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Abstract

We present two experimental interactive dashboards that combine OWID (Our World in Data) case data with
OxCGRT (Oxford Coronavirus Government Response Tracker) policy indices for multiscale analysis of COVID-
19 which is an infectious disease caused by the SARS-CoV-2 virus. The pandemic exposed the vulnerabilities
in our global systems. Data regarding COVID-19 was gathered and made available for open access. These
data sources offer invaluable information for tracking, monitoring, raising awareness and understanding of
COVID-19, recognizing its impact, as well as informing the general public, health authorities, policy makers,
situation managers, and decision makers. However, COVID-19 data in its raw form is complex and difficult to
understand and analyze. The application of visualization together with human factor design principles in a
complex systems framework provides an effective means for exploiting these big and complex datasets.
These visualization techniques can transform such inherently non-visual data into intuitive visual forms that
enable users to gain insight into, and understanding of, information contained within the data - which is
essential for a co-ordinated response. This paper discusses the application of visualization and development
of interactive dashboards, set in a complex systems framework, to provide an effective means for the users
to explore, analyze and gain awareness of the situation, thus enabling informed decision making.
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Figure 1. COVID-19 from a complex system perspective.?

restrictions, social distancing, mask wearing (manda-
tory/voluntary), school closures and remote working
and recommendation on hand washing and manda-
tory immunization for health care workers.

After more than three years into the pandemic, on
5th May 2023 the WHO Director-General accepted
the WHO Emergency Committee on COVID-19’s rec-
ommendation that as the disease was well established
and ongoing, that it no longer warranted the definition
as a PHEIC.

COVID-19 from a complex system
perspective

The COVID-19 pandemic can be viewed from a com-
plex system perspective where the principle that “the
whole is greater than the sum of its parts” acutely
demonstrates the complex multi-layered and multi-
scale nature of the pandemic.?”” COVID-19 is not
merely a health crisis; it is a phenomenon that has
brought to our attention the dynamic and intricate
interconnections and interdependencies between our
healthcare system, social behaviour, technology, eco-
nomics, social media, governance, and politics. It also
exposed the vulnerabilities in our global systems.
Indeed, there are many interacting components with
intricate interplay across various scales from the beha-
viour of the individual (micro scale) and the virus
(pathogen) to the community (meso scale) and the
country (macro scale) to the global responses (meta
scale), see Figure 1.® These dynamic interactions lead

to emergent characteristics that cannot be understood
by examining the individual elements in isolation, that
is, the whole is bigger than the sum of its parts.
Indeed, each component can be a complex system
itself, that is, systems of systems.> "’

The micro scale is concerned with the interaction
between individuals and the virus where the behaviour
is adaptive and self-organizing with non-linear out-
comes and where a small variation could result in a
large-scale change, for example, a small number of
super-spreader events can disproportionately intensify
transmission.

The meso scale is where the concerns are at the
community level — relating to where people gather, for
example, where they work, where children and young
adults are at schools, nurseries, barracks, as well as
how people commute to/from their home. This also
includes the healthcare system, for example, disease
surveillance and vaccines availability/access. These
aspects are not, however, fully analyzable as the non-
trivial and non-transparent elements of these intercon-
nected aspects are very challenging to analyze. At this
scale the outcomes and behaviours are time-depen-
dent, not predictable nor repeatable as the same inputs
will result in different outcomes due to differences in
the starting status, that is, causal/past dependence.

The macro scale is concerned with societies at the
country level where there are interdependencies
between the economic, political, and scientific ele-
ments such as the research, development of, and
access to, vaccines. The interdependencies between
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the various elements and feedback loops indicate the
need to make changes in order to have the desired out-
comes. The behaviours are dynamic and non-linear
and there are time delays.

At the highest level, at the meta scale, there are net-
works of open (sub)systems which interact between
and among the lower scales. At this level, the concern
is the worldwide population, social media, ecosystem,
and the climate. All these dynamic interactions create
emergent behaviour that cannot be understood or ana-
lyzed by examining the behaviour and characteristics
of any individual components in isolation, such as the
virus, vaccine, or the healthcare system. Table 1 shows
an overview of the COVID-19 multi-scale system, the
features, feedback loops, non-linearity/emergence, and
example analysis. Figure 2 shows a mitigation and
feedback across all scales.

It can readily be seen that understanding and
addressing COVID-19 requires a holistic and inte-
grated approach, acknowledging that actions and
changes in one component can significantly impact
outcomes in another, and that collective action is vital
in overcoming the complex situation.

The Iceberg Model is a simple and effective system
thinking tool that supports the understanding of the
complexities of systems, such as COVID-19.%>7 The
model consists of layers (representing different aspects
or depths of analysis) that contribute to the observed
events, enabling a deeper and more comprehensive
understanding of the underlying structures and beha-
viour, origin and purpose, and mental models that
steer the system behaviour,”* Figure 3. At the top two
layers, above the waterline, the observer can see what
is happening or what is changing. If the events are
tracked over time, trends, patterns, or anomalies can
be identified, upon which conclusions can be made
about the system behaviour in relation to the func-
tional structure.

However, correlations between different events
should be interpreted with caution, as correlations do
not necessarily imply causality. The underlying system
structure should be analyzed in order to identify what
causes events to emerge. Unfortunately, this is gener-
ally much more difficult to recognize, that is, they can-
not be seen below the waterline.

