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Emerging technologies, such as Mobile Device Location Data (MDLD), are reshaping the
landscape of transportation analysis by offering continuous, large-scale observations of travel
behavior. This dissertation explores the potential of MDLD in addressing critical challenges in
transportation planning, focusing on data integration, travel behavior analysis, road congestion,
and environmental impacts.

The research begins by addressing the limitations of traditional travel surveys, which often
suffer from small sample sizes and short observation periods. To overcome these challenges, this
study integrates MDLD with regional travel survey data through probabilistic record linkage
algorithms, creating comprehensive datasets that combine detailed demographic information with
extensive, multi-day travel records. These fused datasets capture underreported travel behaviors
and provide a more holistic representation of population mobility, laying a strong foundation for

advanced transportation research.



The second project validates MDLD’s ability to capture personal travel behaviors by
examining the relationship between vehicle miles traveled (VMT) and gasoline prices in the
Washington, DC, metro area. Using longitudinal MDLD datasets, we uncover reasonable price
elasticities of VMT and demonstrate how aggregate VMT informs local gasoline demand. This
analysis establishes the reliability of MDLD for studying travel behavior and energy consumption
trends.

The study then investigates changes in road congestion in the post-pandemic era, with a
particular focus on the role of teleworking. Using MDLD-based measures of travel demand, trip
distance, and congestion patterns in the Washington, D.C. region, the analysis reveals that while
the frequency of commute trips has not fully recovered, average trip distances and non-work travel
have increased, contributing to heightened congestion, especially during weekends. These findings
highlight a fundamental shift in travel behavior rather than a simple rebound in traffic volume.

Finally, the research explores the environmental implications of transportation using
MDLD to estimate greenhouse gas emissions. By integrating MDLD with vehicle fleet
characteristics, fuel economy, and contextual factors, the study employs engineering models and
Monte Carlo simulations to quantify emissions. This work highlights the impacts of shifting travel
behaviors and fuel prices in the post-pandemic era, offering actionable insights for emissions
reduction strategies.

Collectively, this dissertation showcases the transformative potential of MDLD in
understanding mobility patterns and addressing energy and environmental challenges, providing a

pathway for innovative transportation planning and policy development.
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1. Chapter 1: Introduction

1.1 Background

Urban transportation systems play a critical role in shaping the quality of life in cities, and
understanding travel behaviors is essential for effective transportation planning and policy
development. Historically, personal transportation choices have been tracked nationwide by the
National Household Travel Survey, and locally by similar studies conducted by state and local
governments [1-3]. These studies typically collect data from a sample of households regarding
their socio-demographic characteristics, including work status and work commute, and the
vehicles available to them, and request the survey participants to maintain a diary of all the travel
activities undertaken by each member of the household on a given day [4]. Initially conducted
through in-person interviews, these surveys have transitioned to computer-assisted telephone
interviews and, more recently, online formats [5, 6].

These travel surveys can in principle be customized to the specific needs of agencies,
focusing, for example, on specific types of trips (e.g., long-distance trips) or vehicles (e.g.,
passenger cars or trucks) [7-9]. However, these surveys have several limitations that can impact
the accuracy and comprehensiveness of the data collected, such as reporting bias, where people
may inaccurately recall or report all of their travel activities, leading to underreporting or
misrepresentation of certain trips [10]. Non-response bias is another concern, as certain groups of
people may be less likely to participate in the survey, potentially skewing the representation of
travel behaviors [11]. Moreover, travel surveys often have a limited timeframe, capturing data for
only a specific day or short period [12], and they may rely on relatively small sample sizes of
participants [3], limiting the representation of travel behaviors. Therefore, to overcome these

1



limitations and obtain a more comprehensive and precise understanding of travel behaviors, there
is a growing need to explore alternative data sources that can complement and enhance the insights
derived from travel surveys.

In recent years, the landscape of travel data collection and analysis has been dramatically
transformed by the rise of mobile devices and cutting-edge data collection technologies. With the
widespread adoption of GPS-enabled smartphones and other mobile devices, an invaluable
resource known as Mobile Device Location Data (MDLD) has become available [13]. This data
source captures the movements and locations of individuals with unprecedented precision and
continuity throughout their daily routines [14]. In contrast to conventional travel surveys, which
rely on sporadic and self-reported data, MDLD distinguishes itself by accurately documenting the
precise locations and movement trajectories of individuals throughout their daily routines [15].
This continuous influx of high-resolution location data provides an intricate portrayal of travel
behaviors, showcasing origin and destination points, travel routes, and durations spent at specific
sites. Through extended data collection periods, MDLD unveils the temporal dynamics of travel
patterns, revealing differences between weekdays and weekends, peak and off-peak hours, and
even seasonal variations in travel habits [16]. Additionally, MDLD illuminates recurring travel
behaviors, exposing habitual routes and preferred modes of transportation among individuals,
along with their frequently visited destinations [17].

This research aims to explore how MDLD can enhance our understanding of key issues
such as data fusion, travel behavior analysis, road congestion, and the environmental impacts of
mobility, contributing to more sustainable, efficient, and data-driven transportation planning and

policy-making.



1.2 Objectives

This dissertation aims to explore and utilize the potential of MDLD to advance sustainable

and efficient travel analysis. Specifically, the objectives of this research are to:

1y

2)

3)

4)

Develop and implement probabilistic record-linkage techniques to merge MDLD with
traditional travel survey data, creating comprehensive datasets that combine detailed trip
characteristics with socio-demographic information.

Utilize longitudinal MDLD datasets to examine travel behavior responses to economic factors,
with a focus on quantifying the relationship between vehicle miles traveled (VMT) and
gasoline prices, providing insights into travel behavioral responses to economic factors.
Investigate changes in road congestion and driving behavior in the post-pandemic era by
examining how teleworking-related shifts in trip frequency, trip distance, spatial travel patterns,
and travel timing contribute to congestion dynamics across weekdays and weekends.

Develop a trip-based framework for estimating transportation-related greenhouse gas (GHG)
emissions using MDLD, integrating trip-level distance and timing information with vehicle
fleet characteristics and emission factors, and incorporating uncertainty in unobserved vehicle
attributes to support behaviorally informed environmental policy and emissions reduction
strategies.

Through these objectives, the research seeks to address critical knowledge gaps and

provide actionable insights for policymakers and planners in the era of big data and digital mobility

solutions.



1.3 Contributions

This dissertation contributes to the growing body of knowledge on leveraging Mobile

Device Location Data (MDLD) for advanced transportation analysis and planning in several key

ways:

1y

2)

This study introduces a novel approach to integrating MDLD with traditional travel survey
data, exemplified by the Regional Travel Survey (RTS), using probabilistic record linkage
methods. The integration addresses the limitations of traditional travel surveys—such as small
sample sizes and short observation periods—by linking the geospatial precision and continuous
temporal coverage of MDLD with the demographic richness of survey data. The resulting data
panels capture detailed travel patterns, including peak-hour commutes, off-peak travel, and
non-home-related trips, while providing insights into daily, weekly, and seasonal variations.
Additionally, the combined dataset offers a longitudinal perspective on travel habits, enabling
an unprecedented level of analysis that is both comprehensive and temporally robust,
enhancing our understanding of individual and population-level travel behaviors.

This research demonstrates the utility of MDLD in constructing high-resolution longitudinal
datasets to analyze travel behavior and its sensitivity to external factors such as socioeconomic
conditions, land use, and gasoline prices. Using MDLD from the Washington, DC metro area,
both individual-level and geographic pseudo-panels (at block-group and census-tract levels)
were developed, enabling robust and granular analysis. By incorporating fine-grained gasoline
price data at the station level and leveraging advanced panel data modeling techniques, the
study evaluates how daily vehicle miles traveled (VMT) responds to changes in gasoline prices
and other variables. The analysis confirms that VMT from MDLD exhibits expected

relationships with community characteristics, infrastructure, and land use, validating its quality
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and applicability for behavioral research. The study also explores how VMT elasticity varies
with respect to gasoline prices, finding patterns consistent with economic theory and prior
research. Additionally, it distinguishes the impact of gasoline prices on commute versus non-
commute travel, highlighting differential effects. These findings underscore the potential of
MDLD as an independent and complementary data source to traditional surveys, offering
unparalleled opportunities to explore travel patterns and their economic and environmental
determinants with exceptional temporal and spatial precision.

This study provides new empirical evidence on post-pandemic road congestion dynamics using
high-resolution mobile device location data. By leveraging longitudinal MDLD and consistent
origin—destination (OD) pairs across multiple time periods, the research disentangles changes
in travel demand, trip distance, and spatial travel patterns before, during, and after the COVID-
19 pandemic. The findings demonstrate that increased post-pandemic congestion is driven less
by a recovery in trip frequency and more by shifts toward longer-distance, more spatially
dispersed trips and changes in travel timing associated with teleworking. This contribution
advances the understanding of how evolving work arrangements reshape congestion patterns
and highlights the limitations of relying solely on aggregate traffic volumes to assess system
performance in the post-pandemic era.

This study develops a trip-based framework for estimating transportation-related greenhouse
gas emissions that enables behaviorally grounded and spatially resolved emission analysis. By
integrating MDLD-derived trip-level distance and timing information with spatially resolved
vehicle fleet characteristics and emission factors, the framework estimates resident-based CO:
emissions while explicitly accounting for uncertainty in unobserved vehicle attributes. The

proposed approach allows emissions to be attributed to travel behavior, trip purpose, and



5)

origin—destination flows, providing insights into who generates emissions and why.
Comparisons with traditional roadway-based inventories demonstrate that MDLD-based
estimates are consistent at aggregate levels while offering additional behavioral and spatial
detail, supporting more targeted and efficient transportation climate policy analysis.

This study utilizes high-quality MDLD with extensive spatial and temporal coverage, making
it a unique and valuable resource for transportation analysis. The MDLD is sourced from
multiple leading providers of passively collected passenger travel data, capturing travel
patterns from over 15% of the U.S. population. With a temporal coverage spanning the entire
years of 2019 through 2022, this dataset provides a rich opportunity for longitudinal analysis,
enabling the examination of travel behavior changes across four years. This extended time
frame offers valuable insights into evolving transportation trends, particularly in the post-

pandemic era.

1.4 Organization

This dissertation is organized into seven chapters. Chapter 2 provides a comprehensive review of

the literature on the use of MDLD in transportation analysis, including its advantages over

traditional data sources, challenges, and the potential for integrating MDLD with other datasets.

Chapter 3 explores data fusion techniques, focusing on how MDLD can be combined with

traditional travel survey data, such as the Regional Travel Survey (RTS), to improve travel

behavior analysis. Chapter 4 examines the impact of gasoline prices on VMT using MDLD,

analyzing how fluctuations in fuel prices influence travel patterns and exploring factors like

socioeconomic characteristics and land use. In Chapter 5, we investigate changes in road

congestion and driving behavior in the Washington, D.C. region before, during, and after the



COVID-19 pandemic. Using longitudinal MDLD and consistent OD pairs, this chapter examines
how shifts in trip frequency, trip distance, spatial travel patterns, and travel timing, particularly
those associated with teleworking, contribute to post-pandemic congestion dynamics. Chapter 6
presents a trip-based framework for estimating transportation-related GHG emissions by
integrating MDLD-derived trip information with vehicle fleet characteristics and external datasets.
This chapter evaluates emission patterns across space, time, and trip purpose, compares MDLD-
based estimates with traditional roadway-based inventories, and highlights the behavioral drivers
of emissions. Finally, Chapter 7 concludes the dissertation by summarizing the key findings,

discussing the contributions of the study, and suggesting directions for future research.



2. Chapter 2: Literature Review

2.1 Mobile Device Location Data in Transportation Research

2.1.1 Travel Surveys and Traffic Monitor Data

Two foundational data sources in transportation research are travel surveys and traffic
monitoring systems, each offering distinct capabilities and limitations. Travel surveys, typically
conducted by local and national governments, gather information on trips taken by travelers over
a specific travel day. These studies typically collect data from a sample of households regarding
their socio-demographic characteristics, including work status and work commute, and the
vehicles available to them, and request the survey participants to maintain a diary of all the travel
activities undertaken by each member of the household on a given day [4]. Initially conducted
through in-person interviews, these surveys transitioned to computer-assisted telephone interviews
and, more recently, online formats [5, 6]. Traffic monitors, such as inductive loop detectors, video
detection systems, and microwave radar sensors, are commonly installed along freeways or at
intersections to collect data on traffic speed, volume, density, and vehicle classification [18].

Both data sources have their strengths. Travel surveys provide self-reported travel data
with detailed background information, ensuring accurate locations of trip ends, modes, and
purposes, and reducing the need for imputation of key trip attributes [19, 20]. Traffic monitors,
being mature technologies, can continuously monitor traffic conditions 24 hours a day, offering
precise and real-time information [21]. However, they also have limitations in analyzing travel
behaviors. Travel surveys are prone to reporting and nonresponse biases [10, 11], are limited to
specific timeframes (usually only a day or short period) [12], and often rely on relatively small

sample sizes [3]. In addition, national or local personal travel surveys are conducted infrequently
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(every 5-8 years), and each wave covers different households than the previous ones, making it
impossible to observe how travel habits change with someone’s economic and personal
circumstances and stock of vehicles [1, 22]. Traffic monitors, on the other hand, always face the
challenge of high installation and maintenance costs. The systems often have limited spatial
coverage, focusing mainly on major roads while neglecting smaller streets and rural areas [23].
Additionally, traffic monitors provide only a snapshot of traffic conditions without detailed origin-
destination (OD) information, making it difficult to fully understand travel behaviors and patterns
for comprehensive transportation planning [21, 24]. These limitations have motivated growing
interest in alternative data sources, particularly Mobile Device Location Data, as discussed in the

following section.

2.1.2 Mobile Device Location Data (MDLD)

Table 2-1 Mobile Device Location Data for Mainstream Use

MDLD Example Spatial Temporal Frequency Accuracy
Coverage coverage of collection
GPS GPS-based travel Low Low High High
data survey; GPS Data
without User
Recall
Cellular  Call Detail Record High High Low Low
Data (CDR); sightings
LBS Smartphone High High Low High
data activities

For transportation research purposes, MDLD can be broadly classified into three categories:
Global Positioning System (GPS) data, Cellular Data, and Location-Based Service (LBS) data.
Error! Reference source not found. compares these data types across key dimensions including

spatial coverage, temporal coverage, and collection frequency.
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GPS data has been integrated into travel surveys since the late 1990s [25, 26]. Early
implementations relied on in-vehicle GPS loggers that recorded location at approximately one-
second intervals during vehicle movement [27]. While efficient, this approach was limited to
motorized trips, leaving walking, cycling, and other non-motorized activities unrecorded.
Subsequent surveys addressed this gap by introducing wearable GPS loggers capable of capturing
the full range of travel activities [28, 29]. More recently, smartphone applications running in the
background have largely replaced dedicated hardware, offering greater portability and ease of use
[30]. Beyond survey contexts, GPS data without user recall is also widely deployed for real-time
traffic speed estimation and travel time monitoring [31, 32].

Cellular data encompasses two primary forms: Call Detail Records (CDR) and sightings
data. CDR, the more widely used of the two, logs the location of the nearest cell tower at the time
of a call or text [33-35]. Sightings data, though less common, offers finer spatial resolution by
estimating user location through triangulation across multiple towers [33]. Both forms have been
applied extensively in studies of individual human mobility patterns [34-36].

LBS data has gained increasing prominence alongside the proliferation of smartphones.
Unlike GPS or cellular data, LBS data draws on multiple positioning technologies simultaneously
— including Bluetooth, Wi-Fi, GPS, and cellular networks — selecting the most accurate source
available at any given moment [33]. This results in high locational accuracy and low location
recording intervals (LRI), making LBS data the dominant source for both academic mobility
research and commercial data applications [37-39].

Each data type carries distinct trade-offs. GPS-based travel surveys offer the highest
collection frequency and precision, but are constrained by limited spatial and temporal coverage

due to their reliance on recruited participant samples. Cellular and LBS data, by contrast, achieve
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broad geographic and temporal coverage since the vast majority of mobile users engage with calls,
messaging, or location-based applications on a near-daily basis. Together, these complementary

MDLD sources offer a rich, multi-perspective lens on human mobility and destination choice.

Despite these strengths, MDLD presents notable limitations. Most critically, it lacks
explicit demographic information, which constrains its standalone utility for comprehensive travel
behavior analysis [40]. Demographic attributes, such as age, employment status, household size,
and income, are well-established determinants of travel patterns, influencing trip frequency,
purpose, mode choice, and distance [41, 42]. Integrating MDLD with traditional travel surveys,
such as the Regional Travel Survey (RTS), offers a pathway to address this gap. Current
approaches to such integration fall into two broad directions. The first involves GPS-based travel
surveys in which participants use wearable devices [43] or smartphone applications [30] to record
their activities alongside self-reported demographic information, yielding reliable and detailed data,
though subject to the same volunteer sampling biases as conventional surveys [44]. The second
approach applies population synthesis techniques to infer socio-demographic attributes from
aggregated census data [45], though this method depends on the availability of a demographically

known sub-sample of location data, which is often difficult to obtain[46].

2.2.2 Imputation of Missing Information Based on MDLD

While MDLD offers more frequent and precise location records than traditional travel
surveys, it typically lacks the ground truth information that surveys provide — such as travel mode,
trip purpose, and users' home and work locations. These attributes are essential inputs for core

transportation applications including travel demand modeling, traffic assignment, and accessibility
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analysis. A growing body of methodological research has emerged to address these gaps, broadly
organized around four imputation tasks.

1) Home and Work Location Identification

Identifying home and work locations serves as a foundational step in analyzing human
activity patterns [47]. The process typically begins by grouping geographic coordinates into
candidate activity centers using either rule-based [48, 49] or clustering-based methods [50, 51].
These candidate locations are then classified by type using one of two general approaches: context-
based or behavior-based methods [52].

Context-based methods infer the nature of an activity center from its surrounding
environment, drawing on land-use characteristics and nearby points of interest (POI) [53, 54].
Behavior-based methods, which are more widely applied, classify activity centers according to
observed patterns such as arrival time, dwell time, and visit frequency [55]. Home locations are
generally identified as places where individuals spend the greatest total time, particularly during
nighttime hours, while work locations are associated with extended daytime stays and frequent
visits [52, 56-58]. Pan (2023) [59] refined this framework by incorporating both overall and
nighttime hours for home identification, and introducing a temporal similarity ratio for work
location detection — specifically to avoid misclassifying frequently visited locations near home
as workplaces. Given that MDLD rarely contains personal identifiers, behavior-based methods
remain the most practical approach for this task.

2) Trip End Identification
Accurately detecting trip ends from location data is a prerequisite for analyzing travel behavior,
route choice, and transportation demand [60]. he conventional approach relies on rule-based

methods, in which domain experts define parameters — such as dwell time thresholds and speed
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cutoffs — that are applied sequentially to location points to determine where trips begin and end
[61-63]. More recently, supervised machine learning methods have been introduced as a
complement to rule-based approaches, classifying individual location points as either stationary or
in motion [64-66]. Clustering algorithms offer another avenue, inferring trip ends by first
identifying activity locations within the data [50, 51, 67, 68]. One recent study combined
spatiotemporal clustering with three optimization models to improve trip end detection [68]. For
LBS data specifically, a "Divide, Conquer and Integrate" (DCI) framework has been proposed to
extract mobility patterns from the bimodally distributed data structure of the Puget Sound region,
merging rule-based and incremental clustering methods and validating results against household

travel surveys at the census tract level [69].

3) Travel Mode Imputation

Methods for imputing travel mode from MDLD generally fall into two categories: trip-based and
segment/point-based approaches. Trip-based methods operate on already-identified trips,
assigning a single mode to each trip [70]. Segment-based methods divide location data into fixed-
length intervals by time or distance, impute a mode for each segment, and then merge consecutive
same-mode segments into unified trips [71]. Speed and acceleration are among the most
consistently useful features across both approaches [70-75]. When the Location Recording Interval
(LRI) is below approximately 10 seconds, these kinematic features alone are often sufficient for
accurate mode classification. At higher LRIs — around 30 seconds — supplementary features such
as real-time transit information [71], multimodal network data [70, 71], or sociodemographic

attributes [74] are typically incorporated to maintain accuracy. Yang et al. developed a hybrid
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model combining heuristic rules with a random forest classifier to distinguish among six modes:

driving, bus, rail, walking, cycling, and air travel [76].

4) Trip Purpose Imputation

Trip purpose imputation from MDLD is framed as a classification problem, with methods falling

into three broad categories [48, 77]:

¢ Rule-based models apply predefined heuristic rules to selected features to assign trip purposes
[78, 79]. Valued for their simplicity and interpretability, these models were prominent in early
research, though their limited transferability across contexts has constrained their broader

adoption [77].

e Probabilistic models estimate the likelihood of each possible trip purpose rather than
assigning a deterministic label. For example, rather than selecting the nearest POI as a trip

destination, these models calculate destination probabilities as a function of distance [80].

e Machine learning models have increasingly outperformed both rule-based and probabilistic
approaches over the past two decades. Decision trees, random forests, artificial neural networks,
and support vector machines have all been applied as primary classifiers [81-84]. A key
consideration in these models is the construction of balanced training and test sets, with equal

representation of each trip purpose being the most common strategy [83].

