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Community vulnerability is widely viewed as an important aspect to consider when modeling disease. Although
COVID-19 does disproportionately impact vulnerable populations, human behavior as measured by community
mobility is equally influential in understanding disease spread. In this research, we seek to understand which of
four composite measures perform best in explaining disease spread and mortality, and we explore the extent to

Vulnerability . . . . . . -

Poisson which mobility account for variance in the outcomes of interest. We compare two community mobility measures,
Human behavior three composite measures of community vulnerability, and one composite measure that combines vulnerability
Mobility and human behavior to assess their relative feasibility in modeling the US COVID-19 pandemic. Extensions — via

temporally dependent fixed effect coefficients — of the commonly used Bayesian spatio-temporal Poisson disease
mapping models are implemented and compared in terms of goodness of fit as well as estimate precision and
viability. A comparison of goodness of fit measures nearly unanimously suggests the human behavior-based
models are superior. The duration at residence mobility measure indicates two unique and seemingly inverse
relationships between mobility and the COVID-19 pandemic: the findings indicate decreased COVID-19 presence
with decreased mobility early in the pandemic and increased COVID-19 presence with decreased mobility later in
the pandemic. The early indication is likely influenced by a large presence of state-issued stay at home orders and
self-quarantine, while the later indication likely emerges as a consequence of holiday gatherings in a country
under limited restrictions. This study implements innovative statistical methods and furnishes results that
challenge the generally accepted notion that vulnerability and deprivation are key to understanding disparities in
health outcomes. We show that human behavior is equally, if not more important to understanding disease
spread. We encourage researchers to build upon the work we start here and continue to explore how other
behaviors influence the spread of COVID-19.

1. Introduction financial and employment impacts of the pandemic (Moen et al., 2020),

social isolation and its effect on mental health (Douglas et al., 2020;

The global pandemic engulfing our globe is taxing hospitals and out-
patient clinics, dominating headlines, and occupying a pervasive place
in everyday life. As such, the coronavirus 2019 (COVID-19) and its ef-
fects are appropriately the focus of much scholarly attention. The
already prodigious research output is broad and deep with researchers in
fields ranging from epidemiology to public administration to economics
investigating a range of research questions. Among the studies we sur-
veyed, authors were concerned with the risk factors for contracting and
dying of COVID-19 (Fan et al., 2020; Guha et al., 2020), disease prev-
alence over time and across various regions (Carroll and Prentice, 2021),
mitigation strategies for disease control (Lyu and Wehby, 2020),
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Substance Abuse and Mental Health Services Administration, 2020), and
community philanthropy and cross-sector collaborative response (Fin-
chum-Mason et al., 2020). A comprehensive review of these disparate
bodies of literature is beyond the scope of this manuscript; nonetheless,
we note the breadth of these evolving literatures to set the stage for
challenging a common methodological practice that persists across them
— namely, employing a variety of measures as proxies for
socio-demographic characteristics to explain COVID-19’s spread
(Campbell et al., 2021; Daras et al., 2021).

The Centers for Disease Control, along with many other entities and
scholars, boast socio-demographic disparities including race, age,
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ethnicity, poverty status, overcrowded housing conditions, population
density, and epidemiological factors as driving forces in the COVID-19
pandemic (Division of Viral Diseases, 2021, 2020). Despite the robust
literature suggesting that vulnerable populations are key to modeling
the COVID-19 pandemic (Carroll and Prentice, 2021; COVIDCareMap,
2020; Onder et al., 2020; Tai et al., 2020), we hypothesize that human
behavior as explained by mobility furnishes a superior metric for
explaining the spread of COVID-19 over space and time. Our premise is
built on several other studies that show the benefits of stay at home
orders (Badr et al., 2020; Carroll and Prentice, 2021) as well as the
relationship between mobility and COVID-19 presence in the commu-
nity (Chen et al., 2020; Lee et al., 2021; Nouvellet et al., 2021; Rashed
and Hirata, 2021).

