Visual Analysis of Multi-scale Trends of COVID-19
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ABSTRACT

The fast spread of the coronavirus disease 2019 (COVID-19) sig-
nificantly impacts people’s lives in all regions. Timely identifying
the regional trend of COVID-19 pandemics is crucial for both local
disease prevention and policymaking. However, due to the large
volume of continuously generated COVID-19 data, it is challeng-
ing to capture and explore specific regions’ trends. To address this
challenge, we proposed new indicators to describe both the current
status and trend. Moreover, we designed a trend chart for showing
our proposed indicators and developed a visual analytic dashboard
to track and analyze the regional COVID-19 pandemics. Based on
our dashboard, we validated and identified some geographical and
temporal patterns in the COVID-19 data.

Index Terms: Human-centered computing— Visualization—Visu-
alization techniques; Human-centered computing— Visualization—
Visualization systems and tools

1 INTRODUCTION

The fast spread of the coronavirus disease 2019 (COVID-19), caused
by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
led to a worldwide pandemic affecting lives of millions of people
[2,20]. To facilitate the COVID-19 data analysis, many visual
dashboards have been developed to help the public and researches to
understand the situation and analyze the trends, such as CDC COVID
Data Tracker [3] and New York Times Coronavirus Map [16].

However, as the rapid evolution of the COVID-19 pandemic, the
needs for data analysis are continually changing over time. Exist-
ing dashboards are inadequate for more complex analytical needs.
One of the critical needs is to capture the regional trends of the
COVID-19 outbreak in the continuously updated data, which poses
many challenges for researchers and administrators while deliver-
ing data-driven solutions and decision making. Basic charts and
maps have limited ability to fully reflect the changes in multiple
aspects. Moreover, as the regional differences in the COVID-19
pandemic increase and the factors affecting infections continue to
change (e.g., executive orders, physical distancing, personal pro-
tection, etc.), there is a need for exploring and comparing how the
COVID-19 outbreak evolves in different regions.

Therefore, to address these challenges, we propose to use visual
analytic methods to explore the regional trends in this COVID-19
context, which include designing new chart to visualize the change
and developing a visual analytic system. Moreover, we conducted
case studies on the real dataset to explore both the geographical and
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temporal patterns of the COVID-19 for validating our design. The
major contributions of this paper are as follows:

¢ Three new indicators for capturing the short-term and long-
term trends of regional pandemics;

* A novel trend chart design for showing the trends of regional
pandemics based on our proposed new indicators;

¢ An interactive visual dashboard which integrates our trend
chart and data pipeline to explore the multi-scale trends in the
COVID-19 data.

This paper is structured as follows: Section 2 summarize related
work of COVID-19 indicators and visual dashboards. Section 3
analyzes the tasks and design requirements. Section 4 presents the
new indicators. Seciton 5 introduces the system architecture of our
visual dashboard. Section 6 demonstrates the visual design of each
view. Section 7 illustrates the pattern we validated with our system.
Section 8 discusses the comments from users. Section 9 conclues
our work and provides insights into future work.

2 RELATED WORK

Since the beginning of the COVID-19 pandemic, there has been a
rapid growth in the relevant literature, some of which is related to
the overall trends and visualization of the pandemic. In this section,
we first review the literature related to indicators and trend analysis
on COVID-19 pandemics. Next, we review the literature related to
COVID-19 dashboards and visualizations. Finally, we summarize
these works and compare them with our work.

2.1 COVID-19 indicators and trend analysis

Similar to the analysis of other infectious diseases, to measure the
spread of the COVID-19 epidemic, some fundamental indicators
were used at the beginning of the pandemic, such as the cumulative
number of confirmed cases, the cumulative number of deaths, the
cumulative number of recovered, active cases, etc [6-8]. As the
epidemic intensifies further around the world, more indicators are
becoming known to the public, such as incidence rate, case fatality
rate, positive test rate, etc [23,25]. Based on these indicators, a vari-
ety of studies can be conducted, such as trend analysis [6], predictive
modeling [19], policymaking [33], syndromic surveillance [12], etc.

