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Disclaimer
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those of the California Air Resources Board. The mention of commercial products, their source, or
their use in connection with material reported herein is not to be construed as an actual or implied
endorsement of such products.
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1 Abstract

On March19th , 2020, California implemented a Shelter-in-Place (SIP) order in response to
the COVID-19 pandemic. This report delves into the alteration of human mobility patterns in Cal-
ifornia prompted by the pandemic and the corresponding response measures. Utilizing Location-
Based Service (LBS) data derived from mobile phones, we introduce a mode detection algorithm
to explore changes in vehicle miles traveled (VMT) statewide, categorized by trip purpose and ori-
gin tract within California. Our analysis uncovers both spatial and temporal disparities in how the
COVID-19 pandemic and the SIP order affected VMT. The study investigates shifts in the number
of commutes and the structure of the commuting �ow network. Notably, we identify the emergence
of two additional travel zones in the �ow network, indicative of a growing separation among dif-
ferent regions in the wake of the pandemic. Furthermore, we compare the average travel distance,
assessed through the radius of gyration (rg), before and after the pandemic's onset, capturing shifts
in individual travel behaviors. Our �ndings con�rm that not only did people reduce their overall
travel due to the pandemic, but they also began to travel shorter distances. Additionally, this re-
port examines patterns of changes in residential locations during the COVID-19 pandemic using
a two-step semi-supervised algorithm. Notably, we observe a higher frequency of home changes
in March 2020. Users who relocated during this period tended to move over longer distances,
suggesting a shift not only within the city but also within the broader region of residence. Finally,
we evaluate the feasibility of employing LBS data to assess the effectiveness of various mobility-
related interventions that took place in Sacramento in 2019, employing the aforementioned mode
detection algorithm. While we do observe the potential to detect changes in motorized trips as
a result of these interventions, it's important to note that the sample size for traveler detection is
relatively small, limiting our ability to draw de�nitive conclusions.
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2 Public outreach summary: People Movement through the Lens of Cell Phone Data in
California during COVID-19

2.1 Issues
In 2018, California set an ambitious target: to reduce the state's greenhouse gas emissions,

a major driver of global warming, to 40% below the 1990 level by 2030. One of the signi�cant
contributors to these emissions is the transportation sector, particularly the widespread use of motor
vehicles. As a result, there is a pressing need for dependable data sources to quantify alterations in
Vehicle Miles Traveled (VMTs).

The emergence of the COVID-19 pandemic brought about substantial limitations on people's
mobility. A predominant shift towards remote work became the norm for many during this period,
leading to a fundamental transformation in how and where people traverse within cities.

The COVID-19 pandemic has presented a unique opportunity to explore shifts in travel behav-
ior through the lens of emerging technologies. Mobile phone data, in particular, offers a valuable
means to investigate how people modi�ed their vehicle usage and travel patterns during this trans-
formative period.
2.2 Main Question

The central inquiry of the report revolves around the impact of the COVID-19 pandemic on
individuals' mobility and vehicle utilization. Speci�cally, it explores the potential for utilizing
location data generated by mobile phones to quantify these changes.
2.3 Key Results

The key results from this study are (1) Vehicle usage decreased up to 20% more in urban areas
than in rural areas because of COVID-19. (2) The number of commutes decreased 30% more than
the number of non-commute trips. The number of commuting travels we observed in 2022 had not
returned to the respective 2019 level. (3) In the two-week period following the beginning of the
lockdown in March 2020, many more people changed residential locations compared to other all
other periods of observation in 2020. (4) Location based service data from mobile phones allow to
measure the effects of transportation interventions on non-motorized trips.
2.4 Conclusions

Our �ndings underscore the importance of tailoring policies aimed at reducing vehicle depen-
dency to account for regional disparities. In general, urban areas reduced more their VMTs than
rural areas during the same period of observation in 2020. Notably, the reduction in vehicle usage
exhibits a signi�cant variance, with some counties decreasing their Vehicle Miles Traveled only by
5% in 2020, while others achieved a more substantial reduction of 38%.