COVID-19 caused the first global pandemic wherein technology and
research are able to forecast and model the disease in near real-time
(Chen et al., 2020; Rashed and Hirata, 2021). Selecting the proper
measures for this work is paramount in understanding and mitigating
disease spread, and the full array of measures needed to model the
spread of COVID-19 are still being identified. Efforts are underway to
construct indices that will theoretically help researchers and practi-
tioners identify the factors that increase community vulnerability to the
pandemic (Daras et al., 2021; Marvel et al., 2021). In this research, we
examine and compare community mobility measured by Google (Google
LLC, n.d.) to four composite metrics for capturing vulnerability in a
given area, two commonly employed in other literatures and two
developed specifically for the COVID-19 pandemic. The mobility mea-
sures represent workplace related movement and duration at residence.
Alternatively, the vulnerability measures include the Area Deprivation
Index (ADI), Social Vulnerability Index (SVI), the COVID-19 Community
Vulnerability Index (CCVI), and the COVID-19 Pandemic Vulnerability
Index (PVI) (Agency for Toxic Substances and Disease Registry, 2018;
Kind et al., 2014; Marvel et al., 2021; Singh, 2003; Surgo Foundarion,
2020).

ADI and SVI - produced before the onset of COVID-19 - are
employed extensively in the public health and medical literatures and
are important indicators for predicting various chronic and acute health
outcomes, medication adherence, and hospital readmission (Agency for
Toxic Substances and Disease Registry, 2018; Kind and Buckingham,
2018). We hypothesize that these measures are more limited for
modeling of COVID-19 transmission since these do not account for
public policy, epidemiological and health system factors, and human
behavior which certainly also play a role, as other studies have noted
(Chen et al., 2020; Lee et al., 2021; Rashed and Hirata, 2021). Hence, we
incorporate two additional composite measures developed specifically
to understand vulnerability during the COVID-19 pandemic: CCVI and
PVL Note that one of the factors that comprises PVI is a measure of social
distancing to account for human behavior, a feature we suspect is useful
for modeling COVID-19. Finally, we supplement the composite measures
with a key variable noted in recent COVID-19 literature — mobility - to
see whether these patterns have similar or greater associations with the
outcomes of interest (Badr et al., 2020; Campbell et al., 2021). We
expect, as other scholars have suggested, that modeling human behavior
is necessary for understanding COVID-19 disease transmission. In their
analysis of mobility patterns in a sample of U.S. counties, Badr et al.
found that mobility patterns are strongly correlated with changes in
COVID-19 case growth rates (Badr et al., 2020).

In this research, we seek to understand which of the four composite
measures perform best in explaining disease spread and mortality, and
we explore the extent to which mobility (or the lack thereof) account for
variance in the outcomes of interest. First, we detail our data, variable
operationalization, and methodological approach. Next, we present re-
sults from the spatial and temporal analysis and offer a discussion of the
relevant findings. We conclude with implications of our research for
scholars, public health practitioners, and policymakers.
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2. Materials and methods
2.1. Data

Consistent with Carroll and Prentice, we use the health region as our
spatial unit of analysis to reduce zero inflation in and dimension of the
data (Carroll and Prentice, 2021; Day et al., 2019). Specifically, data at
the U.S. county level results in 7601 (4.8% of weeks/counties) zero
counts while data at the U.S. health region level results in 107 (0.6% of
weeks/regions) zero counts. Our temporal unit for these data is weeks.
While the data is released daily, reducing the temporal unit to weeks
reduces the dimension of the model and limits the bias from data
reporting errors and delays. The data presented here represent March
23, 2020 to March 7, 2021.

2.1.1. Outcome measures

Outcome data (dependent variables) were sourced from the Johns
Hopkins University Center for Systems Science and Engineering (Dong
et al., 2020). Data for this study were geographically constrained to the
United States. We examined three discrete, count outcomes: number of
confirmed cases, number of new cases, and number of deaths. Since
there could be differences in covariate relationships based on the region
of the country considered, we made an estimation for the US as a whole
and apportion the counts into the following regions as defined by the US
Census Bureau (Geography Division. U.S. Department of Commerce
Economics and Statistics Administration. U.S. Census Bureau, 1984):
South (S), West (W), Midwest (MW), and Northeast (NE).