Dey et al. [6] analyzed outbreak information on COVID-19 based
on the several open datasets to understand the number of different
cases reported in different regions and risks. Marvel et al. [18] pro-
posed a pandemic vulnerability index (PVI) to support counties and
municipalities by integrating baseline data on relevant community
vulnerabilities with dynamic data on local infection rates and inter-
ventions. synthesizes county-level vulnerability indicators, enabling
their comparison in regional, state, and nationwide contexts. In ad-
dition, reproduction number (Rt) is also widely used in studies [13],
which describes how many people one person infects on a given day
and estimates how many secondary infections are likely to occur
from a single infection in a specific area.



2.2 COVID-19 dashboards and visual analysis

To facilitate data exploration and keep the public informed, a large
number of dashboards or visualization tools are developed and exten-
sively used during the COVID-19 pandemic to help the public under-
stand the pandemics, such as World Health Organization COVID-19
Dashboard [21], CDC COVID Data Tracker [3], Johns Hopkins
COVID-19 dashboard [5], COVID-19 HealthMap [4], USAFacts
coronavirus map [28], New York Times Coronavirus Map [16], Rt
COVID-19 [25], etc.

In the academic field, there are also many studies on visual anal-
ysis of the COVID-19 data. Dong et al. [8] developed an online
interactive dashboard to visualize and track reported cases of the
COVID-19 in real-time. This dashboard also shared the datasets
of the location and number of confirmed COVID-19 cases, deaths,
and recoveries for all affected countries. Wissel et al. [30] created
an online resource platform to inform the public of coronavirus dis-
ease 2019 outbreak in regions of multiple levels, including countries
around the world as well as states in the United States. Bowe et
al. [1] discussed the application of various visualization techniques
in the analysis of COVID-19 pandemics and suggested that the cre-
ation of meaningful COVID-19 visualizations needs to consider the
scales and dimensions of the pandemic. Yang et al. [32] developed
a COVID-19 tracking and visualization platform that pinpoints the
dynamics of the COVID-19 worldwide to show and compare the
trends of COVID-19 at multi-grained levels. Ronquillo et al. [24]
proposed applying biomedical informatics and data visualization
tools to several public datasets to predict, manage and balance public
health needs through all stages of the COVID-19 pandemic. Yang,
Ang and Wang [31] designed various graphs to show the path of
transmission of the virus between different patients in relation to
time. Ulahannan et al [27] developed an open dashboard based on
local data sources to help people in the region stay up to date on the
local status of the COVID-19 pandemic.

In addition, there are some studies focusing on applying visual
analysis to other aspects related to the COVID-19. The Nextstrain
team [9, 11] proposed using novel visualization approach to show
the spread and evolution of viral pathogens by integrating sequence
data with other data types such as geographic information, serology,
or host species. Thorlund et al. [26] created a dashboard of collect-
ing all clinical trials related to the COVID-19 to help clinicians to
assesse the efficacy and safety of clinical candidate interventions to
treat COVID-19. Dicxit et al. [7] proposed to apply a situation aware-
ness model and user-centered design approach to rapidly develop
dashboard visualizations to support COVID-19 telehealth operations
for different types of users.

Most of the existing dashboards focus on showing the multi-level
geographical distribution and the current status of the COVID-19
pandemic, which provide the public and researchers with current
situation of the pandemics and guidance. However, these dashboards
supports only a pre-define set of indicators and limited analysis of
historical data, it’s hard to get more insights into the trend and
patterns. Compared to existing works, we expanded new analytical
indicators and designed novel trend chart to show the overall trend
of regional COVID-19 pandemics, which are integrated in our visual
analytic system.