Fortunately, within the context of Public Health,
tools and criteria exist to establish and validate causa-
tive relationships. For example, correlations may be
tested according to Hill’s criteria (i.e. effect size, con-
sistency, specificity, temporality, dose-response, plau-
sibility etc.) to establish statistically significant
associations that indicate causation.’

In summary, the Iceberg Model shows that to
understand the underlying structures, its origin and
purpose, and the mental models that cause those

events, it is critical to look beyond observable events,
that is, to find the root cause. In doing so, it is possible
to identify key points where control measures could
lead to appropriate systemic change.

In the military intelligence domain, the Activity
Based Intelligence (ABI) methodology was proposed
to analyze events and patterns.'® When in action, the
ABI methodology has four pillars'’:

® Georeferencing to discover: Focussing on spa-
tially and temporally correlating data to discover
key events, trends, and patterns.

¢ Integration before exploitation: Correlating data
as early as possible, because seemingly insignifi-
cant events in a single field may be important
when integrated across multiple sources.

e Data neutrality: Prizing all data, regardless of
the source, for analysis.

e Sequence neutrality: Realizing that sometimes
answers arrive before questions.

Since the control measures for COVID-19 fell
largely within the domain of Public Health, it is also
necessary to consider whether any analysis/intelligence
products have utility and are actionable within the
overall framework for epidemic control. According to
the WHO the essential components of epidemic con-
trol include’?:

Collaborative surveillance
Community protection
Clinical care

Access to countermeasures
Emergency coordination

These pillars serve as a foundation for analyzing the
events, trends, and patterns that are visible above the
waterline of the Iceberg Model. They ensure that
events data are rigorously processed to derive an under-
standing of patterns and trends that integrates all avail-
able information while reducing bias as much as
possible regarding when and where data were collected.

Applying the ABI pillars to handle the information
above the waterline can largely be automated. Some
pattern and trend analyses can be modelled and recog-
nized (known patterns), although others will still
require human analysis for identification and under-
standing (discovering the unknown). We argue that
understanding the deeper levels behaviour, structure,
and function will require a higher level of human jud-
gement which should be supported by effective inter-
active visual interfaces.

In this paper we develop visualizations and dash-
boards to analyze and understand the observable
events and detect their trends and patterns to make
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Figure 2. Feedback loops and mitigation.

the first step in getting a glimpse of the underlying
complexities of a system such as the COVID-19 pan-
demic. Data regarding COVID-19 were widely col-
lected and made available for open access. These open
data sources offer invaluable information for tracking,
monitoring and raising awareness of the status of
COVID-19, recognizing its impact, and informing the
general public, health authorities, policy makers, situa-
tion managers, and decision makers. However, these
data in their raw form are complex and difficult to
understand and analyze. In the following sections we
discuss how the application of visualization together
with human factor methods provides an effective
means for exploiting such big, high dimension, multi-
variate, and complex datasets. These techniques can
transform such inherently non-visual data into intui-
tive visual forms that enable users to gain insight into,
and understanding of, information contained within
the data. In particular, in exploring and understanding
some of the elements amidst the complexity of the sit-
uation through the analysis and understanding of the
events and their trends and patterns.

Data sources and related work

At the outset of the COVID-19 pandemic, there are
many publicly available data sources, such as those

from Johns Hopkins University,'”> the World Health
Organization (WHO),'* Our World in Data
(OWID),"” Centers for Disease Control and
Prevention (CDC),'!® European Centre for Disease
Prevention and Control (ECDC)'? etc. These invalu-
able data have been used by many organizations,
researchers and policy makers to visualize and analyze
the spread of the infection — to derive understanding
of, and insight into, the situation. Data from Our
World in Data were selected for the work reported in
this paper.'’

Visual Analytics (VA) tools and techniques were
applied for health well before COVID-19,'®!? but
with the pandemic, they were leveraged to communi-
cate to a much broader audience.’* New VA tools
were developed to enable better analysis of epidemio-
logical aspects,?’™> as well as public perception.’*
Coordinated and multiple views have been developing
and maturing over many years,?> but are still a highly
relevant technique for building dashboards that can
help users perceive new and insightful relationships
from their data. Dashboards are very effective for pre-
senting public health data?® and were widely used to
display COVID-19 information.>” This led to many
lessons learned for their designers.?® As the Internet
made COVID-19 visualizations from around the
world instantly available, researchers even made the
effort of gathering as many COVID-19 visualizations
as possible®® in their “COVID-19 Online Visualization
Collection” (COVIC) database®® to facilitate future
design studies. A dashboard design®! from a human-
centred perspective led to project success and was able
to prevent usability problems while minimizing stake-
holder’s burden when working with limited public
health agency staff capacity. A framework for evaluat-
ing dashboards®? was designed specifically for health
dashboards, together with seven evaluation scenarios:
(1) task performance, (2) behaviour change, (3) inter-
action workflow, (4) perceived engagement, (5) poten-
tial utility, (6) algorithm performance, and (7) system
implementation. There is ample evidence®® for the
potential of information visualization to improve

ORIGIN & PURPOSE / FUNCTION

PARADIGM / MINDSET

EVENTS What is happening, now?
PATTERNS / TRENDS What is happening / changing, over time?
WATERLINE 1 v
BEHAVIOR How does the system work? How do entities interact? Why do events occur?
()
STRUCTURE What entities / systems are involved? How are they (inter)connected?
t

What are the viewers' assumptions, beliefs, and ways of thinking?

