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Abstract—On March 11, 2020, the World Health Organization
declared the outbreak of novel coronavirus 2019 (COVID-19), the
disease caused by SARS-CoV2, a global pandemic. At present,
the most effective tools for combating the virus are aggressive
diagnostic testing and non-pharmaceutical interventions (NPIs),
such as social distancing. In the United States, the availability
of tests continues to fall short of what’s required to identify
hot-spots and predict the spread of the disease, a fact that is
exacerbated by the prevalence of asymptomatic cases which are
nevertheless vectors for transmission. As such, despite many
states relaxing or removing NPIs, epidemiologists and public
health experts warn that, absent a vaccine, the potential for
resurgence is ever-present. Data driven approaches may inform
local regions’ implementation or safe rollback of NPIs which,
although an effective tool for saving lives in a pandemic, have
adverse effects on individuals’ economic and mental wellbeing.
This report relates to two efforts toward this end: a county-
level dataset with machine readable features and a clustering
method to augment epidemiological modeling, with interactive
visualizations. Here, we outline the project member’s role in
the former, which also relied on exhaustive efforts of the listed
collaborators, and present the latter, member-only task.

This report is in part based on published work by the
listed authors, detailing the county-level dataset, available
at arxiv.org/pdf/2004.00756.pdf. The dataset has been made
public at github.com/JieYingWu/COVID-19 US County-
level Summaries, and the clustering visualizations at
github.com/benjamindkilleen/covid19-county-descriptors-
dashboard.

I. TECHNICAL SUMMARY

A. Background

The ongoing outbreak of COVID-19 has wreaked havoc
on nearly every facet of life in United States, with ongoing
outbreaks in every state across the country as shown in
Fig. 1. In the absence of a vaccine or sophisticated contact
tracing, our best weapon against the virus continues to be non-
pharmaceutical interventions, e.g. bans on public gatherings

or stay-at-home orders. Schools and universities across the
country have closed their main campuses, with some programs
shuttered altogether as remote learning poses too great a
challenge for students and teachers alike [1]. Non-essential
commerce and entertainment venues have halted in-person ser-
vice or closed indefinitely, and the unemployment rate in April
skyrocketed to 14.7%, compared to 4.4% in March and 3.5%
in February [2]. Yet these measures are necessary to protect
vulnerable individuals in the community, such as the elderly or
immune-compromised, to whom the virus appears particularly
dangerous—although it must be noted that COVID-19 poses
significant risk to otherwise healthy individuals as well. Safely
and responsibly managing these interventions to limit their
harmful effects while still protecting the public is of the utmost
importance.

B. Problem

Epidemiological modeling, or predicting the spread of dis-
ease, is a powerful tool for anticipating outbreaks. However,
many of these modeling approaches, such as the popular
“susceptible, infected, and recovered” (SIR) model, rely on
accurate measurements for the number of ongoing cases [3].
In the United States (and other countries), the lack of available
testing has cast doubt on the accuracy of official models, and
even the official death count may be severely underestimated,
based on comparison with previous years [4], [5]. Data-driven
approaches may augment epidemiological models, using in-
formation such as local demographics, health care capacity,
and economic productivity to supplement direct observations
of the disease. Toward this end, we have collected a county-
level dataset detailed in [6] and leveraged that data to better
inform NPI implementation decisions at the county level.
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Fig. 1. Confirmed cases of COVID-19 per 10,000 individuals in the United States. For interpretability, the colorscale attains its maximum at the 90th percentile.

Fig. 2. An unsupervised embedding of United States counties based on
statistics including unemployment, median household income, number of
intensive care unit (ICU) beds, and age and gender demographics. Each dot
corresponds to a county for which the chosen features are readily available,
with adjacent representations colored by cluster. Colors are reused. For
instance, King County, WA (shown) is in the same cluster as Los Angeles
County, CA; San Diego County, CA; and Prince George’s County, MD, which
borders Washington, D.C.. ,

C. Approach

1) Dataset: We describe our dataset in brief, referring to [6]
for a complete description. Table I provides a description of the
type and availability of the dataset, taken directly from [6]. The
chief aim of the dataset is to provide machine-readable features

aggregating disparate data sources, including federal agencies,
news publications, and private companies. This is to facilitate
further research based on county descriptors and response to
the virus, such as NPIs. The data is publicly available on
GitHub with associated documentations and column descrip-
tions also in a machine-readable format. Since this dataset was
an exhaustive effort among multiple collaborators (listed with
*)