While Location-Based Service (LBS) data proves valuable in measuring travel mode and
tracking changes in residential locations, it's worth noting that the sample sizes are relatively small.
Consequently, drawing meaningful conclusions regarding the demographic characteristics of indi-
viduals based on this data remains challenging.
2.5 Additional Information

This study is funded under CARB grant No.20RD005 and completed by Shangqing Cao,
Cristobal Pais, Violet Lingenfelter, Ruining Wang, Elouan Pulveric, Tom Wenzel and Marta C.
Gonźalez. The full title of the study is ”A Data Science Framework to Measure Vehicle Miles
Traveled by Mode and Purpose”. The full paper can be found on the CARB website and the
associated web application developed can be found here.
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3 Executive Summary

3.1 Background

Human mobility science is the study of modeling and analyzing individuals' movements to
extrapolate population-wide travel patterns and trends. These studies have been boosted by the new
availability of mobile phones that track trips of large samples of the population. These data sources
are passively collected in contrast with, and as a great complement to travel diary surveys. Mobile
phone sources are divided into two types, call detailed records (CDRs) and location-based services
(LBS). The former are collected by mobile phone providers and have spatial resolution given by
the coverage areas of the antennas. The latter are collected by different applications installed in
smartphones and they have spatial resolution of GPS and WiFi access points.

Characterizing human mobility patterns for a group of users, or in a given area, can assist
policy makers in designing and implementing effective mobility-related and transportation-related
policies. This report explores the potential of using mobile phone data and methods from mobility
science to track changes in travel patterns in California. This helps the state of California to design
policies that will lead to achieving the state's goal of reducing greenhouse gas emissions to 40%
below the 1990 level by 2030. We focus on evaluating the impact of the COVID-19 pandemic on
mobility patterns in California as detected via algorithms applied to mobile phone data.

3.2 Objectives and Methods

The goals of this report encompass evaluating the shifts in vehicle usage, trip purposes, com-
muting patterns, and residential relocations at a statewide level, all prompted by the COVID-19
pandemic, and relying on mobile phone data as our primary data source. Additionally, we as-
sess the in�uence of multiple mobility-related initiatives implemented in Sacramento in 2019. To
achieve these objectives, we employ a range of data science techniques and concepts from network
science.

8



DRAFT

Speci�cally, we introduce innovative unsupervised learning methods designed for the identi-
�cation of changes in residential locations and the classi�cation of travel modes. Our analyses are
driven by Location-Based Service (LBS) data for trip measurement, supplemented by demographic
and socioeconomic information sourced from census data.

3.3 Results

We discover that mobile phone data enables the measurement of shifts in Vehicle Miles Trav-
eled (VMTs) during the COVID-19 pandemic and its associated response measures in California.
Notably, rural areas exhibited a lesser reduction in comparison to their urban and suburban counter-
parts, maintaining relatively high VMT levels even in March and April 2020. A more pronounced
decline in VMT occurred on weekends, as non-essential travel bore a greater negative impact than
essential travel. It's worth highlighting that the volume of work-related movements, particularly
commutes, did not rebound to pre-pandemic levels as swiftly as non-commute trips. In fact, as
indicated by network analysis, the statewide commuting structure has not fully returned to its pre-
pandemic state as of 2022. An analysis of the radius of gyration (rg) reinforces that people not
only traveled less during the COVID-19 pandemic but also covered shorter distances.

A notable surge in the number of residential relocations is observed in March 2020, coinciding
with the rapid spread of the virus in California. Furthermore, individuals relocated over greater
distances during this period compared to usual times. The data also shows an increasing number
of movements between Northern and Southern California during this period. Major urban centers
such as Los Angeles and San Francisco experienced a substantial net out�ow of residents at the
pandemic's onset, while smaller cities in the central valley, like Fresno and Bakers�eld, maintained
relatively stable populations.

When evaluating mobility-related events in Sacramento in 2019 as captured by mobile phone
data, the analysis reveals that the only event signi�cantly impacting the vehicle usage rate was the
expansion of the JUMP scooter �eet in June 2019.