In this study, an efficient algorithm that accounts for device residency and worker status is applied

to impute work and non-work trip purposes from MDLD [85].
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2.2 Vehicle Miles Traveled (VMT) and Economic Sensitivity

2.2.1 Tracking VMT

Tracking mobility and miles traveled — whether by private car or other means of transport
— is a major focus of transportation agencies and in transportation research, and serves as a key
input for origin-destination modeling [86, 87], infrastructure planning [88, 89], accident prevention
[90, 91], fuel efficiency regulations [92], and energy forecasts and emissions calculations [93, 94].

As discussed in Section 2.1.1, travel surveys have historically been the primary tool for
measuring personal vehicle miles traveled (VMT) at both the national and local levels [95].
Previous studies of personal, household, and neighborhood-level VMT have largely relied on these
surveys [96-99]. In recent years, trip distances have been measured more precisely using mapping
software based on respondent-reported origins and destinations — as in the 2017 NHTS, which
uses the Google Maps API — or through GPS-enabled devices installed in vehicles, as adopted in
VMT-tax programs in states such as Oregon and Virginia.

However, as noted in Section 2.1.1, these surveys are conducted infrequently (every 5-8
years) and cover different households across waves, making it impossible to track how individual
travel habits evolve alongside changes in personal circumstances, income, or vehicle ownership.
Single-day travel diaries have also been criticized as inadequate for constructing reliable annual
VMT estimates [12, 100], and reporting bias may further compromise data quality [10].

The emergence of MDLD over the past decade has opened new possibilities for VMT
tracking, as outlined in Section 2.1.2. A key advantage of MDLD is its ability to follow the same
device continuously over time, enabling near-continuous monitoring across many days and trips.

Given near-universal mobile phone ownership, these datasets often encompass thousands of
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devices tracked over extended periods [14] , offering a level of temporal depth and scale that
traditional surveys cannot match.

Researchers have begun leveraging these advantages for VMT estimation. Zhang et al. [24]
examined the feasibility of estimating local road VMT from GPS trajectories collected from a
small device sample. Calabrese et al. [36] used large-scale mobile tracking data to measure
individual VMT, though their triangulation-based positioning introduced relatively large spatial
errors. More recent work has scaled these efforts to the state and national level [101-103], and
some studies have constructed nationwide annual origin-destination matrices [104].

Despite this progress, research on using large-scale MDLD to estimate personal or
neighborhood-level VMT remains limited. This gap likely reflects the anonymous nature of
MDLD, which arrives without personal identifiers and requires heuristic rules and assumptions to
infer home and work locations, trip origins and destinations, travel modes, and trip purposes. The

computational demands of processing raw location data at scale present an additional barrier.

2.2.2 Elasticity studies on VMT

The relationship between socioeconomic factors, fuel prices, and vehicle miles traveled
(VMT) is complex and multifaceted. Fuel prices themselves play a significant role in shaping VMT.
Research has shown that a 10% increase in average gasoline prices can lead to reductions in annual
VMT of 0.86% to 2.65% [105]. This is further supported by a study finding that a 10% increase in
fuel prices would reduce driving by approximately 2% in the long term [106]. The short-run fuel
price elasticity of VMT, estimated at -1.71, underscores a strong immediate response to fuel price
changes, with households quickly adjusting their travel patterns in reaction to rising costs [107].

Several studies have examined how socioeconomic factors influence VMT. It is

consistently demonstrated that higher-income households exhibit greater elasticity in response to
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fuel price changes compared to lower-income households. For example, one analysis found that
the highest income groups had fuel price elasticities ranging from -0.41 to -0.35, while the lowest
income group displayed an elasticity of -0.24 [108]. This greater sensitivity among wealthier
households may stem from their discretionary income and flexibility in travel choices, making
them more responsive to fluctuations in fuel prices. Similarly, wealthier households have been
found to be more elastic with respect to time costs than fuel costs, further influencing their VMT
behavior [109].

Another critical aspect influencing VMT is the rebound effect, wherein improvements in
fuel efficiency lead to increased travel as a behavioral response to lower per-mile costs. This occurs
because higher fuel economy reduces the per-mile fuel cost, incentivizing additional travel. The
effect is particularly pronounced among lower-income households, with estimates indicating a
rebound effect of 0.7 for the lowest income group [108]. Broader studies have found short- and
long-term rebound effects of approximately 8% and 20%, respectively, demonstrating the
persistent challenge of offsetting the benefits of fuel efficiency improvements [110].

Urban form also interacts with fuel prices to influence VMT. Households in low-density
neighborhoods, often characterized by higher incomes and more vehicles per driver, show varying
responses to gasoline price changes. While these households are less responsive to price changes
for work trips, they exhibit some sensitivity for non-work trips; for instance, a 1% increase in gas
prices results in a 0.171% reduction in non-work trip VMT. This suggests that urban form
moderates the relationship between fuel prices and travel behavior, with differences in density and
land use shaping household responses [111].

While a substantial body of literature has examined the impact of socioeconomics and fuel

prices on vehicle miles traveled, these studies often rely on conventional travel surveys to produce
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personal or household-level VMT [108, 111-115], and for these reasons their sample sizes have
been small and/or they have lacked a longitudinal component. Another important difference
between this work and earlier studies is that we have the weekly price of motor fuels from each
gas station in our study area. By contrast, the majority of the earlier studies have deployed state-
level [116] or Petroleum Administration for Defense Districts (PADDs)-level prices [117], which
assign the same price figure to locales in different states—a situation with a clear measurement

error in one key regressor.

2.3 Teleworking and Post-Pandemic Travel Behavior

2.3.1 Teleworking

The COVID-19 pandemic has fundamentally altered travel behavior worldwide, with
teleworking emerging as one of the most significant and lasting changes [118]. During the
pandemic, work-from-home arrangements were widely adopted to reduce physical contact, and in
many regions teleworking has persisted well beyond the acute public health phase [119, 120].
Evidence from regional and national surveys consistently shows both a substantial increase in the
share of workers who telework and a marked rise in telework frequency relative to pre-pandemic
levels. According to the 2022 State of the Commute (SOC) Survey Report from the Metropolitan
Washington Region, 2.14 million regional commuters—66% of the total—were teleworking at
least occasionally in 2022, nearly double the 1.07 million (35%) recorded in 2019 before the
pandemic, and the average telework frequency rose, nearly tripling from 1.2 telework days in 2019
to 3.37 telework days in 2022 [2, 121]. These shifts reflect not only temporary responses to health
risks but also longer-term changes in work culture, supported by perceived benefits for both

employees and employers.
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From the employee perspective, teleworking reduces commuting time and costs, offers
greater flexibility in residential location choice, and improves work—life balance [122]. Employers
similarly benefit from reduced office space and operational costs, improved employee satisfaction,
and access to a broader labor pool [123]. As a result, teleworking has become embedded in many
labor markets, raising important questions about its long-term implications for travel demand and
transportation system performance.

A critical dimension of teleworking's transportation implications is the uneven distribution
of telework-compatible jobs across occupations and industries. Knowledge-intensive sectors such
as finance, technology, and professional services have the highest shares of teleworkable positions,
while industries such as construction, manufacturing, and retail remain largely place-dependent
[124].

The rise of hybrid work arrangements — in which employees split their time between home
and the office — has emerged as the dominant post-pandemic work model and carries distinct
transportation implications compared to full remote work. Unlike fully remote workers who
eliminate commute trips entirely, hybrid workers retain regular commuting patterns but shift them
temporally, contributing to the redistribution of peak-period demand rather than its elimination
[125]. Evidence suggests that hybrid workers tend to concentrate office visits on midweek days,
compressing demand into Tuesday—Thursday peaks while leaving Monday and Friday relatively
quiet [126].

Teleworking has also been associated with residential relocation, as reduced commuting
frequency loosens the geographic constraints on residential location choice. Some workers have
taken advantage of remote work flexibility to relocate farther from employment centers, trading

shorter commutes for larger homes or lower costs of living [127]. While this may reduce individual
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commute frequency, it increases average trip distances when workers do commute, with

implications for VMT and emissions that partially offset the benefits of fewer commute days.

2.3.2 Post-COVID Congestion

Early expectations in the literature suggested that widespread teleworking would lead to
sustained reductions in traffic congestion by eliminating or reducing daily commute trips. Several
studies hypothesized that fewer peak-period commute trips would ease pressure on roadway
networks, particularly in large metropolitan regions [ 128, 129]. However, emerging post-pandemic
evidence has complicated this narrative. Despite persistent reductions in traditional commuting,
many regions have experienced a rebound, or even an increase, in congestion relative to pre-
pandemic conditions [130, 131]. Reporting from the Washington Post (September 2023) indicated
that traffic volumes along major highways in the Washington region are rising, with many drivers
experiencing increased difficulty navigating the area due to more crowded roads than before the
pandemic [132]. The article suggests that a key reason for this trend is the significant reduction in
public transit ridership, contributing to greater reliance on private vehicles. Transit ridership in
major U.S. cities has recovered only partially from pandemic-era lows, with the overall ridership
in September 2023 at 74 percent of September 2019 levels [133]. This trend is further corroborated
by comparisons of the 2019 and 2022 SOC Survey Reports from the Metropolitan Washington
Region, as well as between the 2017 and 2022 National Household Travel Survey (NHTS) at the
national level [2, 22, 121, 134].

Academic studies from diverse international contexts further reinforce this complexity. For
instance, Loo et al. analyzed the congestion index (CI) during peak hours in Hong Kong and found
that the afternoon peak was not significantly affected by work-from-home policies in many areas

[135]. Similarly, Xu et al. studied hourly average speeds in traffic analysis zones in Shanghai and
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found that congestion had either recovered or even exceeded pre-pandemic levels in central areas
[136]. U.S.-based evidence corroborates this pattern of congestion recovery and intensification.
Studies analyzing traffic volume data from major metropolitan areas have documented that while
peak-period volumes remain below pre-pandemic levels, consistent with reduced commuting,
midday and weekend traffic has recovered more rapidly and in some cases surpassed 2019
benchmarks [137-139]. The growth of weekend congestion has received particular attention as a
distinguishing feature of post-pandemic travel patterns. Prior to the pandemic, weekend traffic was
generally lower and more diffuse than weekday traffic in most metropolitan regions. Post-
pandemic evidence indicates that this gap has narrowed or reversed in some areas, as the
redistribution of discretionary travel and the decoupling of work and commute schedules have
elevated weekend travel demand [137-139].

These findings challenge the assumption that reduced commuting alone is sufficient to
alleviate congestion and point instead to broader structural changes in travel behavior, which this

dissertation examines in the context of the Washington, D.C. metropolitan region.

2.4 Transportation-Related Greenhouse Gas Emissions

Transportation is the largest source of greenhouse gas (GHG) emissions in the United
States, accounting for nearly one-third of total GHG, predominantly in the form of carbon dioxide
(CO2) [140]. Quantifying these emissions accurately and continuously is critical for evaluating
policy effectiveness, supporting regional climate action plans, and monitoring progress toward
decarbonization goals. Effective mitigation policies require not only accurate measurement of total
emissions, but also a clear understanding of the sources and spatial distribution of emissions, the

populations responsible for producing them, and the travel behaviors that drive them [141-143].
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However, existing emissions inventory frameworks remain limited in their ability to answer these
policy-relevant questions.

The U.S. Environmental Protection Agency’s MOtor Vehicle Emission Simulator (EPA’s
MOVEYS) is the primary tool used for on-road emissions estimation in the United States [144].
MOVES calculates emissions based on vehicle activity occurring within a specified geographic
area, incorporating inputs such as vehicle miles traveled (VMT), fleet composition, road types,
speeds, and environmental conditions [145]. This framework provides robust and widely accepted
estimates of emissions at multiple spatial and temporal scales and is extensively used for regulatory
compliance, transportation conformity analysis, and regional planning.

Despite these strengths, MOVES and similar roadway-based inventories are fundamentally
location-based and operating-oriented. Emissions are attributed to where vehicles operate on the
roadway network rather than to the origins, destinations, or purposes of trips [ 144, 146]. As aresult,
emissions are accurately quantified by where they occur on the roadway network but remain
behaviorally anonymous, limiting the ability to attribute emissions to specific travel patterns,
populations, or underlying socioeconomic drivers [147, 148]. This limitation constrains the design
and evaluation of targeted mitigation strategies, including land-use planning, demand management,
transit investment, and equity-focused climate policies [149].

Beyond roadway-based inventories, a growing body of research has sought to link
transportation emissions directly to travel behavior at the trip, household, or individual level. These
approaches leverage activity-based models, GPS trajectory data, and household travel surveys to
attribute emissions to specific trip purposes, origins, destinations, and traveler characteristics [150,
151]. Such behavioral emissions frameworks offer a richer picture of the demand-side drivers of

transportation GHGs, enabling more targeted policy interventions such as congestion pricing, land-
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use intensification near transit, and mode-shift incentives [152, 153]. However, these approaches
have historically been constrained by the same data limitations that affect travel demand modeling
more broadly, namely, small sample sizes, limited temporal coverage, and the absence of
continuous longitudinal tracking [154, 155].

Vehicle fleet composition and fuel economy are critical moderating factors in the
relationship between travel behavior and emissions. The ongoing electrification of the passenger
vehicle fleet introduces significant heterogeneity in per-mile emissions across vehicles, as electric
vehicles (EVs) produce zero tailpipe emissions while their lifecycle emissions depend on the
electricity generation mix [156, 157]. Conventional fleet fuel economy has also improved steadily
over the past decade, driven by federal CAFE standards and market trends toward more efficient
powertrains [158, 159]. Accurately capturing this fleet heterogeneity is essential for producing
reliable emissions estimates, and is a methodological consideration addressed explicitly in this

dissertation through the integration of MDLD with vehicle fleet and fuel economy data.
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3. Chapter 3: Data Fusion for Travel Analysis: Linking Travel
Survey and Mobile Device Location Data

This study proposes a novel approach to enhance travel behavior analysis through the
integration of MDLD and RTS datasets based on record linkage algorithms. Two distinct data
linkage approaches are utilized to connect individuals with similar travel behavior across datasets.
The resulting data panels offer comprehensive and accurate representations of travel behaviors
over multiple days, capturing not only peak-hour commutes but also off-peak travel and non-
home-related trips. Additionally, they include representative population demographics, enhancing
the overall richness and reliability of the dataset.

The primary objectives of this study are as follows:

1) To integrate MDLD and RTS datasets using two data linkage approaches: one based on a
probabilistic method and the other on similarity-based techniques.

2) To construct data panels that offer a longitudinal perspective on individuals' travel behaviors,
overcoming the limitations of traditional survey methods.

3) To evaluate the effectiveness of each data linkage approach in capturing accurate travel
patterns and compare the characteristics of the integrated data panels with the original RTS
and MDLD datasets.

4) To explore the representativeness of the data panels and discuss the implications of the findings
for transportation planning and policy development.

In the following sections, we present the data used for data linkage, the methodology
employed for panel construction, the results of the linking process, and a comprehensive analysis
of the data panels, discussing the implications and potential applications of our findings for

transportation planning and policy development.
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3.1 Data Description and Preprocessing

Figure 3.1 presents the methodological framework of this study. There are three major
components: Data Preprocessing of RTS and MDLD, Identification of individuals with similar

travel behaviors by two distinct approaches, and Construction of the data panel.
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Figure 3.1 Methodological Framework of Data Fusion
Two primary datasets are utilized to identify individuals with similar travel behaviors, and
construct the data panel: trips collected in the Regional Travel Survey (RTS), and trips imputed

from MDLD.

3.1.1 Regional Travel Survey (RTS)

The Regional Travel Survey (RTS) conducted by the Metropolitan Washington Council of
Government (MWCOG) from October 2017 through December 2018 collected demographic and

travel information from a randomly selected sample of households in the metropolitan Washington
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region. Key components in the RTS Dataset include household, person, trip, and vehicle files. Trip
details, including origin/destination, start/end times, mode of travel, and trip purpose are recorded.
Demographic information of individuals, such as age, gender, household size, income level, and

employment status are also included.

3.1.2 Mobile Device Location Data (MDLD)

The Mobile Device Location Data utilized in this study comes from a consistent national
mobility data panel produced by the University of Maryland (UMD) team from multiple data
vendors. While the MDLD provides valuable insights into travel patterns, the absence of
demographic data limits the ability to analyze the relationship between travel behavior and specific
demographic factors.

By combining the RTS's detailed demographic information with MDLD's high-precision,
long-term trip records, the research aims to create a unique dataset that can provide insights into
travel behavior trends and their connection to demographics at a broader scale. Anna Arundel
County in the State of Maryland is chosen as the case study in this paper. To ensure data accuracy
and relevance, both datasets were filtered to include only individuals and devices residing within
Anna Arundel County. Additionally, the analysis was limited to trips occurring solely within the
county, excluding any trips departing from or entering the county from different regions. It should

be noted that the methodology is scalable to regional, state or national level.

3.1.3 Data Preprocessing

The data record linkage requires that both datasets have the same structure and comparable
attributes. In the case of this study, the RTS already includes person information such as the census

tract of the home location, as well as trip details like census tract of origin/destination, start/end
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times, and more. However, the raw MDLD only contains location sightings with anonymized
device identifiers (ID), latitude and longitude coordinates, time stamps, and positioning accuracies.
To bridge this gap, a series of imputation algorithms are applied to derive the home location and
trip information for each individual in the MDLD dataset [85]. A behavior-driven approach is
utilized to identify devices’ home locations, which are imputed as the census tract where the device
is observed with the highest count of nights, hours, and sightings during nighttime [59].

For extracting trip information from the sightings, a tour-based method is employed. The
algorithm recognizes essential tours based on the daily life centers—such as a typical home-
destination-home tour composed of multiple trips between the daily life centers and other stops—
and further examines location observations within each tour to construct the complete chain of
trips. Between the major activity locations, the point-to-point travel time, distance, and speed from
the current location observation to the previous sighting and the next sighting are examined
through a recursive algorithm to identify the stops and trips. Finally, a daily trip roster is generated,
where for each trip, a unique trip identifier, start and end time, and coordinates of the origin and
destination are included.

Additionally, the MDLD dataset may contain data from one or multiple recorded days for
each device, while the RTS dataset records only one day for each person. To account for this
difference, one day is carefully selected for each device in the MDLD data. Specifically, the focus
is on including trips from the day with the highest number of recorded trips, as this day is deemed

to best represent the person and allows for meaningful comparisons between the datasets.
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3.2 Data linkage

In this research study, we present our methodology that builds upon the existing
conventional approach for data record linkage. Figure 3.2 visually represents the data record

linkage framework:
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Figure 3.2 Data Record Linkage Framework

The framework presented above encompasses the fundamental steps involved in any data
record linkage model, whether it is exact matching or supervised/unsupervised probabilistic
matching. These steps include indexing/blocking, similarity measurement, and linking decision.
However, each step may vary in its implementation across different record linkage models. The
selection of a specific model depends on various factors, such as the specific needs of the research,
the characteristics of the data, the availability of previous knowledge, and whether partially true

data is accessible for model training or not [160].
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After data processing step described in the previous section, these datasets are structured
at the trip-unit level, where each device/person may have one or more records representing the
total number of recorded trips. However, this data structure presents a unique challenge for the
matching process, given our aim to link persons/devices. Most matching techniques are commonly
applied to datasets involving entities with single records, such as health data records and other
administrative data sources [161-163]. To address the challenges posed by the trip-unit level data
structure in the matching process, we have developed two distinct approaches, both based on
probabilistic record linkage principles. In the following sections, before presenting the two
approaches, we provide a more detailed explanation of each of the record linkage steps that were

incorporated into both approaches.

3.2.1 Indexing/Blocking

The first step of data linkage is called indexing or blocking. This involves creating a list of
potential candidate pairs between the two datasets for the comparison in the subsequent step.
Initially, all possible pairs are formed into a matrix including all possible cases by exhaustively
trying every entity from dataset A with every entity from dataset B. However, this exhaustive
approach can result in significantly high computational time and reduce the algorithm's efficiency
in finding matches. To address this issue, a more efficient approach is employed by eliminating
many pairs through a process known as "blocking." Blocking involves grouping entities based on
certain criteria, such as shared attributes or properties [164]. For example, candidate pairs may
only be considered if they share the same zip code area. This way, the algorithm can reduce
unnecessary comparisons and focus only on potentially relevant matches, thereby improving its

efficiency. Blocking techniques are diverse and not constrained to merely grouping entities with
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identical attributes (Standard Blocking). In our study, we used Standard Blocking and we restricted

our comparisons to individuals/devices residing in the same home tract area.