3 TASK ANALYSIS AND DESIGN REQUIREMENTS

Due to the rapid evolution of the COVID-19 pandemic in regions
and countries, the needs for data analysis are continually changing
over time. In December 2019 when infections were reported, the
needs for relevant data came mainly for research purposes, such
as decision making [14], rapid case identification [19], and clinical
care [2]. Since February 2020, the pandemic spread globally, and the
number of confirmed cases grew exponentially. More agencies and
organizations are becoming concerned about the pandemic and the
overall trend. As of September 15 2020, more than 29 million cases

Figure 1: The prototype systems, including (a) the first prototype
system showing the county-level distribution of the confirmed cases;
(b) the second prototype system showing more indicators of a specific
region; and (c) the third prototype system showing more regions for
comparison.

have been reported across 188 countries and territories, resulting in
more than 910,000 deaths [21]. As the pandemic spreads deeper into
smaller regions, the public and researchers became more concerned
about the potential trends of the COVID-19 spreading in their local
communities.

To address this evolving needs, we collaborated with domain
experts from our clinic and gathered user feedbacks to improve
the design. During this process, we developed several prototype
systems to meet the evolving needs at different times. As shown
in Fig. 1, we designed and developed three prototype systems to
validate the needs. These prototype systems were able to reflect
different perspectives on the need for data analysis at the time and
further helped us to understand the development of the pandemic
and guided our design direction. Moreover, we built a data pipeline
to automate data collection, cleansing, computation, and format
conversion, which serves as a backend for each prototype system
and our production.

3.1 Task analysis

In late February 2020, we began to focus on the spread of the
pandemic in the United States and the policy response in each region.



Since the total number of cases was relatively small at the time, the
only indicators we focused on were the total number of confirmed
cases and the number of new cases per day in the United States. As
shown in Fig. 1(a), we combined choropleth map and line charts to
show the overall spread of COVID-19 in the United States.

Since the COVID-19 pandemic spreads further across the United
States in April, counties are experiencing confirmed cases, and in
some regions, the number of cases is snowballing. As a result,
researchers need to get a complete picture of the outbreak status,
such as the positive test rate, survival rates, and death rates in specific
regions (e.g., several counties, several states). Therefore, in addition
to the choropleth map, we combined multiple chart views to present
the changes in multiple metrics for a given area over time (Fig. 1(b)).

As the outbreak of COVID-19 intensified further at the end of
June, both the total number of confirmed cases and the number of
daily confirmed cases increased to unprecedented levels. Moreover,
due to various factors, the differences between regions were sig-
nificantly increased (e.g., the number of confirmed cases may vary
more than tenfold between states). In order to visually compare the
pandemics in different regions, we designed several corresponding
views, in which each view presenting the same indicator for multiple
regions (Fig. 1(c)).

With the validation of these prototype systems and several rounds
of communications with our domain experts, we concluded three
core task requirements in these evolving needs:

e T.1 What is the geographic distribution of the COVID-19
pandemic? The spread of a pandemic is a gradual process
that spreads in multiple ways across a region, with specific
regions as the context for analyzing pandemic data. Therefore,
visualizing a pandemic’s geographic distribution is essential to
support the study of pandemic transmission pathways, popula-
tion prediction, and policymaking. This task is also confirmed
during the development of our prototype systems shown in
Fig. 1.

* T.2 How does the regional COVID-19 pandemic change
over time? The pandemic’s actual situation and the results
presented by the prototype system reveal that the spread of the
pandemic has shown specific trends over time. These trends
not only reflect the state of the pandemic but may also re-
flect the role of local pandemic-related factors (e.g., pandemic
prevention policies, special events, etc.). Presenting changes
in pandemic indicators over time not only helps to monitor
the pandemic status and trends in the region but also helps to
analyze the potential factors influencing the pandemic.

* T.3 What is the difference between COVID-19 outbreaks
in different regions? The state of the COVID-19 pandemic
in different regions is influenced by a variety of factors such
as the natural environment, social demographics, and local
policies of regions. These factors make the pandemic state of
different regions diverse. Even though some regions may have
similar pandemic states at present, they may have different
trends and influences.