3.4 Conclusion

In this report, we reveal the shifts in mobility patterns triggered by the COVID-19 pandemic.
Our study delves into the utilization of mobility science and data science methodologies on mobile
phone data to monitor vehicle usage and travel behaviors in California. As a crucial component of
our research, we introduce and implement two innovative models crafted for pinpointing residential
relocations and travel modes. Looking ahead, future research can be directed towards improving
and devising supervised learning methods speci�cally designed to systematically detect modes and
relocations, thereby shedding light on the implications of limited sample sizes for detecting these
changes.
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4 Introduction

On March 19th , 2020, the state of California announced the Shelter-in-Place (SIP) order (also
referred as ”lockdown” in parts of this report) as an effort to contain and mitigate the spread of
Coronavirus Disease 2019 (COVID-19). The measure signi�cantly limited people's movements
and introduced new mobility patterns. In order to meet the state's goal of reducing greenhouse
gas emissions to 40% below 1990 levels by 2030, understanding the impact of the COVID-19
pandemic and its associated responses is key to designing effective and targeted policies that reduce
vehicle usage, and thus greenhouse gas emissions. The study sheds light on understanding the
similarities and differences in human mobility patterns across different regions in California and
during different periods through the lens of mobile phone data.

Understanding human mobility means understanding how and when people move from lo-
cation to location in their everyday lives. In the past decade or so, advances in technology have
opened up new opportunities for understanding human mobility through novel data sets. These data
sets, such as Call Detail Records (CDR) from cell phone providers and location histories collected
by smartphone apps, referred as Location-Based Services (LBS), allow researchers to observe in-
dividuals on a new scale [14][30]. The advent of these large data sets requires us to empirically
derive new metrics, algorithms, and models to understand and capture how human behavior relates
to human mobility. Improved models for human mobility have far reaching impacts, from models
of disease spread [94] to transportation demand modeling [112], or to understanding behavior in
natural disasters [55]. Section 15 provides a more comprehensive description of CDR and LBS
data.

The objectives of this report are to assess the ability of mobile phone data to measure the
statewide changes in Vehicle Miles Traveled (VMT) as a result of the SIP order, and analyze the
changes to the temporal and spatial commute �ow patterns. We also aim to uncover trends in home
relocation during the SIP order and investigate the effect of mobility related initiatives on vehicle
usage in selected area in the city of Sacramento. As a part of the study, We developed a novel
unsupervised model for identifying vehicle trips to calculate VMT and a two-step semi-supervised
scheme to identify changes in residential locations on a census block group level.

The rest of the report is organized as follows: In section 5, we present the data sets used
in our study. In section 6, we discuss the mode detection algorithm and changes in VMT in
2020 due to the SIP order. In section 7, we dissect trips into two different categories, com-
mute and non-commutes, and analyze changes in trends associated with each type of trip. In
section 8, we showcase the web application that is developed as a part of this project to display
Radius of Gyration (rg) , a measure that captures the average distance covered by each individual.
In section 9, we present the home detection algorithm and the patterns of home changes in March,
2020. Finally, in section 10, we evaluate the effectiveness of various mobility-related events and
initiatives in changing vehicle use rate as detected via LBS data.

5 Material

5.1 Location-based Service (LBS) Data

LBS data starting from January 1st , 2019 is obtained from Spectus1 and we use data up to the
end of 2022 for this report. Raw spatial-temporal records (i.e. lat, long, and time) are transformed

1https://spectus.ai/
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and processed by Spectus to construct trajectories [108]. The analysis is conducted using the
trajectory data table built by Spectus. Because of privacy considerations, a device is only permitted
to retain the same identi�cation number for a duration of up to one year. This one-year limit
represents the maximum period for which we can monitor a user. Therefore, we treat data in the
years 2019, 2020, 2021, and 2022 as records collected from four distinct group of users. To obtain
high-quality behavioral patterns, we adopt the user selection algorithm proposed by Xu et al. to
select highly active users [112]. Section 15.5.2 explains the signi�cance for using high-quality
users in modeling human mobility patterns.

First, users who have more than 316 (102:5) pings and an active time-span longer than 60
days are deemed high-quality users. An active time-span is de�ned as the difference in number
of days between the beginning of the last trajectory record of a user and the beginning of the �rst
trajectory record of the user. Figure 1A) illustrates the number of users with particular lengths of
active time-span and numbers of records in the 2020 dataset. We retain the highlighted users as
high-quality users.