2.1.2. Measures of community mobility

Reports aimed at describing community movement for the benefit of
public health officials were made available by Google early in the
pandemic and have been maintained since that time (Google LLC, n.d.).
Google makes these mobility metrics publicly available and categorizes
mobility by type or purpose of movement: grocery and pharmacy, parks,
transit stations, retail and recreation, residential, and workplaces.
Mobility is calculated as the percent daily change in relation to a base-
line median mobility established using January 3, 2020 to February 6,
2020 as the pre-pandemic baseline. Only users who opted into Location
History on their Google Account are captured in this measure. Positive
values indicate more category-specific mobility compared to the base-
line and negative values indicate less category-specific mobility
compared to the baseline.

For this study, we considered work- and residential-related mobility
as options for our independent variable where work-related mobility is
defined as percent change in total visitors to areas defined as places of
work while residential-related mobility is defined as percent change in
duration at areas defined as residential locations. These daily data are
available at the US county level. We aggregated these measures by time
and space to represent weekly information for each health region —i.e.,
median percent change for a given health region each week. Where too
few data points are captured, Google assigns those observations as
missing to avoid issues pertaining to privacy. Despite our aggregations
to weekly information by health region, we still had some missingness:
0.9% for work and 5.7% for residential. We imputed by carrying the last
observation forward.

2.1.3. Measures of community vulnerability

Four different composite measures of community vulnerability were
considered here as alternatives for the independent variable: Area
Deprivation Index (ADI), Social Vulnerability Index (SVI), COVID-19
Community Vulnerability Index (CCVI), and the COVID-19 Pandemic
Vulnerability Index (PVI). The ADI, SVI, and CCVI measures are spatial
only and remain constant over time, whereas the PVI is dynamic and
changes over time.

Developed by Singh and refined over time, ADI uses 17 Census
poverty, education, housing and employment indicators to measure a
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region’s socioeconomic disadvantage and can be used to gain “improved
insight into the sociobiological mechanisms that underlie health dis-
parities, which could, in turn, facilitate the development of improved
therapeutics and interventions” (Kind and Buckingham, 2018; Singh,
2003). Health systems and healthcare providers can use the ADI to target
program delivery by geographic location based on the area of greatest
disadvantage. Higher ADI values indicate higher levels of disadvantage
in a region (Kind et al., 2014; Singh, 2003).

The next composite metric — SVI — captures social vulnerability,
which refers to the resilience of communities when confronted by
external stresses on human health, stresses such as natural or human-
caused disasters, or disease outbreaks. Reducing social vulnerability
can decrease both human suffering and economic loss. The Centers for
Disease Control and Prevention’s (CDC) Social Vulnerability Index uses
15 U.S. Census variables at the tract level to help local officials identify
communities that may need support in preparing for hazards; or
recovering from disaster (Agency for Toxic Substances and Disease
Registry, 2018). SVI integrates measures representing socioeconomic
status, household composition and disability, minority status and lan-
guage, and housing type and transportation (Agency for Toxic Sub-
stances and Disease Registry, 2018). The Geospatial Research, Analysis,
and Services Program (GRASP) created and maintains the CDC’s Social
Vulnerability Index. Higher scores indicate more vulnerability.

The third composite metric — CCVI - is more comprehensive than ADI
and SVI, and was developed for modeling vulnerability in the COVID-19
pandemic. Developed by the Surgo Foundation and featured as a CDC
resource, CCVI is constructed by adding a range of epidemiological and
healthcare system variables to the standard vulnerability measures
incorporated in SVI (Surgo Foundarion, 2020). CCVI identifies which
communities are most vulnerable to coronavirus and least prepared to
address it once spread. Mapped to US census tract, county, and state
levels, the CCVI can inform COVID-19 planning and mitigation at a
granular level. Higher CCVI scores indicate a greater level of
vulnerability.

The final composite metric — PVI — is the most comprehensive mea-
sure. Developed by researchers in cooperation with the National Insti-
tute of Environmental Health Sciences, this index and associated online
dashboard was created to give key stakeholders dynamic county-level
information that facilitate monitoring disease trajectories, identifying
local vulnerability, forecasting key outcomes, and guiding decision
making (Marvel et al., 2021). Like CCVI, PVI builds on SVI and adds to
that index measures that capture testing rates, social distancing, and
disease spread.

