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Abstract

Background: Non-pharmaceutical interventions (NPIs) have been implemented in the New York State since the COVID-19
outbreak on March 1, 2020 to control the transmission of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2).
Projecting the growth rate of incidence as a response to key NPIsis crucial to guide future policy making. Few studies, however,
considered spatial variations of incidence growth rate across different time points of NPIs.

Objective: This study quantifies county-level predictors of the time evolution of COVID-19 incidence growth rate following key
NPIsin New York State.

M ethods: County-level COVID-19 incidence data were retrieved from the Coronavirus Case Data from Social Explorer Website
between March and June 2020. 5-day moving average growth rates of COVID-19 were calculated for 16 selected time points on
the dates of eight NPIs and their respective 14-day-lag-behind time points. A total of 36 county-level predictors were extracted
from multiple public datasets. Geospatial mapping was used to display the spatial heterogeneity of county-level COVID-19
outbreak. Generalized mixed effect least absolute shrinkage and selection operator (LASSO) regression was employed to identify
significant county-level predictors related to the change of county-level COVID-19 growth rate over time.

Results: Since March 1, the growth rate of COVID-19 infection increased and peaked by the end of March, followed by a
decrease. Over time, the region with the highest growth rates shifted from New Y ork metropolitan area towards Western and
Northern areas. Proportions of population aged 45 years and above (?=3.25 [0.17—6.32]), living alone at residential houses
(?=3.31 [0.39—6.22]), and proportion of crowd residential houses (?=6.15 [2.15-10.14]) were positively associated with the
growth rate of COVID-19 infection. In contrast, living alone at rental houses (?=-2.47 [-4.83—0.12]) and rate of mental health
providers (?=-1.11 [-1.95—0.28]) were negatively associated with COVID-19 growth rate across all 16 time points.

Conclusions: Tailored interventions and policies are required to effectively control the epidemic for different counties. Attention
towards economic, racial/ethnic, and healthcare resource disparities are needed to narrow the unequal health impact on
vulnerable populations.
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Abstract

Background

Non-pharmaceutical interventions (NPIs) have been implemented in the New York State since the COVID-19 outbreak
on March 1, 2020 to control the transmission of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2).
Socioeconomic heterogeneity across counties closely manifests differences in the post-NPIs growth rate of incidence,
which is a crucial indicator to guide future infectious control policy making. Few studies, however, examined the

geospatial and sociological variations in the epidemic growth across different time points of NPIs.

Objectives

To guide a more effective reopening plan while controlling the transmission, the current study aims at 1) identifying
hotspots of the growth rate of COVID-19 incidence among the 57 counties and New York City in NYS over time, and 2)
examining the association of COVID-19 growth rates after eight critical NPIs time points and most relevant county-level

sociological predictors.

Methods

County-level COVID-19 incidence rates were retrieved from the Social Explorer Website between March 7, 2020 to June
22, 2020. 5-day moving average growth rates of COVID-19 incidence were calculated for 16 selected time points,
including the dates of eight NPIs and their respective 14-day-lag-behind time points. A total of 36 county-level indicators
were extracted from multiple public datasets. Geospatial mapping and heatmap were used to analyze spatial and temporal
heterogeneity of county-level COVID-19 outbreak over selected NPIs-related dates. Generalized mixed effect least
absolute shrinkage and selection operator (LASSO) regression, controlling for the 5-day moving average growth rates of
COVID-19 testing rates, was employed to identify significant county-level predictors related to the changes of county-

level COVID-19 growth rates over time.

Results
COVID-19 infection increased and peaked by the end of March (n=22.50%). Growth rates of COVID-19 decreased by

50.48% after implementing NPIs such as closures of schools, non-essential businesses, parks, and subways. There was a
geospatial shift in the region with the highest growth rates from New York metropolitan area towards Western and
Northern regions over time. Proportions of population aged 45 years and above (3=3.25 [0.17-6.32]), living alone at
residential houses ($=3.31 [0.39—6.22]), and proportion of crowd residential houses ($=6.15 [2.15-10.14]) were

positively associated with the growth rate of COVID-19 infection. In contrast, living alone at rental houses (f=-2.47 [-
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4.83—-0.12]) and rate of mental health providers (=-1.11 [-1.95—0.28]) were negatively associated with COVID-19

growth rate across all 16 time points.

Conclusions

There are geospatial differences in COVID-19 incidence after implementing different NPIs. Socioeconomic,
racial/ethnic, and healthcare resource disparities at the structural and historical levels across counties need to be
considered in infection control policymaking to narrow the unequal health impact on vulnerable populations effectively.

Keywords: Non-pharmaceutical interventions; COVID-19; incidence; growth rate; spatial; New York.
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Introduction
Since the first confirmed cases of COVID-19 in New York State (NYS) on March 1, 2020, the statewide coronavirus

outbreak has surged quickly. As of July 5, 2020, COVID-19 had affected more than 401 thousand individuals and caused

nearly 32 000 deaths in NYS [1]. The State government has been actively responded to the transmission through a series
of non-pharmaceutical interventions (NPIs) spanning March 2020 through late June 2020. Eight important NPIs were
implemented in NYS, included declaring State of Emergency (March 7, 2020), school closure (March 16, 2020), NYS on
PAUSE (March 20, 2020), park closure (April 1, 2020), acceptance of ventilator donation and USNS Comfort Hospital
Ship (April 4, 2020), subway service suspension (April 25, 2020), and Phase I Reopening (June 8, 2020).