A) User selection criteria highlighted in the box. We select users with more than 60 days in their activity span and
more than102:5 pings. B) Home detection validation with 2019 census data. We observe a good correlation between
the number of users whose homes are found in particular census tracts and the tract population recorded by census.

Fig 1: User Selection and Validation

We identify home and work locations of a user to enable the analysis on change in commute
patterns. As discussed in 15.2, both CDR and LBS data sets have been validated for capturing
the commute �ow that would otherwise be collected through traditional methods such as travel
surveys. We de�ne home location as the most frequently visited census block group between 7
pm and 7 am for each user with at least 10 visits. Work location is de�ned as the most frequently
visited census block group between 7 am and 7 pm for each user with at least 10 visits. Users
who have a home and a work location found in the same census block group are excluded in parts
of the report that involve the comparative analysis on commutes and non-commutes [72]. Figure
1B) shows the correlation between the number of users with homes identi�ed in a census tract
and the respective census tract population from the 2019 census. We �nd a Pearson's correlation
coef�cient of 0.5, which serves as a validation of the home identi�cation algorithm we implement.

Table 1 lists the number of users we retain for the analysis. The difference in the number of
users between 2019 and the rest of the years is due to data availability.
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Year # Users # High-Quality Users # Users with Home and Work Found

2019 9,410,380 3,482,574 861,167

2020 5,912,373 2,396,990 431,190

2021 5,222,416 2,036,110 465,311

2022 5,618,760 2,582,405 702,847

Table 1: Number of Users

5.2 De�nition of Regions

In parts of this report, we study regional differences in the impact of COVID-19 and the SIP
order on mobility patterns. We include four metropolitan regions in the study: the Bay Area,
greater Los Angeles, San Diego, and Sacramento. The Bay Area spans 9 counties, including San
Francisco county, San Mateo county, Santa Clara county, Alameda county, Contra Coasta county,
Solano county, Napa county, Sonoma county, and Marin county. Greater Los Angeles region
includes Los Angeles county, Orange county, San Bernadino county, and Riverside county. The
San Diego region and the Sacramento region refer to San Diego county and Sacramento county
respectively.

5.3 Census Data

Census tract population and income data used in this report is obtained through the census
Application Programming Interface (API) in python. We use the data of the American community
survey of 2019.

6 Statewide Changes in Vehicle Miles Traveled (VMT)

6.1 Mode Detection Algorithm

To distinguish motor vehicle trips from other trips made by users that are selected in section
5.1, we develop an unsupervised learning scheme to conduct mode detection. Existing literature
relies heavily on GPS data, with features such as acceleration, heading, and jolt to train supervised
learning models for mode detection with labels (i.e. trips with known modes) [86]. Other attempts
have also been made using rule-based heuristics and geo-referencing dataset such as rail lines and
highways to identify mode [43].

We develop a novel clustering approach to mode detection with Gaussian Mixture Model (GMM).
GMM assumes that data in an n-dimensional feature space can be clustered intop mixtures using
n-dimensional joint Gaussian distributions, characterized by the mean vectoru 2 Rn and the co-
variance matrix� 2 Rn� n [49]. We use two features as inputs, the logged maximum speed (log
kph) and the logged length of the trajectory (log km), to assign a trip one of three labels: motorized,
non-motorized, or noise.

Using the elbow method, we determine from �gure 2A) that the optimal number of mixtures,
p, is 3. Figure 2B) illustrates a sample result of GMM. We conclude that trips labeled green must
be vehicle trips, as the maximum speed that is observed, which is above101:6 (25 mph or 40 kph),
is not feasible with walking or running. On the other hand, trips that have a maximum speed less
than100:8 (6.3) kph are likely to be non-motorized. The region that these two mixtures occupy
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provides realistic insights into the mode of the trip. For all other trips, which are highlighted in
blue, we assign noise as the label.