3.2 Design requirements

Based on these three tasks described above and the experience gained
in developing those prototype systems, we identified the following
design requirements and applied them in our development:

* R.1 Multi-scale exploration of regional COVID-19 pan-
demic state. The pandemic is spreading globally, from country
to country, state to state, and city to city. As a result, the data
generated by this process is naturally geographically hierarchi-
cal (T.1 and T.3). To explore such hierarchical data, we need to
design multi-scale maps to visualize the data at various levels
and help users analyze the data at different levels.

* R.2 Exploration of temporal trends of regional COVID-19
pandemic state. The status of the COVID-19 pandemic is
continuously changing and influenced by various factors (T.2).
Our system should visualize these changes to help users under-
stand how pandemics spread and analyze potential influencing
factors.

* R.3 Exploration among different regions. Users need to
compare different regions’ pandemic status to explore potential
influences and spread patterns (T.3). Our system needs to
visualize these differences to help users compare pandemics in
different regions.

¢ R.4 Interactive exploration. Long-term pandemic data con-
tain multiple-level geographic information inter-correlated
with each other by their geographic relations (T.1 and T.3).
Our system should provide an interactive interface to check
the pandemic states between regions and periods.

4 DATA ABSTRACTION

As the COVID-19 pandemic spreads, COVID-19-related data are
generated continuously. In order to present and analyze a complete
picture of the COVID-19 pandemic in each region, we search for
relevant data sources and collecting data constantly during the devel-
opment of prototype systems. At present, there are four data sources
used in our system to support visual analysis:

e The USAFacts: Coronavirus in the United States [28], which
provides county-level data of confirmed cases, deaths and
population;

e CDC COVID Data Trakcer: Pandemic Vulnerability Index [18],
which provides county-level PVI data and other demographic
information;

e The COVID-19 Tracking Project [10], which provides the num-
bers on tests and hospitalizations from US states and territories;

» Johns Hopkins Coronavirus Resource Center [30], which pro-
vides globe-level COVID-19 information;

These data sources update COVID-19 data daily at different times
of the day. To make full use of these data sources and reduce
repetitive manual works, we built a data pipeline to automate data
updates and perform basic data analysis. As shown in Fig. 2(a),
the pipeline consists of three major steps: check for data updates,
data pre-processing, and calculation of indicators. First, the data
watcher module automatically detects updates of the data source
at specified intervals and downloads the latest data if it has been
updated. Then, in the data pre-processing module, the data files
from different sources are combined by their geographic identifier
(i.e., Federal Information Processing Standards), and fixed to resolve
data issues such as value missing and duplication. Last, we combine
several Python packages to calculate metrics which reflect the current
situation of COVID-19 in different regions. The analysis results of
this pipeline will be stored as JavaScript Object Notation (JSON)
files, which can be used for both our COVID-19 tracking dashboard
(source code at https://github.com/OHNLP/covid19tracking) and
our COVID-19 map for the public.

4.1 Indicators

In addition to directly collected metrics from data sources, such as
the cumulative number of confirmed cases, daily cases, and deaths,
we further calculate some indicators that show the COVID-19 status,
such as N-day smoothed mortality rate and N-day smoothed positive
test rate.



Moreover, we propose three new indicators to capture short-term
and long-term trends of COVID-19: case doubling time (CDT), 7-
day smoothed average case rate per 100k capita (Cr7d100k), and the
Cr7d100k ratio. These indicators provide a better way to compare
the COVID-19 situation between counties, states, and countries.

4.1.1 Case doubling time

This indicator measures the number of days taken for the number of
coronavirus cases to double. The CDT values are calculated based
on today’s data compared to four days ago to provide a more reliable
estimation. The CDT of a given day d is calculated as follows:

log(2)
lUg(Nd + 0~5)/Nd—4

In the above equation, N, is the cumulative number of confirmed
cases until day d, and 0.5 is added to avoid the computational error
caused by Ny = Ny_4.

