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Figure 1: COVis’s coordinated multiple view environment: (A) Control Panel: allows the user to change the graphs scale (linear
/ log), metric (absolute / per million cohabitants), and dimensions (cases / deaths). (B) Line charts: present four different line
charts that are coordinated to support exploration of multiple narratives. Respectively, the charts display the relation between:
(B1) time x cases/deaths, (B2) time x tests, (B3) total cases/deaths x last week cases/deaths, and (B4) time x cases/deaths projection
length. (C) Events Panel: displays information and source references concerning main events occurred in certain time periods.
(D) Events Time Chart: chart presenting the policy changes of a country over time. (E) Country Cards: show information concerning
the analysed group of countries, allowing the exclusion and inclusion of different countries into the analysis.

ABSTRACT

Caused by a newly discovered coronavirus, COVID-19 is an in-
fectious disease easily transmitted between people through close
contacts that had exponential global growth in 2020 and became, in
a very short time, a major health, and economic global issue. Real-
world data concerning the spread of the disease was quickly made
available by different global institutions and resulted in many works
involving data visualizations and prediction models. In this paper,
(1) we discuss the problem, data aspects, and challenges of COVID-
19 data analysis; (2) We propose a Visual Analytics approach (called
COVis) combining different temporal aspects of COVID-19 data
with the output of a predictive model. This combination supports
the estimation of the spread of the disease in different scenarios and
allows correlating and monitoring the virus development in relation
to different government response events; (3) We evaluate the ap-
proach with two domain experts to support the understanding of how
our system can facilitate journalistic investigation tasks and (4) we
discuss future works and a possible generalization of our solution.

Index Terms: COVID-19—Visual Analytics—Data Visualization—
Prediction ModelEventsTime-oriented Analysis;

*e-mail: roger.leite@tuwien.ac.at
†e-mail: victor.schetinger@tuwien.ac.at
‡e-mail: davide.ceneda@tuwien.ac.at
§e-mail: bernardo.henz@iffarroupilha.edu.br
¶e-mail: silvia.miksch@tuwien.ac.at

1 INTRODUCTION

The recent COVID-19 epidemic has triggered a global crisis that
tests our modern civilization’s potential for coordination and cooper-
ation. While scientists, epidemiologists, and health specialists have
a central role in understanding the disease itself, its social, political
and economical aspects can be much harder to analyze [5]. Every
country responded to the crisis in a different way and in its own
time. Data about contagion rates and their growth has been the main
source for public discussion on the subject. However, relating such
data to global and local events within each country is a complex
puzzle and many specialists still rely primarily on their Microsoft
Excel [25] skills to perform data-driven analysis (see Section 6).
Journalists, social scientists and economists may be the ones most
suited for the task of piecing this puzzle together, but they need the
proper tools to visualize the bigger picture in a sea of data and news
that evolves on a daily basis.

One of the most important aspects to be understood is the relation
between events – political or otherwise – and the spread of the virus
in each local context. The Oxford University [11] provides a dataset
of public measures for each individual country, along with an index
estimating the level of closure of a determinate country. This data
can be combined with the global rates of infection and predictive
models to construct a rich picture of the development of the crisis.
In this paper, we propose a Visual Analytics (VA) approach (called
COVis) to aid the temporal analysis and exploration of narratives
under an investigative framework, focusing on the identification of
significant events and time frames. This is a process of storytelling,
for which we provide means to be grounded as much as possible in
available data and evidence, so that communicators need not rely
solely on speculation, exaggeration, and interpretation.



Visualizing time in COVID-19 data is challenging because the
daily, linear time dimension provided hides different temporal phe-
nomena occurring simultaneously. We point to four key challenges
considered in this work: (Time-1) The virus has a variable incubation
period of 5-6 days on average [28], which means actions and events
have a variable delay before their noticed impact. (Time-2) The rate
of sampling is different and varies for each country, generally in-
creasing in response to the spread of the virus and perceived urgency.
These two aspects generate a lot of temporal uncertainty, as they
imply that new data records will always be an under-representation
of reality, making it harder to support real-time analysis. (Time-3)
Each country has its own timeline, usually starting with the identifi-
cation of the first infection case. All these timelines have different
starting points and developments, which cannot be treated equally or
independently. Countries infected earlier and their neighbors had to
deal with a different scenario both in terms of available information
and population behavior than latter ones. As the public awareness of
the virus increased and global mobility decreased, countries could
react more effectively, generating different behaviors for their time-
lines. (Time-4) there is a large amount of possible future data from
predictive models. While these projections weight heavily on public
discussion, it is not clear how to best visualize them and form a reli-
able perspective, dangerously facilitating misrepresentation [8, 31].
In this work, we tackle these challenges from a data journalism
point-of-view, supporting their way of thinking [22] and storytelling
tasks. Our main contributions are:

• Identify the COVID-19 pandemic data aspects and their prob-
lem challenges.