Statewide NPIs have a meaningful impact on the COVID-19 outbreak across NYS, reducing the number of cases by

94.10% from the peak date (April 14, 2020) as of June 8, 2020. Several modeling studies have revealed epidemiological

variations in the impact of NPIs on COVID-19 incidence in China [2-4], UK [5], and Italy [6]. Yet, the impact of NPIs is

not uniform across neighborhoods and communities, further contributing to health disparities in risk of COVID-19

infection rates in NYS [7-9]. No study, however, has empirically documented the effect of key statewide NPIs on the
growth rate of COVID-19 incidence in different counties of NYS, the former epicenter of the COVID-19 pandemic in the
United States (US).

Focusing on intra-state heterogeneity and temporal differences in response to NPIs has valuable public health

importance. Cross-county variation in the epidemic growth reflects social processes, structural inequality, racism,
intersectionality, and health disparities [10-13]. Since socioeconomically challenged communities/counties may
experience a higher burden of disease and COVID-19 incidence [14], analyzing the spatial heterogeneity improves our

understanding of the burdens of vulnerable communities and sociodemographic characteristics of the residents [15-17].
Such knowledge is important to guide tailored infection control policy actions, which may be more effective in reducing
the COVID-19 growth, narrowing the gaps across geographic location and sociodemographic subgroups and promoting
more socially just public health interventions [14, 17-21].

Addressing the county-level factors can provide more accurate information related to spatial and temporal variations.

First, neighborhood effects on differences in health outcomes are complex and could be related to not only political-

intuitional boundaries but micro-level differences segregated into county levels [13, 20]. COVID-19 growth rates may
differ at the micro-level boundaries (e.g., county) but not macro-level boundaries (e.g., city, region), and vice versa.

Thus, analyzing larger-scale boundaries may mask the heterogeneity within large areas. Second, it is possible that post-
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NPI incidence rates are more reflective for residents with similar socioeconomic and demographic characteristics that
drive the spatial segregation. In such a case, the study results shall be generalizable to other states or geographic districts
in other countries based on the featured socioeconomic indicators. It is also plausible that geographic variations (e.g.,
availability and accessibility to health facilities, parks, recreation centers) are more relevant in COVID-19 incidence in
response to different NPIs. Without much evidence from prior studies, the study does not begin with assumptions to
preclude county-level variations that potentially reflect both geospatial and socioeconomic predictors. Third, most of the
Census data and administrative data (e.g., insurance from the 2016 US Health, crime rates from the US Crime data, FBI)
are collected at the county levels. This offers the opportunity to link multiple datasets to examine geographical
heterogeneity. Such practice has been widely applied to studies examining neighborhood effects. Naturally, the variance

of place effects across counties is already a lower bound for the total variance of neighborhood effect. Previous studies

have revealed considerable variation in outcomes across counties [22]. Thus, focusing on county-level variations
significantly increases the robustness and reduces the noise in estimation when discussing geographic variation. It is
intuitive and evidenced that the selection effects account for a larger fraction of variance in permanent resident’s COVID-
19 infections at smaller geographics too since families and individual reaction to NPIs are more likely to sort
geographically (e.g., social distance within the community or county area) within rather than across the regions or states.
Theoretically, Macintyre and colleagues [23] conceptualized the “place effects” on health into compositional (e.g.,
individual socioeconomic characteristics), contextual (e.g., healthcare structures and accessibility), and collective (e.g.,
cultural values and shared norms) dimensions. Macintyre’s frame has significant potential to systematically understand
the geographical patterning of NPIs' impact across counties. One prior study based on county-equivalent areas in the

USA found that county-level factors, including demographic distribution, socioeconomic status, health care access,

influenced the cumulative COVID-19 confirmed cases and deaths [24]. However, it remained unclear whether county-
level factors influence the NPIs implementation, reflecting through the post-NPIs COVID-19 growth rates trend. Such
information is critical to guide future tailored policy interventions.

This study leveraged multiple public datasets and a machine learning approach to construct the county-level spatial-
temporal prediction model of COVID-19 in NYS. To guide a more effective reopening plan while controlling the
transmission, the current study aims at 1) identifying hotspots of the growth rate of COVID-19 incidence among the 57
counties and New York City (NYC) in NYS over time, and 2) examining the association of COVID-19 growth rates after
eight critical NPIs time points and most relevant county-level sociological predictors. It is hypothesized that there will be
disproportionate COVID-19 incidence in counties with higher poverty rates, larger percentages of racial/ethnic minority
population, fewer health care resources, and more disadvantaged neighborhoods after implementing the eight NPIs. This
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study is among the first to investigate such associations across NYS at the county levels while accounting for
geographical and temporal variations.

