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EXPLORING TEMPORAL AND SPATIAL VARYING IMPACTS ON

COMMUTE TRIP CHANGE DUE TO COVID-19

by

Saeed Saleh Namadi

Thesis submitted to the Faculty of the Graduate School of the
University of Maryland, College Park, in partial fulfillment
of the requirements for the degree of
Master of Science

2023

Advisory Committee:
Professor Deb Niemeier, Chair
Professor Paul Schonfeld

Professor Xianfeng Yang



© Copyright by
Saeed Saleh Namadi

2023



Dedication

To my beloved grandmother and aunt, Ozra and Sima. Even though we've been apart

for two years, their love and support always fill my heart.



Acknowledgements

First and foremost, | wish to acknowledge my deepest gratitude to my esteemed
advisor, Prof. Deb Niemeier, for her unwavering support and insightful guidance. I
would also like to thank Dr. Paul Schonfeld and Dr. Xianfeng Yang for their

distinguished participation on my master's thesis committee.

| want to express my deep gratitude to Behnam. His guidance, right from the start of
this thesis, has been invaluable, and he was there for me whenever | needed him.
Furthermore, | extend my thanks to Aref; his assistance and support greatly helped

me to complete my thesis.

| want to express my heartfelt thanks to Asal. Her Constant support through every
obstacle has been a source of strength. Completing this thesis would have been far more

challenging without her by my side.

| would like to extend my heartfelt appreciation to my family as well. My beloved
parents, along with Navid and Yasaman, have been a constant source of support and

guidance throughout not just my university journey, but long before it even began.



Table of Contents

DEICALION ...ttt i
ACKNOWIBAGEMENTS......eiiieieie ettt reebe e e nreas iii
Table OF CONENES ..o e Y%
LASE OF TADIES ... vii
S ) T U= USSR viii
LiSt OF ADDIEVIALIONS ......oviiiiiciiitees e IX
Chapter 1: INtrOAUCTION ......c.eeieiic et 1
IO R = 7= Tod (o (11 o SO OS PP 1
1.2 ReSEarch ODJECTIVE .......ccoviiiiiieiiesies e 3
1.3 Research CONtribULION .........cccoiiiiiiiiiiee s 3
1.3.1 Uniqueness Of the data...........ccoereiiiiiiiincee e 4
1.3.2 NeW VariabIes. ..o 5
1.3.3 Exploring spatial correlation for trip change over time (Using GWR) ....... 6

1.4 Research Approach and OULHINE .........c.cooiiiiiiiiieee s 6
Chapter 2: LItErature REVIEW..........ooiiiiiiiiiiieieee et 7
2.1 Impact of COVID-19 on Travel Patterns...........ccccoveieriniiiciceee e 7
2.1 SUIVEY DALASELS. ......eiiiiieeiiiiee ittt 9
2.3 Passively Collected Mobile Device Location Data ..........cccccevvereiveieeinnneene. 12
2.4 Approaches and MethodoIOgIES...........cviiiiiiiieii i 14
2.5 RESEAICH GAP ...ttt 16



(08 T T (T g Al D T - SR 17

3.1 Mobile Device Location data (MDLD) .........cccccveveiieeiiiieiie e 17
3.2 American Community Survey (ACS) and Other Data Sources.............cc.cuo..... 18
B 2. L ACS s 18
3.2.2 Other Data SOUICTES .......cviuiieieiirierieisie sttt 18
BB VAMADIES ... 19
Chapter 4: MethodolOgy .......cccuoviiieiiee e 25
4.1 Methodological FramewWorK............ccccoveeiieieiiecsecce e 25
4.2 OLS Regression MOEIS .........ccveiiiiiiieiice e 27
4.2.1 OLS LINEAr rEQIeSSION .....ecvveiveeteeiesteesiesieesteesteeeesteessesseesteessessnesseeseeeneens 27
4.2.2 Extended OLS — GWR Model ..o 27
4.3 Normality and Spatially Autocorrelation TeStS .........cccovvevevieeieere i 28
4.3.1 Variance INflation FACtOr ...........cccooiiiiiiiieeeee e 28
4.3.2 Getis-Ord Gi* StAtISTIC .....eveeeiieiiiieesieee e 29
4.3.3 Shapir0-WIlK TeSE.....ccueeiiiieiece e e 30
4.3.4 Anderson-Darling Normality TeSt.........cccceeveiiiieiieie e 30
4.3.5 MOTAN’S T EEST ..vviiiiiiii it 31
4.3.6 Condition NUMDEr ChECK ..........ccceiiiiiiieiiesieee e 33
Chapter 5 RESUILS .....cviiiiiie ettt e e e 34
5.1 EXplanatory MOGEL..........ccooviiiiiicc e 34
5.1.1 Pre-Post COVID-19 Analysis (March - April) .......ccccoovveviiiiciicicc, 34
5.1.2 Pre-Post COVID-19 Analysis (NOVEMDEN) ......cccvvvieiiieiie e, 38

Vv



5.1.3 Clustering into TWo JOb Categori€s........cccccvevvvrieieeriesie e 45

5.1.4 Pre-Post COVID-19 Analysis With TWO JODS .........cccevevveieiiereere s 47

5.2 spatial-analysis MOGel ...........cccoiiiiiieee s 50
5.2.1 Pre-Post COVID-19 ANaIYSIS......cccveiiiieiieie et esie e sie e 50
5.2.2 Residual Normality and Spatial Autocorrelation............ccccoevvvveveeicinenee. 52
5.2.3 Developing GWR MOdEl .........c.cccoviieiiiic e 56
Chapter 6: Conclusion and DISCUSSION .........cccueiueiiereeiieseesesiesee e eeeseesee e snee s 63
6.1 CONCIUSION ...t 63
6.2 Discussion and Future Research DIreCtions ............ccocovreieiineneiineneneinens 65
Appendix A: Mobile Device Location Data Preprocessing..........cccceevvevvevveseesneennenn 67
RETEIEINCES ...ttt 70

Vi



List of Tables

Table 1- Descriptive statistics (N = 158) ......ccciveiiiiiiiieie e 19
Table 2 - Number of trips and trip change by month..........cccccoovv i, 22
Table 3 - Trip change in March-April 2019 & 2020 ..........cccccveveivievreie e 24
Table 4 - VIF Values of Variables in March-April.........ccccccoveiiiiiiieiccece e 34
Table 5 - Linear Regression Results March-April ... 35
Table 6 - VIF values of variables in NOVEMDEr ...........ccccoeiiiiiiiiiiice e 38
Table 7 - Linear regression results NOVEMDEN ...........cccevviieieeie i 39
Table 8 - Percentage of political party votes in DMV ........c.cccevvieiievciiese e 43
Table 9 - Linear Regression Model Results in Florida (November) ...........c.ccocovvene 44
Table 10 - Jobs diviSion INt0 tWO CAtEGONIES........ccveiererierierieriesieeee e 46
Table 11 - Linear regression results March-April with categorical jobs .................... 47
Table 12 - Linear regression results November with categorical jobs........................ 48
Table 13 - Linear regression results in March-April spatial-analysis model.............. 51
Table 14 - Linear regression results in November spatial-analysis model ................. 51
Table 15 - Summary Statistics for GWR Parameter EStimates ............cccoccevvevvnenee. 59

vii



List of Figures

Figure 1 - Commute trip trend by month for 2019 and 2020...........cccccceveveveciieseennns 23
Figure 2 - Social distance indeX by State .........ccccvevviiiiieii e 24
Figure 3 - Methodological frameWOrK ............cccoveiiiiieiiieie e 26
Figure 4 - Histogram of residuals in March-April.........c.cccoooeviiiiiieie e 54
Figure 5 - Histogram of residuals in NOVEMDEX ...........cccooviiiiiiniecic e 54
Figure 6 - Spatial Distribution of Variables.............ccccvvveviiieiieesiece e 57

Figure 7 - Geographical Clusters of Counties from Getis-Ord Gi* Statistics of Trip

(08 - o o -SSR 58
Figure 8 - Diagnostic tests of the local collinearity for the GWR ..o 60
Figure 9 - Spatial Distribution of Coefficients of GWR.........c..ccceoviiciiiiciciinenns 62

viii



MDLD

GWR

POI

WHO

RPS

CDRs

LBS

DMV

ADL

OLS

RF

uTC

ACS

NIMHD

NIH

HBW

VIF

NAICS

OMB

OPM

AlCc

List of Abbreviations

Mobile Device Location Data
Geographic Weighted Regression
Point of Interest

World Health Organization
Real-Time Population Survey
Call Detail Records
Location-Based Service

District of Columbia, Maryland, Virginia
Autoregressive Distributed Lag
Ordinary Least Squares

Random Forest

Coordinated Universal Time
American Community Survey

The National Institute on Minority Health And Health
Disparities

National Institutes of Health

Home-Based Work

Variance Inflation Factor

North American Industry Classification System
Office of Management And Budget

Office of Personnel Management

Akaike Information Criterion



Chapter 1: Introduction

1.1 Background

In the area of transportation planning, comprehending travel behavior holds significant
importance. The precise quantification of travel behavior can facilitate governmental
bodies and agencies in understanding its evolution, thereby allowing them to distribute
resources effectively in support of various transportation planning applications.
Researchers and practitioners have historically employed travel surveys to gather data
regarding individual and household travel behavior. These data include various factors
such as trip origins and destinations, the distance and time of trips, their purposes, and
the modes of travel utilized. Nonetheless, these traditional travel surveys require
detailed and careful preparation, substantial human labor, and considerable costs to

generate accurate estimates representative of the population level.

Over the last twenty years, with the progress of technology in mobile sensors and
networks, the collection and availability of mobile device location data (MDLD) have
seen a dramatic increase, both in terms of data coverage and volume. In the
transportation sector, the extensive personal movement information provided by
MDLD offers substantial opportunities. Researchers and practitioners can leverage
these data to gain a comprehensive understanding of human travel patterns and

behaviors.