A) Parameter tuning. We selectp = 3 as the optimal number of clusters. B) GMM clustering result
Fig 2: Gaussian Mixture Model (GMM) for Mode Detection

6.2 Results

We estimate VMT of users living in selected counties and the entire state of California by ag-
gregating all motor vehicle trips identi�ed using the method discussed in section 6.1. To compare
the relative change in VMT across different counties, we use January 2020 VMT level as bench-
mark. Figure 3 shows the drastic decrease in VMT level from March to May, time in which the
�rst wave of the pandemic arrived to California. We see it also in late 2020, when COVID-19 cases
surged in the winter season. We observe a decrease in VMT starting in March, when the SIP order
was announced by the State's government. The following month, April, sees the largest reduction
in VMT levels, a change ranging from -40% to -60%.

Fig 3: Vehicle miles travelled (VMT) changes in selected counties in California in 2020

Figure 4A) illustrates the average VMT changes, separated by day of the week in 2020. The
SIP order did not change the relative VMT patterns across different days of the week. People travel
consistently less with vehicles on Sundays and more on Saturdays. We also see the �uctuation
in VMT within the weekdays always being distinguished from weekends. Still, the SIP order
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greatly reduced the average VMT, particularly on Sundays, during the �rst few weeks after its
implementation. In the �rst two months of 2020, as well as in May and onward, per capita VMT
level on Sundays is similar to the weekday with the lowest VMT. However, in the �rst few weeks
after the implementation of the SIP order, VMT level on weekends decreased further compared to
weekdays. Figure 4B) shows that across all months, census tracts of higher income levels observe a
higher average VMT. Still, all census tracts, regardless of their income level, experience a decrease
in VMT in March, April, November, and December 2020.

A) Changes in average VMT per capita in California based on day of the week. A lower VMT level is consistently
observed on Sundays and a higher VMT level is consisntly observed on Saturdays. B) Changes in VMT of census
tracts of different income levels in California in 2020.

Fig 4: Changes in statewide vehicle miles travelled (VMT) in 2020

6.3 Discussion

It is worth noting that counties characterized by an urban settings such as Los Angeles county,
Orange county, and Santa Barbara county experienced a larger reduction in VMT compared to their
rural counterparts such as Imperial county and Kern county. The difference reveals that people
living in remote, rural places are more dependent on vehicles as a means of transport. The greater
reduction observed on weekends during the �rst few weeks after the implementation of the SIP
order suggests that people cut more non-work related movement at the beginning of the pandemic.
However, this divergence began to diminish starting in May and people's travel behaviors became
more similar between weekends and weekdays even though the overall VMT was still much less
than normal times. Additionally, in California we observe little correlation between income levels
and the impact on VMT caused by the pandemic. Still, in periods when travel decreased drastically,
such as in March and December, all census tracts, regardless of their income levels, have roughly
the same VMT per capita. In comparison, during periods with fast recovery, such as the summer
months, census tracts of high-income are more elastic in that they quickly returned to a relatively
high level of VMT.

7 Change by Trip Purpose

7.1 Methodology

7.1.1 Trip Purpose Detection

With the home and work location identi�ed using the process outlined in section 5.1, we
de�ne a work trip as a trajectory that starts in a user's home census block group and ends in the
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user's work census block group, or vice versa. Any trip that is not a work trip is de�ned as a non-
work trip. The word commute, which by our de�nition is equivalent to a work-trip, is also used in
the following sections.

7.1.2 Flow Network

We construct directed, weighted networks using the commutes to analyze the change in the
structure of the commute network in California. The nodes in the commute �ow network are
census tracts. We de�ne the weight on each directed edge between the origin node and a target
node as commute �ow, which is the number of people whose home is at the origin node and whose
workplace is at the target node. We use the concept of communities, which are subsets of nodes
that are densely connected [65], to characterize the network by showing the spatial distribution
of connectivity. The Louvain method is used to identify communities in the �ow network by
maximizing modularity, which measures the degree to which a network can be split into distinct
�ow regions or communities. Therefore, a larger number of communities suggests that the network
can be easily separated into small subsets as the �ow within each community outnumbers the inter-
community �ow.

