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ABSTRACT
In this demo, we focus on analyzing COVID-19 related symptoms
across the globe reported through tweets by building an interactive
spatio-temporal visualization tool, i.e., COVID19α . Using around
462 million tweets collected over a span of six months, COVID19α
provides three different types of visualization tools: 1) Spatial Visu-
alization with a focus on visualizing COVID-19 symptoms across
different geographic locations; 2) Temporal Visualization with a
focus on visualizing the evolution of COVID-19 symptoms over
time for a particular geographic location; and 3) Spatio-Temporal
Visualization with a focus on combining both spatial and temporal
analysis to provide comparative visualizations between two (or
more) symptoms across time and space. We believe that health pro-
fessionals, scientists, and policymakers will be able to leverage this
interactive tool to devise better and targeted health intervention
policies. Our developed interactive visualization tool is publicly
available at https://bijoy-sust.github.io/Covid19/.

CCS CONCEPTS
• Human-centered computing→ Geographic visualization.
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1 INTRODUCTION
COVID-19 virus has created a widespread sense of uncertainty,
stigma, anxiety, and insecurity across the globe [10]. As a conse-
quence, people are constantly seeking and posting updates about
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the pandemic on social media like Twitter, Facebook etc, creating
piles of user-generated contents [11]. Researchers have proposed
data visualization techniques for modeling the spread and predic-
tion of the COVID-19 virus, analyzing the demographic data, and
enhancing awareness about the pandemic [2–4, 12]. In contrast
to the existing approaches, we focus on building an interactive
spatio-temporal visualization tool to help epidemiologists and poli-
cymakers to better monitor COVID-19 symptoms across the globe
reported through tweets.

In this demo, we focus on analyzing COVID-19 related symptoms
across the globe reported through tweets by building an interactive
spatio-temporal visualization tool, i.e., COVID19α . For the dataset
of this demonstration, we collected around 462 million tweets be-
tween March 19, 2020, and September 15, 2020. COVID19α consists
of three main visualization components as follows:
(1) Spatial Visualization: This component focuses on visualizing

COVID-19 symptoms across different geographic locations in
an interactive fashion. COVID19α provides two types of spa-
tial visualizations: 1) Comparative WordCloud Visualization
between two geographic locations, and 2) Multi-level granular-
ity based spatial distribution of COVID-19 symptoms through
an interactive map interface. For more details, see section 2.1.

(2) Temporal Visualization: This component presents the inter-
active time-series visualization of COVID-19 symptoms for a
particular geographic location. COVID19α provides users with
options to create visualizations for a particular subset of symp-
toms depending on their interests allowing them to see those
symptoms’ evolution patterns over time (refer to section 2.2).

(3) Spatio-Temporal Visualization: The third and last compo-
nent of COVID19α allows users to generate visualizations, ac-
cording to their choice and preference, to observe the change
in symptoms’ mentions across time and space jointly. Specif-
ically, we provide two types of comparative visualizations in
this case: 1) Given two geographic locations, we create dynamic
visualizations for the temporal evolution of different symptoms;
and 2) Given two well-known COVID-19 symptoms, we cre-
ate dynamic visualizations to demonstrate their severity across
different geographic locations (More details in section 2.3).

The primary goal of these visualizations is to to help epidemiol-
ogists and policymakers to better monitor and analyze COVID-19
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related symptoms through interactive visualizations. The paper
also includes some interesting insights from our experiments.

2 DEMO
Data-Set: To create the dataset, we used the data-set introduced
by [9], a publicly available data-set comprising more than 462 mil-
lion tweet IDs. For those tweet ID’s, we fetched the text of tweets
using Twarc [6], Hydrator [5] and Twitter Developer API1 for the
duration of Mar 19,2020 to Sep 15, 2020.
Data Preprocessing:For our demo, we focused only on the tweet
attributes ‘text’, ‘created_at’ (time and date of post), ‘user_location’
(set by user), ‘coordinates’ (only appears in the geotagged tweets).
We applied standard data cleaning and preprocessing techniques
for processing the JSON data corpus. We cleaned the tweet text by
removing all types of smileies, emojis, mentions, reserved words,
and URLs. Furthermore, we used the tweets-preprocessor [14] mod-
ule for this task as Twitter users tend to use some abbreviations that
are not used in regular languages, such as ‘lol’, ‘lmao’, ‘btw’, ‘ty’.
We replaced a number of those abbreviations with proper words
for a more accurate analysis.

Because only 0.04% of the collected tweets contained precise
coordinates, we used the user-provided ‘used_location’ attributes,
and the GeoPy API [8] to extract coordinates, full address, and
country name for each tweet with valid ‘user_location’. Further-
more, for symptom tagging, we used the symptom list provided
by [13] containing 45 symptoms mentioned in the tweets posted
by COVID-19 affected people. We consider a symptom mentioned
in a tweet if the tweet contains any of its associated phrases. We
used one-hot encoding to tag the tweets with those 45 symptoms.
2.1 Visualizing Symptoms Across Space

Figure 1: Comparative Word-Cloud Visualization of Symp-
toms between United States and India

2.1.1 Twitter Word Cloud. Our first spatial visualization com-
pares the most frequent symptoms for any two given countries,
chosen by the user. For this purpose, we considered all the tweets
from March 19th to September 15th. After removing stop-words,
we calculated the frequency of each symptom words in all tweets.
Furthermore, using the most advanced amCharts [1] charting li-
brary, COVID19α visualization tool creates the interactive word
cloud side by side allowing a user to observe the differences. Figure
1 shows two juxtapositioned word clouds for two countries selected
by a user. Both word clouds consist of the top 45 symptoms based on
1https://developer.twitter.com/en/products/twitter-api

their frequencies observed in the tweets. We observed that the word
clouds become a little bit different for different countries worldwide.
We also noticed that anxiety is the most frequent symptom among
all countries. Although most countries have anxiety, fatigue, and
pyrexia as the highest frequent symptoms, we found cough as the
most frequent symptom in Zimbabwe.

