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Abstract

Due to the large amount of data generated by the rapid emergence of new technologies, data
visualization tools, such as dashboards, have emerged, allowing the representation of information that
stimulates visual perception capabilities. Despite the growing popularity of such data visualization tools,
little is known about the methods used to support their design. Despite the recognized importance of
users’ opinion in dashboard design, the number of studies that combine participatory methods with

visualizations options is very limited.

This study aims to explore methods to inform the design of data visualization tools. Specifically, so as
to understand which visualisation formats should be incorporated within dashboards for the COVID-19
pandemic, research is developed to understand the preferences and views of general population about
distinct data visualization formats.

A novel approach to improve the process of selecting visualization formats was developed, considering
not only the theory-based evidence, but also the perception of final users. The approach incorporates a
Delphi process to understand preferences and acceptability of alternative visualizations. The developed
approach was applied to select appropriate data visualization formats for public web-based COVID-19
dashboards — with 47 individuals participating in the Web-Delphi process, and afterwards, preference
gathered in the Delphi process were applied to the design of the DGS COVID-19 dashboard, so as that
it accounts users’ preferences. A platform to run the Delphi process was programmed.

The aftermath of this study is a contribute to data visualization selection literature in the context of
COVID-19 pandemic and of dashboard design.

Keywords: Dashboard; Delphi process; Data visualization tools; COVID-19; Portugal.






Resumo

A grande quantidade de dados gerados pela rapida evolucao das novas tecnologias, fez surgir métodos
de visualizacédo de dados, como dashboards, que permitem a representacdo de informacéo de modo a
estimular as capacidades de percecao visual. Apesar da crescente popularidade desses métodos,
pouco se sabe sobre os processos utilizados para auxiliar o seu design. Apesar da reconhecida
importancia da opinido dos utilizadores sobre o design de dashboards, o nimero de estudos que

combinam métodos participativos com opcdes de visualizagdo é muito limitado.

Este estudo tem como objetivo explorar processos que auxiliem o design de métodos de visualizacédo
de dados. Especificamente, de modo a perceber quais visualizacdes podem ser incorporadas em
dashboards sobre a pandemia de COVID-19, é desenvolvida uma pesquisa sobre as preferéncias da
populacdo em relacéo a diferentes formatos de visualizacao.

Foi desenvolvida uma nova estratégia para melhorar o processo de selecdo de formatos de
visualizagcéo, considerando ndo sO evidéncias baseadas na teoria, mas também a percecdo dos
utilizadores. Esta abordagem incorpora um processo Delphi para perceber as preferéncias e
aceitabilidade de visualiza¢des alternativas. A estratégia desenvolvida foi aplicada para selecionar
métodos de visualizagdo apropriados para dashboards publicos de COVID-19. Posteriormente, as
preferéncias obtidas no processo Delphi foram aplicadas ao design do dashboard de COVID-19 da
DGS, de modo a integrar as preferéncias dos utilizadores. Uma plataforma para executar o processo
Delphi foi programada.

O resultado deste estudo é uma contribuicdo para a literatura de selecdo de visualizacdo de dados no
contexto da pandemia de COVID-19 e do design de dashboards.

Palavras-chave: Dashboard; Processo Delphi; Métodos de visualizacdo de dados; COVID-19;
Portugal.
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1 Introduction

Nowadays, due to the massive data generation in all areas, new challenges are required to be able to
represent relevant information and derive the value from it. In healthcare, evolving data-related concerns
present analogous challenges of information integration, putting public health practitioners under more
stress [1]. As a consequence, data visualization tools have emerged, allowing the representation of data
that stimulates visual perception capabilities in order to magnify cognition [1]. Since visual systems are
powerful mechanisms to detect patterns, they can be crucial to help healthcare decision-makers achieve
new discoveries, and consequently, conduct them to the problem resolution. In this way, well-designed
data visualization tools increase drastically that ability to analyse huge amounts of data and optimize its

processing, even when the questions of decision-maker are still unspecified [2].

The primary goal of data visualization tools is to provide a clear vision of selected information, however,
deciding on the right visualization methods is not easy at all. The effective visualization tool must be
perceptible and render the main characteristics of the metric in question, otherwise, it can be misleading
and guide to wrong conclusions. The evolution of visualization methods culminated in creation of
dashboards, which incorporate different visualization formats on a single screen in order to facilitate

understanding of information.

Despite the growing popularity of data visualizations tools, little is known about the methods to support
their design for dashboard Not only there is a few number of studies regarding the data visualizations
tools, but also existing ones do not provide recommendations for theorizing the selection of data
visualization formats for dashboard [3]. Moreover, the design of data visualization tools is confirmed to
be inextricably linked to end-users’ perception and attention [4], [5]. Despite the significance of users’
input for dashboard design, up to our knowledge, the number of research that utilize participatory

techniques to investigate dashboard visualizations is very low.

In this thesis, attention is given to methods for selecting data visualization formats in the context of
dashboard design and applied to information about the COVID-19 pandemic. The research is performed
to address the limitations of current dashboards, namely the lack of a well-founded rationale for selecting
appropriate visualizations, either considering theory-based evidence and the perspective of dashboard

end users.
1.1 Thesis objectives

The main goal of this thesis is to explore methods to inform the design of data visualization tools and
select the data visualization formats, that can be incorporated in dashboards and used to transmit
relevant information about COVID-19 pandemic. This way, the research will be developed regarding the
preferences and views of general population for distinct data visualization formats. Specifically, the
visualization literacy of dashboard design will be investigated to identify most appropriate data
visualizations for selected COVID-19 data, in order to increase the learning outcome and improve
dashboard effectiveness. Furthermore, the research will give insights on differences in stakeholders’

views that may go unnoticed when focusing on individual opinions, highlighting the need for involving
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different stakeholders not only in the data collection for decision-making dashboard, but also in visual

formats’ selection.
1.2 Thesis outline

The present dissertation is structured into nine chapters. After this introduction, Chapter 2 sets the
context by giving scientific background about data visualization tools and its applications in healthcare
and specifically, in COVID-19 pandemic.