3.2.2 Field Comparison

Following the indexing/blocking process, potential candidate pairs are compared for
similarity using selected attributes called "matching variables." These variables are common to
both datasets, and the comparison is done individually for each one. The results range from 0 to 1,
with 0 indicating no match, 1 indicating a perfect match, and any value in between representing
the degree of similarity. The similarity depends on the type of variables compared, such as string
values, numeric, date, time, or location. This study focuses on time and geographic variables.
Distances between departure and arrival times are computed in minutes, while distances between
departure and arrival locations are computed in kilometers for each candidate pair. These values
represent distances and are not similarity scores yet. To convert distances into similarity scores
ranging from O to 1, a linear decay function is used [165]. The process involves two tuning
parameters: "offset" and "scale." If a distance falls within the specified range, it gets a similarity
score of 1. However, if the distance value exceeds the offset, the score starts to linearly decay from

1 to O at a rate of 1/scale (Figure 3.3).
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Figure 3.3 Conversion of Distances to Similarity Scores using Linear Decay Function

The selection of tuning parameters in this study is driven by the desired accuracy level and
the allowable error defined by the user. For this investigation, the tuning parameters "offset" and
"scale" were set to 15 minutes and 25 minutes, respectively, for departure and arrival times.
Additionally, for departure and arrival locations, the tuning parameters "offset" and "scale" were
configured to 1 km and 3 km, respectively. We made these choices to the best of our ability. We
believe that the choices meet the specific accuracy requirements and permissible errors outlined

for the study.

3.2.3 Approach 1

The first approach uses a probabilistic method based on the Fellegi and Sunter theorem
[166] for record linkage. We adapt this method to the trip-unit level, which helps identify matching
trips among the datasets. All the previous steps were applied at the trip-unit level to compute
similarity scores across potential candidates. However, it is essential to note that these are
similarity scores, not probabilities. This is why we have chosen to use the Fellegi and Sunter

method to convert these similarity scores into probabilities of matching. To convert the similarity
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score into a match probability, Bayes' Theorem is applied. To do this, we require the following

information:

e P-Probability (Overall): This is the prior probability, which represents the expected proportion
of duplicates in a dataset before any comparisons are made between records.

e M-Probability (for each variable): P(Variable Matches | Record is a Match) is the probability
that two records with the same entity agree on the linkage variable.

e U-Probability (for each variable): P(Variable does not match | Record is not a match) is the
probability that two records with different entities agree on the linkage variable.

Unfortunately, none of this information is available in our case, as we lack ground truth
data or training data. Therefore, in approach 1, we estimated these parameters for each matching
variable using an unsupervised algorithm facilitated by the expectation/maximization algorithm
[167]. In the decision step, at the trip-unit level, matched trips are accepted if their similarity score
exceeds the specified threshold value of 0.5.

To find matches/links between devices and persons, we developed an algorithm that
leverages unique matches to establish connections between individuals or devices. Since the
matching at the trip level can result in multiple possible matches for each device/person, the
algorithm searches for the most unique connections, assuming that the most unique links are the

more reasonable matches.

3.2.4 Approach 2

The second approach is based on a similarity-based method. In this approach, we
restructured the dataset, transforming it from the trip-unit level to the person/device level. This
involved aggregating all trip information pertaining to each individual or device into a single trip

itinerary. Each trip itinerary is represented as a vector of one or more trips, with each trip including
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selected matching variables as departure and arrival times, as well as departure and arrival
locations in longitudinal and latitudinal format. By restructuring the data in this way, we create a
more manageable dataset that facilitates the application of similarity measures. To measure the
similarity between any candidate pairs, we have chosen to use the dynamic time warping algorithm
[168]. This algorithm calculates the distance between the two candidate pairs, taking into account
variations in the time and location axes. The resulting distance is then converted into a similarity
score using a linear decay function, similar to the tuning parameter used in approach 1. The
dynamic time warping technique is particularly effective in capturing patterns and similarities in
time-series data, making it well-suited for our trip-based datasets. This method has been widely
used in various data trajectory similarity studies [169-171]. In the decision step, we determine the
acceptance of matched devices based on a similarity score. Devices are linked if their similarity
score is equal to the maximum value and greater than or equal to a specified threshold value. For
this study, the threshold value was set to 0.5, meaning that candidate pairs with a similarity score
of 0.5 or higher are accepted as matches. By leveraging trip itineraries, we achieved direct linking
of devices to individuals without the need for the uniqueness algorithm utilized in approach 1.
For indexing/blocking and estimating probabilities (P, M, and U) in both approaches, we
utilized the 'recordlinkage' package in Python [165]. By incorporating these two complementary
approaches, the challenges posed by the original trip-unit level data structure can be effectively

addressed.

3.3 Data panel construction

Data panels are constructed for travelers linked by approach 1 and approach 2, respectively.
The trip records in the data panel are sourced from MDLD, which continuously captures trip

information over multiple days without reporting bias, providing a longitudinal perspective on
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individuals' travel behaviors. The demographic information, including age, gender, household size,
income level, and employment status, is obtained from RTS, where detailed and reliable
demographic data is reported. By integrating these two data sources, we combine geospatial
accuracy with detailed demographic information, addressing the limitations of both datasets and
enabling a more nuanced analysis.

In the next section, we will present and compare the different characteristics of the four
datasets: the original RTS, MDLD, and the panel data constructed with travelers linked by
approach 1 and approach 2. We will also discuss and analyze the effectiveness of the two linking

algorithms and the representativeness of the panel data.
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3.4 Results

3.4.1 Sample size, timespan, and trip rate of the data panel

Table 3-1 presents a summary of key statistics, including sample size, timespan, and trip
rate, for different datasets: RTS, MDLD, travelers linked by approach 1, and travelers linked by
approach 2. Note that the linkage process involved utilizing RTS and a representative day of
MDLD to identify linked travelers. Subsequently, the travel patterns of these linked travelers were
analyzed for the entire month to which the observed week belonged. This approach simulates the
construction of such data panel, allowing for longer-term tracking of travel behaviors using MDLD
data.

As shown in Table 3-1, MDLD originally covers a significantly larger sample size
compared to RTS, with 23,224 travelers observed within just one week. This number is over 16
times greater than the total number of travelers in RTS, which includes 1,383 individuals. The
substantial sample size in MDLD enhances the likelihood of finding travelers with similar travel
behaviors in both datasets. Consequently, approach 1 successfully matched 617 travelers from
MDLD with RTS, while approach 2 achieved 977 matches. These numbers represent
approximately 44.6% and 70.6% of the travelers in RTS, respectively. This suggests that
incorporating trip records from more days in MDLD could further increase the number of travelers
matched with RTS.

Table 3-1 Sample size, timespan, and trip rate comparison

RTS | MDLD | Linked approachl | Linked approach2
Number of travelers 1,383 | 23,224 | 617 977
Median number of days in a month | 1 10 10 13
Mean number of days in a month | 1 11.4 10.89 13.14
Median number of longest 1 4 3 5
consecutive days in a month
Mean number of longest 1 5.413 4.843 6.273
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consecutive days in a month
Median trips per day 2 2 2 2.5
Mean trips per day 2.837 | 2.772 2.215 3.140

One notable distinction is that RTS collects trip records for each responder on a single
travel day, while MDLD provides trip records for an average of 11.4 days per traveler in a month.
On average, the longest consecutive travel days observed for each MDLD traveler is 5.413 days.
This highlights one of the advantages of MDLD, as it captures daily, weekly, and seasonal
variations in travel behaviors due to its multiple-day coverage. For travelers linked by approach 1,
the average number of days is 10.89, and the average longest consecutive days is 4.843, both of
which are less than those in the entire MDLD dataset. Conversely, travelers linked by approach 2
show averages of 13.14 days and 6.273 longest consecutive days, both exceeding the entire MDLD
dataset. This indicates that approach 1 tends to link travelers with shorter timespans in MDLD to
RTS, while approach 2 is more capable of identifying travelers appearing over more days.

Regarding the trip rate, travelers in RTS are recorded to have an average of 2.837 trips per
day, which closely aligns with the average of 2.772 trips per day made by travelers in MDLD. It
should be noted that these numbers are slightly lower than the typical trip rate found in other
datasets. This discrepancy can be attributed to our exclusion, as mentioned in Section 2, of any
trips departing from or entering the county from different regions. This filtering step was applied
to ensure the accuracy and relevance of the data. Upon examining the travelers linked by approach
1, an average of 2.215 trips per day was observed. Conversely, travelers linked by approach 2
demonstrated an average of 3.140 trips per day. This suggests that approach 1 is more inclined to
identify individuals who undertake fewer trips, whereas approach 2 is better suited for detecting

more active travelers. Considering that approach 2 can also identify travelers appearing in more
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days, it is reasonable to assume that the data panel constructed based on the linking results from

approach 2 will include a higher proportion of active travelers.

3.4.2 Trip characteristics

1) Trip duration
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Figure 3.4 Density of trip duration in minute

Figure 3.4 illustrates the distribution of trip durations across the four datasets, with dashed
lines representing the respective means. The average trip duration in RTS is 14.8 minutes, closely
followed by MDLD with an average of 14.9 minutes, making the red and green dashed lines nearly
indistinguishable. However, variations are observed among linked travelers. Those linked by
approach 1 display an average trip duration of 17.56 minutes, indicating that although they make
fewer trips per day, their individual travel times are longer. Conversely, travelers linked by

approach 2 exhibit an average trip duration of 13.00 minutes, indicating a tendency for more
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frequent short trips per day. This pattern is consistent with the density curves, where the share of
short-duration trips (less than 15 minutes) for travelers linked by approach 1 (represented by the
blue curve) is significantly lower than that for travelers linked by approach 2 (represented by the
purple curve).

Furthermore, Figure 3.4 reveals that trip durations in RTS cluster around multiples of five
minutes (e.g., 5, 10, 15...), indicative of "reporting bias" or "rounding bias" commonly encountered
in surveys [172]. When respondents are asked to report specific trip details, such as start and end
times, they tend to round or approximate their responses to convenient intervals, like 5-minute
increments. In contrast, the density curves of trip duration in the other three MDLD-based datasets
appear smoother. This is due to the passive collection of travel information in MDLD, which does
not rely on self-reported data from survey respondents. Consequently, reporting bias is
significantly reduced or eliminated in MDLD, making it a valuable and reliable resource for
studying and understanding travel patterns and behaviors.

2) Time of day and day of week

The departure hour and arrival hour distributions of recorded trips are presented in Figure
3.5(a) and Figure 3.5 (b), respectively. Across all four datasets, a consistent trend is observed in
the temporal distribution, with significantly higher traffic volume during peak periods (7:00-9:00
and 15:00-18:00) compared to other times of the day. However, a noticeable discrepancy exists
between RTS and the other three MDLD-based datasets, with RTS reporting fewer trips during
off-peak hours, particularly during the night (21:00-5:00). This reveals the presence of off-peak
travel underreporting in travel surveys, wherein individuals tend to report fewer off-peak trips
compared to what is actually revealed in MDLD. This phenomenon has also been reported in other

studies [110].
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The reasons for off-peak travel underreporting in RTS may be twofold: Firstly, respondents
may have difficulty accurately recalling and reporting off-peak trips, especially if they occur
infrequently and are not as memorable as peak-hour travel. Secondly, compared to peak-hour trips,
respondents might perceive off-peak trips as less relevant or important, especially if they are part
of continuous activities or involve short distances, leading to their omission from the reported trips.

This underreporting of off-peak travel in RTS can lead to an imbalanced representation of
travel behavior, resulting in an underestimation of off-peak travel patterns. Consequently, RTS
may not fully capture the true extent and nature of off-peak travel activities. The higher proportion
of trips during midday and late night in MDLD-based datasets indicates that MDLD can be
advantageous in addressing this bias. By providing continuous tracking of travel behavior, MDLD
offers a more comprehensive and accurate representation of all travel activities, regardless of the
time of day.

Regarding the comparison between travelers linked by the two approaches, it is evident
that travelers linked by approach 2 exhibit a relatively higher share of off-peak trips and a lower
share of peak trips compared to travelers linked by approach 1. This suggests that approach 1 tends
to identify individuals following a more regular timetable throughout the day, while approach 2

captures a broader range of travel patterns, including more off-peak travel activities.
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40



Figure 3.6 presents the distribution of trips by day of the week. As RTS only includes
weekdays as travel days, Figure 3.6(a) displays the relative frequencies of trips during weekdays
for the MDLD-based datasets to facilitate a meaningful comparison. Meanwhile, Figure 3.6(b)
illustrates the distribution of trips for all seven days of the week in the three MDLD-based datasets.
This distinction highlights one of the major contributions of MDLD, as it overcomes the limitations

of self-reported surveys by providing continuous tracking of travel activities.
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Figure 3.6 Distribution of trips by (a) weekdays, and (b) weekdays and weekends

From Figure 3.6(a), it is evident that RTS records a higher proportion of trips on Monday
and Wednesday compared to MDLD, whereas MDLD records a higher proportion of trips on
Thursday and Friday compared to RTS. Figure 3.6(b) reveals that travelers linked by approach 1
make slightly more trips during weekdays and fewer trips during weekends compared to travelers
linked by approach 2. This finding suggests that approach 1 may tend to link more regular
commuters, who primarily travel on weekdays, while approach 2 captures a broader range of travel
patterns, including individuals who travel on both weekdays and weekends.

3) Home-based trips and heat map of trip destinations

42



¥ Home-based
B Non Home-based

Relative Frequencies

100%-
75%-
50%-
25%-

0%-

MDLD Linked approach1 Linked approachZ
Dataset

Figure 3.7 Proportion of home-based trips

The analysis highlights the variation in the proportion of home-based trips, as depicted in
Figure 3.7, which underscores the disparities in travel patterns captured by the RTS and MDLD
datasets. In RTS, the proportion of home-based trips is recorded at 81.67%, significantly higher
than the three MDLD-based datasets, where home-based trips constitute 61%-62% of the total.
This pattern corroborates the discussion in section 4.2.2, indicating that the design and limitations
of the RTS data lead to a primary emphasis on trips originating from home and then returning
home, which are common and essential travel patterns. As a result, other types of trips, especially
those made during off-peak hours for non-home-related purposes, are not adequately represented
in the RTS dataset. This omission leads to an incomplete picture of overall transit use and may
result in an underestimation of traffic volume during off-peak periods. Therefore, by integrating
MDLD into the analysis, researchers can gain valuable insights into the full spectrum of travel

patterns, enabling more accurate and inclusive assessments of traffic volume during both peak and
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off-peak hours. The proportions of home-based trips for travelers linked by approach 1 and
approach 2 are both similar to the proportion observed in the entire MDLD dataset. This indicates
that the linkage algorithm employed in the study does not introduce bias in terms of home-based

trips.




Figure 3.8 Heat maps of destinations of trips in (a) RTS, (b) MDLD, (c) travelers linked by
approach 1, and (d) travelers linked by approach 2

Figure 3.8 presents heat maps of trip destinations from the four datasets, with a focus on
trips within Anna Arundel County as mentioned previously. The spatial distribution of trip
destinations is found to be generally consistent across all four datasets. Annapolis, the county's
largest city, emerges as a prominent hotspot, along with other densely populated towns like Glen
Burnie and Crofton. This observation reinforces the reliability and validity of the MDLD data and
the linkage approaches employed in the study, as the trip destinations exhibit a reasonable and
coherent spatial pattern.

However, there is still a noticeable discrepancy between the heat maps of RTS and MDLD.
In RTS, trip destinations appear to be more discrete, with certain rural areas showing no trip
records (evident in the bottom left area of the map). Conversely, the MDLD-based datasets exhibit
a more widely distributed pattern, covering nearly all areas within Anna Arundel County. This
difference may be attributed to the fact that RTS has a smaller sample size compared to MDLD,
with trip records collected for a single day for each participant. Consequently, trips made in some
rural areas are likely underreported in RTS. MDLD, on the other hand, emerges as a promising
data source to address this limitation. By providing continuous movement records over multiple
days and encompassing a larger sample size, MDLD offers a more comprehensive representation
of travel behavior. This comprehensive coverage ensures that trips made in various areas, including
rural regions, are adequately captured, leading to a more accurate depiction of spatial travel

patterns within the county.
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3.4.3 Socio-Demographics

This section presents the results of socio-demographics for the individuals residing within
Anna Arundel County in RTS, individuals linked by approach 1, and individuals by approach 2.

Figure 3.9 illustrates the age distribution across the three datasets, with dashed lines
representing the respective means. The average age in RTS is 43.34 years old, which matches the
average age of individuals linked by approach 1. Individuals linked by approach 2 exhibit a slightly
older average age of 44.13 years old. While there are some slight differences in age distribution
among the three datasets, such as more individuals between 45-60 years old and fewer individuals
between 25-45 years old in individuals linked by approach 1, the Kolmogorov-Smirnov Test
reveals that the p-values for comparing the entire RTS with individuals linked by approach 1 and
approach 2 are 0.7851 and 0.9155, respectively. Both p-values are significantly greater than 0.05,
indicating insufficient evidence to reject the null hypothesis that these datasets do not come from
the same age distribution. Figure 3.10 displays the gender distributions across the three datasets,
showing similar proportions with approximately 52% of individuals being female and 48% being
male in all datasets. Figure 3.11 shows the race distributions, with the highest percentage of
individuals being white, accounting for nearly 80% across all datasets. The distribution of
employment status is presented in Figure 3.12, demonstrating comparable patterns among the three
datasets. More than 50% of individuals in all datasets are workers. It is notable that the percentage
of workers among individuals linked by approach 1 and approach 2 is higher than in the overall
RTS. This finding may be attributed to the fact that workers generally make more trips than non-
workers, increasing their likelihood of being linked with MDLD, given that the linkage algorithms

are based on trip characteristics.
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In conclusion, the distribution of various socio-demographic attributes across the three
datasets is generally similar, suggesting that the data panel constructed by the linkage algorithm
exhibits comparable demographic characteristics to the original RTS. Thus, it can be considered
as representative of the population, similar to the RTS dataset itself. The consistency in socio-
demographic profiles enhances the validity and applicability of the data panel for studying travel

behavior and making informed decisions in transportation research and planning.

3.4 Discussion

This chapter proposed and implemented a novel approach to enhance travel behavior
analysis by integrating Mobile Device Location Data (MDLD) with the Regional Travel Survey
(RTS) datasets. Our goal was to address the limitations of traditional travel surveys and leverage
the advantages of MDLD to create more comprehensive and accurate representations of
individuals' travel behaviors. Two distinct data linkage approaches were utilized to connect
individuals across datasets with similar travel characteristics, resulting in the construction of data
panels that provide valuable insights into travel patterns.

MDLD offered continuous and high-resolution information on individuals' movements
over multiple days, providing a detailed and accurate picture of daily, weekly, and even seasonal
travel activities. By combining this geospatially accurate data with the rich demographic
information from RTS, our data panels provided comprehensive and reliable representations of
travel behaviors. Our approach captured not only peak-hour commutes but also off-peak travel and
non-home-related trips, shedding light on previously underreported travel behaviors and offering
a more holistic view of individuals' travel patterns. This comprehensive dataset also allowed us to
analyze travel behaviors over extended periods, providing a longitudinal perspective on travel

habits that was challenging to achieve with traditional survey data.
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While our approach showed significant promise, it is essential to acknowledge some
limitations. While MDLD provides continuous location data, there may still be gaps in the dataset
due to factors such as poor network coverage, battery depletion, or device malfunctions. The
effectiveness and accuracy of the home location identification and trip imputation algorithm also
needs further validation. The data linkage process also presents challenges, particularly in dealing
with multiple possible matches at the trip level. Our algorithm addressed this by leveraging unique
matches to establish connections between individuals or devices. While this approach was
effective, it is crucial to further explore and refine data linkage methods to ensure accuracy and
reliability in large-scale applications.

Despite these challenges, the findings of our study have significant implications for
transportation planning and policy-making. By understanding travel behaviors across various time
periods and demographic groups, policymakers can tailor transportation services to meet the
specific needs of individuals and communities, and cities can develop targeted interventions to
enhance mobility and reduce congestion, ultimately contributing to a more livable and sustainable
urban environment. As data collection technologies continue to advance, the integration of diverse
datasets holds promise for revolutionizing travel behavior analysis and shaping the future of

transportation planning in the era of mobile technology and big data.
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4. Chapter 4: Analyzing Vehicle Miles Traveled (VMT) Patterns and
Gasoline Price Sensitivity Using Mobile Device Location Data

4.1 Problem Statement

In this chapter, we wish to answer two related research questions. First, is it possible to form
longitudinal datasets of personal and neighborhood-level VMT based on MDLD data? Implicit in
this question is whether the more granular data offers insights and patterns that would be lost when
using more aggregate data.

Second, do the more granular data exhibit reliable associations with variables that we
would expect to be related with them, such as socio-demographics, economic status, and the price
of fuels? To further elaborate on this, do individual and area-level VMT mirror fluctuations in the
price of fuels and the local variation in the price of fuels? Conversely, can individual or area-level
VMT be used to capture the local demand for gasoline, which should in turn influence the price of
gasoline?

While a large literature has examined the impact of socioeconomics and fuel prices on
vehicle miles traveled, these studies often rely on conventional travel surveys to produce personal
or household-level VMT [108, 111-115], and for these reasons their sample sizes have been small
and/or they have lacked a longitudinal component. Another important difference between our work
and earlier studies is that we have the weekly price of motor fuels from each gas station in our
study area. By contrast, the majority of the earlier studies have deployed state-level [116]or
Petroleum Administration for Defense Districts (PADDs)-level prices [117], which assign the
same price figure to locales in different states—a situation with a clear measurement error in one

key regressor.
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We examine MDLD data for 2021 and 2022 from the Washington, DC, metro area, for
which no traditional travel survey is available for comparison during the same time frame. We
use these data to form a number of longitudinal datasets that track either the daily VMT of
individual devices over time, or the average daily VMT in a census block group or tract over time.
We discuss their respective advantages and disadvantages, and assess their validity by checking
how well they are predicted by local socio-demographics, land use and road infrastructure, and
gasoline prices.

