling the intricacies

of human movement and interaction patterns by using the geometric relationships of

their movement paths that evolve over time and space [51, 52, 47, 48, 11, 10, 49, 50].

Many of the existing tools for interaction analysis rely on the spatial proximity between

two individuals and require predefined spatial and temporal thresholds [10, 53]. These

proximity-based approaches can be limited when high-resolution data are not available

or when moving individuals are not tracked simultaneously. To address this issue, recent

4



Introduction Chapter 1

developments leveraged time geography [14] to enhance interaction analytics [50, 49, 48].

Specifically, these approaches model the accessible area of individuals given each pair

of successive GPS fixes along their movement paths using the concept of Potential Path

Area (PPA) [17, 16, 15]. Subsequently, the intersection of two PPAs of different individu-

als identifies the joint-accessibility space where potential interaction between individuals

is possible. Existing efforts indicate that the PPA-based approaches can well identify

potential interactions when individuals are not tracked simultaneously [50]. Moreover,

the PPA-based approaches are capable of identifying delayed interactions when individ-

uals visit the same locations asynchronously with a time lag [50, 49]. However, existing

approaches fall short in their capacity to quantify the duration of dynamic interactions or

frequency of contact between moving individuals, which are critical factors for differenti-

ating different types of human interactions. Furthermore, a comprehensive taxonomy of

the definition and classification of human movement interaction is also lacking, which is

fundamental for the formalization of interaction patterns and their properties to inform

subsequent more sophisticated analysis.

In recent years, the surge in location-aware technologies (LATs) has propelled the

study of human activity and interaction patterns to unprecedented spatiotemporal gran-

ularities. This progress is attributed to the increased availability of multi-faceted and

multi-sourced movement data [12], collected in larger volumes and varying formats across

multiple temporal granularities in the so-called Big Data era [54]. Such data are sourced

from various devices, including GPS data recorders, cell phone traces, Call Detail Records

(CDR) from smartphones, Radio Frequency Identification (RFID) tags, Wi-Fi and Blue-

tooth sensors, as well as georeferenced social media applications [55]. Among them, the

cellular networks operated by mobile phone providers function as ubiquitous sensors, of-

fering an extensive amount of information about the movement patterns of nearly the

entire population [56]. This offers an unprecedented opportunity to study human move-
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ment and interaction at an unparalleled level of fine spatiotemporal resolution and a large

geographic scale [57].

However, there is a shortage of advanced computational methods to trace and under-

stand human interactions present in fine-grained and large-volume data sets of human

movement. It also remains unclear to what extent the knowledge gained from the analysis

of individual movement data can contribute to our understanding of collective behaviors

across different socio-geographical contexts, such as social mixing and segregation among

diverse social groups within metropolitan areas. The primary goal of this dissertation is

to develop and evaluate new computational methods for identifying and quantifying spa-

tiotemporal patterns of human daily activities and interactions, using both conventional

travel diaries and massive movement data of individuals. By doing so, this dissertation

explores important questions to understand heterogeneity in people’s daily activity-travel

patterns and interactions across different socio-geographical spaces.

1.2 Research Questions

My dissertation attempts to bridge the research gaps discussed above by addressing

three individual yet interconnected key research questions.

Research Question 1: Are there significant differences in daily activity-travel pat-

terns between different occupational groups, such as telecommuters and commuters?

Unlike the conventional definition of telecommuting in the late 1970s, telecommut-

ing nowadays is no longer a home-based work arrangement, but is multiple-place-based.

With the advancement of information and telecommunication technologies (ICTs), the

emergence of ubiquitous workplaces allows telecommuters to work not only at home but

at many places with available internet connection such as a coffee shop, a bookstore, a

restaurant, and so forth. This provides opportunities for human interactions between

6



Introduction Chapter 1

physical and virtual spaces. However, it remains unclear if significant differences exist

between telecommuters and customary commuters in their daily mobility and time allo-

cation patterns. To answer RQ 1, I propose a new joint pattern recognition method that

combines network motif-based analysis with an activity sequence alignment method in

Chapter 2. The proposed method can identify individuals’ variety-seeking behaviors in

daily destination choice and distinct time allocation patterns for activity participation.

The new method will be evaluated through a case study using the California component

of the 2017 National Household Travel Survey, which consists of 4,168 telecommuters and

20,280 commuters. An empirical analysis focusing on time-of-day variation in activity

participation and travel between telecommuters and commuters will be discussed.

Research Question 2: What can long-term movement data reveal about dynamic

interactions between individuals?

Besides human interactions when individuals engage in activities together at specific

locations, it is also crucial to consider potential interactions in shared spaces, such as

overlapped movement paths and activity spaces. While the majority of human interac-

tions occur within households, inter-household interactions also contribute to a signifi-

cant amount of travel. However, inter-household interactions have received less attention,

primarily due to limited access to data capturing inter-household interactions. To under-

stand different types of interactions between moving individuals such as intra-household

and inter-household interactions, it is imperative to identify and quantify the spatiotem-

poral properties of these interactions. To achieve this goal, in Chapter 3, I utilize the

time-geographic framework to enhance existing approaches for spatiotemporal analytics

of human movement interactions. The proposed method can identify potential human

interactions and quantify the duration or frequency of contact between moving indi-

viduals. In contrast to the investigation of RQ 1, which relies solely on conventional
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travel diaries, I evaluate the proposed method leveraging fine-granularity, continuous,

and long-term movement tracking data obtained from 986 participants using wearable

GPS devices. This research further incorporates the travel diaries of the same 986 partic-

ipants to validate the identified intra-household interactions from movement data. This

multi-faceted approach ensures a comprehensive understanding of the spatiotemporal

dynamics of intra-household and inter-household interactions in movement data.

Research Question 3: To what degree can the analysis of individual movement

data contribute to our understanding of collective behaviors between communities, such

as social mixing and segregation between diverse groups?

Chapter 2 investigates RQ1 by relying on a limited-size self-reported travel diary

collected across the entire state of California, which provides information solely on the

origin and destination of each trip but lacks details about the movement paths between

these locations. In contrast, to answer RQ2, Chapter 3 utilizes continuous and long-

term movement data collected using GPS devices from 986 individuals to identify intra-

household and inter-household interactions during movement and uses travel diaries of the

same participants to validate intra-household interactions. However, it remains unclear

to what extent the analysis of individual movement data can inform our understanding of

human collective behaviors between communities, such as social mixing and segregation

among diverse social groups. To answer this question, in Chapter 4, I develop a dynamic

measure of the diversity of human interactions among different social groups at the

finest spatial scale, specifically at the Points of Interest (POI) level and various temporal

contexts. Leveraging one month of privacy-enhanced mobile phone location data of

283,556 anonymized individuals collected in Los Angeles County along with the POI

data, a case study explores the racial diversity and segregation simultaneously in people’s

daily interactions at various types of places.
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1.3 Dissertation Synopsis

This dissertation is organized around the integration of four individual yet intercon-

nected articles, presented in Chapters 2, 3, and 4, respectively.

Chapter 2, titled “Unveiling Daily Activity Pattern Differences between Telecom-

muters and Commuters using Human Mobility Motifs and Sequence Analysis”, is a re-

vised version based on the published journal article below.

• Su, R., McBride, E.C., Goulias, K. (2021). Unveiling daily activity pattern dif-

ferences between telecommuters and commuters using human mobility motifs and

sequence analysis. Transportation Research Part A: Policy and Practice, 147, 106-

132. https://doi.org/10.1016/j.tra.2021.03.002

Chapter 3, titled “A Time-geographic Approach for Human Interaction Analysis using

Movement Data”, is a synthesis of two published journal articles.

• Su, R., Dodge, S., Goulias, K. (2022). A classification framework and computa-

tional methods for human interaction analysis using movement data. Transactions

in GIS, 26(4), 1665-1682. https://doi.org/10.1111/tgis.12960

• Su, R., Dodge, S., Goulias, K. (2022). Understanding the impact of temporal

scale on human movement analytics. Journal of Geographical Systems, 24(3), 353-

388.https://doi.org/10.1007/s10109-021-00370-6

The content of Chapter 4, titled “Spatiotemporal Dynamics of Racial-ethnic Diversity

and Segregation: Insights from Mobile Phone Data”, is derived from a journal article

currently under review.

• Su, R., Dodge, S. (2023). Spatiotemporal dynamics of racial-ethnic diversity and

segregation: Insights from mobile phone data. (in review)
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Finally, Chapter 5 provides a summary of significant contributions made and insights

into the three research questions. The chapter also delves into the limitations of this

dissertation and suggests potential avenues for future work.
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Abstract This chapter demonstrates the use of motif and sequence analysis in

tandem to analyze differences and commonalities between telecommuters and usual com-

muters. In terms of substantive findings, telecommuters are by far more diverse in their

allocation of time to places, activities, and travel. Approximately 20% of telecommuters

stay at home all day during a workday, while only 8% of commuters do. Telecommuters

that have at least one trip during their workday accrue more vehicle miles traveled and

number of trips than their commuter counterparts. However, they travel less driving

alone and tend to have more complex schedules visiting more locations. Within telecom-

muters and commuters, however, we have substantial variation in activity participation

and travel captured by the combination of motifs and sequence analysis. As expected,

a substantial proportion of commuters display morning and afternoon peaks of arriving

at and departing from work, and telecommuters do not show this pattern. In addition,

telecommuters do not only perform work tasks from home. Instead, during the day a

high percentage travel to a variety of locations to either visit customers and/or use their

spatiotemporal schedule flexibility to perform work tasks from locations other than home.

In contrast, more than 80% of commuters perform work at their workplace. In addition,
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a slightly higher proportion of telecommuters function as designated drivers escorting

other people to their activity locations.

2.1 Introduction

Telecommuting and telework is the use of information and telecommunication tech-

nology (ICT) to replace the more traditional working at workplaces and traveling to

work. In the 1970s telecommuting was envisioned as a policy tool in a Travel Demand

Management (TDM) toolkit to help decrease congestion, air pollution, and waste of re-

sources. Legislation and planning at many levels of government support telecommuting

as a measure to benefit the public, employers, and employees. Paradoxical findings in the

literature of telework is one motivation of the research reported here [58, 59, 60]. These

paradoxes are also amplified by telework market penetration that is small considering

the forces involved. On the one hand, we see a push for more teleworking in public agen-

cies (see [61]), and the Telework Enhancement Act of 2010 [62], evidence of substantial

benefits for agencies and employees with estimates reaching $11,000 per person year for

a business, $2,000 to $7,000 savings per year per employee, substantial greenhouse gas

emission reduction and energy consumption [63] and $700 Billion a year national savings

if eligible workers would work half the time from home [64, 61]. On the other hand, only

7% of the US-based firms make telework available, the Bureau of Labor Statistics reports

a decline in working at home from the past [65], and major corporations as reported by

news media are cutting down on telecommuting programs. However, due to the recent

pandemic telework might become a more popular option with employees. According to

Global Workplace Analytics this can reach 25–30% of the workforce in 20211 providing

a second important motivation of our research here.

1https://globalworkplaceanalytics.com/work-at-home-after-covid-19-our-forecast
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Often these paradoxes are not paradoxes at all. They can be explained by carefully

studying the context, data definitions, and related analysis [66]. The context side of

this story needs careful scrutiny because we need to discern differences and commonal-

ities among settings of where telework is adopted [67], demographics [68], technologies

used [69, 70, 71], supervisory roles [72], and perspectives of adopter vs non-adopter and

manager vs employee [73]. Similarly, context can also be extracted from databases with

documented data collection settings, data collection processes, and wording of questions

(the Bureau of Labor Statistics is asking if a person works full-time or part-time at home

and the US Census American Community Survey is asking persons 16 and over if they

work from home instead of traveling to work in the week before the Census day). All

these are important details that first need to be harmonized in terms of basic definitions

of work, telework, and telecommuting and then contextual analysis can reveal the un-

derlying correlations of the propensity to stay at home and work instead of traveling to

work. We will return to this point in the conclusions.

Research on telecommuting in California has a long history starting as early as the

1970s [74], tested in different places [75], and experienced a major push by the State of

California Telecommuting Pilot Project and other planning initiatives [76, 77]. Another

push forward was the 1999 National Telecommuting and Air Quality Act’s establishment

of pilot programs in five large Metropolitan Statistical Areas (MSAs), of which one was

Los Angeles. This was an impetus for developing a market-based emission-credit-trading

program encouraging telecommuting. However, it did not create a mechanism to track

telecommuting impacts over time. Early research studies point out the need for care-

ful telecommuting ontological analysis [78], the possibility that telecommuting may not

be as desirable to a worker as planners think [79], and telecommuting may not have a

positive impact on non-work travel [80]. On the more positive side, telecommuting is

associated with positive perceived autonomy, job satisfaction, turnover intent, and posi-
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tive impacts on work-family conflict, but may lead to negative impacts on relationships

at work [81]. For transportation policy and planning, telecommuting appeared as an

important component of Transportation Demand Management (TDM) as a promising

option to decrease trip generation, vehicle miles traveled, and peak-period trips, and

possibly gains in energy consumption [82, 83]. This is challenged by research that ac-

counts for energy use at work and at home when telecommuting participation is low in

frequency [84]. More recent data analyses also challenge the claim that telecommuting

leads to travel decrease. In fact, Zhu et al. [85], in their comparison of the impact of

telecommuting among different Metropolitan Statistical Areas (MSA) using data from

the National Household Travel Survey of 2001 and 2009 conclude that policies that en-

courage telecommuting indeed increase travel demand rather than decrease. All these

studies offer evidence that the travel behavior impact of telecommuting is evolving and in

more recent years we see that telecommuting today is different than the telecommuting

we knew in the late 1980s and early 1990s. However, all this analysis about telework and

mobility is lacking in fundamental aspects of behavioral measurement.

First, the effects of individual’s situational constraints on telecommuting are not ac-

counted for in the literature. Internal personal barriers and motivation to adopt telecom-

muting are analyzed only tangentially through correlations with person and household

characteristics and analyses accounting for endogeneity [86]. Instead, context needs to

also be explored based on commitments people have (e.g., the need to escort children

to school). To understand this type of context, we need to statistically examine daily

patterns at fine-grained time intervals and use a classification of activities that emphasize

the need to escort people to places. Second, studying aggregates such as daily averages

may mask a variety of relationships. In fact, we need to be cautious with past analyses

because all these studies used average daily summaries such as the number of trips to

work per day, vehicle miles traveled per day, and so forth. Behind averages, we find
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hidden variability in behavior (heterogeneity) that should have been explored in more

detail.

In this chapter, we demonstrate a new analytical method that captures heterogene-

ity within and between telecommuters and customary commuters. To do this we use a

fine-grained time-of-day allocation of time to activities and travel and patterns of desti-

nations and trips in between them. We develop a joint pattern recognition method that

combines network-based motif analysis with activity-based sequence analysis on telecom-

muters’ and commuters’ activities and travel. The combination of building a taxonomy

of daily mobility patterns using the concept of motif with the taxonomy of minute-by-

minute daily time allocation patterns derived from sequence analysis enables the study

of interdependency in space and time of multiple facets of behavior that are fundamental

in building activity-based models without imposing a priori behavioral assumptions. The

concept of human mobility motif introduced by [87] refers to a directed network of nodes

and links of daily patterns among destinations. Schneider et al. [87] identified 17 unique

motifs that capture approximately 90% of daily mobility patterns of the total population

in travel survey data and GPS traces data. Recently, another application by [88] showed

that 10 unique location-based motifs and 10 unique activity-based motifs can represent

99.35% and 98.46% of human mobility patterns of the total population respectively us-

ing mobile phone positioning data collected in Shenzhen, China. The advantages of the

motif approach in the studies of human mobility pattern analysis are twofold. First, the

motif approach takes into account the interconnection of visited locations at the individ-

ual level compared to traditional trip-based models (referred to as “4-step” models, see

explanation in [89]) that only use the individual person trip as the basic unit of analysis.

Second, the motif model can be used directly in simplifying modeling and simulation of

daily activity scheduling by decreasing the number of possible combinations of the many

variables used in activity microsimulation. The analysis is followed by a comparison of
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telecommuters’ and commuters’ daily patterns to uncover commonalities and differences

across these two groups but also different daily patterns within each group.

2.2 Data

The data used in this study comes from the California component of the 2017 National

Household Travel Survey (California-NHTS). NHTS collects social and demographic data

about each participating household and every individual in the household. For each per-

son, NHTS also collects a one-day travel diary. The data were collected between April

24th, 2016 and April 24th, 2017 with the one-day travel diary on an assigned day. The

assigned day attempts to provide a uniform assignment throughout a complete year and

the diary day for each household can be any weekday, weekend day, or holiday. For this

analysis, we use person and household characteristics such as age, sex, educational back-

ground, job category, household income, full-time or part-time working status, retirement

status, and homeworker status. From the one-day diary, we use the trip start time and

end time, origin and destination location types, and mode choice. The one-day travel

diary contains all reported trips between 4:00 AM on the survey day and 3:59 AM on

the following day.

In total, in the NHTS California component, we have 24,448 part-time or full-time

workers (4,168 telecommuters plus 20,280 commuters). In this study, we only focus

on records of workers during non-holiday weekdays (we will use the term “workdays”

throughout this chapter), since human mobility patterns have distinct differences be-

tween workdays and non-workdays [90]. An immediate next step is to compare the mo-

bility patterns of telecommuters and commuters between workdays and non-workdays.

We will get back to this point in the conclusion section. As we aim to explore the differ-

ence in mobility patterns between telecommuters and commuters, the records of 15,045
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respondents (2,236 telecommuters plus 12,809 commuters) who made at least one trip

on a workday are used in this analysis. Telecommuters are the persons in NHTS that

answered the question “Do you usually work from home?” The possible responses are

“Yes”, “No”, “Refuse to answer”, or “Not applicable”. Among the selected sample, we

find that 15.8% of commuters and 26.43% of telecommuters spend no time at work on

non-holiday weekdays. This observation indicates that given they are employed, many

of them shifted their work to another day or just happened to take a day off work.

In this study, we explore the patterns of activity and travel during what is considered

a typical weekday in regional simulation models and this includes people who perform

work tasks but also people who take a day off for personal vacation, illness, or other

reasons. As we will see in the analysis these workers are active outside their home even

on days during which they do not perform any work tasks. The excluded 9,403 workers are

people with diary days on non-workdays, or staying at the same location (mostly home)

the entire diary day during workdays and have no trips to report (i.e. missing data in the

one-day travel diaries). Of the 9,403 excluded workers, 1,932 are telecommuters and 7,471

are commuters. Among the excluded telecommuters, 624 people reporting on a workday

did not make any trips. This means that among the 2,860 telecommuters interviewed

on a workday, 21.82% stay at home all day. In contrast, among the 13,918 commuters

that were interviewed on a workday, 1,109 (7.97%) stayed at home all day and did not

make any trips on workdays. Presumably due to personal vacation, sick leave, or to care

for another person, etc. However, we do not have the information needed to verify this.

Exclusion from the analysis of telecommuters and commuters staying at home the entire

diary day is explained later and complemented by a comparison between the excluded

and the included samples in Section 2.4.4.

Table 2.1 shows the descriptive statistics for the 15,045 persons who made at least

one trip on the interview workday. Male respondents account for 49.11% of the sample
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Table 2.1: Descriptive statistics for telecommuters and commuters.

Variable Definition Subgroup
Telecommuter
(n=2,236)

Commuter
(n=12,809)

Individual characteristics
Sex Respondent’s sex:

female or male
Female 50.81% 48.58%

Age group Respondent’s age Under 26 2.86% 8.85%
group 26-35 11.58% 19.34%

36-50 25.58% 30.26%
51-65 40.38% 34.12
Above 65 19.54% 7.29%

Education Respondent’s educa- Below bachelor’s degree 9.79% 15.01%
attainment tion attainment Some college or associate’s de-

gree
25.00% 29.84%

Bachelor’s degree or above 65.16% 55.11%
Full-time or
part-time

Full-time or part-
time worker

Full-time 56.17% 80.12%

Job cate- Respondent’s job Sales or service 27.55% 21.21%
gory category Clerical or administrative

support
6.40% 11.61%

Manufacturing, construction,
maintenance, farming

8.59% 10.84%

Professional, managerial, or
technical

57.07% 56.13%

Household-level characteristics
Household Respondent’s house- Less than $24,999 9.97% 7.43%
annual hold annual income $25,000 to $99,999 39.89% 44.90%
income level $100,000 to $199,999 31.62% 33.90%

$200,000 or more 16.14% 11.94%
Household Respondent’s house- One adult 15.16% 14.75%
structure hold structure 2+ adults 35.51% 37.33%

One adult, retired 2.55% 0.49%
2+ adults, retired 17.71% 11.02%
One adult living with people
younger than 21

2.95% 3.04%

2+ adults living with people
younger than 21

26.12% 33.37%

Residential
setting

Household residen-
tial location types:
urban or rural

Urban 87.79% 91.01%

Notes: The percentage of the alternative option for some binary variables (e.g., sex, full-time or part-
time worker, residential setting) are omitted. The total percentage of some variables is not exactly
100% because very few of the respondents refused to answer the survey questions (mostly below 1%).
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of telecommuters. This is slightly lower than the male percentage of commuters which is

51.36%. When we look at the age groups, it turns out that there is a lower percentage of

people under 50 belonging to telecommuters and a higher percentage of people over 50

belonging to telecommuters. Perhaps more senior workers achieve the freedom to choose

to work from home and some of them might be part-time home workers. In terms of

employment, 56.17% of telecommuters are full-time workers, while 80.12% of commuters

are full-time workers. 27.55% of telecommuters work in sales or service industries, which

is higher than the 21.21% for commuters. The percentage of clerical or administrative

support workers among telecommuters is 5% less than that of commuters. This is not sur-

prising because these occupations usually require face-to-face communication. In terms

of household income level, the percentage of telecommuters with household income less

than $24,999 is 2% more than the one of commuters. Presumably, as many telecommuters

are part-time workers, they earn less money. However, the percentage of telecommuters

with household income of more than $200,000 is 5% greater than that of commuters,

indicating that many telecommuters are high-income individuals. In addition, more than

35% of the telecommuters and commuters are from households with two adults, 17.71% of

telecommuters are from households with two retirees, while the corresponding percentage

for commuters is only 11.02%, and 33.37% of commuters are living with another adult

and people younger than 21 while only 26.12% of telecommuters do. The percentages of

people living in urban or rural environments show that apparently, a higher percentage

of telecommuters are living in rural areas compared to commuters, which aligns with

the generally lower accessibility in rural areas. Presumably, people tend to work from

home more to save commuting time. The differences in personal characteristics between

telecommuters and commuters are consistent with other past analyses using data from

NHTS [91, 92].

According to the 2017 NHTS-California codebook, people’s travel mode choices are
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classified into seven categories including walking, biking, transit, car as passengers, car

drive alone, car drive someone else, and one category labeled “other” comprising all

other modes. Table 2.2 summarizes the mean and standard deviation of vehicle miles

traveled (VMT), person miles traveled (PMT) as well as the number of trips by different

modes. We apply the Mann-Whitney U test to examine whether the average VMT,

PMT, and number of trips by different modes of telecommuters are significantly different

from commuters. The results indicate that there is no significant difference in PMT for

biking and the number of bicycle trips, while the other types of VMT, PMT, and the

number of trips of telecommuters are significantly different from commuters at the 99.9%

confidence level. It is also noteworthy that for telecommuters, VMT total, VMT driving

someone else, VMT as passengers, and PMT as walking are significantly higher than the

corresponding quantity of commuters, while VMT driving alone, and PMT using transit

of telecommuters are significantly lower than commuters.

This observation is also consistent with the number of trips by different modes. On the

whole, Table 2.2 tells us that on average, telecommuters make 1.37 more VMT in a day

compared to commuters as well as 0.53 more trips in a day. Specifically, telecommuters

drive alone 3.76 miles fewer, but drive others 2.71 miles more than commuters, and they

carpool 2.42 miles more than commuters daily. In addition, telecommuters walk 0.16

miles more in a day. These results defy the expectations that telecommuters travel less on

workdays. When we examine people who made at least one trip in a day, telecommuters

travel more than commuters on workdays. In contrast, if we include in these statistics

the persons who did not make any trips on workdays (624 telecommuters and 1,109

commuters), the derived daily total VMT of telecommuters becomes 29.16 miles per

day compared to 33.06 miles per day for commuters. It is the inclusion in statistics of

people who do not travel at all that show on average less travel by telecommuters than

commuters. In the subsequent analysis of this study, we first explore further the patterns
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Table 2.2: Statistics for VMT, PMT and number of trips.

Variables
Telecommuter
(n=2,236)

Commuter
(n=12,809) Difference

Mean SD Mean SD

VMT/PMT statistics
VMT total 37.29 59.3 35.92 47.14 1.37***
VMT drive alone 20.3 40.64 24.06 34.54 -3.76***
VMT drive someone else 10.79 34.96 8.08 28.93 2.71***
VMT as passengers 6.21 33.04 3.79 22.81 2.42***
PMT as biking 0.17 1.29 0.18 1.54 -0.01
PMT as walking 0.42 1.07 0.26 0.86 0.16***
PMT as transit 1.56 17.65 1.71 10.24 -0.15***
Number of trips statistics
Total number of trips 4.77 2.74 4.23 2.43 0.54***
Drive alone trips 2.4 2.3 2.45 2.03 -0.05
Drive someone else trips 1.15 1.95 0.85 1.61 0.3***
Passenger trips 0.43 1.2 0.32 0.99 0.11***
Bike trips 0.07 0.45 0.06 0.43 0.01
Walk trips 0.65 1.37 0.43 1.08 0.22***
Transit trips 0.06 0.33 0.1 0.46 -0.04***

Note: *p <0.1; **p <0.05; ***p <0.01.

of telecommuters and commuters who made at least one trip in a day and then turn to

the no-travel portion of the analysis.