The objective of Chapter 3 is to provide an understanding of existing literature about data visualization
tools in order to identify main limitations and areas for future improvement. Chapter 4 develops a novel
approach to assist in the selection of the most appropriate data visualization formats for dashboard
indicators. The application of the developed approach to improve the design of the public web-based
COVID-19 dashboards is described in Chapter 5, and the results of this implementation are presented
in Chapter 6. It also describes real-life application of case study results to DGS COVID-19 Dashboard
with the objective to analyze and improve its design. The results, advantages, and limitations of the
established approach are discussed in Chapter 7, and finally, Chapter 8 presents final conclusions about
the work developed in this thesis and reflects upon future work and possible methodology

improvements.
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2 Context

In this chapter key concepts about data visualization tools and its applications in healthcare are
introduced. Specifically, a brief description of relevance of data visualization tools is elaborated. Also,
the context of COVID-19 and its contribution for the development of data visualization tools are

introduced.
2.1.1 Data visualization tools

Advances in technology and computer graphics have introduced a multitude of techniques for visually
representing data, offering a wide choice of visualization methods to enable users to obtain information
from a data set. Here, the dashboard emerges as a combination of multiple data visualization formats
to improve efficiency of information transmission. Dashboard designers face the problem of presentation
format as there are alternative ways of displaying metrics and trends on a dashboard. Therefore, it is

necessary to obtain guidance to select data visualization formats for certain indicators [4], [6].

Research on dashboards and visualization principles is still in its early stages, with just a few
publications starting to appear recently, like Yigitbasioglu & Velcu [7]. Some design and presentation
recommendations can be found in information systems literature, including Cairo, 2012 [8] and Kirk,
2019 [9]. Few [10] provides a detailed survey of contemporary software-based data visualizations but it
only goes to a descriptive level and makes no recommendations for theorizing or reflective
formalizations concerning data representations in dashboards. On the same level of abstraction, there
are a number of contributions in the literature that focus on data or information visualization, such as
[9], [11], [12]. These studies are primarily concerned with visual design and do not integrate their findings
into a broader focus of reasoning about developing software-based visualization techniques for

improved information systems [13].

Therefore, the majority of studies regarding dashboard design does not focus specifically on selection
of data visualizations without using standardized guidelines, relying only on the opinion and perception
of the developer [4], [14], [15], [16], [17]. Some articles select visual formats for certain type of dashboard
based on the previous studies, so the existing methodologies are highly specific [2], [18], [19].
Additionally, some dashboard designs focus on goal orientation approach and select the visualization
format according to its intended purpose and the typology of outcome expected from the final user [4],
[5]. However, this approach is very limited and does not provide specific guidelines regarding the choice

of presentation formats to be used.

Despite its high relevance, the theoretical reflections on visualizations are rarely performed. This leaves
an open research question on how to describe and depict visualizations independently from their
concrete graphical appearance, but that are specific to the information that they convey [13]. Previous
research studies on theoretical frameworks to guide visualization choices for diverse dataset domains
suggest a variety of classifications to consider when creating visual representations in general [4]. In
some approaches, the intrinsic characteristics of the dataset are employed as a main directive for the
visualization choice, considering that the structural correspondence criterion is a necessary condition

without which the visualization cannot be guaranteed to be effective [9], [20], [21].
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Therefore, many researchers in the field of information visualization use a technical approach to identify
appropriate data visualizations by categorizing them according to data properties. Earlier studies by
Bertin [22], Tufte [23], and others enumerated different types of visual representations and connected
them with intrinsic characteristics of dataset. Moreover, some suggested that the selection of
appropriate display formats for users is based on certain rules, i.e., on structure of data and whether the
data attributes are categorical or quantitative [9], [21], [24]. However, in majority of cases this approach
is not applied to dashboard design in a systematic way, without providing a step-by-step guideline to

determining the most appropriate visualization type for a particular situation.

As a new subject, it is expected that some studies focus on the user’s perception of the dashboards
[25]. This way, the choice of visualization format to use depends not only on the types of data to be
displayed, but also on the types of insight people are expected to be able to gain. Since the design of
data visualization tools is highly related with learning theories of cognition, the choice of interactive
components such as charts and maps, depends on end-users’ perception and attention [25]. Therefore,
some studies integrate participatory methods, such as surveys, workshops, Delphi, etc., where
stakeholders are directly invited into the design process [26], [27], [28]. However, despite the highlighted
importance of stakeholder's opinion for dashboard design, the number of studies that integrate
participatory methods to explore visualization of dashboard is very limited and the adopted participatory

methods are not transparent.

According to the collected information, the challenges regarding the design of data visualization tools

were identified. The main concerns are specified below.

e The lack of a use of a transparent step-by-step approach as a mean to support and ease the
dashboard design. In this specific case, it could be very useful a process that could help reinvent
and structure the process of data visualization format’s selection in a more competent and effective
way, providing an evidence-based guidance.

e Very limited research regarding the use of participatory methods for data visualization format’s

selection.
2.1.2 Data visualization tools in healthcare

In healthcare, constantly growing data-related issues present similar challenges of information
integration and visualization, leading to increased pressure on public health practitioners. Since health
data is complex, the visualization of data with associated geospatial information can be very efficient in
discovering the patterns and trends of population health. Therefore, data visualization tools in healthcare
can give overwhelming number of opportunities for policy development and academic research, and
different studies demonstrate the effectiveness of incorporating visuals in health and medical

communication [29], [30].

However, the development of healthcare visualization tools is a complex task due to the heterogeneity
and complexity of data. A selection of geospatial, temporal and text information to integrate within a
visual context involves collaborative processes with multidisciplinary research groups and wide range
of stakeholders [17]. These processes are particularly important as decisions are made collaboratively

across various situational and personnel contexts. However, they are very time-consuming and difficult
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to perform, and little research exists regarding the contribution of these collaborations for tool

development and the preferences and views of final users for distinct data and visual formats [31].

Consequently, according to literature, there are few data visualization tools for healthcare that have
been created as a result of collaboration with stakeholders [32]. It is therefore essential to identify
effective practices for visualization selection and use and investigate the opinion of stakeholders

regarding the implementation of certain visualization elements.
2.1.3 Data visualization tools and COVID-19

In December 2019, a local outbreak of initially unknown respiratory illness was detected in Wuhan
(Hubei, China) and was rapidly identified to be caused by coronavirus SARS-CoV-2. On 11 March 2020,
coronavirus disease 2019 (COVID-19) was announced a pandemic by the World Health Organization
(WHO) [33]. Today (25/10/21), 245 million confirmed cases and almost 5 million deaths are identified,
and consequently, there are severe concerns about the social, economic and health impact of this virus
[34], [35].