2) Embedding and Clustering: We leverage our county-
level dataset to inform the county-level response to COVID-19
by embedding and clustering similar counties. By identifying
counties which, because they share relevant demographic or
economic properties, may also share epidemiological proper-
ties, one could infer how the virus’ spread may be affected
by implementing or removing NPIs. This can be done qual-
itatively using visualizations, as in Fig. 3 and as provided
by our COVID-19 county-level embedding dashboard, or it
can be done quantitatively, as discussed in II-C, by training
epidemiological models based on these clusters.

For the clustering shown in Fig. 2, we use a UMAP embed-
ding [63] to reduce raw-data representations of U.S. counties
to two dimensions, allowing for easy visualization. The UMAP
(Uniform Manifold Approximation and Projection) embedding
encodes the high-dimensional manifold of data points in a
low-dimensional vector space by preserving the cross-entropy
between the two representations [63]. For a more complete
review of the UMAP algorithm, we refer to [63].

For Fig. 2, we used the following features from our dataset:

Some college or associate’s degree 2014-18
POVALL_2018
Unemployed_2018
Median_Household_Income_2018
Housing units



Data Type Source Availability
COVID-19 Infections COVID-19 Related Deaths Time-series [7] —
2020 Date of COVID-19 Interventions, e.g. stay-at-home order [8]–[46] —
March, 2020 Out-of-home Activity Time-series SafeGraph [47] —
2018 Population Estimates Census [48] 97-100%
2014-2018 Educational Attainment Census [49] 100%
2018 Estimated Poverty Level USDA [50] 97%
2018 Employment and Income USDA [51] 99%
2019 Precipitation and Temperature NOAA [52] 86% (37.8% imputed)
2010 Housing and Density Census [53] 99%
2018 Age Group Demographics Census [54] 97%
2018 Household Demographics Census [54] 25%
2018 Ethnic Group Demographics Census [55] 97%
2019 Healthcare Capacity: Physicians, NPs, PAs AAMC, KFF [56]–[58] 86-97%
2019 Healthcare Capacity: ICU Beds KFF [59], [60] 92-97%
2019 Public Transit Scores CNT [61] 95%
2016 Crime Rates DOJ [62] 97%

TABLE I
DATA SOURCE DESCRIPTIONS AND PERCENTAGE OF COUNTIES INCLUDED FOR STATIC DATA

Male_age0to17
Female_age0to17
Male_age18to64
Female_age18to64
Male_age65plus
Female_age65plus
Density per square mile of land area

- Housing units
ICU Beds
crime_rate_per_100000
transit_scores - population weighted

averages aggregated from town/city
level to county

where certain features have been normalized by population
as appropriate. Additionally, features have been scaled to zero
mean and unit variance to prevent over-fitting on columns with
large numerical values.

Finally, we obtain 650 clusters using hierarchical agglomer-
ative clustering [64]. The choice of 650 clusters is somewhat
arbitrary and was made to keep cluster sizes small enough to
be meaningful while still large enough for effective epidemi-
ological models. Fig. 2 shows these clusters by color (with
repetition).

D. Results

We present here a visualization dashboard for comparing
the rate of COVID-19 transmission among counties in the
same cluster. The dashboard, which can be run from source
at present and will be hosted publicly in the future, allows
a user to visualize which counties are contained in each
cluster on a county map. Fig. 3 shows the dashboard’s primary
analysis tool, which displays the cumulative number of cases
in each county for the selected cluster, with dates for particular
interventions shown. The user can select different interventions
to show as well as whether to view confirmed cases or deaths,
and switch between accumulated total or per-capita rate. Addi-
tionally, the user can align each plot by date or by the number
of days since 50 confirmed cases, which allows for more direct

comparison between counties. In this manner, the user can
interpret the effect of interventions on counties which may
have behaved similarly otherwise. Finally, a visualization of
the smoothed rate of transmission, as a derivative of confirmed
cases, provides more direct visualization of the effect of NPIs,
although it should be noted that any innacuracies in testing are
amplified in the first derivative, resulting in a noisy plot for
most counties.