2.3 Methodology: Motifs and Sequence Analysis

The method used here combines motif analysis that identifies patterns of locations

visited in a day with one-way or two-way trips in between these distinct locations with

sequence analysis of activities and trips applied to minute-by-minute diary records.
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2.3.1 Construction of motifs

A motif is a directed network, in which nodes represent visited locations and directed

edges (links) represent trips between locations [87]. The 2017 California-NHTS data

keeps a one-day travel diary recording trips for everyone on the day of the interview. The

one-day travel diary contains an anonymous person identifier and household identifier,

trip start time and end time, origin and destination unique identifier, and corresponding

location types. To construct motif representations, we use the origin and destination

locations as nodes and connect nodes with a directed edge if there is a trip between

them. An example is shown in Figure 2.1. The person has two commute trips but also

visits another destination labeled “Other”. Therefore, this person has a motif with three

nodes representing home, work, and other location and four directed edges between home

and workplace, and workplace and other location (the trips). A human mobility motif

was constructed in this way for every respondent in our data.

Figure 2.1: Example of constructing a motif from a trip diary.

According to Schneider et al. [87], for a given network size N , a possible number of

edge combinations Np can be computed by the following equation.

Np = 2N2−N (2.1)

These are the counts of the feasible number of daily motif networks. Schneider et al.
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[87] used two constraints to derive a lower number of feasible patterns with the reasons

that people need to sleep in a 24-hour period and trips should not have unreasonable

patterns. The need for sleep requires that people come back to their first origin location,

mostly home, after one day’s activity. The consistency of trips ensures that we do not

have trips ending in a node and never coming out of the node. For example, in Figure

2.1 we cannot have a trip going to other from work and a trip going to other from home

and no trips leaving from other. In data using diaries and in the California-NHTS, the

origin location is not always home and some persons do not return home during the

observation period. This means the Schneider et al. [87] constraints when imposed on

the data, will eliminate legitimate daily patterns that contain important information

about daily behavior, but we retain these patterns in the analysis here. Also, motifs with

just one node can be the null motif (stay at a location all day) and a motif that is the

base for one or more trips that start at a location and end at the same location (e.g.,

walking the dog, going out for jogging, strolling an infant). A trip like this is recorded

in NHTS as a loop trip, and we include this pattern in the analysis here.

For motifs that have more than one node, each of the nodes can also include a loop

trip. Distinguishing motifs with the same nodes but different patterns of loop trips

depends on the content in the data. Recent diary survey data have a record of loop

trips, but mobile phone data use a range of points and time intervals that extract stay

points (activity locations) by setting spatial and temporal constraints. One example is

by Cao et al. [88] who clustered as stay points several consecutive GPS points that are

within 500 m range and persist for longer than 60 min. This type of point classification

would miss a home-based jog. In California-NHTS workday data, 2.42% of trips are

loop trips and 84.27% of the loop trips are home-based trips. Descriptive statistics show

that the mean duration of home-based loop trips is 39.37 min and 88.27% of home-based

loop trips are less than 60 min. The majority of people spent less than an hour on
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their home-based loop trips, with many of these trips for exercise. In motif classification

patterns that have the same number of nodes, patterns with and without a loop trip

are classified in the same group. The loop trip information, however, is retained and

used in the daily time allocation pattern investigation as explained later. From a pattern

recognition standpoint, the primitives (elemental pieces of information used in pattern

classification) of motifs are the stops (locations) and the movement between two locations

(the trip).

2.3.2 Sequence analysis to identify activity-travel patterns

Sequence of individual daily activities and travel

We first introduce the concept of sequence. A sequence is a series of time points at

which a subject can move from one discrete “state” to another. The states are defined

by the types of places people visit and stay during their diary day and according to

the 2017 California-NHTS, they are Home with unspecified activity (Home); Work from

home as in telecommuting and home stay combined (Home&Work); Work at a workplace

or other places (Work); Education at the school location (School); Drop off or Pick up

someone (DropPickup); Change type of transportation (ChangeTrans); Purchase goods

such as groceries, clothes, appliances, gas (BuyGoods); Purchase services such as dry

cleaners, banking, service a car, pet care (BuyService); Go out for a meal, snack, carry-

out (BuyMeal); Run other general errands such as post office (ShopServ); Engage in

recreational activities such as visit parks, movies, bars (Recreation); Exercise (Exercise);

Visit friends and/or relatives (VisitFrsRls); and all Other. Travel between these places

is also considered a “state” noted as Trip (and distinguishable from DropPickup and

ChangeTrans). The daily sequence has a length of 1440 which is the total minutes in an

assigned survey day. Every minute of the day contains one of the 15 distinct states for
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each person. An example of a sequence with a length of ten minutes can be noted as

x = {Home,Home,Home, Trip, Trip, Trip, Trip, Trip,Work,Work}, that is staying at

home for 3 minutes, then travel for 5 minutes and then staying at the workplace for 2

minutes.

Complexity of individual daily activity schedule

We use an indicator of Complexity to measure the variability of individual daily

activity schedules. The Complexity indicator is based on the concept of Entropy which

is a measurement of “prediction uncertainty” [93] and transitions between distinct states

within a sequence x. The explanation follows [94, 95] closely. Entropy and Complexity

can be calculated as follows.

h(x) = h(π1, ..., πs) = −
s∑

i=1

πilog(πi) (2.2)

C(x) =

√
nt(x)

(l(x)− 1)

h(x)

hmax

(2.3)

where h(x) is the entropy function of x which represents the sequence, s is number of

potential states and πi is proportion of occurrences of the ith state in the considered

sequence. Since this measure does not account for the number of state changes and

contiguity of states, the indicator of Complexity is introduced that includes entropy and

the number of transitions nt(x) in a sequence x, normalized by the maximum theoretical

entropy hmax and the length of the sequence l(x). This indicator takes a value between 0

and 1, with 0 corresponding to entropy zero and no transitions (e.g., staying at a single

place for the entire day of observation).
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Sequence alignment method

Using these sequences we seek to build a taxonomy of spatiotemporal daily activity

and travel. NHTS collects data using a travel diary with information about the place

and activity at the origin and destination of each trip and the time of day for departure

and arrival for each trip. For each one-day travel record, we insert activities before the

first trip, after the last trip, and in between trips based on origin–destination place, the

timing of trips, and information about activity/purpose at the origin and destination of

each trip. In this way, for each person, we have a sequence of place-activity-travel as

a series of 1440 bins—one for each minute of the survey day starting at 4:00 AM and

ending the next day at 3:59 AM. Each bin is assigned to a category by a word (i.e.,

Home, Home&Work, Work, School, DropPickup, ChangeTrans, BuyGoods, BuyService,

BuyMeal, ShopServ, Recreation, Exercise, VisitFrsRls, Other, and Trip).

To identify similar sequences among the person-sequences of the sample data, we use

methods from sequence alignment techniques. In the sequence alignment literature, the

measurement of dissimilarity and the number of operations needed to make two sequences

the same is called a “distance”. Typically, the distance between two sequences is the

minimum combination of substitution and indel (i.e., insertion and deletion) [96]. As

[93] stated, favoring indel reduces the importance of time shifts in the comparison while

favoring substitutions gives more importance to position-wise similarities. Sequential

order is of primary concern in daily activity and time allocation pattern recognition

because consecutive activities are likely to affect one another [97]. For this reason, we only

consider substitution when computing the dissimilarity between two sequences. Hamming

distance is the most appropriate dissimilarity measure, as it measures the minimum cost

of substitutions required to change one sequence into another. For ease of interpretation,

in this chapter, we call the minimal cost of transforming one sequence to another the
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“dissimilarity score” between the two sequences.

To compute the dissimilarity score between two sequences, we need to define the cost

for substitution. According to [93], the substitution cost between states Sp and Sq can

be obtained with the following formula.

SC(Sp, Sq) = 2− P (Sp|Sq)− P (Sq|Sp) (2.4)

where SC(Sp, Sq) is the substitution cost between states Sp and Sq with a value between

0 and 2; P (Sp|Sq), the transition rate from state Sq to state Sp, is the probability of

observing state Sp at time t + 1 given that state Sq has been observed at time t. If the

transition rate from state Sq to state Sp has a value close to 1, it means that a person

in a given state Sq at time t has a great probability to transition to state Sp at time

t+ 1. Notice that P (Sp|Sq) is not equal to P (Sq|Sp). The idea is to set a high cost when

changes between Sp and Sq are not observed often and lower cost when they are frequent.

A substitution-cost matrix can be derived by computing SC(Sp, Sq) for each pair of

distinct states. The substitution-cost matrix is a square symmetrical matrix of dimension

s by s, where s is the number of distinct states, in our case 15. Then we can compute the

Hamming distance between each two sequences based on the substitution-cost matrix.

The output of the Hamming distance computation among all the sequences is a matrix

of dissimilarity scores. The dissimilarity matrix contains N by N (N is the count of

respondents) cells of dissimilarity scores among sequences for each person-day in our

sample. The matrix is symmetric with zeros along the diagonal.
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D Matrix =



0 dx1,x2 ... dx1,xN

dx2,x1 0 ... dx2,xN

...
...

. . .
...

dxN ,x1 dxN ,x2 ... 0


(dxi,xj

= dxj ,xi
(i, j ∈ [1, N ])) (2.5)

where dxi,xj
is the dissimilarity score between two sequences xi and xj using Hamming

distance as the measurement; D Matrix is the derived N by N symmetric matrix of

dissimilarity scores.

Agglomerative nesting clustering

In the next step, we derive homogeneous groups of sequences using cluster analysis

on the dissimilarity matrix (D Matrix) among sequences of 1440 min in a day, and each

minute is classified in one of the 15 categories mentioned above. We use the agglom-

erative nesting clustering method (AGNES) which is a type of hierarchical clustering.

However, other clustering methods such as Partitioning Around Medoids (PAM) and

Divisive Analysis Clustering (DIANA) could also be used to identify distinct groups of

sequences with similar patterns [93, 96]. Compared to AGNES which uses a bottom-up

approach, DIANA follows the top-down hierarchical clustering approach. However, ei-

ther bottom-up or top-down fashion will yield the same dendrogram, which means no

difference in choosing AGNES or DIANA. PAM is not considered here because this al-

gorithm works effectively for small data sets but does not scale well for large data sets

due to computational complexity [98]

To implement AGNES, we start with all sequences and group pairs of sequences based

on their dissimilarity scores. Then, we compare all the cluster dissimilarity score averages

to each other and lump together clusters with smaller dissimilarity scores. We proceed
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until all observations are in one cluster [96]. This process includes a dendrogram that at

each stage contains different combinations of sequences in groups. Different groupings

can be compared in terms of the differences in the variance of sequences within the groups

and across the groups. We aim to maximize the variance across groups and minimize the

variance within groups to obtain an optimal number of clusters. This optimal number of

clusters is determined using as rule the minimization of the within-cluster sum of squares,

average silhouette (an indicator of dissimilarity), and a daily behavior representation

conforming to travel behavior literature. We provide additional explanation on this later

in this chapter.

Example of the identified daily time allocation pattern

Figure 2.2 shows an example of the daily time allocation pattern of a group of person-

days. The group is one of the daily pattern clusters we will also discuss later in this

chapter and we use here as an example. There are 15 states of activity in this study.

The x axis represents the time of day in minutes starting at 4:00 am and ending at 3:59

am the next day. The y axis is the relative frequency of people who are doing a certain

type of activity in the cluster in a stacked bar format. It shows that most persons in this

group started their day from home and they spend most of their time either at home or

working at their workplace. These persons spend a small amount of time on trips, buying

goods, buying meals, recreation, drop and pick up, and visiting friends or relatives. The

first peak for buying meals is noon and the second peak is after work but for a small

percentage of the people in this group. The overall pattern we see in this figure is a

typical commuting pattern in the United States.

From a pattern recognition standpoint, the primitives of sequence analysis are the

minutes in a day (1440), and their assignment to one of the 15 categories of activity or

trip type. Using this representation and information we derive daily patterns such as
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Figure 2.2: An example of daily pattern of min-by-min activity sequences.

typical workday, typical school day, and mostly at home day with running some errands.

2.4 Results

2.4.1 Composition of the motifs

Analysis of the daily motif patterns in the 2017 California-NHTS workday data shows

218 and 107 distinct types of motifs for telecommuters and commuters respectively.

Telecommuters have a smaller sample size, yet more diverse location visiting and travel

patterns than commuters. This counterintuitive result tells us that telecommuters do

not obey uniform travel patterns, and substantial heterogeneity exists among individ-

uals. Figure 2.3 shows that only 17 unique motifs from telecommuters and 13 motifs

from commuters are above 1% of their respective samples. Taken together the 17 motifs

of telecommuters capture mobility patterns of approximately 79.96% of telecommuters’
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daily patterns and the 13 motifs of commuters capture 81.93% of commuters’ daily pat-

terns. Figure 2.3 enumerates each of the most popular motifs, the structure of each motif,

and its percentage. The motifs are grouped according to the number of nodes separated

by dashed lines. One advantage of using motifs is our ability to distinguish multi-tour

daily patterns from single-tour patterns. In this study, a tour (also known as a trip chain)

is made up of individual trips and all the stops a person made along the way at distinct

locations. Some motifs have multiple tours in a day. For example, compare motifs 16, 17,

and 18. Motif 16 is a single tour with a shorter round trip to a location not in the tour,

motif 17 contains one tour, and motif 18 contains two tours. It should be noted that each

of the remaining motifs of telecommuters and commuters not included in Figure 2.3 were

found in less than 1% of total respondents of telecommuters or commuters, and they are

labeled as all other below.

Figure 2.3: Percentage of human daily mobility motif patterns.

Motif 1 contains respondents whose trips all have the same origin and destination

(loop trips). Around 2% of telecommuters and less than 1% of commuters perform motif
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1. Motif 2 (with two locations visited and at least a round trip between them in a day)

accounts for the highest percentages for both categories. This is consistent with the

location-based motif in Schneider et al. [87] and Cao et al. [88], given that we only focus

on the telecommuters and commuters during workdays in this chapter instead of the whole

sample. 30% of commuters do motif 2, while telecommuters have a lower percentage of

motif 2 compared to commuters, presumably because telecommuters are less constrained

by a fixed work location. It is also noteworthy that commuters are more concentrated in

less complex motifs (with less than five nodes) while telecommuters are more spread out in

terms of the percentage of each distinct motif. The substantial heterogeneity in human

mobility patterns, especially for telecommuters, points to location-based differences in

travel patterns that we analyze in more depth in the next sub-section.

For each of these motifs, we compute the average characteristics of the members,

including daily travel behavior characteristics. Table 2.3 provides the list of the telecom-

muters’ 17 motifs, plus one category containing all the other motifs. Table 2.4 provides

the same characteristics for commuters’ motifs. For each motif, the tables provide the

within-motif average characteristics of time allocation by the survey respondents.

Tables 2.3 and 2.4 show that the complexity of daily schedules increases with the

number of combinations of nodes and edges in the motifs. This is expected because

people tend to participate in different activities when they visit different places. The

same is found for both telecommuters and commuters despite their differences in work

styles. In general, given the same structure of motifs, commuters tend to spend more

time at work as well as outside the home. Specifically, commuters using motif 3 spend

the highest amount of time, 734.2 min, at work and 959.1 min outside home on average.

When we look at the location type, it shows that 75.09% of the trips made by commuters

using motif 3 are work-related trips (either origin or destination is workplace). Even

though similar to commuters using motif 3, telecommuters using the same motif 3 spend
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Table 2.3: Motifs and time-based behavioral indicators for telecommuters (including
size and sample percentage of motif membership).

Note: Time is measured in minutes per day. The values of complexity, time at work, time
outside home, time traveling, and travel time ratio are the average values of groups of people
belonging to each motif. The background color in a gradient is according to the data in each
column and the same for the rest of the summary tables in this section. Motif 11 is missing
in this table because it is below 1% of the included sample of telecommuters. Same for Tables
2.5a and 2.6.

34



Unveiling Daily Activity Pattern Differences between Telecommuters and Commuters using Human
Mobility Motifs and Sequence Analysis Chapter 2

Table 2.4: Motifs and time-based behavioral indicators for commuters.

Note: Motifs 1, 6, 15, 17, and 18 are missing in this table because they are below 1% of the
included sample of commuters. Same for Tables 2.5b and 2.7.

a very high amount of time 882.1 min outside home compared to other motifs, the time

at work is only 193.3 min for these telecommuters. None of the trips they made are to or

depart from workplaces, which indicates that telecommuters using motif 3 go to places

labeled “other” to do work for a short time. Except for motif 3, commuters using motif

2 representing the popular typical daily commuting pattern spend the highest amount

of time at work (463.4 min). However, telecommuters using the same motif2 only spend

236.9 min at work. When we look at the location type, only 0.95% of trips made by

telecommuters using motif 2 are work-related while the percentage for commuters is
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83.43%. These findings are indicative of the changing nature of workplaces and the

flexibility of performing work tasks away from traditional work locations hinted by the

literature in the introduction.

Furthermore, in general, time spent traveling also increases from simple motifs to

more complex motifs. This is expected because people spend more time traveling when

they visit more and different places. However, motifs 3 and 6 of telecommuters are

an exception because they contain only unidirectional trips. It is also noteworthy that

given the same structure of motif 3 for telecommuters and commuters, telecommuters

spend 183.6 min traveling while commuters only use 66.2 min on average. When we

look at the location type, it turns out that 97.22% of telecommuters using motif 3 are

either leaving home to a place labeled “other” or coming back home from a place labeled

“other”. However, for commuters, this percentage only accounts for 17.74%. Given the

same motif structure, telecommuters using motif 3 are people who leave home to a place

far away from their home or come back home from a distant place while for commuters,

the origin and destination types are more diverse, and on average they travel relatively

shorter time compared to telecommuters. Tables 2.3 and 2.4 include another synoptic

indicator of daily travel called Travel Time Ratio (TTR) [99], defined as the total travel

time in a day divided by the sum of the total time in activities outside the home plus

the total travel time in a day. Higher values of TTR indicate a higher proportion of out-

of-home time spent traveling. In general, telecommuters have higher values of TTR on

workdays compared to commuters which means telecommuters spend more time traveling

and less time in longer out-of-home activities (e.g., working at a workplace), but in shorter

activities such as running errands or picking up and dropping off children at places.

Table 2.5 shows person’s characteristics for each motif. In general, women and men

are quite evenly distributed across these distinct motifs except in motif 3 for telecom-

muters and commuters and motif 13 for commuters. Women are less likely to use motif
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Table 2.5: Motifs and respondents’ characteristics (percent of persons within each
motif group) for (a) telecommuters and (b) commuters.

Note: The percentages of part-time employees are omitted.

3 (the one-way trip to elsewhere), presumably because they need to take on household

responsibilities ([100, 95]), which makes them less likely to leave home and not return

in the survey day. As Table 1 shows, 43.83% of telecommuters are part-time employees

while only 19.88% of commuters are part-time employees. This explains the very high
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percentage of full-time employees of different motifs among commuters while the percent-

ages of full-time and part-time workers in telecommuters are more balanced. Specifically,

a high percentage (76.6%) of telecommuters belonging to motif 1 are full-time employees

since telecommuters do not need to commute to a workplace and many of them tend to

work from home. Motif 18, which includes two tours, for telecommuters has the high-

est percentage of part-time employees which could be a motif related to some part-time

workers who work in multiple jobs. The percentages of full-time employees in the com-

muters group are quite spread out throughout different motifs except motifs 3 and 11.

The part-time employee percentages of motifs 3 and 11 of commuters are substantially

below the overall average percentage of 19.88%. Note also that 75.29% of commuters in

motif 3 are either leaving home to work or returning home from work. Intuitively, part-

time workers are less likely to leave home for work and do not come back after work since

they are usually required to work for shorter hours compared to full-time workers. This

could explain the very low percentage of part-time workers in motif 3 among commuters.

Motif 11 of commuters is a very special mobility pattern accounting for 1.78% (228) of

total commuters that are people who need to run errands or give rides as a daily routine

before going to work (e.g. escort kids to school)and they also go out for lunch during

work. The percentages of full-time (91.23%) and part-time (8.77%) commuters of motif

11 show that full-time commuters tend to be more likely to use motif 11. In terms of

retirement status, it is not surprising that we have very few retirees throughout different

motifs in commuters since most employed retirees do not commute to work. It is possible

for retired people to get a job after retirement and leave their home during the workday.

Retirees who telecommute tend to be concentrated in complex motifs such as motifs 13,

17, and 18. This shows that many retired persons have quite diverse mobility patterns

and do not just stay at home. Note also that retirees can work as part-time workers and

many part-time workers tend to telecommute as we discussed before.
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Table 2.6: Motifs and respondents’ travel mode choice for telecommuters.

Note: The first seven columns (all except the Gini column) are the group average percentages
of each mode used on the survey day. The percentage values of the seven modes in each row
sum up to 1. Same for Table 2.7.

Tables 2.6 and 2.7 show respondents’ travel mode choice for each motif. The percent-

age of each mode used in the survey day for every respondent can be easily computed.

The percentage values of each mode in Tables 2.6 and 2.7 are the group average of people

belonging to each motif and each row except for the Gini index sums up to one. The

Gini index quantifies the daily variation of mode choices and is computed as 1 minus

39



Unveiling Daily Activity Pattern Differences between Telecommuters and Commuters using Human
Mobility Motifs and Sequence Analysis Chapter 2

the summation of the squared value of the percentage of each mode choice. The Gini

index of mode choices takes values between 0 and 1, with 0 implying that a person only

uses one mode to travel throughout the survey day. From Tables 2.6 and 2.7 we can

observe that bike, transit, and other mode (which contains all unaccounted-for modes

including air) are the least favorite modes among all people. As expected, the vehicle-

based modes including car as passenger, drive alone, and drive someone else are the most

popular modes and they span from 75.95% in motif 10 to 96.57% in motif 13 except

motif 1 among telecommuters. Commuters’ percentages span from 73.26% in motif 11

to 94.12% in motif 3. Telecommuters who use motif 1 tend to walk most and rarely

use other modes, yielding a very low Gini, which complements our previous analysis on

this motif of home-based trips in which people tend to exercise or take a walk. In terms

of the typical commuting pattern motif 2, 71.91% of commuters drive alone, while only

54.08% of telecommuters driving alone. There is also a higher percentage of passenger

trips and drive someone else trips among telecommuters compared to commuters. This

is consistent with our previous finding in Table 2.2. We also notice that the loop trip

patterns with more than three locations (motifs 9, 13, and 17) all have more than 90%

of vehicle-based modes and the lowest Gini index compared to other motifs of the same

number of locations. This tells us that when people need to make a loop trip among four

or more locations, the vehicle is the most preferable and dominant mode choice. People

who are included in motifs 10, 14, and 18 of telecommuters and motifs 10, 11, and 14 of

commuters have a quite large Gini index implying a higher combination of modes used

in a day.
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Table 2.7: Motifs and respondents’ travel mode choice for commuters.

2.4.2 Time allocation pattern recognition using sequence anal-

ysis

The analysis in the previous section demonstrates a strong relationship between net-

work motifs, daily time allocation, person characteristics, and travel mode choice to

activities and travel in a day. In this section, we explore this further using sequence

analysis as introduced in Section 2.3 to identify patterns of time allocation to activities

and travel as well as to compare the differences in the time allocation patterns between

telecommuters and commuters. To begin with, instead of repeating sequence analysis

on the 17 motifs plus one category of all other motifs for telecommuters, and 13 motifs

plus one category of all other motifs for commuters respectively, and further compare the
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derived time allocation patterns, we merge motifs into five groups based on the number

of nodes, which represents the number of distinct locations visited in the survey day.

Another reason we cannot directly apply sequence analysis on persons using each of the

distinct motifs is that the percentages for some motifs are very low (approximately 1%),

hence, it is not feasible to implement sequence analysis and clustering on very small

samples. Furthermore, as we conclude from Tables 2.3 and 2.4, the complexity of daily

schedules increases with the number of combinations of nodes and edges in the motifs.

Therefore, it is more intuitive to aggregate motifs by the number of nodes than any other

strategy. The derived five groups of motifs also reflect five levels of complexity in daily

schedules.

To distinguish telecommuters and commuters, we use the name “Group T” for telecom-

muters and “Group C” for commuters to use as labels for each group of patterns. Group

T.I and Group C.I are both motif1 with only one node (recall these are persons that had

a trip with the same origin and destination – the loop trip). Group T.II and Group C.II

include motifs 2 and 3 with two nodes. Group T.III and Group C.III include motifs with

three nodes. Group T.IV and Group C.IV include motifs with four nodes. All the other

less frequent motifs with five and more nodes are classified as Group T.V and Group

C.V. In the telecommuters’ group, there are 47 persons (2.1%) in Group T.I, 591 persons

(26.43%) in Group T.II, 557 persons (24.91%) in Group T.III, 405 persons (18.11%) in

Group T.IV, and 636 persons (28.44%) in Group T.V. The composition by five groups of

motifs for commuters is that 25 persons (0.20%) in Group C.I, 4,217 persons (32.92%)

in Group C.II, 3,654 persons (28.53%) in Group C.III, 2,287 persons (17.85%) in Group

C.IV, and 2,626 persons (20.50%) in Group C.V.

Following the procedure of sequence analysis, we construct a daily activity-travel

sequence consisting of 15 distinct states with a length of 1440 (total minutes in a survey

day) for each respondent in the five motif Groups. The procedure is followed by a
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computation of the dissimilarity matrix among sequences of 1440 min in a day and

implementing AGNES on the dissimilarity matrix to identify distinct clusters of sequences

with similar patterns. Our objective is not only to build clusters with as similar sequences

as possible but also to derive clusters in which their most representative “sequence”

is as different as possible across clusters. To do this, we use the clustering solution

that combines the WSS and Silhouette as introduced above. The usual procedure is to

compute WSS and Silhouette for different numbers of clusters and then plot them as in

Figure 2.4. The well-known elbow method in the clustering literature refers to a rapid

drop in WSS and then slow reach to an asymptote of the graph in the right-hand side

of Figure 2.4. It shows that selecting 4 clusters, or 5 clusters will lead to similar WSS,

so a solution with more than 5 clusters would not be considered. The Silhouette graph

shows the best solution for the separation among clusters is for 4 clusters that has the

highest average silhouette coefficient. These two indicators show that 4 clusters would

be an optimal solution for motif Group T.II. We apply the same strategy to determine

the optimal number of clusters for the other motif groups (see Appendix A.1).

Figure 2.4: Illustration of the results of Silhouette (left) and WSS elbow (right) for
motif Group T.II.