Figure 2: Clustered Symptom Map: Symptom-wise Tweet
Frequency across Different Geographic Locations

2.1.2 Clustered SymptomMap. Figure 2 shows our second spa-
tial visualization—clustered symptom map. Folium [7], along with
the markercluster plugin, was used to produce this map. It shows
the frequency distribution of COVID-19 symptom-related tweets
around the world. Tweets mentioning one of the top thirteen differ-
ent symptoms and precise user locations are included in this map.
We selected the top 13 symptoms in order to keep the user’s cog-
nitive load manageable. Furthermore, this map provides dynamic
clustered representations of ‘symptom-tweets’ (tweets with at least
one symptom) on different zoom levels. The clusters are divided
into multiple sub-clusters or merged into a bigger cluster upon
zooming in or out. This functionality enables the user to observe
the distribution of symptom tweets on various locations at different
granularity selected by the user, e.g., continent level, sub-continent
level, country-level, or even the exact location of the tweet.
2.2 Visualizing Symptoms over Time
2.2.1 Dynamic Temporal Simulation. The temporal visualiza-
tion uses the week-level aggregated data, to dynamically visual-
ize the symptom frequencies hinged on a symptom list provided
by [13]. With this visualization, the user can understand the evo-
lution of worldwide popular symptoms over time. For example,
anxiety, pyrexia, fatigue, cough, body pain, irritability, and sneez-
ing are the most discussed symptoms on Twitter over the period of
the collected data-set. In addition, we found that symptoms such as
body pain, pyrexia, fatigue became widespread later in June (Refer
to Figure 3a), while anxiety and sneezing became widespread in
September (Refer to Figure 3b). Users are also able to observe the
dynamic changes in symptom frequencies over time.

2.2.2 Time-series Map. Our second kind of temporal visualiza-
tion shows country-level time-series analysis of tweets. Along with
the change of the virus’s strain, its effect or symptoms are also
changing. We intend to capture this transfiguration of COVID-19
symptoms in a particular country through this visualization (Figure
4). Each location marker on the maps denotes a single country,
island, or sea location. Information about country-level aggregated
tweets are visualized in this map. The user can hover over the
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(a) In June (b) In September
Figure 3: Dynamic Temporal Simulation

marker to find the total number of tweets posted about COVID-
19 in that specific location. Upon clicking on a marker, a popup
appears depicting the detailed time-series.

Figure 4: Time-series Map to Visualize Symptom Evolution.
We also provide two more similar time-series visualization maps

with slightly different types of data. First, time-series map for
only ‘symptom-related’ tweets instead of all COVID-19 related
tweets, which shows how the number of COVID-19 symptom-
related tweets varies over time. Second, a more customizable time-
series map, where a user can select a set of symptoms from a drop-
down menu to create a custom time-series of user’s choice. It ren-
ders a clear idea about the fatality or dominance of a particular set
of symptom over any time-span for a specific country.
2.3 Visualizing Evolution of Symptoms across

Time and Space jointly

Figure 5: Visualization of Spatio-Temporal Evolution be-
tween Two Symptoms

This visualization focuses on the evolution of symptoms over
time and space jointly. We created 2 types of visualizations for this
purpose. 1) Given two symptoms of user’s choice, the system will
generate a juxtapositioned view of how these ‘symptom-related’
tweet counts changed over time and across geographic locations
simultaneously, through dynamic bar charts (Refer to Figure 5).
2) A similar visualization like Figure 5, however, now with two
geographic locations, selected by the user from a drop down menu,
showing dynamic changes in symptoms over time between the two
selected locations.
3 DISCUSSIONS AND CONCLUSION
We built an interactive demo tool to visualize the spatio-temporal
evolution of COVID-19 related symptoms through self-reported and
user-generated tweets. COVID19α can help epidemiologists and

policy makers quickly perform interesting comparative analysis
through spatio-temporal visualization of symptom related tweets.
For example, our visualization tool reveals that symptoms like anx-
iety, fatigue, pyrexia, cough, and body pain are common among
different parts of the world. However, a few symptoms like irritabil-
ity and sneezing are more prominent in the American subcontinent
(e.g., United States, Brazil). In contrast, chest pain is more promi-
nent in the Indian subcontinent (e.g., India, Pakistan). Additionally,
although tweets on anxiety were continuously dominant in the
beginning, it interchanged position with other symptoms many
times in July and afterward. Beginning September 2020, we see an
upward trend of sneezing, cough, and sore throat related symptom-
tweets. Some of these even took place in the top five symptoms list
many times. Other symptoms worth mentioning are body pain and
irritability with a lot of fluctuations over time and space.
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