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Abstract

This study hypothesizes that public health responses to coron-
avirus disease 2019 (COVID-19), including a mandated restric-
tion of activity (commonly called a ‘lockdown’) resulted in
reduced transportation activities and changes in air quality in
Texas, USA. This presented a natural experiment where popula-
tion mobility and air quality before and after the lockdown could
be compared. Changes in mobility were measured by SafeGraph
mobility data (from opt-in smart phone applications that transmit
location data) and air quality changes were based on NO, concen-
trations measured by the European Space Agency’s Sentinel-5
Precursor satellite (from the TROPOspheric Monitoring
Instrument). The changes in population mobility and NO, concen-
tration between mid-March 2020 (lockdown initiated) and the end
0f 2020, as compared to the same time window in 2019, were the
basis of exploring the lockdown hypothesis. Additionally, numer-
ous socio-economic (place based) indicators were hypothesized to
follow public health vulnerability assumptions based on COVID-
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19 incidence patterns. This hypothesis was subjected to geovisu-
alization techniques in order to find potential patterns and insights
into the complex combinations of these place-based data. Our
results suggest that simultaneously visualizing COVID-19, mobil-
ity, air quality and socio-economic data yields insights in underly-
ing spatial processes related to public health policy decisions. The
hypothesis that the lockdown resulted in reduced mobility and
NO, concentrations was found partially correct - this trend was
observed in highly urbanized areas, but not in less populated
areas. Data related public health vulnerability assumptions (e.g. a
region’s age, poverty, education, ezc.) were agreed with in part, but
disagreed with in part.

Introduction

The movement of people across space influences how humans
interact among themselves and with the environment. To limit the
spread of coronavirus disease 2019 (COVID-19), various govern-
ments across the world enacted policy actions to restrict the move-
ment of people across space. The sudden and drastic reduction in
population movement because of such policies presents a unique
opportunity to better understand how human interaction limits the
spread of diseases (Chan et al., 2020; Kraemer et al., 2020; Li et
al., 2020) as well as our collective impacts on the environment. In
the United States of America, social distancing measures were
implemented by individual states with the goal of limiting the
spread of the pandemic. In general, closure or non-physical inter-
action options (e.g., product delivery only) were implemented for
schools, restaurants, and public places of gathering. Businesses,
workers, and types of activities that were deemed essential during
the pandemic could either continue operating under strict protec-
tion measures (e.g., personal protective equipment, masks) or
switch to online operations. Non-essential businesses requiring
physical presence and interaction (e.g., hair salons, bars, gyms)
were required to close completely.

While population restrictions were generally widespread in
the United States, the level of compliance with these limitations
tended to vary by geography. Political perspectives, socio-eco-
nomic constraints, attitudes towards the pandemic, and various
other factors led to varying levels of compliance across the United
States. Many states announced some level of social distancing
orders starting in mid-March 2020, often including a mandatory
quarantine for people diagnosed with or showing likely COVID-
19 symptoms. By the beginning of April, almost all states had a
mandatory shelter-in-place or lockdown orders. In the USA, as a
result of social distancing, states started to experience a dramatic
decrease in personal transportation and mobility in general (Gao et
al., 2020). Personal vehicle transportation decreased by approxi-
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mately 46% on average nationwide, while freight movement only
decreased by approximately 13% (Pishue, 2020). Air traffic
decreased significantly as well (Slotnick, 2020). In addition, the
dynamics of population movement and interaction in urban areas
tends to be different when compared to rural areas.

Texas covers a large area (approximately 695,000 km?, an area
slightly larger than France) and is the largest state in the contigu-
ous United States. It contains a large population (over 29 million
people - would be in the top 50 counties in terms of population),
and on the date of this writing contained the second highest total
number of COVID-19 cases in the United States. These statistics
prompted our exploration of the hypothesis covering assumptions
of place-based vulnerability to infectious disease. This exploration
focused on the areas in Texas that clustered together because of
similarities in total COVID-19 incidence and deaths, along with
similar changes in population mobility and NO, concentration after
the lockdown (as compared to the same time window in 2019), and
ultimately several socio-economic factors that are used by the
CDC as indicators of potential health vulnerability.