4.1.2 Cr7d100k

This indicator measures the increase in new cases in the last seven
days and reflects the short-term trend of COVID-19. The Cr7d100k
values are calculated based on the daily new cases for the last seven
days, which reduces the impact of the frequency of data updates.
The Cr7d100k, of a given day d is calculated as follows:

CDT; = 4 x (1)

CrId100k, = © x —100.000
7 Populationyegion

d
x Y o )
i=d—17
In the above equation, #; is the number of new confirmed cases
in a specific region on day i.

4.1.3 RW_Cr7d100k and CrRW status

Based on Cr7d100k, we propose using the ratio of two Cr7d100k
from two adjacent weeks to measure the trend of COVID-19 in
recent two weeks, namely RW _Cr7d100k. This indicator reflects the
long-term trend of COVID-19 in a specific region since it contains
the information of recent two weeks. The RW _Cr7d100k, of a given
day d is calculated as follows:

Cr7d100ky
RW Cr1d100ky = —————— 3
" 4= Cr7d100k, - )
By using Cr7d100k and RW _Cr7d100k in combination, we define
the CrRW status of a region to represent the current status of the
pandemic as well as recent trends with the following thresholds:

» The GREEN status: if Cr7d100k < 15 and RW _Cr7d100k < 1
for the past seven days, it would be on the relative safe;

» The RED status: if Cr7d100k > 30 or RW _Cr7d100k > 1 for
the past seven days, the current pandemic situation is more
severe, i.e., showing a significant increase or a high number of
new cases;

* The ORANGE status: the current pandemic situation is unsta-
ble, and it may turn to the GREEN status or the RED status.

5 SYSTEM OVERVIEW

As shown in Fig. 2, the architecture of our proposed COVID-19 dash-
board consists of four modules: data watcher, data pre-processing,
data calculation, and data visualization.

To collect data from various data sources and meet automated
data updates requirements, we design a flexible data watcher module
to monitor data sources. This module defines a unified interface
to check whether the data source is updated for the specified date
and downloads the data file of a specific date. This interface is
implemented for each data source. The scheduler invokes these

Visualization module
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COVID-19 dashboard
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[ Format conversion ][Data patches ] [ Data merging ]
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Data sources

Figure 2: The architecture of our proposed visual dashboard, which
consists of four modules: data watcher, data pre-processing, data
calculation, and data visualization.

interfaces as scheduled. Also, the scheduler caches the checking
results to avoid placing additional load on the data source.

The data preprocessing module includes several sub-modules to
parse the raw data from different data sources. The data format of
different data sources is different, which cannot be used directly
in the subsequent calculation of indicators. For example, dates
are stored in mm/dd/yy format in some data sources while yyyy-
mm-dd format in others. In addition, we create a number of ’data
patches” for regions where data is missing or incorrect in a specific
period, which could minimize the errors in calculations due to data
anomalies.

In the data calculation module, we implement several functions
based on Python packages such as Pandas, NumPy, and SciPy to
calculate all indicators on the pre-processed data. The results of the
calculations are saved as JSON files at different scales as required
for visualization.

The visualization module includes two web-based applications
for different users. The COVID-19 map ! is for the public to get
the latest trends in counties and states. The COVID-19 dashboard
is for researchers to monitor and analyze the COVID-19 trends. To
facilitate data exploration, we also publish the visualization module
as static web pages on GitHub Pages 2. The front-end of this module
is implemented based on web visualization techniques, including
Vue.js [29], Plotly [22], Mapbox [17] and ECharts [15].

Uhttps://www.mayoclinic.org/coronavirus-covid-19/map
Zhttps://ohnlp.github.io/covid 1 9tracking/
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Figure 3: Demonstrating the COVID-19 dashboard shows: (a) the map view showing the multi-scale geographical distribution of pandemics in
specific color-encodings; (b) a trend view depicting the overall trend of pandemics in the selected regions.