Recalling that within each motif group, we identify several daily activity-travel cluster

sequences that represent different behaviors, we will use a numbering convention that
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shows motif group and sequence cluster within each group. To distinguish them, we

number them by assigning to the motif group a Roman numeral (I, II, III, IV, and V)

and the sequence cluster an Arabic numeral (1,2,3,4,5). For example, in Group T.II, we

will have more than one distinct type of sequence cluster labeled as II.1, II.2, II.3, and

II.4.

Figures 2.5-2.12 show the distinct daily time of day patterns for each group of motifs

for telecommuters and commuters respectively. The daily cluster names are based on the

daily behavior each cluster represents. Group T.I and Group C.I both have a very small

sample size, and running a cluster analysis on them yields some clusters with only one

observation. This implies that a clustering analysis does not apply to these two small

groups. Thus, the clustering results for Group T.I and Group C.I are not reported. On

the other hand, all the other four groups of telecommuters have four distinct activity

sequence patterns, and Group C.II and Group C.V have four distinct patterns as well

while Group C.III and Group C.IV have five distinct patterns. Table 2.8 shows the

statistics for the number of people, average entropy, average complexity, and Gini index

of mode choice for each cluster in each group. In general, the average complexity within

each group of motifs increases with the number of locations visited in a day. Groups

T.I and T.II have the lowest Gini index implying less diverse mode choices compared

to other groups of telecommuters. Similarly, Groups C.I and C.II have the lowest Gini

index. Also, within each motif group, we find substantial heterogeneity of daily activity-

travel patterns with different compositions of activities, timing of activities and travel,

complexity, and Gini index indicating different transitions and variation of mode choice

among activities.

All four motifs groups of telecommuters contain four similar major patterns, that

is Workand Run ErrandsDay, Mostly Out of Home Day, Work from Home Day, and

Long Work from Home Day. Some telecommuters in Work and Run Errands Day still
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Table 2.8: Statistics for the number of people, entropy, complexity, Gini index for
each cluster in each group.

Group Cluster Pattern
No. of
people

Ave.
Entropy

Ave.
Complexity

Ave.
Gini

Telecommuter
T.I / / 47 0.546 0.0192 0.0106
T.II T.II.1 Work and Run Errands Day 307 0.635 0.0255 0.0709

T.II.2 Mostly Out of Home Day 78 0.6 0.0231 0.0599
T.II.3 Work from Home Day 115 0.906 0.0313 0.0541
T.II.4 Long Work from Home Day 91 0.404 0.0194 0.0565

T.III T.III.1 Work and Run Errands Day 247 0.764 0.0364 0.191
T.III.2 Mostly Out of Home Day 83 0.749 0.0338 0.195
T.III.3 Work from Home Day 144 1.07 0.0477 0.277
T.III.4 Long Work from Home Day 83 0.593 0.0314 0.206

T.IV T.IV.1 Work and Run Errands Day 237 0.901 0.0487 0.319
T.IV.2 Mostly Out of Home Day 39 1.05 0.0495 0.327
T.IV.3 Work from Home Day 90 1.2 0.0551 0.25
T.IV.4 Long Work from Home Day 39 0.741 0.0417 0.166

T.V T.V.1 Work and Run Errands Day 422 1.06 0.0648 0.296
T.V.2 Mostly Out of Home Day 50 1.12 0.0623 0.281
T.V.3 Work from Home Day 128 1.3 0.0697 0.369
T.V.4 Long Work from Home Day 36 0.89 0.0552 0.178

Commuter
C.I / / 25 0.488 0.017 0
C.II C.II.1 Typical Workday 3039 0.81 0.0293 0.0396

C.II.2 Very Late Workday 243 0.763 0.0273 0.0348
C.II.3 Leave Home Day 270 0.606 0.0209 0.0203
C.II.4 Mostly Home Day 665 0.517 0.0221 0.0582

C.III C.III.1 Typical Workday 2628 0.939 0.0415 0.22
C.III.2 Very Late Workday 264 0.861 0.0391 0.19
C.III.3 Leave Home Day 101 1.08 0.0424 0.225
C.III.4 Mostly Home Day 552 0.668 0.0339 0.188
C.III.5 Mixed Workday 109 1 0.0415 0.229

C.IV C.IV.1 Typical Workday 1325 1.04 0.0516 0.303
C.IV.2 Very Late Workday 106 0.987 0.0487 0.222
C.IV.3 Leave Home Day 95 1.16 0.0513 0.276
C.IV.4 Mostly Home Day 364 0.732 0.042 0.253
C.IV.5 Early Workday 397 1.01 0.05 0.274

C.V C.V.1 Typical Workday 1138 1.1 0.0641 0.326
C.V.2 Late Workday 575 1.21 0.0677 0.363
C.V.3 Leave Home Day 161 1.25 0.0678 0.321
C.V.4 Mostly Home Day 752 0.988 0.0609 0.299
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Figure 2.5: Daily time of day patterns of activity sequences for telecommuters Group II.

go to work and they also spend time on recreational activities, buying goods, and other

activities. It might be counterintuitive at first glance that telecommuters still go to work-

places. However, the destination types of these trips show that 15.71% of destinations of

the total 1457 trips going to work were at home, a very small percentage (1.65%) were at

workplaces, and the majority (82.57%) were at places labeled as other, and only one trip

was to a school location. As expected, most telecommuters do not commute to work-

places. Instead, they go to a variety of other locations including coffee shops, bookstores,

customers’ locations, or elsewhere to work. This confirms our introductory comments

about the increases in work location flexibility and the multiple different locations that
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Figure 2.6: Daily time of day patterns of activity sequences for telecommuters Group III.

function as places where work is performed. In contrast, among the commuters’ 15571

work trips, 80.69% are to a workplace, 18.38% are to a place labeled as other, 0.89% are

to home, and 0.04% to school. The presence of a substantial number of places labeled

as Other is notable because it parallels the telecommuters’ tendency of either needing to

visit a client’s site and/or using some of the flexibility with technology to perform work

tasks from anywhere.

The Mostly Out of Home Day pattern includes telecommuters who spend most of their

time working, visiting friends and relatives, performing recreational activities, buying

goods, and doing other activities, and they rarely return home in the evening. The Work

from Home Day and the Long Work from Home Day are both typical telecommuting
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Figure 2.7: Daily time of day patterns of activity sequences for telecommuters Group IV.

daily routines. These two patterns share similar characteristics: telecommuters start to

work from home in the very early morning and work most of the day. Beyond that, a few

of them still go to a workplace, travel, buy goods, and have fun. The difference is that

telecommuters in the Long Work from Home Day pattern work from home until late. In

conclusion, telecommuters present very diverse daily activity-travel patterns within each

motif group, but we still find four representative daily patterns within each group with

similarities across groups.

We turn now to the daily patterns of commuters. All four groups of commuters contain

the Typical Workday pattern. This pattern is a typical commuting routine. People leave

home to work in the morning and return home after work. Patterns C.V.2 and C.IV.5
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Figure 2.8: Daily time of day patterns of activity sequences for telecommuters Group V.

are similar to this pattern. However, an obvious difference is that commuters in pattern

C.V.2 leave home to work later than the Typical Workday pattern, and commuters in

pattern C.IV.5 leave home to work earlier than people in the Typical Workday pattern.

Thus, we name pattern C.V.2 Late Workday and pattern C.IV.5 as Early Workday. In

addition to these typical commute patterns, patterns C.II.2, C.III.2, and C.IV.2 are very

similar and possibly contain people who work night shifts, as they start work in the

afternoon and end at midnight. Leave Home Day is also a common pattern among these

four groups of commuters. Most commuters in these groups did not return home in the

evening. The Leave Home Day patterns C.III.3 and C.IV.3 share similar characteristics:

people go to work in the morning and have fun after work. Many people in the Leave
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Figure 2.9: Daily time of day patterns of activity sequences for commuters Group II.

Home Day pattern C.II.3 did not return home because of working late. The Leave

Home Day pattern C.V.3 has both late-night workers and people having fun after their

workday. The common Mostly Home Day patterns within the four groups also share

similar characteristics that include long periods at home, going out to buy goods, and

a small fraction of time at work and traveling. Pattern C.III.5 is not a typical pattern.

People in this group tend to work from home during the daytime and some of them also

commute to work. Therefore, we call this pattern Mixed Workday.

Visual comparison of the time of day patterns between telecommuters and commuters

for the same number of locations visited reveals that we have substantially different time
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Figure 2.10: Daily time of day patterns of activity sequences for commuters Group III.

of day allocation to activities and travel. For example, the peaking of arrival time to

and departure time from work that we see in the commuter patterns is mostly absent

from the telecommuter groups, although those peaks are present for a small proportion of

respondents. Also, an obvious difference as we would expect is the substantial number of

telecommuter respondents that work at home for a long amount of time (T.II.3, T.II.4,

T.III.3, T.III.4, T.IV.3, T.IV.4, T.V.3, and T.V.4), and only one pattern among the

commuters (C.III.5) has some work at home.

Comparing the percentage of people who made dropping off/picking up trips at least

once in each pattern, we find that a relatively higher percentage occurs in patterns
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Figure 2.11: Daily time of day patterns of activity sequences for commuters Group IV.

T.IV.1 (16.54%) and T.V.1 (22.80%) for telecommuters, and in patterns C.III.1 (11.36%),

C.IV.1 (15.09%), and C.V.1 (16.49%) for commuters. This shows a higher percentage

of telecommuters in the Work and Run Errands Day pattern with 4 or more visited

locations, as well as commuters in the Typical Workday pattern with 3 or more visited

locations, are the designated drivers to escort people (e.g., taking children to school).

In addition, telecommuters in patterns T.IV.1 and T.V.1 have a higher percentage of

people driving others when compared to commuters in patterns C.III.1, C.IV.1, and

C.V.1. Overall, 20.71% of telecommuters made at least one trip for dropping off/picking

up people and only 16.52% of commuters did that. All these support our expectation

that more persons from the telecommuters group are the designated drivers. However, a
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Figure 2.12: Daily time of day patterns of activity sequences for commuters Group V.

substantial number of regular commuters are also performing this task.

2.4.3 Intra-household interaction analysis

[101] studied the intra-household interactions of dual-earning household members and

found a very strong association between telecommuting frequency and time allocation.

With our techniques, we explored these associations without imposing the strong assump-

tions required in regression-like statistical models. We use 8,385 workers in 4,328 dual-

earner households and 1,618 workers in 566 three-earner households (including workers

making no trips) to investigate the combination of daily time of day patterns of activities
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and travel for the dual-earner and three-earner households.

The frequency of different combinations of telecommuters and commuters for the dual-

earner and three-earner households are listed in Table 2.9. It shows that 2 commuters is

the most popular combination (67.24%) in dual-earner households; likewise, 3 commuters

is the dominant combination for three-earner households. The second most popular

combinations for dual-earner and three-earner households are combinations that have

1 telecommuter plus 1 commuter for dual-earner households (21.05% of the sample of

dual-earner households) and 1 telecommuter plus 2 commuters (22.30% of the sample

of three-earner households). All the other less frequent combinations are below 6%.

We further look into the female percentage in the 1 telecommuter plus 1 commuter

households and 1 telecommuter plus 2 commuters households. The statistics show that

54.67% of telecommuters are women while 44.68% of commuters are women in dual-earner

households, which demonstrates that a higher percentage of women are more likely to be

telecommuters in dual-earner households. However, in the three-earner households, only

49.19% of telecommuters are women and 50.81% of commuters are women which implies

that men and women are almost equally likely to work as commuters or telecommuters

in three-earner households.

We further investigate the combination of daily time-of-day patterns of activities and

travel for the dual-earner and three-earner households. We select three categories in Ta-

ble 2.9 including 1 telecommuter plus 1 commuter, 2 telecommuters, and 1 telecommuter

plus 2 commuters households as case studies. We aim to use these three groups containing

telecommuters to explore the situation when there are commuters in a household how the

other telecommuter’s daily schedule looks and when both of the household members are

telecommuters how their daily time allocation patterns look like on workdays. The re-

sults show that there are 205 distinct combinations for 1 telecommuter plus 1 commuter

household, 92 distinct combinations for 2 telecommuter households, and 102 distinct
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Table 2.9: Combinations of telecommuters and commuters for the dual-earner and
three-earner households.

Category Number of households (Percentage)

Dual-earner household (n=4328)
2 commuters 2910 (67.24%)
1 telecommuter + 1 commuter 911 (21.05%)
2 telecommuters 236 (5.45%)
1 commuter 229 (5.29%)
1 telecommuter 42 (0.97%)
Three-earner household (n=566)
3 commuters 351 (63.13%)
1 telecommuter + 2 commuters 124 (22.30%)
2 commuters 33 (5.94%)
2 telecommuters + 1 commuter 30 (5.40%)
1 telecommuter + 1 commuter 6 (1.08%)
3 telecommuters 5 (0.90%)
1 commuter 4 (0.72%)
2 telecommuters 3 (0.54%)

Note: If a category contains only one worker in a dual-earner household, the
other worker is not accounted for in the NHTS data because they may be
located outside California. Similarly, this holds for three-earner households.

combinations for 1 telecommuter plus 2 commuters households. Figure 2.13 shows the

percentages of all possible combinations of daily time of day patterns of activities and

travel for the 1 telecommuter plus 1 commuter, and 2 telecommuters households respec-

tively. Note that C.N and T.N indicate commuters making no trips and telecommuters

making no trips respectively. It is noticeable that in the 1 telecommuter plus 1 commuter

households, a combination of a commuter making no trip associated with a telecommuter

making no trip accounts for the highest percentage (6.26%). Likewise, in the 2 telecom-

muters households, the percentage of T.N together with T.N is also the highest (15.25%).

A possible explanation could be that people from these two combinations coordinate their

schedules to be together at home for family events or other situations that require every

household member to be involved at home. In addition, C.II.1 and C.III.1 associated with
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Figure 2.13: Percentages of various combinations of daily time-of-day patterns for the
(a) 1 telecommuter plus 1 commuter and (b) 2 telecommuters households. Figure (b)
is symmetric, so we only visualize half of the matrix of percentages.
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other telecommuter patterns also have a relatively high percentage, which implies that

given a household member works as a commuter, the other household member working

as a telecommuter has much more diversity in the daily time of day patterns and takes on

more household responsibilities such as escorting kids to school, grocery shopping, and

so forth. This is even more obvious by some frequent telecommuter patterns including

T.II.1, T.IV.1, and T.V.1 indicating that telecommuters tend to perform a Work and

Run Errands Day pattern. In the 2 telecommuters households, the highest percentages

occur in the diagonal pattern combinations including T.II.1 + T.II.1 (11 households,

4.66%) and T.V.1 + T.V.1 (13 households, 5.51%). The travel diaries of the household

members following these two diagonal combinations show that 5 out of the 11 households

doing T.II.1 + T.II.1 have the same daily schedule. The same happens in 5 out of the

13 households doing the combination T.V.1 + T.V.1. This proves that many people in 2

telecommuters households doing the pattern combination of T.II.1 + T. II.1 and T.V.1

+ T.V.1 tend to do activities jointly through the day.

We next turn to the 1 telecommuter plus 2 commuters households. Given that

there are 102 pattern combinations from the 124 households with 1 telecommuter plus

2 commuters when we look at the pattern distribution of the telecommuters, it shows

many telecommuters are concentrated in patterns T.N (23.39%), T.II.1 (16.13%), T.V.1

(15.32%), T.IV.1 (8.06%), only 0.81% of telecommuters do T.I, and the rest are all be-

low 5%. This tells us that given that many telecommuters from 1 telecommuter plus

2 commuters households do not make any trips on workdays (23.39% of T.N), a sub-

stantial number of telecommuters still visit 2, 4, and 5 locations to perform Work and

Run Errands Day. This is consistent with dual-earner households where when the other

household members are commuting, the telecommuter takes on household responsibility

activities.
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2.4.4 Comparison of stay-at-home persons

As mentioned in Section 2.2, of the total 24,448 workers (4,168 telecommuters and

20,280 commuters) in the 2017 California-NHTS, we only keep the workday subset com-

prising 2,236 telecommuters and 12,809 commuters for the motif and sequence analysis.

The 9,403 excluded workers are people who were interviewed on non-workdays or stayed

at the same location (mostly home) all day during workdays with no trips to report.

To understand the differences between people who stayed at home all day and peo-

ple who made at least one trip, two binary logistic regression models are estimated for

telecommuters and commuters respectively. We use individual-level and household-level

characteristics as explanatory variables and test their significance on telecommuters’ and

commuters’ decisions on making trips. The final specification of the model was obtained

by a systematic process of eliminating insignificant variables.

Table 2.10 summarizes the results of the two estimated binary logistic regression

models. Among the set of individual sociodemographic variables, we find that commuters

aged 66 and over are more likely to leave home and make trips compared to the rest age

groups. Surprisingly, commuters younger than 26 are the age group that is least likely to

leave home and make trips. Presumably, many of them are college students working as

part-time commuters and their job duties are flexible which allows them to ask for leave

and stay at home the entire survey day. However, none of the coefficients of the four

age groups are significant for telecommuters, which indicates that different age groups

do not have significant impacts on telecommuters’ decisions to make trips. In addition,

both telecommuters and commuters who attained a bachelor’s degree or above are more

likely to leave home and make trips compared to people who have less than a bachelor’s

degree. Telecommuters who work as part-time workers are more likely to leave home

and make trips compared to their non-part-time worker counterparts. Nevertheless, the
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Table 2.10: Estimated parameters of binary logistic regression models for telecom-
muters and commuters.

Variables
Model 1: Telecommuter Model 2: Commuter
Estimate z-value Estimate z-value

Individual characteristics
Age (base: Under 26)
26-35 0.262 1.039 0.268 2.716***
36-50 0.197 0.834 0.334 3.564***
51-65 0.369 1.585 0.297 3.271***
Above 65 0.222 0.901 0.397 3.064***

Education attainment (base: Below bachelor’s degree)
Some college or associate’s degrees 0.118 0.86 0.077 1.024
Bachelor’s degree or above 0.505 3.829*** 0.35 4.602***

Part-time employee (base: Non-part-time) 0.237 2.635*** -0.115 -1.726*
Travel day (base: Sunday)
Monday -0.054 -0.36 0.972 10.847***
Tuesday 0.305 1.926* 1.363 13.525***
Wednesday 0.023 0.154 1.291 13.118***
Thursday 0.372 2.430** 1.281 13.115***
Friday 0.012 0.084 1.184 12.484***
Saturday 0.151 1.001 0.165 2.234**

Household characteristics
Household annual income (base: Less than $24,999)

$25,000 to $99,999 0.187 1.443 0.2 2.337**
$100,000 to $199,999 0.128 0.925 0.284 3.046***
$200,000 or more 0.518 3.085*** 0.283 2.449**

Household structure (base: 2+ adults, retired)
1 adult 0.734 4.591*** 0.481 4.590***
2+ adults 0.052 0.458 0.273 3.252***
1 adult, retired 0.717 2.113** 0.108 0.317
1 adult with people under 21 0.901 2.839*** 0.584 3.301***
2+ adults with people under 21 0.484 3.484*** 0.376 4.186***

Residential setting (base: Rural)
Urban 0.471 4.278*** 0.293 3.642***

Constant -0.163 -0.534 0.398 2.498**
Model statistics
Number of observations 4168 20280
Log-likelihood Restricted -1976.5 -5790.6
Log-likelihood Unrestricted -1911.3 -5476.6
Log-likelihood Ratio 130.4***(df=22) 627.96***(df=22)
McFadden’s Pseudo R2 0.033 0.054

Note: *p <0.1; **p <0.05; ***p <0.01.
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situation is the opposite for commuters. In terms of travel day (survey day), commuters

are found more likely to leave home and make trips during weekdays as opposed to

weekends. Meanwhile, commuters are most likely to stay at home on Sundays. When it

comes to telecommuters, we do not observe the same trend and most of the coefficients

are not significant indicating that telecommuters’ decisions on making trips are largely

not affected by the day of the week. This is reasonable as we discussed before that

telecommuters do not need to commute to work resulting in a flexible daily schedule.

We turn now to the effects of household characteristics on telecommuters’ and com-

muters’ decisions on making trips. In general, higher-income commuters are more likely to

make trips compared to lower-income commuters. Telecommuters with annual household

income more than $200k are most likely to make trips compared to the other telecom-

muters with lower household incomes. As expected, both telecommuters and commuters

who live in urban areas are more likely to leave home and make trips compared to people

living in rural areas (presumably due to higher accessibility to opportunities but we turn

to this in the conclusions). The effect of household structure indicates that compared

to two-retiree households, telecommuters or commuters from a household with one adult

and people under 21 are most likely to make trips, which is reasonable because they need

to run errands for the younger members of their households. We also find that regard-

less of being telecommuters or commuters, single non-retired persons, and people from a

household with two or more adults with people under 21 are more likely to leave home

and make trips compared to two-retiree households. The differences between telecom-

muters and commuters are that telecommuters from a household with two adults are as

likely as telecommuters from two-retiree households to make trips; however, commuters

from a household with two adults are more likely to make trips compared to two-retiree

households. Similarly, single retirees working as telecommuters are more likely to make

trips compared to two-retiree households; while there is no significant difference between
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commuters from single-retiree households and commuters from two-retiree households in

terms of the propensity of making trips. The findings here point to the need for more

in-depth household structure and task allocation information to tease out the motivation

underlying the behavior described above.

2.5 Conclusions

2.5.1 Main findings

In this study, we show that using motif and sequence analysis in combination provides

more insights into differences and commonalities between telecommuters and usual com-

muters. This study proposes to add these new methods to the toolbox of travel behavior

analysis. In terms of substantive findings, we see here that telecommuters are by far

more diverse in their time of day allocation of time to places, activities, and travel. First

approximately 20% of the telecommuters stay at home all day during a workday, while

only 8% of the commuters do the same. Telecommuters that have at least a trip during

their workday travel more (in VMT and trips) than their counterpart commuters but

travel less driving alone. In addition, telecommuters have by far greater variety in their

motifs with more complex tour formation and a distinct time of day allocation to activ-

ities and travel from the commuters. Within telecommuters and commuters, however,

we have substantial variation in activity participation and travel. Commuters show a

substantial proportion in routine morning and afternoon peaks of arriving at and depart-

ing from work. In addition, telecommuters do not perform work tasks only from home.

Instead, during the day they visit a variety of locations to visit customers and/or use

their spatiotemporal flexibility to perform work tasks anywhere they want. In addition, a

higher proportion of telecommuters function as designated drivers escorting other people
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to their activity locations.

In the comparison between people who stay at the same place (mostly home) all

day and people who make at least a trip, we find that telecommuters and commuters

who have higher educational attainment (bachelor’s degree or above), higher household

income, living in urban areas, or living with people younger than 21 are less likely to be

homebound. Commuters under 26 years old are least likely to leave home and make trips

compared to the other age groups, while age group membership does not significantly

impact telecommuters’ decision to leave home on the interview day. The bottom line is

that commuters are more likely to make trips on weekdays and stay at home on weekends,

while telecommuters do not have such constraints and are more flexible.

2.5.2 Policy implications

Telecommuting is an official policy in California and appears in many regional plans

and sustainability strategies as defined by California legislation. Unlike the conventional

definition of telecommuting in the late 1970s, telecommuting nowadays as verified in this

study is no longer a home-based work arrangement, but is multiple-place-based. With

the advancement of ICTs, the emergence of ubiquitous workplaces allows telecommuters

to work not only at home but at many places with available internet connection such as

a coffee shop, a bookstore, a restaurant, and so forth. As confirmed in this chapter using

the 2017 California-NHTS as a case study, telecommuting has already a positive impact

on transportation with a lower number of trips and number of miles driving alone, less

travel during peak hours, and enables escorting people to places of activity. We also find

substantial heterogeneity in daily mobility patterns and time allocation to activities and

travel among telecommuters. We can view the higher variety of scheduling arrangements

and visiting places among telecommuters as a positive impact because the internet is
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ubiquitous and enables visiting more diverse places. But we can also view this as a

not-so-positive impact when the added freedom of telecommuters may motivate them

to circulate for a longer time in the network and possibly contribute to emissions. It is

unknown, however, if they do this because the type of vehicle used plays a major role

in estimating emissions. Moreover, also unknown for the telecommuters who did not

leave home at all during the day of the interview whether this was done voluntarily or

by necessity.

The mobility patterns and daily schedules will be most likely dissimilar in different

settings due to national, cultural, policy, and infrastructure differences. For example,

as [102] discussed in the late 90s, this is due to evolving telework needs supportive so-

cial norms and/or legal protection of the workers. One could imagine many potential

differences in telecommuters’ daily schedules between those from well-developed West-

ern countries where telecommuting has been a mature and relatively popular practice

and those from developing countries where telecommuting is still new and less popu-

lar. Transportation infrastructure also has important impacts on telecommuters’ daily

mobility patterns as well as daily schedules of activities and travel. People living in

California mostly rely on automobiles than other transportation modes, which is con-

firmed in Table 2.2 with both telecommuters and commuters driving alone the most and

telecommuters who made at least one trip travel 1.37 more VMT as well as 0.53 more

trips in a day compared to commuters. However, we anticipate the results will be dif-

ferent in other cities where public transit is more developed, such as Washington D.C.,

Boston, and Chicago. In addition, it is also important to take into account land-use

types, community design, and infrastructure accessibility in investigations of the daily

mobility of telecommuters. Telecommuters living in neighborhoods where grocery stores,

restaurants, gyms, and other types of activity opportunities are easy to access are pre-

sumably less likely to be selected over driving alone to activity opportunities with longer
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distances. Telecommuters living in rural areas with low accessibility to places are more

likely to visit multiple places to fulfill their daily needs and drive longer distances. All in

all, when one studies telecommuters’ daily mobility patterns and daily schedules should

always take into account the local cultural, policy, and infrastructure characteristics in

the study area to better explain the observed behavior and data analysis findings. A

promising future work for this study is to correlate the various mobility patterns and

time allocation patterns with built environment characteristics.