NYS was chosen for the current study because of its generalizability to other states and similar metropolitan areas
outside of the US. Specifically, New York State has increasingly diverse populations demographically, geographically,

and socioeconomically [25], which allows sufficient variance to detect possible geographic differences and neighborhood

effects [13]. Besides, NYS quickly became an epicenter of the pandemic in the world since the outbreak in March, while
the government also responded timely with multiple NPIs. This offers an excellent opportunity to detect the geospatial
variations in COVID-19 incidence after NPIs and temporal changes from the initiation to peak and slow-down pandemic.
The current study looks at NYS, hoping to provide some insights for the rest of the world.

Methods

Data Resources

All variables of interest in this study were extracted from government open-access databases and public datasets,
including Health Data in NYS [26], US Health Data [27], US FBI Crime Data [28], and American Community Survey

(ACS) [29]. These data were aggregated to the county level for further analysis.

Selected Time Points
Based on our research hypotheses and interest, eight critical policy reactions announced by the state government were
determined, and the policy announcement dates were selected for data analysis. Dates of NPIs in this study, collected by

tracking news coverage and verifying news reports against government policies, are consistent with previous studies on
anti-contagion systems [30] and other NPIs [7, 31]. Since the reduction in incidence was found to occur within a lag

given that the incubation period for COVID-19 was 2-14 days [32, 33], eight post-14-day lagged time points were also
included (Appendix 1).
5-day Moving Average Growth Rate of COVID-19 Incidence

The daily growth rates of cumulative COVID-19 cases from the previous day were extracted by regions (57 counties and

NYC) in NYS from the US Health Data through the Social Explorer platform [27]. To reduce the impact of “noise” and

obtain a smoothed estimate of growth rate, 5-day moving average growth rate was calculated for each selected time point

by averaging the values of the selected day, two days before, and two days after [34].
County-level Predictors

Guided by Macintyre’s framework of place effect on health [23], 36 predictors across compositional, contextual, and
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collective factors were included. Compositional factors refer to the sociodemographic characteristics of individuals living

in a particular place [23]. In this study, 5-year estimated county-level factors, such as population density (per square
mile), the proportion of male, individuals who were older than 45 years (%), Black (%), Asian (%), Latino (%), children
living in single-mother family (%), population in group quarters (%), noncitizen (%), living alone (%) in occupied and

rental houses, living alone (%) in the same occupied and rental houses, and population who used public transportation to

work (%) were extracted from the 2014-2018 ACS and aggregated to county levels [29]. To assess area socioeconomic

status (SES), 5-year estimated factors including poverty, low education, unemployment, and low working class were
considered [29, 35]. Contextual factors are defined as the broader social, economic, and physical opportunities in a

region [23]. Socioeconomic opportunities were operationalized by 5-year estimated rental houses, Gini index, vehicle

access at occupied and rental houses, crowd occupied and rental houses, and house sizes at occupied and rental houses

extracted from 2014-2018 ACS [29, 35]. According to the United States Department of Agriculture Economic Research

Service, counties with less than 250 000 population were classified as rural areas while others were considered urban

[36]. Physical and health opportunities were represented by the proportion of people not having health insurance (%,
extracted from the ACS), rates or primary care provider, mental healthcare provider, limited access to a doctor due to

costs, fair or poor health population, and year of potential life lost per 100,000 people (%, extracted from the 2016 US
Health Data) [37]. Collective factors refer to the socio-cultural features of a region (e.g., safety and religion) [23]. County

safety was measured by violent crime and property crime rates (extracted from the U.S. Crime Data, FBI) [28]. Religious

environment was assessed by the percentage of religious adherents in 2010 by (obtained from the U.S. Religion Data)
[28].
5-day Moving Average Growth Rate of COVID-19 Testing

COVID-19 testing data was accessed from the Health Data of NYS [26]. 5-day moving average growth rate of COVID-
19 testing was calculated for each selected time point.

Statistical Analysis

Cumulative COVID-19 incident infection rates (i.e., 5-day moving average growth rate of COVID-19 incidence) and
testing rates (i.e., 5-day moving average growth rate of COVID-19 testing rates) were linked with population-level and
community-level sociological variables by unique county federal information processing standards codes. First,
descriptive statistics for all the county-level factors by relevant time frames were reported using 5 quantile values (i.e.,

minimum, 25" percentile, 50" percentile, 75" percentile, and maximum). Second, geospatial differences of COVID-19
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growth rate at county levels for each selected time point were conducted. Temporal trends of COVID-19 growth rates in
NYS were demonstrated by heatmap using the “ggplot2” package. Third, generalized mixed effect least absolute
shrinkage and selection operator (LASSO) was conducted using the “glmmLasso” package to examine the impact of
county-level factors on the same-day 14-day-lagged COVID-10 growth rates. Randoms effect was used to account for the
repeated measure in the same county. Data were normalized before the analysis. Relevant COVID-19 testing growth rates
on dates respective to the 16 selected time points were adjusted. To evaluate the model fit, the absolute mean square error

between original and predicted values were reported. Tuning parameter was chosen using the smallest Akaike