6 VISUAL DESIGN

This section illustrates the visual design of our COVID-19 dashboard
and the interaction among the views. As shown in Fig. 3, there are
two coordinated views for exploring the indicators of the COVID-19

pandemic from different perspectives: map view and trend view.

Besides, to help users quickly view the regions of interest, we design
several tabs to switch to a specific region summary view (Fig. 4).

6.1 Map View

As discussed in the above task analysis in Section 3.1, to help users
check the geographic distribution of the COVID-19 pandemic (T.1),
we design three sub-views to show the COVID-19 indicators on
maps of different levels in this view (Fig. 3(a)). Based on the data
available and the need for analysis, COVID-19 outbreaks are shown
in this view at the country (Fig. 3(al)), state (Fig. 3(a2)), and county
(Fig. 3(a3)) levels, respectively (R.1). Similar to the design used in
other studies [24,27], we also used choropleth maps to present the
geographic distribution of the COVID-19.

We design different color encoding for different indicators so
that users can identify different indicators on each map easier. For
example, as shown in Fig. 3(al), the CrRW status is displayed in
three colors, as defined in Section 4.1.3. In addition, the detailed
COVID-19 information of the selected region is shown under the
map when users click on each region.

In addition to the basic map view, we combine the choropleth map
and a calendar heatmap to show geographical and temporal changes
of CDT (Fig. 5) at different geographic levels. The choropleth map

is linked with the date cell in the calendar heatmap to provide better
interactive exploration.

6.2 Trend View

The spread of the COVID-19 is a long-term process. To show the
trends of the pandemic (T.2), we design a trend chart to show our
proposed indicators simultaneously overtime (R.2). As shown in
Fig. 3(b), each trend chart shows the daily values of 3 indicators
over a period of time: Cr7d100k, RW _Cr7d100k, and CrRW status.
The Cr7d100k is shown as a solid blue line in the upper area of the
chart, while the RW _Cr7d100k is the solid purple line in the lower
area. The area between two lines is filled according to the CrRW
status on each day. To help identify the CrRW status, there are 3
dashed lines as references in the chart, representing Cr7d100k = 15,
Cr1d100k = 30, and RW_Cr7d100k = 1. In this chart, it can be
easily seen that these two lines form a band, and the fill color in this
band is related to its height. When the height of the band is small
for a continuous period, it appears green. When the band’s height
increases continuously and exceeds the corresponding threshold
value, it appears yellow or red.

When the mouse hovers a chart, the detailed indicator values for
that region are displayed. In the meantime, the detailed indicator
values of all charts on the same day automatically appear to make it
easier to compare different regions (R.3 and R.4).
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Figure 4: The screenshot of the region summary view that includes:
(a) aregion summary panel showing the latest values of key indicators;
(b) a trend view showing the trend of Cr7d100k, RW _Cr7d100k, and
CrRW status; (c) a map view showing the geographic distribution of
the specific region; (d) a case chart showing the number of confirmed
cases; and (e) a positive test rate chart showing the values of test-
related indicators.

6.3 Region summary view

In routine data analysis, users need to check the current COVID-
19 situation of the regions of interest (T.1 and T.3) frequently, so
we design this view as a separate tab integrating previous views to
present the COVID-19 status and trends in multiple specified regions
(R.3). This view consists of five parts, including a region summary
panel (Fig. 4(a)), trend view of specific regions (Fig. 4(b)), map
view of specific regions (Fig. 4(c)), case charts of specific regions
(Fig. 4(e)), and positive test rate charts of specific regions (Fig. 4(e)).

The region summary panel (Fig. 4(a)) shows the latest values of
main indicators in each region, such as Cr7d100, CDT, total cases,
etc.; the trend view shows the values of Cr7d 100k, RW _Cr7d100k,
and CrRW status over time, which is the same as described above;
the map view shows the geographic distribution of the COVID-19 of
the specific region on a county-level choropleth map; the case chart
shows the cumulative number of confirmed cases and the number
of daily new cases; the positive test rate chart shows the number
of tests in a specific region, the positive test rate of both specific
regions, and the reference region.

