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Abstract

Since the beginning of the coronavirus disease-2019 (COVID-19) pandemic in 2020, there
has been a tremendous accumulation of data capturing different statistics including the
number of tests, confirmed cases and deaths. This data wealth offers a great opportu-
nity for researchers to model the effect of certain variables on COVID-19 morbidity and
mortality and to get a better understanding of the disease at the epidemiological level.
However, in order to draw any reliable and unbiased estimate, models also need to take
into account other variables and metrics available from a plurality of official and unof-
ficial heterogenous resources. In this study, we introduce covid19census, an R package
that extracts from many different repositories and combines together COVID-19 metrics
and other demographic, environment- and health-related variables of the USA and Iltaly
at the county and regional levels, respectively. The package is equipped with a number
of user-friendly functions that dynamically extract the data over different timepoints and
contains a detailed description of the included variables. To demonstrate the utility of this
tool, we used it to extract and combine different county-level data from the USA, which
we subsequently used to model the effect of diabetes on COVID-19 mortality at the county
level, taking into account other variables that may influence such effects. In conclusion,
it was observed that the ‘covid19census’ package allows to easily extract area-level data
from both the USA and Italy using few functions. These comprehensive data can be used
to provide reliable estimates of the effect of certain variables on COVID-19 outcomes.
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Introduction

In the midst of the coronavirus disease-2019 (COVID-19)
pandemic, unraveling the constant flow of epidemiological
data is of paramount importance, not only to guide the
evaluation and implementation of non-pharmacological
interventions (NPIs) but also to optimize drug
development.

For this reason, during the pandemic, various private as
well as government institutions have been reporting tallies
of COVID-19 cases, deaths and hospitalizations aggregated
at the country, state or regional level (1-6). The Johns Hop-
kins University was among the first to combine COVID-19
metrics obtained from different sources and countries in
a centralized repository updated daily (3). The expansion
of repositories and databases also led to the development
of Application Programming Interfaces (APIs) that allow
COVID-19 data to be easily retrieved and analyzed (5, 7-9).

These public databases and APIs had a tremendous
impact on COVID-19 epidemiological research. For exam-
ple, in the early phases of the pandemic, analysis and
modeling of COVID-19 confirmed cases and deaths have
been employed to assess the effects of NPIs in China and
Europe (10, 11). More recently, the increased flow of
COVID-19 data and the integration of different sources of
information (seasonality of other coronaviruses and U.S.
clinical care) have allowed even more long-term predic-
tions of the feasibility and effectiveness of possible con-
tainment strategies (12). Similarly, early evidence of the
correlation between Bacille Calmette-Guerin vaccination
and COVID-19 outcomes spur several clinical investiga-
tions (13, 14). However, the implications and conclusions
of that initial observation were curtailed by subsequent
models that included more factors (15). Overall, these few
examples underscore the importance of providing public
access to ongoing COVID-19 metrics, which can be used
in multivariable analyses to draw reliable estimates.

To this end, we developed ‘covid19census’, an R pack-
age that not only allows retrieving COVID-19 metrics
(aggregated at the county/regional level) from different
repositories and databases but also presents the novel fea-
ture of combining them with demographic, health- and
environment-related information. By providing tools to
rapidly access and combine heterogenous datasets, the
package aims at facilitating multivariable analysis and
modeling of COVID-19 data by the scientific community.
Specific effort was made to provide a detailed documenta-
tion for each of the variables returned by the functions and
to list external sources and methodology of their collection
with the objective of promoting appropriate analyses.

At the current stage, the package allows to retrieve
data of the USA and Italy (at the county and regional

levels) since both countries had a dramatic spread of severe
acute respiratory syndrome coronavirus 2 infection and
were among the first to make county- and regional-level
COVID-19 metrics available. However, the package has the
potential to be expanded in future versions with aggregated
or individual-level data from other countries.

Algorithm and sources

A family of ‘get’ functions is employed by the R package to
dynamically extract up-to-date time-series data from differ-
ent online sources and combine them to return a data frame
of integrated data (Figure 1).

For the USA, the prefix of the functions to extract the
data is ‘getus’, and it is followed by the specific metric of
interest:

e ‘getus_covid’: extracts data of COVID-19 from the New
York Times GitHub (using argument repo = ‘nyt’) repos-
itory or from the John Hopkins University GitHub
repository (using argument repo = ‘hu’) (https:/
github.com/CSSEGISandData).

e ‘getus_dex’: extracts data of DEX, an activity index
calculated by Victor Couture and collaborators using
smartphone movement data provided by PlacelQ
(https://github.com/COVIDExposurelndices/ COVIDEx
posurelndices).

e ‘getus_tests extract info regarding number of per-
formed COVID-19 tests and their results and hospi-
talization from the repository of the COVID Tracking
Project (at the state level) (https://covidtracking.com/
api%7D).

e ‘getus_all’: executes all the above functions and joins
the results with other datasets statically contained in the
package and returns a data frame with 326 variables.