• Propose a VA approach that incorporates a growth predictive
model, allowing the correlation and monitoring of the virus
population development in relation with different government
response events, as well as the identification of key dates.

• Evaluate our VA solution with two domain experts to support
the understanding of our approach.

• Elaborate future works and generalization of our solution.

2 RELATED WORK

The graveness and the ubiquitous impact of the COVID-19 crisis
has led to a spike in research about the subject, with a great deal of
visualizations sprouting from governments, organizations, academia,
and general public. Many countries provided their own visualiza-
tions [4, 24] with different features as means to communicate their
situation to the public. As data became more available, standardized
composites and comparative approaches became popular. This in-
creased data availability and allowed the application of prediction
techniques, ranging from simple curve fittings to advanced machine
learning and simulation models. However, there was not enough
time for all available works being peer-reviewed. A great deal of
work remains unpublished, or available through repository sources.

CoronaVIS [3] is an online tool that presents an overview of the
hospital‘s bed capacities as well as standard information about the
disease development throughout Germany. The main goal is to ge-
ographically identify potential hospital occupancy bottlenecks and
optimise the distribution of patients. Using different maps visual-
ization, Zhou et al. [32] focus in the relation of geographic aspects
of the data, such as regional transmission and spatial segmentation
of the epidemic risk. This work also discuss the important role of
rapid aggregation of multi-source big data into the understanding
of the COVID-19 phenomenon. Different from these works [3, 32],
we did not focus on geographical features however, we also used
multi-source big data aggregation.

Kevorkian et al. [19] developed a visualization to track the epi-
demic states and compare the different countries trajectories trough

time. In this visualization the authors do not explicitly plot time
however, since each dot represents a given day, it is possible to track
the growing behavior of the disease. To do so, the authors used a
technique equivalent to phase space plots (commonly used to repre-
sent dynamical systems in Physics). We present similar technique in
one of our views (see Figure 1: B.3), while helping the identification
of interesting dates for investigation through the coordinated view,
which anchors the real time frame.

COVis provides an estimate of the disease population growth
based on Machine-Learning’s (ML) curve-fitting, offering a future
time-frame. This is a rather simple approach, as our focus is under-
standing how to construct a narrative from the composite frames
of past, present, and future. Many authors have employed more
sophisticated ML and predictive models with different goals on this
subject. Muthusami et al. [29] used sentiment analysis based on
tweeter data to analyse and visualize the influence of COVID-19
in social media. Kai et al. [18] defined two theoretical models to
understand the positive impact of face mask wearing on the COVID-
19 pandemic. This simulation-based approach considers compares
different location scenarios by using line charts and pixel-based
matrix view. Different from our approach that is purely data driven,
in this work causal models were constructed based on the classic
SEIR model of infectious disease [23].

We consider our work to fall within the context of visualization
for the digital humanities [1], since our targeted users are journalists.
Data-driven journalism shares a close relationship with VA, as it
is centered around finding and exposing insights in data. Even so,
there are varying degrees of acceptance of technical solutions, and
journalists have to rely on their own digital literacy to navigate in the
modern data deluge [15]. We support journalists through supporting
storytelling, inspired in Chen’s [7] story synthesis framework, which
uses story slices as nuclear aggregates of findings that are building
blocks of a narrative. Our approach, however, organically creates
time slices, which will rely on a journalist to give them meaning.

3 METHODOLOGY

To design our approach, we combine the “Nested Model” ap-
proach by Munzner [27] with the “Design Triangle” by Miksch
and Aigner [26]. Based on Munzner [27], we characterized tasks
and data vocabulary of the problem domain, abstracted the problem
into operation and data types, designed visual encoding and interac-
tion techniques, and created algorithms for efficiently executing the
techniques. To achieve a more accurate tool, based on Miksch and
Aigner [26], we define and target the following data, user, and tasks:

Data. Our data is the combination of two datasets, plus our gener-
ated predictions. The first dataset [16] consists of the core statistics
of COVID-19 development such as confirmed cases, amount of tests,
and death toll for each country. The second dataset [11] is from
the Oxford University and contains the dates and news sources for
public measures, such as movement restrictions or school closures,
together with stringency levels (a metric that tries to capture how
closed a country is). It provides the event-based dimension to our
approach, and allows a direct link to source investigation. This data
is integrated with our projections using a logistic regression model,
which is discussed in the next section.