E. Significance

Since its publication on GitHub and Kaggle, our county-
level dataset has experienced significant engagement from the
community. On Kaggle, the dataset has been downloaded over
600 times at the time of this writing, winning the COVID-19
Dataset Award ($1000). On GitHub, it has been downloaded
by over 11,000 users. Our paper describing the dataset, [6], has
been cited 3 times as of this writing, indicating its usefulness
to the community. We hope that it will continue to inform data-
driven approaches for combating the COVID-19 pandemic.

Additionally, we hope that our interactive dashboard for
visualizing COVID-19 spread in county clusters will serve to
underline the importance of NPIs even as many states move to
reopen public spaces and businesses. Although these measures
have serious adverse effects, it is essential to move forward
in a responsible, fact-based manner with lives as the foremost
concern.

II. MANAGEMENT SUMMARY

A. Responsibilities

It is important, since this project relied on many more indi-
viduals than the one receiving credit in Computer Integrated
Surgery, to differentiate those efforts which are particular to
him. First, in relation to the county-level dataset, these are:

• Determined a sensible organization strategy for coalesc-
ing data from disparate sources in order to facilitate
machine-readability.

• Implemented this strategy in Python code and document-
ing its usage.



Fig. 3. The number (top) and growth rate (bottom) of confirmed cases for counties in the same cluster as King County, WA, per 10,000. For comparability,
each timeseries is aligned by the date of the first 50 cases. Here, the implementation dates for interventions banning large gatherings (more than 500 people)
are present.

• Implemented example notebooks to facilitate easy en-
gagement with the dataset.

• Produced visualizations for the data.
• First-authored an Arxiv preprint detailing the dataset.
Second, the clustering effort, associated visualizations, and

analysis tools are the primary effort of the project member,
but frequent feedback from listed collaborators and the project
mentor has been essential to their development. Additionally,
these efforts are informed by ongoing epidemiological mod-
eling, for which they will be used.

B. Deliverables
Table II lists our minimum, expected, and maximum deliver-

ables for this project, as laid out in the beginning. With regard
to the county-level dataset, we met all our deliverables. The
deliverables not meant pertain to advanced epidemiological
modeling, to which this project’s contribution is the county-
level clustering and visualization. That work is still in progress,
as a large collaboration, and will be submitted in the coming
weeks for peer review.

C. Future Work
Future work focuses on leveraging county-level data and

the associated clusters for advanced epidemiological modeling.

This is in the hopes of informing regions which have either
not experienced sufficient spread to model the disease or are
interested in learning how rolling back NPIs might affect the
transmission rate.

D. Lessons Learned (Personal Reflection)

Throughout this project, I have had to set aside what prior
experience may have prepared me for, i.e. computer vision,
for the sake of fulfilling a pressing need in the midst of
an emergency. I have had to coordinate with many collab-
orators remotely, maintaining a sense of urgency while not
succumbing to the overwhelming nature of this pandemic.
I have had to adapt, as this project took over my initial
project for the semester: “Improved Generalization for Pelvis
X-ray Landmark Detection,” and I have corresponded with
other researchers, developing my networking skills in that
area. Overall, it has been an invaluable experience, with the
foremost lesson being the value of contributing, even in a small
way, to so great an endeavor as combatting the pandemic.

III. TECHNICAL APPENDICES

See the repositories listed in the abstract for code, data, and
publication.



Type Deliverable Status

Minimum

Dataset Structured county-level dataset including COVID-19 cases, out-of-home activity, and healthcare capacity. Done
Implementation Inline-documented formatting tools using Python, available on GitHub. Done

Analysis Exponential model illustrating rapid spread. Done
Publication Medium article describing the dataset in a general overview. Done

Expected

Dataset Constantly-maintained and up-to-date county-level data available on GitHub and Kaggle. Done
Implementation Well-documented example scripts for using the dataset, including visualizations of county-level time series. Done

Analysis Detailed epidemiological Models Ongoing
Publication Arxiv dataset paper providing a detailed description of the dataset. Done

Maximum

Dataset Constantly-maintained and up-to-date county-level data available on GitHub and Kaggle. Done
Implementation Advanced epidemiological modeling, based on county clustering. Ongoing

Analysis Advanced modeling and interactive visualizations for web page. Done
Publication Publicly available web page highlighting results and further modeling analyses publications, next two weeks. Ongoing

TABLE II
PROJECT DELIVERABLES
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