Therefore, different policies for detection and containment of clusters of infection were established to
control the propagation of pandemic throw community transmission. For that reason, many data
visualization tools for decision support, such as web-based dashboards have been developed to
facilitate the transmission of relevant information to the general population and comprehension of the
COVID-19 data by the public. Therefore, the public web-based COVID-19 dashboards ultimately have
shared a common objective: to serve as both a communication tool and call for individual and collective
action to respond to the COVID-19 pandemic [36]. This type of solution is essential to guarantee the

monitoring of the disease evolution, not only regarding the number of new cases and deaths but also

WHO Coronavirus (COVID-19) Dashboard ata Table  Explore
BT

3154 603

870419
1aaz10301

3.1 Jtﬂ}ﬂ
gzt

Globally, as of 5:38pm CEST, 29 April 2021, there have been 149,216,984 confir
3,144,028 deaths, reported to WHO. As of 29 April 2021, a total of 968,452,1
administered

-19,

including
ve been

rrrrr = DGs

ACTIVOS

23.809 Vacinas administracien 1* Dose 2*Dose
. 2.259.097 825.849

794.781

Figure 1. WHO COVID-19 Dashboard (top left) [40], COVID-19 Dashboard by CSSE at Johns Hopkins
University (top right) [41], COVID-19 Dashboard by CSSE (bottom left) [42], and DGS COVID-19 Dashboard
(bottom right) [43].

other indicators and at different geographic scales, this way enabling the public to understand current

situation and develop certain behavior [37]-[39].
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The first web-based public COVID-19 dashboards were published by WHO and Johns Hopkins
University, to represent the pandemic situation by illustrating number of confirmed cases and deaths for
each country and worldwide [40], [41]. Another globally notable dashboard was developed by European
Centre for Disease Control and Prevention (ECDC) to monitor disease progression specifically within
the European Union [42]. In Portugal, Direcdo Geral da Salde (DGS) developed a dashboard which
integrated risk map of cumulative incidence for each region, and linked graphs to visualize evolution of
cases in country [43].

Most existing web-based public COVID-19 dashboards have focused on epidemiological data, e.g.,
number of confirmed cases and mortality. Less frequent indicator themes have been related to hospital
care (admissions to infection control units), testing (total test, testing rates), and spread and death
(recovered and active cases [36]. However, only the epidemiological data can be insufficient to discover
more specific relationships regarding the influence of other factors to coronavirus propagation.
Therefore, the demographic and socioeconomic indicators, such as age, social deprivation, population
density and ethnicity, started to be adopted by COVID-19 dashboards, although not frequently reported
[36], [38].

COVID-19 dashboards predominately report indicators on different geographic levels, representing
spatial variations of pre-determined COVID-19 indicators among different regions. On the other hand,
these indicators are also represented over time, predominantly by day, identifying temporal differences
among certain periods of time to show the effects of implemented policies, such as stay-at-home
strategy [39], [37]. In addition to geographic and temporal breakdowns, dashboards are used to analyze

data by other breakdowns, the most common of which are age and sex [36].

Visualization techniques have been front-and-center in the efforts to communicate the science around
COVID-19 to the general population. By definition, public web-based COVID-19 dashboards utilize the
data visualization formats to transmit indicators in the most perceptual way, usually in the form of graphs
or charts, maps and tables [36]. However, an overall underuse of known and proven delivery visual
technigues is a common issue for COVID-19 dashboards, that can mislead both unintentionally and

intentionally if the data visualizations are not accurately represented [44].

The use of spatial analysis in tracking and understanding the propagation of infectious illnesses is well-
known, reaching the peak of its’ popularity with development of Geographic Information Systems (GIS),
which significantly increased the opportunity to visualize and detect disease patterns [34]. The spatial
epidemiological data related to COVID-19 is usually based in aggregated data by region or area (e.qg.
counts or rates) and represented by bubble or choropleth maps [37]. The first one uses bubbles located
at the center of each region depicting coronavirus indicators values, e.g., total number of confirmed
cases, by the radius of the correspondent bubble. Alternatively, the choropleth map utilizes variations
in coloring to depict different values of COVID-19 indicators associated with each region or area.
Moreover, the maps can be complemented with other data visualization formats, e.g. column or bar

charts, that are frequently used to compare certain information between different regions [37].

On other hand, temporal information (e.g., daily or cumulative numbers of new cases, confirmed cases

and deaths) is usually represented by line graphs, column charts (or stacked column charts), and area
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charts. The representation of breakdowns such as age and sex is highly diverse, utilizing the wide range

of visualization formats not only to compare categories, but to assess the part-to-whole relationship [45].

This type of dashboards represents several challenges regarding their design. The review of 158 public
web-based COVID-19 dashboards demonstrates that clear reporting of a dashboard’s purpose (its
“why”) and audience (for “whom”) was infrequent [36]. On the other hand, an overall underuse of known
and proven data delivery techniques, e.g., visualization techniques, was found. Therefore, this study
highlights that there is no single approach to develop a dashboard and suggest that introducing certain
features, such as “use storytelling and visual cues” to improve interpretation may enhance the
dashboard efficacy. A study also underlines that the perspective of the target audience is needed to be
investigated to obtain insights from firsthand use, by highlighting “know the audience and their
information needs” feature [36]. Furthermore, one can assume that the web-based public COVID-19
dashboards represents the same challenges as dashboards in general.

Therefore, the challenges hereby described can be surpassed by applying the novel approach
developed in this thesis, to improve the efficiency of web-based public COVID-19 dashboards. In other
words, the final data visualization tool will be validated not only by evidence reported in literature, but
also by incorporating the values and preferences of the population, crucial for visualization’s acceptance
and legitimacy. This way, the approach guarantees that the developed data visualization tool is

adequate, functional, and meets the needs of end-users.
2.1.4 SCOPE - Spatial Data Science Services for COVID-19 Pandemic

Spatial Data Sciences (SDS) can be used to understand and predict spatial patterns of infectious
disease and its transmission dynamics, for subsequent development of optimal resources allocation
strategies and control interventions. The SCOPE project (Spatial Data Science Services for COVID-19
Pandemic, from the FCT call “Al 4 COVID-19: Data Science and Artificial Intelligence in the Public
Administration to strengthen the fight against COVID-19 and future pandemics - 20207, 2021-2023) aims
to utilize SDS to develop a functional software that can be used to manage spatial risk during epidemic
events and inform policy analyses. The SCOPE project already provides daily updates on maps with
local averages of infection risk, as well as the uncertainty associated with the spatial predictions. These

updates help inform the strategies and actions needed to manage the pandemic.