In Texas, population density as well as demographic and socio-
economic indicators can be different as one moves from the more
rural western half of the state towards the more urban eastern half.
The areas along the US-Mexico border in Texas also present differ-
ent demographic, socio-economic, and cultural dynamics when
compared to other parts of Texas. In this study, geovisualization
techniques were used to integrate and analyse complex and dis-
parate datasets that capture different aspects of population move-
ment in Texas along with measures of COVID-19 burdens and air
quality. This project explored the relationships across Texas
between public health events, daily COVID-19 incidence, mobility
of the population, and atmospheric NO, concentrations during the
2020 calendar year, as compared to the 2019 calendar year. The
Texas ‘lockdown’ and subsequent reopening mandates in response
to COVID-19 presented a unique opportunity to explore Texas
mobility trends before and after the lockdown, and whether air
quality responded as would be expected. Major ambient air pollu-
tion sources include power generation, industry, traffic, and resi-
dential energy use (Lelieveld ez al., 2015; Crippa et al., 2018), lead-
ing to a reasonably foreseeable presumption that large-scale reduc-
tions in population mobility should result in improved air quality.
This presumed cascading of COVID-19 incidence leading to poli-

COVID-19 Incidence
Measures the Levels of Infection in
Texas Counties

Population Mobility
Measures Population Movement
Using Foot Traffic Data
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cies restricting population interactions, leading to reduced mobility,
leading to improved air quality prompted additional analyses
involved exploring the place characteristics (i.e. socio-economic
data related to health vulnerability) using geovisualization tools.

Materials and methods

Overview of study methodology

Figure 1 shows the four components used to better understand
how policy actions in Texas influenced complex interactions
between COVID-19 outcomes, demographic and socio-economic
characteristics, levels of population interaction, and changes in air
quality due to sudden reductions in mobility. Geovisualization was
used to combine these four sources of information that were com-
piled from multiple and disparate datasets obtained from a variety
of public and proprietary data sources.

COVID-19 incidence

One of the first decisions made in this study involved whether
to use Texas Department of State Department of Health COVID-
19 incidence data (Texas Department of State Health Services,
2021), or Johns Hopkins CORONAVIRUS Resource Center inci-
dence data (Johns Hopkins Coronavirus Resource Center, 2021).
While the Texas data are focused solely on Texas and therefore
presumably a better representation, the Johns Hopkins data are
nationwide and therefore available for each state. The data sets are
quite similar (Figure 2), but daily numbers of new cases were
slightly different due to when data were reported and how back-
logged data were handled; each added backlogged data on different
days (primary difference).

Texas COVID-19 incidence numbers on each day in 2020 were
ranked from highest to lowest in both data sets. For example, day
364 (December 29"™) represented the highest daily COVID-19
count in the Texas data, and the second highest daily COVID-19
count in the Johns Hopkins data. Day 183 (the mid-point of 2020,
July 1*), Texas data showed the 68" highest count while Johns
Hopkins data showed the 66" highest count. The coefficient of
variation between the two ranked sets for all days was 0.93

NO2 Column Density
Measures Changes in Air Quality Due
to Limited Population Interaction

Demographic & SES Characteristics
Evaluates if Populations are
Differently Impacted by COVID-19

Using Geovisualization to Combine Complex Data

Figure 1. Overview of exploring the cascading effects of COVID-19 in Texas, USA.
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(P=0.09), (Figure 3). Therefore, in order to allow our approach to
be replicated by researchers in other states, the Johns Hopkins data
were selected.

Population mobility

The hypothesis that the lockdown cascaded into reduced pop-
ulation-wide mobility activities because millions of people were

sheltering at home was explored using SafeGraph’s Patterns
dataset [from SafeGraph, a data company that aggregates
anonymized location data from numerous applications in order to
provide insights about physical places, via the SafeGraph
Community. To enhance privacy, SafeGraph excludes census block
group information if fewer than two devices visited an establish-
ment in a month from a given census block group.]. This dataset
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Figure 2. Daily COVID-19 new cases as reported by the Johns Hopkins CORONAVIRUS Resource Center (black points), and the Texas