Data regarding the household composition, popula-
tion sex, race, age and poverty levels (2018) were
retrieved from the American Community Survey (https:/
data.census.gov/cedsci/table?q=United %20States). Medi-
cal conditions, influenza and pneumococcal vaccination
coverage, tobacco use, cancer and data relative to the
number of medical and emergency visits (2018) of Medi-
care beneficiaries (i.e. people of age 65 years or older)
were obtained from the Mapping Medicare Disparities tool
(https://data.cms.gov/mapping-medicare-disparities).

The number of hospital beds per county (2020) was
calculated from data of the Homeland Infrastructure Foun-
dation (https://hifld-geoplatform.opendata.arcgis.com/data
sets/hospitals/data?page=18). Emissions of particulate
matter 2.5 (PM2.5) (2016) were reported by the Atmo-
spheric Composition Analysis Group (http:/fizz.phys.dal.
ca/~atmos/martin/?page_id=140#V4.NA.02.MAPLE).
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Figure 1. Data sources of the ‘covid19census’ package. Top: repositories for U.S.-related county data. Bottom: sources for Italian data aggregated at
the regional level. Note that COVID-19 U.S. and Italian metrics are retrieved dynamically from repositories that are updated daily.

For Italy, the prefix of the function is ‘getit’ followed by
either ‘covid’ or ‘all’.

e ‘getit_covid’: extracts data of COVID-19 cases, deaths,
hospitalizations and tests from the Protezione Civile
(https://github.com/pcm-dpc/COVID-19).

e ‘getit_all’: executes the above function, joins the results
with other datasets statically contained in the package
and returns a data frame with 64 variables.

Age and sex of the population (2019), first aid and
medical guard visits (2018), smoking status (2018), preva-
lence of chronic conditions (2018), annual household
income (2017), household crowding index (2018) and
body mass index were collected from ISTAT (http:/
dati.istat.it/?lang=en). The prevalence of types of can-
cer patients (2016), influenza vaccination coverage (2019)
and the number of hospital beds per 1000 people
(2017) were obtained from the Ministero della Salute
(http://www.dati.salute.gov.it). Data of PM2.5 (2017)
were obtained from the Istituto Superiore per la Pro-
tezione Ambientale (https:/annuario.isprambiente.it/pon/
basic/14).

The package documentation reports and describes each
variable (column names) and lists all relative data sources.
Because of the large number of variables and in order to
facilitate exploration of the documentation, it was deemed

more practical to create separate functions with separate
documentation for each country.

Static U.S. and Italy datasets can be accessed directly
using ‘data()’. The country that data refer to is specified
in the first two letters of the object name. For example,
‘us_dem’ contains demographic information (sex and age)
of U.S. counties, whereas ‘it_dem’ of regions of Italy.

The package is currently available on GitHub (https://
github.com/c1au6i0/covid19census). The following code
launches the functions and assigns the returned data frames
to different names:

library(covidil9census)

dat us <- getus_all(repo = “jhu” )

## US COVID-19 data up to 2021-01-03
successfully retrieved from JHU repository!
## US mobility data up to 2020-12-24
successfully retrieved!

## US test data up to 2021-01-03

successfully retrieved

dat it <- getit _all()
## Italy COVID-19 data up to 2021-01-04 17:00:00

successfully retrieved!

unlist(lapply(list(dat_it, dat us), class))

[1] “data.frame” “data.frame”
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Table 1. Information regarding the data frames returned by
the functions

getus_all getit_all
Number of 324 64
columns/variables
Number of 3244 21
counties/regions
Number of sources 7 4
Date of the 21 January 2020 24 February 2020

first reported
COVID-19 case

Information of the data frames generated by the two
functions are reported in Table 1.

For each function, Table 1 shows the number of columns
or variables; the number of unique regions (Italy) and coun-
ties (USA); the number of unique data sources and the
earliest date of COVID-19 metric. Note that some of the
U.S. variables are at the state level (e.g. tests).

Example of use

Data exploration and modeling can be conveniently per-
formed on a single data frame that contains COVID-19
data together with many other metrics retrieved from mul-
tiple sources. Here, we provide an example of how the data
retrieved by ‘covid19census’ can be used to estimate the
effect of certain variables on the COVID-19 outcome using
robust statistical methods. Since type 1 and type 2 diabetes
have been reported as significant risk factors for COVID-
19-related mortality (16, 17), the package was employed
to evaluate the association between diabetes prevalence
and COVID-19 mortality rate, at the U.S. county level,
controlling for demographic and health-related potential
confounders.