7 CASE STUuDY

As the COVID-19 pandemic spreads, we kept evaluating our visual
designs and the effectiveness of our dashboard, including the pro-
totype systems and the latest one. All of our systems are deployed

U.S. Case Doubling Time Map on 2020-03-01
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Figure 5: The geographical distributions of the COVID-19 in the United
States over time, which includes: (a) the outbreaks in a few counties
on March 1; (b) the outbreaks in most of the counties on May 1; (c)

the outbreaks begin in some counties in the Midwest on September
14; and (d) a calendar heatmap for selecting the date for display.

in our clinic’s intranet and can be accessed by our clinicians and re-
searchers. In addition, the public version of the visualization module
is uploaded to the GitHub pages and updated daily. We validated
and identified some COVID-19 trends and patterns with our domain
experts during this period.

7.1 Geographical distribution of the COVID-19

To help users understand the spread and distribution of the COVID-
19 pandemic between regions, a calendar heatmap (Fig. 5(d)) is
linked the map view is to play an animation by date. As shown in
Fig. 5, each subfigure presents a CDT distribution of by county for
the United States on March 1 (Fig. 5(a)), May 1 (Fig. 5(b)), and
September 14 (Fig. 5(c)), respectively.

The Fig. 5(a) shows that at the beginning of the pandemic, the
number of cases increased rapidly in only a few counties on the
West Coast of the U.S., with no cases in most areas. Two months
later, cases were appearing in most counties and growing rapidly
(Fig. 5(b)). Four months later, the number of cases was no longer
exponential in most counties, except for some central and northern
counties (Fig. 5(c)). However, we also found that higher CDT values
do not guarantee that regions are completely safe. In these high CDT



x 60 4

504 == Cr7d100k = RW_Gr7d100k
Queens, NY 44 |
B0
(a) 201

x 60

504 =O- Cr7d100k ~(C) RW_Cr7d100k
Maricopa, 40 4
AL 30
(b) 204

104

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
2.5 212 219 2-26 34 311 318 3-25 41 48 415 4-22 4-29 56 513 5-20 5-27 63 6-10 617 6-24 71 7-8 715 7-22 7-20 8-5 812 819 8-26 9-2 069

x 60 4

504 == Cr7d100k = RW_Gr7d100k
Yavapai, AZ 44 ]

(¢ %1
104

14
24

2-5 2-12 219 2-26 34 311 318 3-25 41 4-8 415 4-22 4-29 56 513 520 5-27 63 6-10 617 6-24 71 7-8 7-15 7-22 7-29 &5 &-12 819 826 9-2 98

3 T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
2.5 212 219 2-26 34 311 318 3-25 41 48 415 4-22 4-29 56 513 5-20 5-27 63 6-10 617 6-24 71 7-8 715 7-22 7-20 8-5 812 819 8-26 9-2 069

Figure 6: Typical cases of COVID-19 pandemic temporal patterns, which includes (a) a peak occurring at the beginning of the pandemic; (b) a
peak occurring after a period of steady state; and (c) an overall stable pandemic state, which is in a neighboring county in the same state.

areas, the number of new cases per day may still be high but not
exponentially increasing.

7.2 Temporal patterns of the COVID-19

With the trend view in our dashboard, we found that the COVID-19
pandemic may show similar temporal patterns but different charac-
teristics in each region.