We find that with both individual device panels and census area “pseudo panels” the VMT
are well predicted by these variables. Importantly, the price of gasoline is negatively related to the
VMT, and the implied price elasticities (-0.17 to -0.41), which we interpret to be short-run
elasticities, are plausible and consistent with our expectations and previous studies (e.g., —0.013
to —0.577, as in Goetzke & Vance [173]; also see Dimitropoulos et al., [174]). Total VMT in an
area, on the other hand, are positively associated with gasoline prices, suggesting that they capture
demand pressures. Their effect however vanishes when our regression includes population
characteristics, land use and infrastructure. Overall, our assessment criteria suggest that MDLD
are valuable, and that the device-level longitudinal datasets based on them are a promising source
of information for those wishing to explore miles driven and how they are affected by
socioeconomic characteristics, land use and infrastructure, and the price of fuel.

The remainder of this chapter is organized as follows. In section 4.2, we explain the MDLD
and how they are processed. Section 4.3 provides information about other data utilized in this study.

Section 4.4 outlines our methods, and Section 4.5 presents the results. Section 4.6 concludes.
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4.2 Mobile Device Location Data

4.2.1 Raw Data Input & Study Area

The raw Mobile Device Location Data (MDLD) utilized in this paper are derived from a consistent
national mobility data panel produced by the University of Maryland’s NextGen National
Household Travel Survey (NHTS) team in collaboration with multiple data vendors. A sample
from 2020 reveals that this national mobility panel comprises data from more than 68 million
devices, each with a minimum span of 7 days with a minimum of 10 daily sightings within the
given month, indicating a sampling rate greater than 20.6% in terms of temporally consistent
devices. These devices were observed on average for 24.2 days in a month, with an average of
234 .4 sightings per day, which indicates a high level of temporal consistency and comprehensive
coverage. Furthermore, the average positioning accuracy, defined as the maximum distance
between the recorded location and the true location at the 95% confidence level, is 49.2 feet (15
meters), signifying that the location sightings are very accurate. These high-quality raw data serve

as inputs to impute the device owners’ home locations and their trip diaries.
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Figure 4.1 Geographic Sub-Areas — Core (Inner Ring), Middle Ring, Outer Ring

We use MDLD from the Washington, DC, metro area from May 2021 to the end of 2022.
We focus on the District of Columbia plus the “outer ring” of counties around it (except for
Loudoun County). We cover five Maryland counties (Calvert, Charles, Frederick, Montgomery,
and Prince George’s) and five Virginia counties or independent cities (Arlington, the City of
Alexandria, the City of Falls Church, Fairfax, and Prince William) (see Figure 4.1).

Among other reasons, we focus on this area because of its varied commuting patterns: The
2019 and 2022 State of the Commute Surveys conducted by the Metropolitan Washington Council
of Governments (MWCOG) indicate that 35% of workers commute to Washington, DC, and 58-
61% to a workplace in the “middle ring” locations. Moreover, the length of the commute (in miles)
has remained stable despite the pandemic (mean 17 miles one-way, median 14 miles one-way).
What has changed is however the share of workers that “telecommute” (work from home) at least

on an occasional basis. This share was 33% in 2019 and doubled to 65% in 2022 [2, 121].
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4.2.2 Imputed Home Location and worker status

In the 11 counties in our study area, in 2021 and 2022 the monthly average sampling rate
is 8.29%. The sampling rate is calculated as the number of devices divided by the total population
residing in each county for each month. Notably, Charles County, MD, records the highest
sampling rate at 11.16%, while the city of Alexandria, VA, reports the lowest at 5.62%. The
monthly average sampling rate for workers is 7.07% overall, ranging from a low of 4.61% in
Arlington County, VA, to a high of 10.80% in Calvert County, MD. Even the lowest sampling rate
remains significantly higher than what is typically seen in traditional travel surveys within the field

of transportation.

4.2.3 Imputed Trip Roster

The raw sighting data used in this study lacks trip information, a crucial element for understanding
changes in human mobility. Trip data is the primary unit of analysis in our research. A tour-based
method is employed to infer trips from the sightings [85]. With the home locations identified in
the previous step, sightings between two home observations are classified as part of a home-based
tour. Within each tour, a decision tree-based recursive algorithm is used to determine the status of
each sighting, identifying whether it is continuing an ongoing trip, static, or starting a new trip. By
sorting the sightings by timestamps, trips are identified based on the location and time information
of their origins and destinations.

Next, the travel mode of each trip is imputed using a machine-learning based algorithm,
which allows us to distinguish vehicle trips from all the other travel modes [76]. Air travel is
distinguished first due to its unique characteristics of starting and ending at airports, long travel
distances and durations, and high speeds, making it easier to separate from other modes. For

ground transportation, a random forest model is trained and tested to impute vehicle, bus, rail,
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walk, and bike trips. This model uses features such as the recording interval of sightings, distance,
time, speed-related factors, and multimodal transportation network characteristics. The cross-
validation accuracy of the training results reaches 97.1%.

In addition, considering the imputed worker status, the purpose of each trip is determined
using a combination of heuristic rules and a decision tree model. Trips that start or end at the
workplace by workers on workdays are labeled as work trips. For long-distance trips (more than
50 miles from home), the trip purpose is imputed based on various factors, including trip-related
information such as the primary travel mode, destination-related information such as state and
tourism visits, and traveler-related information such as worker status. Ultimately, each trip is
labeled as either a work trip or a non-work trip.

As a result, we generate a daily trip roster that includes a unique trip identifier, start and
end times, coordinates for the origin and destination, imputed travel mode, and the imputed trip

purpose (work or non-work) for each trip.
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Figure 4.2 Average Daily Vehicle Mileage at the Census Tract Level

In the remainder of this paper, attention is restricted to weekday travel by car or other motor
vehicle. During our study period, the average number of vehicle trips remained relatively
consistent at 2.5 trips per day and the mileage was 28.95 miles per day. Figure 4.2 presents the
spatial distribution of average daily vehicle mileage at the census tract level during the study period.
Notably, individuals residing in close proximity to Washington, D.C. tend to log fewer daily
vehicle miles, with most covering distances of less than 30 miles per day. Conversely, those living
farther from Washington, D.C., such as in Frederick County, MD, Calvert County, MD, and Prince
William County, VA, tend to have higher daily vehicle mileage, typically ranging from 36.4 to
60.9 miles per day. This observed pattern aligns with the expectation that individuals living near

the city center generally have shorter commute distances and greater access to public transportation
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options, reducing their reliance on personal vehicle travel, and bodes well for the statistical models

described in section 4.5 below.

4.3 Gasoline Prices Data

We purchased gasoline price data from a commercial vendor. Specifically, we have weekly
gasoline prices at each of the gas stations within the study area for the entire study period. On

average, each week 1,123 gas stations were operating and their prices are documented in our

dataset.
—Washington, DC ——Maryland Virginia
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Figure 4.3 The Weekly Variation of Gasoline Price by States

Figure 4.3 illustrates the weekly average gasoline prices in the District of Columbia, and
the counties in Maryland and Virginia included in our sample. It is evident that, for the most part,
gasoline prices in these states follow a similar trajectory, although they are consistently higher in
Washington, DC, than at the other locations. They exhibit a consistent pattern of increasing from
the beginning of 2021 to a peak in June 2022, followed by a decline until October 2022, after

which they fluctuate. However, a deviation occurred on March 18, 2022, when the General
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Assembly of Maryland implemented a 30-day gas tax holiday. Gasoline prices dropped noticeably
(if briefly) in Maryland and, to a somewhat lesser extent, in Virginia and Washington D.C.,

possibly due to competitive forces.
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Figure 4.4 Average gasoline price at census tract level
Figure 4.4 depicts the spatial distribution of gasoline prices at the census tract level
spanning from January to mid-April 2023. In contrast to the pattern shown in Figure 4.2, it is
evident that the closer the area is to Washington, D.C., the higher the average gasoline prices. The
disparity between areas with the highest and lowest average gasoline prices exceeds 1.6 dollars

per gallon.
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4.4 Methods

We examine a variety of descriptive statistics and produce a number of plots for the VMT
measured from the MDLD. Since in 2021 the economy was reopening after the early stages of the
pandemic, we would expect driving to increase during our study period, although it is not clear
whether “more driving” means that more people are on the road, or that each person drives more
miles, or both. If the MDLD are a valid measure of mobility, at least the latter tendency should be
captured in the data.

We also know, based on the 2022 State of the Commute and personal knowledge, that
many workers, including employees of the federal and state governments, continue to work from
home several days a week. Does that mean that daily VMTs have stayed low throughout 2021 and
20227 If people are commuting fewer times each week, does that translate into fewer weekly miles,
or have they substituted commute miles with driving to other destinations? This question prompts
us to compare commute and/or work-related VMT with non-work VMT.

We examine the association between and fuel price by fitting the regression equation
(1 yie=0a;+7+ B Pt
where i denotes the cross-sectional unit of observation (a device, or, in alternate regressions, a
census tract or block group), ¢ is the week, y is the dependent variable of interest (usually average
daily VMT), P is the price of gasoline, and ¢;; denotes the error term. The right-hand side of
equation (1) includes unit-specific fixed effects in hopes of accounting for unobserved
heterogeneity and time fixed effects to capture factors that affected the entire study area (e.g., the
reopening of the economy, seasonal effects, etc.).

Equation (1) is a two-way fixed effects model, where proper identification of the effect of

gasoline price is possible because of the variation within a unit over time and across units in any
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given period. The appropriate estimation technique is the “within” estimator [175] applied to a
model whose right-hand includes gasoline prices and dummies for the week of the sample period.

The price of gasoline started rising in the fall of 2021 and continued to rise until the end of
June 2022 (see figure 4.3). At its height, it was over one dollar per gallon more expensive than in
the previous year. The demand for gasoline is not very price-elastic, so we expect to detect a
modest moderating effect on the tendency to drive during periods of rising prices, accompanied
by a slight growth in driving during periods of falling prices. We take advantage of the variation
over time as well as across locations within our study area. As shown in figure 4.4, gasoline tends
to be more expensive in and around downtown DC, and less expensive in the suburban areas of
the “outer ring,” but even in the latter the distribution of gasoline prices is uneven and exhibits
alternating “pockets” of cheaper and higher prices.

One issue that we must tackle is “which” gasoline price should enter in equation (1). We
have weekly gasoline prices for each of the gas stations in the study area, but we do not know
where and when the vehicle users in our area buy their gasoline. We experiment with an average
price within a short radius of the individual’s home (1, 3 and 5 miles), and, for commuting and
work-related VMT, with similar averages but around the individual’s presumptive place of work.
As shown in figures 4.3 and 4.4, the weekly price of gasoline exhibits considerable fluctuations
over time (consistently with worldwide trends) and across locations, and tends to be lower in less
densely populated area, where, as displayed in figure 4.2, people must and do drive more miles for
work and personal reasons. This would result in a mechanically negative coefficient on fuel price
in equation (1). Fortunately, the fact that we have repeated observations over time within a unit
and that gasoline prices fluctuate over time, addresses this concern and is expected to result in the

true causal effect of fuel prices on VMT.
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In addition, at least with the device-level data, which are drawn at random from a very
large universe, it seems reasonable to assume that an individual alone would have no effect on the
market price of gasoline in the area where they live or work. At least in the device-level regressions,
the price of gasoline where someone works or lives should be exogenous—at least in the short run.
Equation (1) does not contain any information about the individual socioeconomic status, local
employment conditions, land use, and infrastructure. To examine their effect on VMT, we use
variables from the 2021 American Community Survey and TIGER/Line Shapefiles from U.S.
Census Bureau. These variables are time-invariant, which forces us to drop the unit-specific fixed
effects from equation (1) and re-specify the regression equation as:

(2) Yie =0 + T+ B P + XV + &,
where X is a vector of socioeconomic, land use, and road infrastructure variables listed in table A
in the Appendix.

If the MDLD are to be considered a valid measure of mobility, it is important to check
whether the miles driven by individuals are reasonably stable and consistent from one week to the
next. One way to see if this is the case is to fit a panel data dynamic model, namely
(3) YVie =+ T+ 0y 1+ &g,
where y;,_1 1s the VMT in the previous week. We would expect 0 to be positive and not too far
from 1 (but below one) if the VMT are well behaved and stable over time.

Unless the longitudinal dimension of the panel T is large, the “within” estimator applied to
equation (3), however, results in biased estimates of 0. Instrumental variable estimation is
necessary to produce asymptotically unbiased of 0 (Hsiao, 2014). We deploy the estimation
procedure developed by Blundell and Bond [176], which relies on first differencing the data,

combining the first differenced data with the original ones, and exploiting orthogonality conditions
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(of y; ¢ and other past y’s and x’s to form instruments for Ay; ,_;, and of the changes in y and x
to form instruments for y; ;1) in a system method-of-moments estimation setting.

Finally, we re-estimate equations (1) and (2) after replacing the VMT with the price of
gasoline at gas station i in week ¢ as the dependent variable, and amending x to include variables
that capture gasoline demand and supply factors. These include local competition, which we proxy
with the number of gas stations within a quarter-mile of any given gas station, and demand for

driving, which we measure with total miles driven in the previous week in the area..

4.5 Results

4.5.1 Panels and Pseudo-Panels from the MDLD

We begin with selecting a 10% sample from our universe of devices. Our first longitudinal dataset
follows each device and summarizes its VMT on a weekly basis. As shown in the first column of
Table 4-1, this approach results in almost 83,000 devices that appear for T weeks, where T ranges
from 1 to 68 weeks, averaging 7 weeks. Zero VMT account for about 5% of the observations.

Table 4-1 Description of Panels

Device Panel Pseudo Panel
Unit Device Census Block Group Census Tract
Average daily VMT in By device By all devices residing | By all devices
each week in the CBG residing in the CT
Average gasoline price in | Within 5 miles of the Within the CBG Within the CT
each week home location
N. units 82,866 (10% sample) 817 623
Avg N. observations 7 62 68
(weeks) per unit
% of Obs with 0 VMT 5% 0.2% 0.02%
N. Devices per unit - 1-2072, 102 on 1-2642, 237 on
average average
Weight used in the - Number of devices in | Number of devices in
regression the BG in each week the CT in each week
Average daily VMT (w/o zeros) 28.58 miles | 32.01 miles 31.47 miles
(w/ zeros) 27.20 miles
Standard deviation of (w/o zeros) 31.90 miles | 15.41 miles 10.28 miles
daily VMT (w/ zeros) 31.72 miles

63



Figure 4.5 displays the average daily VMT week by week based on the individual device
panel. These exhibit broad swings at the beginning of 2021, increase as consistent with normal
seasonal patterns in the summer of 2021, then drop and then bounce up again in 2022. Such swings
may be in part due to the composition of the dataset, including the turnover of participating devices,
and in fact, as shown in figure 4.5, weighting the data results in much more muted weekly
fluctuations, much more stable VMT during much of 2021, and a pronounced increase from the
middle of the end of 2022. Since the weighted data are much more stable and consistent with our
expectations, in what follows we compute descriptive statistics and plot them using the weights.

We do not use the weights in our device-level regressions, as recommended in Solon et al. [177].
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Figure 4.5 Average Daily VMT by week from MDLD
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Figure 4.6 Regional Total VMT for work and non-work trips by week from MDLD

Figure 4.6 displays (weighted) total VMT in the study area for both work-related trips and
non-work-related trips. Both total weekly commute (or otherwise work-related) VMT and total
weekly non-commute VMT actually appear similar overall trend over our study period. Weekly
commute miles appear to be less than half of the total non-commute miles, and exhibit much small
fluctuations from one week to the next.

One potential problem with longitudinal datasets is attrition, namely the tendency of the
participating units to drop out—for good or to reappear after a number of periods [178]. Attrition
is not a problem if it is ruled by processes or events unrelated to the dependent variable of interest;
it can bias statistical inference if it is ruled by processes or events related to the dependent variable
of interest, as might be the case if, for example, high-mileage people tended to drop out of the

MDLD faster than low-mileage people.
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Unfortunately, it is not possible for us to determine the nature of the attrition in the MDLD,
as individuals may themselves change the ID of their device (so that one device would disappear,
and another appear) and we are not privy to how the providers pull participants out of the sample
and replace them with others. These concerns should however be mitigated when we construct
“pseudo panels.”

In our “pseudo panels” (shown in the second and third column of table 1) the cross-
sectional unit of observation is a geographical area—here, the census block group and the census
tract, respectively. In these cases we compute the average of the daily VMT by all of the devices
residing in that area. This is a “pseudo” panel because it is possible and likely that different devices
have contributed to each week’s average daily VMT in that geographical area (Hsiao, 2014, page
408-411) [175]. Drop-outs are presumably replaced by newly recruited devices, which mitigates
concerns about non-random attrition. As shown in table 1 this approach produces fewer units (the
census block groups or census tracts), but they are followed over a longer period of time (up to
T=68 weeks) and the panel is balanced, in that every block group or census tract contributes the
same number of observations to the dataset.

It is well known that the mean of a sample of observations has variance o2 /n, where n is
the size of the sample used to compute that mean. Here, n should be replaced by #;, the number of
devices in the block group or census tract in week t. This makes the error terms in equation (1) for
the pseudo-panels heteroskedastic, and for this reason we use weights with our pseudo-panel

regressions, where the weights are equal to 7;.

4.5.2 The Effect of Gasoline Prices

Tables 4-2 to 4-5 present the results from fitting equation (1) to our panels and pseudo-

panels. In table 4-2 the dependent variable is total VMT driven by (the person owning or using) a
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device, regardless of origin and destination or purpose. In the third and fourth column of this table
we average the device-specific VMT over the geographical area where (the owner or user of) the
device lives. Tables 4-3, 4-4 and 4-5 are similarly constructed, but the VMT therein are those for
specific purposes.

In table 4-2, we used the average gasoline price around the individual’s residence or in the
specified geographical area (block group or census tract). The coefficients on gasoline price are
always negative and strongly statistically significant, implying that people will reduce their driving
when gasoline price rises and they will drive more miles when the prices fall, all else the same.
The tables also report the price elasticity of VMT, computed at the average price and VMT during
the study period.

The estimated price elasticity ranges from -0.17 to -0.41.! These values are plausible, and
in fact quite strong for (very) short-run elasticities. Note that it was not clear a priori to us whether
aggregating the data would result in the appearance of a stronger or weaker elasticity [179]. One
reason for the range of elasticities in table 4.3 may be the fact that in the device-level panel, the
gasoline price is the average price within 5 miles of the device owner’s home, whereas in the
census tract and census block group pseudo panels it is the average price in those census areas.

Table 4-2 Estimation results: Equation (1). Dependent variable: Average daily VMT.
Gasoline price is the average within S miles from home.

Device-level Device-level Block group Census tract

panel, panel, incl. averages, averages,

Weekly zeros, weekly weekly weekly
Coefficient on gasoline -1.3109 *** -1.2076 *** -3.1711 *** -3.5589 #**
price (0.1990) (0.1948) (0.1316) (0.1091)
Price Elasticity of daily -0.1711 -0.1659 -0.3593 -0.4119
VMT (0.0260) (0.0268) (0.0149) (0.0126)
Fixed effects Device Device Block group Census tract
Time fixed effects Month, year Month, year Month, year Month, year

! Price elasticities at sample averages is 17, =

Coefficient of Gasoline Price * Gasoline Price

VMT
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R square 0.5784 0.5716 0.6444 0.7172
N. Observations 418,147 439,451 49,593 42,258
Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the 10% level.

We also evaluate the effect of gasoline prices on work-related VMT and non-work-related
VMT separately, as shown in Tables 4-3 to Table 4-5. In the commuting or work-related VMT
regressions, the coefficient on gasoline price has the “wrong” sign, in that it is positive, whether
we use the average gasoline price in the area near the presumptive worker’s home or work locations
(tables 4.3 and 4.4).

We attempted to capture the potentially different sensitivity to gasoline price by adding an
interaction between the price of gasoline and a dummy denoting that the owner or user of the
device lives in an area where a large share of the residents work for the federal, state or local
government. This specification is motivated by the fact that even at the time of this writing non-
essential government employees often continue to work for the most part from home, and are
required to report to the workplace only once or twice a week. However the coefficient on gasoline
price in the work VMT remained positive and that on the interaction was insignificant. We surmise
that the model cannot isolate the impact of the gradual end of the COVID-19 pandemic, which has
allowed people to resume commuting, from that of the changing fuel prices.

By contrast, with non-work-related VMT, the coefficient on gasoline price is negative in
all of the four columns of table 4-5, indicating that while people are returning to commuting, they
are still reducing their non-work trips as fuel prices rise. It is noteworthy that the price elasticity,
which is always negative in table 4-5, appears to become more pronounced as we aggregate the

data to broader and broader geographical areas.
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Table 4-3 Estimation results: Equation (1). Dependent variable: Average daily
commuting/work-related VMT. Gasoline price is the average within 5 miles from home.