User. Our main target public are journalists or investigative re-
porters. However, we consider that also common public can take
advantage of COVis to explore and reason over COVID-19 data.

Tasks. This work’s main task is story prospecting. From a jour-
nalistic point of view, this can be evaluated on the classic principle
of the ”Five Ws” (Who, What, Where, When, Why) [14]. We aim
to support the answering of these five questions around a subject,
as the building block for storytelling, with a special emphasis on
the causal and temporal aspects (when and why). Using the ”five
Ws” as guideline, we defined the system requirements according
to the described data, user, and tasks: Identification of different



countries behavior R1 (Who? and Where?), identification of events
influence R2 (What?), perception of variables change over time R3
(When?), reasoning concerning changes of data pattern R4 (Why?).

4 PREDICTIVE MODEL

The incorporation of a predictive method allows a glimpse of future
scenarios, helping the understanding of current variables as they are
exacerbated and highlighted by their projection through time. There
are two prominent approaches to model epidemics, like the COVID-
19: Causal Models [18, 20] and Data-Driven Models [9]. We opt for
using a data-driven approach due to two factors: (1) the diversity of
trustful online data available by official governmental institutions
and (2) the comparison potential between countries provided by
results generated by the same metrics. Causal models are more
complex and flexible, but require specific fine-tuning of the system
for each country. In this sense, the local causalities integration result
in less comparable results to different countries.

Our predictive ML model results from curve-fitting a logistic
function over the number of cases/deaths in relation to time, to
determine the date when growth would cease. Logistic curves are
widely used to represent population growth [2, 12], which is the
case of the cases/deaths. The function parameters are fit using least-
squares optimization. As new data become available, the predictive
model can be instantly updated. Due to the behavior of the logistic
function, the influence of new samples is diluted, which is a problem
since more recent data tends to be more accurate and reliable. To
account for this, a lower sigma-weight is given to the last quarter
of samples, forcing the latter and more accurate data to have a
larger influence on the prediction. Based on the i-th position of the
sample, with N being the number of samples, the sigma-weights are
computed following:

σi =


1, if i ≤ 3N

4

1− i
N
+0.6, otherwise.

(1)

It is important to note that the focus of our work is not the predic-
tion model. Any different model or data from outsourced predictions
could be used. The main role of prediction data is to explore visual-
ization of (probable) future time, which guides public discussion and
reaction, most notably when it changes quickly, as can be analyzed
in our bottom-right graph (see Figure 1: B.4).

5 COVis: AN INTERACTIVE VA ENVIRONMENT

COVis’s layout is composed by five coordinated views that are in-
teractively combined to support the gaining of data insights (see
Figure 1). Next, we describe the different views and derive possible
story cues from them. The main technologies used to develop the
prototype were Angular and D3.js.

(A) Control Panel: This panel allows the user to switch between
scales (linear / log), metric (absolute numbers / per million inhab-
itants), and dimension (active cases / deaths) to be displayed (R2).
Comparing absolute and per million inhabitants data gives different
perspectives on the planning and potential for mobilization of each
country. Death data, on the other hand, might be a more accurate
measure of spread than active cases, as it does not rely on testing
rates, assuming a constant mortality rate after infection.

(B) Line Charts: Each of the line graphs shows a distinct facet
of time, telling different aspects of each countries’ development dur-
ing the crisis (R1-R4). In the first graph (top left) we can visualize
the overall growth of cases or deaths, fitted to a logistic curve that
projects a possible point of inflection, or stability. Past (the line
itself), present (the end of the line), and future (the idealistic projec-
tion) are superimposed in it, allowing us to visually correlate them.
The four charts present interactive features such as: zoom, context
dragging, mouse over data nodes, and view-size maximization.