The COVID-19 maps produced by the SCOPE project are included into a group of maps entitled
“Disease mapping”, which gives approximate information on the infection risk occurring on certain
location. Normally, the COVID-19 maps that are being created to inform the public are defined by the
administrative unit, with constant infection risk value within each area. However, the maps produced by
the SCOPE depict spatially varying infection risks distributed over a spatial continuum. This way, a map

appears as the gradient of risk values, not exhibiting sharp discontinuities at the limits of each area.

Although these maps are used by health authorities, the SCOPE project has the objective of developing
new tools to spatially analyze the evolution of pandemic events, and to enable an analysis of policy,
being important to understand if the maps transmit information to the general population in friendly

formats. This thesis aims to develop methods to inform the SCOPE project.
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3 Literature review

This chapter has the goal of presenting key concepts and literature in order to frame the available
options and address issues identified in the previous section. The first section will cover a vast spectrum
of data visualization formats, emphasizing the underlying benefits of their implementation in decision-
making tools. Furthermore, the possibility of combining data visualization formats in dashboards will be
explored. Afterwards, a review of the dashboard as a visualization tool will be provided in second
section, specifically, its definition, purposes and development stages. Moreover, the second section will
cover the applicability of dashboards in healthcare and the main challenges related with the
development process. Lastly, an overview is made regarding the use of participatory methods in
dashboard design, enhancing the importance of stakeholders’ participation in the development process.
Therefore, the concept of participatory approach is briefly described, and the most common participatory
methods are enumerated. In the last part of section, the application of participatory methods to data
visualization formats’ selection for dashboards is investigated by gathering the scientific articles that

have explored this issue.
3.1 Data visualization formats

Human visual capabilities are a great instrument to identify trend and patterns [46]. Therefore, the proper
visualization significantly increases the perception of data elements, stimulating human’s perceptual

and cognitive abilities of problem solving [7].

The sudden increase in the quantity of data available in the last ten years has created new analytic
challenges regarding data visualization formats, or data visualizations, defined as a “representations of
data in some systematic form, including attributes and variables for the unit of information” [47]. Data
visualization format allows to use visual elements, with the purpose of representing large amounts of
information in the way that facilitates data interpretation. Through data visualization, the data is depicted
in ways that allow viewers to experience it in a new light, exploring the unseen patterns and relationships
within the data. Selection of data visualization format is not an easy task, since it requires a deep
knowledge in various subjects, including cognitive science, statistics, graphic design, cartography, and

computer science [9].

The selection of appropriate data visualization format to satisfy a specific objective is essential for
effective decision-making. [30], [48]-[50] According to Sedrakyan [4], good data visualization needs to
be clear, appropriate and memorable for the chosen audience, without containing a redundant
information. The modern technology and graphics offer a large choice of techniques for visual
representation, however the selection of the most suitable visualization for a given dataset is highly

subjective and complex.

Despite of growing popularity, there is essentially no design rationale for visualization’s selection in
existing theory, lacking proper grounding of the design of visual languages. The current state shows
that there are significant limitations to the methods and approaches used to select data visualizations.
Therefore, development of methodological standards for data visualization selection can provide

foundation to specify a rationale for selection of choices [51].
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The traditional view holds that visualizations can be selected by mapping conceptual elements (e.g.,
datasets) and visual representations (e.g., charts and graphs). In this approach, the essential properties
of a visual representation are abstracted from its individual graphical expressions, such as shape, color

or position, and focus on the underlying data structure [52].

Therefore, various studies state that data visualization format’s choice depends on the nature of the
data set [20], [22], [24], [53]. The data visualization process model for effective data visualization
proposed by Dastani [20] highlights two main steps (Figure 2):

1) Determine the data structure.
2) Determine visual elements that represent data elements in such a way that the perceptual

structure of the decided visual elements represents the structure of the data.

—b
Structured Structural Perceptual

Data Mapping Structure
Data Data Perception Layout
Analysis Generation
Visual
Data Pattern

—_— -
Visualization Interpretation

Figure 2. A process model for effective data visualization [20].
Identification of the data structure is not a trivial decision, since there are different structural properties

that can be defined for certain data set. The data familiarization and preparation need to be done, and
afterwards the fundamental structure must be understood. In order to facilitate the data set structuring
and identification of variables, a data set can be structured in the form of table that are made up of rows
and columns, where each column correspond to the certain data set variable, and each row represent
an item [9], [21].

Several studies ([13], [22], [24]) suggest the identification of variables’ type in order to proceed with the
refinement of data visualization choice. According to Jacques Bertin’s, “Semiology of Graphics” [22],
structural data variables comprises data values that can be classified as categorical or quantitative. A
categorical variable contains data rows with a limited number of distinct values, or a limited number of
aggregated ranges of quantitative values. In contrast, a quantitative variable corresponds to a dataset’s

column whose row values can take on a full range of numeric values.

The second step of Dastani model integrates the selection of correct visualization method, taking into
account the physical properties of the data and mapping them to perceptual structure of visualization,
considering the nature of variables. However, Kirk [9] outlines that the choice of visualization method
must examine not only the data structure, but also the final outcome intended with the use of data
visualization format. Therefore, the visual analysis work needs to be performed to explore the data set
and identify the possible comparisons, trends, patterns, and relationships that the data visualization
format is intended to demonstrate.
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In this respect, the taxonomy suggested by Kirk [9] categorizes the data visualization formats by the
primary communication methods, focusing on variety of possible outcomes (Table 1):
Table 1. Categorization according to communication purpose (source: [9]).
Method classification Communication purpose
Comparing categories To facilitate comparisons between the relative and absolute
sizes of categorical values.
Assessing hierarchies and part-to-whole To provide a breakdown of categorical values in their
relationships relationship to a population of values or as constituent elements
of hierarchical structures.
Showing changes over time To exploit temporal data and show the changing trends and
patterns of values over a continuous time frame.
Plotting connections and relationships To assess the associations, distributions, and patterns that
exists between multivariate datasets.
Mapping geo-spatial data To plot and present datasets with geo-spatial properties via the
many different mapping frameworks.

This categorization is flexible, since there are examples of a charts that spans across two method
classifications. Kirk [9] suggests that the choice of visualization format must be firstly driven by its
desired outcome, and afterwards, the accommodation of physical properties must be performed. This
way, the nature of the variables in question reduces the range of suitable chart types within each method

family.