Information Criterion (AIC) value [38]. All analyses and plots were conducted using R version 3.6.3 (The R Foundation).
Statistical significance was set at p<0.05, and all tests were two-tailed.
Results
Descriptive Statistics
Among the 57 counties and NYC, the growth rate of COVID-19 infection increased during March and achieved the peak
by the end of March, followed by a decrease until June (table 2). The second and fourth quantiles of COVID-19 growth
rate were 0% and 41.70% (interquartile range [IQR]=41.70%) on March 20", 1.12% and 2.99% (IQR=1.87%) on April
20™, and 0.13% and 0.81% (IQR=0.68%) on June 22™ (table 2). Across the regions, nearly half of the population were
male and/or equal to or older than 45 years (table 2). Large county variation exists in the population density (25"
percentile: 69.70 per square mile; 75" percentile: 280.71 per square mile; IQR: 211.01 per square mile), mental health
provider rate (25" percentile: 113.31 per 100 000 people; 75" percentile: 220.19 per 100 000 people; IQR: 106.89 per
100 000 people), years of potential life lost rate (25" percentile: 5675.00 per 100 000 people; 75" percentile: 6638.10 per
100 000 people; IQR: 963.10 per 100 000 people), and property crime rate (25" percentile: 155.73 per 100 000 people;
75" percentile: 734.46 per 100 000 people; IQR: 578.73 per 100 000 people).

[Insert Table 1 Here]
Spatial and Temporal Distribution of County-level COVID-19 Growth Rate
Spatial disparity and temporal trend of county-level COVID-19 growth rate were identified (Figure 1, Figure 2). At the
beginning of the COVID-19 outbreak, the highest growth rates could be found in NYC and its neighboring counties (e.g.,
Westchester and Nassau). Then, the highest growth rates changed from these areas to the mid-Hudson region (e.g.,
Sullivan, Rockland, Orange, and Putnam) by the end of March. During April and May, the COVID-19 outbreak moved
from the mid-Hudson region to the Central and Northeast regions. Counties in Central (e.g., Tioga, Madison, Oneida,
Onondaga, and Cayuga) and Northeast (e.g., Hamilton, Herkimer, Fulton, Essex, and Washington) regions showed

relatively high growth rates during this period. From May to June, the influence of COVID-19 infection expanded to
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Western (e.g., Orleans, Chautauqua, Yates, Seneca, and Niagara) and Northern (e.g., St. Lawrence, Lewis, and Franklin)
regions of NYS.

[Insert Figures 1 & 2 Here]
Associations between County-level Predictors and Post-NPI COVID-19 Growth Rates
Results of LASSO selected 16 of the 36 proposed predictors (Table 2). Among these predictors, generalized linear mixed
effected regression revealed that proportions of Black ($=1.40 [0.35-2.45]) and Latino ($=1.74 [0.39-3.09]) population
were positively associated with the same-day county-level COVID-19 growth rate. In contrast, counties with greater Gini
index (8=-1.49 [-2.83—0.15]), larger proportions of the population using public transportation to work ($=-1.57 [-2.85—
0.30]), higher rates of mental health provider (8=-0.94 [-1.64—0.25]) were inclined to have lower same-day COVID-19
growth rate.

After incorporating the 14-day lagged time points (16 selected time points included in total) into the existing model for
further analysis, 30 of 36 predictors were selected into the generalized linear mixed effect model by LASSO, and 6
variables could significantly predict county-level COVID-19 growth rate. Counties with a larger concentration of
population aged 45 years and above (8=3.25[0.17-6.32]), living alone at residential houses (=3.31 [0.39—6.22]), and
proportions of crowded residential houses ($=6.15 [2.15-10.14]) were more likely to have a higher growth rate of
COVID-19 infection across the time. The proportion of people who were living alone at rental houses ($=-2.47 [-4.83—
0.12]) and percentage of mental health providers at local areas (3=-1.11 [-1.95—-0.28]) were negatively associated with
the county-level COVID-19 growth rate during the study period. The final model fitted the data very well (Figure 3),
given that mean of absolute differences between actual and predictive growth rate was 7.01% (ranging from 0.00% to
134.02%).

[Insert Table 2 Here]

[Insert Figure 3 Here]
Discussion
Using aggregated county-level data from multiple public datasets, findings of the current study revealed the shifts of
hotspots of high COVID-19 growth rates in NYS from NYC (in March) to the Central-Northeast region (from April to
May), and Western-Northern areas (May and June). Additionally, this study found high correlates between COVID-19
growth rates and county-level sociodemographic characteristics, including counties with less health care resources,
crowded occupied houses, racial/ethnic minorities, economic disparities, group quarters, and counties relying on public
transportation to work. This is the first study applying the sociological framework and time-varying analyses with a

machine learning technique to identify influential predictors of COVID-19 growth rates. Findings contribute to informing
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the targets when planning the next steps of NPIs to reduce the spread of COVID-19 incidence. Methodologically
speaking, the method of this study maximized the use of multiple geographical and temporal data sources and detected
the most relevant county-level features correlated with COVID-19 growth rates, accounting for eight time points after
implementing specific NPIs.