What is the origin of the system? Why does it exist?

Figure 3. Modified Iceberg Model.?
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Figure 4. KNIME workflow.

decision-making, although risks exist for misguided
use. As noted by Dasgupta and Kapadia,>* the dash-
board paradigm for public health is expected to stay,
although many aspects of dashboard design are
underappreciated.

Tools

There are many tools available; two tools were selected
to integrate different data sources, pre-process/prepare
and validate the data, and to visualize the data to sup-
port analysis. KNIME (Konstanz Information Miner)
is an open source data analytics, reporting, and inte-
gration platform.?® It integrates various elements for
data mining and machine learning. KNIME was used
in the work reported here for data pre-processing,
ETL (Extract Transform and Load), and integration.
Though KNIME also provides visualization function-
alities, Power BI was selected for visualization as it
provides better suited visualization functionalities.

Data preparation

For the analysis of COVID-19 data, daily data collec-
tion was carried out through a trusted source — Our
World in Data.!® These data points typically include
new cases, recoveries, deaths, testing figures, and other
key indicators. The data collection from Our World in
Data and their preparation for our analysis were pri-
marily conducted using KNIME, as it allows for

efficient extraction, transformation, and cleansing of
large datasets.

Once collected, the raw data was subjected to an
extensive cleansing and processing phase in KNIME
to ensure consistency and accuracy. This involved
handling missing or erroneous values, standardizing
formats across regions and countries, and correcting
discrepancies. After data cleansing, KNIME was also
used to calculate important metrics such as the daily
growth rate, case fatality rate, and testing positivity
rate. Figure 4 shows the workflow.

For visualization and analysis, Power BI is
employed to create interactive dashboards and charts
that effectively communicate the insights derived from
the data. These metrics and visualizations are essential
for understanding and analyzing the progression of the
pandemic, assessing the effectiveness of public health
interventions, and making informed decisions based
on reliable, up-to-date information.

Power BI is a Business Intelligence tool developed
by Microsoft.?® It enables users to visualize and ana-
lyze data from various data sources to derive insights
and make data-driven decisions. It is versatile and
applicable to a wide range of applications in diverse
domains.?” Power BI was used here for developing
visualizations and dashboards to support the users in
exploring, analyzing and understanding the COVID-
19 data to gain awareness of the situation and thus
make informed decisions. The dashboards are at an
experimental/developmental stage.
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User centred design process

The design of the visualization and dashboard is based
on the user-centred design (UCD) process which is
the foundation of the human factors discipline.®®>° It
has been used effectively in many domains, ranging
from automotive dashboards to hospital medical
record systems. The process is iterative and is com-
posed of three phases, namely, the (1) Analysis, (2)
Design, and (3) Testing phases, with users at the cen-
tre of the whole process,’® Figure 5.

The analysis phase focuses on understanding the
users’ needs, their work domain, their preferences, and
their mental model: what information they need; infor-
mation gaps; their operational constraints as well as
their cognitive tasks. The design phase poses the great-
est challenge, as it involves translating the information
gathered in the analysis phase into an initial design
concept. This involves taking into account findings
about human perception and cognition and applying

human factors design principles. In addition, the
required data sources need to be identified, and it
needs to be determined where and how the data can
be accessed and how they are integrated if multiple
data sources are used, or if additional data sources are
required. In the testing phase, tools are iteratively
tested and refined to ensure maximum functionality
and usability. The evaluation process involves user-in-
the-loop testing with operationally representative sce-
narios using the representative user tasks identified in
the analysis phase. It is critical to involve users at every
phase of the process so as to ensure that the final
“product” addresses their needs and provides a tool
that is Useful and Usable (Liggett’s U rule).>®

In this initial stage of UCD, with a prototype dash-
board, interactivity can be explored to prescribe prede-
termined layouts that support a user. Interactivity at
both a micro-level, (i.e. individual user interactions)
and at the macro-level (i.e. combination of informa-
tion sources) may provide insight into complex issues
at the heart of decision-making in a complex system.>°
Macro-level interactivity supported by a dashboard
with richness of data that allow for exploration of
decision-making cues in multiple ways can indicate
what information is most relevant to users at a micro-
level, depending on their demographics. These consid-
erations are reflected in the design of this tool, see
Table 2.

Decision making in response to the COVID-19
pandemic involved multiple domains and jurisdictions
across both public and private sectors, for example,
local, national and international health organizations,
government ministries for transportation, commerce
and defence, private corporations manufacturing vac-
cines, pharmaceuticals and personal protective equip-
ment, etc. Within the context of this paper, the scope
was limited to the domains of Healthcare and Public
Health. In the analysis phase of the work described
here, a list of questions was generated to guide
the visualization and dashboard design based on the
question: Who are the users? Different potential

Table 2. Interactivity qualities adapted from Parsons et al.%’
Interactivity qualities
Design factors Description

Diversity
Complementarity

Number and diversity of interactions available to the user
Harmonious and reciprocal relationships and how well they work with and

supplement each other

Fitness

Appropriateness of interactions for the visual representation, tasks, and

activity, and the user’s needs and characteristics

Flexibility
Genre

Range and availability of adjustability options
Types of transactions available to the user
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information needs were identified. These can be
divided into four categories:

A. What is the current situation or how is it devel-
oping, or has it developed?

B. What measures are being or have been taken to
steer the situation in the desired direction?

C. What are the quantitative and qualitative
effects of these measures? Qualitative mea-
sures are important since the success of all
Public Health disease control measures in
democratic countries are dependent on public
acceptance and compliance with these mea-
sures. Implementing social isolation is only effec-
tive if the public adheres to the order and
vaccines will not prevent disease spread if uptake
is low.