In the next sections, an organized collection of some of the most common chart types and graphical
methods being used today is presented, taking in account taxonomy presented by Kirk. It is to consider
that many of the chart types represent several presentational characteristics and could be included into
more than just one classification method. Additionally, each chart type refers the type and quantity of

typical data variables normally used with it, with the objective of posterior refining by dataset nature.
3.1.1 Comparing categories
Bar and Column Charts

Data variables: 1 x categorical, 1 x quantitative.

Bar chart is one of the most commonly used data visualization formats, being utilized for comparison of
values of quantitative column across values of categorical column. The categorical values are grouped
by their x-axis label and are represented by bars, where their length is proportional to the quantitative
values that they represent. Column chart is analogous to bar chart, except the x-axis and y-axis are
swapped so that the bars are represented vertically instead of horizontally. This chart can be also used

to show evolution of data over discrete time intervals [47], [50], [53].
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Figure 3. Bar Chart [9].
Grouped Bar and Column Charts

Data variables: 2 x categorical, 1 x quantitative.

A grouped bar chart extends the bar chart, plotting quantitative values for levels of two categorical
variables instead of one. Bars are grouped by position for levels of one categorical variable, with color
indicating the secondary category level within each group. When constructing a grouped bar chart, one
of the most essential considerations to make is to decide which of the two categorical variables will be
the primary variable (dictating the axis positions for each bar cluster) and which will be the secondary
variable (dictating the number of bars to plot in each cluster). The grouped column chart can also be

used to compare distinct items at distinct time intervals, showing the trends over time [53].

Another variation, bi-directional or two-sided bar chart, compares two quantitative values of one
secondary categorical variable by "growing" two columns from the axis in the center in two opposite

directions for each primary category [21].

\\\\\\\\\

Figure 4. Grouped Bar Chart [54].
3.1.2 Assessing hierarchies and part-to-whole relationships

Pie and Donut Charts
Data variables: 1 x categorical, 1 x quantitative.

Pie chart is represented by circle divided into different sectors, where each sector shows the proportion
to the whole quantity. Therefore, the labels for the sectors correspond to categorical column values,

while the quantitative column values are summarized into contribution per the categorical column value.
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One of the variants of the pie chart is a donut chart, with a hole in its center, displaying categories as
arcs rather than slices [47], [50], [53].

League Within a League: Total Transfer Spend, Premier League 2012 B. Presidential Vote in Florida

Rest

£S500M

Figure 5. Pie Chart (left) [9] and Donut Chart (right) [53].
Stacked Bar and Column Charts

Data variables: 2 x categorical, 1 x quantitative.

The stacked bar chart extends the regular bar chart from observing quantitative values across one
categorical variable to two. Each bar in a standard bar chart is divided into a number of sub-bars stacked
end to end, each one corresponding to a level of the second categorical variable. As in the case of
grouped bar chart, one must choose which of the two categorical variables will be the primary variable
(dictating major axis positions and overall bar lengths) and which will be the secondary (dictating how
each primary bar will be subdivided) [21]. Stacked column charts can be also used to show the part-to-

whole relationship of distinct categories at distinct time intervals, demonstrating evolution over time [53].

Additionally, 100% Stacked Bars shows the percentage contribution of each value of quantitative column

to the corresponding sum of values for each category [53].
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by Activation Year
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Figure 6. Stacked Column Chart (left) [53] and 100% Stacked Bar Chart (right) [9].
3.1.3 Showing changes over time

Line Chart
Data variables: 2 x quantitative, 1 x categorical.

Line graph represents a set of data points plotted in two-dimensional coordinate system, connected by
line segments. Line graphs enable to visualize a trend in data over time interval, and to compare a

continuous quantitative variable on the x axis and the size of values on the y axis [47], [50], [53].
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Figure 7. Line Chart [9].
Area Chart

Data variables: 2 x quantitative, 1 x categorical.

Another variation of line chart is an area graph, which is usually used to discover the relative
contributions of the values of each quantitative column by emphasizing the total of all values combined
[53].

Television
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Figure 8. Area Chart [9].
3.1.4 Plotting connections and relationships

Scatter Plot
Data variables: 2 x quantitative.

Scatter plot is described as two-dimensional plot which displays data in Cartesian coordinate, showing
the relationship between values of two or more quantitative columns, where one is represented as a
vertical distance (independent variable) and the other as horizontal distance (dependent variable). It

enables to examine trends in the data and identify outliers in a simple way [47], [50], [53].
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Figure 9. Scatter Plot [9].
Bubble Chart

Data variables: 3 x quantitative.

Bubble chart is another variation of a scatter plot where dot is substituted with a bubble. This situation
is possible when the set of data points contains three quantitative values for each data item. This way,
the relationship between three variables can be established, since two of them are represented by the
plot axes, and the third one by the bubble size [47], [50], [53].
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Figure 10. Bubble Chart [9].
3.1.5 Mapping geo-spatial data

Map visualizations allow to investigate spatial, or geographical, relationships, when dataset contains a
geographic data dimension. Therefore, each column value is mapped on a visual map based on a

corresponding spatial key [53].

Evolution of map technologies and a growing number of spatial decision problems triggered the
development of Geographic Information Systems (GIS). GIS combines geospatial data from a broad
variety of sources, allowing various types of spatial analysis. Map visualizations are playing a big role
in GIS, since they not only interactively display the geospatial indicators provided by GIS, but also

present the final results of the spatial analysis, facilitating the posterior process of decision-making [55]

The most common visual representations of geospatial indicators can be categorized into point, bubble,
choropleth and dasymetric maps. Point maps use point symbols to represent locations of individual-
level events (e.g., residential addresses in case-control studies), that can be colored accordingly to
attribute value. In bubble map, the focus relies in representing aggregated data by region or area, using
a filled circle located at the center of each region, where the symbol size varies with the attribute value

or class of values. Finally, choropleth maps represent statistical data for predetermined geographical
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Figure 11. Point Map (top left), Bubble Map (top right), Dasymetric map (bottom left),
Choropleth Map (bottom right) [58].

units through different coloring, shading or hatching, whereas dasymetric maps depict quantitative data
areal data using boundaries that divide the mapped area into zones of relative homogeneity [56], [57],
[58].

Usually, these types of maps are represented by a variable indicating the magnitude of a quantitative

value attached to longitude and latitude data coordinates to position marks on the map [56], [57].

