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Abstract—Air travel is an important factor to spread of the
coronavirus from more infected regions to those with limited or
no prior infections. The importance of learning about where and
how coronavirus has entered the United States will help further
our understanding of the disease.Air travelers can come from
countries or areas with a high rate of infection and may very
well be at risk of being exposed to the virus. Therefore, as they
reach the United States, the virus could easily spread. In our
analysis, we intend to use Machine learning and NLP models
based on CDC data to determine if the number of flights into or
out of the Washington DC metro area may have impacted the
number of coronavirus deaths reported in those counties.

Index Terms—NLP, Data, Social Media, Pandemic

I. INTRODUCTION

According to CDC [1] , the first coronavirus case in the
US has been identified in Washington state, and that was
due to air travel from Wuhan, China. The most common
way Covid-19 can spread is by human interaction, through
respiratory droplets such as talking, coughing, sneezing, and
more. Air travelers can come from countries or areas with
a high rate of infection and may very well be at risk of
being exposed to the virus. Therefore, as they reach the United
States, the virus could easily spread. In our analysis, we intend
to use the OpenSky dataset records and combine it with CDC
data to determine if the number of flights into or out of the
Washington DC metro area may have impacted the number of
coronavirus deaths reported in those counties and the region
surrounding the respective airports in question. Other analyses
have concluded that coronavirus can travel via flight and there
is an inverse relationship between distance to an airport and
how many coronavirus cases result from travel into the region.
We suspect that the District of Columbia will show different
results as a significant portion of business and political activity
in the region is focused on the US federal government.COVID-
19 misinformation detection method can be used to clean data
for this research [2].

In the next sections of this paper, we make the following
contributions. First, we summarize the datasets that have been
utilized in this study. Second, we provide an overview of
the related work in relation to this study. Third, we discuss
the methodology for the analysis of this project. Finally, we
present our primary findings followed by a project timeline
for the future work.

TABLE I
OPENSKY ATTRIBUTES

Variable Name Description Type
Callsign the identifier of the flight String
Registration the aircraft tail number String

Origin the origin flight airport
represented with four letters. String

Destination the destination flight airport,
represented with four letters. String

Firstseen UTC timestamp of the first message
received by the OpenSky Network. String

Lastseen UTC timestamp of the last message
received by the OpenSky Network. String

II. DATASETS

In this paper, we will utilize two dataset sources. The flight
dataset is obtained from OpenSky, showing the air traffic
during the coronavirus pandemic. Table I summarizes the
OpenSky attributes [3]. The coronavirus dataset is obtained
from the New York Times and shows the number of cases
and death in the United States. Table II summarizes the New
York Times [4].

For our analysis, the specific data we intend to use is as
follows. From the OpenSky data: the destination (filtering for
Baltimore International Airport, Dulles International Airport,
and Reagan National Airport), and Last seen as that will give
us an indication of the date the flight was occurring. From the
New York times dataset, we intend to use the date, state, and
county to filter down to the specific counties surrounding each
of the airports mentioned earlier, and the area surrounding
Washington DC itself. We further intend to use the cases
and deaths to calculate the number of new cases and deaths
occurring each day.

III. RELATED WORK

The rapid spread of coronavirus cases across the world
motivates us to discover the number of flights effect on
coronavirus deaths rate. As in almost every country, the first
infection cases of coronavirus were brought by travelers. While
travel restrictions have been applied in many countries, they
had a modest effect on limiting the spread of coronavirus
cases . These restrictions were effective in only delaying the
transmission of coronavirus . Emotion and sentiment analysis



TABLE II
NEW YORK TIMES ATTRIBUTES

Variable Name Description Type

Date the date of the reported
Covid-19 cases and deaths. Date

State the name of the state. String
County the name of the county. String
Fips standard geographic identifier. Number

Cases the total number of cases
of Covid-19. Number

Deaths the total number of deaths
from Covid-19. Number

of COVID data provides more insight about people situation
in the pandemic [5]–[11].

In order to minimize the transmissions of coronavirus
during the flights, a temperature screening was implemented
at several airports. However, it was an ineffective method as
approximately 45% of people would be detected by airports
body screening and lower result in younger people [8]. Khanh
et al. [12] study shows that thermal imaging scans have their
limitation at determining if someone certainly has coronavirus.
Moreover, lack of self-disclosure of coronavirus symptoms
before and after boarding leads to an increase in the spread of
the COVID-19 [12].For the international air traffic and routes,
data was derived from Chinese international air traffic from
the Official Aviation Guide (OAG) and COVID-19 data from
WHO [13].