Department of State Health Services (red points).
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contains approximately 4.5 million Points of Interest (POI) in the
United States using a panel of mobile devices (Safegraph, 2021).
The Patterns dataset was used to analyse and compare foot traffic
for 450,936 POI locations in Texas across the baseline year 2019
and the pandemic year 2020. Information on daily visitor counts
were extracted from the dataset for these POIs to produce approx-
imately 130 million data points for 2019 and approximately 128
million data points for 2020. Information on movement patterns
including frequency of visits, originating block group of visitors,
and dwell times provide insights into population movement pat-
terns. To evaluate these data for potential biases when comparing
movement patterns across multiple years, we evaluated the data for
consistency in the number of POIs captured by year and geogra-
phy. The number of POIs captured during every month in 2019 and
2020 tended to be somewhat consistent at the county level.
However, the number of POls captured by SafeGraph data varied
across different regions in Texas; as expected, rural areas had
fewer POIs compared to urban areas. Further, urban areas captured
a much larger variety of POIs compared to rural areas where some
locations were very popular while others only had a handful of vis-
its. For these reasons, exploring the hypothesis that the lockdown
influenced population mobility patterns were based on using the
‘most popular’ POl in every census block group for each day of the
two-year time-period from 2019 to 2020. The resulting dataset
contained approximately 12 million records where each row repre-
sents the most popular POI for a specific date and census block
group in Texas. In order to compare population mobility measure
to satellite-derived NO, estimates, the POI dataset was compiled at
the county-level (n=255) for 14-day time periods starting January
01, 2019 and ending on December 31, 2020 (n=24). The final
dataset contained 12,240 records. Maps showing differences in
mobility were produced by aggregating data from the daily, most
popular POI table to the census block group level. The resulting
table contains 18,638 records. Alteryx software was used to pre-
pare raw data obtained from SafeGraph. The processed data files
were then loaded into a PostgreSQL database for processing. For
mapping purposes and clarity, the data were mapped based on
mobility during 30 days prior to compared to the 30 days post lock-
down, but for analytical purposes of the lockdown hypothesis,
mobility was compared between a time window beginning of
March and the end of December 2020, and the same time window
in 2019.

Air quality

The hypothesis that the lockdown cascaded into reduced popu-
lation mobility which cascaded into reduced transportation activity,
cascading into less fossil fuel combustion and improved air quality,
was explored by using European Space Agency Sentinel-5 satellite
data. NO, was the focus of this research because it is one of the pol-
lutants regulated at the federal level by the U.S. EPA as a priority
pollutant under National Ambient Air Quality Standards. It can also
be measured from satellite-borne remote sensing technology.

The spatial distribution of tropospheric NO, (from surface up to
~10 km) can be measured using the recently launched (13 October
2017) European Space Agency’s Sentinel-5 Precursor satellite
(S5P). The satellite has an onboard a high precision optical payload
that is referred to as TROPOspheric Monitoring Instrument
(TROPOMI) which provides a (near-) global coverage of different
air pollutants including NO,. The satellite operates in a sun-syn-
chronous orbit at 824 km, has an orbital cycle of 16 days, and has a
spatial resolution of 7 km? The Tropospheric Vertical Column
Density (VCD) data of NO, is measured from TROPOMI which
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serves as an accurate proxy for ground level concentrations (Lamsal
et al., 2015). The VCD is defined as the number of molecules of a
certain atmospheric gas between the on-board sensor of the satellite
platform and the Earth’s surface per unit area. For NO,, VCD mea-
surements have been successfully used to estimate trends and vari-
ations in atmospheric concentration (Castellanos et al., 2012;
Curier et al., 2014), infer surface emissions (Ghude et al., 2013;
Streets et al., 2013) and monitor emission changes at a given loca-
tion (Kim et al., 2006; Wang et al., 2012).

The lockdown hypothesis was explored in this study using
NO, concentrations across Texas for the baseline year 2019 com-
pared to the pandemic year 2020, but analyses were focused on the
same time window used for mobility analysis, the beginning of
March through the end of December. The publicly available NO,
data was retrieved and analysed using the Google Earth Engine
API (Gorelick et al., 2017), a cloud based and an open-source
geospatial analysis platform. A JavaScript was composed to
retrieve the global NO, data, clip it based on the Texas state bound-
ary, calculate mean pollution levels, and produce a map for visual-
izing average NO, for the two years.

= .Cpress

Geovisualization

The lockdown hypothesis of cascading effects of changes in
mobility and NO, concentrations, and potential implications on
public health vulnerability indicators can be explored using spa-
tially explicit approaches. Geovisualization was used to identify
patterns in the interactions of COVID-19 incidence, population
mobility changes, air quality changes, and public health vulnera-
bility. Geovisualization can be defined as the use of tools and tech-
niques to support the analysis of large amounts of geospatial data
through the use of interactive visualization. It is essentially a data
mining process and is commonly used to identify the spatial con-
text and associated relationships between a pre-defined set of
potential explanatory variables. Geovisualization techniques may
provide valuable insights for identifying variables and associated
processes that contribute to variations in disease risk across space
and time. Geovisualization was used in this study following proce-
dures outlined in Kala ez al. (2020) to provide a glimpse into the
large number of potential variables influencing the COVID-19
cases and help distil them into a smaller number that might reveal
hidden and unknown patterns.