7.2 Results

Figure 5 shows the number of trips observed in 2020 separated by trip purpose. Although
both the number of work and non-work trip decreased in March 2020 and experienced recovery in
the summer months, work trip recovered at a slower pace compared to non-work trip. The ratio of
work to non-work trip only started to rebound in September and October, before it quickly dropped
again in November and December.

Fig 5: Number of trips made in 2020 by trip purpose

15



DRAFT

We also investigate regional differences in the impact of the COVID-19 pandemic on work
trips and their recovery process. Figure 6 shows the cumulative distribution of work trip in�ow
in the four different regions across the four different years. The x-axis represents the rank of the
census tract by the number of users that work in the respective census tract. The y-axis shows
the cumulative percentage of the total work �ow that go into these census tracts. We see that in
all four regions, the curve for 2020 is shifted to the right, meaning that work locations of users
are less concentrated in census tracts that previously drew a lot of users as work locations. Also,
we observe that the distribution returned to 2019 level in 2022, showing a full recovery in the
distribution of the ranks of work locations. The Greater LA metro region, in contrast to the other
three regions, recovered more quickly as the distribution of �ow in 2021 is already close to its 2019
level.

The distributions reveal the degree to which work locations are concentrated in a group of census tracts. We observe
work locations are less concentrated during the COVID-19 pandemic. All four regions eventually returned to the 2019
level in 2022.

Fig 6: Concentration of work locations

As discussed in section 7.1.2, we construct commute �ow networks and use network com-
munities to study the differences across the four-year period. Table 2 lists the characteristics of
the �ow networks in each year. The 2020 and 2021 commute networks possess a much smaller
number of edges compared to 2019 and 2022, which shows the reduction in the number of census
tract pairs that have users commuting between them. While the number of edges began to return to
2019 level in 2022, the number of communities remained at 8 and the modularity remained high.
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This reveals that the commute �ow network in California stayed fragmented. Figure 7 shows the
difference in the community structure between 2019 and 2020. In both years, we observe sepa-
rations among different regions. Each of the large urban areas, including Los Angeles, the Bay
Area, San Diego, Bakers�eld, and Sacramento act as centers of a wider region, demonstrating
the gravitational pull these urban centers have on the surrounding region in terms of employment
opportunities. It is interesting to observe the overwhelming dominance of the Bay Area over its
surrounding communities. Cities that are geographically closer to Sacramento and Bakers�eld also
see more commutes to the Bay Area rather than to Sacramento or Bakers�eld. In 2020, two more
communities came into existence: one located in El Centro, Southern California, and the other
situated on the eastern side of the upper Sierras. These locations are isolated from major urban
centers due to natural obstacles like mountains and deserts. This highlights the heightened impact
of the pandemic on geographically remote regions.

# Nodes # Edges # Communities Modularity

2019 8,033 145,838 6 0.628

2020 8,026 89,382 8 0.653

2021 8,009 73,401 8 0.648

2022 8,019 111,652 8 0.666

Table 2: Commute Flow Networks

A) Communities in California commute network in 2019. B) Communities in California commute network in 2020.
Fig 7: Spatial Distribution of Communities in California

7.3 Discussion
Our �ndings reveal that the COVID-19 pandemic and associated lockdown measures had

varying effects on trips based on their purposes and geographical regions. Commuting was more
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adversely impacted compared to non-work-related travel. Even as the overall number of trips began
to recover in the summer of 2020, the ratio of commutes to non-work-related trips did not return
to pre-pandemic levels. This suggests that the lockdown measures didn't necessarily deter people
from traveling but rather the shift to remote work reduced the necessity for travel.

The policy measures had a comparatively smaller impact on personal travel. Additionally, our
analysis of four different regions showed that the top 20% of census tracts, in terms of work in�ow,
accounted for over half of the users. However, in 2020 and 2021, we observed a more dispersed
distribution of work locations. Census tracts that previously attracted a signi�cant number of users
for work played a less dominant role, as the same percentage of users were distributed across a
greater number of census tracts for work.