Findings of the current study identified spatial and temporal trends of COVID-19 growth rates, shifting from the
concentration in the NYC area at the beginning of COVID-19 outbreak towards the mid-Hudson region around March,
followed by moving to the Central and Northeast region between April and May, and moving to the Western and
Northern areas between May and June. The changing hotspots could be a result of effective NPIs in controlling the
increase of COVID-19 incidence. In particular, following the closure of schools (March 15, 2020), all non-essential

businesses (March 20, 2020), parks (April 1, 2020), and subway services (April 20, 2020), large social gatherings were
limited, and social distancing of at least six feet was mandatory. Previous empirical studies in the UK [5], China [2], Italy

[39], and Brazil [40] indicated reducing physical contacts and increasing stringent social distancing as effective policies
to control the virus transmission, growth rates, and mortality. A recent systematic review and meta-analysis also

demonstrated lower transmission of viruses with one meter or more physical distancing (n=10 736, pooled adjusted odds

ratio 0.18 [0.09-0.38]) among 172 observational studies across 16 countries [41]. The geospatial shift towards the Center
and Western region of NYS in the later periods may be explained by the lower base rates of incidence at the beginning of

our assessments, slower policy reactions targeting their healthcare resources and socioeconomic disparities, and lower
fidelity of NPIs implementation [2, 42-44].

Mental health provider percentages were consistently and negatively related to the same-day and 14-day lagged

growth rates of COVID-19. The availability of mental health providers reflects the magnitude of healthcare resources at
county levels [45]. In particular, most mental health providers (e.g., psychologists) are partnered with primary care

practices [45, 46]. Previous studies suggested greater rates of physicians and mental health providers may serve as a

proxy for general quality of health care in a county (e.g., Westchester and NYC have more mental health providers than

others), and hence the better capacity to flatten the curve of incidence [47]. Besides, the surging cases among these
countries in the very early stage of the COVID-19 outbreak also triggered rapid policy responses that reduced the health
burden.

Economic and racial/ethnic disparities in the growth rates of COVID-19 incidence were documented. Contrary to a

prior finding using state-level Gini Index [48], the negative relationship between the Gini Index and COVID-19 growth
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rates at county levels revealed the need to investigate geographical variations in local resources. In particular, counties
with high income inequality (e.g., NYC and Westchester) also received intensive NPIs and had a good reaction to these

interventions, which were sufficient to bring the growth rate down and fulfilled the needs for medical devices, healthcare

workers, and stringent lockdown strategies [49]. This study adds value to the existing literature by examining the county-
level Gini index and providing information for policymakers to engage extra efforts to mitigate future COVID-19 on the
most financially vulnerable counties.

The growth rates of incidence during the eight selected time points were higher in counties with higher percentages of

Black (i.e., Westchester, NYC, Albany) and Latinx population (i.e., Westchester, NYC, Suffolk, Rockland). This is

consistent with earlier studies that racial/ethnic minorities are more vulnerable to the COVID-19 pandemic [47]. The
disproportionate impact of the COVID-19 epidemic on Black and Latinx populations has been structural factors
preventing them from adhering to the social distancing policy. Most of them make up “essential workers” or “front-line

workers,” including public transit employees, grocery workers, and custodial staff, increasing their likelihood of being
infected [50]. Besides the social and structural determinants of health, racisms, discrimination, economic and educational

disadvantages, health care access may also be the underlying cause of health disparities in COVID-19 [15]. For example,

racial minorities are also more likely to be part of residentially segregated communities where health care resources are

relatively inadequate [15]. The non-significant influences of Black and Latinx distribution after accounting for the 14-day
lagged time points may reflect the effectiveness of early NPIs in flattening the increasing incidence.
The greater incidence growth rate of COVID-19 among counties with greater percentages of housing occupied by

more than three residents is a unique result. While previous reports were stating the positive relationship between density

and transmission rates in general [4], we investigated the differences between occupied housing and rental housing,
which partially accounted for the social mobility after the COVID-19 outbreak. In particular, residents in occupied
housing may be less flexible and mobile than those living in rental units. Hence, with low social mobility, it is more
likely to result in greater speed of incidence after the first case tested positive in the household.

The positive influence of public transit service use on the COVID-19 growth rate after accounting for all the 16 time

points was consistent with a previous study using geolocated cell phone data in King County, Washington [51]. Changes
in travel behaviors using public transportation can partially explain the gap in SES between higher- versus lower-income
workers. In particular, NYC ranked the highest among the rates of workers who commuted using public transportation.
More than half of the essential workers in NYC are foreign-born, and most of them continued to have limited options for

other means of transportation while commuting to work, even after the social distancing mandate was issued. Public
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health leaders need to address the vulnerabilities in accessing safe public transportation, especially in counties with dense
populations and significant inequality.

The results further supported the fact that the impact of population density on COVID-19 incidence growth rate was

more complex [47]. Among high-density counties like NYC, an early burst of infection cases was associated with a high
level of NPIs that subsequently mitigate the epidemic. For example, the percentage of group quarters in the county has
positive effect on the COVID-19 growth rate but this effect is not statistically significant. The lack of significance may be

due to early policy reaction to enhance infection control measures in nursing homes in NYS, or the small variance in the

percentage of group quarters from county to county [52]. Hence, it is essential to use a data-driven approach to predict

future incidence growth to help policymakers making the right decisions in a timely way.