The unexpected global event of the COVID-19 pandemic forced people to stay at home

and reduce traveling to contain the spread of the virus. People adjusted to the new norm

of daily life with COVID-19 [103]. In fact, we expect a substantial increase in the adoption

of telecommuting by companies as it is happening at the time of writing this article and

we also anticipate a large number of telecommuters will switch to motif Group 1 pattern,

which is a single location-based (mostly home) loop trips pattern. Telecommuters using

motif Group 1 will most likely work from home but take a walk during the workdays

during the COVID-19 pandemic. In addition, we will see a substantial decrease in the

telecommuters’ patterns comprising a large period being present at workplaces, such as

telecommuters’ Work and Run Errands Day, and Mostly out of Home Day. Meanwhile,

telecommuters will be less likely to use complex motif groups such as motif Groups 4 and

5 as they work from home most of the time and have less time left for other activities

and also out of the concerns of reducing the risk of infection by traveling less. We

also anticipate that different sociodemographic groups will react in different ways and

occupation that already plays a major role in defining daily commuting schedules will

continue driving COVID-19-induced telecommuting. However, longitudinal data analysis

as in MOBIS-COVID19 2 shows that we may experience a return to the use of the private

automobile and maybe a tendency to return to pre-COVID patterns.

2https://ivtmobis.ethz.ch/mobis/covid19/en/
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2.5.3 Contributions and limitations

Our contributions are fourfold. First, our study advances people’s understanding of

telecommuter’s travel behavior nowadays. For example, contrary to conventional be-

lief, telecommuters in California who have at least a trip during their workdays travel

1.37 more VMT and 0.53 more trips than their counterpart commuters. In addition,

telecommuters tend to use carpooling more than driving alone. Second, this study re-

veals the substantial heterogeneity in daily mobility patterns and time allocation patterns

for telecommuters and commuters. Third, armed with this new method combining motif

and sequence analysis, the self-selection bias discussed in the literature [86, 104, 66] can

be handled using the patterns described here in a way that accounts for behavioral het-

erogeneity in a more insightful and behaviorally informative way. Fourth, we challenge

the crisp distinction between commuters and telecommuters that should be replaced by

different ways of work from many different places accounting for the work task flexibility

enabled by information and communication technology. This complements the [105] and

[106] different ways of telecommuting, but now it can be done using observed patterns

that classify respondents in statistically derived groups based on time allocated to work,

home, household responsibilities, shopping and serving activities, and travel.

Several limitations need further investigation. First, unlike a weekly travel diary, the

data used in this study, 2017 California-NHTS, contains only a one-day travel diary for

a respondent. Some of the respondents might not follow their regular workday schedule

due to unexpected reasons such as sick leave, business travel, personal vacation, emer-

gency, etc. Granted that there is little to do about this bias, a promising future study

can apply a longitudinal survey to study the recurrent mobility patterns and to further

detect anomaly travel patterns at the individual level. Second, an immediate next step

is to apply the motif and sequence analysis to the excluded non-workday samples to fur-
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ther compare the differences in daily mobility patterns of telecommuters and commuters

between workdays and non-workdays. Third, to extend the intra-household analysis in

more depth, we plan to leverage the more detailed information in the survey regarding the

intra-household interactions of daily activity to understand how a household member’s

daily mobility pattern can influence other household members’ mobility on the same day.

We also plan to look into the large percentage of employees who do not go to work or

work from home during non-holiday weekdays and to study how this correlates with the

activity and travel patterns of other people in the same household.
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Abstract Interaction between moving individuals is a critical factor in shaping

urban dynamics and human social networks. Recent advancements in trajectory analyt-

ics have resulted in promising methods to identify and extract spatio-temporal patterns

of interaction using movement tracking data. However, methodologies to quantify the

duration of interaction remain limited. In the present work, we advance the existing time-

geographic-based approach that relies on potential path area computation and polygon

intersection to quantify the duration of potential concurrent interactions between mobile

individuals. In addition, this research is the first attempt toward developing a taxonomy

of human interaction in space and time that are observable from movement data. In

the proposed framework, interaction between moving individuals is divided into three

categories based on the time when it occurs and its duration, including encounter, con-

current interaction, and delayed interaction. This article incorporates an evaluation of

the proposed time-geographic interaction analysis method to quantify the duration of

interaction between moving individuals using human-generated GPS tracking data in

California. The evaluation involves a comparison with the traditional proximity-based

approach, commonly utilized in digital contact tracing technologies, which relies on the

intersection of spatial and temporal buffers of two individuals. The results show that
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the proposed time-geographic-based approach can measure the duration of interaction

more accurately, whereas the proximity-based approach underestimates the duration of

interactions. The chapter provides further insights into the impact of temporal scale on

human interaction analysis through a systematic evaluative experiment.

3.1 Introduction

Interaction between moving individuals is a critical factor in shaping urban dynamics

and human social networks [50, 11, 10, 48]. Identifying and quantifying dynamic inter-

actions between moving individuals attracts scholars from GIScience, computer science,

movement ecology, epidemiology, and related disciplines [10, 107]. Recent advancements

in trajectory analytics have created methods to identify and extract spatiotemporal pat-

terns of interaction using movement tracking data [108]. Many of the existing tools

for interaction analysis, including Bluetooth-based digital contact tracing technologies,

rely on the spatial proximity between two individuals and require predefined spatial and

temporal thresholds [10, 53]. These proximity-based approaches can be limited when

high-resolution data are not available or when moving individuals are not tracked simul-

taneously. Simultaneous tracking of multiple individuals usually is hard to achieve due

to limited battery life and capacity concerns [109].

In addition to proximity-based approaches, several studies leveraged time geogra-

phy framework [14] to enhance interaction analytics [50, 49, 48]. Specifically, these ap-

proaches model the accessible area of individuals giving each pair of successive GPS fixes

along their movement paths using the concept of Potential Path Area (PPA)[17, 16, 15].

Subsequently, the intersection of two PPAs of different individuals identifies the joint-

accessibility space where potential interaction between individuals is possible. ORTEGA

(Object-oRiented TimE-Geographic Analytical approach) is one of these newly emerged
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time-geographic-based approaches (or called PPA-based approaches) for identifying var-

ious types of interactions at a reasonable computation cost [50]. Existing efforts indicate

that ORTEGA or in general, the PPA-based approaches can well identify potential inter-

actions when individuals are not tracked simultaneously [50]. Moreover, the PPA-based

approaches are capable of identifying delayed interactions when individuals visit the same

locations asynchronously with a time lag [50, 49].

While existing approaches have advanced our ability to identify and trace patterns of

interaction in movement data, they fall short in estimating the duration of interaction.

Duration of interaction is a critical factor in differentiating different types of human inter-

actions. For instance, in the context of contact tracing for COVID-19, it is necessary to

distinguish between brief-duration interactions and long-duration ones to enable different

levels of sensitivity and specificity in terms of detection of contacts [110, 111]. In addi-

tion, definitions and classifications of interaction between moving individuals are isolated

(see our literature review later). Existing classifications mainly consider the occurrence

of interaction in space and time [112, 50, 49] but do not incorporate the role of duration

of interaction and the context in which interaction happens.

This research addresses these gaps by first introducing a new technique to estimate

the duration of interaction using movement trajectories of interacting individuals. The

proposed method builds upon the theoretical foundations of ORTEGA, initially pre-

sented in [50]. Specifically, our work advances the time-geographic-based interaction

analytical approaches to trace and compute the duration of concurrent contacts (i.e.

synchronous interaction in space and time) between mobile individuals. Secondly, this

chapter establishes a new classification framework for human interaction, highlighting

the crucial role of interaction duration and the spatiotemporal properties inherent in

human interactions. The proposed framework classifies human interactions based on the

concurrence of overlapping or intersecting individuals’ movement paths and their dura-
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tions, which lays the foundation for building a more comprehensive taxonomy of human

movement interactions. The proposed method extending based on ORTEGA for quan-

tifying the concurrency, delay, and duration of interaction facilitates the differentiation

among different types of interactions introduced in the proposed classification framework.

Human-generated GPS tracking data in California are used to assess the efficacy of the

new method for the quantification and identification of different types of interactions

based on the proposed classification framework.

3.2 Background

3.2.1 Analytical Methods for Human Interaction

In time geography, the activity space of a moving entity can be measured by a space-

time prism [14] which is shaped by a pair of origin and destination locations (denoted

by Pi(xi, yi, ti) and Pj(xj, yj, tj)), a time budget (tj − ti), and the maximum speed ca-

pacity (vmax), as shown in Figure 3.1. The projection of a space-time prism onto a

two-dimensional Euclidean space is called the potential path area. PPA delimits the

accessible locations to the moving entity over a given time budget (for details about the

definition and formalization of PPA, the readers are referred to [113, 17]). When applied

on consecutive GPS observations along the trajectory of an object, the PPA models a

potential area that the entity could reach over the duration between the GPS recordings.

Hence, it can consider the uncertainty of positioning and gaps in movement data for

interaction analysis.

In this chapter, the term interaction refers to potential contacts between individuals

in space and time. Such contact does not necessarily indicate the occurrence of phys-

ical or social interaction, but it may lead to exposure to risk factors or opportunities
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Figure 3.1: Illustration of the space–time prism and potential path area in a 3D
space. Pi(xi, yi, ti) and Pj(xj , yj , tj) are the two consecutive tracking points. vmax is
the maximum speed capacity of the moving entity at the time interval [ti, tj ] given
the two fixed locations Pi and Pj . PPAij denotes the potential path area in a 2D
Euclidean space between Pi and Pj (modified from [17]).

for social interaction. Recent studies suggest that the potential interactions between

moving entities can be identified by intersecting their PPA ellipses and/or space-time

prisms along their trajectories [47, 48, 49, 50]. In general, existing time-geographic-based

interaction analytical approaches can be classified as either deterministic or probabilistic

approaches. Deterministic time geography assumes movement probabilities are uniform

within a PPA or a space-time prism. This assumption makes computation easy, but it

may not be reliable when fine-resolution tracking data are not available. It is not plausible

to assume a moving entity will present at any location uniformly in a PPA/space-time

prism if the movement was tracked at a coarse temporal resolution. This is because

the derived PPA/space-time prism may be very large, and intersecting them directly
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will over-estimate interaction [114]. Due to its computation efficiency and simplicity,

researchers have developed several deterministic approaches for interaction analysis be-

tween multiple moving entities. For example, [51, 52] proposed alibi query algorithms

based on intersecting network-based space-time prisms to determine whether two mov-

ing entities could have possibly met. [48] developed a joint Potential Path Area (jPPA)

approach for mapping areas of spatial-temporal overlap from wildlife tracking data. [49]

extended the jPPA approach to capture potential delayed interactions that occur between

moving entities with a time lag.

Compared with deterministic time-geographic-based interaction analysis, probabilis-

tic interaction analysis is less evolved in the literature. Probabilistic interaction anal-

ysis relies on probabilistic time geography [115]. In essence, probabilistic time geogra-

phy models visit probabilities within a PPA/space-time prism based on various simula-

tion models, such as Random Walk, Brownian Bridges, and kernel density estimation

[115, 116, 117, 118]. The application of probabilistic time geography on interaction

analysis is limited. [47] developed a voxel-based probabilistic interaction analytical ap-

proach by intersecting discretized space-time prisms of two or more entities. However,

this approach still requires heavy computation and the predicted interaction probabilities

strongly rely on many user-defined parameters such as the spatial resolution of the voxel.

Despite the extensive work on computational methods for movement interaction anal-

ysis as described in this section, there remains a research gap to quantify the duration of

interaction between moving individuals. The present research fills this gap by advancing

ORTEGA to estimate the duration of potential concurrent interactions between mobile

individuals.
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3.2.2 Taxonomy of Human Interactions

It is essential to establish a comprehensive taxonomy encompassing the definition

and classification of human interaction, as it is fundamental for formalization of the

interaction patterns and their properties to inform future machine learning and movement

analytics techniques. In the movement ecology domain, [112] argues that interaction can

be static or dynamic where static interaction indicates that individuals’ home ranges

(or activity space utilization) intersect spatially but not necessarily temporally while

dynamic interaction occurs when animals move in close spatial proximity at the same

time.

In human movement, dynamic interaction plays a key role in forming a wide range

of phenomena like human social behavior, urban land use dynamics, virus transmissions

through human contact, to name a few [50, 11, 119]. However, dynamic interaction is

usually represented by aggregate metrics (e.g., average distance over time, or the fraction

of proximal locations) in the existing literature to reflect association or the interdepen-

dency in the movement of two individuals [10, 107, 53] and this classification (i.e., static

versus dynamic) is limited in capturing temporal characteristics of interaction, such as

the duration or lag of interaction. To reflect this property, others suggest that human

interaction can be classified as concurrent (or direct/synchronous) interaction or delayed

(or indirect/asynchronous) interaction [50]. Aside from dynamic interaction, this classi-

fication focuses on how paths of individuals intersect in space and time which is a driving

factor for social activities and urban dynamics [120, 18, 121, 122]. Concurrent interac-

tion indicates that individuals move in spatial proximity of each other in a shared space

and at the same time, while delayed interaction occurs when individuals visit the same

locations at different times. This classification captures the spatiotemporal properties of

human interaction but does not reflect the duration or nature of interaction, which is
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critical information for quantifying and contextualizing human interaction. Duration of

interaction is a critical factor in differentiating different types of human interactions. For

instance, in the context of contact tracing for COVID-19, it is necessary to distinguish

between brief-duration interactions and long-duration ones to enable different levels of

sensitivity and specificity in terms of detection of contacts [110, 111]. A recent study

on wildlife interaction analysis suggests considering interactions between individuals not

only as isolated spatiotemporal co-occurrence behavior but as continuous events, which

they term contact phases, as interactions are often clustered in time [108]. However,

the idea has not been fully incorporated in human movement analysis literature and

techniques to quantify the duration of interaction are limited.

To sum up, existing classifications mainly consider the occurrence of interaction in

space and time but do not incorporate the role of duration of interaction and the context

in which interaction happens. The present research fills this gap by developing a classi-

fication framework of human interaction that emphasizes the critical role of duration of

interaction. The main contribution of this article is a new classification framework for

interaction between moving individuals in human movement data, which lays the foun-

dation for building a more comprehensive taxonomy of human movement interaction.

3.3 A New Classification Framework for Human In-

teractions

Although the taxonomy of animal movement interactions has been discussed widely

among researchers (see for example in [10, 107, 53]), many of these ideas may not be inter-

changeable for human movement interaction analysis. For instance, interaction analysis

for animals does not necessarily require animals to be present in the same space because
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they can sense each other at a distance or avoid one another. However, the majority of

meaningful human interactions through movement occur when individuals are present in

a shared space at the same or different times. It is noteworthy that the focus of this study

is on human interactions in shared physical spaces that are observable using movement

data. In this section, we create a classification framework for human interactions through

movement.

Human interaction may occur when individuals stay close in space and time, or when

their movement paths intersect, but not necessarily at the same time. This space-time

proximity may lead to an intentional interaction (social or not), or it can simply be an

incidental occurrence happening by chance and without any intention. While movement

data help in tracing proximity of individuals in space and time, the spatial proximity

of recorded locations may not be sufficient to identify whether the interaction is inten-

tional (social, confrontational, etc.) or non-intentional. In addition to location, time

is a critical factor in further identifying the type of interaction. For instance, brief du-

ration interactions such as encounters can reflect different natures of human behavior

compared to long duration interactions which often involve shared activities. Therefore,

the classification incorporates information on the lag or concurrency of overlapping or

intersecting people’s movement paths and the duration over which individuals present in

shared spaces synchronously or asynchronously. Although some interactions may occur

when individuals stay apart from each other (e.g., synchronous movements of two indi-

viduals in different spaces can reflect the association between their movements), it can be

difficult to explain the meaning and to measure the duration of this type of interaction

simply by relying on movement data without any ancillary or contextual information. In

the proposed classification, we use both spatial and temporal information to distinguish

between different types of interactions that are identifiable in movement data: encounter,

concurrent interaction, and delayed interaction.
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• An encounter occurs when individuals stay in spatial proximity in space and time

for a brief duration (which can be specified depending on different applications and

activities).

• A concurrent interaction occurs when individuals move synchronously in spatial

proximity of each other in a shared space and at the same time with a longer

duration compared to encounters.

• A delayed interaction happens when individuals visit the same locations in space

asynchronously with a time lag.

Human interactions can be either intentional or incidental. An intentional interaction

indicates that interacting individuals know each other (i.e., within their social networks)

or a planned interaction involving strangers or individuals with a certain functional con-

nection (i.e. teacher/student, co-workers, etc.); otherwise, it is an incidental interaction

occurring by chance. Although the duration and frequency of contacts between people

computed from movement data help to distinguish incidental versus intentional interac-

tions, the identification can be further enhanced using auxiliary information. By incor-

porating contextual variables such as individual sociodemographic characteristics, move-

ment mode, behavior, and geographic and environmental variables, it may be possible

to further distinguish between intentional and incidental interactions. Unlike intentional

interactions that can be verifiable by incorporating auxiliary data, incidental interactions

are more difficult to verify as individuals do not realize they interact with each other (e.g.,

strangers pass each other on the street or use a shared space) and almost no data can

certainly verify this type of interaction.

Examples of encounters can be a person picking up an order from a coffee shop, a

person passing a stranger on the street, and strangers waiting for buses at a bus stop,

just to name a few. Encounters can play a crucial role in disease transmission such as
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COVID-19 which spreads via airborne particles and droplets that can stay in the air for

some time [123]. Existing studies leverage movement data collected by location awareness

technologies such as mobile phones to establish social networks of human interactions or

contacts in the context of COVID-19 spread [124]. Researchers have focused on human

movement interactions at different spatial and/or temporal granularity ranging from close

face-to-face encounters [125], interactions within an accessible geographical area [50], to

aggregate mobility flows or metrics at local, regional, or national levels [126, 127, 128,

129].

In terms of concurrent interactions, examples can be people traveling together or

people engaging in the same activities for a certain amount of time, strangers moving

together on the same road incidentally, etc. On the other hand, delayed interactions can

reflect the behavior of people who visit the same place or are exposed to the same space

at different times. This type of interaction may reveal a similar spatial behavior between

individuals. For example, an intentional delayed interaction can be a marathon athlete

left behind by another athlete for 30 min, or a person leaving their shift at a workspace

and a colleague takes on the next shift a few minutes later. If two strangers visit the

same place (e.g., a grocery store or a gym) or share a common movement path at different

times (within a reasonable time lag) unintentionally, it is not considered as an intentional

delayed interaction but rather an incidental delayed interaction. These types of delayed

interactions may reveal similarities in spatial behavior of people or homophily in certain

neighborhoods and activities.

3.4 Methods: Identifying Interaction Patterns

Following [130], we change the space-time prism by varying vmax at different time

intervals instead of using a constant value for the whole trajectory. Specifically, the
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parameter vmax for each time interval is the floating average of speed over an exponential

kernel [131].

As shown in Figure 3.2, the intersection of two PPAs along trajectories of different

individuals identifies the joint-accessibility space where potential interaction between

individuals is possible [16, 50, 49, 48]. It is noteworthy that the area of intersections

between two PPAs delimits locations for possible interactions but it does not certify the

occurrence of interactions. Formally, a trajectory of a moving entity e can be formalized

as a series of Te = {(xe
0, y

e
0, t

e
0), (x

e
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Figure 3.2: Illustration of PPA intersections for identifying potential interaction be-
tween two moving entities. The intersecting PPAs are shaded in yellow. The two
green dashed rectangles highlight two continuous interaction segments.

Let e1 and e2 denote two moving entities and PPAe1
i,i+1 and PPAe2

j,j+1 denote the PPA

of each of the two moving entities respectively. The potential interaction between e1 and
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e2 can be formalized as follows (revised from [50]):

1. If PPAe1
i,i+1 ∩PPAe2

j,j+1 = ϕ (i.e., the two PPAs spatially not intersect), there is no

potential interaction between the two moving entities.

2. If [te1i − τ, te1i+1 + τ ]∩ [te2j , te2j+1] ̸= ϕ or [te1i , te1i+1]∩ [te2j − τ, te2j+1 + τ ] ̸= ϕ (i.e., the two

PPAs temporally overlap) and PPAe1
i,i+1 ∩ PPAe2

j,j+1 ̸= ϕ (the two PPAs spatially

intersect), a potential encounter or a concurrent interaction can be identified. τ is

a predefined allowable short time window that relaxes the requirement for exactly

synchronous start and end times of the two PPAs for intersections.

3. If [te1i − τa, te1i+1 + τa]∩ [te2j , te2j+1] ̸= ϕ or [te1i , te1i+1]∩ [te2j − τa, te2j+1 + τa] ̸= ϕ (the two

PPAs temporally overlap with a lag of τa), and [te1i − τ b, te1i+1 + τ b] ∩ [te2j , te2j+1] ̸= ϕ

or [te1i , te1i+1] ∩ [te2j − τ b, te2j+1 + τ b] ̸= ϕ (the two PPAs temporally overlap with a lag

of τ b, where τ b > τa > τ), and PPAe1
i,i+1 ∩ PPAe2

j,j+1 ̸= ϕ (the two PPAs spatially

intersect), a potential delayed interaction that occur with a time lag falling within

the specified time interval [τa, τ b] is identified.

The equations above indicate that if two PPAs intersect spatially and their time

intervals overlap within the allowable small time window τ , potential encounters or con-

current interactions may occur between the two moving entities (we will discuss later how

to distinguish between encounters and concurrent interactions). Algorithm 1 presents the

details for identifying concurrently intersecting PPAs between two moving individuals.

The parameter τ is essential because, in reality, the movement tracking of two individ-

uals is often unsynchronized or collected at different sampling rates. The parameter is

domain-specific and usually can be the same as the average temporal resolution of the

input movement data. It can also be set to zero for a strict synchronous alignment,

especially when high-resolution data are available. As an example, for human interaction
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analysis using movement data collected at 1 min sampling interval, a time window of 5

min may be reasonable to identify potential concurrent interactions as 5 min might not

be long enough for an interaction to be considered delayed [50]. However, if the goal is

to identify encounters, the time window parameter should be rather small as encounters

can only happen when individuals interact synchronously in time.

To detect delayed interactions, the user needs to specify a time interval [τa, τ b] so that

interactions that occur with a time lag falling within the specified range of τa to τ b can

be identified. Both τa and τ b should be greater than τ and can be determined according

to the study’s objectives. The algorithm for identifying intersecting PPAs with a time

lag (i.e. delayed interactions) is not presented here, as it closely resembles Algorithm

1. The only modification required is to replace the conditional statement that assesses

whether two PPAs intersect with a time lag.

Algorithm 1: Identifying concurrently intersecting PPAs between two moving
entities
Input: PPAe1 ,PPAe2 : two lists of PPAs of two moving entities e1 and e2;
τ > 0: allowable short time window parameter.
Output: PPAintersect: a list of spatially and temporally intersecting PPAs between e1
and e2 within a short time window τ .

Le1 ← length of the PPAe1 list;
Le2 ← length of the PPAe2 list;
for i = 0 to Le1 − 1 do

for j = 0 to Le2 − 1 do
if [te1i − τ, te1i+1 + τ ] ∩ [te2j , te2j+1] ̸= ϕ or [te1i , te1i+1] ∩ [te2j − τ, te2j+1 + τ ] ̸= ϕ then

if PPAe1
i,i+1 ∩ PPAe2

j,j+1 ̸= ϕ then
PPAintersect.insert([PPAe1

i,i+1, PPAe2
j,j+1])

end

end

end

end
return L

Encounters are similar to concurrent interactions as they both happen between mov-

ing individuals synchronously in time. While encounters only last for a short duration
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(e.g. less than a few minutes), concurrent interactions usually last longer. As such, it is

necessary to quantify the duration of interactions to distinguish between encounters and

concurrent interactions. To do this, we apply a new approach, to quantify the duration of

interactions using a time-geographic-based interaction analysis method (“the PPA-based

approach” herein) as shown in Algorithm 2.

Algorithm 2: Quantifying the duration of concurrent interactions
Input: PPAintersect: a list of spatially and temporally intersecting PPAs between e1
and e2 within a time window τ .

Output: Ψe1,e2 : a list of the start time, end time, and duration of the continuous
interaction segments between e1 and e2.

Let Θe1,e2 and Ψe1,e2 be new arrays
l← length of the PPAintersect list
for k = 0 to l − 1 do

if te1S (k) == te1S (k + 1) then
Θe1,e2 .insert[te1S (k), te1E (k), te1S (k + 1), te2S (k), te2E (k), te2S (k + 1), te2E (k + 1)]

end
else if te1E (k) == te1S (k + 1) then

Θe1,e2 .insert[te1S (k), te1E (k), te1S (k + 1), te2S (k), te2E (k), te2S (k + 1), te2E (k + 1)]
end
else

if |Θe1,e2 | == 0 then
Θe1,e2 .insert[te1S (k), te1E (k), te2S (k), te2E (k)]

end
starttime← min{Θe1,e2}
endtime← max{Θe1,e2}
duration← max{Θe1,e2} −min{Θe1,e2}
Ψe1,e2 .insert([starttime, endtime, duration])
Θe1,e2 ← empty list

end

end
if |Θe1,e2 |! = 0 then

starttime← min{Θe1,e2}
endtime← max{Θe1,e2}
duration← max{Θe1,e2} −min{Θe1,e2}
Ψe1,e2 .insert([starttime, endtime, duration])

end
return Ψe1,e2

Specifically, after applying PPA intersection along the movement trajectories of the

individuals, a list of spatially and temporally intersecting PPAs (e.g., all yellow ellipses
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in Figure 3.2) denoted by PPAintersect = {[PPAe1(1), PPAe2(1)], [PPAe1(2), PPAe2(2)],

...,[PPAe1(k), PPAe2(k)], ..., [PPAe1(l), PPAe2(l)]} will be identified following the above

specifications. Each element in PPAintersect indicates a pair of intersecting PPAs between

e1 and e2. Note that the index k here denotes the sequential order in the list of intersecting

PPAs, but not the sequential order in the original PPA sequence of an individual. Let

[te1S (k), te1E (k)] and [te2S (k), te2E (k)] denote the time intervals of the two PPAs of the kth

intersection between e1 and e2 (i.e., PPAe1(k) and PPAe2(k)).