Three techniques were utilized: self-organizing maps (SOM),
parallel coordinate plots (PCP) and geographic mapping. SOM is
a clustering method of data visualization that uses pre-specified
sub-regions of a study area (e.g. counties) called ‘elements’, and
groups those that are most similar in terms of the factors being
investigated into a cluster. A cluster could therefore contain just
one element, or it could contain many, but the elements included in
a cluster are more similar to each other than to any element in
another cluster. Clusters are displayed in a grid of hexagons, which
are shaded light to dark to show the level of dissimilarity to neigh-
bouring clusters.

Once a SOM has been created, a parallel coordinate plot is
used to consider the data within the clusters. These are represented
as a line graph with multiple vertical axes, one for each of the fac-
tors included in the analysis. All of the clusters are represented by
a line on the graph, so if there are 30 clusters in the SOM then there
are 30 lines on the PCP, and the thickness of the line indicates the
number elements within the cluster. The point at which a line inter-
sects an axis indicates the relative value of the given factor for that
specific cluster. Relationships between factors can be determined
by examining the points of intersection between each line (a clus-
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ter) and each vertical axis in the graph. The PCP uses a nested-
means scaling on each axis, a nonlinear scaling method that recur-
sively calculates several mean values and uses the values as break-
points to divide each axis into equal-length segments. Thus, nest-
ed-means scaling puts the mean value at the centre of each axis and
allows different axes defined by different units to be comparable.

Geographic mapping then displays where the elements of these
clusters are on a map of the study area. When a cluster is selected all
the elements of that cluster are highlighted on the map. In essence
for this study, maps were produced that show which counties fall
into which clusters because of statistical similarity across the factors
analysed. These results could suggest approaches for further analy-
ses or suggest areas of focus for public health interventions.

In addition to the lockdown hypothesis of cascading effects of
COVID-19 incidence on population mobility and subsequent NO,
emissions, the social vulnerability across Texas’ population was
explored. A community’s overall social characteristics influence the
type, degree and nature of public health interventions. These character-
istics include socio-economic status, household composition, minority
status, and housing type. These factors have been used to describe a
community’s social vulnerability to help public health officials and
emergency response planners identify and map the communities that
will most likely need support before, during and after a hazardous event
(Agency for Toxic Substance and Disease Registry, 2020).

In the research presented here, the factors used to develop the PCP
axes for exploratory analysis were: i) COVID-19 incidence rate; ii)
COVID-19 deaths; iii) the difference in population mobility (year 2020
compared to 2019); iv) the difference in NO, concentration (year 2020
compared to 2019); v) percent population aged 65 years and older; vi)
percent of population living in multi-unit structures; vii) percent of pop-
ulation that live in households with no vehicles; vii) percent of popula-
tion classified as minority; ix) unemployment rate; x) percent of adult
population without a high school diploma; xi) poverty rates.

Results

The first reported case of COVID-19 in Texas occurred on
March 4™ 2020 (Texas Department of State Health Services,
2020), what is referred to herein as Event 1 (Figure 4). Fifteen days
later, March 19", Texas’ Commissioner of Public Health declared
a Public Health Disaster (Hellerstedt, 2020), and the Governor
issued an Executive Order (Abbott, 2020a) intended to mitigate the
spread of the virus, referred to as Event 2, and frequently consid-
ered to be the Texas lockdown. The lockdown ordered limits on the
size of social gatherings, closing of non-essential business (e.g.
restaurants, hair salons), ban on visitations of nursing homes and
retirement/long-term facilities, and the closing of schools.
Approximately one month later, April 17", lockdown restrictions
were eased by two Executive Orders (Abbott, 2020b, 2020c).
These two Executive Orders, Event 3, expanded the definition of
essential services beyond the U.S. Department of Homeland
Security’s Guidance on the Essential Critical Infrastructure, to also
include religious services (conducted in churches, congregations
and houses of worship) and retail services that were not previously
defined as essential were allowed to provide services through pick-
up, delivery by mail or delivered to a customer’s doorstep.