Device-level Device-level Block group Census tract

panel, panel, incl. averages, averages,

Weekly zeros, weekly weekly weekly
Coefficient on gasoline 0.6578 0.7169 0.5715%** 0.4267 ***
price (0.4464) (0.4336) (0.1180) (0.0690)
Fixed effects Device Device Block group Census tract
Time fixed effects Month, year Month, year Month, year Month, year
R square 0.7681 0.7658 0.1626 0.2550
N. Observations 112,954 126,892 45,216 42,070

Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the 10% level.

Table 4-4 Estimation results: Equation (1). Dependent variable: Average daily
price is the average within S miles from work.

commuting/work-related VMT. Gasoline

Device-level Device-level Block group Census tract

panel, panel, incl. averages, averages,

Weekly zeros, weekly weekly weekly
Coefficient on gasoline 1.1601 ** 1.1706 ** 0.8305 *** 0.7040 ***
price near work locations | (0.4381) (0.4325) (0.1097) (0.0834)
Fixed effects Device Device Block group Census tract
Time fixed effects Month, year Month, year Month, year Month, year
R square 0.7726 0.7739 0.1944 0.2642
N. Observations 110,264 112,290 44,096 41,222

Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the 10% level.

Table 4-5 Estimation results: Equation (1). Dependent variable: Average daily non-
commuting/non-work-related VMT. Gasoline price is the average within 5 miles from

home.
Device-level Device-level Block group Census tract
panel, panel, incl. averages, averages,
Weekly zeros, weekly weekly weekly
Coefficient on gasoline -0.7519 *** -0.6033 ** -3.8959 *** -4.1389 ***
price (0.2026) (0.1968) (0.1662) (0.1244)
Price Elasticity of daily -0.1000 -0.0853 -0.5342 -0.5904
VMT (0.0269) (0.0278) (0.0228) (0.0177)
Fixed effects Device Device Block group Census tract
Time fixed effects Month, year Month, year Month, year Month, year
R square 0.5740 0.5683 0.4532 0.5849
N. Observations 395,897 420,140 44,705 41,540

Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the 10% level.
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4.5.3 Socio-Economics, Land Use and Infrastructure, and VMT

Are individual device VMTs or groupwise VMT well predicted by the sociodemographic
of the residents of an area, and/or by road infrastructure? The results from estimating equation (2),
displayed in Table 4-5, suggest that this is the case: The coefficients on many of the regressors are
statistically significant and have the expected signs.

The negative coefficients for population density and road density reveal that individuals
residing near city centers tend to have lower vehicle mileage, while those living in areas further
from city centers tend to have higher levels of vehicle travel. As expected, people living in areas
with a high number of public transit options tend to have lower vehicle mileage. Additionally,
individuals with higher incomes living in areas with lower poverty rates are more likely to cover
greater daily distances by vehicle. These individuals are generally more likely to own cars, and
have substantial commuting needs. Conversely, individuals with lower incomes may favor more
cost-effective public transportation options and/or have fewer commuting requirements.

The effect of these variables is not only statistically significant, but also practically
important. As shown in table 4-7, our models predict that a one standard deviation increase in
population density, job density, road density or the number of public transportation stops (as will
occur when moving from one area to another, or because of road infrastructure construction or
expansion of public transit options) will change daily miles by amounts ranging from a quarter
mile to over one mile. The effect is the most pronounced for public transportation options:
Increasing access by one standard deviation reduces daily vehicle miles driven by up to 1.4 miles.
The effects are also reasonably stable as we move from the device-level data to the block group

and census tract pseudo panels.
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The coefficient on gasoline price remains negative and significant, indicating that gasoline
price does have an effect on the VMT above and beyond that of the socioeconomics, land use, and
infrastructure in the area. Even at a time when the economy was reopening and people were “going

places” more, the price of gasoline exhibited a moderating effect on the miles driven.
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Table 4-6 Estimation results: Equation (2). Dependent variable: Average daily VMT.
Gasoline price is the average within 5 miles from home.

Device-level | Device-level Block group Census tract
panel, weekly | panel, incl. averages, averages,
zeros, weekly | weekly weekly

Population density -3.80E-04 *** | -4 59E-04 *** | -745E-05 *** | -423E-04 ***
Job density 1.31E-04 *** | 8.77E-05 *** 9.26 E-05 *** | 1.44 E-04 ***
Road density -5.91E-02 *** | -6.90E-02 *** | -3.07E+04 *** | -5.65E-02 ***
Area of land 5.99E-08 *** | 5.63E-08 *** 1.42E-Q7 *** 8.85E-0Q8 ***
Number of public transit stops | -8.58E-02 *** | -9.50E-02 *** | -1.49E-01 *** | -1.03E-Q1 ***
% Population with < -4.82 ** -5.31 *** -5.02E-01 -1.15E+0Q1 ***
$25k/year HH income
% Population with $25k- 2. 60E-01 6.46E-01 -1.61 ** -1.43 *
50k/year HH income
% Population with $50k- -4.58E-01 -5.69E-01 4.47 *** 6.64 ***
75k/year HH income
% Population with $75k- 2.45 ** 3.26 *** 1.12 ** 3.73 *x*
125k/year HH income
% Population aged < 17 4.06 *** 5.58 #H* 2.52 *x* 3.79 ***
% Population aged 18-24 6.42E-01 -2.20. 1.64 * 6.01E-01
% Population aged 25-34 0.58 *** 9.00 *** 4,12 *** 1.18E+(Q1 ***
% Population aged 35-54 8.11 *** 8.26 *** -4.00 *** 9.21 ***
% Population aged 55-64 -6.18E-01 3.18E-01 1.86 * 2.54 *
% Population with high 6.91 *** 7.29 *** 5.85 *** 8.02 ***
school diploma or less
% Population with some 1.80 *** 1.79 *** 1.61E+01 *** | 1.18E+01 ***
college no degree or
associate's degree
Poverty rate -1.31E+01*** | -1.52E+01 *** | -1.14E+0Q1 *** | -7.89 ***
Gasoline price -6.49%** -6.67 *** -4.93 **x* -4.88 ***
Time fixed effects Month, year Month, year Month, year Month, year
R square 0.03 0.03 0.33 0.46
N. Observations 418,147 439,451 49,683 42,258

Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the 10% level.

Table 4-7 Effect on daily miles of increasing selected independent variables by one
standard deviation. Based on the results summarized in table 4.5.

Device-level Device-level Block group Census tract
panel (no panel pseudo panel pseudo panel
ZEros) (incl. zeros)
Population density -0.8267 miles | -1.0390 miles -0.7518 miles -1.4036 miles
Job density +0.3392 miles | +0.2454 miles +0.7248 miles +0.7325 miles
Road density -0.4628 miles | -0.5447 miles -0.3023 miles -0.4895 miles

Number of public transit
stops

-1.2313 miles

-1.3685 miles

-1.0332 miles

-1.4036 miles
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4.5.4 Stability of the VMT

In Sections 4.5.2 and 4.5.3 we showed that the device-level panels and the census area
panels display (for the most part) the expected associations with the socio-demographics of the
area and/or road infrastructure.

As an additional check of the stability of the VMT and their temporal consistency, we
report in table 4-8 the results from fitting the dynamic panel model described by equation (3). It is
encouraging that the coefficients on the previous week’s VMT are always positive; the coefficients
are however relatively low, confirming once again the inherent variability in the VMT measured
at (relatively speaking) high frequency. As expected, they do increase—suggesting more stability
and better predictability—as we aggregate the device-level observation to geographical units. With
the census tract pseudo panel, for example, the coefficient on the previous period’s daily VMT is

0.25—twice as much as that from the device-level panels.

Table 4-8 Estimation results: Equation (3). Dependent variable: Average Daily VMT.

Device-level Device-level Block group Census tract
panel, panel, incl. averages, averages,
Weekly zeros, weekly weekly weekly
Coefficient on VMT in the | 0.1431 *** 0.1435 *** 0.1832 *** 0.2548 ***
previous week
Time fixed effects Month, year Month, year Month, year Month, year
N. Observations 373,268 390,786 57,015 47.991

4.5.5 VMT as Predictors of Gasoline Prices

Finally, we “reverse” the question and ask whether total VMT is a valid predictor of
gasoline prices at the station level. In the US, the price of gasoline varies dramatically across places
and over time. The U.S. Energy Information Administration [180] shows that the price of oil
accounts for the majority of the retail price of gasoline. The rest is explained for the most part by

refining costs and refineries’ margins, marketing and distribution costs, and taxes (17%-22%). The
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federal gasoline tax is $0.1840/gallon. As shown in figure 4-3, in our study area the price of
gasoline is highest in Washington DC, presumably because of its higher land and business costs

than elsewhere, even though its state gasoline tax is lower than the Maryland gasoline tax.?

Table 4-9 Estimation results. Dependent variable: Weekly gasoline price from each

gasoline station.

Specification 1 Specification 2
Total VMT in census tract in previous week 1.28E-04 **%* -3.12E-05
(thou.)
Number of gas stations nearby -1.72E-02 ***
pop dens -1.58E-06 *
Road dens 3.35E-Q3 ***
Area of land 4.09E-10 ***
% Population with < $25k/year HH income -3.92E-01 ***
% Population with $25k-50k/year HH income 1.22E-Q1 ***
% Population with $50k-75k/year HH income 2.76E-Q1 ***
% Population with $75k-125k/year HH income 7.50E-02 ***
% Population aged < 17 1.30E-Q1 ***
% Population aged 18-24 2.32E-Q1 ***
% Population aged 25-34 -3.01E-01 ***
% Population aged 35-54 -1.46E-02
% Population aged 55-64 3.02E-Q] ***
Poverty rate 3.51E-Q1 ***
% Population with high school diploma or less -3.35E-01 ***
% Population with some college no degree or -3.93E-01 ***
associate's degree
Fixed effects Station, Brand, State Brand, State
Time fixed effects Month, Year Month, Year
R square 0.67 0.65

Note: * = significant at the 10% level; ** = significant at the 5% level; *** = significant at the
10% level.

Table 4-9 presents the results from two alternate specifications of a model where the
dependent variable is the average price of gasoline charged by gas station i in our study area in
week t. The specification in column (1) includes a rich set of fixed effects, including gasoline
station, brand and state fixed effects, as well as month and year fixed effects, but only one regressor,

namely the total miles driven by the devices in the census tract around the gas station in the

previous week. The coefficient on this variable is positive and significant, and its magnitude

2 The state tax is $0.235/gall. in DC, $0.162/gall. in Virginia, and $0.37/gall. in Maryland.
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implies that increasing the VMT by one standard deviation results in an increase of 0.85 cents/gall.
in the price of gasoline.

In column (2) we drop the gas station’s fixed effects, and enter the census tract’s socio-
demographics and road infrastructure, gasoline brand dummies, and a measure of local
competition, namely the number of other gasoline stations within 0.25 miles. Taken together, the
regressors do a good job explaining the variation in the price of gasoline (R square 0.65)—and
render the coefficient on the total VMT driven the previous week statistically insignificant.

Regarding brand dummies, some gasoline brands are significantly more expensive than
others. For example, Shell stations sell gasoline at 9.5 cents per gallon more than the “generic” or
“no name” blend, while Exxon at 12.2 cents per gallon more. Conversely, Costco and Wawa offer
prices that are 25 and 2.4 cents per gallon, respectively, cheaper than the “generic” gasoline.
However, removing the brand dummies from the regression only slightly decreases the R-squared
value from 0.6478 to 0.6351, indicating that the brand factor contributes only a minor effect in
explaining the variation in gasoline prices. Importantly, the presence of three gas stations within a

quarter mile is sufficient to reduce the price of gasoline by 5 cents/gallon.

4.6 Conclusions

We have used a 10% sample of MDLD from the Washington, DC, metro area from May 2021
until the end of 2022 to construct a weekly panel that follows individual devices over time, and
pseudo panels where each week our metric of interest (daily VMT) is averaged across a specific
geographic area—a census block group or a census tract—over our study period.

Since the MDLD data are anonymized, the origin and the destination of each trip must be
inferred using certain rules and algorithms. For example, it is assumed that a location is home if it

is the location with the highest frequency between 9:00pm and 6:00 the next morning, and work if
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it is the location with the highest frequency during the daytime on workweek days. We cannot
possibly know the individual characteristics of the device owner or user, and they must be imputed
from the area’s demographics based on data collected from the federal government, such as the
American Community Survey and the Census TIGER shapefiles. We also merge the data with
infrastructure and land use information. We acquired gasoline prices from each station in the area
from a commercial vendor, in sharp contrast with much practice in research, which has used daily
gasoline prices—but averaged over the PADD, an area that typically comprises several states
[117]—or state-level monthly averages [116]. We argue that deploying data at such a fine level of
granularity should keep measurement errors to a minimum.

The quality of the longitudinal datasets constructed in these ways can be assessed using a
variety of criteria. The first is the sample size, which depends on the number of units and the
number of times each unit contributes an observation to the dataset. Clearly, individual-level
panels contain more observations than block-group or census-tract pseudo-panels.

The second is the stability and temporal consistency of the daily miles driven, which we
assess by examining the standard deviation of the daily miles driven and the correlation between
consecutive daily miles records. In the block-group and census-tract pseudo-panels, the variability
of our key variable, daily miles, is less than in the device-level panel, because we take averages
across devices.

To obtain the correlation between consecutive daily miles, we fit a dynamic panel data
model where each week’s miles depend on the miles driven the previous week. Instrumental
variable estimation techniques must be used, since the usual estimators are biased with this type
of model in the presence of unit fixed effects. The coefficient on the previous week’s daily miles

traveled is positive, as expected, but relatively low, confirming that with micro-level data it is
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generally difficult to predict behaviors. The coefficient however gets larger as we aggregate the
device-level records to the census tract level.

Our final criteria for assessing the quality of the MDLD and its potential for research
purposes is to examine the daily miles’ association with variables that are assumed to influence
them, such as individual characteristics, the economic circumstances in the area, land use and
infrastructure in the area, and the price of gasoline.

We have found that the MDLD daily miles, even at their finest level of granularity, exhibit
the expected relationships with community characteristics, infrastructure and land use. Even more
important, our regression results show that any changes daily miles are negatively associated with
changes in gasoline prices, as predicted by economic theory, even when gasoline prices were rising
while the economy was re-opening.

When attention is restricted to presumptive commute or work-related daily miles, the
coefficient on gasoline price has the wrong (positive) sign, but it is negative again in the non-
commute, non-work miles regressions. We compute the elasticities of the daily VMT with respect
to gasoline prices, which we interpret as (very) short-run elasticities, finding that they lie in the
range between -0.17 and -0.41, and are thus similar to what reported by other studies [173] and a
meta-analysis of recent literature [174].

We conclude that MDLD are valuable on their own (as well as alongside conventional
surveys), and that the device-level longitudinal datasets based on them are a promising source of
information for those wishing to explore miles driven and how they are affected by socioeconomic
characteristics, land use and infrastructure, and the price of fuel. In this paper, we have merged
device-level records with summary information about the socioeconomic characteristics of the

population living in the area around a device owner or user’s presumptive home location, but in
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future research it may be possible to develop datasets with individual-specific information, to use
imputation techniques based on the distribution of such socioeconomic characteristics, or to deploy
methods from Bayesian statistical inference to find what socioeconomic characteristics are most
likely to be associated with the observed travel patterns.

In addition, future research may wish to explore the potential of MDLD to construct
vehicle- and trip-specific driving cycle patterns—including acceleration, deceleration, time sitting
in traffic, etc.—which could be compared with the fuel consumption and emissions information
embedded in models like the Motor Vehicle Emission Simulator (MOVES) and others used by
policymakers to confirm or update their results.

It may also be possible to use MDLD to observe the response to announcements—by now
frequent through cell phone alerts, the vehicle’s own navigation system, Google, Waze and other
apps—about traffic jams, accidents and the associated road closures, and to model the choice of
alternate routes and the intensification of traffic of such alternate routes. This information may
assist policymakers and emergency response crews in predicting and redirecting traffic during such

events.
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5. Chapter 5: Post-Pandemic Road Congestion and Teleworking:
Evidence from Mobile Device Location Data

5.1 Problem Statement

The COVID-19 pandemic has produced profound and lasting changes in travel behavior,
with teleworking emerging as one of the most widespread and enduring shifts. In the Washington,
D.C. metropolitan region, teleworking increased sharply during the pandemic and has remained
prevalent in the years that followed. Even as public health restrictions have eased, a substantial
share of the workforce continues to telework regularly, reflecting both employee preferences and
employer adoption of flexible work arrangements. These structural changes in work patterns have
fundamentally altered when, where, and how people travel.

Teleworking is commonly expected to reduce traffic congestion by decreasing the
frequency of daily commuting trips, particularly during peak periods. However, observed traffic
conditions in many metropolitan regions challenge this expectation. Despite sustained levels of
teleworking, travelers increasingly report worsening congestion compared to pre-pandemic
conditions. Regional statistics and travel surveys indicate rising traffic volumes on major highways
alongside a persistent decline in public transit ridership. Similar patterns have been documented
across multiple international contexts, suggesting that post-pandemic congestion dynamics are
neither temporary nor region-specific.

This apparent disconnect between reduced commuting and persistent or intensified
congestion raises a critical planning question: why has road congestion rebounded or worsened
despite a sustained reduction in traditional commute trips? Answering this question requires
moving beyond aggregate traffic volumes and examining the underlying behavioral mechanisms

that shape congestion, including changes in trip frequency, trip distance, travel timing, and the
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spatial redistribution of travel demand. In particular, teleworking may enable longer-distance and
more discretionary travel, alter residential location choices, and shift travel away from
conventional peak periods, all of which can affect congestion in ways not captured by simple trip
counts.

Existing data sources face important limitations in addressing this problem. Traditional
travel surveys provide rich contextual information on trip purpose and traveler characteristics but
are constrained by limited sample sizes, recall bias, and short observation periods. Traffic
monitoring systems offer continuous and accurate measurements of speed and volume but are
typically restricted to fixed locations and cannot capture origin—destination patterns or broader
behavioral changes. As a result, prior analyses often lack the ability to simultaneously observe
travel behavior and congestion consistently over time and space.

Mobile Device Location Data (MDLD) offers new opportunities to address these gaps. By
providing high-resolution, longitudinal observations of individual travel behavior across large
populations, MDLD enables the examination of changes in driving behavior, trip distance, spatial
patterns, and congestion using consistent origin—destination pairs over time. However, the
potential of MDLD to explain post-pandemic congestion through a behavioral lens remains
underexplored, particularly in the context of teleworking and its longer-term implications for travel
demand.

This chapter addresses this gap by using MDLD to investigate how driving behavior and
road congestion in the Washington, D.C. region evolved before, during, and after the COVID-19
pandemic. By focusing on consistent origin—destination pairs and examining changes in trip

frequency, trip distance, travel timing, and spatial structure, the analysis seeks to clarify the
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mechanisms underlying post-pandemic congestion and to inform transportation planning in an era

of sustained teleworking.

5.2 Data and Methodology

5.2.1 Data Source and Study Design

This chapter uses high-resolution Mobile Device Location Data (MDLD) drawn from a
national mobility data panel developed by the University of Maryland’s Next Generation National
Household Travel Survey (NextGen NHTS) team in collaboration with multiple commercial data
providers. Detailed descriptions of the MDLD structure, sampling strategy, and data quality are
provided in Chapter 3; this section focuses on the aspects of the data relevant to congestion analysis.

The analysis examines driving-related travel behavior in the Washington, D.C. region.
Given Washington, D.C.’s role as a regional employment center and its small geographic footprint,
a substantial share of vehicle travel involving the District originates from or terminates in
neighboring jurisdictions. To capture the full extent of regional travel demand affecting congestion
within Washington, D.C., the study includes all driving trips that either originate from or are
destined for the District.

Three study periods are selected to represent distinct stages of the COVID-19 pandemic:
September 2019 (pre-pandemic), September 2020 (pandemic peak), and September 2022 (late-
pandemic). Selecting the same calendar month across years controls for seasonal effects while

enabling comparisons of short- and long-term changes in travel behavior and congestion.
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5.2.2 Trip Construction and Information Imputation

Raw MDLD sightings were processed using the standardized preprocessing and trip
construction pipeline described in Chapter 3. In brief, invalid or low-quality observations were
removed, sightings were chronologically ordered by device, and continuous movement trajectories
were constructed for each device. Trip identification was performed using a decision tree—based
recursive algorithm that distinguishes periods of movement from stationary activity based on
distance, time intervals, and implied speed between consecutive sightings. This procedure
produces a comprehensive trip roster containing trip start and end times, origins and destinations,
and unique trip identifiers. The algorithm and its validation have been documented in prior work
and are not repeated here. The resulting trip roster provides the foundation for subsequent
congestion analysis.

Because MDLD does not directly record travel mode, travel mode imputation is applied
following the framework described in Chapter 3. Trips are first screened to identify air travel based
on speed and airport proximity. Remaining trips are classified into ground transportation modes
using a supervised machine learning model trained on temporal, spatial, and network-based
features. Given the focus of this chapter, only trips classified as driving are retained for analysis.