COVID-19, a highly infectious respiratory disease, rapidly spread to every continent
within two months of its emergence in December 2019. By late January, the virus had
reached the United States, and by the middle of March, COVID-19 cases had been
reported all over the U.S. Consequently, the spread of COVID-19 has presented
significant challenges to both the economy and mobility. The economic impact of the
virus was profound, causing numerous businesses to declare bankruptcy, leading to job
losses and a dramatic alteration of daily life [1]. The pandemic also found many
businesses ill-prepared, with some lacking the necessary resources to adjust to the new

challenges presented by COVID-19.

Underlining the facets of travel behavior and the economy most significantly impacted
by the virus can offer direction to policymakers. Recognizing these sectors is crucial
for comprehending where and how to execute disaster policies, as economic factors
hold substantial weight in studies on COVID-19 mobility. Until the rise in smartphone
usage, garnering transportation metrics for a city was largely dependent on surveys [2].
However, research by Dong et al. [3] and Yabe, Zhang, and Ukkusuri [4] indicates that
employing online mapping applications and social media for tracking user activity
provides a more accurate approach. Therefore, mobility data could serve as a means to
quantify travel behavior in specific regions, such as the DMV area considered in our
study. This can be done using detailed mobile data to discern travel behavior and

analyze trip change.



1.2 Research Objective

The objective of this study is to explore temporal and spatial varying impacts on
commute trip change due to COVID-19 in the DMV area. To gauge the long-term effect
of the pandemic on travel patterns, data from March, serving as a baseline, and
November, marked by the resurgence of COVID-19 cases and the advent of the second
wave, were scrutinized. Furthermore, the study explores the shift from global to local
spatial effects on trip change over time to determine whether the initial impact of
COVID-19 was global before becoming more localized. To accomplish the research
goal, four key steps have been outlined as follows: (1) Adopting a data-driven strategy
to gather origins and destinations of commuting trips at a county level for the DMV
area. (2) Identifying key factors that could be instrumental in analyzing trip changes.
(3) Implementing a linear regression model for the months of March-April and
November 2019&2020 to investigate the long-term effects of COVID-19. (4)
Assessing the spatial autocorrelation of the dataset in preparation for the application of

the GWR model.

1.3 Research Contribution

The principal contribution of this research can be divided into three categories: (1)
Uniqueness of the data; (2) New variables; (3) Exploring spatial correlation for trip

change over time (using GWR).



1.3.1 Uniqueness of the data
The research employs mobile device location data, a vast dataset that offers immense
insight into people's travel behavior in the US. Unlike traditional survey data with
relatively few respondents, this study's mobile device location dataset encompasses a
significantly larger sample. Specifically, for November 2019 and 2020, it includes
223,662 and 419,194 identified unique device IDs, respectively. Furthermore, it
contains 2,887,420 and 6,567,280 unique linked trip IDs for 2019 and 2020,
respectively, demonstrating the extensive breadth and depth of the data used in this

investigation.

In past research, data related to job sectors were typically gathered through surveys or
Point of Interest (POI) methodologies. This investigation, however, takes a different
approach. It utilizes an expansive dataset that, while lacking in sociodemographic
details related to the trips, does offer insight into the association between commute trips
and the distribution of 13 job sectors across each county. This analysis is facilitated
through the deployment of regression models, enabling the study to elucidate how

varying job sectors were influenced by the COVID-19 pandemic.

In addition, the scope of the dataset collected for this investigation extends beyond the
confines of a single day or week. The dataset encompasses comprehensive trip
information from an entire six-month, specifically incorporating March, April, and
November from both 2019 and 2020. This expansive timeframe allows for a more

detailed and extensive analysis of the study.

4



1.3.2 New variables
To examine shifts in commuting patterns triggered by COVID-19, this investigation
incorporates previously unexplored variables. One crucial factor included is the

percentage of people in each county who are health-uninsured.

Having health insurance in the US is critical; without adequate coverage, people often
face significant barriers to receiving necessary medical care. Therefore, the inclusion
of this variable is supposed to shed new light on the intricate relation between health

insurance coverage and commuting behavior changes in the era of COVID-19.

This investigation incorporates a dataset, including the mode of travel for each trip,
providing valuable insights into individual travel behaviors. By categorizing travel
modes into public and active transport and incorporating them into the model, we can
refine our comprehension of individuals' commuting patterns based on their chosen

transportation.

Additionally, in pursuing a comprehensive outlook on equity and public policy, all job
sectors have been classified into two categories: blue-collar and white-collar. In the
end, analysis of the commuting behaviors of individuals who prefer specific political
parties in the presidential election enables this study to offer an exploration of travel

behavior within the broader socio-political context.



1.3.3 Exploring spatial correlation for trip change over time (Using GWR)
Significant behavioral changes occurred at the onset of the COVID-19 pandemic, a
global crisis that profoundly influenced every aspect of human mobility. This part of
the investigation aims to determine whether clustering and spatial autocorrelation were
present from the pandemic's beginning or if these patterns developed over time. The
investigation scrutinized the normality of the residuals in the data and assessed the
presence of residual spatial autocorrelation using global Moran's I. The application of
Geographically Weighted Regression (GWR) and the investigation of spatial
correlations have been established techniques in examining spatial differentiation and
spread of COVID-19 infection in prior research. In this study, these methods have been
utilized to explore the temporal and spatial variations in commute trip changes brought

about by COVID-109.

1.4 Research Approach and Outline

The research approach of this study starts with an extensive review of the literature on
the effects of COVID-19 on commute travel behavior by survey and mobile device
location data. The key research gap is identified from the literature review. Then
datasets used in this study are introduced. With the datasets introduced, a
methodological framework is proposed and applied to the datasets. The results further

show the COVID-19 impact on commute trips.

The structure of this thesis is as follows. Chapter 2 begins by elucidating the

background of COVID-19, its spread across the US, and its profound impact on
6



people’s travel behavior. It further delves into studies that have utilized either survey
data or mobile device location data, exploring their methodologies and approaches.
Chapter 3 introduces the mobile device location data used in this study and the
methodologies previously applied to produce this dataset. It also presents other datasets
from which sociodemographic and econometric variables have been gathered. Chapter
4 illustrates the proposed methodological framework for applying various models and
tests to identify variables significantly impacting trip change. Brief explanations of
these models and tests are provided. Chapter 5 initially presents the pre-and post-
COVID-19 analysis for the baseline model (March-April) and the six-month model
(November), aimed at assessing the long-term effect of COVID-19 on trip change. It
then explains the significant variables based on two categorized job sectors. Moreover,
the chapter explores the analysis of spatial correlation over time. Finally, Chapter 6

concludes the thesis and suggests directions for future research.
Chapter 2: Literature Review

2.1 Impact of COVID-19 on Travel Patterns

COVID-19 began spreading around the world rapidly from December 2019 [5] as of
May 24, 2023, infected a staggering 766,895,075 people globally while taking
6,935,889 lives, culminating in one of the most severe global health disasters in recent
memory [6]. The initial case of COVID-19 in the US was reported in Washington State

on January 21, 2020. Following a phase of exponential escalation, the tally of



confirmed cases rose to over 1.7 million within a span of four months [7]. The
magnitude of the crisis led the World Health Organization (WHO) to declare COVID-

19 a pandemic on March 11, 2020.

The sudden advance of the COVID-19 pandemic presented novel and considerable
challenges for governmental bodies worldwide. In addition to healthcare-related
interventions, non-pharmaceutical strategies aimed at limiting human movement
emerged as critical tools for postponing the virus's spread [8] [9]. These strategies
included but were not confined to restrictions on travel, early virus detection, physical

distancing, and stay-at-home orders [10] [11].

In the United States, the earliest stay-at-home order was issued in California on March
19th, 2020, and soon expanded nationwide [12]. However, these restrictions proved to
be temporary. On April 16th, 2020, the White House released the guidelines for
America's reopening, following which the states previously under lockdown initiated a
phased reopening process. As of May 1st, 2020, 18 states had either lifted their stay-

at-home orders entirely or initiated a partial reopening of certain regions or sectors [13].

The COVID-19 pandemic has had a great influence on people's travel behavior [14].
Alongside the decline in non-commute trips, the number of commute trips has notably
diminished as a consequence of the COVID-19 pandemic [9]. Evaluating changes in
commuting patterns becomes critical as it carries substantial implications for policy-

making, equity issues, and broader societal concerns. In terms of policy-making,



understanding commute behaviors can guide decisions about public transport
operations and infrastructure planning [15]. From an equity perspective, commute data
analysis can illuminate how different population segments are affected and inform
policies to address these disparities [16]. In the larger societal context, changes in
commuting patterns can reveal shifts in work-from-home trends and signal the need for
supportive measures in response to these transformations [8]. The study of commute
patterns thus lies at the intersection of public policy, social justice, and societal

adaptation in the face of global health crises.

Two primary data collection and utilization approaches are available to delve deeply
into the changes in trip behavior due to COVID-19: survey data collection and mobile

device location data.

2.1 Survey Datasets

Travel surveys constitute a fundamental tool in the study of human mobility patterns
[15]. These comprehensive investigations gather a broad range of data through a
systematic process. The travel surveys can capture intricate details about people's
travel, such as origin, destination, mode of transportation, travel time, and purpose of
the trip. Moreover, they may also collect auxiliary data like sociodemographic
characteristics and economic conditions, further enriching our understanding of travel

behavior.



Numerous research endeavors have sought to examine the determinants that shape
travel behavior, with these influential factors largely drawn from sociodemographic
and economic arenas [16]. An online survey was conducted in the UK by Harrington
and Hadjiconstantinou [17], probing individuals about their preferred mode of transit
for going to and returning from work before and after becoming cognizant of COVID-
19, as well as during restrictions and their potential choice once the restrictions are
lifted. Respondents were primarily categorized into two groups: car users and public
transport users. The latter encompassed users of buses, rail, and park-and-ride services.
The study findings suggest that while some individuals may transition to cycling or
walking, others who previously relied on bus or rail may pivot to using a car due to
safety concerns. However, the overall response count, which included 725 car and
public transport commuters, was relatively small when contrasted with mobile device
location data and thus might not be fully representative of the broader society as

effectively as mobile location data.