Figure 2: Example of gradient formed from multiple temporal shades
by selecting all ”Stay at Home” events for Italy. Each grayscale repre-
sents an epoch with the same events in effect. As brighter, as more
events are influencing the curve. The top graph depicts cases over
time (see Figure 1: B1), while bottom graph illustrated last week cases
over total cases (see Figure 1: B.3). Here, time can be perceived in
two different ways: both explicitly (top), and implicitly (bottom). The
arrows indicate representations of same time periods. The disruption
in linear behavior can be perceived just as the fourth epoch kicks in,
suggesting the presence of significant ongoing events.

The top left graph (see Figure 1: B1) shows the amount of con-
firmed cases, which can be interpreted as the sampling rate of our
signal. The first derivative (slope) of this graph shows the increase
of tests, indicating each countries response. Italy, as the protagonist
of the epidemic in the west, has been the most desperate to react
and contain the epidemic, having the most consistent increase in
tests, and performing the most tests per million inhabitants. The US,
while initially delayed in responding, was able to quickly scale its
test count to over 10 million, the highest by a large margin, attesting
to the country’s economic potential and ability to mobilize resources,
which can be contrasted with Brazil. Both countries showed a simi-
lar critical growth in cases, but Brazil was not able (or willing) to
scale its testing accordingly. An informed journalist could observe
that the country is ongoing an acute political crisis, and be able to
work these visible patterns into a story. Germany’s testing behavior
can be seen as strikingly methodical, with weekly increments in
reporting.

The bottom left graph (see Figure 1: B3) shows the log of the
amount of cases (or deaths) in the last week, over the log of the total
cumulative amount. While there is not an explicit time dimension,
time is encoded implicitly through the accumulation of total cases
on the X axis. Since countries achieved different counts at different
times, every position in X corresponds to a different date in each
line. This can be noted when using the temporal shading feature,
where the date will be centered according to the day the selected
country achieved that count. In this graph, time gets compressed
on the X axis as the growth rate decreases for the country, since the
weekly increase cannot keep up with the accumulated amount. Since
the spread of the virus is exponential in nature, drops in the line
can be understood as deviations from this expectation, and therefore
successful (or situational) braking of spread.

Finally, the bottom right graph (see Figure 1: B4) displays the
deviation over time for the predicted date of cessation of growth. It
is the combined perspective of the three other graphs, allowing us to
visualize the stability of both growth and testing for each country.
Elevation in this line is caused by the estimated end date being
pushed forward, because new measurements are causing the model
to fit the growth rate to a different curve, with a different behavior.
This graph can be used to identify dates that generated instability,
allowing journalists to further investigate for relevant events.



(C) Events Panel: The events panel can display up to 17 event-
types [11] concerning containment and closure, economic response,
and health systems. Using the checkbox, all events from the re-
spective type are highlighted in the timeline, and in the line chart
views (B) by the temporal shading effect (Section 5: (B)). By select-
ing a date in the events time chart (D), events that occurred in that
date are highlighted, providing details and source of the event (R2,
R4). On the other hand, by selecting an event type in the events
panel (C), its frequency is highlighted in the event time chart (D).

(D) Events Time Chart: The chart is colored according to the se-
lected country in the country cards view (E)(R3,R4). This interactive
chart displays four main features: the line (see Figure 1: D.1) shows
the stringency level [11] through time, which indicates how strict
are local policies, while vertical bars mark governmental events (see
Figure 1: D.2). World events that are relevant for the epidemic, such
as one million global cases, are represented by black squares (see
Figure 1: D.3), and create a consistent time anchor that supports
comparison between countries. Furthermore, the user can add new
events, represented by gray squares (see Figure 1: D.4), which al-
lows journalists to use their knowledge to enrich analysis and tailor
narratives. By passing the mouse over bars (D.2) or squares (D.3
and D.4), a summary of the event is displayed. By selecting the bars,
the user can investigate the different types of events of that specific
date (marked in the events panel (C)).

By selecting an event date, a temporal shade is cast on all graphs.
This simple feature aids in tackling our four temporal challenges
(Time-1 to Time-4). The shade darkens the time frame where the
event could not have an accountable influence, defined as its past
time, plus five days of incubation. This helps the user understand
possible associations and causality (Time-4), while accounting for
the incubation delay (Time-1).

When multiple dates are selected, for example when selecting
all events of a certain type from the events panel (C), multiple
overlapping temporal shades are cast (Fig. 2). This forms a gradient-
like visual pattern with multiple grayscale levels, where each level
represents a stable “epoch” in relation to the events selected (that
is, influenced by the same events). This provides insightful details,
allowing one to better understand the temporal structure of each
country (3), where event frequencies can be quickly perceived. Since
the temporal shades are consistent along all graphs, they generate
a new time scale that can tie the different timescales on each graph
through visual association (see Arrows in 2). For example, temporal
shades on the performed tests graph (Fig.1, B.2) allows one to
visualize correlations between different testing rates and identify
sampling patterns between epochs (Time-2).