D. What are the gaps or deficiencies in these mea-
sures and what improvements or additional
measures would address these issues?

The following indicators, for example, were cap-
tured as indicators of the situation:

A. What are the infection rates — temporal and
geographical location?

B. Where are the areas with high infection rates
located? What are the demographic/socioeco-
nomic characteristics of these areas?

C. What is the hospital occupancy rate at various
levels of care?

D. What are the mortality rates — temporal and
geographical?

With regard to the Public Health measures, one

. . 4
framework to categorize measures 18 OZ

A. measures to reduce contacts such as lock down,
social distancing, travel restrictions/bans and

B. measures to make contacts safe (i.e. measures
or interventions which help protect an individ-
ual from becoming infected, as well as reduc-
ing person-to-person transmission), such as
immunization, personal protective equipment,
hand hygiene.

C. What is the vaccine status: availability and
uptake/coverage by location?

In addition to the above questions, the following
question was included to guide the visualization and
the dashboard design.

e Who are the users? Analysts, policy makers,
administrators, private sector partners, general
public?

Visualization and dashboard

Visualization and dashboards are widely used in pre-
senting COVID-19 data and are publicly accessible on
the web. For example, the UK Health Security Agency
(UKHSA) data dashboard provides a means to inform
the public of the health data; users can change the
display chart into a table form and also download the
data.*® Similarly, Our World in Data and the WHO
also displayed their data, and their data can be down-
loaded as well. Our World in Data focuses on tracking
specific aspects of the data such as confirmed deaths,
confirmed cases, tests, hospitalization, ICU admissions
and vaccination, and policy responses (OxCGRT) etc.
Users can choose to view the data in a table format,
map view, line graph and bar graph for the aspect of
interests. The WHO maintained official, authoritative
oversight. It provides informative dashboards on
COVID-19 summary, circulation, cases, deaths, hospi-
talizations, and variants. Users can filter on geographi-
cal regions.

We developed two integrated dashboards, namely a
Vaccine dashboard and a Stringency Index and Policy
Dashboard Vaccine dashboard and a Stringency Index
and Policy Dashboard — https://app.powerbi.com/view?r=
eyJrljoilYWYOYmNIMzEtZWYOMS00Nzg 1 LWEINW
YtYTI20TIyMzBiZDUzIliwid CI6TNmM2YyNTcl1LT
QzMWEINDYzYy050Dg3LTEwMzExZDZIYTE4OS
J9 using the data from Our World in Data and the
OxCGRT. The data covers the period from 1st January
2020 to 1st October 2022. The “integrated” (integra-
tion referred to here is the functionality whereby select-
ing/filtering any element(s) will result in automatic
updates of the rest of the charts). The colour scheme is
chosen to enhance visual clarity. However, since colour
vision impairment includes a variety of inherited and
acquired impairments, including vision changes associ-
ated with old age,*? user options could include a drop-
down menu of preset colour options (e.g. for red-green
colour blindness), or a slider function to increase or
decrease colour saturation.*>**

Customization options could also be included to
visually differentiate the level of detail/granularity of
the data. For example, individual level data could be
displayed in higher resolution while aggregate level
data could be displayed with larger pixelation.
Uncertainty in the days could similarly be displayed
using a blurring gradient.

Vaccine dashboard

We developed an integrated dashboard to explore and
analyze the vaccine status, see Figure 6. In this map,
the bubbles represent the countries’ locations, and the
size and the colour scale of the bubble corresponds


https://app.powerbi.com/view?r=eyJrIjoiYWY0YmNlMzEtZWY0MS00Nzg1LWE1NWYtYTI2OTIyMzBiZDUzIiwidCI6IjNmM2YyNTc1LTQzMWEtNDYzYy05ODg3LTEwMzExZDZlYTE4
https://app.powerbi.com/view?r=eyJrIjoiYWY0YmNlMzEtZWY0MS00Nzg1LWE1NWYtYTI2OTIyMzBiZDUzIiwidCI6IjNmM2YyNTc1LTQzMWEtNDYzYy05ODg3LTEwMzExZDZlYTE4
https://app.powerbi.com/view?r=eyJrIjoiYWY0YmNlMzEtZWY0MS00Nzg1LWE1NWYtYTI2OTIyMzBiZDUzIiwidCI6IjNmM2YyNTc1LTQzMWEtNDYzYy05ODg3LTEwMzExZDZlYTE4
https://app.powerbi.com/view?r=eyJrIjoiYWY0YmNlMzEtZWY0MS00Nzg1LWE1NWYtYTI2OTIyMzBiZDUzIiwidCI6IjNmM2YyNTc1LTQzMWEtNDYzYy05ODg3LTEwMzExZDZlYTE4
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Figure 6. Vaccine dashboard.