Through the construction of four �ow networks spanning a four-year period, we observe a
signi�cant reduction in the number of edges, suggesting a decline in commutes between numerous
pairs of census tracts. The heightened modularity indicates a decrease in inter-community com-
mutes post-COVID-19 compared to pre-pandemic times. Notably, the number of communities
remained constant at 8 even in 2022, and the count of census tract pairs with commutes did not
revert to 2019 levels in 2022. This underscores the enduring and lasting impact of the pandemic
on commuting patterns in California

8 Radius of Gyration (rg)

8.1 Methodology

Radius of Gyration (rg) measures the spatial spread of a user's activity, it is an easy-to-
compute metric that provides direct yet valuable insights on the travel behaviors of individual
users. Higherrg suggests more vehicle use and long-distance travel, and a lowerrg indicates less
vehicle use and more local travel. Section 15.1.1 provides a detailed discussion on the implication
of rg in human mobility. For the following analysis,rg of an individualu is de�ned as:

rg(u) =

vu
u
t 1

nu

nuX

i =1

dist(r i (u) � r cm(u))2

wherenu is the number of records of an individual and thedist operator calculates the distance
between the location of a record and the center of mass of all records [41]. To compare different
geographical areas in California, we further de�ne the radius of gyration of an area as the average
radius of gyration of all users that live in the given area. The home detection process is outlined in
section 5.1.

We built an interactive web application that allows the user to retrieve radius of gyration
statistics for various counties and regions. The web application user can not only select different
counties in California but also periods, in weeks, enabling a quick comparison of radius of gyration
from both a spatial and a temporal perspective.

The web application provides easy-to-access informational visualizations on mobility trends
and behaviors with a database that can be refreshed daily.

Figure 8 shows an example of a map of radius of gyration in California. We see a clear
distinction between urban or suburban regions and rural regions. The Bay area, Los Angeles and
San Diego metro regions have much smaller radius of gyration compared to the Central Valley,
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which is more rural. We also see larger radius of gyration in census tracts along the interstate 5,
where exists a combination of low density urban development and convenient access to freeways.

Fig 8: Radius of gyration distribution in California in 2020 by census tract

8.2 Results and Discussion

We compute the change inrg by comparingrg in the week after and prior to the implemen-
tation of the SIP order. The average reduction inrg of a given area, as shown in �gure 9A), is
positively correlated with the area of a county, where a large size indicates a more rural environ-
ment. Although all counties experienced decrease in their averagerg, we see disparity in impacts
of the SIP on different regions. We observe smaller decrease in travel in rural counties, which are
larger in size. In metro regions, as shown in �gure 9B), the shift in the distribution ofrg appears
more homogeneous.

19



DRAFTA) Correlation between the change in averager g and the area of county after the announcement of the SIP order. B)
Distribution ofr g before and after SIP in four metro regions in California.

Fig 9: Regionalr g trends

9 Changes in Residential Locations

9.1 Methodology

9.1.1 Home Change Detection Algorithm

As 15.1.3 examines, LBS and CDR records have proven to be effective in capturing human
migration patterns on a city-level scale. However, challenges remain in using LBS and CDR data
to model and detect home changes over short distances. To examine changes in residential lo-
cations (intra-state moves) on a census tract level during the COVID-19 pandemic in California,
we devised a two-step semi-supervised learning algorithm. Our assumption is that a user demon-
strates two clusters of spatial-temporal travel behaviors, with each cluster corresponding to the
residential location before and after the move, provided that the user has relocated once. We �rst
detect the two clusters usingk-means algorithm, which is the unsupervised step. We then use
the assigned cluster labels of the observations as pseudo-labels. We use these pseudo-labels to
train a Support Vector Machine (SVM) model, which returns the separating hyperplane in the in-
put space, completing the supervised step. Lastly, we impose heuristics to determine if the two
clusters indeed resemble two distinct home locations in order to conclude home changes.

K -means algorithm is a clustering technique that updates the location ofk centroids by mini-
mizing the sum of squared distance between each observation and its closest centroids, thus parti-
tioning the n-dimensional population in tok sets [61]. SVM is a supervised classi�cation algorithm
that identi�es labels of observations by �nding the best separating hyperplane that maximizes the
margins between the two groups [23].