A valuable survey that contributes to our understanding of mobility patterns during the
COVID-19 pandemic is the German Mobility Panel (MOP). This annual survey
captures everyday travel data from the German populace [18]. Lisa Ecke and colleagues
utilized this unique dataset from MOP for their analysis. As an accurate panel survey,
MOP collects data from the same individuals across three consecutive waves, providing
insights into individual behavior before and during the pandemic. The variables of age,

economic status, gender, and employment status have been analyzed in this study; the

10



status of the job was divided into full-time and part-time jobs. A notable advantage of
surveys like MOP is the availability of detailed socio-economic and socio-demographic
metrics, including the employment status of each respondent. In contrast, mobile device
location data often remain anonymous due to privacy and security considerations.
Understanding the shift towards remote work during the COVID-19 pandemic is vital
when examining changes in commuting behavior. Bick et al. provide insights into how
many US workers transitioned to remote work in the months following the pandemic's
onset [19]. Their evidence draws from survey questions regarding commuting behavior
in the Real-Time Population Survey (RPS). The shift towards telecommuting or
subsequent inactivity varied significantly across different socio-economic groups, with
a pattern aligning with predictions about the feasibility of home-based work. Highly
educated and high-income workers had a higher share of remote working than lower-
income workers and those with lower education degrees. Furthermore, surveys
inherently define commute trips and home and work locations. In contrast, in mobile
device location data, identifying commute trips and determining home and work
addresses for each device requires the application of specific models and algorithms.
The absence of detailed information, such as job titles and sociodemographic factors,
can prompt researchers to merge mobile device location data and surveys. However,
this integration is not possible solely with MDLD data. During the initial lockdown in
April 2020, the Ministry of Infrastructure and Water Management requested employed
panel members from the Nederlands Verplaatsingspanel (NVP), whose GPS data had

been collected, to participate in an online survey [20]. However, the pool of individuals
11



with recorded data regarding their travel behavior before and during the lockdown was

limited to just 1,515, representing only a small fraction of the population.

2.3 Passively Collected Mobile Device Location Data

Over recent years, the use of mobile device location data for examining population
travel behavior has gained significant traction. This includes information from various
sources like call detail records (CDRs), sightings data, GPS-based data, and location-

based service data, each offering unique insights into human mobility patterns.

One such data source, in-vehicle GPS technology, provides vehicle location updates at
a granular level (every few seconds). Numerous studies have incorporated this type of
data, such as Chankaew et al. [21], who examined freight traffic through national truck
GPS data in Thailand. Conversely, call detail records (CDRs), generated by telephone
exchanges or similar telecommunications equipment, hold information about phone
numbers, call commencement times, durations, and other call details. However, these

data denote the location of cell towers, not the actual user location [22].

Another dataset, albeit less commonly utilized, known as 'sightings, is created each
time a device is located. These sightings data denote the device location, deduced
through the triangulation of multiple towers [22]. Lastly, location-based service (LBS)
data capture location specifics logged by smartphone applications, leveraging GPS,
cellular towers, Wi-Fi, and other connectivity means to track device locations [23].

This data type forms the foundation of the study under consideration.

12



Many recent academic works have utilized mobile phone location, GPS data, and smart
card data to delve into urban mobility patterns. As previously underscored, one of the
foundational steps in the process of working with Mobile Device Location Data,
particularly commuting trips, involves identifying the locations of homes and

workplaces.

Cellular phone location data have been harnessed by Colak et al. [24] to construct pairs
of home and work journeys and assign trip purposes. Ahas and his team [25] evaluated
a model that identifies users' home and work locations by comparing Estonian mobile
data with population register data. More recently, Aslam, Cheng, and Cheshire [26]
employed smart card data to detect the locations of homes and workplaces, while Yang
et al. [27] used mobile data to decipher the spatial structure of urban commuting. Xu et
al. [28] used mobile data in their study to understand how individuals navigate in
relation to key activity locations. Kung and his team [29] scrutinized patterns in home-

to-work commutes as well.

Recent academic works have delved into the effects of the COVID-19 pandemic on
human mobility trends. Engle, Stromme, and Zhou [30] examined how local disease
prevalence and stay-at-home orders influenced individual movements outside of
residences. Bick, Blandin, and Mertens [31] charted the progression of remote work
practices throughout the pandemic and anticipated the future adoption of this work style

using cellular location data.

13



Furthermore, Huang et al. [32] explored the relationship between demographic and
socioeconomic factors and home-stay durations following stay-at-home orders using
large-scale mobile phone location tracking data. Zhang et al. [33] designed an
interactive tool utilizing anonymized mobile device location data to identify trips and
generate variables, such as a social distancing index, the proportion of individuals
remaining at home, the frequency of visits to work and non-work locations, out-of-

town journeys, and trip distances.

Meanwhile, Jiao, Bhat, and Azimian [34] investigated how the count of COVID-19
cases could predict subsequent week’s travel behaviors in Houston, Texas. Lastly,
Pourfalatoun and Miller [35] analyzed the impacts of COVID-19 on the usage and

perception of micro mobility.

2.4 Approaches and Methodologies

The evolution of travel behavior during the COVID-19 pandemic has been tackled
through diverse models and strategies. Engle et al. [30] utilized a Regression model to
estimate alterations in mobility. Furthermore, the percent change in total foot traffic in
Houston was examined using an Autoregressive Distributed Lag (ADL) multiple
regression model [34]. This model, a sophisticated version of a linear regression time

series, fuses aspects of a distributed lag model and an autoregressive model.

Home dwelling time was scrutinized using Pearson Correlation and Random Forest

Regression [32]. Tejas Santanam et al. [36] sought to understand the impact of

14



lockdowns related to COVID-19 in the metropolitan area of Atlanta, Georgia. They
scrutinized commuter patterns in three periods: pre-pandemic, during the lockdown,
and post-lockdown. Applying Density-based Spatial Clustering followed by a reverse
geocoding process, they classified the industry of each workplace based on the

workplace name and Point of Interest (POI) mapping.

The Ordinary Least Squares (OLS) approach cannot evaluate spatial effects among
observations and neglects spatial autocorrelation, despite prior studies affirming the
spatial correlation of COVID-19 outbreaks [37]. In recent papers, Geographically
Weighted Regression (GWR) was deployed to assess the demographic and economic

disparities in COVID-19 infections in light of spatial impacts.

This technique can accommodate spatial autocorrelations and evaluate varying
coefficients from observations instead of estimating average coefficients in OLS
models [38] [39]. Upon verifying the normality of the model residuals, the application
of Moran's | will follow to quantify spatial autocorrelation. In cases where the spatial
autocorrelations manifest significant, Geographically Weighted Regression (GWR)

will be utilized to discern the influences of explanatory variables.

Several scholarly works have utilized Geographically Weighted Regression (GWR) to
explore spatial-temporal variations impacting COVID-19. Junfeng Jiao and colleagues
examined the spatial-temporal patterns and economic-demographic disparities in

COVID-19 infections across varying population densities in the United States [40].

15



This inquiry involved the application of Ordinary Least Squares (OLS), GWR, and

Random Forest (RF) methodologies.

Yanwen Liu et al. [41] delved into the patterns of population migration and spatial-
temporal variation related to COVID-19, emphasizing the spatial-temporal disparities
and scale effects of correlating factors. Their research strategy encompassed using a
time-ordered data analysis method intertwined with an extended Geographically

Weighted Regression (GWR) variant.

To comprehend the multifaceted nature of COVID-19's spread through the lens of
space and time, Xiu Wu and Jinting Zhang [42] explored the geographical and temporal
heterogeneity at the county level in Texas. Their method of choice for this rigorous

analysis was the application of the (OLS) and (GWR) models.

2.5 Research Gap

Several studies have been conducted regrading COVID-19 impact on travel behavior
change either by survey data or mobile device location data. However, most studies
have focused on all kinds of trips (not just commute trips), and long-term effects have
not been explored for commute trips. Moreover, detailed job sectors were not identified
in those studies that analyze commute trips. In addition, some interesting socio and
economic metrics such as the percentage of people without health insurance in a county
or the percentage of people who vote for the Democrat party, have not been explicitly

studied.
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The key research gap identified from the literature review indicates that few studies
focused on spatial-temporal varying impacts on COVID-19 cases. No study
specifically studies the arising of spatial autocorrelation of commute trip change due to
COVID-19, whether the change in trips had a global or local spatial relation, and if the

state of autocorrelation evolved over time
Chapter 3: Data

3.1 Mobile Device Location data (MDLD)

This study's primary data is from mobile device location data (MDLD), which was
procured from several leading data providers. The dataset was employed by the
University of Maryland (UMD) project team to develop national passenger OD data
[43]. This dataset carries extensive spatial and temporal information of numerous users.
Details include a randomly hashed device identifier, geographical coordinates (latitude
and longitude) of location points, and a timestamp reflecting when the user's location
was recorded. Additionally, the dataset also indicates the accuracy of the sightings in
meters, as reported by the data provider, and the Coordinated Universal Time (UTC)
offset. The latter links the UTC of each sighting with the corresponding local time, thus
providing a comprehensive data set for analysis. The raw data must undergo an array
of processing steps to arrive at the final dataset, encapsulating commute trips, modes
of travel, trip count, and travel distance. Detailed dataset preprocessing is listed in

Appendix A.
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3.2 American Community Survey (ACS) and Other Data Sources

3.2.1 ACS
The American Community Survey (ACS) is an ongoing project by the United States
Census Bureau; it provides information regarding population and socio-demographic
data such as income, age, sex, race, health insurance, education level, and
transportation mode. The ACS is a sample survey collecting information from a

fraction of the population yearly. [44]

This research uses data from the ACS to provide crucial demographic and economic
variables that could potentially influence commuting behavior in the DMV area. The
percentage of each job sector in each county is extracted from the ACS dataset.
Additionally, the median income of people in each county as a representative of socio-
economic status has been collected. The percentage of people over 62 years is
considered for the effect of age distribution on travel behavior. Population density is
also incorporated into the analysis, as areas with higher population density may have

different commuting patterns.