Additionally, previous studies reported that coronavirus
could be transmitted before symptoms appear [14], [15]. As
people can be infected with coronavirus disease and show no
symptoms, or the symptoms appear after a period of several
days. Overall, Khanh et al. [12], Bae et al. [14], and Choi
et al. [15] concluded that coronavirus could be transmitted
on aircraft and consequently increase the infection risk.The
study compared the ratio between the international imported
cases and the internal cases on May 2020 and September 2020
in different countries [16].COVID-19 data in social media
platforms can be analysed with machine learning models [17]–
[33].

A case study was applied in China to calculate the risk
index of COVID-19 imported cases from inbound international
flights [34]. Through this study, Zhang et al. [34] used global
COVID-19 data and international flight data from UMETRIP,
and they found that the risk index increases significantly
when there are active flights associated with highly infected
countries. A research on the effect of the United States local
flights on COVID-19 cases indicates a high correlation, i.e.,
0.8 between travelers and population and COVID-19 cases at
the onset of the pandemic [1].

However, a study conducted and published in 2020 by
Desmet and Wacziarg [35] used a cross-sectional regression
model to analyze the relationship between COVID-19 cases
and deaths and the distance to the closest airport with direct
flights from the top five affected countries and found a negative
correlation. Throughout this study, Desmet and Wacziarg [35]]
used the collected Covid-19 cases data from the New York

Times and the international flights from the Bureau of Trans-
portation Statistics. A retrospective case series was conducted
by Yang et al. [36]. It was clinical data collected from ten
patients with no symptom history before the flight. Yang et
al. [36] found that coronavirus disease can be transmitted
through airplanes and the way how transmitted was unknown.
Similarly, a medical evaluation was conducted by Hoehl et
al. [37] on twenty-four passengers from an international flight
from Israel to Germany. Seven passengers were tested positive
for coronavirus (SARS-CoV-2). Hoehl et al. [37] concluded
that coronavirus transmission in an airplane depends on other
elements such as passenger’s movement, contact, etc. at the
same time, wearing a mask during the flight could reduce
the transition rate. On the other hand, a study by Schwartz
et al. [38] stated that Coronavirus disease 2019 transmission
was absent base on patients who traveled an international
flight with one stop from China (Wuhan) to Canada (Toronto).
Although several passengers developed some symptoms after
the flight but tested negative from COVID-19.

A mathematical modelling study was conducted to see
whether the spread of COVID-19 was related to international
cases imported. The study compared the ratio between the
international imported cases and the internal cases on May
2020 and September 2020 in different countries [16]. Since
each country has its own regulation implemented on the
restriction, the results found at international cased imported
made larger impact on May 2020 than September 2020. In
fact, imported cases effect the internal spread in May 2020
was reduced compared to September 2020. However, the data
collected for this study was from OpenSky data found the
impact of international imported cases to internal spread is
still little with 10% or less. [16]

Another study was conducted to investigate the association
between air traffic volume and the spread of COVID-19.
This study was conducted using the publicly available of
domestic air traffic and passenger data from 2013 to 2018
through CAAC (Civil Aviation Administration of China).
This data was used to predict the data for 2019. For the
international air traffic and routes, data was derived from Chi-
nese international air traffic from the Official Aviation Guide
(OAG) and COVID-19 data from WHO [13]. They had found
the continuous measurements using mean ± standard error,
statistical significance using t-test, and correlation analysis
using linear regression. The analysis indicated a strong direct
correlation between domestic covid cases and the number
within China itself. The international air traffic analysis also
showed a strong correlation with the cases as it depends
on air traffic network [13]. Moreover, a study based on a
cross-country regression analysis approach was contacted to
find the correlation between coronavirus deaths and cases and
global tourism [2], [39]. The COVID-19 cases and deaths
data for this study was collected from the European Centre
for Disease Prevention and Control while the international
tourism data was obtained from the World Bank. [39] found a
positive association between coronavirus cases and deaths and
international tourism.



IV. METHODOLOGY

The first step in this project was cleaning the datasets.
Specifically, the Open Sky data, being crowd sourced, included
errors such as duplicate entries or null origin and destination
values among other things. We further cut out the irrelevant
data from the OpenSky dataset (that being the time period
from 2019 until the start of the pandemic) as that information
is irrelevant to our analysis. At this stage in the process, the
coronavirus data was also filtered to only include the relevant
region. Specifically, all cities and municipalities between the
airports being studied and Washington, DC itself (including
the counties containing each airport).

Our proposed method will involve marking all major air-
ports in the United States and their immediately adjacent
counties. We will then run a count on all flights arriving at each
airport across the United States aggregated by week. Current
CDC data suggests that the time from infection to onset of
symptoms is 4 – 5 days [40] and research published in the
Journal of Medical Virology indicates death from coronavirus
has a median of 14.5 days after initial exposure [41]. As a
result, based on this information, we intend to pair our flight
data with coronavirus cases and deaths from one week and
three weeks post the date of the flights. This should allow us to
run several initial tests, including (assuming linear correlation)
a Pearson Correlation Coefficient to determine if a correlation
exists between number of flights and number of coronavirus
deaths.