Approximately five weeks later, on June 3", the Governor
issued another Executive Order (Abbott, 2020d) that continued to
reopen the State (Event 4), allowing all businesses to operate at
50% occupancy, some businesses at 75% occupancy (e.g. restau-
rants with alcoholic beverage sales less than 51% of total sales),
and no occupancy limits for many other types of activities (e.g.
religious services, local government operations, child-care ser-
vices, youth camps). On that day, June 3", the day’s reported num-
ber of confirmed COVID-19 cases in Texas was 1540 (Johns
Hopkins Coronavirus Resource Center, 2021). Two weeks after
Event 4, reported incidence of new confirmed daily COVID-19
cases had increased to 4258 cases (Johns Hopkins Coronavirus
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Figure 4. Reported number of new daily COVID-19 cases in Texas, 2020, with various events noted.
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Resource Center, 2021). Daily COVID-19 incidence continued to
rise, prompting Event 5, an Executive Order issued on July 2™
(6725 cases) that mandated the wearing of face coverings in com-
mercial establishments, other buildings and space open to the pub-
lic (Abbott, 2020e). Multiple exemptions to wearing face cover-
ings were provided, including, for example, youth under 10 years
of age, those consuming food or drink in a restaurant, anyone pro-
viding or obtaining religious worship, or anyone voting, assisting
voters, or serving as poll watchers.

Daily new confirmed COVID-19 cases continued increasing
until the new peak daily incidence occurred on July 16", at a level
of almost 15,000 cases per day (Event 6, Johns Hopkins
Coronavirus Resource Center (2021). Almost exactly 2 weeks after
the face covering mandate, daily incidence reversed course for the
remainder of the summer and continued dropping through early
September to daily reported incidence as low as 867 (September
7™). On September 17", the Governor issued another Executive
Order, Event 7 (Abbott, 2020f), that continued reopening Texas,
when the new daily COVID-19 incidence was reported to be 4,565
cases (Johns Hopkins Coronavirus Resource Center, 2021).
Another Executive Order (Event 8) was issued 3 weeks later on
October 7™ that continued reopening the state (Abbott, 2020g).
Event 8 was issued on a day when 3776 new cases of COVID-19
were reported. New cases of COVID-19 trended upward after
Event 8, albeit with much higher variability, until the end of the

@‘

year. The highest daily incidence of new COVID-19 cases,
269,535, was reported for Texas on December 29", 2020 (269,535
new cases) (Johns Hopkins Coronavirus Resource Center, 2021).

The response to these policy actions, including the lockdown,
was different across Texas. Some parts of the state, mostly rural,
showed an increase in mobility in 2020 compared to 2019 (Figure
5A) suggesting different population-level responses to the lock-
down and other recommendations of social distancing. This par-
tially agrees with the lockdown hypothesis, and partially disagrees.
In general, activity in the three major metropolitan areas in Texas
- Houston (Figure 5B), Dallas-Fort Worth (Figure 5C), and the
Austin-San Antonio corridor (Figure 5D) - showed decreases in
relative mobility between 2020 and 2019. However, it is important
to note that these generalized observations of increasing or
decreasing mobility across Texas cannot simply be attributed to the
rural-urban divide. For example, rural areas in West Texas showed
decreases in mobility while many sub-urban areas around the large
urban centres showed patterns of overall increase in mobility.
Population-level responses to these policy measures is a complex
process that is driven by a multitude of factors, including demo-
graphic structures, socio-economic conditions, and political out-
looks. Exploratory data analysis techniques to explore the lock-
down hypothesis, such as geovisualization, was used to yield more
nuanced insights into how and why populations responded differ-
ently in Texas.

Change in Mobility
-4400000 - -29000
-28000 - 12000
-11000 - -5700
5600 - -2400
-2300- 0.0

I o - 370000

N ] ]

Figure 5. Changes in population mobility - units represent difference in total visits recorded at most visited Point of Interest in each
census block when March through December 2019 is compared to the same time window in 2020. A - State of Texas; B - Houston area;

C - Dallas area; D - Austin/San Antonio area.
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The lockdown hypothesis of cascading effects of policy deci-
sions cascading into impacts on population mobility and air quality
was assessed using two surfaces showing the patterns of NO, esti-
mates across Texas in 2019 compared to 2020. Zonal statistics of
the NO, concentrations were computed for the baseline year 2019
and the pandemic year 2020 (Figure 6). The reduction in the mean
NO, concentration differences for each county was then calculated
and further analysed. It is evident that not all counties in Texas
experienced an improvement in air quality during the pandemic
year 2020. The results in part agree with the lockdown hypothesis
and disagree in part. Out of 254 counties in Texas, approximately
30% experienced a reduction in air pollution between the baseline
year and the pandemic year. With the backdrop of COVID-19 inci-
dence and the public policy events associated with the pandemic’s
effects in Texas, the hypothesis of cascading effects of the state-
wide lockdown and subsequent reopenings on Texan’s mobility (as
measured by SafeGraph anonymous opt-in consent location data)
and air quality (as measured by satellite measured nitrogen-dioxide
[NO,] column density) were examined using geovisualization.