3.2.2 Other Data Sources
The National Institute on Minority Health and Health Disparities (NIMHD) is a part of
the U.S. National Institutes of Health (NIH), Whose goal is to promote the scientific

study of minority health and health inequality research through rigorous scientific
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research. This study gathered data regarding the percentage of individuals without

health insurance in each county from resources provided by NIH [45].

Data on the number of COVID-19 cases used to calculate the COVID-19 rate was
sourced from USAFacts. This online platform provides comprehensive and timely data
related to the United States, including demographics, economics, and geography, along

with COVID-19-specific data. [46]

3.3 Variables

Upon obtaining the mobile location data set for 2019 and 2020, the dataset was
subsequently filtered to isolate commute trips that are home-based work (HBW) trips.
The DMV region was chosen as the case study for this research. The study was
conducted at the county level, with all data variables acquired and aggregated
accordingly. The DMV region comprises 158 counties, distributed between the District
of Columbia (1), Maryland (24), and Virginia (133). Table 1 Offers an overview of the

descriptive statistical data of the variables employed in this study.

Table 1- Descriptive Statistics (N = 158)

Variables (In Each County) Min Max Mean Median SD

Education Jobs % 13.69 43.21 23.81 2343 4.49
Scientific Jobs % 2.94 30.00 10.74 9.80 4.73
Agriculture Jobs % 0.00 1204 198 140 2.03
Construction Jobs % 0.90 16.20 747 7.20 2.85
Manufacturing Jobs % 1.27 23.02 983 875 5.43
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Whole sale trade Jobs % 0.00 5.40 2.00 1.88 0.92

Retail Trade Jobs % 4.09 20.29 1145 1146 2.60
Transportation Jobs % 0.87 11.07 487 458 1.74
Information Jobs % 0.00 6.52 156 152 0.85
Finance Jobs % 0.00 1158 500 4.72 1.94
Food Services Jobs % 3.11 2777 852 7.80 3.39
Other services Jobs % 0.00 9.19 508 5.02 1.32
Public administration Jobs % 2.13 2238 769 6.96 3.71
Blue Collar Jobs % 441 27.10 16.32 16.20 4.64
White Collar Jobs % 6.53 57.63 2499 23.28 8.44
Median Income (thousands $) 27.06 142.30 63.47 57.45 23.01
People Over 62 years 10.72 48.00 22.75 23.08 6.11
Active Mode of Travel % 0.85 23.09 6.75 6.12 3.05
Public Mode of Travel % 0.00 1782 0.67 0.02 2.23
People Vote Democrat% 0.21 0.91 0.46 0.44 0.14
COVID-19 Rate 0.00 1.60 0.17 0.0 0.21
People with No Health Insurance % 5.90 4150 17.82 17.05 5.44
Population Density 5.37 11190 961 125 1866

The independent variable in this study is the rate of trip change, calculated using the

following formula:

Tc = T=Ta)*100 (1)
Tp
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where TC represents the change in commuting trips before and after the onset of
COVID, T, shows the number of commute trips before COVID, and T, represents the

number of commute trips after COVID.

After calculating the trip change, a positive sign indicates a decrease in the number of
trips, while a negative sign shows an increase in the number of trips. A more remarkable

positive trip change implies a more significant decrease in the number of trips.

Travel behavior change started in March; before COVID, there were not considerable
trip changes between months. Table 2 shows the number of commute trips in each
month of 2019 and 2020, and the trips change in each month. The peak of the trip
change is 121.9% and is for April; it has several reasons as global awareness. By April
2020, the COVID-19 pandemic had gained significant attention worldwide.
Governments and health authorities have started implementing measures to slow the
spread of the virus. Stay-at-home orders and travel restrictions were strategies used to
limit mobility and reduce transmission. Moreover, the Rapid Spread of the Virus,

uncertainty, and fear were other reasons.

Also, the second highest trip change is related to the last of the year during October and
November. In those months, there was a resurgence of COVID-19 Cases [7]; October
and November 2020 witnessed a significant resurgence of COVID-19 cases after a

relative decline during the summer months.
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Table 2 - Number of Trips and Trip Change by Month

Month 2019 2020 Change %
1 181,933,831 178,386,005 2.00
2 171,462,140 171,494,819 0.00
3 220,390,180 133,339,731 65.30
4 212,952,051 95,988,477 121.90
5 218,975,221 102,475,274 113.70
6 188,584,174 124,619,039 51.30
7 195,583,580 131,232,396 49.00
8 191,447,007 124,928,472 53.20
9 200,330,663 132,660,673 51.00
10 261,481,499 149,673,933 74.70
11 196,726,155 117,922,100 66.80
12 187,405,777 110,244,947 70.00

Figure 1 depicts the trajectory of changes in commuting trips throughout 2019 and
2020. As demonstrated in these figures, the trend of trip changes tended to stabilize
after June (Figure 1). This pattern suggests that the situation began to stabilize several
months into the COVID-19 pandemic. Consequently, individuals primarily adhered to

the same commuting trends in the subsequent months as they had in 2019; however,

the number of trips decreased significantly.
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Figure 1 - Commute trip trend by month for 2019 and 2020

In this study, the baseline model examines trip changes before and after the onset of
COVID-19. The period before and after COVID-19 is selected as March 15th to April
15th, 2019 and 2020. This selection is based on Figure 2 - Social distance index by
state Figure 2, which illustrates the social distancing index for all U.S. states. As

depicted in the figure, there are five stages [47]

Until mid-March, the social distancing index remained relatively stable, indicating
minimal changes in behavior during the pre-pandemic period. However, people began
altering their routines in the latter half of March. The highest social distancing index

values and government-mandated stay-at-home orders occurred between mid-March
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and mid-April. Interestingly, after mid-April, the social distancing index began to

decrease, suggesting that people were reverting to their pre-pandemic behaviors.

Given these observations, the research baseline compares mid-March to mid-April
2019 and 2020. Table 3 presents the trip changes between these periods for each

respective year.

Table 3 - Trip Change in March-April 2019 & 2020

Month 2019 2020 Change
March-April 230,665,620 111,244,422 107.35
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Figure 2 - Social distance index by state [47]
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Another time frame examined in this research involves the trip changes between
November 2019 and 2020. As previously mentioned, this period marked the onset of
the COVID-19 pandemic's second wave, during which commuting trip changes began
to rise again. It is also intriguing to observe the differences that emerged several months

after the pandemic's onset when the situation appeared more stable.

Chapter 4: Methodology

4.1 Methodological Framework

The methodological framework proposed for this study is depicted in Figure 3,

encompassing two primary sections: explanatory and spatial-analysis models.

In the explanatory model section, the initial approach entails utilizing Ordinary Least
Squares (OLS) models to analyze 17 variables, focusing on the signs of their
coefficients and their statistical significance. The data, thoroughly elaborated in the
preceding chapter, is chosen to encapsulate the main scenario of comparing the periods
before and after the onset of COVID-19 (March 15th — April 15th, 2019, versus March

15th — April 15th, 2020).
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Figure 3 - Methodological framework

to enhance comprehension of policy implications and equity considerations.

Moving on to the second section of this chapter, wherein all the variables demonstrate
significance. To further refine the model, multiple tests and checks are employed to
ascertain the autocorrelation and normality of the model's residuals. Finally, a
Geographically Weighted Regression (GWR) model is implemented as an extended

and more advanced version of the standard OLS regression. The GWR model facilitates
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the estimation of local parameters, thereby providing a more nuanced alternative to

global parameter estimation.

4.2 OLS Regression Models

4.2.1 OLS Linear regression

Ordinary Least Squares (OLS) Linear Regression is a standard statistical method for
estimating the unknown parameters in a linear regression model. It seeks to minimize
the sum of the squared residuals; this leads to a best-fit line that reduces the total of the

squared discrepancies between the observed values and the ones predicted [48]

The simple linear regression model can be shown as follows:

Y=B+pBi*xX;+e (1)

where Y is the value for trip change. X represents the Independent variable. 3, is the

intercept. B; refers related coefficients, and ¢ is random error.

OLS makes several key assumptions, including linearity, independence,
homoscedasticity, and normality. Violating these assumptions can lead to inefficient

and biased estimates [49].

4.2.2 Extended OLS — GWR Model

Geographically Weighted Regression (GWR) is a local version of spatial regression

that generates parameters disaggregated by the spatial units of analysis. It allows the
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exploration of spatial non-stationarity, where relations between variables vary over

space [50] [38]

The following formula can represent GWR model:

n
Y =PBio + Z,Bij* Xij &
= (2)

where at areas i, Y; is the value for the trip change. B, is the intercept for areas i. ;;
refers the coefficients of different explanatory variables in different areas, and X;; is

the related explanatory variable. ¢; is the random error.

4.3 Normality and Spatially Autocorrelation Tests

4.3.1 Variance Inflation Factor
The Variance Inflation Factor (VIF) measures the severity of multicollinearity in an
Ordinary Least Squares (OLS) regression analysis. Multicollinearity describes a
circumstance where two or more independent variables in a multiple regression model

have a high degree of linear correlation. [51].

The VIF for a given predictor is calculated as the ratio of the variance of all the model
coefficients to the variance of a single coefficient if it were fit alone. More formally,

the VIF for the ith predictor, VIF (i), is computed as:
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VIF(i) = ( (3)

1—&”

where R;* is the R-squared value obtained by regressing the ith predictor on the

remaining predictors.

If VIF(i) = 1, there is no correlation between the ith predictor and the remaining
predictors; hence, no multicollinearity. When the correlation between the predictors
increases, the VIF also increases. While there is no formal VIF threshold indicating the
presence of multicollinearity, a common rule of thumb suggests that a VIF value greater
than 5 or 10 indicates high multicollinearity [52]. However, this can vary depending on

the context and the specific field of study.