with the percentage of the population vaccinated. The
column chart shows the vaccination rate per day and
the clustered column chart represents the availability
of the vaccine, number of fully vaccinated people, and
those with boosters for each country. A column chart
is used to show hospitalization rate per day, while the
donut chart shows the proportion of vaccine from dif-
ferent manufacturers. A decomposition tree is used to
show the number of patients in Intensive Care Units
(ICU), and the clustered column chart shows the vac-
cination information for different age groups.
Summary information regarding the available vaccina-
tion, fully vaccinated, boosters, and hospitalization are
available on the left-hand side. While the temporal

patterns of new cases, new deaths, and percentage of
the population being vaccinated, along with overall
population, are shown at the top of the dashboard.
Users can use the time slider to select the time period
of interest. Users can also select information of inter-
est by clicking on any element in any of the display or
using the selector on the left-hand side in any combi-
nation. Each display has its corresponding tooltip for
more detailed information. The integrated dashboard
provides an effective means to filter, zoom and pan to
explore and analyze the data, and, as it is integrated,
clicking or filtering any feature in any display will
result in an automated updates on all other displays.
Users can use the time slider to select the time period
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or specific day of interests thus allowing association
and understanding of cause and effect between under-
lying structures and surface level events in accordance
with the Iceberg model.

The dashboard covers a comprehensive amount
of information in relation to the vaccines: the manu-
facturers, geographical, temporal as well as the vac-
cination status of the individuals in different
countries — and their age groups. Furthermore, the
number of people treated in hospital and the num-
ber in ICUs are also presented, thus providing an
awareness of general population health status. The
charts in the dashboard are integrated, therefore

selecting/filtering any elements will result in auto-
matic updates of the rest of the charts. Users can
select information of interest in any combination,
time period, geographical location(s), particular
vaccines for particular age group(s), and the hospi-
talization and ICU occupancies.

Users can, for instance, discover from the dash-
board that Pfizer/BioNTech has the highest usage fol-
lowed by Moderna, or the vaccination status from
different countries (map view) in different time peri-
ods, as well as hospitalization and ICU occupancy.
The age group information also provides insight into
the uptake of vaccines.
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Figure 8. Exploration of Italy.

Clicking in the donut ring or selecting from the
dropdown box in the selector, for example Moderna,
would show information on which countries and age
group(s) etc. the Moderna vaccine has been used,
Figure 7. Also, the age groups that were vaccinated by
Moderna. This provides an efficient means of analyz-
ing the vaccine of interest and gaining insight into its
uptake and impact.

Users can also select country (countries) of inter-
ests, Figure 8. Users can discover the vaccine informa-
tion for Italy: such as, what vaccines are available, age
groups, temporal pattern of vaccine uptakes etc. This

provides an efficient means to explore and identify the
temporal pattern of infection in different countries and
the availabilities of vaccines and the status of the vacci-
nation, and insight of the health status such as hospita-
lization and ICU occupancies and gain insight of the
underlying healthcare system infrastructure.

Stringency index and policy dashboard

During the pandemic there were various public health
measures and policies from the different countries to
slow or contain the infection rate, such as vaccination



440

Information Visualization 24(4)

to make contact safer, travel bans, social distancing,
face covering, school closure, workplace closure, or
lockdown to reduce contacts.

The Oxford Coronavirus Government Response
Tracker (OxCGRT) is a project initiated by the
Blavatnik School of Government at the University of
Oxford. It systematically collected information on sev-
eral different policy measures that governments used
to manage COVID-19 from more than 180 countries.
It thus provides a means to systematically track and
compare the governmental responses to the pandemic
worldwide.*>*° It covers policies such as containment
and closure policies, (e.g. travel restrictions and school
closures), healthcare policies (such as testing and con-
tact tracing), and economic policies (e.g. income sup-
port, debt/contract relief). They developed a
stringency index which is a composite measure based
on several response indicators such as school closures,
workplace closures, monetary measures, vaccine
investment and travel bans, rescaled to a value from 0
to 100 (100 = strictest). The index records the strict-
ness of “lockdown style” policies that primarily
restricted people’s behaviour. It is calculated using all
ordinal containment and closure policy indicators,
plus an indicator recording public information cam-
paigns. It provides a means to explore and understand
the different policy interventions and their resultant
impacts on health, social and economic outcomes.
Figure 9 shows the stringency index and policy
responses in different countries and the different time
periods. The map at the top left shows the stringency
index for each country while the line chart shows the
temporal pattern of the stringency index for each
country. The remaining six maps show the most
impactful policy responses, such as face coverings,
international travel controls, internal movement
restrictions, stay at home, school closure, and work-
place closures. In the case of face covering, the imple-
mented measures categories varied from: no measure,
recommended, required in some public spaces,
required in all public space, required outside-the-
home at all times, and to no data available. The inter-
national travel restrictions include: no measure,
screening required, quarantine from high-risk coun-
tries, ban on high risk regions, total border closure,
and no data. While internal movement restriction ran-
ged from: no measures, recommended movement
restriction, restrict movement, and to no data. Stay-at-
home policies include, no measure, recommended not
to leave house, required (only essential), required (few
exceptions), and no data. School closure policy varied
from: no measure, recommended closing, required
closing only at some levels, required closing at all lev-
els, and to no data. Workplace closure varies from: no

measure, to recommended, required for some,
required for all but key workers, and to no data. The
above illustrates the various policies and how they
were implemented in different countries. Users can
observe that the temporal pattern of the stringy index
of each country and how they compared with other
countries. Users can also discover that neighbouring
countries do not necessarily have the same measures.
These measures vary in response to the health status
of the country, such as the number of cases and
deaths, as well as ICU occupancy etc.