First, regions with severe outbreaks show a prominent peak that
exceeds the thresholds (Cr7d100k=30), and this peak usually lasts
for 1 to 2 months followed by a flattening trend (e.g., the peak dur-
ing March to April in Fig. 6(a) and the peak during June to July in
Fig. 6(b)). Although each peak is different in height and width (i.e.,
the max number of daily confirmed cases and the duration of the
outbreak), the peak itself indicates that the COVID-19 outbreak in
that region is spreading quickly and that the number of daily new
confirmed cases is high, requiring increased protective measures. Be-
sides, the peak may be followed by a gradual transition to a relatively
stable status. These peaks can be further analyzed concerning other
factors such as executive orders, physical distancing, and personal
protective measures by combining with other data sources such as
social media and news.

Second, even within the same area, sub-area COVID-19 pan-
demics can vary significantly. As shown in Fig. 6(b and c), two
neighboring counties in Arizona state show the different shapes of
bands between May and August. Although the band in Fig. 6(c)
also shows an increasing trend, it is significantly smaller than that
in Fig. 6(b). This phenomenon could also be seen in other states,
indicating that regional factors can significantly influence regional
COVID-19 pandemics. Therefore, it may imply that the COVID-19
pandemic can be controlled through improved regional pandemic
control measures.

8 DiscussION

Since the COVID-19 pandemic began to spread, we have been devel-
oping and improving our dashboard to monitor global and regional
COVID-19 pandemics changes. In this process, we collected some
comments and summarized them as follows.

Firstly, selecting appropriate indicators is essential to describe
the current status of the COVID-19 pandemic accurately. The status

of the COVID-19 pandemic varies tenfold or even a hundredfold
from region to region. There are counties with tens of thousands
of cases, while some counties with only hundreds. As a result, it
is challenging to visualize these indicators, such as the cumulative
number of confirmed cases, making visual distinctions difficult. The
CDT is sensitive to regional changes in the pandemic at an early
stage, but as the number of confirmed cases increases to a certain
level, CDT is not sensitive to the same number of new cases as before.
Therefore, we could use CDT to identify those regions where the
number of cases is likely to snowball. When the number of cases is
large, the CDT can be used as a secondary reference indicator. Using
Cr7d100k and RW _Cr7d100k could reduce the impact of population
size and short-term anomalies (e.g., data missing and wrong values),
but it is necessary to set appropriate thresholds according to the
region’s population size.

Second, the combination of multiple indicators in visualizing the
COVID-19 pandemic is more useful for data analysis. Each indica-
tor has its requirements and reflects a particular characteristic of the
pandemic. Presenting a combination of indicators helps users gain
a more comprehensive understanding of the pandemic’s status and
trends in a region. However, presenting multiple indicators in one
chart also challenges a user’s understanding. It is hard to track too
many different variables on one chart. Our designed trend chart pro-
vides an intuitive visual representation of regional pandemic changes
for researchers, but we need to pay attention to avoid information
overload when adding more data to this chart.

Third, the COVID-19 pandemic and the needs of its data analysis
change over time, posing the requirement of including other data
sources in the visual analysis. In the current data analysis process,
all of our data came from public data sources, from the county-
level data to the country-level data. As a result, the outcome of
the analysis obtained is also at the corresponding levels. While our
clinic is also generating a large amount of fine-grained data, how
to visualize these data to support the local COVID-19 pandemic
analysis should also be further investigated.

9 CONCLUSION AND FUTURE WORK

In this work, we present a COVID-19 visual dashboard to facilitate
COVID-19 data analysis and community surveillance based on open



data sources. We proposed several new indicators to capture the
regional trends of COVID-19 pandemics. Based on these new indi-
cators and our data pipeline, we create multiple views to show the
geographical distributions and temporal trends of regional COVID-
19 pandemics, which helps users explore and analyze the regional
COVID-19 situation. We validated and identified some COVID-19
trends and patterns with our domain experts with the supports from
our prototypes and the current dashboard.

As the pandemic continues to spread, we will keep tracking and
improving our dashboard. In the future, we plan to extend our dash-
board with other data sources. For example, we consider exploring
the relationship between the regional socio-demographic factors and
the trend of COVID-19 spreading to analyze the general patterns
and provide supports for trend prediction and policymaking.
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