By traversing every pair of intersecting PPAs based on their sequential order in the

list of PPAintersect, we can identify subsequences of continuously intersecting PPAs be-

tween the two moving entities (e.g., the portion or PPA intersections highlighted by the

two green dashed rectangles in Figure 3.2) and their durations. We term this subsequence

as a continuous interaction segment. It is also termed as contact phases [108]. The inter-

action duration is computed by taking the difference between a continuous interaction

segment’s start and end times. Eventually, for each continuous interaction segment, if

the duration is smaller than δt, where δt is a user-defined threshold parameter, an en-

counter is identified. Otherwise, it is classified as a concurrent interaction of a duration

equal to the difference between the start and end times of the continuous intersected PPA

sequence. The concept of duration may not apply to delayed interactions, as individuals

are present in the same space but at different times.

The parameter δt must be small, as encounters usually refer to brief-duration close

contacts. However, the parameter may be varied depending on different application

scenarios. For instance, in Figure 3.2, the duration of the continuous interaction segment

1 exceeds the threshold value (x > δt), thereby classifying it as a concurrent interaction.

In contrast, segment 2, with a duration (y) shorter than δt, is categorized as an encounter.

Users should be aware of the impact of temporal granularity of the tracking data when

deciding the parameter δt. Setting the parameter to a time value lower than the tracking
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frequency may overlook many potential encounters.

3.5 ORTEGA v1.0 Python Package

To advance the reproducibility and replicability of this research, we developed an

open-source Python package named ORTEGA v1.01,2(from here on ORTEGA refers to

ORTEGA version 1) for implementing the PPA-based method for identifying interaction

patterns using movement data, as described in Section 3.4. The Python package OR-

TEGA is built on top of the existing theoretical developments of ORTEGA, originally

introduced in [50]. ORTEGA is built upon existing Python’s matplotlib [132], numpy

[133], shapely [134], and pandas libraries. Table 3.1 describes ORTEGA’s main functions.

This section introduces the ORTEGA v1.0 Python package and provides step-by-step im-

plementation instructions.

The ORTEGA package contributes two significant capabilities: 1) the functions to

identify potential interactions (e.g., brief encounters, concurrent interactions, delayed in-

teractions) from movement data of two or more entities using a time-geographic-based

approach; and 2) the capacity to compute attributes of potential interaction events in-

cluding start time, end time, interaction duration, and difference in movement parame-

ters such as speed and moving direction, and also contextualize the identified potential

interaction events. To the best of our knowledge, the present ORTEGA is the first open-

source Python package that offers a time-geographic-based interaction analytical tool for

movement interaction research.

1https://github.com/move-ucsb/ORTEGA
2https://pypi.org/project/ortega
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Table 3.1: Description of ORTEGA’s functions
Function Description
interaction analysis() Identifies spatiotemporal intersecting PPAs after the

user specifies the short time window (for identify-
ing concurrent interaction) or time interval (for de-
layed interaction) during the initialization step; com-
putes the difference in speeds and movement direc-
tions for each intersecting PPA pair; and extracts
continuously intersecting PPA segments (i.e., inter-
action events) if any exists.

compute interaction duration() Computes the duration of each concurrent interac-
tion event. This function only applies to concurrent
interaction.

compute ppa perimeter() Descriptive statistics of PPA ellipse’s perimeter for
each moving individual

compute ppa area() Descriptive statistics of PPA ellipse’s area for each
moving individual

compute ppa interval() Descriptive statistics of PPA time interval for each
moving individual

compute ppa speed() Descriptive statistics of PPA speed for each moving
individual

attach attributes() Attaches attributes such as contextual variables to
the dataframe of intersecting PPAs (derived from
the function interaction analysis()) for further cor-
relation analysis

3.5.1 Input data

ORTEGA v1.0 accepts conventional movement tracking data of a set of moving in-

dividuals, such as GPS or telemetry data, in the form of comma-separated values (CSV)

files. The movement data should at least include a unique identifier for each individual

(or entity), a set of coordinates (geographic coordinates in floating-point format, pro-

vided in separate columns) representing the movement observations of each entity, and

the corresponding timestamp of each observation (in Python “datetime” format).
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3.5.2 Setting up ORTEGA

As illustrated in Figure 3.3, ORTEGA first imports trajectories of two individuals,

as provided by the user. To conduct interaction analysis for more than two individuals,

the user will need to employ For loops, by considering a moving entity as a reference at

each loop and running the analysis in conjunction with all other individuals in the data.

Movement data

Create PPAs along each
individual trajectory

Identify potential interaction
events (i.e., segments of
continuously intersecting

PPAs)

Compute duration of
interaction events

Visualize interactions on map

Correlate with movement
parameters or contextual

variables

Descriptive statistics on PPA
(e.g., perimeter, area,
speed, time interval)

If time ranges overlap?

Start

End

No

Yes

Add attributes (e.g.,
contextual variables)

If concurrent interaction?

Yes

No

Figure 3.3: ORTEGA’s workflow for analyzing interactions between a pair of moving
individuals using movement tracking data (dashed polygons indicate optional steps).

As shown in the below code snippet in Figure 3.4, in the first step when initializing

86



A Time-geographic Approach for Human Interaction Analysis using Movement Data Chapter 3

an ORTEGA object, the user is required to specify the column names for the identifier,

longitude and latitude coordinates, as well as the timestamp. As previously mentioned

in Section 3.4, the user is also required to define a brief time window denoted as τ

to detect concurrent interactions, or a time interval [τa, τ b] to identify desired delayed

interactions. As an example, the code snippet in Figure 3.4 provides instructions on

initializing ORTEGA to identify concurrent interaction. When the user provides a short

time window (in minutes) as the value of the minute max delay parameter (i.e., in this

case, minute max delay is considered as τ), ORTEGA returns the results of potential

concurrent interaction within that given brief time window. Alternatively, when both

minute min delay and minute max delay are given (i.e., the user specifies a time interval

[τa, τ b]), ORTEGA detects delayed interactions that occur with a time lag within the

specified interval (see the code in Figure 3.6). Otherwise, the program will raise an error

to remind the user to specify at least the parameter minute max delay.

During the initialization phase, ORTEGA will check whether the temporal spans of

the two movement trajectories intersect. Should at least a partial overlap occur, the

program will proceed to compute and generate PPAs along each individual’s trajectory;

otherwise, it terminates with an error message. The output of the initialization phase is

an instance of the ORTEGA class, which includes the original movement data and two

lists containing the constructed PPAs of two moving individuals. Subsequently, the user

can conduct descriptive statistics on PPA’s perimeter, area, speed, and time interval using

ORTEGA’s descriptive statistics functions. Examples of implementing such statistics are

shown in the same code snippet (see Figure 3.4).
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import pandas as pd

import ortega

# Consider a scenario where the movement data is gathered at a 60 min

interval for each GPS fix.

data1 = pd.read_csv(’example.csv’, sep=’,’,header =0)

# An example of a 60-minute time window to detect concurrent

interactions. The brief allowable time window for interaction to be

considered concurrent is normally set as the temporal resolution of

the data (in this case , 60 min).

con_interaction = ortega.ORTEGA(data=data1 ,

minute_max_delay =60,

latitude_field = ’latitude_column ’,

longitude_field = ’longitude_column ’,

time_field=’time_cloumn ’,

id_field=’id_column ’)

# Should the time ranges of the two individuals not overlap , the user

will encounter a ValueError: "Skipping pair {self.id1} and {self.id2

} due to time lag greater than {self.minute_max_delay }!"

con_interaction.compute_ppa_perimeter ()

con_interaction.compute_ppa_area ()

con_interaction.compute_ppa_interval ()

con_interaction.compute_ppa_speed ()

Figure 3.4: Initialize ORTEGA and conduct descriptive statistics

3.5.3 Identify concurrent interaction

Next, the user can identify segments of continuously intersecting PPAs as potential

interaction events using the function interaction analysis(), as demonstrated in the code

snippet in Figure 3.5. The outcome is a dataframe including the start and end times

of each intersecting segment, along with the time difference between the two intersect-

ing segments. The column of time difference indicates the time lag (if exists) between

the two start points of the two intersecting trajectory segments. This information is

especially helpful when the tracking of two individuals is not perfectly synchronized. It

enables precisely pinpointing the location where the initial intersection or overlap of two

trajectories occurred.
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con_results = con_interaction.interaction_analysis ()

print(con_results.df_interaction_events)

# Dataframe df_interaction_events includes the start and end times of

each intersecting segment and the time difference between the two

intersecting segments

con_results.compute_interaction_duration ()

print(con_results.df_interaction_events)

# After running compute_interaction_duration (), df_interaction_events

has one more column named ’duration ’ indicating the duration of the

interaction event

Figure 3.5: Implement concurrent interaction analysis

The user can use compute interaction duration() subsequently to compute the du-

ration of each interaction event, as presented in Figure 3.5. Recall that in Section 3.4,

it is essential to consider the parameter δt for discerning between brief encounters and

long-duration concurrent interactions. When the duration of an interaction event is

shorter than δt, it signifies an encounter, whereas a duration exceeding δt indicates a

concurrent interaction. The outputs of interaction events are saved in a dataframe called

df interaction events as an attribute of con results. Each row in this dataframe indi-

cates an interaction event. The user may take advantage of this dataframe to further in-

terpret various types of identified interactions. In the provided example, where movement

data is gathered every 60 minutes, a δt value of 60 minutes is sufficient to differentiate

encounters from concurrent interactions.

3.5.4 Identify delayed interaction

Figure 3.6 illustrates an example of identifying delayed interactions that occur with

a time lag between 120 to 360 minutes. Similar to identifying concurrent interaction,

the user needs to run interaction analysis() after initializing an ORTEGA object. The

outcome of this step is the same as the concurrent interaction, namely a dataframe called

df interaction events including the start and end times of each intersecting segment and
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the time difference between the two intersecting segments. In essence, the column of time

difference in the case of delayed interaction shows the time lag of the delayed interaction

event or the time lag between the two intersecting segments.

# An example of using [120 min , 360 min] to detect delayed interactions

that occur with a time lag between 2 to 6 hours.

delayed_interaction = ortega.ORTEGA(data=data1 ,

minute_min_delay =120,

minute_max_delay =360,

latitude_field = ’latitude_column ’,

longitude_field = ’longitude_column ’,

time_field=’time_cloumn ’,

id_field=’id_column ’)

delayed_results = delayed_interaction.interaction_analysis ()

print(delayed_results.df_interaction_events)

Figure 3.6: Initialize ORTEGA and conduct descriptive statistics

3.5.5 Contextualizing the identified interactions

Movement parameters such as speed and direction can be directly computed from

GPS coordinates. Given a pair of consecutive GPS points, the speed of the correspond-

ing PPA can be easily computed by dividing the Euclidean distance between the two

given locations by the time interval. Subsequently, the ratio of the difference in speed

(represented as rv) between the two entities when potential interactions occur can be

formalized as the absolute difference between the speeds of the two intersecting PPAs,

divided by half of the sum of the speeds of the two intersecting PPAs. The value of

rv ranges from 0 to 2, with 0 indicating identical speeds and a larger value indicat-

ing greater disparities in speeds between two interacting entities. Movement direction

ranges from -180 to 180 degrees. Similarity of movement direction (represented as rθ)

can be measured by the cosine value of the difference between the movement directions

of the two intersecting PPAs [10]. This value equals 1 when movement segments have
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the same orientation, 0 when they are perpendicular, and -1 when they move in opposite

directions. The ratio of the difference in speed and similarity of movement direction are

automatically computed when running interaction analysis(). The user can further use

this information to examine the correlation between movement parameters and potential

interactions.

In circumstances when contextual variables are available in addition to movement

data, the user may leverage ORTEGA’s context-aware functionality to further inform

interaction analysis. As Figure 3.7 shows, the user may specify which contextual vari-

ables they want to include in the ORTEGA object during the initialization stage by

specifying the attr field parameter. Since each PPA consists of two GPS locations of

an individual trajectory, each pair of intersecting PPAs includes contextual information

of four GPS points of the corresponding PPAs of the two entities. ORTEGA offers a

attach attributes() function to aggregate these values at each potential interaction area

(i.e., a PPA intersection). Currently, ORTEGA calculates the average of the values from

the two GPS points that constitute each PPA. Subsequently, it computes either the aver-

age or the difference between the two mean values derived from the intersecting PPAs of

the two individuals. This can be done by specifying the parameter method as ‘mean’ or

‘difference’. Ultimately, every pair of intersecting PPAs is associated with one value of a

specific contextual variable. The user may correlate the identified potential interactions

with movement parameters such as speed and movement direction, or with contextual

factors. This correlation analysis can help us understand the relationships between po-

tential interactions and individuals’ movement behaviors, as well as the surrounding

environments where interactions occur.
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con_interaction = ortega.ORTEGA(data=data1 ,

minute_max_delay =60,

latitude_field = ’latitude_column ’,

longitude_field = ’longitude_column ’,

time_field=’time_cloumn ’,

id_field=’id_column ’,

attr_fields =[’attr1 ’,’attr2 ’,’attr3 ’])

results = con_interaction.interaction_analysis ()

# calculate mean values of attr1 and attr2 of two PPAs , respectively

results.attach_attributes(col=[’attr1’,’attr2’], method=’mean’)

# calculate the difference of attr3 values of two PPAs

results.attach_attributes(col=’attr3’, method=’difference ’)

print(results.df_all_intersection_pairs)

Figure 3.7: Contextualize identified interactions

3.5.6 Mapping interactions

Lastly, ORTEGA can visualize the detected interaction events and their associated in-

tersecting PPAs alongside the original movement data for better interpretation. The tool

provides two visualization choices: 1) plot original tracks(): This option allows the user

to visualize the original movement trajectories of both individuals, with PPAs depicted

in red and blue (by default) for each individual, respectively. 2) plot interaction(): Se-

lecting this option showcases the original trajectories while highlighting the overlapping

segments in yellow by default, enhancing the clarity of the segments indicating potential

interactions. The user may replace the parameter colors to customize the color code

using common color names or hexadecimal color codes, especially if they wish to map

the interaction between more than two individuals.

# 1. Only show original movement trajectories

ortega.visualization.plot_original_tracks(con_interaction , colors =[’red

’, ’blue’])

# 2. Show original movement trajectories and interaction segments

ortega.visualization.plot_interaction(con_interaction , results.

intersection_ellipse_pair , colors =[’red’, ’blue’, ’yellow ’])

Figure 3.8: Mapping interaction events
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3.6 Experiments

3.6.1 Data description

This section assesses the usability of the proposed classification framework and meth-

ods for the identification of human interaction patterns using a subset of the 2010-2012

California Household Travel Survey (CHTS) [135]. The data consists of a single-day

travel diary and the same day of GPS tracking from 986 participants of 447 households.

The one-day travel diaries record every participant’s household information by assigning

a unique identifier, and for each individual’s trip, start time and end time, travel mode,

origin and destination (in longitude and latitude format), and corresponding location

types (e.g., home, work, school, other) were collected. The GPS tracking data were col-

lected using a wearable device that can be worn on the waist or clipped to a purse or

backpack. The device only tracks people’s movements that are faster than one mile per

hour to safeguard the battery and storage capacity. Therefore, in this study, stationary

activities are not included in the interaction analysis. The sampling rate of the tracking

data is one minute per GPS fix.

3.6.2 Case studies to identify different types of interaction be-

tween two individuals

Encounters

The objective of the first case study is to illustrate encounters between moving indi-

viduals. Figure 3.9 shows an encounter between two individuals from different households

(i.e., outside their social networks). The short time window parameter τ is set to one

minute to identify brief-duration encounters. As shown in the inset map, only two PPAs

from the traces of person A in red were found to intersect spatially and temporally with
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Figure 3.9: An encounter between two individuals from different households. The
PPAs are presented in red (person A) and blue (person B) respectively for each in-
dividual. Intersecting PPAs are highlighted in yellow ellipses in the main map. The
inset map shows the details of the intersecting PPAs between the two individuals with
the annotation of the start time and end time of each intersecting PPA. The arrows
indicate the moving direction at the selected time interval. The gray lines in the inset
map represent the road network retrieved by OSMnx [136]. The base map is hidden
in the main map to protect participants’ privacy.

the other two PPAs from the traces of person B in blue. We can infer based on their

opposite moving direction that this brief interaction most likely indicates an inciden-

tal encounter of two individuals who passed by each other on the street rather than an

intentional encounter. Due to data limitations, the method does not reveal any brief

PPA intersection between individuals of the same or different households which could be

interpreted as an intentional encounter. To identify intentional encounters using PPA

intersection, we would need to incorporate additional context information from auxiliary

data like travel surveys or land use data (see the explanation in Section 3.3). Most en-

counters were detected among individuals from different households and on the road, and

therefore they do not qualify to be classified as intentional encounters.
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Concurrent interactions

The second case study focuses on concurrent interactions occurring between moving

individuals. The short time window parameter τ is set to five minutes to identify con-

current interactions. Figure 3.10 illustrates the one-day GPS tracking of two individuals

from the same household in the main map. The result of interaction analysis shows that

100% of their PPAs intersect, implying highly overlapped movement paths and potential

joint trips by these two individuals. A portion of the PPA intersections are highlighted

using yellow ellipses as shown in the inset map in Figure 3.10. Table 3.2 summarizes

the six identified continuous interaction events (i.e., continuous interaction segments)

between the two moving individuals during the survey day, while Table 3.3 presents their

self-reported travel diary.

Figure 3.10: Concurrent interactions between two individuals from the same house-
hold. The traces are presented in red and blue dash-dotted lines respectively in the
main figure (since their tracking points are very dense and could be unreadable if
PPAs are visualized). The inset map highlights a subset of the intersecting PPAs
between the two individuals using yellow ellipses.
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Table 3.2: The identified continuous interaction events between individuals from the
same households using the PPA-based approach.

Event # Start time End time Duration (min)

1 14:16:29 14:52:57 36.5
2 15:00:58 15:04:46 3.8
3 15:47:49 16:29:39 41.8
4 18:16:25 18:23:07 6.7
5 18:34:11 18:37:16 3.1
6 18:44:53 18:50:05 5.2

Table 3.3: Travel diary reported by the two individuals in Figure 3.10

Trip # Start time End time Duration (min) Origin Destination

1 14:17:00 14:52:00 35 Home Liquor store
2 15:02:00 15:04:00 2 Liquor store Parent’s home
3 15:48:00 16:29:00 41 Parent’s home Home
4 18:16:00 18:23:00 7 Home Restaurant A
5 18:34:00 18:35:00 1 Restaurant A Restaurant B
6 18:37:00 18:45:00 8 Restaurant B Home

To assess the validity of the detected interaction events, here we compare the time

intervals of the joint trips identified by interaction analysis of GPS data and by reports

from the individuals using the travel survey. According to the travel survey, these two

individuals have six common trips reported during the survey day. The six concurrent

interaction events identified by the PPA-based approach match the travel diary almost

perfectly. The total absolute difference between the duration of each interaction event in

the travel diary and the identified results is 20.05 min (the average absolute difference is

3.34 min). The slight difference is reasonable as self-reported travel diary data usually

cannot reflect precisely the timing of each activity a person conducted in a day. There-

fore, all six interaction events are classified as concurrent interactions. In general, the

PPA-based approach can identify accurately the interaction events between these two in-

dividuals of the same household. We will further evaluate the efficacy of this approach for

measuring the duration of concurrent interactions in Section 3.6.3 using a large sample.
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Figure 3.11 presents another example of concurrent interactions but is between indi-

viduals from different households (i.e., outside their social networks). The two individuals

were moving in the same direction. The identified start time and end time of this con-

current interaction are 16:34:17 and 16:40:46. The total duration of this interaction is

about 6.48 min. According to their travel diaries, the two individuals were making two

different trips during the selected concurrent interaction. Therefore, this implies an inci-

dental concurrent interaction of two persons who move in close spatial proximity on the

road by chance.

Figure 3.11: A concurrent interaction between two individuals from different house-
holds. The PPAs are presented in red and blue respectively for each individual. The
intersecting PPAs are highlighted in yellow ellipses in the main map. The inset map
shows the details of the continuous intersecting PPAs within 5 min time window.
They were moving in the same direction over the selected concurrent interaction.
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Delayed interactions

To showcase the application, as an example, we arbitrarily set the time interval pa-

rameter [τa, τ b] to [25 min, 30 min] to identify several delayed interactions (25 to 30 min

time lag can be considered long enough for delayed interactions between humans). It

means that delayed interactions can be possible if PPAs of different individuals intersect

spatially and temporally with a time lag falling within the specified range of 25 to 30

min. Figure 3.12a presents a delayed interaction between two individuals from the same

household. The inset map shows one segment of the continuously intersecting PPAs with

25 to 30 min delay. The start time and end time of the selected delayed interaction of

the individual in red color are 11:00:03 and 11:04:28. For the individual in blue, the time

interval is 10:32:29 to 10:34:55. In addition, the two individuals were moving in opposite

directions. Mapping the traces to the road networks shows that these segments overlap

well with existing streets. Based on these observations, this delayed interaction very likely

indicates two individuals who passed by the same road segment at different times with a

lag of 25 to 30 min. Moreover, according to the travel survey, the two individuals were

on different trips when this delayed interaction occurred. Hence, this delayed interaction

occurrence is very likely to be incidental rather than intentional interaction even though

these two individuals are related. However, this delayed interaction occurred near their

household home location. Based on the inset map, presumably, the delayed interaction

happened on the road segment connecting their home and the nearby freeway entrance.

This delayed interaction, although is very likely to be incidental, can still reflect a social

connection between the two individuals from the same household.

Figure 3.12b illustrates a delayed interaction between individuals from different house-

holds (i.e., outside their social networks). The start time and end time of the selected

delayed interaction of the individual in red are 07:32:21 and 07:42:28. For the individual
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Figure 3.12: Delayed interactions between two individuals from the (a) same household
or (b) different households. The inset map in each figure shows the details of one of
the continuous intersecting PPAs within 25 min to 30 min time lag between the two
individuals. The arrows indicate the moving directions of the two individuals over the
time interval of the selected delayed interaction.

in blue, the time interval is 07:04:30 to 07:12:32. The two individuals were moving in the

same direction. According to the inset map, this delayed interaction very likely implies
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two individuals who passed several same road segments by chance in the morning with

a time lag of 25 to 30 min.

3.6.3 Case studies to compute duration of interaction in a large

network

Duration of interactions plays a critical role in the proposed classification of inter-

actions in human movement data. It is an essential parameter to enable distinguishing

between brief-duration encounters and long-duration interactions. This case study eval-

uates the PPA-based approach for quantifying the duration of interactions, mainly for

concurrent interactions. We conduct three evaluative experiments to (1) evaluate the

efficacy of the PPA-based interaction analysis technique using the tracking data of a

large network of mobile individuals; (2) assess the impact of observational scale on the

performance of the PPA-based method for duration computation; and (3) compare the

efficacy of the PPA-based approach to a proximity-based approach.

Here, we evaluate the PPA-based approach comprehensively using a larger sample of

the 2010-2012 CHTS data, including 986 participants. Only within-household interac-

tions are used here for evaluation because individuals from the same household are very

likely to travel together if they report common trips in their travel survey. To investigate

the impact of different temporal observational scales on the efficacy of the PPA-based

approach in quantifying the duration of interactions, the original tracking data are man-

ually re-scaled to three levels, namely, 1 min, 5 min, and 10 min per GPS fix intervals.

This is performed by eliminating tracking points between the required intervals along the

trajectories, while the first and final GPS tracking points of each trip are preserved.

For the comparative study, the PPA-based approach is evaluated against the com-

monly used proximity-based approach based on spatial and temporal buffer(s). In a
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proximity-based approach, a potential concurrent interaction can be identified by inter-

secting spatial buffers centered on synchronous GPS points of two individuals. Here, we

use a spatial buffer size of 100 m, as a reasonable movement distance over 1 min (the

resolution of the original tracking data used in this study). The bigger the spatial buffer,

the higher the possibility of intersection between tracks, especially when synchronous or

high resolution tracking data are not available [50]. A parameter τ̂ is used to reflect the

allowable short time window between the GPS points of two individuals when judging

if their spatial buffers intersect. To make the proximity-based approaches comparable

to the PPA-based approach, the same 5 min threshold is applied for both approaches to

identify concurrent interaction events (i.e. τ̂ = τ = 5 min).

Two common metrics are used to measure the accuracy of the estimated total duration

of potential interactions, that is Mean Absolute Error (MAE) and Root Mean Squared

Error (RMSE). The smaller the value of the two metrics, the more accurate the estimated

total duration of interactions is. Specifically, the total duration of interactions between

each pair of individuals from the travel diary is used as the actual value to measure the

accuracy of the estimated total duration of potential concurrent interactions.

The box plots in Figure 3.13 illustrate the distribution of the total duration of poten-

tial concurrent interactions using the two approaches and the reported values computed

based on the travel diary. Figure 3.13a suggests that the PPA-based approach can bet-

ter estimate the total duration when using 1 min per fix sample (MAE ≈ 17.28 min,

RMSE ≈ 29.61 min), and it substantially outperforms the traditional proximity-based

approach (MAE ≈ 32.84 min, RMSE ≈ 58.3 min). A Wilcoxon test on the results of

the total duration of interactions using the PPA approach and the reported value from

the travel diary indicates no significant difference between them at 0.1 level (p ≈ 0.0544).

As the temporal resolution of the tracking data decreases (see Figure 3.13b-c), the PPA

approach tends to overestimate the total duration of potential interactions, while the
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Figure 3.13: Box plots of the total duration of potential interactions for each pair of
individuals using movement data of (a) 1 min, (b) 5 min, and (c) 10 min temporal
resolution. Green triangles represent the mean value of each group of data.

proximity-based results almost become invalid. As shown in Table 3.4, for the 5 min sam-

ple (Figure 3.13b), MAE ≈ 22.91 min and RMSE ≈ 36.5 min for the PPA approach,

while MAE ≈ 46.41 min and RMSE ≈ 76.6 min for the proximity-based approach. For

the 10 min sample (Figure 3.13c), MAE ≈ 31.26 min and RMSE ≈ 48.05 min for the

PPA approach, while MAE ≈ 46.79 min and RMSE ≈ 76.83 min for the proximity-

based approach. Presumably, tracking data of coarser temporal resolutions are very likely

to result in a bigger size of PPAs which make them more likely to intersect spatially, and

eventually, this leads to an overestimation of the total duration of potential interactions.