Figure 10 shows the stringency index and policies
in Australia and USA. The user can thus, for example,
discover how the measures varied between these two
countries and varied temporally in response to the
COVID-19 status in the country in question.
Furthermore, that the same stringency index in two
countries can result from different combinations of
policies.

Users can analyze the stringency index and the poli-
cies for the countries they are interested in, for exam-
ple, or select a specific time period. It can be observed
that neighbouring countries can have similar or very
different policies and approaches. This provides an
efficient means for comparing the different policies
among the different countries during different time
periods, and so gives an insight into the policies
applied to reducing the infection rates and the strin-
gency index pattern.

These dashboards have been designed with the aim
to provide a useful and usable means to explore and
understand the COVID-19 situation. The above dash-
boards show the exploration and analysis of COVID-
19, in particular, the dynamic temporal and geospatial
characteristics of vaccination, stringency index and
policies, hospitalization, and age groups in different
countries, that is, the observable events and their pat-
tern and trends. Although, the time period for the data
in the present implementation is defined, if more data
were available, the dashboard can be refreshed to
include new data. The frequency of refresh is depen-
dent upon the frequency of data availability (collection
and transformation into an appropriate form) which
can vary from by the second, minute, hour, day, week,
year etc. The dashboard can be displayed on computer
screens and mobile devices.

Conclusions

COVID-19 created a global complex situation in
which many aspects of populations’ lives, such as
health, economy, education, travel, and social interac-
tions were extensively affected. The complexity arises
from multiple elements with dynamic interactions
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where feedback loops and non-linear changes lead to
emergent phenomena that cannot be explained by
examining individual elements in isolation. The inter-
active dashboards show the observable outcomes and
behaviours of these interactions and provide an effec-
tive and efficient means of understanding and gaining
awareness of the situation, and deriving insight, and
thence to enable informed decision making and some
understanding of the underlying complexity of the
situation.

We find that mobility patterns are linked to out-
breaks, while vaccines reduced severe outcomes, and
system-level coordination enhanced desired outcomes
— illustrating the Iceberg for complex systems
characteristics.

Future work is required to develop means of analyz-
ing, modelling and integrating the layers below the
waterline in the Iceberg Model. Based on initial reac-
tions from healthcare workers and policy makers in
the UK to the COVID-19 pandemic, mindsets were
negatively shifted from several factors which can be
addressed by data captured in the current dash-
boards.*” A lack of efficient use of scientific data was
seen as a deficiency in early response where policy
makers made “emotional responses” and hid behind
limited scientific understanding.*” The transparency
provided by these dashboards would arm policy mak-
ers, health workers, and citizens with shared awareness
of a ground truth. Noting the types of data used by
other user groups would provide information about
their decision-making and potentially foster trust.
Trust in policy makers or government has been shown
to be positively correlated with protective behaviours
such as wearing a mask, respiratory etiquette, disin-
fecting surfaces, washing hands, and using sanitizer.*®
The utilization of an information rich tool by users
across decision-making ranks (i.e. civilian to policy
maker) would further increase overall trust in the
health community by citizens by visually representing
the correlated responses of decision-makers with the
usefulness of information.*’

Future work may be directed at full user-centred
design testing for each type of user and studies of trust
in health communities and intentions to engage in pro-
tective or preventative behaviours based on trust.

This paper reports on an experimental application
and, as such, was limited to a selected test bed of
data. Graphic resolution and user options for custo-
mizability of data representation and analysis were
likewise limited within the scope of this exercise. A
fully functional version of the application would be
envisioned to support visual analysis to the appropri-
ate resolution of the data, and accommodate a vari-
ety of user needs, including individuals with colour
vision impairment.

Acknowledgement

This is the work of the NATO Visual Analytics for
Complex Systems Research Task Group.

ORCID iD

Margaret Varga
1626

https://orcid.org/0000-0002-9086-

Funding

The author(s) received no financial support for the
research, authorship, and/or publication of this article.

Declaration of conflicting interests

The author(s) declared no potential conflicts of inter-
est with respect to the research, authorship, and/or
publication of this article.

References

1. World Health Organization. Novel Coronavirus (2019-
nCoV): situation report, 22. World Health Organization,
2020.

2. Wernli D, Tediosi P, Blanchet K, et al. A complexity lens
on the COVID-19 pandemic. Int ¥ Health Policy Manag
2022; 11(11): 2769-2772.

3. Traeber-Burdin S and Varga M. Dealing with complex
situations: towards a framework of understanding prob-
lems. In: 2022 IEEE international conference on systems,
man, and cybernetics (SMC), Prague, Czech Republic,
October 2022.

4. Traeber-Burdin S and Varga M. How does Systems
Thinking support the understanding of complex
situations? In: IEEE 8th international conference on system
engineering, Vienna, Austria, October 2022.