2.2. Statistical model

The statistical model applied here is an extension of a model
commonly used in disease mapping for aggregated count outcomes, the
Bayesian spatio-temporal Poisson Knorr-Held model (Knorr-Held, 2000;
Knorr-Held and Besag, 1998; Lawson and Lee, 2017; Lawson, 2013;
Lawson et al., 2016; Lesaffre and Lawson, 2013). This model can be
defined as follows for health region i and week j:

yi ~ Pois(,u[/-)

= e

Spatial only measure : log(Qij) =xf; +ui+v;
Spatio — temporal measure : log (90) =xfp +uitv;

where y;; is the outcome of interest (count of confirmed cases, new cases,
or deaths), My is the mean of the Poisson model, e; is the expected count,
0y is the relative risk, x; or x; is the mobility or vulnerability measure, f;
is the time varying fixed effect estimate, y; is the spatial random effect,
and y; is the temporal random effect. The temporally dependent struc-
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ture of f; offers the extension, a novel aspect to our model in this setting,
and allows for fluctuation in the relationship between mobility or
vulnerability and the outcome over time. e; is calculated as the rate of
infection across all health regions on a given week times the population
at risk for a given health region, which is assumed constant over time. As
such, a unique e; is produced for each health region and week. Given the
Bayesian methodology, prior distributions are required for all parame-
ters and they are defined as follows: f§; ~ N(ﬂj,l,rfyl) for a temporal
random walk parameter estimate, u; ~ N(0,7;') for an uncorrelated
spatial random effect, y; ~ N(y;_q,7, 1) for a temporal random walk ef-
fect, and all precisions were such that r ~ Gam(2,1). Finally, inverse
logarithms are often used to gain appropriate interpretations of these
model parameters since a logarithm link is included in the linear pre-
dictor. This transformation allows for estimate interpretations in terms
of multiplicative change to the relative risk (9;) of the outcome
considered. This model description applies to all metrics (mobility and
vulnerability), outcomes (confirmed cases, new cases, and deaths), and
US Census-defined areas (US, S, W, MW, and NE). Supplemental Table 1
specifically assigns the named model to the appropriate parameteriza-
tion (x; or x;;) based on the mobility or vulnerability measure applied.

2.3. Model Comparison Tools

We use the Watanabe-Akaike information criterion (WAIC) to
compare these models for goodness of fit (Watanabe, 2010). This mea-
sure is a function of the models’ deviance estimates and can be written as
seen below.

WAIC =DEV,, + p,,

With DEV,, a variation of the deviance DEV,, = 3 log(Ep, (f(y:|6))) and
i

pw an effective number of parameters calculation such that p, =
S Vo (log((y:]0))). pw is considered a penalty term. Smaller values
i

indicate a better fitting model, and a difference of at least 3 units is
considered a statistically significant difference in fit. Due to being like-
lihood based, this measure is only comparable for models with the same
outcome. Beyond this goodness of fit measure, we also consider estimate
interpretability and feasibility.

2.4. Computational details

R statistical software furnished much of the means for data pro-
cessing and analysis in the work presented here. Specifically, the R
packages rgdal, INLA, and fillmap were necessary for spatial data pro-
cessing, statistical modeling, and spatial plotting respectively (Bivand
et al., 2019; Blangiardo et al., 2013; Carroll, 2016; Carroll et al., 2015;
Martins et al., 2013; R Core Team, 2015; Rue et al., 2009; Schrodle and
Held, 2011, 2010; Ugarte et al., 2014). Code for the data extraction and
manipulation, statistical models, and other applications of this work are
available at this GitHub repository.

3. Results

Fig. 1 displays the Google residential median mobility by week for
the entire U.S.; images for these measures by Census region are available
in the Supplemental Materials. Additional GIFs and images of the
mobility and composite measures are available in the Supplemental
Materials. The mobility measures suggest more residential and less work
mobility than the baseline at the beginning of the pandemic, with a
gradual trend towards baseline over time. The South and Northeast
health regions appear to return to baseline sooner than the other health
regions. The vulnerability measures all show the South region are at
higher risk of disease spread and adverse health outcomes. As one would
expect, PVI suggests lower vulnerability towards the beginning of the
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Fig. 1. Median Google residential mobility over time for the entire
United States.

pandemic and generally rises over time. However, parts of the Midwest,
Northeast, and Alaska remain low, while the West region shows the
greatest range in outcomes.