4.3.2 Getis-Ord Gi* statistic
The Getis-Ord Gi* statistic is a local indicator of spatial association that identifies
geographic hot spots and cold spots in data. A hot spot is an area with high values
surrounded by other areas with high values. Conversely, a cold spot is an area with low

values surrounded by other areas with low values [53].

The Getis-Ord Gi* statistic for a location i is calculated as:

=1 WijX; (4)
n
j=1

* —
Gr = "
]

where G; is a statistic that depicts the spatial dependency of a given incident i across

all n events, x; represents the magnitude of the variable X at the incident location |
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across all n incidents (where j may be equal to i), and w;; is the weight value between

incidents i and j, representing their spatial interrelation. [54]

4.3.3 Shapiro-Wilk Test
The Shapiro-Wilk test is a statistical test that assesses the hypothesis that a sample of
data comes from a normally distributed population [55]. The null hypothesis (HO) of
the Shapiro-Wilk test is that the population is normally distributed. If the p-value of the
test is less than the chosen significance level the null hypothesis is rejected. That
indicates that the data do not come from a normally distributed population. The

Shapiro-Wilk test can be calculated as:

_ GLiay)’ (5)
e (i —¥)?

where y; is the it" order statistics, and ¥ is the sample mean. a; is defined as below:

3 mTy~1 (6)
- (mTV—1V—1m)1/2

a; = (aq,...,a)

and (m,, ..., my)7T are the expected values of the order statistics of independent and
identically distributed random variables sampled from the standard normal distribution,

and V is the covariance matrix of those order statistics [56].

4.3.4 Anderson-Darling Normality Test
The Anderson-Darling Normality Test is a statistical procedure used to test if a given
sample of data follows a particular theoretical distribution, in this case, the normal or
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Gaussian distribution. The test is a modification of the Kolmogorov-Smirnov (K-S) test
developed by Theodore Anderson and Donald Darling in 1952 [57]. It is susceptible to
deviations in the tails of a distribution. Mathematically, the Anderson-Darling Test

statistic, W2, is defined as follows [56]:

« 7
Wi =n [ 1RG) = F @B C0)F ) (7)
where 1 is a nonnegative weight function that can be computed by, y =
[F*(x)(1 — F*(x))]"t. In order to make the computation of this statistic easier, the

following formula can be applied:

1 8
an =-n- EE(Zi — DflogF*(X;) + log(1 — F*(Xp41-1)} (8)

where F*(x;) is the cumulative distribution function of the specified distribution x;s

are the ordered data, and n is the sample size. [58]

If the calculated W, test statistic is less than a certain critical value, the null hypothesis
that the data adheres to a normal distribution is not rejected. Conversely, if the
W, 2statistic exceeds the critical value, the null hypothesis is rejected, and it is

concluded that the data do not come from a normally distributed population.

4.3.5 Moran’s I test

Moran's | is a statistical measure that measures a dataset's spatial autocorrelation level.

Spatial autocorrelation refers to how a variable correlates with itself in space. In other
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words, it captures the notion that spatially close observations are more likely to be

similar [59]
The Moran's | statistic is calculated as [60]:

_ EZ{L T awii(x = %) (x — %) (9)

I 2

where N is the number of spatial units indexed by i and j ; x is the variable of
interest; x is the mean of x ; w;; are the elements of a matrix of spatial weights with

zeroes on the diagonal (i.e., w; = 0); and W is the sum of all w;; (i.e., W =

N §N
i=12j=1Wij )-

The spatial weights (w;;) represent the spatial relation between locations i and j, often

decreasing with increasing distance.

Moran's | ranges from -1 to 1. A positive Moran's | indicates positive spatial
autocorrelation (similar values cluster together), a negative Moran's | indicates negative
spatial autocorrelation (dissimilar values cluster together), and a Moran's | near zero

suggests spatial randomness.

The significance of the Moran's | statistic can be tested against a null hypothesis of
spatial randomness using a permutation approach or an approximation to a normal

distribution for large n.

32



In the context of regression analysis, Moran's | can be used to test for the presence of
spatial autocorrelation in the residuals. Suppose significant spatial autocorrelation is
detected in the residuals. In that case, it may indicate that important spatially-varying
predictors have been omitted from the model or that a spatially explicit model is

required [61].

4.3.6 Condition Number Check
The condition number is a measure used in the context of matrix computations to assess
the sensitivity of the output of a function to its input. In the context of GWR, it is

employed to gauge the stability and reliability of the regression solution [50].

A condition number close to 1 shows that the matrix is well-conditioned, meaning that
the system of equations has a unique solution and the estimation process is numerically
stable. Conversely, a large condition number (typically greater than 100 or 1000)
suggests that the matrix is ill-conditioned, implying that the regression solution may be

unstable and sensitive to changes in the input data [62]

In the context of GWR, a large condition number can indicate problems such as
multicollinearity (where predictor variables are highly correlated) or overfitting,
especially when the bandwidth is too small. This can result in inflated standard errors

and unreliable coefficient estimates [38]
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Chapter 5: Results

This chapter presents both the explanatory and spatial-analysis models within the
proposed framework. The dependent variable in this study is the change in commuting
trips, while the independent variables include various sociodemographic and economic
factors. An Ordinary Least Squares (OLS) model is initially applied to the pre and post-
COVID-19 periods. The results of the model are then interpreted. In the second part of
the chapter, to improve the outcomes of the model and explore the spatial correlation,

a Geographically Weighted Regression (GWR) model is employed in the last section.
5.1 Explanatory Model

5.1.1 Pre-Post COVID-19 Analysis (March - April)
Here, we include all variables that appear to impact the dependent variable
significantly. The Variance Inflation Factor (VIF) is a crucial indicator because it
simplifies the variance inflation factor to a linear measure, making it comparable across
dimensions. A VIF value of 10 or higher would indicate serious multicollinearity, a
condition our model does not breach in either regression. Table 4 displays the VIF

values of the variables used in the model.

Table 4 - VIF Values of Variables in March-April

Variables VIF Variables VIF
Agriculture 1.76 Public administration 2.36
Construction 1.89 People over 62 years 2.01
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Manufacturing 2.97 Active mode 3.10
Wholesale trade 1.49 Public mode 4.56
Retail trade 1.66 | Pct. people vote Democrat 2.47
Transportation and warehousing  1.47 COVID-19 rate 1.40
Information 1.75 | Health uninsured people  1.54
Finance 1.85 Population density 5.58

Food services 1.95

The results from the OLS regression model indicate a positive correlation between the
number of people utilizing public transit (rail and bus) for work-related travel and the

decrease in commuting trips post-COVID, as depicted in Table 5.

Table 5 - Linear Regression Results March-April

Dependent Variable Trip change before and after COVID

Estimate Coefficient stderr T-value P-Value

Intercept 0.7775 0.092 8417 0.000***
Agriculture -0.142 0.049 -2.884 0.005**
Construction -0.162 0.046 -3.516 0.001**
Manufacturing -0.22 0.043 -5.078 0.000***
Wholesale trade -0.106 0.045 -2.379  0.019*
Retail trade -0.17 0.05 -3.384 0.001**
Transportation and warehousing -0.105 0.045 -2.362 0.02*
Information -0.068 0.064 -1.068 0.287
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Finance 0.0459 0.051 0.901 0.369
Food services -0.217 0.064 -3.404 0.001**
Public administration -0.026 0.053 -0.502 0.616
People over 62 years -0.194 0.054 -3.565 0.000***
Active mode -0.119 0.08 -1.474 0.143
Public mode 0.4118 0.107  3.847 0.000***
Pct. people vote Democrat -0.058 0.049 -1.201 0.232
COVID-19 rate -0.011 0.057 -0.193 0.848
Health uninsured people 0.1308 0.051 2.569 0.011*
Population density -0.062 0.089 -0.695 0.488
r-squared 0.729

adj. r-squared: 0.696

method: Least Squares

No. Observations: 158

Df Residuals: 140

Df Model: 17

AIC: -338.5

BIC: -283.4

These findings suggest that in counties where a higher proportion of people relied on

rail and bus as their primary mode of commuting to work, there was a noticeable

increase in the number of individuals staying at home following the outbreak of

COVID, thereby escalating the trip change. The analysis also revealed a positive
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correlation between the percentage of uninsured individuals in a county and the trip
change. This implies that counties with a larger fraction of uninsured inhabitants

witnessed a more substantial change in commuting patterns.

This can be attributed to some factors as the fear of medical costs. Uninsured
individuals are typically responsible for covering their own medical expenses, which
can be prohibitively costly, especially for treatments related to COVID-19. This
apprehension about substantial medical costs could discourage them from leaving their
homes, thereby mitigating their potential exposure to the virus. Conversely, sectors that
required continued outdoor operations during the COVID-19 pandemic, such as retail,
wholesale trade, warehousing, and food services, exhibited significant negative
coefficients, as anticipated [36]. A negative coefficient implies an inverse relation with
the dependent variable. A rise in the proportion of individuals employed in food service
jobs within a county significantly contributed to a reduction in trip change. This
suggests that counties with a higher concentration of food service jobs experienced less

commute trip change due to COVID.

A particularly intriguing finding pertains to individuals aged 62 and above. This
demographic is widely acknowledged as being highly vulnerable to COVID-19 [63]
and, thus, were advised to stay home. Nevertheless, the percentage of older individuals
(over 62) in the workforce exhibited a significant negative relation with trip changes.
In essence, those aged over 62, who were still employed during the pandemic, had to

continue attending their jobs in person. This implies that unlike jobs in the finance and
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office sector, which are more adaptable to remote work [36], those in the highest risk
group for COVID-19, and therefore, most advised against going out, were still required

to venture out for work during the pandemic.

5.1.2 Pre-Post COVID-19 Analysis (November)
As mentioned in the previous section, November is highlighted as the onset of the
second wave of the COVID-19 pandemic, during which there was a notable resurgence
in commuting trip changes. This month was chosen for the second phase of the study
because COVID-19 cases were rising again and to examine what changes occurred
after six months of living with the pandemic. This provides an opportunity to
understand the long-term effects of COVID-19 on people's travel behavior. At the onset
of the pandemic, the situation was novel and uncertain for everyone, and people's
behaviors changed in response. However, as individuals grew more familiar with the

situation over time, new patterns and adaptations emerged.