But for the proximity-based approach, increasing the sampling interval between consecu-

tive tracking points can amplify the impact of asynchronous tracking issues, which lowers

the chance of overlapping buffers for GPS fixes for different individuals in space and time.

A sensitivity analysis on the short time window parameter (i.e., τ for the PPA-based
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Table 3.4: MAE and RMSE for the estimated total duration of interactions using the
PPA-based approach or the proximity-based approach.

Temporal resolution Approach MAE(min) RMSE(min)

1min PPA-based 17.28 29.61
Proximity-based 32.84 58.3

5min PPA-based 22.91 36.5
Proximity-based 46.41 76.6

10min PPA-based 31.26 48.05
Proximity-based 46.79 76.83

approach and τ̂ for the proximity-based approach) is conducted to explore the impact of

varying time windows when quantifying the duration of potential concurrent interactions.

In this experiment, the time window parameter is varied from 1 min to a larger upper

bound when judging if two PPAs or two spatial buffers intersect temporally. Allowing a

very large time window may identify more delayed interactions rather than concurrent

interactions. Therefore, for the 1 min sample, we only experiment on 1 min to 5 min

time window. For the 5 min sample, we test time windows from 1 min to 25 min.

For the 10 min sample, the time window parameter is varied from 1 min to 30 min. As

illustrated in Figure 3.14, not surprisingly, as the time window parameter increases within

a reasonable boundary, the PPA approach estimates the total duration less precisely while

the performance of the proximity-based approach is improved. Having said that, the PPA

approach still outperforms the proximity-based approach substantially according to the

graphs of MAE and RMSE.

3.6.4 The impact of temporal scale on identifying potential in-

teractions

The goal of this experiment is to provide further insights into the impact of temporal

scale on identifying potential concurrent and delayed interactions between moving indi-
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Figure 3.14: Sensitivity analysis of the time window parameter using (a)-(b) 1 min,
(c)-(d) 5 min, and (e)-(f) 10 min samples.

viduals using ORTEGA and to compare these results with the traditional proximity-based

approach. Following Section 3.6.3, the proximity-based approach is implemented by in-

tersecting spatial buffers of a 100 meter distance threshold centered on synchronous GPS

tracking points of two individuals. To relax the restriction of requiring synchronous fixes

when identifying concurrent interactions, the parameter of a short time window τ̂ is set

to 5 min when determining if two spatial buffers are intersected for the proximity-based
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approach. Even though the PPA-based approach does not require a predefined distance

buffer or a set time window, we allow the same 5-min time window (i.e., τ = τ̂ = 5 min)

for intersection in this experiment to make it comparable with the proximity-based ap-

proach. In this case study, if the PPAs of the two individuals are intersected but the time

lag is longer than 5 min, we consider this as a delayed interaction. The frequency of in-

teractions among a group of people is then quantified by the count of pairs of individuals

that have interacted with each other during the survey day for both the proximity-based

and PPA-based approaches. Based on household composition information, we categorize

the identified interactions into two groups: those occurring among individuals within the

same household and those involving individuals from different households. Individuals

within the same household tend to travel together and interact more, while individuals

from different households might have occasional social interactions and various random

contacts. This categorization allows for the incorporation of social relationship factors

in the analysis of human interactions. The outcomes of these two approaches at different

temporal scales are then compared as described below.

Figure 3.15 illustrates the impact of temporal scale on identifying concurrent inter-

actions using the PPA-based approach versus the proximity-based approach between

individuals of the same household and different households. In general, both approaches

are sensitive to the temporal scale. The proximity-based approach can identify a greater

number of contacts within household interactions when the temporal resolution is 1 min

as opposed to coarser sampling rates beyond 1 min. Specifically, the total number of

within-household interactions identified is 367 at 1-min interval, whereas this number

drops to 361 at 5-min interval, and to 359 at 10-min interval and remains unchanged

at 20-min and 30-min intervals. Likewise, the proximity-based approach can identify

73 outside household interactions at 1-min interval while substantially fewer outside

household interactions are identified when the sampling interval increases (i.e., 6, 2, 2,
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2 outside household interactions are identified at 5 min, 10 min, 20 min, 30 min inter-

val, respectively). On the contrary, the PPA-based approach can identify substantially

more outside-household concurrent interactions when coarse temporal scales are used.

This is mainly because using larger sampling intervals results in bigger PPAs which are

more likely to intersect with each other. However, the total number of within-household

interactions remains stable as the sampling interval increases.

Figure 3.15: Illustration of the impact of temporal scale on identifying concurrent
interactions (allowing 5 min time window) using the PPA-based approach versus the
proximity-based approach (100m buffer) between individuals of the same household
and different households.

People living in the same household are more likely to travel together during the

day (e.g., parents escort children to school) [21], which increases the chance of physical

contact with each other. Even when the sampling interval is increased, these people are

still very likely to be tracked simultaneously. Hence, the PPA-based approach and the

proximity-based can identify very closely the number of within-household interactions

and the numbers remain stable along with the increasing sampling intervals. Unlike

people living in the same household, people from different households are less likely to

travel together and their physical interactions are often unintentional (e.g., two strangers
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pass by each other on the street) and asynchronous (e.g., two persons visit the same

grocery store at different times). The proximity-based approach is less effective in this

situation because it requires a synchronous and predefined distance buffer threshold which

is set by the user (such as 100m in this case) to determine if two moving entities come

close to each other. However, the PPA-based approach does not have such constraint

as it is based on the actual locations accessible to people, their time budget, and speed

capacities. All of these parameters can be extracted from the given data without a need

for a user-defined threshold. Therefore, we observe more outside household concurrent

interactions identified by the PPA-based approach as opposed to the proximity-based

approach.

As discussed in [50], the outcomes of the proximity-based approach are also sensitive

to the buffer size. Specifically, they found that by applying a 500m distance buffer, the

proximity-based approach can identify almost the same number of concurrent intrahouse-

hold interactions but interhousehold interactions are still underestimated. Employing a

distance buffer larger than 500m may not be reasonable as the potential concurrent in-

teractions are defined as close contact between moving individuals in this experiment.

We next focus on the impact of temporal scale on identifying delayed interactions

using the PPA-based approach. As shown in Figure 3.16, allowing a longer time lag

can identify more delayed interactions within households as well as outside households.

This is reasonable because allowing a longer time lag increases the chance of intersection

between two PPAs. However, the increase in the amount of identified delayed interac-

tions outside households is substantially higher than the interactions within households.

This is mainly because people living in the same household are more likely to interact

synchronously. Therefore, allowing a longer time lag does not help much with identifying

delayed interactions within households. Nevertheless, people from different households

are more likely to have asynchronous interactions, resulting in more delayed interactions
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Figure 3.16: Illustration of the impact of temporal scale on identifying delayed inter-
actions using PPA-based approach between individuals of (a) the same household and
(b) different households.

when allowing longer time lags. In addition, using different sampling intervals of the

data seems to have no significant impact on identifying delayed interactions between in-

dividuals of the same household, whereas more delayed interactions between individuals

of different households can be identified if a coarser sampling rate of data is used. This

is similar to our previous findings regarding concurrent interactions. Presumably, people
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living in the same household are more likely to travel together and increasing sampling

intervals results in larger PPAs but does not impact very much the chances of intersecting

between PPAs. On the other hand, larger PPAs of individuals from different households

as a result of a coarser time scale increase the probability of intersecting PPAs.

3.7 Discussion

The experiments presented in this study suggest that the PPA-based approach is

capable of differentiating different types of human interactions. In this section, we discuss

some limitations of the work and ideas for further developments of the technique to

improve its capabilities.

Even though we manually interpreted and classified several cases of human interac-

tions as intentional or incidental for illustration in Section 3.6.2, the current algorithm is

not fully equipped to automatically differentiate between intentional and incidental in-

teractions as it does not consider context parameters such as street network configuration

(e.g., [137]), travel mode, direction of movement, and social relationships between moving

individuals [138]. Put more generally, it is necessary to extend the existing PPA-based

approach with context-aware abilities or leverage network space-time prism or network

PPA for further enriching and improvement of the identification of human interactions

(i.e., encounters, concurrent and delayed interactions) and capture their nature. By do-

ing so, for instance, it will be possible to differentiate close contact between individuals

in indoor and outdoor settings by taking into account geographic and environmental

variables. Additionally, by incorporating travel mode, interactions between individuals

who traveled in different vehicles can also be distinguished from more chance interactions

when individuals pass each other on the street or interact on foot in the risky context of

disease transmission.
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In addition, movement data granularity and temporal scale can be key factors in-

fluencing the performance and validity of the PPA-based approach for distinguishing

different types of human interactions. Our results suggest that both the PPA-based

approach and the proximity-based approach are sensitive to the temporal resolution of

movement data, making interaction analysis more uncertain. Applying the proximity-

based approach may result in more underestimation interactions if coarser data are used

(as it may be hard to identify intersecting spatial buffers). In contrast, the PPA-based

approach may lead to more overestimation results (as PPAs can be very large and eas-

ier to intersect with each other if coarser data are applied). If very fine tracking data

are used (e.g., several seconds per GPS fix), there may not be much difference between

the PPA-based approach and the proximity-based approach as the PPAs and the spatial

buffers may cover similar accessible areas. In addition, using data with various sampling

intervals seems to have no significant impact on identifying delayed interactions between

individuals of the same household, whereas more delayed interactions between individu-

als of different households can be identified with a coarser temporal scale. The outcomes

suggest that movement data of fine-grained temporal granularity such as one minute per

fix is required for a more reliable interaction analysis.

3.8 Conclusions

This study presented a classification framework and a time-geographic (or PPA-based)

approach and its open-source Python package called ORTEGA to identify various types

of human interactions using GPS tracking data. The proposed framework classifies hu-

man interactions into encounter, concurrent interaction, and delayed interaction based

on the temporal aspect (lag and duration) of how the movement paths of individuals

overlap or intersect. By implementing PPA intersection methods, it is possible to iden-
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tify and distinguish different types of interactions. This research also systematically

evaluated the proposed approach for measuring the duration of interaction and discussed

the impact of temporal scale on human interaction analysis. The results using a large

sample of individuals showed that the PPA-based approach can estimate the duration

of potential interactions more accurately, while the proximity-based approach underes-

timates potential interactions, which may result in more intermittent interactions with

shorter duration. A sensitivity analysis of the time window parameters showed that

as the time window parameter increases within a reasonable boundary, the PPA-based

approach estimates the total duration less precisely.

In terms of substantial findings regarding the impact of temporal scale on human

interaction analysis, we found that the concurrent interactions between individuals iden-

tified by the proximity-based approach can substantially be underestimated at coarser

sampling intervals. In contrast, the PPA-based approach can identify substantially more

concurrent interactions outside households when a coarser temporal scale is used. The use

of movement data with different sampling intervals seems to have no significant impact on

identifying delayed interactions between individuals of the same household, whereas more

delayed interactions between individuals of different households can be identified with a

coarser temporal scale. In addition, using a coarser temporal resolution of movement

data may lead to an overestimation of the duration of interaction using the PPA-based

approach, while the proximity-based results can become invalid.
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Chapter 4

Spatiotemporal Dynamics of

Racial-ethnic Diversity and

Segregation: Insights from Mobile

Phone Data

Abstract Racial diversity and segregation persist as pressing issues in US cities.

Understanding these issues is crucial for promoting social equity and justice. Existing

research has predominantly focused on residential racial diversity while overlooking racial

diversity and segregation in individuals’ daily activities and place visits, due in part to

data limitations. This study introduces a dynamic measure of racial diversity and dom-

inance at the finest spatial scale, specifically at the Points of Interest (POI) level and

various temporal contexts. Leveraging one month of privacy-enhanced mobile phone lo-

cation data in Los Angeles County, California, this study explores the racial diversity and

spatial segregation simultaneously in POI visits in LA County. Empirical results indicate

a significantly higher level of racial diversity in POI visits during weekdays compared to
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weekends. Our findings confirm that individuals’ daily mobility in urban areas enhances

social integration among various racial-ethnic groups. The outcomes also suggest sig-

nificant spatial clusters of isolated and integrated areas regarding racial mix in people’s

everyday activities. Notably, the Latino population tends to stay in their own commu-

nities and experience a higher level of segregation in their daily activities. The overall

diversity level of daily visits reaches its peak at noon or in the afternoon, as opposed to

the morning or evening, indicating a higher level of social mixing among different groups

during lunchtime and afternoon activities. Moreover, visitors from outside the Greater

LA region in California contribute positively to the observed racial diversity in visits to

POIs on weekends in LA County.

4.1 Introduction

The challenge of racial diversity within communities and the persistence of residen-

tial segregation remain critical concerns as urbanization and suburbanization continue to

expand in the United States [139]. Racial segregation, especially affecting marginalized

communities or disadvantaged groups, is closely linked to adverse consequences in ed-

ucation, housing, employment, poverty, public safety, environmental justice, and access

to healthcare resources [140, 141, 142, 143, 144]. Gaining insights into racial diversity

and segregation is imperative for city planners to promote social integration via creating

opportunities and local environments that foster more intergroup contact and interac-

tion among individuals from diverse racial and ethnic backgrounds [141, 145]. Promoting

social integration is essential because it fosters positive interactions with socially hetero-

geneous individuals, contributing to personal integration into a community and enhancing

social cohesion more broadly, which, in turn, leads to increased solidarity, trust, pro-social

behavior, well-being, and reduced violence and crime in society [5, 6].
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The prevailing body of research has traditionally centered on residential racial diver-

sity and segregation, primarily drawing from static census data [146, 139, 147]. While

these census-based studies have provided valuable insights into residential segregation and

its implications for racial stratification, they tend to overlook the multifaceted dimen-

sions of racial diversity and segregation within individuals’ daily lives and their interac-

tions with various places beyond their residences. Some scholars argued that segregation

is a dynamic phenomenon that evolves across both spatial and temporal dimensions,

suggesting the need to extend the study of segregation beyond the residential context

[148, 149, 120, 6, 150, 151]. Nevertheless, many of these efforts faced constraints, often

characterized by either restricted sample sizes, especially when employing conventional

travel diaries to document individuals’ daily activities [148, 120], or issues related to data

representativeness and demographic bias when utilizing georeferenced social media posts

[6, 151].

The advent of Location-Aware Technologies (LATs) has ushered in an era of abundant

movement data, encompassing diverse temporal granularities and collected through var-

ious means. These data sources include GPS data recorders, call detail records (CDR)

from mobile phones, radio-frequency identification (RFID) tags, Wi-Fi and Bluetooth

sensors, and georeferenced social media applications [55]. The proliferation of movement

data provides a wealth of information characterized by both volume and variety, partic-

ularly in urban settings. Among these sources, GPS records of mobile phone data have

gained increasing popularity in segregation studies in recent years [152, 150]. This is due

to its extensive spatial and temporal coverage, large sample size, and low cost of data

collection. As a result, mobile phone data provides an unprecedented opportunity for un-

derstanding human behavior and conducting research on racial diversity and segregation

across finer spatial and temporal scales beyond residential perspectives.

This research introduces a novel approach that leverages massive mobile phone lo-
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cation data to examine dynamic racial diversity and segregation in individuals’ visits to

places at the finest spatial scale. Specifically, we explore shared visits (i.e., co-location) of

individuals at the Points of Interest (POIs) level, and in various temporal contexts (e.g.,

weekdays versus weekends, certain periods of the day such as morning, noon, afternoon,

and evening). A POI is a particular place or location that individuals might find appeal-

ing or useful for different activities. Examples of POIs include restaurants, hotels, gas

stations, hospitals, public transportation stops, shopping centers, recreation areas, and

more. Leveraging one month of anonymized, fine-resolution mobile phone location data

in Los Angeles County, California, this study explores the racial diversity and spatial

segregation in POI visits in LA County. Our research intends to answer the following

questions: do people from different social groups living in racially segregated residential

spaces also present segregated patterns in their daily visits to different types of places,

and how does that vary across space and different temporal contexts? The contributions

of this study are twofold. Firstly, this is the first attempt to explore dynamic racial di-

versity using massive mobile phone location data at the most granular spatial resolution

currently available, specifically at the level of POI visits, which directly represents the

racial composition of individuals’ daily activity locations. Secondly, our research unveils

the spatial patterns of segregation in POI visits across diverse social groups and tem-

poral contexts. The findings can have significant implications for urban planners and

policymakers to design targeted solutions and policies in order to promote social equity,

social integration, and equal access to public amenities and opportunities in urban spaces

[153, 154].
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4.2 Background

Racial and ethnic segregation has been studied extensively (e.g., see a review in

[155]). There has been a debate about conceptualizing segregation [156]. For instance,

[156] suggested five dimensions of segregation: evenness, exposure-isolation, concentra-

tion, centralization, and clustering. Some researchers, though, argued that these can be

simplified into evenness-clustering and exposure-isolation [157], or evenness-concentration

and clustering-exposure [158]. Another perspective combines aspects into two broader

categories: separateness (which includes evenness, isolation, and clustering) and location

(which includes concentration and centralization)[159]. [156] proposed that segregation is

a multifaceted phenomenon and should be assessed using diverse indices that emphasize

various dimensions. Of the dimensions mentioned above, evenness and exposure are the

most commonly discussed in segregation studies.

To measure the evenness aspect of segregation, the most widely used measurement

might be the dissimilarity index D [160]. The dissimilarity index is commonly defined

as one-half of the sum of the absolute difference between the two proportions of the two

population groups across all predefined discrete spatial units within the study area, as

below.

D =
1

2

∑
α

|pα,i
Ti

− pα,j
Tj

| (4.1)

where α is the index of spatial unit, i and j represent two population groups, Ti and Tj

denote the respective total population of the two groups in the whole study area, pα,i and

pα,j are the population of groups i and j respectively in spatial unit α. The dissimilarity

index falls within the range of 0 to 1, where a value of 0 indicates perfect integration,

implying that both groups are evenly distributed across all areas. This global index

has limitations as it can only provide a summary of the overall segregation within the
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entire study area, such as a city or region, and it primarily focuses on residential areas

while neglecting the places individuals visit during the day. To overcome these limita-

tions, some extended the index by incorporating spatial relationships between population

groups (e.g., distance or adjacency relationships between spatial units) [161, 157, 162].

In addition, various spatial autocorrelation statistics have been used for quantifying seg-

regation [163]. Besides the similarity-based measures, there has been a growing focus on

entropy-based methods [164, 146, 139], which can assess the level of racial diversity in

residential areas and are adaptable to situations involving more than two racial groups.

These entropy-based indices typically provide values that span from 0 (indicating no

diversity) to 1 (maximum diversity).

Another major dimension of segregation, exposure-isolation, is commonly measured

using the exposure and isolation indices [165, 166, 167, 168, 156]. These indices measure

the extent to which members of one group (e.g., a specific racial or ethnic group) are

exposed to members of another group in a given area or neighborhood. On the other hand,

when evaluating an individual’s experience of segregation, the exposure dimension is often

regarded as the most effective indicator [169, 148, 170, 171, 120]. Several researchers

claimed that an individual’s experience of segregation is shaped by their daily activities

across multiple locations and interactions with various individuals. For example, [169]

devised socio-spatial isolation indices to capture an individual’s degree of isolation from

others, by considering several specific types of people’s daily activities. [148] extended the

original exposure index to accommodate all individuals’ daily activity locations beyond

residences, regardless of the type of socio-geographical spaces based on the concept of

activity space [172]. [120] developed an individual-level spatiotemporal proximity index

accounting for individuals’ daily activities in space and time observed from travel diaries.

However, in practice, capturing all intentional or significant physical interactions between

individuals is exceptionally challenging due to a scarcity of appropriate data.
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Another advancement in racial-ethnic segregation studies involves replacing global

measures with analyses that classify neighborhoods into distinct groups representing

various levels of racial mixing [173, 146, 139]. [146] suggested that racial diversity and

segregation are related to each other and should be understood jointly. To achieve this

goal, they expanded the conventional entropy-based method to categorize neighborhoods

according to both their compositional diversity and racial dominance. Specifically, they

employed the scaled entropy index to calculate the racial diversity of aggregated geo-

graphic areas, such as census tracts, using racial and ethnic composition from traditional

census data (See formulations in Section 4.4.2). The scaled entropy index provides a

multi-group perspective that transcends the “majority-minority divide”, enabling equal

consideration to all social groups. Following this, predefined threshold criteria can be

applied to differentiate diversity levels, and these can be subsequently subdivided by the

dominant racial group. The neighborhood classification approach turns out to be effec-

tive in capturing the processes of neighborhood change over time in terms of racial-ethnic

configuration [173, 146, 139, 174]. However, to the best of our knowledge, this idea has

not been fully incorporated into the understanding of racial diversity and segregation be-

yond the residential perspective. In addition, few studies have directly examined racial

diversity at the POI level, which can be considered the finest spatial resolution for as-

sessing social interactions. In this study, we bridge this gap by developing a dynamic

place-based racial diversity measure based on the scaled entropy index to assess racial di-

versity and segregation patterns simultaneously at the POI level, taking into account the

spatiotemporal dynamics of individuals’ activities and visits to various types of places.
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4.3 Mobile Phone Location Data

The mobile location records used in this study are obtained from Spectus1, a loca-

tion data intelligence company, that provides anonymized, privacy-enhanced, and high-

resolution mobile location pings of millions of users in the United States. Spectus col-

lects mobility data through its software development kit that is integrated into various

mobile applications and services in smartphones (e.g., maps, navigation, weather, and

geo-specific retail), all while maintaining strict privacy adherence2. The data collection

relies on the voluntary sharing of location by device owners through a process compli-

ant with the General Data Protection Regulation and the California Consumer Privacy

Act compliant frameworks. Spectus mandates application partners to disclose their re-

lationships with Spectus in their privacy policies. The mobile phone location data used

in this study encompasses the daily movement data of 283,556 anonymized individu-

als (more than one billion location records) during March 2019, comprising 10 weekend

days and 21 weekdays. Each entry in the mobility data includes an anonymized person

identifier, location coordinates (in longitude and latitude), and timestamp. The month

of March was selected for our research because it does not include any special holiday

seasons, making it a suitable representation of typical human activity patterns before the

COVID-19 pandemic. The study area is Los Angeles County, the most populous county

in the United States with an estimated population of 10,105,518 according to the 2018

American Community Survey [175]. LA is also renowned for its cultural diversity, which

makes it suitable for this study.

1https://spectus.ai/
2https://spectus.ai/privacy/privacy-policy/
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4.4 Methodology

4.4.1 Data processing

As shown in Figure 4.1, in order to prepare the data for the main racial diversity

analysis, several essential data-processing steps are conducted using the Spectus curated

mobile phone location data. These steps include: (1) approximating the home location

of each individual based on mobile phone pings, (2) inferring individual race-ethnic type

based on their home census data, and (3) identifying their POI visits based on mobile

phone pings and POI data. Among these, steps (1) and (3) are already automated and

incorporated in Spectus data.

Mobile phone location data

CBG level racial composition
data from census

Approximating individual
home locations at CBG level

Inferring individual racial-
ethnic types

POI database Identifying POI visits

Racial diversity in POI visits

Figure 4.1: Workflow of data processing and analysis for racial diversity in POI visits.

Approximating individual home locations

In order to preserve privacy, Spectus provides the approximate home location at the

Census Block Group (CBG) level for each individual using their most recurring location
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between 10 p.m. and 6 a.m. every week3. According to the U.S. Census Bureau, CBGs

generally have a population of 600 to 3,000 individuals with similar sociodemographic

characteristics, ensuring data privacy. Specifically, Spectus utilizes raw mobile phone

pings to generate three variables: the duration of stay in a particular location within the

past month, the average number of hours spent daily in that location, and the time of

day visited that location. These variables are used to calculate a score, which indicates

the likelihood of a location being considered as home. Subsequently, the location with

the highest score is determined as the individual’s home location. To ensure privacy pro-

tection, the specific home locations are obfuscated by mapping the latitude and longitude

coordinates of each home location to the corresponding CBG.

Inferring individual racial-ethnic types

Since mobile phone pings do not capture racial-ethnic characteristics of the individ-

uals, we infer individual racial-ethnic categories based on home CBG’s census data. The

census is from the 2018 American Community Survey [175]. In this research, we con-

sider six racial-ethnic groups including Hispanic or Latino/a (“Latino” herein), Black or

African American (“Black” herein), American Indian or Alaska Native (“American In-

dian” herein), Asian American or Pacific Islander (“Asian” herein), White, and “Other”

(encompasses all other racial-ethnic groups that do not belong to the above five groups,

such as multiracial and multiethnic groups). For simplicity, note that in this study, these

six racial-ethnic groups are mutually exclusive. For example, someone who identifies

as White is not counted as Latino (i.e., the person is non-Latino White). We use the

racial-ethnic composition of the CBG where individuals’ estimated homes are located as

a proxy for their racial-ethnic category. Instead of assigning a single distinct race-ethnic

3See the details in the Spectus documentation: https://docs.spectus.ai/Getting%20Started/

User_Guides/Data_Assets/Device_Recurring_Areas_and_Sensitive_Locations/
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category to each individual, we compute each individual’s probabilities of belonging to

each of the six racial-ethnic groups according to their home CBG’s racial-ethnic compo-

sitions from the census. For example, for an individual with an identified home located

in a CBG with 60% White, 30% Latino, 6% Black, and 4% Asian, the probability of this

individual belonging to White is 0.6, Latino 0.3, Black 0.06, Asian 0.04, American Indian

0, and Other 0.