Accurate estimation of trip distance is essential for distinguishing congestion effects from
changes in trip length. Rather than relying on straight-line distances, a map-matching and routing
procedure is used to estimate network-based driving distances. Location sightings are snapped to
nearby road segments, and routing algorithms reconstruct plausible travel paths between
consecutive points. This approach reduces bias associated with sparse sampling and network

constraints and ensures consistency in distance estimation across study periods.
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5.2.3 Origin—Destination Aggregation and Congestion Measurement

A key challenge in using MDLD to study congestion is distinguishing changes in traffic
conditions from changes in the composition of observed trips. Because MDLD represents a sample
of the traveling population that may vary over time, simple comparisons of average travel time per
trip or per device can be misleading.

To address this issue, trip origins and destinations are spatially joined to census block
groups, and driving trips are aggregated into block-group-level origin—destination (OD) tables.
Congestion is evaluated by comparing average travel times for the same OD pairs across different
study periods. By holding OD pairs constant, this approach controls for spatial heterogeneity in
trip patterns and isolates changes in travel time attributable to congestion rather than to shifts in
trip length or destination choice. This OD-consistent framework enables a more robust assessment
of how congestion evolved before, during, and after the pandemic and supports analysis of

differences across weekdays and weekends.

5.3 Results

5.3.1 Number of Driving Trips, Devices, and OD pairs

This study focuses on driving trips that either originate from or are destined for the District
of Columbia. After trip identification and travel mode imputation, a total of 622,644 driving trips
from 99,037 devices were identified in September 2019, 574,773 trips from 108,333 devices in
September 2020, and 858,388 trips from 123,527 devices in September 2022. While the number
of observed devices increased steadily over time, reflecting the growing prevalence of smartphones
and location-based services, the number of driving trips declined sharply during the pandemic in

2020 and rebounded by 2022.
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Number of Common OD Pairs by Day of Week
Total common OD pairs across all days: 7,740
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Figure 5.1 Number of Common OD Pairs by Day of Week

As discussed in Section 5.2.3, congestion analysis is conducted by comparing travel times
between consistent origin—destination (OD) pairs to mitigate potential sampling bias in mobile
device location data. Figure 5.1 illustrates the number of OD pairs that are consistently observed
across all three study periods by day of the week. Thousands of common OD pairs are retained for
each day, with higher coverage on weekdays than weekends, indicating strong spatial consistency

and supporting robust OD-based comparisons.
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Driving Trips for Common OD Pairs Across Years
Trips restricted to OD pairs observed in all three periods
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Figure 5.2 Driving Trips for Common OD Pairs Across Years

Figure 5.2 presents the number of driving trips associated with common OD pairs across
September 2019, 2020, and 2022. Driving trips declined substantially in 2020 across all days of
the week during the height of the COVID-19 pandemic. By 2022, trip volumes rebounded for most
days, particularly on weekends and selected weekdays. In contrast, trips on Tuesdays and
Wednesdays continued to decline relative to both 2019 and 2020, suggesting sustained reductions
in midweek travel that are consistent with persistent teleworking and reduced traditional
commuting.

Table 5-1 Number of driving trips & travelers observed between common OD pairs

Day of week ~ Number of Driving Trips Number of Travelers
Sep 2019  Sep 2020  Sep 2022  Sep 2019  Sep 2020  Sep 2022

Sunday 35,095 29,063 32,603 17,042 16,393 16,574
Monday 48,559 34,119 42,934 21,920 17,926 20,730
Tuesday 49,073 45,907 35,870 21,712 20,994 18,746
Wednesday 51,931 49,973 42,732 22,968 23,162 21,399
Thursday 50,745 39,373 59,396 22,265 19,845 26,703
Friday 47,786 41,979 49,031 22,569 21,669 24,163
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Saturday 35,432 35,321 35,680 18,022 20,236 18,877
Overall 359,801 309,152 352,761 75,694 80,733 70,785

Table 5-1 summarizes the total number of driving trips and travelers retained after
restricting the analysis to OD pairs observed in all three periods. Across the three months, more
than 300,000 driving trips and over 70,000 unique travelers are retained in each period. These large
and stable sample sizes highlight the strength of the MDLD and ensure that subsequent congestion

analyses are not driven by changes in sample composition or spatial coverage.

5.3.2 Average Driving Time between OD pairs

After constructing block-group-level OD tables, we first examine whether average driving
time between the same OD pairs increased in 2022 relative to 2019. This comparison is a necessary,
though not sufficient, condition for assessing whether road congestion worsened after the

pandemic.

Average Driving Time by Day of Week

Restricted to OD pairs observed in all three study periods
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Figure 5.3 Average driving time between common origin—destination (OD) pairs by day of
the week
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Figure 5.3 summarizes average driving times between common OD pairs overall and by
day of the week. In September 2020, average driving time declined substantially relative to
September 2019 across all days, reflecting reduced traffic demand during the height of the COVID-
19 pandemic. The reduction was more pronounced on weekdays than on weekends, consistent with
sharp declines in commuting and work-related travel during this period.

By September 2022, average driving times exceeded pre-pandemic levels for all days of
the week. Overall, average driving time increased by 20.55% relative to 2019. Notably, the
increase was larger on weekends (24.77%) than on weekdays (19.27%). This pattern suggests a
shift in travel behavior toward increased discretionary or non-work-related travel, potentially
associated with sustained teleworking arrangements that reduce weekday commuting while
enabling greater flexibility for weekend activities, known as the “substitution effect” [181].

While these results indicate that travelers experienced longer travel times in 2022 than
before the pandemic, longer travel times alone do not necessarily imply increased congestion.
Travel time can be expressed as:

Travel Distance

T [Time =
ravetfune Average Speed

An increase in average driving time between OD pairs may result from slower travel speeds
(indicative of congestion) or from longer travel distances, reflecting changes in residential location,
route choice, or activity patterns. To disentangle these effects, the next section examines changes

in average driving distance between OD pairs.
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5.3.3 Average Driving Distance between OD pairs

To determine whether longer travel times observed in 2022 were driven by increased travel
distances, we next examine changes in average driving distance between the same OD pairs. Figure

5.4 report average driving distances by day of the week for September 2019, 2020, and 2022.

Average Driving Distance by Day of Week and Year

Restricted to OD pairs observed in all three study periods
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Figure 5.4 Average driving distance between common OD pairs by day of the week and year

In contrast to the substantial increase in average driving time, average driving distance did
not increase from 2019 to 2022. Instead, average distance decreased slightly, by approximately
3.26% overall in 2022 relative to 2019. This reduction is consistent across both weekdays and
weekends, with only minor variation by day of the week. Average driving distances declined
sharply in 2020 and remained below pre-pandemic levels in 2022.

The absence of an increase in average driving distance suggests that longer travel times
observed in 2022 are unlikely to be driven by travelers taking longer routes or traveling farther

between the same origins and destinations. Possible explanations for the modest decline in distance
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include improvements in network connectivity, more direct routing, or reduced detouring behavior;
however, disentangling these effects is beyond the scope of this study.

Taken together with the results in Section 5.3.2, these findings imply a reduction in average
driving speed between common OD pairs from 2019 to 2022. This pattern is consistent with
increased road congestion in the Washington region, particularly during weekends, where travel
time increases were largest despite stable or declining travel distances. With evidence of increased
congestion, the next section explores potential behavioral and structural factors contributing to

post-pandemic congestion patterns.

5.3.4 Frequency of Driving Trips

Increased congestion may arise from more frequent travel, longer-distance trips, or slower
travel speeds. To assess whether changes in travel frequency contributed to post-pandemic
congestion, we examine trends in individual driving trip rates using the trip roster underlying the
OD tables. Specifically, we calculate the average number of driving trips per person per day for

each study period by day of the week.
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Restricted to OD pairs observed in all three study periods
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Figure 5.5 Average Daily Driving Trips per Person between Common OD Pairs

Figure 5.5 summarizes average daily driving trip frequencies across September 2019, 2020,
and 2022. Consistent with pandemic-related mobility restrictions, the average number of driving
trips per person declined substantially from 2019 to 2020 across all days of the week. Although
trip rates partially rebounded by 2022, they remained below pre-pandemic levels for every day.

Overall, average daily driving trips decreased from 1.81 trips per person in September 2019
to 1.63 trips per person in September 2022, representing a reduction of approximately 9.7%.
Similar patterns are observed across weekdays and weekends, indicating that increased congestion
in 2022 is unlikely to be driven by a higher frequency of driving trips. These findings are consistent
with results from national surveys such as the National Household Travel Survey , which reported
a decline in daily trips per person across all modes from 3.37 in 2017 to 2.28 in 2022 [22, 134]. It
is important to note that the driving trip rates reported in Figure 5.5 are lower than those typically

reported in household travel surveys. This is because the analysis is restricted to trips occurring
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between origin—destination pairs observed consistently across all three study periods. As a result,

the reported trip rates reflect only a subset of each individual’s total daily travel and are not

intended to represent total trip-making activity.

5.3.5 Distance of Driving Trips

If congestion is not driven by more frequent travel, a key remaining question is whether

individuals are undertaking longer driving trips than before the pandemic. To address this question,

we examine changes in the average distance per driving trip using the individual trip roster. Figure

5.6 and Table 5-2 summarize average trip distances by day of the week.

Average Distance per Driving Trip
Restricted to OD pairs observed in all three study periods
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Figure 5.6 Average Distance per Driving Trip
Table 5-2 Average distance per driving trip by day of week
Day of Average dist.  Average dist.  Average dist.  Difference Difference
week per driving per driving per driving from 2019.9  from 2019.9
trip in 2019.9  trip in 2020.9  trip in 2022.9  to 2020.9 t0 2022.9
(Miles) (Miles) (Miles)
Sunday 5.92 7.28 8.86 22.95% 49.59%
Monday 7.25 9.13 10.05 25.91% 38.60%
Tuesday 7.74 9.72 10.21 25.55% 31.82%
Wednesday 7.78 9.86 10.35 26.74% 32.97%
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Thursday 7.68 9.84 10.55 28.10% 37.42%

Friday 7.53 9.18 10.39 21.97% 37.97%
Saturday 6.48 8.26 9.55 27.40% 47.32%
Overall 7.41 9.33 10.35 25.89% 39.66%

The results show a clear and sustained increase in the average distance per driving trip over
time. In September 2019, the average driving trip length was 7.41 miles. This value increased to
9.33 miles in September 2020 and further to 10.35 miles in September 2022, representing an
overall increase of 39.66% relative to pre-pandemic levels. Increases are observed consistently
across all days of the week.

Importantly, these results contrast with the OD-pair-level analysis in Section 5.3.3, which
shows no increase in average driving distance between the same origin—destination pairs. Together,
these findings indicate that longer travel times are not driven by increased detouring or longer
routes between fixed locations, but rather by a shift toward trips connecting more distant origins
and destinations. In other words, while travelers are not traveling farther between the same OD
pairs, a growing share of driving trips involves longer-distance OD pairs.

Several mechanisms may contribute to this shift. First, the expansion of teleworking has
enabled greater residential flexibility, allowing individuals to live farther from workplaces while
commuting less frequently. As a result, although commuting trips occur less often, the distance
traveled on in-office days is longer. Second, the substitution effect suggests that teleworkers may
be more willing to undertake longer discretionary trips, reflecting a higher tolerance for travel
distance compared to traditional daily commuters.

Day-of-week patterns provide further insight. In September 2020, average trip distances
increased similarly on weekdays (25.65%) and weekends (25.18%), reflecting widespread

mobility constraints during the pandemic. By September 2022, however, the increase became more
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pronounced on weekends (48.46%) than on weekdays (35.76%), suggesting a shift toward longer
leisure-oriented travel as pandemic restrictions were lifted and teleworking became more
established.

Taken together, these results indicate that post-pandemic travel behavior is characterized
by fewer but longer driving trips, which, combined with reduced travel speeds, contributes to

heightened congestion despite lower trip frequencies.

5.3.6 Patterns of Origins and Destinations

Beyond changes in trip frequency and distance, shifts in the spatial distribution of travel
may also contribute to post-pandemic congestion. One indicator of such shifts is the proportion of
interstate driving trips involving Washington, D.C. Figure 5.7 summarizes changes in the share of

trips that cross state boundaries across the three study periods.

Proportion of Interstate Trips by Day of Week
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Figure 5.7 Proportion of Interstate Trips by Day of Week
Prior to the pandemic, fewer than half of the driving trips originating from or destined for

Washington, D.C. were interstate, with an overall proportion of 0.42 in September 2019. During
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the pandemic, this share increased substantially, reaching 0.54 in September 2020. Notably, the
proportion of interstate trips remained elevated in September 2022 at 0.53, indicating that the
spatial reconfiguration of travel patterns persisted beyond the initial pandemic period.

This increase in interstate travel suggests a shift toward longer-distance origin—destination
pairs involving surrounding states, such as Maryland and Virginia. One plausible explanation is
increased residential relocation or extended residential flexibility enabled by teleworking, allowing
individuals to live farther from the District while continuing to travel into the city when necessary.
In addition, greater schedule flexibility associated with teleworking may have encouraged more
discretionary interstate travel, particularly for leisure and social activities.

Day-of-week patterns reinforce this interpretation. While the proportion of interstate trips
increased across all days, the rise was especially pronounced on weekends, consistent with earlier
findings of larger weekend increases in travel time and trip distance. These results highlight the
role of spatial redistribution of travel demand, rather than increased trip frequency, in shaping post-
pandemic congestion patterns.

In summary, the results indicate that increased road congestion in the Washington region,
particularly on weekends, is not driven by more frequent driving or longer routes between the same
origins and destinations. Instead, congestion appears to be associated with a combination of
reduced travel speeds, longer per-trip distances, and a persistent shift toward more interstate and

longer-distance travel patterns, likely influenced by widespread teleworking.

5.4 Conclusion and Discussion

This study examined changes in traffic patterns in the Washington, D.C. region across

different stages of the COVID-19 pandemic using high-resolution Mobile Device Location Data
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(MDLD). By tracking driving behavior before, during, and after the pandemic, the analysis
provides new evidence on how teleworking has reshaped travel patterns and road congestion.

The results indicate that road congestion in the Washington region has intensified relative
to pre-pandemic conditions, with the increase particularly pronounced on weekends. Importantly,
this rise in congestion did not coincide with a return to pre-pandemic levels of driving frequency.
Instead, the findings reveal a fundamental shift in travel behavior: individuals are making fewer
driving trips overall, but those trips are longer and increasingly concentrated between more distant
origins and destinations. This pattern suggests that post-pandemic congestion is driven less by the
number of trips and more by changes in trip length, spatial structure, and traffic flow efficiency.

A key contribution of this study is the distinction between distance changes at the origin—
destination (OD) pair level and at the individual trip level. While average driving distance between
the same OD pairs did not increase, the average distance per driving trip rose substantially. This
indicates that travelers are not taking longer routes between fixed locations, but are instead
increasingly engaging in trips that connect more distant locations. Such shifts are consistent with
greater residential flexibility enabled by teleworking, allowing individuals to live farther from
workplaces while commuting less frequently, as well as with increased willingness to undertake
longer discretionary trips.

The spatial redistribution of travel demand is further reflected in the rising share of
interstate trips involving Washington, D.C. The persistence of elevated interstate travel into 2022
suggests that pandemic-induced changes, such as residential relocation or extended residential
flexibility, have had lasting impacts on regional travel patterns. These spatial shifts help explain
why congestion has worsened despite lower trip rates, particularly during weekends when

discretionary travel is more prevalent.
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Together, these findings highlight a telework—congestion paradox: although teleworking
reduces commuting frequency, it can simultaneously contribute to longer trips, altered travel
timing, and spatially redistributed demand, ultimately exacerbating congestion under certain
conditions. This underscores the limitations of relying solely on trip counts or commuting metrics
to assess transportation system performance in the post-pandemic era.

Several limitations of this study should be acknowledged. While MDLD provides
extensive spatial and temporal coverage, it lacks detailed information on traveler characteristics.
Future research could integrate MDLD with traditional travel surveys or administrative datasets to
better link observed mobility patterns with socio-demographic attributes and teleworking behavior.
In addition, further work is needed to examine long-term trends beyond the immediate post-
pandemic period and to assess how evolving work policies may continue to reshape travel demand.

From a policy perspective, the results suggest that congestion mitigation strategies must
adapt to changing travel behaviors. Traditional approaches focused on peak-hour commuting may
be insufficient in an environment characterized by longer-distance travel, increased weekend
congestion, and greater interstate connectivity. Enhancing regional transit options, coordinating
transportation planning across state boundaries, and accommodating more dispersed and flexible

travel patterns will be critical for managing congestion in the post-pandemic Washington region.
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6. Chapter 6: Evaluating Greenhouse Gas Emissions from Mobile
Device Location Data

6.1 Problem Statement

Transportation is the largest source of greenhouse gas (GHG) emissions in the United
States, making accurate and timely estimation of transportation-related emissions essential for
climate policy, regional climate action planning, and monitoring progress toward decarbonization
goals. Beyond measuring total emissions, effective mitigation strategies increasingly require
insight into who generates emissions and why—that is, how emissions are distributed across travel
behaviors, trip purposes, and populations.

Current emissions inventory frameworks provide limited support for such behavioral
attribution. The U.S. Environmental Protection Agency’s MOtor Vehicle Emission Simulator
(MOVES), the primary tool used for on-road emissions estimation in the United States, produces
detailed, spatially resolved estimates of emissions based on vehicle activity occurring within
defined geographic regions. While this location-based, operating-oriented framework is well
suited for regulatory and planning applications, it does not explicitly track trip origins and
destinations, traveler residence, or trip purpose. As a result, emissions are quantified by where they
occur on the roadway network but remain weakly connected to the underlying travel behaviors
and populations that generate them.

This limitation constrains the design and evaluation of targeted mitigation strategies.
Policies such as land-use interventions, demand management, transit investment, and equity-
focused climate initiatives depend on understanding how emissions are linked to travel behavior,
rather than solely where emissions are produced. Without a behavioral perspective, it is difficult

to assess which travel patterns contribute most to regional emissions or how changes in behavior—
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such as shifts in commuting, non-work travel, or teleworking—affect transportation-related carbon
footprints.

Recent advances in Mobile Device Location Data (MDLD) offer new opportunities to
address this gap. MDLD provides high-resolution, longitudinal observations of individual travel
behavior, including trip origins and destinations, travel distances, timing, and spatial patterns,
across large populations and extended time periods. These data have been widely used to study
travel behavior, mobility responses to external shocks, and spatial patterns of activity. However,
their potential to support behaviorally grounded estimation and monitoring of transportation-
related GHG emissions remain underdeveloped.

A key challenge lies in integrating behaviorally rich mobility data with established
emission modeling frameworks in a way that complements, rather than replaces, existing
inventories. Such integration must address uncertainty in unobserved vehicle attributes and
reconcile differences between resident-based and roadway-based accounting perspectives.
Without such a framework, the analytical potential of MDLD for informing transportation climate
policy remains largely untapped.

This chapter addresses this challenge by developing a trip-based, behaviorally grounded
framework for estimating on-road CO: emissions using MDLD. By linking observed travel
behavior to vehicle emission factors and explicitly accounting for uncertainty, the framework seeks
to enhance understanding of how transportation emissions are generated across space, time, and

travel behavior, thereby supporting more targeted and equitable climate policy analysis.
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6.2 Data

This chapter integrates three primary datasets to support behaviorally grounded estimation
of transportation-related CO. emissions: (1) Mobile Device Location Data (MDLD), (2) vehicle
ownership and fleet composition data from the Regional Travel Survey (RTS), and (3) vehicle-
specific fuel economy and emission factors from the U.S. Environmental Protection Agency (EPA).
Each dataset provides complementary information—human mobility, vehicle characteristics, and
emission rates—that together enable spatially and temporally resolved, trip-based emission

estimation.

6.2.1 Mobile Device Location Data (MDLD)

The MDLD used in this analysis was provided by the University of Maryland and compiled
from multiple commercial location data vendors. The structure, sampling characteristics, and
processing of MDLD are described in detail in Chapters 2 and 3; this section focuses on elements
relevant to emission estimation.

Using an established MDLD processing pipeline, raw location sightings were converted
into individual trips, with trip origins, destinations, timing, and distances inferred from
reconstructed trajectories. Home locations for each device were inferred based on nighttime stay
patterns and spatially joined to Census tracts and counties. Travel mode imputation was applied
following the procedures described earlier, and only trips classified as vehicle trips were retained
for emission analysis. Trip-level vehicle miles traveled (VMT) were computed and aggregated
across temporal dimensions such as hour of day and day of week.

The analysis covers travel by residents across 11 counties in the Washington, D.C.
metropolitan region, including the District of Columbia, selected counties in Maryland, and

counties and independent cities in Virginia. The study period corresponds to April 2019,
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representing typical pre-pandemic travel conditions and capturing both weekday and weekend
travel. On average, approximately 82,700 devices per day were observed across the region,
yielding more than 7.2 million vehicle trips during the study period. The large sample size and
continuous temporal coverage support robust analysis of emissions across space, time, and travel

behavior.

6.2.2 Regional Travel Survey (RTS) Vehicle Data

Vehicle ownership and fleet composition information were obtained from the National
Capital Region Transportation Planning Board’s 2018 Regional Travel Survey (RTS) [182]. The
RTS provides vehicle-level data including make, model, model year, household expansion weights,
and geocoded home locations at the Census tract and county levels. Within the study area, the RTS
contains an unweighted total of 18,394 vehicles. After applying household expansion weights, the
RTS vehicles represent approximately 3.18 million vehicles in the study region.