Public Health Implications

Targeting specific county-level factors and high-risk subpopulations with specific NPIs at different periods of COVID-
19 pandemic is key to effectively prevent future transmission while managing the economic downturn. This study
suggests that state policymakers shall invest more health resources in counties with low mental health providers, high
economic inequality, large percentages of Black and Latinx populations, more crowded occupied housing, and more
workers commuting to work by public transportation. Both short-term and long-term policies, locally and federally, are
needed to focus on tackling barriers to health care services and ensuring immediate, reliable, affordable, and acceptable
services to socioeconomically disadvantaged communities. Readily accessible testing, feasible work conditions, paid sick
leave for workers feeling unwell, stable employment, appropriate access to personal protective equipment, and inclusion
in clinical trials for vaccines and treatment in hospitals serving economically disadvantaged counties are critically in need
now. Specifically, to relieve the burdens of frequent public transportation use and minimize social interactions, the
government shall consider providing more diverse and social-distancing transportation options. For instance, in high-

infection cities such as Wuhan, China, private shuttles were available for essential workers for work-related
transportation [53]. To control infections during traveling in holiday seasons, strong government policies in closing

public transportation services were found effective in controlling the infection of COVID-19 in China [54]. To reduce the
potential danger of fast infection in crowded occupied housing, providing alternative and temporary housing for rental
purposes could be an optional NPIs to reduce the burden of COVID-19 incidence. Additional housing policies, such as

stopping enforcement of evictions due to COVID-19 related issues or freezing mortgage payments, were also found to

reduce the growth rates of COVID-19 infections [7, 30, 55]. For frontline healthcare professionals in China, all food was
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delivered in their own hotel rooms at work [54].

One unique contribution of the current study is highlighting the needs for public health policymakers and legislators to
address the structural and historical vulnerabilities associated with pre-existing socioeconomic and racial/ethnic
disparities. For example, legislative policies targeting healthcare coverage, racisms, and all forms of discrimination and
immigrant rights shall be considered while planning NPIs to address structural and historical health gaps. In addition,
innovative technologies, including remote telehealth service delivery, are encouraged to reduce the barriers of accessing
healthcare treatment and prevention services by geographic locations (e.g., urban versus rural contexts) and
sociodemographic characteristics (e.g., White residents versus racial/ethnic minorities). For example, previous studies

found online mental health services being used for the COVID-19 epidemic in China facilitated the development and
improved the effectiveness of public emergency NPIs [56]. Finally, it is important to use geographic-specific monitoring

systems and process evaluation to address the spatial and temporal trends of incidence when implementing NPIs [30].

Strengths and Limitations

There are several research values of the analytic methods of this study worth mentioning. First, while previous

machine learning predictive models in public health applications have been criticized for being a-theoretical and hard to

interpret results [57], this study associated sociological theory of the “place effects” [23] and included the examination of
compositional, contextual, and collective indicators of COVID-19 incidence over time. Findings also provide
opportunities for generating new insights into further policy and theory development.

Second, this study carefully calibrated COVID-19 incidence and testing rates by calculating the smoothed estimate of
5-day moving average growth rates. It is further advantageous by accounting for both same-day and 14-day-lagged

incidence rates, consistent with previous findings that the effects of introducing and lifting NPIs delayed by 1-3 weeks

[33]. Besides, since the total positive cases depend on the total number of testing conducted [58], this study further

controlled the 5-day moving average growth rates of the COVID-19 testing over time. Such adjustment is needed to

reflect demographic disparities in COVID-19 testing in the most vulnerable communities in New York [8, 59]. The
current study also advanced the previous methods by augmenting county-level indicators from multiple publicly
available and regularly collected administrative data, which not only allows for future replications with more extended
periods of examination but opportunities to understand various dimensions of neighborhood effects. Previous studies also

found that county-based covariates resulted in the best performing model (max R?= 0.90) than State-based and COVID-

based (max R*= 0.85) clustering strategies [58].
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Thirdly, this study considers both temporal and geographical variations in COVID-19 growth rates to address the
heterogeneity of the counties regarding socioeconomic characteristics, which is valuable and sheds light on one

importance of considering health inequalities. One previous study on machine learning-based predictions of the COVID-
19 outbreak in China also showed that modeling for geo-specific similarities could improve predictive performance [60].
Lastly, LASSO is advantageous to conduct variable selection effectively. As LASSO provides spare weights by driving
small weights to zero, this paper can find the strongest predictors of COVID-19 growth rates [61-64]. LASSO also shows
good performance to handle multicollinearity [62, 65] and gains better prediction accuracy because the penalization term

decreases the model's over-fitting [38, 63, 66]. LASSO adds an £1 regularization term to select only the most important
features to include in the model. This fits the aims of this study to identify policy, sociodemographic, and geographic
factors that are closely related to the growth rate of COVID-19 while not aiming at building predictive models. In
particular, the generalized mixed effect LASSO model outperformed other machine-learning methods (e.g., classification

trees or support vector regression) when dealing with the nature of study data (i.e., longitudinal, clustered in the county
level) [38]. This study further applied nested cross-validation to choose the LASSO penalty as recommended to improve

validation [38, 67]. The method has been widely used by studies with similar study objectives [68-70].