With the emergence of new types of users like Data Scientists, Geographic Information Systems is
starting to evolve more outside of its traditional realm. This is allowing more sophisticated spatial
analysis to take place in the context of new Data Science & big data solutions. SDS, earlier mentioned,
is a field of Data Science that investigates how and why the events happen in space, emerging as a

discipline that draws on the unique characteristics of spatial data [59].
3.1.6 Dashboard as a combination of multiple data visualizations

Each data visualization has a specific objective to fulfil, and therefore it is essential to select the datasets
to be explored, and afterwards, determine the most suitable graphic representation [49]. However, for
multi-objective decision-making, there is no single data visualization mentioned before, that comprises
all requirements for data analysis and design decision support. Consequently, the analysis of output of
multiple data visualization requires navigating between different platforms, which is a time-consuming
and inefficient process. Therefore, a single tool, that provides the capability to compare and analyse
different visual formats at the same time, could be essential to establish relations between objectives

and variables, and consequently, to improve efficiency of decision-making [60].

In order to satisfy this necessity, a new data visualization tool — dashboard, was created. A dashboard
provides a rich user interface that exhibits the data in a graphical form using a range of visualization

formats already mentioned, e.g., charts, tables and maps [61].
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3.2 Dashboards

3.2.1 Definition

Dashboards are one of the most common-use cases for data visualization tools, delivering information
in a particular format to the decision-maker. The interest in dashboards has increased recently, due to
their ability to enhance decision-making by taking advantage on human perceptual capabilities, and

solving the issues of presentation format and data load [7].

The definition of a dashboard suffered various changes through the history, depending on the specific
role and its objective. In his article for Visual Business Intelligence, Few [62] states: “A dashboard is a
predominantly visual information display that people use to rapidly monitor current conditions that
require a timely response to fulfil a specific role”. The big Book of Dashboards [63] expands this
definition, describing a dashboards as a display which can incorporate infographic elements in order to

facilitate understanding.

In the light of latest developments, a more precise definition of a regular dashboard might be: “visual
and interactive tool that displays on a single screen the most important information to achieve one or
several objectives, allowing the user to identify, explore, and communicate problem areas that need

corrective action[7].

However, big data and new visualization technologies have expanded the dashboard concept to new
domains. This way, the dashboard idea has transformed from single-view report screen to interactive
interfaces with numerous views, adding learning, communication, and motivation to traditional purposes
such as monitoring and decision support [64]. Using new sophisticated software, it is possible to apply

abstraction or zoom into details, allowing user to focus on specific elements of interest.

At the same time, modern dashboards allow to incorporate predictive analytics, implement a pattern
recognition and other machine learning models, to improve the perception of data and elevate it to the

next level [65].
3.2.2 Purpose and domains

As has been already mentioned, dashboards were developed as a response to the increasing
complexity and diversity of data. A weak organization of potentially decision-relevant data that leads to
inefficient resource allocation, increase of biases in information processing and lack of performance

reporting practices are some of the factors that drive the utility of dashboards [66].

Consequently, there can be several purposes of a dashboard, in order to reenforce decision-making in
various aspects. Firstly, a dashboard allows consistency across departments and units, synchronizing
different metrics. Secondly, a dashboard helps to evaluate and correct data constantly in real time, i.e.,
allows data monitoring. At the same time, the simulation of future scenarios can be incorporated in
dashboard, allowing the planning of possible strategies. Lastly, a dashboard may be used to

communicate values of an organization to important stakeholders [7].

Dashboard are used across different domains due to their beneficial contribution for organizations. The

business companies present the major proportion of dashboard’s users, especially within business
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intelligence (BIl) area. Bl dashboard’s objectives are diverse and can incorporate multiple analytical
tasks, including the enhancement of operational efficiency, the cost reduction and the strategy planning
[7], [67], [68].

Healthcare organizations have been adopting dashboards at both hospital and patient-care levels,
improving quality of care by enhancing decision-making across various units [32], [69]. (Section 3.2.8)
Moreover, urban informatics and smart cities movement have been implementing dashboards in order
to monitor and control the cities’ overall health and performance through real-time streamed data [70],
[71], [72]. The implementation of dashboards as personal behavior tracking tool is gaining popularity,

with purpose to support reflective learning for daily activities [73].
3.2.3 Key indicators

Once the purpose of dashboard is defined, the next step is to determine the information that should be
included on the dashboard. Key indicators are considered one of the vital components of dashboard,
since they provide the capability not only to assess data needed to focus attention on, but also to acquire
information beyond the direct relationship of the parameter and its value. Indicator, by definition, is “a
measurement or a set of measures to evaluate a complex social, economic, or physical context” [74]. It
reflects parameter or value that gives information about certain phenomenon. At the same time,
indicators can evaluate performance of policies in terms of effectiveness by measuring changes in
indicator values over time. When the decision-making requires the study of certain geographic area,
e.g., in order to allocate resources or develop policies for certain regions, the values of key indicator can

be associated with the spatial key, allowing the posterior mapping of this values on the dashboard [72].

Well-defined key indicators reflect the most essential metrics, that are crucial for efficient and consistent
decision-making. Usually, their number is limited in order to eliminate unnecessary data and concentrate

only on dashboard purpose [74], [75].
3.2.4 Development Stages

The development of a dashboard is a complex process, which involves a range of decisions regarding
technical and design aspects. The main steps vary depending on the particular type and purpose of

dashboard, however, there are 5 core considerations:
A. Study setting

Study setting describes the physical, social or experimental context within which dashboard
development will be conducted, i.e., defines interactions, data requirements, privacy and confidentiality
issues [76]. This step also includes the identification of organizational aims, conditions and readiness

of the organization to proceed with dashboard development [77].
B. Dashboard purpose and concept

This step includes the definition of actual purpose of dashboard and identification of the stakeholders,
target audience and their expectations regarding the use of a dashboard. [76] Specifically, the needs
and daily activities of stakeholders are identified, in order to have a more profound comprehension of

how dashboard will support stakeholders’ activities [77].

26



C. User Interaction and flow stage

At this stage, the dashboard developer needs to identify the actions expected from the user interaction
with the dashboard interface. The visual design guidelines i.e., overall sequence of entry points of user’s
exploration must be identified. Using Visual Information Seeking Mantra, developed by Shneiderman
[78], the basic order of user interaction steps is resumed by “Overview first, zoom and filter, then details-
on-demand”. The concept is remarkably simple: the overview component displays the entire dashboard
with all features, zoom is responsible for zoom-in on elements of interest, filter removes unrelatable
items and details-on demand enables to browse the details about the group or individual items.
Therefore, the objective of this step is to map the particular user action to corresponding component of

the Mantra, taking in account the dashboard goals.
D. Data selection and visualization design

As the title says, this step involves the design and construction of the dashboard, including the
identification of key indicators and corresponding data visualization formats, the posterior extraction of
selected key indicators from database and their implementation within dashboard design [76].