(E) Country Cards: This panel displays raw data(R2) about
total, and last day, amounts of cases deaths and tests, as well as the
ending predicted date (see Section 4). The country cards also allows
the selection of a specific country(R1), highlighting its respective
events-time and curve; and the addition of additional countries with
available data into the visualization. We chose a qualitative seven
colors palette [13] to encode different countries trough the views,
thus, the COVis allow the comparison of maximum seven countries.

6 EVALUATION: USER STUDY

In order to estimate the usability of COVis and its value for journal-
ists, we conducted a qualitative evaluation with two domain experts.
Qualitative studies are a useful means to generate insights with rela-
tively few study participants [17, 21]. The evaluation was divided
in four parts: (1) we asked about the participant background, (2)
we presented the system, (3) the participants could freely interact
with the system, investigating questions of their interest, and, (4) we
asked the participants about their discoveries and impressions of CO-
Vis. The two individual interviews were performed and recorded via
a virtual conference platform (zoom). In average, every evaluation
took two hours to be completed.

Participants background interview. The first participant is a
journalism university professor (P1) while the second participant
is an independent journalist (P2). Both declared having experience
working with data investigation during journalistic story develop-
ment and highlighted Microsoft Excel [25] as the common tool. P1
highlighted the common lack of mathematical knowledge in the
journalism community, pointing out the difficulties that log-scale
graphs interpretations bring to the journalists‘ final report.

COVis’s exploration. During a non-oriented system exploration
we asked the participants to “think aloud” about potential stories
inspired by the data and graphs they were experimenting. This way,
we could validate the “five Ws” task/requirements usage and their
natural positive and negative reaction to the system. As a result,
both participants developed and completed stories using the defined
requirements. Being able to visually couple personalized events
with existing data events was the feature that added most to the
story development by both participants. P1 drew a narrative that
tried to contextualize the countries different testing rates, which
we summarized when explaining Figure 1: B3 in Section 5B. P2
suggested an analysis of the negative impact of Brazilian President
Bolsonaro appalling statements, such as “it is just a little flu” [10], or
“we are all gonna die one day” , which could be achieved by treating
them as events and adding them to our timeline.

Feedback to COVis. P1 appreciated the different charts com-
bination and integration, and highlighted the dimension and scale
flexibility as a good support to understand and create stories. P2
made several positive comments concerning the feasibility of reason-
ing about events in time trough the different dimensions perspectives
(multiple views) and coordinated interactions. In comparison, P2
commented that analysis of temporal data is usually a cumbersome
task for journalists, specially when involving many events, with
Microsoft Excel [25] spreadsheets still being a standard. In this
sense, the visual aid was extremely appreciated.

Without specific task instruction the participants naturally per-
formed story explorations that followed their particular investigative
styles and preferences. P2 highlighted the ad-hoc nature of journalis-
tic workflows, which are defined on a personal or institutional basis,
and was interested on the possibilities for developing a workflow. P1,
as a journalism professor, suggested to evaluate the tool by giving an
assignment to his students to write stories using it. This would allow
us to see different workflows that could emerge, and grading could
provide a form of quantitative evaluation. Both participants gave
positive feedback on the fruitfulness of possible writing material and
suggested future improvements (see Section 7).

7 CONCLUSION AND FUTURE WORK

We presented COVis to support journalistic story telling through
temporal analysis of epidemic data and governmental events. Our
approach tackles important challenges in temporal visualization of
COVID-19 data, providing an accessible environment for informa-
tion discovery. We received positive feedback from experts in the
field of journalism, which highlighted the lack of technical solutions
that can bridge the gap between data analysis and story synthesis.
Based on current limitations, we derive three research challenges to
inspire future works: (1) Improve the learning-curve and the analysis
power of journalists, guidance could be incorporated [6], as well
as didactic devices for data interpretation [30]. (2) Perform more
thorough evaluation to understand the potential of our approach in
assisting data-driven journalism, and its impact on the story writing
process. (3) Use data from more sophisticated predictive models,
allowing both the comparison of different future scenarios and ex-
ploration/visualization of uncertainty in their projections.
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