This study has limitations. First, COVID-19 incidence rates were calculated depending on the date of official issues of
key NPIs. While both same-day and post-14-day rates were accounted for, the actual effects of the exact policy may not
be accurately determined. Besides, the incidence rates may fluctuate between the announcement dates and actual

implementation dates. The final choices of the NPI dates were consistent with government and news reports, previous

studies [7, 30, 55, 71] and publicly available COVID-19 US state policy database [31]. Second, the NYS government
implemented multiple NPIs in a short timeframe to control the outbreak, while the selected time did not account for
compound NPIs. Additionally, the fact that some sociodemographic factors were not significantly associated with

incidence growth in the results may result from intensive NPIs in the early stage of the outbreak, which substantially

mitigated the growth rates [30]. Third, other county-level factors, such as the nature of specific employment (e.g., full-
time, part-time, self-employed) or business categories (e.g., retail, wholesale, restaurant) in the county, were not included
to avoid over-complicated models. Lastly, although this is the first study to have comprehensive and theory-based
county-level factors from multiple datasets (e.g., 2018 ACS, 2016 U.S. Health Data, and 2020 U.S. Religion Census),
some factors were collected before the onset of the COVID-19 pandemic. It is possible that these factors changed slightly

between the survey collection dates and the current status.
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Conclusion

The emergence of COVID-19 has caused evolving global public health and economic crisis. Without reliable and
effective pharmaceutical agents, leading public health, medical and political community rely on NPIs to reduce the
burden of rapidly increasing transmission. This study, based on the case of NYS — the epicenter of COVID-19 cases
worldwide, advanced the current knowledge of growth rates of COVID-19 after implementing NPIs by quantifying
temporal and spatial variations in response to NPIs across counties. The present study also uniquely identified county-
level factors associated with the average growth of COVID-19 incidence rates. Findings highlight the need to consider
structural and historical factors to tackle the epidemic with efficacy provides a valuable perspective, which is too often
forgotten in the medical literature. The current study further suggests the public health importance of tailoring NPIs

towards geographical characteristics to improve the effectiveness in reducing future outbreak.
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Table 1. Descriptive statistics of coronavirus disease (COVID-19) 5-day moving average growth rates of infection, county-level factors, and 5-day moving

average growth rates of testing in New York State based on the US Health Data through Social Explorer between March 7, 2020 and June 22, 2020.

Variables Q1 Q2 Q3 Q4 Q5 IQR

5-day moving average growth rates of infection
March 7 0 0 0 0 4 4
March 16 0 0 0 20 107.45 107.45
March 20 0 0 22.50 41.70 156.67 156.67
March 21 0 0 30 56.67 165.42 165.42
March 30 0 12.07 17.52 26.41 97.33 97.33
April 1 0 10.53 14.29 18.25 60 60
April 3 0 9.90 13.74 17.48 70 70
April 4 0 8.06 11.92 16.37 50 50
April 15 0 3.08 4.00 5.21 22.86 22.86
April 18 0 1.40 2.66 4.18 17.82 17.82
April 20 0 1.12 2.25 2.99 14.33 14.33
May 4 0 2.97 4.55 6.64 23.11 23.11
May 9 0 0.66 1.32 2.52 13.33 13.33
June 8 0 0.82 1.55 2.17 4.83 4.83
June 22 0 0.13 0.47 0.81 2.24 2.24

Compositional factors
Population density (%) 2.66 69.70 108.72 280.71 28110.10 28107.44
Male (%) 47.73 49.09 49.69 50.34 54.87 7.14
Age (%) 34.44 44.40 46.53 48.42 62.93 28.49
Black (%) 0.60 1.58 3.28 5.97 19.72 19.12
Asian (%) 0.02 0.71 1.10 2.87 12.18 12.16
Latino (%) 1.55 2.66 3.55 6.91 29.48 27.93
Single-mother family (%) 7.21 9.73 10.83 11.74 17.93 10.72
Group quarter (%) 1.12 2.12 4.14 6.52 13.32 12.20
Low education (%) 5.77 8.92 10.11 12.12 17.86 12.09
Unemployment (%) 3.50 4.79 5.71 6.41 8.03 4.53
Poverty (%) 5.42 10.69 13.48 15.66 23.99 18.57

https://preprints.jmir.org/preprint/22578

Xiao et d

[unpublished, peer-reviewed preprint]



JMIR Preprints

Public transportation to work (%)
Noncitizen (%)

Low working class (%)

No health insurance (%)

Residential alone (%)

Rental alone (%)

Residential same house within one year (%)
Rental same house within one year (%)

Contextual factors

Rental houses (%)

Gini index

Residential car access (%)

Rental car access (%)

Residential crowd (%)

Rental crowd (%)

Residential house size
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April 15
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May 4
May 9
June 8
June 22

0.06
0.02
0.02
0.02
0.00
0.02
0.01
0.01
0.02
0.02
0.02
0.01

0.27
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0.06
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0.03
0.02
0.02
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0.03
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0.03

0.47
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0.05
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0.20
0.08
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0.88
0.19
0.19
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0.20
0.06
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0.12
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Notes: Q1=Minimum; Q2=25" percentile; Q3=50" percentile; Q4=75" percentile; Q5=Maximum; IQR=Interquartile range.
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Table 2. Associations between county-level factors and 5-day moving average growth rates of coronavirus disease (COVID-19) infection rates on the same date
of eight selected NPIs and 14-day-lagged dates of NPIs in New York State based on the US Health Data through Social Explorer between March 7, 2020 and

June 22, 2020.