The grey and blue bars in Figure 7 show mobility (top panel) and
NO, (bottom panel) patterns for baseline year 2019 and pandemic
year 2020 respectively. Mobility patterns in Texas show a noticeable
decline in volume soon after the lock down was announced in early
March 2020. Although the SafeGraph data shows gradually increas-
ing volumes in mobility starting in mid-April and levelling off

:

towards the end of 2020, mobility was substantially lower than vol-
umes observed in 2019. Mobility observed during the early part of
2020 (January through mid-March) was higher than that observed
during the same time window in 2019. But the effect of the lock-
down in mid-March was evident in the SafeGraph data, showing a
distinct reversal in mobility volumes between mid-March and end of
year 2019 compared to the same time window in 2020 as suggested
by the lockdown hypothesis. In comparison, the differences between
2019 and 2020 NO, data are not quite as apparent, with both years
experiencing similar cyclical patterns (highest NO, concentrations in
the winter and lowest in the summer). It is important to note that the
original spatial resolution of the mobility and the NO, datasets are
markedly different. Mobility data are collected using individual,
device-level data which are then aggregated up to the census block
group and then the county level. In comparison, the NO, data are
measured at a coarser spatial and temporal scale (3.5%7 km, daily
coverage). This may partially explain why the mobility data agrees
with the lockdown hypothesis than does the NO, data.

Texas contains 254 counties (geographic subdivisions, each
with its own administrative jurisdiction). When examining mobil-
ity and NO, reductions at the county level there is a clear overlap
between the counties with the largest reductions in mobility and
those with the largest reductions in NO, concentrations. As shown
in Figure 8, six of the top seven counties in terms of mobility drop,
are in the top nine counties in terms of NO, drop.
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Figure 6. Annual average change in NO, concentration between 2019 and 2020. Green represents decrease in NO,; red represents

increase.
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Discussion

Public health policy responses to COVID-19 varied globally,
but it is overwhelmingly clear that the pandemic prompted multi-
ple strategies to combat the effects of the disease. This study
explored the lockdown hypothesis of cascading effects of the
response to the virus in Texas on mobility and air quality, as well
as demographic place characteristics of clusters of COVID-19
cases across Texas using geovisualization. Multiple insights can be
gleaned from this exploration of data.

Insight 1 - Face coverings provide public health benefits

The COVID-19 trends shown in Figure 4 suggest that each Event
documented above, those that involved both the lockdown itself and
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the reopening of the state, were followed by trends of increasing inci-
dence of daily COVID-19 cases. The only Event that was eventually
followed by decreasing numbers of daily cases was the face covering
mandate (Event 5); two weeks after the mandate COVID-19 incidence
peaked (Event 6), there was a marked reversal of daily COVID-19 inci-
dence, even though mobility counts continued to increase during that
same time. The decrease in COVID-19 incidence continued to decrease
until the next Executive Order was issued (Event 7) that eased restric-
tions, after which numbers began increasing again. Further, public
health research suggesting that the latency period between contracting
the virus and onset of symptoms is between 2 and 14 days appears to
be corroborated by the 2-week lag between Texas’ face covering order
and the onset of decreasing cases at the population level.
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Figure 7. Comparison of 2019 (lglrey) versus 2020 (blue) in 2-week increments for: population mobility (upper graph), and; NO, con-

centration for Texas (lower graph)

A§ 9 % ‘E E -E g
r EE 8 ETT E
2 r A mMm O o
3 e, 0
s
Bg () c w . E
TR = B8 »®

S 2 E
« Il 5 3 3
2 = O x

c g
2 8 « E
o Q = [s] w
2 m| > EIB5 2 8|8
o o © = ~ c N >
—_— o 2 = E e} E =
g £ T = @ = o 2
g =
c =
Q ©
Q h = s o )
[} E | 2 2 ©
= = £ @ o =
8 & £ T g ©
CHER-1- AR -HE-