5. Kim DH. Introduction to systems thinking. Pegasus Com.,
Inc., 1999.

6. Thurner S, Hanel R and Klimek P. Introduction to the
theory of complex systems. Oxford University Press
eBooks, 2018.

7. Meadows H. Thinking in systems: A primer. 11th ed.
Chelsea Green Publishing, 2008.

8. Varga, M., Ndoni, A., Traeber-Burdin, S., Panganiban
and Lavigne, L, Interactive Visual Anlaysis of COVID-19.
28" International Conference, Information Visualisation,
23-26 July 2024, Coimbra, Portugal.

9. Hill AB. The environment and disease: association or
causation? Proc R Soc Med 1965; 58(5): 295-300.

10. Biltgen P and Ryan S. Activizy-based intelligence — princi-
ples and applicarions. Artech House Inc, 2016.

11. Atwood CP. Activity based intelligence — revolutionizing
military intelligence analysis. ¥FQ 77, 2nd Quarter, 2015.

12. Managing epidemics: key facts about major deadly diseases.
2nd ed. World Health Organization, 2023. https://iris.
who.int/bitstream/handle/10665/374062/
9789240083196-eng.pdf (accessed 13 April 2025).


https://orcid.org/0000-0002-9086-1626
https://orcid.org/0000-0002-9086-1626
https://iris.who.int/bitstream/handle/10665/374062/9789240083196-eng.pdf
https://iris.who.int/bitstream/handle/10665/374062/9789240083196-eng.pdf
https://iris.who.int/bitstream/handle/10665/374062/9789240083196-eng.pdf

4b4

Information Visualization 24(4)

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

COVID-19 Data Repository by the Center for Systems
Science and Engineering (CSSE) at Johns Hopkins Uni-
versity, 2020. Dong E, Du H and Gardner L. An interac-
tive web-based dashboard to track COVID-19 in real
time. Lancet Inf Dis. 20(5):533-534. doi: 10.1016/
S1473-3099(20)30120-1 (accessed 12 January 2024)
Global research on coronavirus disease (COVID-19),
World Health Organization, WHO, https://www.who.int/
emergencies/diseases/novel-coronavirus-2019/global-resear
ch-on-novel-coronavirus-2019-ncov (2020, accessed 8
December 2023).

Mathieu E, Ritchie H, Rodés-Guirao L, et al. Corona-
virus pandemic (COVID-19). OurWorldInData.org,
https://ourworldindata.org/coronavirus (2020, accessed
22 March 2024).

CDC COVID Data Tracker: Home (https://covid.cdc.
gov/covid-data-tracker/#datatracker-home), accessed 19
February 2024
https://www.ecdc.europa.eu/en/covid-19/data, European
Centre for Disease Prevention and Control, (accessed 6
January 2024).

Chishtie JA, Marchand ]S, Turcotte LA, et al. Visual
analytic tools and techniques in population health and
health services research: scoping review. ¥ Med Internet
Res 2020; 22(12): e17892.

Chishtie J, Bielska IA, Barrera A, et al. Interactive visua-
lization applications in population health and health ser-
vices research: systematic scoping review. § Med Internet
Res 2022; 24(2): e27534.

Comba JLD. Data visualization for the understanding of
COVID-19. Compur Sci Eng 2020; 22(6): 81-86.

Leung CK, Chen Y, Hoi CS, et al. Big data visualization
and visual analytics of COVID-19 data. In: 2020 24th
international conference informarion visualisation (1V),
September 2020. Melbourne, Australia: IEEE.

Reinert A, Snyder LS, Zhao ], et al. Visual analytics for
decision-making during pandemics. Compur Sci Eng
2020; 22(6): 48-59.

Alhur AA. Public health informatics: the importance of
Covid-19 dashboard in KSA for sharing and visualizing
health information. ¥ Inf Syst Digit Technol 20235 5(1):
43-59.

Yu X, Ferreira MD and Paulovich FV. Senti-COVID19:
an interactive visual analytics system for detecting public
sentiment and insights regarding COVID-19 from social
media. IEEE Access 2021; 9: 126684-126697.

Roberts JC. State of the art: coordinated & multiple views
in exploratory visualization. In: Fifth international conference
on coordinated and multiple views in exploratory visualization
(CMV 2007), August 2007. Zurich, Switzerland: IEEE.
Schulze A, Brand F, Geppert ], et al. Digital dashboards
visualizing public health data: a systematic review. Front
Public Health 2023; 11: 999958.

Akhtar N, Tabassum N, Perwej A, et al. Data analytics
and visualization using Tableau utilitarian for COVID-19

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

(Coronavirus). Glob § Eng Technol Adv 2020; 3(2):
28-50.

Peeples L. Lessons from the COVID data wizards.
Nature 20225 603(7902): 564-567.

Kahn P, Dubberly H and Rodighiero D. COVIC: col-
lecting visualizations of COVID-19 to outline a space of
possibilities. Des Issues 2022; 38(4): 44-62.

COVIC. COVID-19 online visualization collection,
https://covic-archive.org/index.html (accessed 3 January
2024).

Ansari B and Martin EG. Integrating human-centered
design in public health data dashboards: lessons from
the development of a data dashboard of sexually trans-
mitted infections in New York State. ¥ Am Med Inform
Assoc 20245 31(2): 298-305.

Zhuang M, Concannon D and Manley E. A framework
for evaluating dashboards in healthcare. IEEE Trans Vis
Comput Graph 2022; 28(4): 1715-1731.

Eberhard K. The effects of visualization on judgment
and decision-making: a systematic literature review.
Manag Rev Q 2023; 73(1): 167-214.