The same variables as the Pre-Post COVID-19 Analysis (March-April) have been used
for this model to compare the coefficients and significance of the variables. Table 6
shows the VIF values for the model, which are all less than five and reasonable

regarding the multicollinearity.

Table 6 - VIF Values of Variables in November

Variables VIF Variables VIF

Agriculture 1.76 Public administration 2.26
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Construction
Manufacturing
Wholesale trade
Retail trade
Transportation and warehousing
Information
Finance

Food services

191

3.04

1.47

1.66

1.50

1.80

1.84

2.00

People over 62 years

Active mode

Public mode

Pct. people vote Democrat

COVID-19 rate

Health uninsured pe

ople

Population density

1.97

3.05

3.93

2.67

1.39

1.53

4.88

A deeper examination of job sectors was conducted to understand better the effect of

various variables in the model (Table 7) and their comparison with the initial model.

Table 7 - Linear Regression Results November

Dependent Variable

Trip change before and after COVID

Estimate Coefficient stderr T-value P-Value
Intercept 0.9512 0.114  8.343 0.000***
Agriculture -0.29 0.061 -4.779 0.000***
Construction -0.228 0.057 -3.991 0.000***
Manufacturing -0.214 0.054 -3.975 0.000***
Wholesale trade -0.184 0.055 -3.37  0.001**
Retail trade -0.177 0.062 -2.871 0.005**
Transportation and warehousing -0.015 0.055 -0.271 0.786
Information -0.222 0.08 -2.797 0.006**
Finance 0.029 0.063  0.464 0.644
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Food services -0.197 0.079 -2.482  0.014*
Public administration -0.107 0.063 -1.694 0.092
People over 62 years -0.177 0.066 -2.673  0.008**
Active mode -0.085 0.088 -0.964 0.337
Public mode 0.4211 0.128 3.284  0.001**
Pct. people vote Democrat -0.173 0.062 -2.784  0.006**
COVID-19 rate 0.0145 0.07 0.207 0.836
Health uninsured people 0.1503 0.062 2.406 0.017*
Population density 0.087 0.102 0.852 0.395
r-squared 0.666

adj. r-squared: 0.626

method:

No. Observations:

Df Residuals:

Df Model:

AIC:

BIC:

Least Squares
158
140
17
-273.3

-218.1

The job categories that were used came from the American Community Survey (ACS)

and were built upon the foundation of the North American Industry Classification

System (NAICS). The NAICS describes the 'Information’ sector as encompassing

industries involved in creating and distributing information and cultural products and

providing means for transmitting or distributing these products, as well as data or
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communications [64]. Notable industries within this sector include publishing,
broadcasting, and motion picture and video industries. The coefficient for this variable
only became significant after a longer duration of the COVID-19 pandemic. This sector
was not initially considered significant in the early stages of the pandemic, especially
in the internet era, where information is universally accessible through personal devices
like smartphones and laptops. Therefore, it was not significant at the beginning of the
COVID-19 outbreak. However, after six months, it became significant with a negative
coefficient, implying that industries like broadcasting and video production resumed

operations some months after the initial outbreak of COVID-109.

The percentage of people with "Transportation and Warehousing' jobs is no longer
significant in the November model. The Specific industries within the transportation
and warehouse sector are general freight trucking, warehousing-storage, and
warehouse workers. Several factors could explain why individuals working in the
"transportation and warehouse™ sector may have initially been more likely to leave their
homes during the initial phases of the COVID-19 pandemic. The factors such as
changes in demand and the demand for certain types of transportation and warehouse
services have varied throughout the pandemic [65] [66]. For instance, early in the
pandemic, there has been an increased demand for the transportation of essential goods,
resulting in more workers in these sectors having to leave home for work. However, as
the pandemic progressed and lockdowns eased, there has been a shift in demand

patterns, reducing the need for as much physical transportation work. Another factor is
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a shift to online shopping and home deliveries. With the pandemic and ensuing
lockdowns, there was a massive shift to online shopping, which increased demand for
logistics, transportation, and warehouse services. However, as businesses and retail
outlets started opening up after six months or so, this demand may have decreased,
leading to less outside activity for these workers [65]. Thus, it can be observed that jobs
in transportation and warehousing were initially significant with a negative coefficient
at the onset of the COVID-19 pandemic, but their significance diminished after six

months.

Another variable that got significant some time after COVID-19 happened is the
percentage of people who voted Democrat in a county. Results show people in the
DMV area, who tend to vote more Democratic, went out to work more after six months
of the COVID-19 pandemic. During COVID-19, policies were implemented to
encourage a return to work for government jobs in the US. In the federal government,
for example, the Office of Management and Budget (OMB) released a memo in April
2020 guiding heads of departments and agencies on managing federal agency

operations, including the transition back to normal operations [67].

Furthermore, the U.S. Office of Personnel Management (OPM) has guided
reintegrating federal employees and contractors into the workplace. This includes a
framework for aligning workforce decisions with public health considerations,
assessing risk levels in different types of workplaces, and implementing safety

practices [68] [69].
42



Table 8 shows the percentage of people who voted Democrat or Republican in the
DMV area. Moreover, it is shown that people in these areas are primarily Democrats.
The DMV area, often referred to as the National Capital Region has a high
concentration of government jobs. This is primarily due to the federal government's
presence in D.C. and its surrounding regions, including various government agencies

and military institutions.

Table 8 - Percentage of Political Party VVotes in DMV

State Percentage of Democrat VVotes Percentage of Republican Votes
Washington D.C. 92.15 5.40
Maryland 65.36 32.15
Virginia 54.11 44.00

According to the U.S. Bureau of Labor Statistics [70], as of May 2020, the government
sector, including federal, state, and local jobs, constituted a significant portion of
employment in this area: in the District of Columbia, about 25.1% of jobs were in the
government sector. In Maryland, government jobs accounted for approximately 19.8%
of total employment. In Virginia, government employment constituted around 16.6%
of all jobs [71]. These percentages are considerably higher than the national average,
around 15.2%. The concentration of government jobs in the DMV area is even more
striking when considering federal jobs. The Office of Personnel Management reported

that as of September 2020, the DMV area (including parts of West Virginia and
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Pennsylvania that fall into the more comprehensive Washington-Arlington-Alexandria
Metropolitan Area) was home to over 362,000 federal employees, far surpassing any

other region in the country. [71]

Research conducted by Brodeur et al. demonstrates that mobility significantly
decreased in counties with a higher proportion of self-identified Democrats [72]. This
pertains to all forms of trips, not just commuting, so the presence of a negative
coefficient for commuting trips in the DMV area suggests a possible link to
employment circumstances. Counties with a larger Democratic following have been
observed to adhere to guidelines more strictly, often including staying at home. As
explored previously, there is an association between the proportion of Democrat voters
and the prevalence of government jobs. Government employers tended to insist on in-
person attendance during this period. This hypothesis gains further credibility when the
same model is applied to the same time frame (November 2019-2020) but in the context
of Florida. Table 9 exhibits the linear regression model result for Florida's pre and post-

COVID-19 periods.

Table 9 - Linear Regression Model Results in Florida (November)

Dependent Variable Trip change before and after COVID

Estimate Coefficient stderr T-value P-Value

Intercept 0.4401 0.091 4.861 0.000
Blue Jobs -0.489 0.12 -4.08 0.000
Median Income 0.2513 0.1 2.516 0.015
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People over 62 years -0.491 0.107 -4.578 0.000
Active mode -0.03 0.119 -0.248 0.805
Pct. people vote Democrat 0.3037 0.093 3.27 0.002
r-squared 0.599
adj. r-squared: 0.566

method:

No. Observations:

Df Residuals:

Df Model:

AIC:

BIC:

Least Squares
67
61
5
-59.51

-46.28

The analysis reveals similarities across all DMV and Florida variables, with one notable

exception. The coefficient of the percentage of Democratic voters in Florida is positive,

indicating an expected decrease in trips, a trend that was not evident in the DMV area.

Thus, the coefficient of this variable aligns logically with the observations. It becomes

clear that counties with more Democratic voters exhibited a greater propensity for

individuals venturing out for work during the COVID-19 pandemic.

5.1.3 Clustering into Two Job Categories

In this segment of the results, a deeper analysis is conducted on the workforce,

segmented into two primary categories: 'blue-collar jobs' and 'white-collar jobs." This

differentiation primarily arises from traditional economic and social classifications.
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Blue-collar jobs typically denote occupations requiring manual labor, often associated
with lower-income workers. In contrast, white-collar jobs denote professional,

managerial, or administrative roles, generally linked to higher-income workers [73].

This classification is not merely a categorical distinction but is intricately tied to policy
and equity considerations. Economic disparity and its implications are vital in
comprehending societal structures and dynamics, especially amidst disruptive events

like the COVID-19 pandemic.

Through this perspective, a more nuanced comprehension of how the COVID-19
pandemic has impacted different workforce sectors is pursued. By examining
individuals' mobility patterns and behaviors across these two categories, it aims to
discern the pandemic's differential impacts on high-income versus low-income workers
and how their respective job types may have guided their responses to this
unprecedented disaster. This knowledge could inform and guide public policy
responses, aiming for a more equitable and just recovery process. The median income
per job sector was utilized in our analysis. Subsequently, applying K-means categorized

jobs into two groups: white-collar and blue-collar jobs. Table 10 shows how jobs have

been divided.
Table 10 - Jobs Division into Two Categories
High Income Jobs (white collar jobs) Low Income Jobs (blue collar jobs)
Professional, scientific Construction
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Information Wholesale trade
Finance and insurance, and real estate and rental and Transportation and warehousing, and
leasing utilities

Public administration Agriculture, forestry, fishing and
hunting, and mining

5.1.4 Pre-Post COVID-19 Analysis with Two Jobs
Asiillustrated in Table 11 and Table 12, counties with a higher percentage of individuals
in blue-collar roles demonstrated a decrease in trip changes, indicating that these
workers were required to attend their job in person throughout the COVID-19
pandemic. In contrast, for white-collar roles, the coefficient is positive, and counties
with a higher percentage of white-collar jobs were able to increase trip changes, with a

relatively high coefficient of 0.42.