These data are used to characterize the spatial distribution of vehicle technologies and
emission intensities across Census tracts. For each tract, weighted distributions of vehicle emission
rates were derived by combining RTS vehicle records with EPA-tested fuel economy and emission
data. In tracts with limited RTS observations, county-level weighted distributions were used as
fallback estimates to ensure complete spatial coverage while preserving regional fleet

characteristics.

6.2.3 EPA Fuel Economy and Emission Data

Vehicle-level CO: emission rates were obtained from the EPA’s official fuel economy
database (fueleconomy.gov), which provides laboratory-tested tailpipe emission data for

passenger vehicles sold in the United States. The database reports standardized CO- emission rates
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under controlled testing conditions, allowing consistent comparison across vehicle makes, models,
and model years. In this study, the variable co2tailpipegpm (grams of CO: per mile) was used as
the primary emission factor.

EPA emission records were merged with RTS vehicle data based on vehicle make, model,
and model year, yielding vehicle-specific CO2 emission rates for the observed household fleet.
This integration produces tract-level weighted distributions of emission rates that reflect spatial
variation in vehicle composition and technology adoption, including differences in vehicle size,
fuel economy, and drivetrain characteristics. These tract-level emission rate distributions form the
basis for assigning CO: emission factors to MDLD-inferred trips using both deterministic fleet-
average and probabilistic Monte Carlo approaches described in Section 3.

Across all RTS vehicles successfully matched to EPA emission records (N = 18,394),
tailpipe CO- emission rates exhibit substantial heterogeneity. Emission rates range from near zero
for electric vehicles to approximately 890 g CO: per mile for high-emission vehicles, with a
median of 373 g CO: per mile and an interquartile range of approximately 317-433 g CO: per mile.
This wide distribution underscores the importance of accounting for fleet heterogeneity when
estimating transportation emissions and motivates the use of probabilistic vehicle assignment in

the MDLD-based framework.

6.3 Methodology

This study proposes a framework for estimating greenhouse gas (GHG) emissions from
travel activity derived from MDLD. The approach integrates spatially resolved vehicle
composition and emission rates from RTS and EPA datasets with trip-level distance and temporal

information from MDLD. Figure 6.1 illustrates the overall workflow.
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Figure 6.1 Overall workflow of the MDLD-based CO: emission estimation framework

6.3.1 Trip Construction and Activity Measures from MDLD

Trip-level travel activity was derived from Mobile Device Location Data (MDLD) using
the standardized processing framework described in earlier chapters. Raw location records were
converted into individual trips, defined as movements between stationary activity locations. Each
trip includes a start and end time, origin and destination, and travel duration. To support resident-
based emission analysis, a home location was inferred for each device based on nighttime stay
patterns and assigned to Census tracts and counties. Trips were filtered to retain only vehicular
travel based on trajectory and speed characteristics. Vehicle miles traveled (VMT) were then
calculated at the trip level from reconstructed movement paths. Because MDLD represents a
sample of the traveling population, expansion weights were applied to trips to align aggregated
travel activity with regional population benchmarks [85]. The resulting weighted trip dataset

provides the behavioral basis for subsequent emission estimation and aggregation across space and

time.

6.3.2 Estimating Trip-Level CO2 Emissions

To examine different approaches to estimate trip-level CO2 emissions, six methods were
evaluated:

e Approach 0: EPA Average Passenger Vehicle Benchmark
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As a baseline reference, trip-level CO: emissions were first estimated using a constant
emission factor of 393 g CO: per mile, representing the average gasoline-powered passenger
vehicle. This value is derived from the U.S. Environmental Protection Agency’s Greenhouse Gas
Equivalencies Calculator [183] and reflects the weighted-average fuel economy and tailpipe CO:
emissions of passenger cars and light trucks in the United States. This benchmark provides a simple
and transparent point of comparison that ignores variation in vehicle characteristics, operating
conditions, and travel behavior. As such, it is not intended to represent realistic fleet heterogeneity,
but rather to serve as a common reference for evaluating the relative performance of more detailed
emission estimation methods.

e Approach 1: Trip-average speed—based emission model

This approach estimates trip-level CO2 emissions as a function of the average travel speed
of'each trip. Following Zhang et al. [184], CO: emission intensity (grams per kilometer) is modeled
as a polynomial function of average trip speed, derived from laboratory and on-road emission tests
of Japanese vehicles conducted by the National Institute for Land and Infrastructure Management.
Trip-average speed is computed as total trip distance divided by travel time, and total trip emissions
are obtained by multiplying the estimated emission intensity by trip distance. This method captures
the non-linear relationship between speed and fuel consumption but assumes homogeneous vehicle
characteristics and relies on parameters calibrated for Japanese vehicle fleets and operating
conditions.

e Approach 2: Trajectory-level speed-based emission model

This approach estimates trip-level CO. emissions using speed information at the trajectory-

point level rather than relying on trip-average speed. Following Zhao et al. [185], emissions are

computed as a function of travel distance, travel time, and instantaneous speed changes between
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successive GPS sampling points. The model accounts for speed-dependent fuel consumption and
incorporates the effect of acceleration by distinguishing between speed-increasing and non-
increasing segments along the trajectory. Trip-level emissions are obtained by aggregating
emissions across all trajectory points within a trip. Compared with trip-average speed models, this
approach better captures short-term speed fluctuations and driving dynamics, but it assumes
homogeneous vehicle characteristics and relies on emission coefficients calibrated using taxi data
and non-U.S. contexts.
e Approach 3: Trajectory-based emission model incorporating stationary time

This approach estimates trip-level CO: emissions by explicitly accounting for both moving
and stationary vehicle operation, following Kan et al. [186]. Fuel consumption is first estimated
using a COPERT-based model, where consumption during moving activity is expressed as a non-
linear function of average speed for each space—time path segment, and fuel consumption during
stationary activity (engine-on idling) is modeled as a linear function of stop duration. Total fuel
consumption for a trip is computed as the sum of fuel used during moving and stationary periods
along the inferred trajectory. CO: emissions are then obtained by applying a constant conversion
factor of 8,887 grams of CO: per gallon of gasoline consumed, consistent with EPA and IPCC
guidelines [183]. Compared with speed-only models, this approach better captures operational
driving conditions such as congestion and idling, but it relies on emission parameters calibrated
using European COPERT standards and assumes homogeneous gasoline vehicle characteristics.

e Approach 4: Tract-level fleet-average emission assignment

This approach estimates trip-level CO: emissions using tract-specific average vehicle

emission rates derived from the RTS vehicle fleet. Vehicle-level CO: emission factors (grams per

mile) from EPA-tested fuel economy data are merged with RTS vehicle records, and a weighted
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mean emission rate is computed for each Census tract using household expansion weights. All
devices residing in the same tract are assigned the same average emission rate, representing a
deterministic baseline that reflects spatial variation in fleet composition while ignoring within-
tract heterogeneity.

For each trip i made by device d on day ¢, CO: emissions are calculated as:

COzgi,a,t) = Ta X VMT( 4.1

where 7;1s the tract-level average emission rate (grams of CO: per mile) assigned based on
the device’s home tract, and VMT; 4 1 is the trip distance measured from MDLD. This approach
preserves consistency with regional fleet characteristics but suppresses variability in vehicle
emissions among households within the same tract.

e Approach 5: Monte Carlo Assignment.

To represent uncertainty and heterogeneity in vehicle ownership that cannot be directly
observed in MDLD, a Monte Carlo (MC) framework was implemented. Vehicle emission-rate
pools were constructed by merging RTS vehicle records with EPA-certified tailpipe CO: emission
rates (grams per mile). Pools were defined at the Census tract level where sufficient RTS vehicle
observations were available; for tracts with limited vehicle records, county-level pools were used
as a fallback to ensure complete spatial coverage. Within each pool, emission rates were sampled
with replacement using household expansion weights, preserving the observed distribution of
vehicle types and technologies.

For each Monte Carlo iteration k, every device dresiding in tract jwas independently
assigned a vehicle emission rate rd(k)drawn from the corresponding tract- or county-level pool.

Trip-level CO: emissions were then computed by multiplying the sampled emission rate by the

trip distance derived from MDLD. Device-level emissions were aggregated to tract, county, and
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regional totals within each simulation, yielding one emission realization per spatial unit per
iteration. A total of 1,000 Monte Carlo simulations were performed, producing empirical
distributions of total emissions that explicitly reflect uncertainty in unobserved vehicle
characteristics. Summary statistics (e.g., mean, median, and percentile ranges) were then derived
across simulations for subsequent analysis and comparison.

Together, Approaches 4 and 5 provide complementary fleet-aware baselines that differ
only in their treatment of within-tract vehicle heterogeneity, allowing the added value of

probabilistic vehicle assignment to be isolated and evaluated.

6.3.3 Aggregation by Temporal and Spatial Dimensions

Trip-level CO: emissions were aggregated across multiple temporal and spatial dimensions
to support comparison across methods and alignment with policy-relevant reporting scales. For
temporal aggregation, each trip was assigned to an hourly bin based on its local start time. Trips
were further classified as weekday or weekend travel to capture systematic differences in travel
patterns and vehicle operation between workdays and non-workdays.

For spatial aggregation, emissions were attributed to the residential locations of travelers
rather than to roadway segments. Specifically, trips were aggregated by the home Census tract and
home county of each device, as inferred from MDLD. This origin-based accounting framework
interprets emissions as the carbon footprint generated by residents and neighborhoods, in contrast
to conventional location-based inventories that assign emissions to where vehicles operate on the
road network. This distinction enables analysis of who generates emissions and how travel demand
contributes to regional carbon outcomes.

For each temporal unit (hour x day type), or for each spatial unit, total CO: emissions were

computed as the weighted sum of trip-level emissions:
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Where h denotes a specific hour—day-type combination, s denotes a spatial unit, and w; 4 ,1s the

MDLD expansion weight associated with trip i.

6.3.4 Comparison with MOVES

To benchmark the MDLD-based framework, emissions were compared against outputs
from the EPA’s Motor Vehicle Emission Simulator (MOVESS), the standard tool used for on-road
emissions inventory in the United States. MOVES was configured for the same 11-county
Washington, D.C. metropolitan region using the default national database with county-level
geographic selection.

Hourly CO: emissions and VMT were extracted from MOVES for on-road roadway types
and aggregated to the same temporal and spatial resolution used in the MDLD analysis. Because
MOVES attributes emissions to vehicles operating within a geographic area regardless of vehicle
residency, whereas the MDLD framework attributes emissions to trips generated by residents,
comparisons were conducted at regional and county scales where these two accounting
perspectives are most comparable.

The benchmarking focused on the following metrics:

Average daily total CO: emissions,

Average CO- emissions per mile (CO2/ VMT),

Hourly emission profiles by weekday and weekend,

Weekday versus weekend contrasts at regional and county levels.
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Relative differences and ratios between MDLD-based estimates and MOVES outputs were
computed to assess consistency, identify systematic differences, and evaluate the extent to which

activity-based, origin-attributed emissions align with conventional roadway-based inventories.

6.3.5 Variance Decomposition and Uncertainty Analysis

To quantify uncertainty in trip-based CO: estimation and identify dominant sources of
variability, a variance decomposition analysis was conducted at the device level. Total variability
in estimated emissions was decomposed into two components:

e Across-method variability (within devices):

For each device, variation in estimated emissions across alternative emission estimation
approaches reflects methodological uncertainty arising from different modeling assumptions.

e Across-device variability (within methods):

For each estimation approach, variation in emissions across devices reflects heterogeneity in
travel behavior, trip intensity, and (implicitly) vehicle characteristics.

This decomposition enables comparison of the relative importance of modeling choices
versus behavioral heterogeneity in shaping emission outcomes, providing insight into whether
uncertainty is driven primarily by methodological assumptions or by real-world variation in travel

activity.

6.3.6 Trip Purpose Inference and Origin—Destination Emission Attribution

Trip purposes were inferred from MDLD using a rule-based classification framework that
integrates spatial context, activity duration, time of day, and known land-use patterns surrounding

trip endpoints [85]. Each trip was assigned to one of several mutually exclusive purpose categories,
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including home-based work (HBW), home-based other (HBO), work-based other (WBO), and
other-based other (OBO).

Trip-level CO: emissions were subsequently linked to inferred trip purposes, enabling
emissions to be aggregated and compared across purpose categories and between weekdays and
weekends. This structure supports examination of how different types of travel demand, i.e.
commuting versus discretionary travel, contribute to total emissions under varying temporal
contexts.

Origin—destination (OD) matrices were constructed by aggregating emission-weighted trip
flows between geographic units. For each trip, the origin corresponds to the inferred trip start
location and the destination to the inferred trip end location. OD emissions were aggregated at the
county level to support regional-scale analysis and visualization. These OD emission matrices
form the basis for identifying dominant inter-county emission flows and for visualizing spatial

interaction patterns using heatmaps.

6.3 Results

6.3.1 Comparison of Emission Estimation Methods

e Differences in total emissions and emissions per mile

Figure 6.2 compares total daily CO. emissions and emission intensity (grams per mile)
estimated using alternative trip-level emission modeling approaches. Speed-based approaches
(Approaches 1-3) yield substantially lower emission intensities, ranging from approximately 205
to 348 g CO: per mile, and correspondingly lower total daily CO2 emissions (23.0—39.1 billion
g/day), representing reductions of 12—48% relative to the EPA benchmark. These differences

reflect the fact that the speed—emission relationships used in these approaches were calibrated
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using non-U.S. vehicle fleets and operating conditions, which tend to underestimate emissions

for U.S. passenger vehicles.

Comparison of Total Daily CO2 Emissions by Method
43.5

Total daily COz (billion g/day)
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Comparison of CO2 Emission Intensity by Method
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300 A

200 A

100 4
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Figure 6.2 Average daily CO: emissions (a) and emission intensity (grams per mile) (b)
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In contrast, methods incorporating U.S.-specific vehicle fleet composition produce
emission intensities of approximately 387 g CO: per mile, closely aligning with the EPA
benchmark value of 393 g CO: per mile. The deterministic fleet-average approach produces a total
daily CO: estimate of approximately 43.5 billion grams per day, closely aligned with the EPA
benchmark estimate of 44.2 billion grams per day. The Monte Carlo approach, summarized using
the median (P50) across simulations, yields a nearly identical estimate (43.5 billion grams per day),
indicating that stochastic vehicle assignment does not materially affect aggregate regional
emissions. These results demonstrate that emission estimates are highly sensitive to modeling
assumptions, and that fleet-aware approaches are critical for producing realistic CO- estimates in
U.S. contexts.

e Distribution of Device-Level Daily CO: Emissions Across Methods

Device daily CO: distribution across methods
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Figure 6.3 Distribution of device-level daily CO: emissions across emission estimation
methods

Figure 6.3 compares the distribution of daily CO: emissions per device across alternative

emission estimation methods. Device-level emissions are summarized using daily averages and
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grouped into emission bins to highlight differences in the shape of the distributions rather than
differences in aggregate totals.

Across all methods, the distribution of device-level daily CO: emissions is right-skewed,
with the majority of devices emitting between approximately 5,000 and 20,000 grams of CO: per
day. However, substantial differences emerge in how methods allocate devices across lower and
higher emission ranges. Speed-based approaches (Approaches 1-3) systematically shift mass
toward lower emission bins, particularly in the 2—5k and 5-10k g/day ranges, while assigning
fewer devices to higher-emission bins above 20k g/day. This pattern is consistent with the lower
emission intensities produced by these models and reflects their calibration to non-U.S. vehicle
fleets and operating conditions.

In contrast, the EPA benchmark, deterministic fleet-average approach, and Monte Carlo
method yield closely aligned distributions across most bins, particularly in the mid-range (5-30k
g/day). These methods produce substantially heavier upper tails than the speed-based approaches,
indicating a higher prevalence of devices with large daily emissions. The Monte Carlo approach
closely tracks the deterministic fleet-average distribution while exhibiting slightly higher shares in
both lower and higher emission bins. This similarity reflects the fact that variation in device-level
daily CO: emissions is dominated by differences in travel activity (vehicle miles traveled), rather
than by variation in vehicle emission rates. As a result, probabilistic vehicle assignment does not
materially alter the distribution of daily emissions at the individual-device level. However, the
Monte Carlo framework provides a more realistic representation of fleet composition uncertainty
and becomes relevant for analyses that focus on emission-rate distributions examined in
subsequent sections.

e Distribution of Device-Level Emission Rates
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Device emission-rate distribution: Tract Average vs Monte Carlo
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Figure 6.4 Distribution of per-mile CO: emission rates assigned to devices under the
deterministic tract-average approach and the Monte Carlo framework

Figure 6.4 compares the distribution of per-mile CO- emission rates assigned to devices
under the deterministic tract-average approach and the Monte Carlo framework. While the
distributions of device-level daily CO: emissions are largely similar across fleet-based methods,
the emission-rate distributions reveal substantial differences in the representation of vehicle
heterogeneity.

Under the deterministic approach, all devices within a given census tract are assigned the
same average emission rate, resulting in a highly concentrated distribution centered around mid-
range values (approximately 350425 g CO: per mile). As a consequence, the deterministic
method assigns very small shares of devices to the lowest and highest emission-rate bins. In
contrast, the Monte Carlo approach produces a markedly broader distribution of emission rates,
with higher shares of devices assigned to both low-emission and high-emission bins. This reflects
the probabilistic assignment of vehicle emission rates drawn from the tract-level fleet pool,

allowing devices within the same tract to represent a diverse mix of vehicle technologies and

113



efficiencies. Importantly, the central tendency of the Monte Carlo emission-rate distribution
remains close to the tract average, explaining why aggregate emissions and device-level daily CO:
totals are similar across fleet-based methods. However, the heavier tails produced by the Monte
Carlo approach indicate that it preserves within-tract fleet heterogeneity that is suppressed under
deterministic averaging.

Taken together with the device-level daily emission results, these findings demonstrate that
variability in total daily CO: emissions is primarily driven by differences in travel activity, while
the Monte Carlo framework adds value by more realistically representing uncertainty in vehicle

characteristics.

6.3.2 Variance Decomposition of CO: Estimates
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Figure 6.5 Distribution of across-method disagreement in daily CO: estimates

Figure 6.5 illustrates the distribution of across-method disagreement in estimated daily CO-
emissions at the device level, quantified by the coefficient of variation (CV) across alternative
emission estimation methods for the same traveler. The distribution is right-skewed but

concentrated at relatively low values, with a median across-method CV of 0.27 and a 90th
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percentile of 0.41, indicating that sensitivity to modeling assumptions is moderate for most devices

and extreme disagreement is uncommon.
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Figure 6.6 Comparison of across-device and across-method variability in daily CO:
emissions

In contrast, Figure 6.6 compares across-device variability under each fixed method with
across-method disagreement. Across-device CVs, computed as the coefficient of variation of daily
CO: emissions across devices for each method, are consistently large across all methods, ranging
from 0.77 to 1.06. These values are approximately three to four times larger than the median
across-method CV and remain well above even the 90th percentile of across-method disagreement.
This pattern indicates that heterogeneity in travel behavior across individuals, such as differences
in trip frequency and distance, is the dominant source of variability in resident-based CO-

emissions.
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Taken together, these results demonstrate that while emission estimates are sensitive to
methodological assumptions, behavioral heterogeneity across travelers overwhelmingly drives
variability in CO- emissions. The consistency of across-device CVs across all methods further
suggests that this conclusion is robust to emission modeling choice. Consequently, uncertainty-
aware approaches such as Monte Carlo vehicle assignment are best viewed as complementary tools
that capture emission-factor uncertainty, rather than as sources of dominant variability relative to

real-world differences in travel behavior.

6.3.3 Comparison of MDLD-based CO- Emissions with MOVES
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Figure 6.7 Daily CO: totals estimated by MDLD and MOVES (a) and Average CO:
emissions per mile from MDLD and MOVES (b)

Figure 6.7 (a) compares total daily CO: emissions estimated using the MDLD-based Monte
Carlo median approach and EPA’s MOVES model for weekdays and weekends. MDLD-based
estimates (3.54 x 10'° g/day) are slightly lower than MOVES (3.81 x 10" g/day) on weekdays,
with a ratio of 0.93, and closely aligned on weekends, with a ratio of 0.99. In both cases, the
magnitude of total daily emissions is comparable, indicating consistency between the resident-

based MDLD framework and the activity-based MOVES inventory at the regional scale.
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Figure 6.7 (b) compares average CO: emissions per mile. Emission intensities from MDLD
and MOVES are highly consistent for both weekdays (387 vs 394 g/mi) and weekends (386 vs 387
g/mi), with differences on the order of a few percent. This agreement suggests that differences in
total emissions are driven primarily by differences in estimated travel activity rather than
systematic discrepancies in emission factors.

Together, these results demonstrate that the MDLD-based framework reproduces regional-
scale emission levels and intensities comparable to MOVES. Differences between MDLD-based
and MOVES emission estimates reflect fundamental differences in accounting perspective rather
than discrepancies in emission factors. MOVES estimates emissions from vehicles operating
within a geographic boundary, including trips generated by non-residents and through traffic,
whereas the MDLD framework attributes emissions to trips originating from different locations
within the study area. As a result, MDLD-based estimates may be lower than MOVES estimates
in regions with substantial inbound commuting or pass-through traffic, particularly on weekdays.
The close agreement in emissions per mile across the two approaches indicates that observed
differences in total emissions are driven primarily by differences in attributed travel activity rather

than emission rates.