Figure 8. Top 15 counties (out of 254) with maximum drop in: (A) population mobility, or; (B) drop in NO, air quality between 2019
and 2020 in the March through December window. Six of the top 9 counties are in common.
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Insight 2 - Public interaction policies

The initial lockdown on 19 March 2020 (total number of new
COVID-19 cases reported to be 109) was followed by a steadily
increasing number of cases averaging just under 600 daily new
cases over the next month. April 17" (Event 3) brought the first of
the official reopenings of Texas, followed by an expanded reopen-
ing on June 3" (Event 4); the face covering mandate was issued on
July 2™ (Event 5). Between the expanded reopening of Texas on
June 3™ and the mask mandate on July 2™ the incidence of
COVID-19 cases rose to an average of over 3700 new daily cases
during those 29 days, reaching 7831 cases on the day the face cov-
ering mandate was issued.

Insight 3 - Mandated lockdown influenced population
mobility differentially

When comparing the counts of the most visited POIs in each
county for corresponding days between 2019 and 2020 for the
lockdown hypothesis, it was clear that major urban areas saw large
decreases in numbers of visits after the lockdown, while smaller
urban areas along with rural areas saw less of an effect. When com-
paring the first 3 months of 2019 to 2020, mobility increased state-
wide (see Figure 7). However, beginning with the second half of
March (after the lockdown), there was distinctly less mobility in
2020 than in 2019. The largest decrease in mobility between 2019
and 2020 was observed in the second half of March and first half
of April, and while there was a steady increase in mobility after the
April bottom, mobility never reached baseline year 2019 levels for
the remainder of the pandemic year 2020. Statistical clustering fur-
ther shows that the counties with the highest incidence of COVID-
19 cases also had the largest decrease in mobility, suggesting that
people living in areas with large numbers of infections intentional-
ly avoided traveling, while the mobility of people in areas with
lower infection numbers was less likely to be affected.

Insight 4 - Air quality is related to mobility, especially
in highly urbanized areas

Air pollutant emissions from the transportation sector have
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been well studied, showing that transportation related pollutants
include particulate matter, volatile organic compounds and nitro-
gen oxides. While nitrogen oxides in the atmosphere can be
formed from natural causes, the primary anthropogenic source of
nitrogen oxide, measured as NO,, is from fossil fuel combustion
processes. The U.S. Environmental Protection Agency estimates
that over 55% of total nitrogen oxide emissions in the U.S. are
from the transportation sector (U.S. Environmental Protection
Agency, 2018). When comparing NO, concentrations in Texas for
corresponding days between 2019 and 2020 for the lockdown
hypothesis, the two years were quite similar for the state as a whole
(see Figure 7). However, when focusing on counties that had the
largest decreases in NO, (Figure 8), these were the same areas that
had the largest decreases in mobility. Texas has 254 counties: six
of the top twelve counties in Texas in terms of NO, decrease
between the two years were also in the top seven counties in terms
of decreases in mobility. These are the counties that encompass the
largest metropolitan areas including Houston, Dallas-Fort Worth
and San Antonio.

Insight S - Health vulnerability characteristics don’t
tell the full story

There is a general public health hypothesis that socio-econom-
ic data will be descriptive of the health vulnerability of an exposed
population, and often public health policies are developed with this
tenant in mind. This hypothesis seems to hold very well under the
lockdown hypothesis for the cluster that contained the counties
with lowest number of COVID-19 cases), and fairly well for the
cluster that contained the counties with highest number of COVID-
19 cases (Figures 9 and 10). When focusing on the Texas cluster
with the lowest incidence of COVID-19 cases under the lockdown
hypothesis, there is a very clear trend: i) it also had the lowest
numbers of COVID-19 deaths; ii) its mobility was essentially
unaffected; iii) its NO, concentration did not decrease; iv) it had
some of the highest percentages of people aged 65 years and older;
v) it had low numbers of high-density housing, and; vi) it had the
lowest rates of households without a vehicle, the lowest minority
populations rates, the lowest unemployment rates, low rates of
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Figure 9. Self-organizing map (SOM) and parallel coordinate plot (PCP) showing the highest (Cluster 1 - blue) and lowest (Cluster 2
- purple) COVID-19 incidence clusters. Variables determining clusters: A-COVID-19 incidence; B-COVID-19 deaths; C-change in pop-
ulation mobility; D-change in NO, concentration; E-percent of population over 65 years; F-percent of housing with 10 or more units per
unit (e.g. apartments); G-percent of households with no vebicles; H-percent minority population; I-unemployment rate; J-percent of pop-
ulation without high school diploma (>25 years of age); K-percent of population below poverty line.
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individuals not having a high school diploma, and low rates of
poverty. Other than containing counties with relative high rates of
people aged 65 and over, all of the other socio-economic factors
followed assumptions of public health vulnerability nearly exactly
in this cluster. This cluster covers 6 rural counties in the western
half of Texas.