Updated data of COVID-19 deaths, cases and tests as
well as other demographic indices were retrieved using the
function ‘getus_all’. A total of 102 variables thought to
be associated with the exposure (diabetes prevalence) and
outcome (COVID-19 mortality rate) or the outcome alone
were selected to be included in the model as potential con-
founders. Some of those variables were originally expressed
as absolute number of individuals (in each county) and
thus were divided by county population to provide nor-
malized and comparable values. Moreover, one more vari-
able, the number of days since the first reported case, was
calculated.

A generalized propensity score (PS) approach was
employed for assessing the potential association between
county-level diabetes prevalence in people older than
65 years and COVID-19 mortality, while controlling for

the effects on mortality of other variables [the con-
founders; see the study by Austin (18) for a review on
the topic]. In particular, in the current study, the PS rep-
resents the conditional probability of the prevalence of
diabetes, given the variables selected, which can poten-
tially affect the mortality by themselves. The PS was
calculated by regressing the logit of diabetes prevalence
on the potential confounders [PS=logit(diabetes preva-
lence) ~ variable1 + variable2 +...] (19). Subsequently, the
estimated PS was used to divide the dataset into five equal-
sized strata. Stratification allows to evaluate the potential
effect of diabetes prevalence on COVID-19 mortality in
counties with a similar distribution of covariates and has
been shown to reduce the model bias in observational stud-
ies [see the study by Austin (18)]. In each stratum, we
fit a quasi-Poisson linear model using diabetes prevalence
in the elderly as the exposure and COVID-19 mortality
rate as the outcome, with the estimated PS and indicators
of U.S. states as covariates. The county’s total popula-
tion was used as an offset to account for the population
size  [estimate = mortality ~ diabetes + PS + state + offset
(population)].

To quantify the change in mortality associated with
increments of 10% in diabetes prevalence, we calculated
mortality risk ratios (MRRs) by dividing the coefficient of
the model by 10 and exponentiating it (20). Finally, an
average of the MRR weighted by the number of obser-
vations in each stratum was calculated together with the
corresponding confidence intervals (Cls). The analysis was
repeated using data up to different dates or end points to
assess the stability of the estimated effect and its variation
with the accumulation of new observations.

All scripts and codes used to pre-process and analyze the
data are available at https://github.com/marchionnilab/
covid19census_analysis.

As of 14 December 2021, after controlling for relevant
demographic, health-related and environmental potential
confounders, county-level prevalence of diabetes in the
elderly was found to be positively associated with COVID-
19 mortality. In particular, increments of 10% in dia-
betes prevalence were estimated to be associated with a
14.3% (95% CI: 5.2-24.1%) increase in COVID-19 mor-
tality. The effect of diabetes prevalence on COVID-19
county mortality remained stable over the last 2 months,
indicating that, at this stage, the accumulation of new
data is unlikely to strongly affect the results of the model
(Figure 2).

The current example illustrates the use of the package
not only to investigate potential factors associated with
COVID-19 metrics but also to monitor possible time or
seasonal-related changes in that association.
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Figure 2. MRRs associated with an increment of 10% in county-level prevalence of diabetes and relative Cls. The weighted MRR was calculated at
different end points and by including counties with at least one confirmed case.

Conclusions

The R package ‘covid19census’ extracts and integrates epi-
demiological COVID-19 data from Italy and the USA at
the regional and county levels, respectively, together with
several other demographic and health-related indices. Cur-
rently, the data frames returned by the main functions
(‘getus_all’ and ‘getit_all’) consist of 324 variables per
3244 U.S. counties and 64 variables per 21 Italian regions
(19 regions and 2 autonomous provinces), respectively.
By combining data from different sources, the package
is aimed at promoting and simplifying the analysis and
modeling of COVID-19 data by the scientific community.

Funding

National Institutes of Health (NIH)-National Cancer Institute (NCI)
grant [P30CA006973 to L.M.].

Conflict of interest. The authors declare no competing interests.

References

1. CDC. (2020) COVID Data Tracker. https://covid.cdc.gov/
covid-data-tracker (2 April 2021, date last accessed).

2. The New York Times. (2021) Coronavirus (Covid-19) data in
the United States. The New York Times.

3. Dong,E., Du,H. and Gardner,L. (2020) An interactive web-
based dashboard to track COVID-19 in real time. Lancet
Infect. Dis., 20, 533-534.