We can further take this data and produce scatterplots to
visualize any correlation and determine other factors like
spread and variance. Depending on the results of this anal-
ysis and visualization, we will then use machine learning in
R and MATLAB to experiment with appropriate regression
methods and attempt to produce a model that can determine
(with a degree of confidence) the likely number of additional
coronavirus deaths that may result from the ongoing flights
into a given airport. Control counties with 0 flights will be
added to the model as well, chosen at random, which do not
contain airports and are not adjacent to counties with airports.

To allow for public review and availability of our data and
ongoing progress, we will be posting the progress of our
project online [42].

Additionally, at this stage we began looking at the increases
in cases and deaths per day for each region. Below we can see
visually the cases and deaths reported in Washington DC itself
for the time period of March 2020 through March of 2021 (see
figure 2). Noting that our flight data ends on January 1st of
2021, there are still several clear peaks that can be looked at
(at least in this data set) to determine if the number of flights
into the DC region have an effect on the resulting cases/deaths.

To accomplish this initial look at how closely correlated
flights are with deaths and cases per day, we ran some prelim-
inary analysis and attempted to create scatterplots around our
initial concept for the Washington DC area. That is to say that
we compared flights with the number of cases reported a week
later when we anticipated those would be detected or otherwise

Fig. 1. Flights per day in DC Metro area

Fig. 2. Washington DC Cases and Death per day

reported to the appropriate health agencies. When looking at
this data we found unexpectedly that there was very limited
negative correlation. Running Pearson’s correlation coefficient
against the two values yielded a result of -0.29 where the more
flights reported the fewer cases were reported 7 days later. This
can be roughly seen in the scatterplot of these two values with
a slight negative trend (see figure ??). Note however that the
large accumulation of points near the right end of the graph
at 1000 flights per day reflects early flight data towards the
beginning of the pandemic and may need to be considered
differently as the coronavirus had not yet spread as thoroughly
throughout the nation at the time.

A similar attempt was made at analyzing the relationship
between flights and deaths reported 21 days later. This showed
a slightly more pronounced negative correlation of -0.31 and
a similarly more pronounced trend in the visible scatterplot of



Fig. 3. DC Flights and Cases Reported 7 Days Later

Fig. 4. DC Flights and Death Reported 21 Days Later

these values (see figure 4). Note that the same limitation of
the cases applies, where the cluster of dots at the right side of
the graph reflects data from early on in the pandemic before
the coronavirus was as widespread.

As our team had initially hypothesized that there would
be a clear positive correlation between these values, it’s clear
that these unanticipated results may require further review to
ensure that our existing methodology is correct, particularly in
light of the literature review that we previously conducted. It
is however possible that our methodology is correct and that
the negative correlation is due to other factors, such as local
lockdowns and policy which we also have yet to conclusively
determine. Additionally, as noted before there is still data in
our current analysis and visualizations reflecting the period
early in the pandemic where the results of flight into the region
may reflect differently on resulting cases than it would later

TABLE III
PROJECT TIMELINE

# Task Date Status
1 Project ideas 2/7/2021 X
2 Data collection 2/7/2021 X
3 Project proposal 2/14/2021 X
4 Data cleaning 2/25/2021 X
5 Milestone#1 3/14/2021 X
6 Data analysis 3/20/2021 X
7 Milestone#2 3/22/2021 X
8 Data Visualization 4/14/2021
9 Project Presentation 4/19/2021

when the virus is more common.

V. PROJECT TIMELINE

Although this project has given a better understanding for
our initial question, there are many other tools and techniques
that can be done to improve this analysis. We began with
one idea and took it forward to collecting the data, cleaning
and analyzing it so far. In the future we plan to add more
data visualization that support our conclusions. As this is a
semester long project, our time was very limited but in future
research can be done on this topic to validate and improve
the results. Also, as this project is done very close to the time
COVID-19 has begun, our data could have been limited as
well. Moving forward, there might be more data availability
which provides for more detailed analysis.

VI. INITIAL CONCLUSION

At this stage in the project, we’ve noted a few points of
consideration that must be addressed in the final analysis.
First and foremost, as our flight data includes pre-pandemic
information, we may need to consider a better starting point
(perhaps from the first case or first death reported) depending
on further review to make sure that our data is actually
reflective of how the virus has spread into the region after the
pandemic started. Additionally, it initially seems that there is
very little correlation between flights and either cases or deaths
visible (or the correlation is very limited). This may be due to a
number of factors, though we currently speculate that we might
need a better way of aggregating the total cases and deaths
reported to ensure that we properly capture any cases resulting
from the flight (for example, perhaps an average of the 7 days
following the flight). In either case, having completed early
analysis we are now aware of several possible flaws in our
initial approach and will be working to mitigate them to ensure
an accurate and useful analysis for the final report.
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