Moreover, it has been previously observed that individuals over 62 years old were also
obliged to physically attend their workplaces. The use of public transportation and the
percentage of people without insurance positively impacted trip change, leading to an
increase in trip changes. Interestingly, the coefficient associated with white-collar jobs
was significantly higher at the onset of COVID-19, indicating that these roles could
prompt a more significant reduction in trip changes than observed after six months into

the pandemic.

Table 11 - Linear Regression Results March-April With Categorical Jobs

Dependent Variable Trip change before and after COVID
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Estimate Coefficient stderr T-value P-Value VIF
Intercept 0.2612 0.051 5.161 0.000***
Blue jobs -0.118 0.041 -2.894 0.004** 1.61
White jobs 0.4277 0.061 7.049 0.000*** 2.34
People over 62 years -0.168 0.052 -3.233 0.002** 1.68
Active mode -0.004 0.081 -0.055 0.956 2.85
Public mode 0.3378 011  3.062 0.003** 4.44
Pct. people vote Democrat -0.06 0.046 -1.326 0.187 1.99
COVID-19 rate -0.025 0.057 -0.434 0.665 1.29
Health uninsured people 0.1365 0.048 2.826  0.005** 1.27
Population density -0.073 0.091 -0.805 0.422 5.32
r-squared 0.688
adj. r-squared: 0.669
method: Least Squares
No. Observations: 158
Df Residuals: 148
Df Model: 9
AIC: -332
BIC: -301.3

Table 12 - Linear Regression Results November with Categorical Jobs
Dependent Variable Trip change before and after COVID
Estimate Coefficient stderr T-value P-Value VIF
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Intercept 0.4163 0.058 7.146  0.000***

Blue jobs -0.177 0.052 -3.395 0.001** 1.70
White jobs 0.2903 0.075 3.891 0.000*** 227
People over 62 years -0.208 0.063 -3.275 0.001** 1.62
Active mode -0.004 0.087 -0.043 0.965 2.65
Public mode 0.3431 0.135 2541 0.012*  3.87
Pct. people vote Democrat -0.121 0.06 -2.02 0.045* 221
COVID-19 rate -0.045 0.071 -0.635 0.527 1.29
Health uninsured people 0.1642 0.06 2733  0.007** 1.26
Population density 0.0915 0.105 0.868 0.387  4.63
r-squared 0.604

adj. r-squared: 0.58

method: Least Squares

No. Observations: 158

Df Residuals: 148

Df Model: 9

AIC: -262.1

BIC: -231.4
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5.2 spatial-analysis Model

5.2.1 Pre-Post COVID-19 Analysis
In this portion of the results, the focus is redirected toward constructing a model
wherein all variables demonstrate significance. This model will serve as a
comprehensive tool that incorporates various factors to generate insights about

commuting behavior changes during different phases of the COVID-19 pandemic.

The model's validation can be found in Table 13 and Table 14, where the significance
of the variables is presented for two distinct periods, March-April and November. This
model delivers satisfactory goodness of fit, with values of 0.67 and 0.58 for March-

April and November, respectively.

These models show relations between job types, age, mode of transportation, health
insurance status, and trip change, which were also analyzed in previous sections.
Specifically, those engaged in Blue Collar Jobs and individuals aged 62 and over
demonstrate an inverse correlation with trip change after COVID. This suggests that
these groups were less likely to reduce their number of trips following the advent of

COVID.

Conversely, White Collar jobholders, public transportation users, and individuals
without health insurance exhibited a direct relation with a decrease in trip numbers.

Thus, these groups were more likely to limit their trips in the wake of the COVID-19
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pandemic, highlighting the influence of socio-economic and health-related factors on

commuting behaviors during the crisis.

Table 13 - Linear Regression Results in March-April Spatial-Analysis Model

Dependent Variable

Trip change before and after COVID

Estimate Coefficient stderr T-value P-Value
Intercept 0.2113 0.031 6.747  0.000***
Blue jobs -0.101 0.038 -2.674 0.008**
White jobs 0.4362 0.055 7.914  0.000***
People over 62 years -0.127 0.047 -2.683 0.008**
Public mode 0.2205 0.069 3.191  0.002**
Health uninsured people 0.1289 0.047 2761  0.006**
r-squared 0.678
adj. r-squared: 0.667

method:

No. Observations:

Df Residuals:

Df Model:

AIC:

BIC:

Least Squares

158

152

5

-335

-316.7

Table 14 - Linear Regression Results in November Spatial-Analysis Model

Dependent Variable

Trip change before and after COVID

Estimate Coefficient

std err

T-value P-Value
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Intercept 0.3634 0.039 9.254  0.000***
Blue jobs -0.169 0.047 -3.585 0.000***
White jobs 0.2804 0.069  4.092  0.000%**
People over 62 years -0.183 0.059 -3.091  0.002**
Public mode 0.3524 0.09  3.934 0.000%**
Health uninsured people 0.1718 0.059 2929  0.004**
r-squared 0.586

adj. r-squared: 0.573

method:

No. Observations:

Df Residuals:

Df Model:

AIC:

BIC:

Least Squares
158
152
5
-263.3

-244.9

5.2.2 Residual Normality and Spatial Autocorrelation

Significant behavioral shifts were observed at the outset of the COVID-19 pandemic,

including commuting and non-commuting trips. This study focuses primarily on the

transitional periods of March-April in 2019 and 2020, representing the initial months

of the pandemic when the virus was a novel phenomenon to the world, as well as

November of both years, marking a period six months into the pandemic where policies

and behaviors had seen substantial adaptation.
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As the research progresses, the investigation aims to discern whether local effects, such
as clustering and spatial autocorrelation, were present from the pandemic's onset or
whether these patterns emerged over time. Utilizing Geographically Weighted
Regression (GWR) is essential in this investigation, allowing for the analysis of local
rather than global parameters. By deploying the GWR model, this study can aptly
account for spatial non-stationarity that may otherwise be overlooked by simple global
fitting methods, thereby providing a more nuanced understanding of the spatial

variance in COVID-19's impact on commuting patterns.

In this segment of the results, the investigation examined the normality of the residuals
of the data, an essential step in regression diagnostics. This analysis involved
scrutinizing the histogram of standardized residuals to assess the data's distribution
visually. (Figure 4 and Figure 5) Two potent tests were also applied to establish

normality, the Shapiro-Wilk test and the Anderson-Darling Normality Test.
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Figure 4 - Histogram of residuals in March-April
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The research scrutinizes the distribution of data, particularly focusing on its skewness
and normality. As depicted in Figure 5, the distribution indicates a right skewness,
deviating from a normal distribution. The normality test further backs this observation;
the Shapiro test's p-value for the March-April case study is 0.98, which is not sufficient
to reject the null hypothesis. This result supports the assertion that the residuals follow
a normal distribution. Conversely, the p-value for November is 0.06, which suggests

that the residual distribution does not adhere to a normal distribution.

Moreover, the statistics and critical values at various significance levels have been
calculated. After considering a 2.5% significance level for November, it is concluded
that the variables do not come from a normally distributed population. However, for
the March-April period, the distribution appears to be normal. Based on these results,
the model's residuals at the onset of COVID-19 (from March to April) followed a
normal distribution. However, the normality of the residuals for November was not

confirmed, indicating a departure from normal distribution during this period.

For the following steps, the Presence of residual spatial autocorrelation was inspected
using global Moran's I. The spatial analysis of the residuals revealed significant spatial
autocorrelation in the model for November. This observation is supported by a Moran’s
| test (1=0.1, p=0.01), confirming the presence of spatial autocorrelation of residuals.
Conversely, the Moran’s I test for March to April yielded a p-value of 0.133, which is

insufficient to establish spatial autocorrelation in the dataset for this time period.
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Consequently, these findings suggest that the influence of COVID-19 on commuting
behaviors initially displayed global effects. However, over time, as the pandemic
progressed, these effects began exhibiting local correlations, hinting at a more complex,
geographically dependent impact pattern. The following section will examine the
results of the Geographically Weighted Regression (GWR) model and interpret the

spatial distribution for the November case study.

5.2.3 Developing GWR Model
Trip Change varies across the DMV area, with the central southern counties of
Maryland and the District of Columbia having the highest trip change (Figure 6). Getis-
Ord Gi* Hot Spot analysis shows high clustering of trip change in the middle southern
counties of Maryland and the District of Columbia, while there are cold (low) clusters

of trip change in some counties and regions of Virginia (Figure 7)

The analysis reveals interesting geographical distributions across the DMV area. It is
found that the population of elderly individuals is particularly high in the southwest of
Virginia. Conversely, regions with a high concentration of White-Collar Jobs are
predominantly found in the District of Columbia and southern Maryland. These areas
also report a higher population of individuals without insurance and those who depend
on public modes of transportation. These areas coincide with regions where the trip
change was most pronounced. However, the distribution of Blue-Collar Jobs across the

DMV area appears to be more evenly dispersed.
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Figure 6 - Spatial Distribution of Variables
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Figure 7 - Geographical Clusters of Counties from Getis-Ord Gi* Statistics of Trip Change

The Geographically Weighted Regression (GWR) model, an advanced offshoot of the
basic Ordinary Least Squares (OLS) standard regression, is implemented in this section
of the results. The GWR model provides a robust mechanism for tracking the spatial
variance of regression model outcomes, producing a set of local parameter estimates.
These estimates effectively reveal how relationships between response and predictor
variables vary over time and space. The model further generates local R2 values, local
residuals, and local coefficients for each data point. This granularity enables an

examination of the spatial variation of relationships, thereby fostering a more
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comprehensive understanding of the dynamics at play in the context of the COVID-19

pandemic and its impact on commuting behavior.