Identifying POI visits

Spectus offers POI visit data that is generated through a spatial join between stops

and nearby POIs [176]. The POI dataset is also curated by Spectus in compliance with

its Sensitive Points of Interest Policy4. Each POI represents a point with an attribute

indicating its geographic boundary when available; otherwise, a spatial buffer is assigned

based on the POI type. For instance, airports and malls have a larger radius (500 meters

and 300 meters, respectively), while others such as bus stops have a smaller radius (5

meters). For a more accurate estimation of POI visits, the geographic boundaries or

spatial buffers of the POI, the open hours of the POI, and the minimum and maximum

dwell time are all taken into account in this procedure5. Each POI visit entry encom-

passes a unique and anonymized person identifier, POI identifier, POI type according to

Standard Industrial Classification (SIC) codes6, and start and end time of the visit. The

POI data contain over 160 distinct categories according to the SIC code, such as eating

places, grocery stores, physical fitness facilities, gasoline service stations, and commer-

cial banks. To streamline these categories, we also employ a higher-level classification

system consisting of ten major business divisions according to the SIC system, which

encompasses: 1) Agriculture, forestry, and fishing, 2) Mining, 3) Construction, 4) Man-

4https://spectus.ai/privacy/spoi-policy/
5See the details in the Spectus documentation: https://docs.spectus.ai/
6https://www.osha.gov/data/sic-manual
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ufacturing, 5) Transportation and public utilities, 6) Wholesale trade, 7) Retail trade,

8) Finance, insurance, real estate, 9) Services, and 10) Public administration. The POI

visit data are subsequently utilized to calculate the racial diversity of visitors at various

types of places.

4.4.2 Racial diversity computation

Residential racial diversity index

A widely used measure for assessing racial-ethnic diversity is the scaled entropy index,

which is formally defined as follows: [177, 178, 146].

Eα =

∑n
j=1 pα,jln(1/pα,j)

ln(n)
(4.2)

where Eα is the scaled entropy index of the spatial unit α (e.g., census tract, CBG,

grid cell, etc), pα,j denotes a studied racial group j’s proportion of the total population

observed at the spatial unit α, and n is the total number of racial groups. In this study,

n equals six racial-ethnic groups as introduced in Section 4.4.1. This index is widely used

to assess residential racial diversity based on racial composition from census data. The

scaled entropy index falls within the range of 0 to 1. A value of 0 signifies no diversity,

indicating the presence of only one racial group at the spatial unit α. Conversely, a

value of 1 indicates maximum diversity, suggesting that all racial groups are equally

represented.

We utilize Equation 4.2 to calculate residential racial diversity spatially at the CBG

level using the census data. In essence, the racial composition at the CBG level, as

obtained from the census data, corresponds to pα,j and can be used for calculating the

scaled entropy index for each CBG.
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Dynamic place-based racial diversity index

We extend the scaled entropy index to assess racial diversity at the POI level, which

can be considered the finest spatial resolution for capturing social interactions. This

extension accounts for the spatiotemporal dynamics of individuals’ daily activities and

their visits to these locations. The dynamic place-based scaled entropy at the POI level

can be formalized as follows.

E(l, t) =

∑n
j=1 pj(l, t)ln(1/pj(l, t))

ln(n)
(4.3)

where E(l, t) is the scaled entropy index of the POI l at time t, pj(l, t) denotes racial group

j’s proportion of the total individuals who visited POI l at time t. The interpretation of

E(l, t) values is the same as Eα.

For each POI, the racial group composition is quantified based on the inferred race

categories of individuals, which is determined according to the racial configuration of

their home CBGs (see Section 4.4.1). To ensure a sufficient number of POI visit records,

we calculate racial diversity for each POI across four distinct periods throughout the day:

morning (7:00 am - 10:59 am), noon (11:00 am - 1:59 pm), afternoon (2:00 pm - 5:59 pm),

and evening (6:00 pm - 11:59 pm). It is worth noting that the proposed dynamic scaled

entropy at the POI level is flexible enough to be calculated at any temporal resolution

(e.g., minute-by-minute, hourly) as long as a sufficient number of POI visits are available

at the given temporal aggregation. The variable t is used to represent these four periods

in Equation 4.3. The premise is that people of different racial groups might tend to or

prefer visiting certain POIs at different times during the day. For example, Black, Latino,

or White might prefer certain and different POIs for socializing after work hours, while

they tend to visit other POIs more during the day. Similarly, certain groups might avoid

certain POIs at night time due to concerns for safety or perceived risks. Furthermore,

124



Spatiotemporal Dynamics of Racial-ethnic Diversity and Segregation: Insights from Mobile Phone
Data Chapter 4

we distinguished between weekdays and weekends, as they exhibit significant differences

in human daily behaviors [179].

Accounting for sampling bias

To deal with the potential sampling bias issues in mobile phone location data, we

apply a post-stratification technique. Post-stratification is a well-known sampling tool,

commonly employed to investigate the influence of sampling biases in mobile phone lo-

cation data or geo-tagged social media data on a wide range of subsequent data analyses

[180]. Specifically, each individual’s POI visit count is weighted by an expansion factor

[181] which is the ratio of the population of their home CBG to the number of individuals

observed in the same CBG from the mobile phone data. Subsequently, racial group j’s

proportion of the population who visited POI l during time t can be calculated as follows.

pj(l, t) =

∑
i wiρ(i ∈ Gj)∑

i

∑n
j′=1wiρ(i ∈ Gj′)

(4.4)

where wi denotes the expansion factor of person i who visited POI l at time t, ρ(i ∈ Gj)

denotes the probability of person i belonging to racial group Gj (the probability is inferred

based on their home CBG’s racial configuration, see Section 4.4.1). To avoid the potential

bias caused by small samples, the POIs with fewer than ten visit counts over the entire

study timeline are excluded from this measure.

4.4.3 Racial diversity and dominance classification

Following [146]’s approach, we further adopt a classification framework to differentiate

different types of racial diversity for POI visits. This approach incorporates a multiplicity

of racial groups, moving beyond the focus on single-group numerical dominance or even

pairs of groups [146, 139]. It is done by first distinguishing three levels of diversity
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including low, moderate, and high diversity, and subsequently subdividing by a dominant

racial group. Specifically, a low diversity POI is one with scaled entropy values less

than or equal to 0.3707 (this is the maximum entropy when one of the six racial groups

constitutes 85 percent of the population) or when one group makes up more than 80

percent of the total population. A POI with high diversity is characterized by scaled

entropy values greater than or equal to 0.7414, and no single group constituting more

than 45 percent of the total population (this ensures that the third and fourth-ranked

groups maintain significant representation). Other POIs that do not fall into either the

low or high diversity categories are classified as POIs with moderate diversity.

Subsequently, the three levels of diversity are further categorized based on the pre-

dominant racial group. In essence, there could be 13 unique types of racial diversity and

dominance for the POIs in this study: Latino-dominated low diversity, Latino-dominated

moderate diversity, Asian-dominated low diversity, Asian-dominated moderate diversity,

Black-dominated low diversity, Black-dominated moderate diversity, White-dominated

low diversity, White-dominated moderate diversity, American Indian-dominated low di-

versity, American Indian-dominated moderate diversity, Other-dominated low diversity,

Other-dominated moderate diversity, and High diversity. Note that the High diversity

category is not further classified by a dominant racial group because, by definition, a

CBG with High diversity has no dominant racial or ethnic group. The reader may refer

to [146] for details of the classification criteria.
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4.5 Results

4.5.1 Residential racial diversity

Figure 4.2 (all the maps in this study were generated using Esri ArcGIS Pro v3.1.2

software) illustrates the spatial distribution and percentage composition of census block

groups of LA County classified by residential racial diversity and dominance using the

2018 American Community Survey. In general, the percentage composition aligns with

the racial-ethnic configuration of LA County from the census data [175], where Latinos

made up 48.64%, Whites 25.92%, Asians 14.58%, Blacks 7.76%, American Indians 0.19%,

and Other races 2.91%. Furthermore, these dominant residential racial groups are spa-

tially segregated. For example, many White-dominated CBGs (i.e. CBGs with White

low or moderate diversity) are concentrated along the coast and in suburban and remote

mountain areas. Latino-dominated CBGs are away from the coast and more prevalent in

downtown LA and its surrounding areas, as well as suburban areas to the west of Bur-

bank city and several neighborhoods in the eastern part of LA County. Black-dominated

CBGs cluster primarily in South Central Los Angeles. Asian-dominated CBGs are pre-

dominantly located in neighborhoods such as Chinatown, Koreatown, Torrance City, San

Gabriel Valley, and Rowland Heights.

4.5.2 Racial diversity in POI visits

Next, we evaluate the dynamic racial diversity at the POI level by considering the

spatiotemporal dynamics of individuals’ activities and visits to various types of places.

To ensure sufficient observations, the POI visits for the entire month of March 2019 were

aggregated and only differentiated by weekdays and weekends. The weekday dataset

consists of 34,205 unique POIs and the weekend dataset has 31,382 POIs. The difference
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Figure 4.2: Los Angeles County’s census block groups classified by residential racial
diversity and dominance based on racial-ethnic composition from the 2018 American
Community Survey.

in the number of POIs between weekdays and weekends is reasonable as certain busi-

nesses may be closed partially or completely during the weekend (e.g., banks, schools,

government offices, some restaurants, and small local businesses). After aggregating the

one-month POI visits, the weekday data contain 2,963,269 POI visit records from 242,108

distinct individuals, while the weekend data comprise 1,617,700 records from 226,710 dis-

tinct individuals. The racial diversity and dominance of POI visits are then computed

based on these two datasets separately. The unique individuals in our data are not only

from LA County but from across the entire state of California. In the next section,

we discuss the disparities when considering different populations, such as those residing

within the Greater LA region as opposed to the visitors from the entire California.

Figure 4.3 shows the spatial distribution of racial diversity and dominance types of

POI visits on weekdays and weekends. Table 4.1 summarizes the percentage composi-

tion of POI racial diversity types during weekdays and weekends. On both weekdays
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(a) Weekday

(b) Weekend

San Gabriel Valley

Rowland HeightsSouth Central LA

Downtown LA

Burbank

Figure 4.3: Spatial distribution of racial diversity and dominance categories of POI
visits on (a) weekdays and (b) weekends in Los Angeles County based on visitors’ home
CBGs and mobile phone location data collected in March 2019. The map cropped out
the northern suburban and less densely populated areas with fewer POIs, to better
display the distribution of POIs in the main LA County areas.

and weekends, the majority of POI visits display Latino-dominated moderate diversity,

followed by White-dominated moderate diversity, High diversity, Latino-dominated low
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Table 4.1: Percentages of POI racial diversity and dominance types on weekdays and
weekends.

POI racial diversity type Weekday Weekend

Latino moderate diversity 47.11% 45.11%
White moderate diversity 23.62% 24.83%
High diversity 20.43% 19.25%
Latino low diversity 5.28% 6.55%
Asian moderate diversity 2.68% 2.88%
Black moderate diversity 0.68% 0.89%
White low diversity 0.15% 0.39%
Asian low diversity 0.03% 0.05%
Black low diversity 0.02% 0.04%

Total number of POIs 34,205(100%) 31,382(100%)

diversity, and Asian-dominated moderate diversity. Other POI categories account for

less than 1% of the total. When compared to the percentages of racial diversity types

in residential CBGs, as depicted in Figure 4.2, Latino-dominated moderate diversity and

White-dominated moderate diversity continue to be the top two types. The average

scaled entropy value is 0.66 on weekdays but slightly drops to 0.64 during the weekend.

A Mann-Whitney U test indicates a significant difference between the two values (p-

value<0.01). This implies a significantly higher level of racial diversity (i.e., lower level

of segregation) in POI visits on weekdays compared to weekends in LA County. This

finding is consistent with existing literature [149]. One plausible explanation is that on

weekends, individuals may prefer to socialize with their family and members of their own

social group, but on weekdays they might be exposed more to other groups based on

their work locations and the location and nature of their weekday activities.

The overall geographic distribution of various POI racial diversity types closely mir-

rors the residential racial diversity of the CBGs, as depicted in Figure 4.2. Presumably,

individuals of the same racial-ethnic background tend to visit similar places. Black-

dominated POIs cluster primarily in South Central Los Angeles. Latino-dominated
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POIs are distributed widely across LA County. White-dominated POIs are predomi-

nantly located in coastal areas and along major freeways. Asian-dominated POIs are

concentrated in several Asian-populated neighborhoods, such as San Gabriel Valley and

Rowland Heights. Comparing Figures 4.2 and 4.3, it is worth noting that the High di-

versity POIs display a noticeably wider geographical distribution compared to the High

diversity CBGs of LA residents. Notably, the High diversity category constitutes 8% of

the total CBGs, while there are nearly 20% High diversity POIs. These observations

suggest that individuals’ daily mobility in urban areas enhances social integration among

various racial-ethnic groups, particularly at these POIs characterized by a diverse mixing

of races and ethnicities.

Spatial clusters of racial diversity

Subsequently, we apply Local Indicators of Spatial Association (LISA) [182] analysis

(specifically Local Moran’s I) on the scaled entropy index to assess spatial segregation

in terms of the racial diversity level in POI visits. Local Moran’s I is a widely used tool

for identifying spatial concentrations of high values or low values, and spatial outliers.

In the context of our study, the outcomes of Local Moran’s I indicate four types of

significant spatial association: high-high clusters, representing POIs with high racial

diversity spatially clustered with neighboring POIs having high racial diversity; low-low

clusters, indicating POIs with low racial diversity spatially clustered with POIs with low

racial diversity; high-low clusters, indicating POIs with high racial diversity surrounded

primarily by POIs with low racial diversity; low-high clusters, denoting POIs with low

racial diversity surrounded primarily by POIs with high racial diversity. In particular,

we are interested in low-low and high-high clusters, as they may indicate the presence of

spatial isolation, segregation, and integration areas in terms of racial mixing.

Figure 4.4 depicts the spatial distribution, counts and percentages of high-high and
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low-low clusters (p-value<0.05) of racial diversity of POI visits during weekdays and

weekends, as analyzed using Local Moran’s I through Esri ArcGIS Pro v3.1.2. The

decrease in the percentage of high-high clusters from weekdays to weekends further re-

inforces our previous analysis that the average scaled entropy is lower during weekends.

The high-high clusters (shown in red) indicate places where higher levels of social integra-

tion or social mixing occurred, whereas the low-low (shown in blue) clusters may suggest

more isolated areas where only one or very few ethnic-racial groups are predominantly

present. The high-high clusters tend to be close to coastal regions, suburban areas, and

major freeways, while the low-low clusters predominantly concentrate in inland areas. In

general, there is no significant variation in the spatial segregation of high and low racial

diversity observed between weekdays and weekends.

Figure 4.4: Significant high-high clusters (in red) and low-low clusters (in blue) of
racial diversity in POI visits on (a) weekdays and (b) weekends using Local Moran’s
I (p-value<0.05).

These high-high clusters and low-low clusters are subsequently associated with their

respective racial diversity and dominance categories (see Figure 4.3). Table 4.2 sum-

marizes the POI count and percentage of each POI racial diversity type in high-high
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and low-low clusters. As expected, more than half of the POIs in high-high clusters are

intrinsically High diversity types in terms of racial mixing. The rest of the POIs at least

exhibit a moderate level of racial diversity. Within the 4,728 POIs classified into low-low

clusters, two major Latino-dominant types emerge: 3,065 (64.83%) POIs exhibit Latino

moderate diversity, and 1,552 (32.83%) POIs display Latino low diversity. In other words,

approximately one-third of the POIs in low-low clusters are primarily or, at times, almost

exclusively visited only by the Latino population. This suggests that the Latino popula-

tion tends to stay in their own communities and experience a higher level of segregation

in their daily activities. Similar to the observation on weekdays, on weekends, more than

half of the total number of POIs within high-high clusters exhibit High diversity, followed

by Latino moderate diversity, White moderate diversity, Asian moderate diversity, and

Black moderate diversity. In terms of low-low clusters on the weekend sample, Latino

moderate diversity and Latino low diversity remain the two predominant types.

Table 4.2: POI count and percentage of each POI racial diversity type in high-high
and low-low clusters.

POI racial diversity type Weekday Weekend
High-high Low-low High-high Low-low

High diversity 4,480 (62.72%) 0 3,471 (59.47%) 0
Latino moderate diversity 1,620 (22.68%) 3,065 (64.83%) 1,340 (22.96%) 2,479(57.64%)
White moderate diversity 946 (13.24%) - 906 (15.52%) -
Asian moderate diversity 77 (1.08%) - 106 (1.82%) -
Black moderate diversity 20 (0.28%) - 14 (0.24%) -
Latino low diversity 0 1,552 (32.83%) 0 1,736(40.36%)

Total number of POIs 7,143 (100%) 4,728 (100%) 5,837 (100%) 4,301 (100%)

Note: The dash indicates below 1%. Other types in low-low clusters less than 1% are also omitted
in this table.

We then associate these spatial clusters with their corresponding POI business cate-

gories to better contextualize the observed spatial segregation patterns in racial diversity.

As described in Section 4.4.1, each POI is categorized with one of the ten major business
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divisions. Table 4.3 summarizes the percentage composition of each POI business cate-

gory in high-high clusters and low-low clusters, with the total number of POIs on week-

days (34,205 POIs) and on weekends (31,382 POIs) as the denominators, respectively.

The retail trade POIs have the highest count and percentage among all high-high or low-

low clusters on weekdays and weekends. This observation is consistent with the fact that

the retail trade category stands out as the dominant one, constituting 39.63% and 41.24%

of the total POIs on weekdays and weekends, respectively. The retail trade division en-

compasses establishments involved in the sale of merchandise for personal or household

consumption, including businesses like grocery stores, eating and drinking places, home

furniture, furnishings, and equipment stores, among others. Overall, we observe a lower

count of POIs for each POI business type in high-high or low-low clusters during week-

ends compared to weekdays. This could be attributed to a reduced number of businesses

operating during the weekends. Furthermore, the percentage changes in low-low clusters

between weekdays and weekends are comparatively smaller than the percentage changes

in high-high clusters. This observation may indicate that low-low clusters, corresponding

to racially isolated areas, tend to exhibit greater stability between weekday and weekend

activities, whereas high-high clusters, representative of racially diverse areas, can demon-

strate a higher spatial variation in their activities between weekdays and weekends.

Time of day variation in racial diversity in POI visits

Three types of businesses (according to SIC codes) frequently visited in people’s

daily lives which may provide opportunities for social interaction are selected to provide

additional context for understanding the time-of-day variation in racial diversity and

social mixing. The box plots in Figure 4.5 indicate the time of day variation of the scaled

entropy index of eating places7 (in total 8,734 POIs), grocery stores (1,704 POIs), and

7See the definition of eating places: https://www.osha.gov/sic-manual/5812
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Table 4.3: POI count and percentage of each POI business category in high-high and
low-low clusters.

POI business category Weekday Weekend
High-high Low-low High-high Low-low

Retail trade 2,933(8.58%) 1,924(5.63%) 2,523(8.04%) 1,822(5.81%)
Finance, insurance and real estate 1,178(3.44%) 861(2.52%) 912(2.91%) 777(2.48%)
Manufacturing 990(2.89%) 467(1.37%) 842(2.68%) 419(1.34%)
Transportation and public utilities 844(2.47%) 598(1.75%) 600(1.91%) 545(1.74%)
Services 697(2.04%) 537(1.57%) 567(1.81%) 465(1.48%)
Agriculture, forestry and fishing 493(1.44%) 331(0.97%) 389(1.24%) 262(0.83%)
Public administration 7(0.02%) 10(0.03%) 3(0.01%) 10(0.03%)

Total number of POIs 34,205(100%) 34,205(100%) 31,382(100%) 31,382(100%)

Note: POI business categories less than 0.01% are omitted in this table, such as Mining and Con-
struction.

physical fitness facilities (798 POIs) in LA County on weekdays in March 2019. These

POIs are grouped according to the residential racial diversity type of the CBG in which

the POI is situated. Several groups with less than ten POIs are excluded from this

figure. The box plots to the left of the vertical dashed line illustrate the distribution of

residential racial diversity. This can be considered a default diversity level for each POI

without considering people’s daily activities. The box plots labeled ‘Morning’, ‘Noon’,

‘Afternoon’, and ‘Evening’ illustrate the distribution of the scaled entropy index for the

same groups as in the ‘Default’ group. The Mann-Whitney U test results confirm that

all changes in morning, noon, afternoon, and evening compared to the default entropy

values are statistically significant (p-value<0.05).

At the start of the day, we can observe a substantial rise in the racial diversity

level of the three selected types of POIs located in low diversity CBGs, including those

dominated by Black, Asian, Latino, and White populations. For eating places, on average

the Black-dominated low diversity group increases from 0.33 (default value) to 0.59 (daily

average of the four values of morning, noon, afternoon, and evening), Asian-dominated

low diversity increases from 0.33 to 0.62, Latino-dominated low diversity increases from
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Figure 4.5: Time of day variation in the scaled entropy index for visits to (a) eating
places, (b) grocery stores, and (c) physical fitness facilities in LA County on weekdays
in March 2019, grouped by POI’s residential racial diversity and dominance type.
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0.21 to 0.48, and White-dominated low diversity increases from 0.29 to 0.66. This suggests

that despite these eating places being situated in areas with low diversity, daily mobility

and activities of individuals contribute to more racial mixing and social integration. Note

that the rise of the scaled entropy index in the Latino-dominated low diversity group is

the most modest among the four groups. Presumably, Latino-dominated low diversity

areas are more preferred by the Latino population. The increase in the White-dominated

low diversity group is the biggest which may suggest that restaurants operating in White-

dominated low diversity areas attract the most racially diverse population.

The increase in racial diversity levels in visits to grocery stores is relatively smaller

than the increase observed in restaurants. This is logical since individuals usually tend

to visit grocery stores near their residences. Specifically, within the low diversity groups

of POIs dominated by Latino and White populations, we observe the following changes:

the Latino-dominated low diversity group increases from 0.22 to 0.42, and the White-

dominated low diversity group increases from 0.3 to 0.63. Similar to the observations in

restaurants, the increase in racial diversity level in visits to grocery stores of the Latino-

dominated low diversity group is the smallest among all POI groups. Presumably, grocery

stores near Latino neighborhoods are more attractive to the Latino population. Grocery

stores in the White-dominated low diversity group also display the biggest increase in

racial diversity levels. These grocery stores in White-dominated low diversity areas might

not have the same racial specificity as those in Latino-dominated low diversity areas, such

as Mexican-specific grocery stores.

In terms of physical fitness facilities, we observe an increase from 0.22 to 0.5 in the

Latino-dominated low diversity group, and the White-dominated low diversity group

from 0.3 to 0.61. The rise in the racial diversity level in visits to physical fitness facilities

in the Latino-dominated low diversity group is nearly the same as the increase observed

in restaurants and surpasses the increase in grocery stores. This makes sense as physical
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fitness facilities typically have no racial specificity, and individuals may choose gyms

that are not necessarily close to their homes but can be situated near their workplaces,

for instance. In addition, the values of scaled entropy in the Latino-dominated low

diversity group exhibit the widest distribution (i.e., high variance) in comparison to all

other POI groups. This may suggest that some gyms (e.g., especially POIs within the

first quartile of the box plot) located in Latino-dominated neighborhoods attract mostly

Latino customers.

The scaled entropy index peaks at noon or afternoon compared to morning and

evening as depicted in Figure 4.5. Specifically, for all eating places, the overall scaled

entropy reaches 0.66 during noon hours and 0.65 during afternoon hours, both of which

surpass the entropy values during mornings (0.63) and evenings (0.64). Similarly, for

all grocery stores, the overall scaled entropy is 0.65 during noons and 0.644 during af-

ternoons, both of which exceed the values noted during mornings (0.63) and evenings

(0.642). In the case of all physical fitness facilities, the overall scaled entropy stands at

0.67 for both noons and afternoons, which is higher than the values seen during mornings

(0.66) and evenings (0.66). This pattern is likely because noontime and afternoon are

typically the busiest times of the day when people frequently visit restaurants, grocery

stores, and gyms, leading to increased social interactions among individuals from diverse

racial groups.

Furthermore, among the four moderate diversity groups, the entropy value, in general,

also increases from its default value derived from residential racial diversity. Nevertheless,

these increases are relatively smaller compared to the four low diversity groups. A no-

ticeable declination is observed in the High diversity group: for eating places, the scaled

entropy decreases from 0.8 to 0.72; for grocery stores, it drops from 0.79 to 0.73; and for

physical fitness facilities, it decreases from 0.79 to 0.72. This outcome is unsurprising,

given that the initial entropy value for the High diversity group is already exceptionally

138



Spatiotemporal Dynamics of Racial-ethnic Diversity and Segregation: Insights from Mobile Phone
Data Chapter 4

high, and it remained notably high across all four periods.

4.5.3 Comparison between the Greater LA and the entire Cal-

ifornia

Previous analyses of racial diversity in POI visits focused on individuals from across

the entire state of California, including those residing in LA County, who visited POIs in

LA County. It’s reasonable to assume that individuals who live close to LA County may

have a more significant impact on the dynamics of racial diversity in POI visits in LA

County compared to individuals residing elsewhere in California. Building upon this in-

sight, this section explores the disparities in racial diversity when examining populations

within the Greater Los Angeles region as opposed to visitors from the entire California.

We examine the Greater LA region rather than solely LA County because it is common

in California, especially among residents in the Greater LA region, to commute from

neighboring counties to LA County for work or other purposes. The Greater Los Angeles

region encompasses Ventura County in the west, extending to San Bernardino County

and Riverside County in the east, with Los Angeles County at its center, Kern County

in the north, and Orange County to the south. By focusing on individuals whose home

locations are situated in the Greater LA region, the new weekday dataset comprises

2,907,007 POI visit records (34,172 unique POIs) from 226,170 unique individuals, while

the weekend dataset consists of 1,569,466 POI visit records (31,315 unique POIs) from

210,377 unique individuals.

Table 4.4 summarizes the descriptive statistics and Mann-Whitney U test results

for the scaled entropy index of the Greater LA sample and the entire California sample.

This comparison is made for weekdays and weekends across four distinct periods. We also

break down the analysis by more than 160 POI categories according to SIC code instead
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of using all POIs in the significant tests; however, no significant differences were found

for any POI category. As indicated in the table, the racial diversity of POI visits tends to

be lower during weekends compared to weekdays. Specifically, weekend mornings exhibit

the lowest diversity level, followed by weekend evenings, weekend noons, and weekend

afternoons. On weekdays, the lowest diversity level is observed during the evenings,

followed by mornings, afternoons, and noons. The overall scaled entropy index suggests

a decrease of 0.001 to 0.003 when only considering the Greater LA sample. The scaled

entropy index for all periods on weekends, as observed in the Greater LA sample, exhibits

a significant decrease compared to the entire California sample. However, no significant

differences are observed during weekdays. These findings suggest that individuals from

regions outside the Greater LA areas in California contribute positively to racial diversity

observed in POI visits or social integration in LA County during weekends. Presumably,

individuals visiting from outside Greater LA during weekends are often tourists, and they

are likely to come from more diverse racial and ethnic backgrounds.