The process of selecting the key indicators is usually an iterative one carried out with consultation of
interested stakeholders. Distinct selection methods are used as a tool to select and evaluate the key
indicators from experts’ perspective, and ensure their relevancy, scientific rigor and reliability in terms

of the objectives in question [79].

A dashboard design should be cautiously considered while developing a dashboard. If user interface is
not able to display the data in an efficient way, then the dashboard is pointless as a decision-making
support tool. Consequently, it is important to analyze and select the most relevant visualizations to
optimize the delivery of necessary information, taking into account not only the designer opinion, but

also the stakeholders’ considerations [2], [80].
This development stage is explored in greater detail in Section 3.2.5.
E. Framework architecture

This stage includes technological features, such as architecture identification and appropriate platform

selection [76].

The architecture most adopted by dashboards is a three-tier one [72]. It is a conventional software
architecture that separates dashboard into three logical and physical computing tiers: data, logic and
presentation. The data tier is accountable for data storage and management. It also includes data
models, responsible for mapping the data to indicator measurements. The second, logic tier, connects
the presentation and data tiers to make communication faster and more efficient, and can also
incorporate different analysis models for the indicators. Finally, the presentation tier represents the

graphic user interface, where end-user interacts with the dashboard [72], [81], [82].

Dashboard platform is a computerized tool that integrates the mentioned architecture and serves
specifically to develop and deploy dashboards. This platform must offer interfaces and common
functionalities and be highly customizable and expandable to handle complex requirements. A

presentation tier of such platform must present all data visualizations required by stakeholders, such
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as charts, graphs and maps. The platform must also facilitate the connection of dashboard data tier to

third-party data sources in order to load the native databases with a needed data [83].
F. Maintenance

Lastly, since dashboard is a dynamic tool that requires constant update of data, it is essential to ensure
its maintenance by monitoring metrics, analyzing feedback, and performing necessary improvements

to increase its efficiency [77].
3.2.5 Data selection and visualization design

As briefly explained before, data selection and visualization design integrate the process of key
indicators’ selection for a dashboard and their reporting through the use of data visualizations. This
process is generally an iterative one conducted with selected stakeholders and incorporates distinct
stages [76].

According to Brown [79], the guidelines regarding the development of key indicators and their integration

within dashboard are organized in five stages:
A. Establishing the purpose of the indicators

This step is highly interconnected with the purpose of dashboard and includes the definition of key

stakeholders and target audience, and certainly, the identification of the purpose of key indicators [79].
B. Designing the methodology

The methodology is an important tool that incorporates a set of different methods for key indicators’

development to guarantee the clear guidance for their selection [79], [84].
C. Selecting and designing the indicators

At this stage, the implementation of previously developed framework is realized, and each selected

indicator is evaluated by applying the set of criteria to ensure their relevancy and scientific rigor.

The following criteria, proposed by Schomaker [85] are the most commonly identified, representing the

indicator scientific quality. He suggests that indicators should be SMART, i.e.:

- Specific, i.e., be clearly and unambiguously specified.

- Measurable qualitatively or quantitatively.

- Achievable in terms of the available resources.

- Relevant for the issue in question.

- Time-bound, i.e., be responsive to changes within policy timeframes.

D. Interpreting and reporting the indicators

The main purpose of this stage is to create connection between measurement and comprehension by
using appropriate data visualization formats [79]. To achieve this goal, the methods concerning selection
of these formats need to be previously added to initial methodology process, or the separated
methodology must be developed [86]. The presentation of the indicators must be carefully chosen, in

order to be transparent and objective [4].

E. Maintaining and reviewing the indicators
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The selected indicators need to be open to discussion and modification, and the addition of new
indicators must be considered. This process should be continuous involving the stakeholders, expert

groups and target audience [79].
3.2.6 Target audience

The interpersonal circulation of a dashboard depends on target audience, previously defined on
development process. This audience can be divided into four groups according to the specificity of the

context: public, organizational, social and individual.

Public dashboards are focused on government decision-making and accountability to monitor certain
metrics, to measure outcomes of implemented policies or to transmit the relevant information to the
general population. They have different goals in comparison with the profit-oriented private ones, and
their adoption by public sector is a complex task. A concept of public value (e.g., equal access, rights,
etc.) is difficult to measure, so there is a large disaggregation of public organizations in terms of
governmental regulations and laws. At the same time, the aspects such as the data quality, consistency,

and anonymization require high-level control by government [2].

On the contrary, dashboards for organizations are intended to integrate internal processes of
organization, in order to improve their management and successfully achieve strategic goals. In majority
of cases, data sources are private and protected, enabling the confidentiality of information. Moreover,

it allows more efficient control of the data accuracy and veracity [87].

Lastly, social dashboards have a limited access to certain group of individuals, meanwhile the individual

dashboard captures personal data of a certain individual [64].
3.2.7 Challenges

The development of dashboard and its posterior utilization present various challenges, at both functional
and design levels. First of all, a purpose of dashboard is difficult to identify due to the diversity of
consumers. Automatic adaptation of dashboard for different users is hard to achieve, and still is an open
research challenge [64], [88].

Another difficult challenge of dashboard development is related with data collection. Since dashboards
are generally developed for multiple stakeholders with different needs and activities, the analysis is
needed to identify and select the key indicators required by each stakeholder. The complexity of key
indicators’ selection and identification of viable data sources prejudices the quality of dashboard, and
consequently, the decision-making. Usually, selected key indicators are highly subjective, and so their
posterior filtering and ponderation, therefore it is a complex task to eliminate ambiguity and optimize the
selection methods [66], [89]. At the same time, data availability, quality and security are crucial for

effective functioning of dashboard but are challenging to achieve [7].

Design is another challenge of dashboard developer since the representation of selected data and key
indicators plays a great role in its analysis. The main purpose of efficient design is to organize a high
volume of data into a single screen, in the way it is meaningful and useful for the user. Therefore, the
maximization of visual perception without losing functionality and simplicity is a primary goal of

dashboard, which is, however, difficult to achieve [2], [7]. As in the case of data collection, the design
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process also requires different stakeholders, and consequently, the research is needed to identify the
data visualizations expected by each stakeholder. Failure in this complex task can be devastating for

dashboard design since the outcome can be inconsistent with stakeholder expectations [77], [90].
3.2.8 Dashboards in Healthcare

The adoption and use of decision tools in healthcare domain allow healthcare professionals to examine
and determine trends in data and assist them in better identification of anomalies and their interpretation.
Moreover, the cognitive studies regarding the improvement of information perception through
visualization, triggered the growing interest in the use of interactive visualization tools in healthcare,

particularly to support decision making [6], [91], [92].