Dasgupta N and Kapadia F. The future of the public
health data dashboard. Am ¥ Public Health 2022; 112(6):
886-888.

KNIME analytics platform. KNIME, https://www.
knime.com/knime-analytics-platform (accessed 18 Janu-
ary 2022).

Power BI. Microsoft, https://www.microsoft.com/en-us/
power-platform/products/power-bi (accessed 6 March
2022).

Street M, Mestric II, Ndoni A, et al. Data driven deci-
sion support during COVID. Procedia Comput Sci 2022;
205: 117-126.

Liggett K and Kullman K. Human factors
considerations for visual analytics. In: NATO Technical
Report of the NATO IST-141 Research Task Group
Exploratory Visual Analytics. NATO, February 2023,
pp- 25.

Parsons P, Sedig K, Didandeh A, et al. Interactivity in
visual analytics: use of conceptual frameworks to sup-
port human-centered design of a decision-support tool.
In: 48th Hawaii international conference on system sciences,
5-8 January 2015, Hawaii, USA.

Rehfuess A, Movsisyan A, Pfadenhauer LM, et al. Pub-
lic health and social measures during health emergencies
such as the COVID-19 pandemic: an initial framework
to conceptualize and classify measures. Influenza Other
Respir Viruses 2023; 17(3): e13110.
https://ukhsa-dashboard.data.gov.uk/topics/covid-19

UK Health Security Agency, (accessed 20 March 2024).
Color vision deficiency. American Optometric Associa-
tion, https://www.aoa.org/healthy-eyes/eye-and-vision-
conditions/color-vision-deficiency#:~:text=Color%20vi
sion%?20deficiency%20is%20the,the%20eye %20know
n%?20as%20cones (accessed 11 July 2025).


https://www.who.int/emergencies/diseases/novel-coronavirus-2019/global-research-on-novel-coronavirus-2019-ncov
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/global-research-on-novel-coronavirus-2019-ncov
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/global-research-on-novel-coronavirus-2019-ncov
https://ourworldindata.org/coronavirus
https://covid.cdc.gov/covid-data-tracker/#datatracker-home
https://covid.cdc.gov/covid-data-tracker/#datatracker-home
https://www.ecdc.europa.eu/en/covid-19/data
https://covic-archive.org/index.html
https://www.knime.com/knime-analytics-platform
https://www.knime.com/knime-analytics-platform
https://www.microsoft.com/en-us/power-platform/products/power-bi
https://www.microsoft.com/en-us/power-platform/products/power-bi
https://ukhsa-dashboard.data.gov.uk/topics/covid-19
https://ukhsa-dashboard.data.gov.uk/topics/covid-19
https://www.aoa.org/healthy-eyes/eye-and-vision-conditions/color-vision-deficiency#:~:text=Color%20vision%20deficiency%20is%20the,the%20eye%20known%20as%20cones
https://www.aoa.org/healthy-eyes/eye-and-vision-conditions/color-vision-deficiency#:~:text=Color%20vision%20deficiency%20is%20the,the%20eye%20known%20as%20cones
https://www.aoa.org/healthy-eyes/eye-and-vision-conditions/color-vision-deficiency#:~:text=Color%20vision%20deficiency%20is%20the,the%20eye%20known%20as%20cones
https://www.aoa.org/healthy-eyes/eye-and-vision-conditions/color-vision-deficiency#:~:text=Color%20vision%20deficiency%20is%20the,the%20eye%20known%20as%20cones

Varga et al.

445

43.

44.

45.

Hathibelagal AR. The impact of display saturation on
visual search performance in congenital colour vision
deficiency. PLoS One 2023; 18(9): e0290782.

Lin Y, Chen LQ and Wang ML. Improving discrimina-
tion in color vision deficiency by image re-coloring. Sen-
sors (Basel) 2019; 19(10): 2250.

Oxford Covid-19 Government Response Tracker
(OxCGRT), Blavamik School of Government, Oxford
University. Thomas Hale, Noam Angrist, Rafael Gold-
szmidt, Beatriz Kira, Anna Petherick, Toby Phillips, Samuel
Webster, Emily Cameron-Blake, Laura Hallas, Saptarshi
Majumdar, and Helen Tatlow. (2021). “A global panel
database of pandemic policies (Oxford COVID-19 Govern-
ment Response Tracker)”. Nature Human Behaviour.
https://doi.org/10.1038/s41562-021-01079-8. (accessed 22
March 2023).

46.

47.

48.

49.

Hale T, Angrist N, Goldszmidt R, et al. A global panel
database of pandemic policies (Oxford COVID-19 Gov-
ernment Response Tracker). Nar Hum Behav 2021;
5(4): 529-538.

Atkinson P, Gobat N, Lant S, et al. Understanding the
policy dynamics of COVID-19 in the UK: early findings
from interviews with policy makers and health care pro-
fessionals. Soc Sci Med 2020; 266: 113423,

Figueiras MJ, Ghorayeb J, Coutinho MYV, et al. Levels of
trust in information sources as a predictor of protective
health behaviors during COVID-19 pandemic: a UAE
Cross-Sectional study. Front Psychol 20215 12: 633550.
Mpinganjira M. Precursors of trust in virtual health
communities: a hierarchical investigation. Inf Manage
2018; 55(6): 686—694.


https://doi.org/10.1038/s41562-021-01079-8