117



Hourly CO:2 emissions: Weekday

1e9
3.0 A —&— MDLD (MC P50)
—0— Speed-based (App3)
—8— MOVES

2.5 A
’g 2.0 A
[=]
=
2 15
o]
Q

1.0 A

0.5 A

0.0 T T T T T T T T T T T T

0] 2 4 6 8 10 12 14 16 18 20 22
Hour of day
(a)
1e9 Hourly COz emissions: Weekend
—8— MDLD (MC P50)
20 —— Speed-based (App3)
' —8— MOVES

— 1.5 1
>
IS
=
2
S 1.0
(@]

0.5 1

0.0 T T T T T T T T T T T T

0 2 4 6 8 10 12 14 16 18 20 22
Hour of day

Figure 6.8 Hourly CO: emissions on weekdays (a) and weekends (b): MDLD vs. MOVES
Figure 6.8 compares hourly CO: emissions estimated using the MDLD-based Monte Carlo
approach (P50), a representative speed-based method (Approach 3), and EPA MOVES for
weekdays and weekends. Across all methods, the diurnal profiles exhibit consistent temporal

patterns, including pronounced morning and afternoon peaks on weekdays and a flatter, extended
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midday peak on weekends. This consistency indicates that MDLD-derived travel activity captures
realistic temporal dynamics of regional travel demand. The timing of peak emissions aligns closely
between the two models, reflecting similar representations of daily travel rhythms.

In terms of magnitude, MDLD-based estimates using the Monte Carlo median (P50)
consistently exceed those from the speed-based approach (App3), particularly during peak hours,
while remaining modestly lower than MOVES estimates. This pattern reflects differences in
underlying modeling assumptions: speed-based methods rely on simplified emission—speed
relationships calibrated on non-U.S. fleets, whereas the Monte Carlo framework incorporates U.S.-
specific fleet composition derived from survey data.

Notable differences arise during off-peak hours. MOVES generally reports higher
emissions during late evening and nighttime hours, whereas MDLD-based estimates are lower
during these periods. During weekday peak periods, MDLD estimates are slightly higher in the
morning commute hours, while MOVES tends to produce higher emissions during the late
afternoon peak. These differences likely reflect conceptual distinctions between the two
frameworks: MOVES estimates emissions from vehicles operating within a geographic boundary,
whereas the MDLD approach attributes emissions to trips generated by residents, emphasizing

travel origin and behavioral patterns.
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Hourly CO: per mile: Weekday (MDLD vs MOVES)
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Figure 6.9 Hourly CO: emission intensities on weekdays (a) and weekends (b): MDLD vs.
MOVES

Figure 6.9 presents hourly CO: emission intensities (grams per mile) for the same
comparison. While the Monte Carlo (fleet-aware) and MOVES estimates produce relatively stable
CO: intensities across hours, the speed-based approach exhibits pronounced diurnal variation, with

lower emission rates during late night/early morning and higher values during daytime and peak
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periods. This pattern likely reflects time-of-day changes in traffic operating conditions (e.g., free-
flow versus congested stop-and-go regimes), suggesting that speed-based methods can provide
useful sensitivity to congestion dynamics. However, the speed-based approach remains
systematically lower in magnitude than both the fleet-aware and MOVES estimates across most
hours, consistent with the fact that its emission—speed relationship was calibrated under non-U.S.
fleets and operating contexts. Taken together, these results indicate that fleet-aware and speed-
based approaches emphasize different aspects of real-world emissions: the former improves
realism in absolute levels and vehicle-mix heterogeneity, whereas the latter captures temporal

variation associated with traffic conditions.
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Counties by MOVES CO;: Weekend
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Figure 6.10 County-level total daily CO: emissions on weekdays (a) and weekends (b): MDLD vs.
MOVES

Figures 6.10 compare county-level total daily CO. emissions estimated by the MDLD-
based Monte Carlo framework and MOVES for weekdays and weekends, respectively. The two
methods exhibit strong agreement in the relative ranking of counties, with Prince George’s, Fairfax,
Montgomery, and the District of Columbia consistently emerging as the largest contributors. This
consistency indicates that MDLD-derived travel activity reproduces the dominant spatial structure
of regional emissions.

Despite this agreement in spatial patterns, systematic differences in emission levels are
observed across counties. In employment- and residence-intensive areas such as the District of
Columbia and Montgomery County, MDLD-based estimates exceed MOVES, reflecting

emissions generated by resident trips that subsequently leave the county. In contrast, MOVES
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reports higher emissions in corridor-oriented counties such as Prince George’s, where pass-
through and non-resident traffic contribute substantially to on-road emissions. These differences
highlight the conceptual distinction between origin-based and operating-based emission
accounting.

Differences between the two approaches are notably smaller on weekends, when travel is
more likely to be locally generated and commuter flows are reduced. Together, these results
demonstrate that MDLD and MOVES provide complementary perspectives on spatial emission
allocation, with MDLD offering additional insight into the residential and behavioral drivers of
transportation emissions. The county-level comparison also highlights that while MOVES and
MDLD produce similar regional totals, the spatial allocation of emissions depends critically on

whether emissions are attributed to locations of vehicle operation or to origins of travel demand.

6.3.4 Emissions by Trip Purpose
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Figure 6.11 Total CO: by trip purpose on weekdays and weekends
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Figure 6.12 CO: shares by trip purpose on weekdays and weekends

Figure 6.11 presents total daily CO: emissions by trip purpose for weekdays and weekends,
and Figure 6.12 shows the shares. On weekdays, home-based other (HBO) trips account for the
largest share of emissions, exceeding those associated with home-based work (HBW) travel.
Other-based other (OBO) trips also contribute substantially, indicating that non-work activities are
a dominant driver of transportation emissions even during weekdays.

On weekends, the contribution of work-related travel declines sharply, while HBO and
OBO trips dominate total emissions. Despite lower overall travel volumes, weekend emissions
remain substantial, reflecting continued high levels of discretionary travel.

These results demonstrate the value of the MDLD-based framework for linking
transportation emissions to underlying activity patterns, enabling analyses that are not possible
using traditional roadway-based emission models such as MOVES. Policies targeting non-work
travel, such as land-use planning, local accessibility improvements, and travel demand
management, may yield emissions reductions comparable to or greater than those focused

exclusively on commuting.
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6.3.5 Origin—Destination Emission Flows
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Figure 6.13 County-level origin—destination (OD) CO: emissions estimated using the
MDLD-based framework for weekday travel

Figure 6.13 presents county-level origin—destination (OD) CO: emissions estimated using
the MDLD-based framework for weekday travel. Emissions are dominated by within-county trips,
as indicated by the strong diagonal in the OD heatmap, reflecting the substantial contribution of
local travel to total regional emissions. Cross-county emissions are concentrated in a limited
number of OD pairs, primarily connecting major suburban counties with the District of Columbia,
highlighting the role of commuting and regional travel corridors.

The relative contributions of within- and cross-county travel to total CO: emissions are also

calculated: On weekdays, within-county trips account for 51.3% of total emissions, while cross-
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county trips contribute 48.7%. A nearly identical split is observed on weekends, with 51.5% of
emissions occurring within counties and 48.5% associated with cross-county travel. The stability
of this split across day types suggests that local travel remains a dominant source of transportation
emissions even outside traditional commuting periods. More than half of transportation CO-
emissions originate from trips that begin and end within the same county, indicating that policies
targeting local travel behavior may yield emission reductions comparable to those focused on long-
distance commuting.

These results underscore the importance of local accessibility and short-distance travel in
shaping regional emissions, while also revealing the persistence of inter-county travel
dependencies. By attributing emissions to trip origins rather than roadway locations, the MDLD-
based framework provides insight into spatial emission responsibility and regional

interconnections that cannot be captured by traditional operating-based emission models.

6.4 Discussion

This study proposes and evaluates a trip-based framework for estimating on-road CO:
emissions using mobile device location data (MDLD), integrated with spatially resolved vehicle
composition and emission factors derived from regional travel survey (RTS) and EPA datasets. By
linking trip-level distance and timing information with tract-level fleet characteristics and
explicitly accounting for uncertainty in vehicle assignment, the framework enables fine-grained
spatial, temporal, and behavioral analysis of transportation emissions that is not possible using

traditional roadway-based models alone.
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6.4.1 Key Findings

Several key findings emerge from the analysis. First, comparisons across alternative trip-
level emission estimation methods demonstrate that modeling assumptions influence estimated
emissions, but these effects are modest relative to variability driven by differences in travel
behavior across individuals. Across-device coefficients of variation are consistently three to four
times larger than across-method disagreement, indicating that heterogeneity in travel activity—
rather than emission modeling choice—is the dominant driver of variability in resident-based CO:
estimates. This finding highlights the importance of behaviorally rich data sources such as MDLD
for understanding transportation emissions.

Second, the Monte Carlo vehicle assignment approach provides a principled way to
represent uncertainty arising from unobserved vehicle characteristics while preserving consistency
with regional emission totals. Although Monte Carlo median and tract-level weighted-average
estimates are similar at aggregate scales, the Monte Carlo framework adds value by more
realistically representing uncertainty in vehicle characteristics.

Third, MDLD-based emission estimates are broadly consistent with EPA’s MOVES model
at the regional scale. Daily total emissions and emissions per mile are closely aligned for both
weekdays and weekends, and both approaches reproduce similar diurnal emission profiles.
Systematic differences between MDLD and MOVES are attributable to differences in accounting
perspective rather than discrepancies in emission factors. MOVES attributes emissions to vehicles
operating within geographic boundaries, including non-resident and pass-through traffic, whereas
the MDLD framework attributes emissions to trips generated by residents. This distinction
explains why MDLD estimates are generally lower than MOVES estimates in commuter-intensive

counties on weekdays and why the two approaches converge more closely on weekends.
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Fourth, the MDLD framework enables attribution of emissions to travel purposes and
origin—destination flows, revealing insights that are not accessible in roadway-based inventories.
Non-work travel, particularly home-based other and other-based other trips, accounts for a
substantial share of total emissions on both weekdays and weekends, underscoring the importance
of discretionary travel in shaping transportation-related greenhouse gas emissions. County-level
OD analysis further shows that while cross-county travel remains significant, slightly more than
half of emissions originate from within-county trips across both day types. This result highlights

the critical role of local travel and accessibility in regional emission outcomes.

6.4.2 Implications for Policy and Planning

The findings have several important implications for transportation and climate policy.
First, the dominance of behavioral heterogeneity and non-work travel suggests that emission
reduction strategies focused exclusively on commuting may overlook a large share of potential
reductions. Policies aimed at improving local accessibility, supporting mixed-use development,
and reducing the need for discretionary auto travel may yield emission benefits comparable to
those targeting work trips alone.

Second, the distinction between resident-based and operating-based emission accounting
has implications for equity and responsibility. By attributing emissions to the origins of travel
demand, the MDLD framework enables identification of which communities generate emissions
and how travel patterns differ across neighborhoods and jurisdictions. This perspective is
particularly relevant for designing equitable climate policies, evaluating household-level burdens,
and aligning transportation investments with emission reduction goals.

Third, the OD analysis highlights the importance of regional coordination. Although

within-county travel accounts for a majority of emissions, cross-county flows are concentrated in
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a limited number of major corridors, reflecting interdependencies among jurisdictions. Effective
emission reduction strategies therefore require coordination across local and regional agencies

rather than isolated, jurisdiction-specific interventions.

6.4.3 Limitations and Future Research

This study has several limitations that point to directions for future research. First, MDLD
does not directly observe vehicle type, fuel, or occupancy, requiring probabilistic assignment based
on aggregate fleet distributions. While the Monte Carlo framework explicitly represents this
uncertainty, future work could integrate additional data sources—such as vehicle registration
records or connected vehicle data—to refine vehicle attribution. Second, the analysis focuses on
tailpipe CO: emissions and does not account for upstream emissions or non-exhaust pollutants.
Extending the framework to a broader set of environmental impacts would further enhance its
policy relevance. Finally, although the framework is demonstrated for a large metropolitan region,
applying it to other contexts would help assess its generalizability and sensitivity to regional travel

patterns.
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Chapter 7: Conclusion

7.1 Overview of the Dissertation

This dissertation investigates how Mobile Device Location Data (MDLD) can be leveraged
to advance transportation analysis in an era of rapid technological change, evolving travel behavior,
and growing sustainability challenges. Traditional transportation data sources, such as household
travel surveys, traffic counts, and roadway-based emission inventories, have long formed the
backbone of transportation planning and policy analysis. While these tools remain indispensable,
they face fundamental limitations related to sample size, temporal coverage, behavioral resolution,
and the ability to capture emerging mobility patterns.

By exploiting the scale, continuity, and behavioral richness of MDLD, this dissertation
demonstrates how new data infrastructures can complement conventional approaches and enable
a more nuanced understanding of travel behavior, congestion dynamics, and environmental
impacts. Across four interconnected studies, the dissertation develops methods to integrate MDLD
with traditional datasets, validates MDLD against established behavioral relationships, applies
MDLD to diagnose post-pandemic congestion, and extends its use to behaviorally grounded
estimation of transportation-related greenhouse gas emissions.

Together, these chapters illustrate how transportation outcomes, such as congestion and
emissions, are increasingly shaped not only by infrastructure supply or trip frequency, but by

deeper behavioral and spatial transformations in how, when, and why people travel.
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7.2 Summary of Key Findings

7.2.1 Advancing Transportation Data Infrastructure through Data Fusion

A central contribution of this dissertation is the development of methods to integrate
MDLD with traditional travel survey data. By linking MDLD with the Regional Travel Survey
(RTS), Chapter 3 demonstrates how the complementary strengths of these datasets can be
combined to overcome long-standing data constraints. While travel surveys provide rich socio-
demographic context, they are typically limited in duration and sample size. MDLD, in contrast,
offers continuous, multi-day observations of travel behavior but lacks direct demographic
information.

The data fusion approaches developed in this dissertation show that it is possible to
construct longitudinal data panels that retain the behavioral richness of MDLD while incorporating
demographic and contextual information from surveys. These fused datasets capture travel
behaviors that are often underrepresented in surveys, including off-peak travel, non-work trips,
and multi-day variability in individual travel patterns. As a result, the dissertation establishes a
stronger empirical foundation for analyzing travel behavior over extended periods and across

population groups.

7.2.2 Behavioral Validity of MDLD for Travel Demand Analysis

Chapter 4 addresses a critical question underlying the use of MDLD in transportation
research: whether passively collected mobility data can recover economically meaningful
behavioral relationships. Using longitudinal MDLD panels from the Washington, D.C.
metropolitan region, the study examines the relationship between vehicle miles traveled (VMT)

and gasoline prices during a period of substantial economic and social disruption.
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The findings demonstrate that MDLD-based measures of daily VMT respond to changes
in gasoline prices in a manner consistent with economic theory and prior empirical studies.
Estimated short-run elasticities fall within the range reported in the literature, even as gasoline
prices rose during the post-pandemic reopening period. Importantly, the analysis highlights how
behavioral signal strength varies with the level of spatial aggregation, with aggregated pseudo-
panels exhibiting greater stability and predictability than individual-level records.

These results provide strong evidence that MDLD captures meaningful behavioral
responses to economic incentives, reinforcing its credibility as a data source for travel demand
analysis. This validation is essential for interpreting the subsequent congestion and emissions
analyses, which rely on MDLD to infer behavioral mechanisms rather than merely describe

observed traffic patterns.

7.2.3 Post-Pandemic Congestion as a Behavioral and Spatial Phenomenon

Building on the behavioral foundations established earlier, Chapter 5 examines how
teleworking and post-pandemic behavioral shifts have reshaped road congestion in the Washington,
D.C. region. Contrary to the expectation that reduced commuting would alleviate congestion, the
analysis reveals that congestion has intensified relative to pre-pandemic conditions, particularly
during weekends.

A key insight of this chapter is that post-pandemic congestion is not primarily driven by a
recovery in trip frequency. Instead, congestion is shaped by longer average trip distances,
increased spatial dispersion of travel demand, and shifts in travel timing. By distinguishing
changes at the origin—destination (OD) pair level from changes at the individual trip level, the
study shows that travelers are not taking longer routes between the same locations; rather, they are

increasingly engaging in trips that connect more distant locations.
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These patterns are consistent with greater residential flexibility enabled by teleworking,
reduced reliance on daily commuting, and increased discretionary travel. The persistence of
elevated interstate travel further indicates that pandemic-induced changes in residential location
and travel behavior have had lasting regional impacts.

Collectively, these findings highlight a telework—congestion paradox: policies and
practices that reduce commuting frequency may simultaneously contribute to congestion through
longer and more spatially dispersed trips. This challenges traditional congestion metrics and
underscores the need to rethink how transportation system performance is evaluated in the post-

pandemic era.

7.2.4 Behaviorally Grounded Estimation of Transportation Emissions

Chapter 6 extends the behavioral perspective of the dissertation to environmental outcomes
by developing a trip-based framework for estimating transportation-related CO- emissions using
MDLD. By integrating trip-level mobility data with spatially resolved vehicle fleet characteristics
and emission factors, the framework enables emissions to be attributed to travel behavior, trip
purpose, and residential geography.

A central finding is that variability in emissions is driven primarily by heterogeneity in
travel behavior rather than by differences in emission modeling assumptions. Across-device
variability in emissions substantially exceeds across-method disagreement, highlighting the
dominant role of behavior in shaping transportation-related carbon footprints. This underscores
the value of behaviorally rich data sources for climate analysis.

The chapter also demonstrates that MDLD-based emission estimates are broadly consistent
with EPA’s MOVES model at aggregate scales, with remaining differences attributable to

contrasting accounting perspectives. While MOVES attributes emissions to where vehicles operate,
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the MDLD framework attributes emissions to the origins of travel demand. This distinction enables
new insights into who generates emissions and why, revealing the substantial contribution of non-

work and local travel to regional emissions.

7.3 Methodological Contributions

Collectively, this dissertation makes several methodological contributions to transportation
research. First, the dissertation demonstrates how MDLD can be systematically integrated with
traditional travel surveys to create longitudinal, behaviorally rich datasets that overcome the
limitations of either source alone. Second, by recovering theory-consistent responses to gasoline
prices, the research establishes MDLD as a credible tool for analyzing travel demand and
behavioral responses to economic factors. Third, the congestion analysis introduces an OD-
consistent framework that separates changes in congestion from changes in trip composition,
providing a more robust basis for evaluating system performance over time. Finally, the GHG
framework shifts emissions analysis from a purely roadway-based perspective to a behaviorally
grounded, resident-based perspective, enabling attribution of emissions to travel behavior and
population groups.

These contributions highlight the value of viewing MDLD not as a replacement for existing
data sources and models, but as a complementary tool that expands the scope of questions that

transportation researchers and planners can address.

7.4 Implications for Transportation Planning and Policy

The findings of this dissertation have important implications for transportation planning
and policy. First, they suggest that strategies focused narrowly on peak-hour commuting are

increasingly insufficient in a post-pandemic context characterized by flexible work arrangements,
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longer-distance travel, and elevated discretionary demand. Effective congestion management must
account for changes in trip length, spatial distribution, and weekend travel patterns.

Second, the results underscore the importance of regional coordination. The growing
prominence of interstate and cross-jurisdictional travel highlights the need for planning approaches
that transcend administrative boundaries and address regional travel systems as integrated
networks.

Third, from an environmental perspective, the dominance of behavioral heterogeneity and
non-work travel in shaping emissions suggests that climate strategies focused exclusively on
commuting may miss significant opportunities for emission reduction. Policies that improve local
accessibility, reduce the need for discretionary auto travel, and align land use with travel demand
can play a critical role in achieving transportation-related climate goals.

Finally, the resident-based perspective enabled by MDLD provides a foundation for more
equitable climate and transportation policy by linking emissions and congestion outcomes to the

origins of travel demand rather than solely to roadway locations.

7.5 Limitations and Future Research

Despite its contributions, this dissertation has several limitations. MDLD does not directly
observe individual socio-demographic characteristics, vehicle attributes, or teleworking status,
requiring imputation or probabilistic assignment based on aggregate data. While these approaches
are carefully designed and validated, they introduce uncertainty that future research could reduce
through integration with additional data sources.

The empirical analyses focus on specific regions and time periods, and findings may not

fully generalize to regions with different travel patterns, land-use structures, or policy
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environments. In addition, the emissions analysis considers tailpipe CO2 emissions and does not
account for upstream emissions or non-exhaust pollutants.

This dissertation opens several promising avenues for future research. Further the
integration of MDLD with surveys, administrative records, and emerging connected vehicle data
could enhance demographic and vehicle attribution. Extending the analyses to longer post-
pandemic horizons would improve understanding of the durability of observed behavioral changes.

Future work could also leverage MDLD to study route choice, real-time responses to
information, and traffic propagation dynamics. Expanding the emission framework to include
upstream emissions, criteria pollutants, and exposure-based metrics would further strengthen its
policy relevance. Finally, applying the methods developed here to additional metropolitan regions
would help assess their generalizability and inform broader transportation and climate policy

debates.
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