Table 1 displays the goodness of fit measures for the six models, three
outcomes, and five areas considered. Details of these measures were
described in the Model Comparison Tools section. Consistent with
accepted practice, goodness of fit statistics smaller by at least 3 units
represent a statistically significant improvement in model fit. In reading
the table, it is important to note that only measures within outcomes are
comparable; thus, only row-wise comparisons are appropriate. The table
shows that PVI and the mobility measures are the best or second best
fitting for all models with PVI as the clear winner for 8 of the 15 models
(3 outcomes x 5 areas covered). The following is a list of the models that
are either the best or second best fitting, presented in descending order
from highest to lowest (with counts provided in parentheses): PVI (n =
9), residential mobility (n = 8), work mobility (n = 6), ADI (n = 4), and

Table 1
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SVI (n = 3). Surprisingly, CCVI — a metric specifically developed for
describing community vulnerability related to COVID-19 - does not lead
to the best fit in any setting, even among the other vulnerability
measures.

Whereas the PVI model offered the best fit for the greatest number of
outcomes and regions, the estimates showed little consistency across
models and seemingly random sharp peaks suggesting increased risk
over the study time. The residential mobility model offered more
interpretable results and are thus presented below. Fig. 2 displays the
time varying parameter estimates associated with the residential
mobility metric for the U.S. models (measures across all 15 models are
available in the Supplemental Materials). An inverse logarithm was
applied to these parameter estimates to offer an interpretation directly
related to the multiplicative change in relative risk (9;) of the outcome
considered. Consequently, an estimate with a 95% credible interval fully
less than one (represented by the solid horizontal line) suggests
decreased risk while an estimate with an interval fully greater than one
suggests increased risk for the given week of the study period. These
images include credible interval bounds and the narrow nature of these
bounds suggests that our estimates are quite precise over all the models.
Most early estimates, particularly between the dash lines that indicate
when much of the country was shut down (weeks 2-7 or March 30, 2020
to May 18, 2020), are less than one. This result is interpreted as more
residential presence, less COVID-19 and supports the hypothesized
benefits of the stay at home orders as a means for reducing disease
spread.

Alternatively, many of the estimates between the dotted lines, in-
dicators of the holiday season (weeks 40-42 or December 21, 2020 to
January 4, 2021), are greater than one. The interpretation here is more
residential presence, more COVID-19, suggesting family gatherings may
contribute to disease spread. Finally, most of the estimates for the
Northeast are less than one suggesting more residential presence, less
COVID-19 throughout most of the pandemic. Estimates for the other
measures and models can be interpreted similarly and are included in

Goodness of fit measures for the six models across, three outcomes, and five areas considered. The darker grey shading indicates
the best fitting model and the lighter grey shading indicates the second best fitting model.

Area Covered/ Cevi Svi ADI Work Residential PVI
Outcome model model model model model model
United States

Confirmed 24246318 24129536 24141699 24127468 |[JPRPZEEID

New 6534349 6527923 6533715 6524345 6405328

Deaths 2045570 2921433 2902723 2893606 2729174
South

Confirmed 5206477 5095613 5128055 5094847

New 1585768 1586026 1585944 1587769

Deaths 490761 475197 476772 475566
West

Confirmed 3696408 3694770 3682763 ERERZI 3551055

New 1114756 1114443 1105220 1101149  [EIEEY

Deaths 224482 222977 222450 219625
Midwest

Confirmed 2815972 2773928 2710363 2785508 |WPLLLL

New 804960 792815 796682 786771 782517

Deaths 297619 280434 295935 279668  [MPAKLIE)
Northeast

Confirmed 1910086 1935020 [EEZEEA 1860314 1887330

New 422603 429573 389508 410940 421585

Deaths 247824 252341 228536 240818 245427
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Fig. 2. Time varying parameter estimate from the model using the U.S. Google residential mobility measures for A) confirmed cases, B) new cases, and C) deaths. The
solid line displays where the critical value of 1 is on the vertical axis, the dashed lines indicate the time window when much of the country was shut down (weeks 2-7
or March 30, 2020 to May 18, 2020), and the dotted lines indicates the holiday season (weeks 40-42 or December 21, 2020 to January 4, 2021).