Same date of NPIs Same date and 14-day-lagged date of NPIs
95% CI 95% CI 95% CI 95% CI
Predictors B Lower Upper B Lower Upper
Compositional factors
Population density (%) -1.67 -4.40 1.06 -1.65 -4.43 1.14
Male (%) 0 NA NA -0.25 -1.30 0.81
Age (%) 0 NA NA 3.25 0.17 6.32
Black (%) 1.40™ 0.35 2.45 1.03 -0.25 2.30
Asian (%) 1.23 -0.40 2.86 -0.62 -2.81 1.57
Latino (%) 1.74 0.39 3.09 -0.30 -1.95 1.35
Single-mother family (%) 1.00 -0.17 2.17 0.06 -1.55 1.68
Group quarter (%) 0 NA NA 0 NA NA
Low education (%) 0 NA NA -0.60 -2.35 1.16
Unemployment (%) 0 NA NA 0 NA NA
Poverty (%) 0 NA NA 0 NA NA
Public transportation to work (%) -1.57" -2.85 -0.30 0.38 -1.37 2.12
Noncitizen (%) 1.17 -1.27 3.61 2.02 -1.22 5.26
Low working class (%) -0.81 -1.77 0.16 -0.46 -1.70 0.78
No health insurance (%) 0 NA NA -1.27 -2.87 0.34
Residential alone (%) 0 NA NA 3.31° 0.39 6.22
Rental alone (%) 0 NA NA -2.47" -4.83 -0.12
Residential same house within one year (%) 0 NA NA 0 NA NA
Rental same house within one year (%) -0.09 -3.10 2.92 -0.08 -0.43 0.26
Contextual factors
Rental houses (%) 0.34 -2.04 2.72 4.05 -1.01 9.10
Gini index -1.49" -2.83 -0.15 -0.75 -2.57 1.07
Residential car access (%) -1.81 -5.31 1.69 0 NA NA
Rental car access (%) 0 NA NA 0.84 -1.70 3.38
-1.56 -3.14 0.02 6.15" 2.15 10.14
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Rental crowd (%)
Residential house size
Rental house size
Primary care provider rate per 100,000 people
Mental health provide rate per 100,000 people
Limited access to doctor due to costs ($)
Fair or poor health (%)
Year of potential life lost

Collective factors
Religious adherents (%)
Violent crime rate per 100,000 people
Property crime rate per 100,000 people
Rurality (%)
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-0.35
0

0
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NA
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NA
-1.64
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NA
NA

-1.19
NA
NA

-0.13

NA
NA
NA
NA
-0.25
NA
NA
NA

0.48
NA
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0.39

-1.80™
0.98

0
-0.29
111"
0.09
-4.43
-0.18

-0.96
1.28
0.03

-0.22

-3.75
-1.40
NA
-1.46
-1.95
-2.70
-10.14
-1.80

-2.19
-1.19
-1.68
-1.03

0.14
3.36
NA
0.88
-0.28
2.87
1.28
1.45

0.27
3.74
1.74
0.60

Notes: Results from generalized linear mixed effect models with the LASSO penalty. NA=variables were not selected by generalized linear mixed effect model
with LASSO penalty; 95% CI=95% confidence interval. *: p<.05; **: p<.01. NPIs= Non-pharmaceutical interventions. Bolded texts indicate statistically

significant associations at p<.05.
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Figure 1. Geographic distribution of coronavirus disease (COVID-19) infection rates on the same date of eight selected NPIs and 14-day-lagged dates of NPIs in

New York State based on the US Health Data through Social Explorer between March 7, 2020 and June 22, 2020.
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Figure 2. Temporal distribution of coronavirus disease (COVID-19) infection rates on the same date of eight selected NPIs and 14-day-lagged dates of NPIs in

New York State based on the US Health Data through Social Explorer between March 7, 2020 and June 22, 2020.
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Figure 3 Predicted and original coronavirus disease (COVID-19) infection rates on the same date of eight selected NPIs and 14-day-lagged dates of NPIs in New
York State based on the US Health Data through Social Explorer between March 7, 2020 and June 22, 2020.
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Appendix 1 Dates and 14-day lagged dates of eight selected non-pharmaceutical interventions (NPIs) for controlling coronavirus disease (COVID-
19) infection rates in New York State and intervention types between March 7, 2020 and June 22, 2020.

Time Points Lag 14-day New York State Government Policy NPIs
March 7, 2020 g/(l)e;r(()jh 21, State of Emergency Declare cordons sanitaire
March 16, March 30, . . .

2020 2020 All school closed statewide traffic restriction
March 20, »/4132020  New York State on PAUSE social distancing
2020 home confinement

April 1, 2020
April 4, 2020
April 20, 2020
April 25, 2020
June 8, 2020

April 15, 2020
April 18, 2020
May 4, 2020
May 9, 2020
June 22, 2020

All parks in the city shut down

Chinese government donate ventilator; USNS ship arrival
Subway service temporarily suspended

Testing expanded

Phase I Reopening

traffic restriction

centralized quarantine

travel restriction

testing, treatment, universal survey
relaxing NPI

tracking news coverage and verifying news reports against government websites.
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Note. Dates of time
points were collected by

Xiao et d

[unpublished, peer-reviewed preprint]


http://www.tcpdf.org

	Table of Contents
	Original Manuscript