Table 4.4: Descriptive statistics and Mann-Whitney U test results for the scaled
entropy index of the Greater LA sample and the entire California sample.

Period The Greater LA California Difference

POI count Mean SD POI count Mean SD

Weekday morning 29,502 0.626 0.15 29,584 0.627 0.149 -0.001
Weekday noon 31,831 0.645 0.136 31,891 0.647 0.135 -0.002
Weekday afternoon 32,600 0.642 0.139 32,655 0.643 0.138 -0.001
Weekday evening 27,220 0.625 0.152 27,275 0.626 0.152 -0.001
Weekend morning 23,888 0.603 0.165 24,051 0.606 0.164 -0.003*
Weekend noon 28,287 0.626 0.152 28,393 0.628 0.151 -0.002**
Weekend afternoon 28,330 0.629 0.149 28,416 0.631 0.148 -0.002*
Weekend evening 22,178 0.614 0.159 22,288 0.616 0.158 -0.002*

Note: *p <0.1; **p <0.05.
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4.6 Discussion and Future Directions

This study introduces a novel approach for assessing dynamic racial diversity in Point

of Interest (POI) visits, building upon the traditional residential-based racial diversity

framework. Leveraging one-month privacy-enhanced mobile phone location data col-

lected in Los Angeles County, this study explores the racial diversity and spatial segre-

gation in POI visits in LA County.

Empirical results from LA County show a significantly higher level of racial diversity

in POI visits during weekdays compared to weekends. The outcomes suggest a notable

spatial segregation in the racial diversity and dominance in POI visits within LA County.

The overall geographic distribution of various POI racial diversity types closely mirrors

the patterns of residential racial diversity. This suggests that individuals of the same

racial-ethnic background tend to visit similar places. Notably, POIs classified under the

High diversity category exhibit a more extensive geographic presence when compared to

High diversity Census Block Groups (CBGs). This observation suggests that individu-

als’ daily mobility in urban areas enhances social integration among various racial-ethnic

groups, particularly at these POIs characterized by a diverse mixing of races and eth-

nicities. While the analysis reported here is based on visit counts, we also considered

the duration of individual activity spent at each POI. However, no significant differences

were observed.

A LISA analysis suggests significant high-high and low-low clusters in POI’s racial

diversity. The outcomes reveal that the high-high clusters tend to be close to coastal

regions, suburban areas, and major freeways, while the low-low clusters predominantly

concentrate in inland areas. Approximately one-third of the POIs in low-low clusters

are primarily or, at times, almost exclusively visited only by the Latino population.

This suggests that the Latino population tends to stay in their own communities and
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experience a higher level of segregation in their daily activities. By associating spatial

clusters with unique POI types, we find that low-low clusters, corresponding to racially

isolated areas, tend to exhibit greater stability between weekday and weekend activities,

whereas high-high clusters, representative of racially diverse areas, can demonstrate a

higher spatial variation in their activities between weekdays and weekends. Furthermore,

POIs located in areas with low diversity experience a substantial increase in diversity

levels during the day, especially around noon and afternoon. This observation aligns

with the reality that noontime and afternoon are typically the busiest times when people

often visit restaurants and various stores, leading to increased social interactions among

diverse racial groups. Lastly, a comparison between visitors from the Greater LA region

and the entire state of California identifies a significant decrease in racial diversity in

POI visits on weekends when focusing solely on the Greater LA sample. This implies

that individuals from outside the Greater LA region in California have a positive impact

on the racial diversity observed in visits to POIs on weekends in LA County.

Several limitations need further investigation. A limitation of the mobile phone data

is that it may not accurately represent the actual population, and also we cannot discern

the purpose of visits or the types of social interactions. For example, the visits do not

represent whether they involve strangers co-locating randomly in these places without

socially interacting or friends catching up. Hence, the racial diversity metrics computed

in our study should be regarded as a proxy for all meaningful social interactions and as

an upper limit for experienced racial diversity. Second, our current focus is primarily

on investigating the dynamics of racial diversity within urban areas. Nevertheless, it is

important to acknowledge that racial and ethnic relations can differ significantly across

various socio-geographical spaces [183]. Future studies may explore the disparities in

racial diversity among various urban settings in different locations and incorporate peo-

ple’s socioeconomic characteristics and built environment to provide further insights into
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the segregation patterns in terms of racial diversity in people’s daily destination choice

[184].
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Conclusions and Future Work

In this chapter, I articulate the main contributions of this research and respond to the

three proposed research questions of this dissertation. This is followed by a discussion of

the limitations of this dissertation and plans for future research endeavors.

5.1 Research Contributions

The main contribution of this dissertation is the advancement of computational meth-

ods for quantifying and identifying spatiotemporal patterns of human daily activities

and interactions, using both conventional travel diaries and massive movement data of

individuals. This dissertation also contributes significant new insights into understand-

ing human activity and interaction patterns in various socio-geographical spaces, such

as the heterogeneity in daily activity-travel patterns between two occupational groups

including telecommuters and commuters, the differences between intra-household and

inter-household interactions identified from massive continuous and long-term movement

data, and social mixing and segregation among multiple social groups in a metropolitan

area. These insights are further summarized in my response to each research question in
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Section 5.2. Below, I outline each specific contribution made in this dissertation.

A novel joint pattern recognition method for daily activity-travel pattern

analysis. Characterizing multi-faceted human daily behaviors is also known as the

challenge of the “curse of dimensionality” in travel behavior studies [185]. To tackle this

challenge, Chapter 2 proposes a new joint pattern recognition method that combines net-

work motif-based analysis with activity sequence analysis. The combination of building

a taxonomy of daily mobility patterns using the concept of motif with the taxonomy of

minute-by-minute daily time allocation patterns derived from sequence analysis enables

the study of interdependency in space and time of multiple facets of behavior that are

fundamental in building activity-based models without imposing a priori behavioral as-

sumptions. This method can be used directly in simplifying modeling and simulation of

daily activity schedules by decreasing the number of possible combinations of the many

variables used in activity microsimulation. The proposed method can also be used to

compare daily patterns across diverse cultures and under different policies [186]. For

example, exploring the destination choice and activity duration in different motif and

time allocation patterns can be correlated with land use types. This enables us to infer

the shifts in destination choice and time allocation changes under different scenarios of

land use, supporting the investigation of land use dynamics in urban areas.

A new time-geographic approach to trace interactions between moving

individuals using movement data. Recent advancements have utilized time ge-

ography or PPA intersections to identify potential concurrent or delayed interactions

between moving individuals based on their movement data [47, 48, 49, 50]. However,

current methodologies fall short in their ability to quantify the duration of dynamic in-

teractions and/or the frequency of contact between moving individuals, crucial factors for

distinguishing different types of human interactions. To fill this gap, Chapter 3 extends
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existing time-geographic-based interaction analytics to incorporate the quantification of

the duration or frequency of interaction between moving individuals using movement

data. The proposed method extracts subsequences of continuous interaction segments to

estimate the duration of interaction, considering the temporal order or sequential order

of the intersecting PPAs.

A theoretical contribution to conceptualizing taxonomy of human interac-

tions using movement data. While current approaches have advanced the capability

to identify and trace patterns of interaction in movement tracking data, the definitions

and classifications of interaction between moving individuals remain isolated. Existing

classifications for interaction analysis fall short of fully capturing the spatiotemporal

properties of human interaction or reflecting the duration and nature of interactions

[50, 112, 172], critical information for quantifying and contextualizing human interac-

tion. To address this challenge, Chapter 3 introduces a novel classification framework

for dynamic human interaction patterns observed from movement data. In this proposed

framework, interaction between moving individuals is categorized into three types based

on both the time it occurs and its duration: encounter (brief duration), concurrent in-

teraction (long duration), and delayed interaction. An empirical analysis of interactions

among 986 people using their movement tracking data demonstrates the efficacy of this

classification framework in capturing these three types of human interactions.

An open-source Python package ORTEGA v1.0 for time-geographic-based

interaction analysis using movement data and contextual variables. While

there is an exciting growth in research in computational methods for interaction analysis

using movement data, there remain challenges regarding reproducibility and replicability

of the existing approaches. The existing movement interaction analysis tools are often

designed for the dyadic interaction of animals (i.e., a pair of moving animals) [187].
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They are less accessible or tested for broader use in applications for human interac-

tion of multiple individuals. To fill this gap, this dissertation presents ORTEGA v1.0,

an Object-oRiented TimE-Geographic Analytical approach, as an open-source Python

package for analyzing potential interactions between a pair or multiple moving entities

based on the observation of their movement. The ORTEGA v1.0 package contributes

two significant capabilities: 1) the functions to identify potential interactions (e.g., brief

encounters, concurrent interactions, delayed interactions) from movement data of two

or more entities using a time-geographic-based approach; and 2) the capacity to com-

pute attributes of potential interaction events including start time, end time, interaction

duration, and difference in movement parameters such as speed and moving direction,

and also contextualize the identified potential interaction events. To the best of my

knowledge, the present ORTEGA is the first open-source Python package that offers a

time-geographic-based interaction analytical tool.

A dynamic place-based measure for the diversity of interaction at activity

locations between diverse social groups. A widely used measure for assessing

diversity such as racial-ethnic diversity in Chapter 4 is the scaled entropy index, which

is commonly used to study residential segregation [177, 178, 146]. I extend the scaled

entropy index to assess place-based racial diversity at the POI level, accounting for

the spatiotemporal dynamics of individuals’ daily activities and their visits to these

locations. The methodology can be applied at the finest spatial scale, specifically at the

POI level, and within various temporal contexts such as time of the day, day of the week,

weekday versus weekend, etc. While the case study in this dissertation focused on racial-

ethnic diversity, this approach can be extended to comprehend dynamic interactions and

the underlying socioeconomic activities among moving individuals across diverse social

contexts, such as various age groups, different income levels, and comparisons between
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new immigrants and local residents, among others.

5.2 Discussions

This dissertation delves into important questions to understand heterogeneity in peo-

ple’s daily activity-travel patterns and interactions across different socio-geographical

spaces. To conclude how I achieve this goal, I revisit my three initial research questions

below by summarizing key findings and discussing their implications for each research

question.

Research Question 1: Are there significant differences in daily activity-travel pat-

terns between different occupational groups, such as telecommuters and commuters?

In response to RQ 1, first, approximately 20% of the telecommuters stay at home

all day during a workday, while only 8% of the commuters do the same. For those

who at least make one trip on workdays, around 2% of telecommuters present motif 1

pattern characterized by a single location-based loop trips pattern (mostly are taking a

walk around home), while very few commuters (less than 1%) use this motif pattern. In

addition, telecommuters have by far greater variety in their motifs with more complex

tour formation and a distinct time of day allocation to activities and travel from the

commuters. Commuters show a substantial proportion in routine morning and afternoon

peaks of arriving at and departing from work. Telecommuters do not perform work tasks

only from home. Instead, during the day they travel to a variety of locations to visit

customers and/or use their spatiotemporal flexibility to perform work tasks anywhere

they want. In contrast, more than 80% of commuters perform work at their workplace.

Recall that in Chapter 1, I discussed that travel behavior researchers are interested

in understanding the group decision-making process regarding how people allocate time

to themselves and others in activity and travel. For instance, [101] studied the intra-
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household interactions of dual-earning household members and found a very strong as-

sociation between telecommuting frequency and time allocation. With the proposed ap-

proach, I explored these associations without imposing the strong assumptions required in

regression-like statistical models. In Chapter 2, I conducted an intra-household analysis

to understand the combinations of telecommuters and commuters within dual-earner and

three-earner households, as well as how a household member’s daily activities and travel

can influence other household members’ activities and travel on the same day. The results

show that two commuters is the most popular combination in dual-earner households;

likewise, three commuters is the dominant combination for three-earner households. The

second most popular combinations for dual-earner and three-earner households are com-

binations that have one telecommuter plus one commuter for dual-earner households and

one telecommuter plus two commuters. I found that 54.67% of telecommuters are women

while 44.68% of commuters are women in dual-earner households, which demonstrates

that a higher percentage of women are more likely to be telecommuters in dual-earner

households. The combination of daily time-of-day patterns of activities and travel for the

one telecommute plus one commuter households shows that given a household member

works as a commuter, the other household member working as a telecommuter has much

more diversity in daily time-of-day patterns and takes on more household responsibilities

such as escorting kids to school, grocery shopping, and so forth. This also reflects the

substitution characteristics in van Wissen’s classification of intra-household interactions

[29].

Research Question 2: What can long-term movement data reveal about dynamic

interactions between individuals?

In this study, interactions identified through movement observations suggest potential

contact, though such contact does not necessarily imply physical or social interaction.
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However, it may present opportunities for potential social interaction. In response to RQ

2, I developed a new time geographic approach extending the existing Object-oRiented

TimE-Geographic Analytical approach (“ORTEGA” herein), initially introduced in [50],

to analyze potential interactions between pairs of moving individuals based on the long-

term observation of their movement. The novelty of the proposed approach lies in its

incorporation of the capability to measure the duration and frequency of interactions.

This is achieved by considering the spatiotemporal continuity properties of intersect-

ing PPAs between moving individuals along their movement paths. By considering the

duration, distinctions can be made between various types of interactions, such as brief

encounters on the street and long-duration interactions when individuals travel together

or share the same space. The proposed method was contrasted with the traditional

proximity-based approach (which relies on the intersection of buffers of two individu-

als along their movement paths) in the experiment, aiming to compare its efficacy in

identifying and quantifying different types of interactions.

Specifically, I utilized the travel diaries of the same participants to validate the intra-

household interactions identified from GPS tracking data because individuals might travel

together if they report common trips in their travel diaries. The findings illustrate that

ORTEGA can provide a reasonably accurate estimation of the duration of intra-household

interactions. However, the proximity-based approach underestimates potential interac-

tions, which may result in more intermittent interactions with shorter durations. In

terms of the impact of the temporal scale of movement data on interaction analysis, I

found that the proposed ORTEGA and the proximity-based can identify very closely

the number of intra-household interactions and the numbers remain stable along with

the increasing sampling intervals. ORTEGA can also identify substantially more inter-

household interactions while the the proximity-based approach almost failed to capture

any. Presumably, people living in the same household are more likely to travel together
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during the day [21], which increases the chance of physical contact with each other. Even

when the sampling interval is increased, these people are still very likely to be tracked

simultaneously when they engage in the same activity or travel together. In contrast,

people from different households are less likely to travel together and their physical in-

teractions are often unintentional (e.g., two strangers pass by each other on the street)

and asynchronous (e.g., two persons visit the same grocery store at different times). The

proximity-based approach is less effective in this situation because it requires synchronous

tracking and a predefined distance buffer to determine if two moving entities come close

to each other. However, ORTEGA does not have such constraints as it is based on the

actual locations accessible to people, their time budget, and speed capacities.

As mentioned in Chapter 1, conventional travel surveys typically face limitations in

terms of sample size and observation period due to the high costs associated with data

collection. The ability of ORTEGA to capture the characteristics of various interper-

sonal interactions from movement data, especially inter-household interactions, presents

a promising avenue to supplement travel surveys. This opens the door for future investi-

gations into the decision-making process when individuals allocate time to activities and

travel in the company of household members and individuals from different households.

Research Question 3: To what degree can the analysis of individual movement

data contribute to our understanding of collective behaviors between communities, such

as social mixing and segregation between diverse groups?

In exploring RQ 1, I have examined the spatiotemporal variations in the daily activity-

travel patterns of different occupational groups, namely telecommuters and commuters.

In addressing RQ 2, I elucidated the distinct characteristics of intra-household and inter-

household interactions that occurred along movement paths or activity spaces of moving

individuals. The investigation of RQ 3 centered on understanding human daily activities
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and interactions in a broader socio-geographical space, particularly social mixing and

segregation among multiple social groups in a metropolitan area. This is also relevant

to the discussion of the representativeness of movement data and the generalizability of

movement research [188, 189, 190, 191]. Below, I summarize the key findings in response

to RQ 3 and engage in a discussion on the representativeness and generalizability of

movement research.

In response to RQ 3, Chapter 4 developed a dynamic place-based measure of the

diversity in human interactions among different social groups at the POI level and various

temporal contexts. Leveraging one month of privacy-enhanced mobile phone location

data of 283,556 anonymized individuals collected in Los Angeles County along with the

POI data, the conducted case study explores the racial diversity and spatial segregation

simultaneously in people’s daily interactions at various types of places. Empirical results

indicate a significantly higher level of racial diversity in POI visits during weekdays

compared to weekends. The findings confirm that individuals’ daily mobility in urban

areas enhances social integration among various racial-ethnic groups. The outcomes also

suggest significant spatial clusters of isolated and integrated areas regarding racial mixing

in people’s everyday activities. For instance, the Latino population tends to stay in their

own communities and experience a higher level of segregation in their daily activities.

Places with higher levels of social integration or social mixing tend to be close to coastal

regions (e.g., tourist areas) and along major freeways (e.g., commercial areas).

Movement data, such as individual traces collected from mobile phones, represent

smaller subsets of the user population [190]. Consequently, this limitation may fur-

ther restrict the generalizability of conclusions drawn from the analysis of such data

[188, 189, 190, 191]. In addition, new location-aware technologies are generating abun-

dant data, but these data points often lack detailed attribution [11]. This poses the

challenge of identifying who these moving individuals are (e.g., sociodemographic char-
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acteristics), and what actual activities they are participating in (i.e., activity type or

trip purpose). Ultimately, it constrains the ability to comprehend the underlying so-

cioeconomic activities or environments through the analysis of human movement and

interaction [192, 193]. This dissertation has, in part, tackled these challenges and allevi-

ated bias in mobile phone data through three approaches: (1) Utilizing census data (i.e.,

American Community Survey) at the Census Block Group (CBG) level to infer individ-

ual demographic characteristics, such as race-ethnic type, based on the census of their

residential CBG. (2) A post-stratification technique to address potential sampling bias

issues in mobile phone location data. Specifically, each individual’s POI visit count was

weighted by an expansion factor which is the ratio of the population of their home CBG

to the number of individuals observed in the same CBG from the mobile phone data.

(3) Inferring individual activity types according to visits to POI, and the POI business

categories and open hours. The outcomes as I summarized above demonstrate the ca-

pability of utilizing passive and massive mobile phone traces to capture intricate human

interactions, particularly in understanding how different social groups engage with one

another on a large metropolitan scale.

5.3 Limitations and Future Works

In this section, I discuss several limitations inherent in this dissertation and propose

potential avenues for future research that could improve this dissertation.

Ground truth and validation for interaction analysis. Deciphering the purpose

of visits or the nature of social interactions can be exceptionally challenging when re-

lying on movement data [193], such as the GPS tracking data utilized in Chapter 3,

or mobile phone traces as discussed in Chapter 4. For example, the POI visits do not

represent whether they involve strangers co-locating randomly in these places without
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socially interacting or friends catching up. Hence, the interaction analysis in this disser-

tation should be regarded as an upper limit for all possible human interactions. To tackle

this challenge, future research could leverage multidimensional contextual data such as

regional household travel surveys to validate the analytical outcomes derived from these

massive movement data [194, 195]. A regional household travel survey gathers detailed

self-reported information including locations visited and transportation modes used for

each trip. One example is the validation of intra-household interactions (derived from

ORTEGA) in Chapter 3 using CHTS survey data. However, it is challenging to validate

inter-household interactions, such as between strangers, using household travel surveys.

In addition to its role as a validation dataset, it may be more reliable to generate in-

clusive conclusions based on comparing the spatial and temporal patterns resulting from

multidimensional contextual data and massive movement data. Travel surveys can also

be integrated into models for imputing trip purposes, thereby addressing missing values

within the extensive movement data such as mobile phone traces [196]. In a word, mul-

tidimensional contextual data sets can be used not only for validation purposes but also

as valuable complements in refining models and enriching analyses based on large-scale

movement data.

Limitations of time geography assumptions for interaction analysis. Even

though using the time-geography framework was confirmed to be a more robust way to

identify interactions between moving individuals, several limitations remain open prob-

lems. First, the assumption that potential concurrent interactions between two individ-

uals can occur when their PPAs intersect or overlap spatially and temporally might be

problematic. Human movement is confined to many factors such as the physical environ-

ment (e.g., transportation network, road network, transit routes), individual capabilities,

etc. It is important to incorporate the physical environment, individual characteristics,
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and individual perception of accessibility when measuring the accessible locations for

moving individuals [197]. For example, a possible extension of the current interaction

analysis techniques may be to consider using network-based potential path areas to more

accurately depict the accessible area to moving individuals [198, 199]. Second, the current

approaches are limited to deterministic design which means the algorithms can only iden-

tify whether or not a potential interaction is possible between mobile individuals. Future

efforts should focus on developing probabilistic approaches that can not only identify po-

tential interactions but also present the probability of interactions during the movement

across the potential path areas [115, 116, 117, 118]. For instance, Context-Aware Move-

ment Analysis (CAMA) might be a promising approach to this goal [200, 201, 202, 203].

This idea originates from the movement ecology community. The goal is to integrate

auxiliary contextual data in the modeling of animal movement to understand their re-

sponses to environmental conditions or disruptions [201]. For example, by incorporating

movement parameters and contextual variables such as step length, displacement from

contact, and percentage of forest cover, [108] inferred behavioral changes of white-tailed

deer before, during, and after contact with mock hunters. However, the idea has not

been fully incorporated into human movement analysis literature.

Sampling bias in mobile phone location data. This dissertation uses mobile phone

traces to explore racial diversity and spatial segregation in people’s daily visits to various

places (see Chapter 4). Massive and passive movement data such as cell phone traces

typically provide relatively precise locations in terms of activities and movement paths

during travel. However, a drawback of mobile phone data lies in its potential sampling

bias, as it may not accurately represent the entire population [189]. Given smartphones

are available nowadays to the majority of the population, the new passive data collection

is biased towards the younger group as they are more likely to be familiar with new tech-
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nologies. To address these limitations, future analyses could explore the integration of

both survey data and digital trace data [204]. This approach may create synthetic popu-

lations that offer a more accurate representation of the overall population, acknowledging

and mitigating potential biases associated with relying solely on mobile phone data. An

alternative method involves scrutinizing and quantifying sampling bias in mobile phone

data through a comparison with the demographic configuration outlined in the census

population. Furthermore, future research should take into account the inclusiveness issue

of this type of big data [205]. Existing big data collections often exclude individuals from

economically disadvantaged backgrounds, social minority groups, or marginalized popu-

lations (e.g., homeless individuals without cell phones) [190]. This exclusion may have

negative implications or biases for economic opportunities, social mobility, and various

inferences derived from the analysis of the big data. In some cases, it could even lead

to reinforcing and exacerbating existing problems [190]. Future research leveraging big

data such as mobile phone traces should consider empathy and equity issues during data

collection as well as when making inferences [205].

Uncertainty in movement data. Global navigation satellite systems, such as the

Global Positioning System (GPS), have supported ubiquitous sensors for collecting the

movement of objects in geographical space, typically recorded as trajectories. Despite

the unprecedented accuracy in global positioning provided by satellite navigation, GPS

trajectories are susceptible to positional uncertainty or errors [206, 207]. Two main types

of errors inherent in movement data are measurement error and interpolation error [206].

Measurement error arises from the inherent limitation in determining the actual position

of an object by the measurement system. Interpolation error refers to the limitation in

representing the actual motion between two sampled points, influenced by the sampling

rate. Both types of errors are present in trajectories recorded with GPS, and they prop-
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agate through further computational analyses [208, 209]. In my specific case, the impact

of uncertainty in the original GPS positions can propagate through movement parame-

ter computation (e.g., speed, movement direction, time budget), a fundamental step for

constructing PPAs, and subsequently, causing inaccurate inferences by sophisticated in-

teraction analysis presented in Chapter 3 (e.g., duration analysis, differentiating between

brief duration encounters and long duration concurrent interactions). These errors may

also affect the analysis of racial diversity in Chapter 4, introducing uncertainties in the

estimation of individuals’ activity locations. Consequently, this may lead to problem-

atic inferences about interactions between social groups. In my future research, I aim

to evaluate the influence of positional uncertainty in human movement data on interac-

tion analysis. Specifically, one possible approach is to explore the existence of spatial

autocorrelation in GPS measurement errors within the datasets.
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Appendix A

A.1 Determining the optimal number of clusters for

motif groups

The silhouette graphs suggest the best solution concerning dissimilarity among clus-

ters is the 2-cluster solution with the highest average silhouette coefficient for all three

motif groups. However, selecting 4 clusters yields very small WSS and may not be worth

selecting a solution with more than 4 clusters. These two indicators show that 2 or 4

clusters would be an optimal solution. Selection then between 2 and 4 clusters is left to

the researcher using behavioral interpretation of the patterns produced by the 2-cluster

and 4-cluster solutions. By comparing the time allocation patterns produced by the 2-

cluster and 4-cluster solutions, we finally chose 4 clusters as the optimal solution because

it could identify more distinct activity sequence patterns, for example, the Mostly Out of

Home Day and Long Work from Home Day patterns. In contrast, the 2-cluster solution

cannot (see Figures A.1 and A.2).

158



Figure A.1: Silhouette and WSS elbow methods for motifs Groups T.III, T.IV, and T.V.
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Figure A.2: Silhouette and WSS elbow methods for motifs Groups C.II, C.III, C.IV,
and C.V.The two indicators show that 2, 4, or 5 clusters would be an optimal solution.
By comparing the time allocation patterns produced by the 2-cluster, 4-cluster, and
5-cluster solutions, we finally adopt the 4-cluster solution for Groups C.II and C.V,
and the 5-cluster solution for Groups C.III and C.IV.
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F. Pivetta, J. Saramäki, S. V. Scarpino, M. Tizzoni, S. Verhulst, and P. Vinck,
Mobile phone data for informing public health actions across the COVID-19
pandemic life cycle, Science Advances 6 (June, 2020) eabc0764.
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