the supplemental materials.
4. Discussion

This manuscript examines an array of options for representing
mobility, community vulnerability, and the combination of those factors
for modeling the COVID-19 pandemic. A comparison of these metrics
suggests that mobility measures supersede community vulnerability
measures in this setting. Varying patterns emerge: whereas some of the
observed patterns suggest less mobility with less COVID-19 presence
early in the pandemic, others indicate less mobility with more COVID-19
presence, particularly around the holiday season. As one might expect,
we did not see clear trends in the vulnerability measures. Underlying
vulnerability is not typically subject to rapid change and hence would
not fluctuate as much as mobility. PVI combines vulnerability and
mobility information and thus achieves the best fit for modeling of the
pandemic. However, estimates associated with the mobility measures
appear more informative, which could indicate overfitting in the PVI
model.

The mobility models offer two interesting findings: 1) reduced
COVID-19 with increased residential presence early in the pandemic,
and 2) increased COVID-19 with increased residential presence later in
the pandemic, particularly around the holiday season. Whereas these
relationships appear contradictory on the surface, we contend they vary
because of the type of residential presence during these different times.
The first observation likely reflects the effects of stay at home orders and
supports the idea of using social distancing to reduce the incidence of
COVID-19 (Carroll and Prentice, 2021). The second observation dem-
onstrates an inverse relationship between residential presence and
COVID-19 incidence, and notably occurs during the holiday season. The
timing suggests families may be gathering in residences, which increases
the likelihood of transmission and justifies the importance of social
distancing for limiting the spread of COVID-19.

In addition to the models presented in this paper, we also explored
models without time-varying coefficients as well as an alternative
mobility measure. The goodness of fit measures for the models without
time-varying coefficients were higher suggesting worse fit without this
added flexibility. This finding underscores the necessity for allowing for
a fluctuating relationship between our metrics, particularly the mobility
metrics, and COVID-19. We also explored an alternative metric of
mobility, specifically the mobility metric produced by Descartes Labs
(Warren and Skillman, 2020). This measure showed some similarity in
trends over time to the Google work mobility measure. However, there
was evidence missing were not random, and indeed no data were
available for the entire study period in certain health regions. Therefore,
Google mobility data were deemed superior for use in this analysis.

The results presented here are not without limitations. We operate
under the assumption that the available data is mostly without error,
which may or may not be the case. The model is robust to mis-
specification, but does not account for this possible error. Additionally,
the mobility measures may include missing and potentially not repre-
sentative data due to privacy issues. Individuals need to opt into Loca-
tion History on their Google Account to captured in these data. Finally,
the statistical model offers a high degree of flexibility through the
temporally dependent coefficient estimates, but we make the assump-
tion that the coefficient estimates apply across all health regions in the
model for a given week.

These findings have numerous implications for research, including
most notably that latently observed community vulnerability is not as
important for understanding differences in COVID-19 transmission and
health outcomes as human behavior. Future research should follow the
lessons learned here and incorporate variables that capture both
vulnerability and behavior, as well as potentially other mitigating fac-
tors. For example, modeling the next phase of the pandemic will likely
require incorporating vaccination information in addition to the mea-
sures explored here in order to understand disease spread. Perhaps PVI
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can be updated or amended to include vaccine information, building on
the measure’s current inclusion of infection rates (Marvel et al., 2021).
We suspect that as more individuals are inoculated, mobility and social
distancing will play a less important role. However, this assumption
does not account for the relative risks imposed by COVID-19 variants or
nonvaccinated individuals.

5. Conclusion

This manuscript offers an important first step in understanding how
human behavior and community vulnerability relate to COVID-19. The
relationships uncovered here suggest notable results with respect to
social distancing and community presence of COVID-19 and serve as a
basis upon which future research can expand. Community vulnerability
is widely viewed as an important aspect to consider when modeling
disparities in health outcomes including COVID-19. Although COVID-19
does disproportionately impact vulnerable populations, human
behavior as measured by community mobility is equally influential in
understanding disease spread. Indeed, we show that measures of
vulnerability that include mobility are most effective for modeling
COVID-19. We encourage researchers to build upon these findings by
modeling various additional measures of human behavior that may
improve our understanding of how these factors affect the spread of
COVID-19 and resulting health disparities.
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