For each user, we use the latitude and longitude of the end point of the user's trajectories
(trajectories de�ned by Xiang et al. [108]), as well as the start time (number of days since 1/1/2020)
of all trajectories that end between 7pm and 7am as features in the input space. Each observation
in the input space, therefore, is a set of features associated with a trajectory that a user makes.
We use SVM to prevent potential over-�tting in results fromk-means clustering, which can lead
to observations being falsely classi�ed due to their geographical proximity to the centroid of the
wrong cluster. For example, a user might still visit places near their original home after changing
their residential location. Becausek-means treats all three features, latitude, longitude, and time
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with equal weight, the algorithm can still assign these visits after the home change to the cluster
that represents the original home location. We set parameterc = 0:01, which is the penalty
attached to misclassifying observations to create a wider separating hyperplane in SVM, to a very
small number. This helps correct the mistakes that are made ink-means to construct the clusters
of behaviors before and after the change in residential location. After identifying the two clusters,
we determine the date of home change of a user asMove Date= min (max(cbh; cac)) , wherecbh

is a set of dates of the observations that belong to the cluster before the home change andcac is
a set of dates of observations that belong to the cluster after the home change. Using the date
of home change, we apply the home detection algorithm outlined in section 5.1 to the trajectory
observations before and after theMove Dateto determine the two home locations.

We impose additional conditions to select users who changed their residential locations. Only
users whose two home locations are at least 5 miles (8km) apart from each other and that are
observed for at least 20 times (trajectories) in each of the two clusters are deemed as users who
moved. Algorithm 1 details the home change detection process.

Algorithm 1 Home Change Detection
� = 20
d = 5 miles or8 km
for every userdo

Select all trajectories that end between 7pm and 7am
Fit a k-means model withk=2 using 3 features: lat, lon, and day of visit
Use the �ttedk-means model to assign each observation to one of one labels
Fit SVM with the pseudo-labels to cluster the observations
Compute the move date asmin (max(cbh; cac))
Conduct frequentist home detection before and after the move date
if # of records both before and after home change> � then

if Distance between two home locations> d then
Conclude home change

end if
end if

end for

9.1.2 Validation

Figure 10A) shows a user who changed home in 2020 and was successfully detected by algo-
rithm 1. The �gure shows two distinct clusters of behaviors in which the algorithm is able to label
the most frequently visited location as the home location before and after the home change. Figure
10B) is the result of applying the algorithm to a group of synthetic users that are created using the
procedures described in 16.1. Since the synthetic users are created arti�cially, we know the home
locations of these users before and after the move. A correct home change labeling is de�ned as
accurately identifying the home location both before and after the home change. We achieve an
accuracy of 82% on the synthetic user data set.
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Fig 10: Home change detection algorithm validation

9.2 Results
Figure 11A) shows the temporal distribution of home changes in each year between 2019 and

2022 and table 3 shows the overall percentage of users that moved within California each year.
Overall, a smaller percentage of users moved in 2020, possibly due to the travel restrictions and
the closing of businesses during the SIP order.

# High-Quality Users # Home Changes % Moved
2019 3,482,574 199,286 5.72%
2020 2,396,990 125,929 5.25%
2021 2,036,110 118,446 5.82%
2022 2,582,405 164,927 6.39%

Table 3: Number of home changes detected in each year between 2019 and 2022

We observe signi�cantly higher number of moves within the two-week period between when
the state announced the state of Emergency on 3/4/2020 and when the SIP order was implemented
on 3/19/2020. The results indicate that the SIP order only had short-term impact on people's mov-
ing behaviors as the percentage of moves quickly returned to normal levels in the weeks following
the SIP. The gradual climb in the percentage of moves at the beginning of each year and the de-
crease in the percentage of moves towards the end of each year are attributed to the nature of the
dataset and the algorithm. Because of the fact that algorithm 1 only considers users whose two
clusters before and after the home change contain more than 20 observations as users who moved,
it is more dif�cult to conclude home changes at the beginning and at the end of a given time win-
dow. Additionally, since a user identi�cation number is only present in the database up to one year
due to privacy reasons, not all observations of a user is used in home change detection.

Figure 11B) illustrates the the net �ow of moves in the largest cities in California. The net
�ow of a city is de�ned as the difference in the number of people who moved into and out of
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