4. The COVID Tracking Project. https://covidtracking.com/
(2 April 2021, date last accessed).

5. Guidotti,E. and Ardia,D. (2020) COVID-19 data hub. J. Open
Source Softw., 5,2376.

6. Presidenza del Consiglio dei Ministri and Protezione Civile.
(2021) COVID-19 Italian Dashboard. Presidenza del
Consiglio dei Ministri - Dipartimento della Protezione Civile.
https://opendatadpc.maps.arcgis.com/apps/dashboards/b0c68
bee2cce478eaac82fe38d4138b1 (5 May 2021, date last
accessed).

7. Krispin,R. (2020) covid19italy: the 2019 novel coronavirus
COVID-19 (2019-nCoV) Italy dataset. https://CRAN.R-
project.org/package=covid19italy/ (5 May 2021, date last
accessed).

8. Krispin,R. and Byrnes,]. (2021) coronavirus: the 2019
novel coronavirus COVID-19 (2019-nCoV) dataset. https:/
/CRAN.R-project.org/package=coronavirus (5 May 2021,
date last accessed).

9. Byrnes,]. (2021) covid19nytimes: pulls the Covid-19 data
from the New York Times public data source. https:/
CRAN.R-project.org/package=covid19nytimes (5 May 2021,
date last accessed).

10. Flaxman,S., Mishra,S., Gandy,A. et al. (2020) Estimating the
effects of non-pharmaceutical interventions on COVID-19 in
Europe. Nature, 584, 257-261.

11. Prem,K., Liu,Y., Russell,T.W. et al. (2020) The effect of control
strategies to reduce social mixing on outcomes of the COVID-
19 epidemic in Wuhan, China: a modelling study. Lancet
Public Health, 5, e261-e270.

12. Kissler,S.M., Tedijanto,C., Goldstein,E. et al. (2020) Project-
ing the transmission dynamics of SARS-CoV-2 through the
postpandemic period. Science, 368, 860-868.

13. Miller,A., Reandelar,M.]., Fasciglione,K. et al. (2020) Corre-
lation between universal BCG vaccination policy and reduced

%20z Re|\ 61 uoisenb Aq €/ 19/29//z0deeq/eseqelep/ee0L 01/10p/a01e/oseqerep/wod dno-olwspede//:sdiy Wolj papeojumo(


https://covid.cdc.gov/covid-data-tracker
https://covid.cdc.gov/covid-data-tracker
https://covidtracking.com/
https://opendatadpc.maps.arcgis.com/apps/dashboards/b0c68bce2cce478eaac82fe38d4138b1
https://opendatadpc.maps.arcgis.com/apps/dashboards/b0c68bce2cce478eaac82fe38d4138b1
https://CRAN.R-project.org/package=covid19italy/
https://CRAN.R-project.org/package=covid19italy/
https://CRAN.R-project.org/package=coronavirus
https://CRAN.R-project.org/package=coronavirus
https://CRAN.R-project.org/package=covid19nytimes
https://CRAN.R-project.org/package=covid19nytimes

Page 6 of 6

Database, Vol. 2021, Article ID baab027

14.

15.

16.

morbidity and mortality for COVID-19: an epidemiological
study. medRxiv. 03.24.20042937.

Shet,A., RayD., Malavige,N. et al. (2020) Differential
COVID-19-attributable mortality and BCG vaccine use in
countries. medRxiv. 04.01.20049478.

Fukui,M., Kawaguchi,K. and Matsuura,H. (2020) Does TB
vaccination reduce COVID-19 infection? No evidence from a
regression discontinuity analysis. medRxiv. 04.13.20064287.
Barron,E., Bakhai,C., KarP. et al. (2020) Associations of
type 1 and type 2 diabetes with COVID-19-related mortality
in England: a whole-population study. Lancet Diabetes
Endocrinol., 8, 813-822.

17.

18.

19.

20.

Williamson,E.]., Walker,A.]., Bhaskaran,K. et al. (2020) Fac-
tors associated with COVID-19-related death using Open-
SAFELY. Nature, 584, 430-436.

Austin,P.C. (2011) An introduction to propensity score meth-
ods for reducing the effects of confounding in observational
studies. Multivar. Behav. Res., 46, 399-424.

Rosenbaum,P.R. and Rubin,D.B. (1983) The central role of
the propensity score in observational studies for causal effects.
Biometrika, 70, 41-55.

Kahn,H.A. and Sempos,H.A. (1989) Statistical Methods in
Epidemiology. Vol. 6, Oxford University Press, New York,
p- 153.

%20z Re|\ 61 uoisenb Aq €/ 19/29//z0deeq/eseqelep/ee0L 01/10p/a01e/oseqerep/wod dno-olwspede//:sdiy Wolj papeojumo(



	covid19census: U.S. and Italy COVID-19 metrics and other epidemiological data
	Introduction
	Algorithm and sources
	Example of use

	Conclusions
	Funding
	References