For the cluster with the highest incidence of COVID-19 cases,
there is also a clear trend, albeit not quite as clear as the cluster
with the lowest COVID-19 incidence. The highest COVID-19
cluster shows: i) it had the highest numbers of COVID-19 deaths;
ii) it had the largest decrease in mobility; iii) it had the largest
decrease in NO, concentration; iv) it had the lowest percentage of
people aged 65 and older; v) it had the highest rate of high-density
housing; vi) it had high levels of households without a vehicle; vii)
it had high minority population rates; and viii) it had moderate
unemployment rates, moderate rates of individuals with no high
school diplomas, and moderately high poverty rates. The socio-
economic factors in this cluster also agree with current public
health vulnerability assumptions quite closely. This cluster covers
6 counties, all highly urbanized counties in the eastern half of
Texas.

Things get more complicated when focusing on clusters in the
middle of COVID-19 incidence numbers. Of the 49 clusters gener-
ated in this study, the 5 clusters in the middle of the COVID-19
numbers presented demographic data that varied widely and some-
what unexpectedly from the public health vulnerability assump-
tions. These 5 clusters are represented by 32 counties which are
spread across Texas. The 5 clusters all have similar numbers of
COVID-19 cases and deaths, as well as change in mobility, but as
shown in Figure 11, they span the gamut of NO, change, are in the
lower half of clusters with rates of people aged 65 and older, have
moderate rates of high-density housing, a wide range of house-
holds without vehicles, and nearly cross the entire range of minor-
ity population, school diplomas, and poverty rates. The counties
that fall within these 5 clusters are widespread across Texas
(Figure 12), but none are in the heavily populated areas of the state.
This pattern suggests that while public health vulnerability
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assumptions concerning socio-economic data hold valid for the
low and high extremes of COVID-19 incidence, they cannot be
consistently applied towards clusters with mid-level numbers of
incidence. The implication here is that health vulnerability indica-
tors may need to be selected more discriminately for moderate lev-
els of incidence, but more generally selected for the lows and highs
of incidence.

B

Figure 10. Texas counties contained in the highest (Cluster 1 -
blue) and lowest (Cluster 2 - purple) COVID-19 incidence clus-

ters.
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Figure 11. Self-organizing map (SOM) and parallel coordinate plot (PCP) showing in the mid-range of COVID-19 incidence clusters.
Variables determining clusters: A-COVID-19 incidence; B-COVID-19 deaths; C-change in population mobility; D-change in NO, con-
centration; E-percent of population over 65 years; F-percent of housing with 10 or more units per unit (e.g. apartments); G-percent of
households with no vehicles; H-percent minority population; I-unemployment rate; J-percent ofﬁopulation without high school diploma

(>25 years of age); K-percent of population below poverty line.
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Figure 12. Texas counties contained in the mid-range of COVID-
19 incidence clusters.

Conclusions

The enormous global effect of COVID-19 is difficult to com-
prehend. With all of the adverse consequences that have occurred,
it is important to examine those things that might yield insights that
could reduce, ameliorate or mitigate future pandemics. This study
took advantage of a natural experiment when a ‘lockdown’ of a
large population allowed an exploration of the cascading effects of
that lockdown on population mobility and air quality. Those data
allowed a further exploration of a few health vulnerability indica-
tors that characterize spatial clusters of COVID-19 case numbers.
Our data exploration shows partial agreement and partial disagree-
ment with lockdown hypothesis. This natural experiment in Texas
suggests that the restrictions imposed in Texas had a direct influ-
ence on the population mobility of Texans in highly urbanized
areas, which cascaded into a reduction in air pollution emissions.
Rural areas experienced less of these cascading effects.
Demographic and socio-economic health vulnerability indicators
across Texas seemed to follow public health assumptions in areas
with the very lowest and the very highest COVID-19 incidence but
were not consistent in areas with COVID-19 incidence numbers in
the middle of the range across Texas. Finally, the Texas data
strongly suggest that face coverings protect public health at the
population level. Further work is needed to determine whether
Texas is unique in these characteristics, or if other states in the
USA, or perhaps other countries, experience similar patterns.
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