As anticipated, the coefficients from the GWR demonstrated evidence of spatial
variation. The fit of the GWR model (Table 15), marked by an Akaike Information
Criterion (AICc) value of -273, yielded a higher adjusted R-squared of 0.675 when
compared to the OLS model. This result suggests that including spatial structure is

valuable in accounting for previously unexplained variations.

Table 15 - Summary Statistics for GWR Parameter Estimates

Dependent Variable Trip change before and after COVID
Mean STD Min Median Max

Intercept 0.4 0.055 0.276 0.404 0.518
Blue jobs -0.185 0.132 -0.349 -0.248 0.073
White jobs 0.174 0.077 0.001 0.156 0.314
People over 62 years -0.194 0.126 -0.402 -0.165 -0.001
Public mode 0.552 0.358 0.235 0.474 1.972
Health uninsured people 0.215 0.064 0.063 0.208 0.362
r-squared 0.675
adj. r-squared: 0.63
Bandwidth used: 23
AIC: -273.1
BIC: -211.3
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While operating within a geographically weighted framework, local collinearity may
exist even though it may not be globally present [74]. To manage this, local collinearity
diagnostic tests were combined with the Geographically Weighted Regression (GWR)
analyses, employing the GWR Python package. The dispersion of local condition
numbers (CN) for the GWR models is represented in Figure 8. Given that every region
possesses a CN that is less than 30, it can be inferred that the predictor variables are

not collinear.

GWR Local Collinearity

e
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16.48, 19.53
19.53, 23.89
® 23.89, 29.03
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Figure 8 - Diagnostic tests of the local collinearity for the GWR

X 4

In Geographically Weighted Regression (GWR), unlike in traditional regression
models, the estimated coefficients can vary across the study area, and the relationship
between the dependent variable and each independent variable can be different in

diverse locations.
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Figure 9 shows the intercept's GWR coefficient estimates and each covariate.
Coefficient surface comparisons can help improve understanding of spatial and scale
variations. A positive coefficient for an independent variable means that the dependent
and independent variables are positively related in that location: as the independent
variable increases, the dependent variable also increases. A negative coefficient means
the variables are negatively related: as the independent variable increases, the

dependent variable decreases.

The coefficient maps also show how these relationships vary in space. The coefficient
estimates of the GWR model for the variable White Jobs have a positive relationship
with the dependent variable. In the GWR model, the coefficient estimates show a
negative relationship between Blue Jobs and Trip Change in the east and partially in
the middle but a positive relationship between trip change and Blue Jobs in the west

side.

The relation level can vary across different locations; the relationship can be strong in
some areas (people over 62 years in the west of Virginia) and weak in others (people

over 62 years in the east of Virginia).

61



I- 0.50
intercept

v \. -0.45
-0.40
-0.35
-0.30 ~=0:3
I- O 3 I
White Jobs People Over 62 Years -0
-0.2
--0.2
s i = £ ‘3
VD -0.1 SRR
--0.3
--04
l— 0.35
-0.30
-0.25
-0.20
-0.15
05 -0.10

Figure 9 - Spatial Distribution of Coefficients of GWR
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Chapter 6: Conclusion and Discussion

6.1 Conclusion

This study examines the temporal and spatial varying impacts on commute trip change
due to COVID-19 in the DMV area. Based on the literature review, the key research
gap is identified, and a methodological framework is proposed to apply regression

models to understand the influential variables on trip change.

Firstly, mobile device location data was collected for March, April, and November of
2019 and 2020, and then filtered for Home-based Work trips in the DMV area. Job
sector, sociodemographic, and econometric variables for each county were
incorporated into the dataset. The final dataset contains all the information for variables

and the trip change from 2019 to 2020 for each county.

Comparing the results of linear regression models between the onset of COVID-19
(March-April) and six months later (November), during the second wave of the
pandemic, it was observed that in counties with higher utilization of rail and bus for
commuting, there was a significant increase in the number of people staying at home
post the outbreak. The analysis also indicated a positive correlation between the
percentage of uninsured individuals in a county and the change in trips, suggesting that
those without health insurance tended to stay home more due to the perceived higher

risk of COVID-19 exposure.
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However, an intriguing discovery was related to individuals aged 62 and above. This
demographic, often deemed highly susceptible to COVID-19, was advised to stay
home. Yet, the data revealed a significant negative correlation between the percentage
of older workforce members (over 62 years old) and trip changes. This suggests that
despite health recommendations, these individuals had to venture out during the

pandemic, challenging conventional expectations.

Additionally, counties with a higher percentage of jobs requiring field labor, such as
agriculture, construction, warehousing, and food services, exhibited a negative
correlation with trip change, suggesting a reduction in trip changes due to COVID-19.
After dividing the jobs into two categories of white and blue-collar, the higher-income
jobs (white-collar) have a positive relationship with trip change. In contrast, lower-

income jobs (blue-collar) negatively correlate with trip change.

Surprisingly, the results indicate that counties with a higher percentage of Democratic
voters did not reduce their commute trips, even though Democratic voters generally
complied with the stay-at-home order and decreased their daily trips. This discrepancy

is related to their job sector, which is more government-focused.

The analysis of spatial correlation over time of commute trip changes reveals that
initially, COVID-19's influence on commuting behaviors exhibited global effects.
However, as the pandemic evolved, these effects started to show local correlations,

suggesting a more intricate pattern of impact that depended on geographic factors.
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6.2 Discussion and Future Research Directions

This study's limitation is the absence of a corresponding table to specify the job
description for each commute trip, which may require travel surveys or utilizing POI
approaches. However, having this information at larger study scales, such as national

or state, would be challenging.

Additionally, examining travel behavior and job descriptions focused at a more detailed
level, such as one town or single county scale, may provide more accurate insights due
to local variations. The heterogeneity of travel behavior and job description in different
regions is not considered in this study; despite the geographical closeness of the DMV
area, their unique urban networks influence movement and employment patterns. The
densely populated urban core of DC differs from the more suburban and rural areas of
Maryland and Virginia. However, it is crucial to acknowledge that this may give a less
comprehensive overview of broader regional dynamics compared to state-level

analysis.

For future research, a national-level study analyzing commute trip changes could offer
valuable insights into how COVID-19 may have impacted states with varying
regulations and cultures. For instance, it was observed that a higher percentage of
Democratic voters in the DMV area had a negative coefficient sign, but a positive

relationship with trip change in Florida.
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Conducting more comprehensive studies exploring the long-term effects of post-
COVID-19 would also be beneficial. For example, examining how COVID-19
impacted commute trips two years after its onset, when the pandemic has largely
subsided and life has mostly returned to normal. It would be interesting to see how
COVID-19 might have altered travel behavior, and how people react even when the

pandemic has almost come to an end.
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Appendix A: Mobile Device Location Data Preprocessing

The following concise summary summarizes the steps to generate a clean origin-
destination table of trips. The initial preprocessing of raw sightings is done individually
for each data provider. This preliminary data cleansing consists of several steps to
achieve a comprehensive dataset with details such as vehicle volume, trip distance, and
trip purpose[75]:

e Step 1: Discard raw sightings that contain invalid data entries, such as negative
latitude values.

e Step 2: Eliminate duplicate sightings by evaluating all data attributes.

e Step 3: Cleanse data to remove multiple sightings associated with the same timestamp
for a single device. The sighting with the least location uncertainty is retained by
ranking based on location accuracy.

e Step 4: Exclude raw sightings with low location accuracy (those exceeding 492 feet
or 150 meters). This threshold is determined through a sensitivity analysis that
evaluates the trade-off between location uncertainty and the percentage of sightings
removed.

e Step 5: Identify and eliminate data oscillations.

e Step 6: For each device, arrange the sightings chronologically by timestamps.
Privacy preservation protocols necessitate anonymizing all sample devices in the

sighting data by upstream data providers or vendors. Consequently, the sighting data
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typically does not include personal details such as home location, age group, or income

level.

Two primary methodologies exist for the imputation of activity type: behavior-based
and context-based [22]. The behavior-based method deduces the locations of homes
and workplaces according to the places most frequently visited during nighttime and
daytime hours [76] [77] or based on sighting volume and regularity [78]. Alternatively,
the context-based approach considers surrounding factors, such as land use and
proximity to points of interest (POIs), to infer activity types based on empirical rules
[79] [80]. Given its widespread application and relevance, the behavior-based method
has proven effective in identifying daily life centers like home and workplace,
particularly when raw data lacks additional personal information. The research team
employed the behavior-based approach principles to develop a framework for imputing

home and fixed workplace locations.

With the home location ascertained, the framework identifies an individual's primary
workplace distinct from their home. This method of workplace identification, similar
to the determination of home location, takes into account the frequency of visits (a
minimum of three workdays, or half of the total observed workdays per device) and the

average duration of stays (at least two hours) during daytime hours on workdays [81].

Following the identification of home and fixed workplaces for the devices from each

data provider, the team at UMD designed an algorithm to identify duplicated devices
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within and among data providers. The algorithm combines the sighting data for the
duplicated devices, integrates device and sighting data from all data providers, and
generates a national device and sighting data panel for passenger trip identification
[82]. To extract trip information from the cleaned sightings, the team utilized a tour-
based method to identify tours first, thereby enhancing the completeness of identified
trips. Imputing the mode of travel from sighting data involves the following methods

and features:

e Trip-based approach: This methodology is reliant on previously identified trips. In
this approach, each trip is associated with a singular mode of travel to be imputed. For
instance, a specific journey may be designated as having been made entirely by car or
by bus [83].

e Segment-based approach: This strategy partitions the sighting data into fixed length
segments based either on time or distance. The mode of travel is then imputed for each
individual segment [84]. Subsequently, segments identified as having the same mode
of travel are merged to constitute a single-mode trip[85].

In the final stages of data processing, several actions are undertaken. These include
Merging Unlinked Trip Segments into Trips, Trip Purpose Imputation, Trip Distance
Calculation, and Weighting and Data Expansion. These steps are integral in generating

the final, comprehensive dataset for analysis.
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