A clinical dashboard is designed to “provide clinicians with the relevant and timely information they need
to inform daily decisions that improve the quality of patient care. It enables easy access to multiple
sources of data being captured locally, in a visual, concise and usable format” [93]. Therefore,
dashboards in healthcare provide the access and monitoring of real-time health data, the identification
of data patterns for better resource allocation, the improvement of communication, guidelines’
adherence and transparency in healthcare organizations, and consequently, the enhancement of
performance and efficiency of healthcare services [92]. This visual tool has been also used by patients,

in order to improve patients’ safety, satisfaction and communication with health professionals [94].

In healthcare fields, there are numerous examples of application of dashboards to real-life problems.
This data visualization tool has been already used for allocation of resources and cost management in
operation rooms[95], in emergency units to reduce patient’s hospitalization time [96], in surgical
intensive care unit to reduce pneumonia by improving ventilator bundle efficiency [97], and in radiology
departments to improve X-rays dosage [98]. Additionally, a dashboard provides an opportunity to
analyze key relationships between the health characteristics of population and both socio-economic and
environmental features, contributing to spatial epidemiology [99]. Last is defined as being “concerned
with describing, quantifying, and explaining geographical variations in disease, especially with respect
to variations in environmental exposures” [100]. This way, synchronous spatial visualization of health
data and both socio-economic and environmental indicators facilitates the comprehension of distribution

of various diseases [101].

Nowadays, the healthcare organizations are forced to communicate their efforts, initiatives and activities
not only to stakeholders, but also to the public though social media. Dashboards also provide the
solution as an efficient tool to transmit the needed information to a generic population in a simple and

transparent way [102].
3.3 Participatory methods in dashboard design

As has been already mentioned, the participation of various stakeholders in dashboard design is a key
requirement so that it assists the needs of various users with distinct objective in an effective way. To
optimize the integration of key users into development process, participatory methods started being
developed to improve the usability of interactive systems by collecting and analyzing a direct input from

users [103], [104]. The integration of users during the process ensures the acceptability of the developed
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solution, since participatory methods combine the information from a diversity of sources more efficiently

than quantitative or qualitative methods alone [105].
3.3.1 Overview of participatory methods

A selection of participatory methods is a complex process, where one or more methods can be selected
and combined. The next part of this section explores the most common participatory methods that can
be used in dashboard development, in which surveys and interviews do not require communication
between different stakeholders, meanwhile brainstorming, workshops and Delphi involve certain

interaction among participants.
A. Survey

Survey is a participatory method of obtaining information from a sample of individuals of interest. It is a
particular type of research that “involves the collection of data from a sample of elements drawn from a
well-defined population through the use of a questionnaire” [106]. This process can integrate a range of
distinct designs, where data collection can be performed at a single point in time from a specified
population (cross-sectional surveys) or at two or more points in time from the same people (panel
surveys) [106]. The questionnaire includes standardized questions with an objective to present a

homogeneous stimulus to individuals of interest so that their answers are comparable [107].

The surveys can be performed in different ways, including telephone, mail or in person. All the survey’s

results should be provided in entirely anonymous summaries, such as statistical tables and charts [108].
B. Interviews

The interview, by definition, is “face-to-face verbal exchanges in which one person, the interviewer,
attempts to acquire information from and gain an understanding of another person, the interviewee”
[109].

Interviews are often classified according to their structure. The structured interviews present certain
similarities to questionnaires, except that the interviewee asks the question instead of leaving
interviewee to complete and return the questionnaire. The unstructured interviews are based on a
restricted number of topics, with an objective to stimulate the interviewee to talk around a subject. The
most common type, semi-structured interview, focuses on 6-12 appropriate and well-formulated

questions to be provided in a certain order, but accepting some flexibility [109], [110].

The main advantage of using interviews is that they need less prior knowledge than for a well-build

survey, and data collection is much easier [109].
C. Brainstorming

Brainstorming is a broadly used participatory technique, based on exploration of new meanings,
proposals and idea within small group of experts and relevant stakeholders [111]. This method was
firstly introduced by Alex Osborn in 1938, and experienced different changes through history. However,
the classic process follows a number of basic rules, named Osborn’s rules, which instruct the group
members to be sustained by previous ideas, to not criticize any ideas, to produce a significant quantity

of ideas and do not hesitate to contribute original ideas [112].
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The panel format includes leader, which maintains a rapid flow of ideas, recorder - to list the ideas as
they are presented, and variable number of panel members. It is a simple process, which doesn’t require
special expertise or knowledge required from the leader, however, due to non-anonymity of members,

the credit for another person’s ideas may inhibit participation [113].
D. Workshops

Workshop is a participatory method that emphasizes the group learning by obtaining new knowledge,
executing creative problem-solving, or innovating regarding specific topic. The main purpose of

workshop is to generate reliable and valid data about the issue in question [114].
Usually, a workshop consists of four phases:

1. Preparation phase: the workshop purpose, its rules and schedule are introduced.

2. Critiqgue phase: actual beginning of the workshop, where the issue in question is investigated
by stakeholders.
Fantasy phase: the creation of new original ideas is performed.
Implementation phase: the proposed ideas are analyzed and validated, and the action strategy

is developed in case of solution’s discovery [115].
This method resembles brainstorming; however, it is more organized and has a certain structure.
E. Delphi

The Delphi is a structured communication process which uses a number of questionnaires or rounds to
collect and deliver information with the objective to achieve a group consensus [116].

There are several variations of the Delphi technique, however, all follow a predetermined set of both
behavioral and statistical procedures. Generally, three rounds of questionnaires are presented to pre-
selected participants, however, the number of rounds can vary depending on other factors, e.g.,

availability of participants, costs and duration restrictions [117].

The classical Delphi process usually begins with unstructured open-ended questionnaire, which
stimulates an idea generation to identify the issues to be considered in future rounds. Afterwards, the
qualitative and quantitative analysis of the answers is performed, and feedback is provided. In
subsequent rounds, the participants are asked to review and (if they want) change their responses in
the light of the results and feedback from previous round. This process is repeated until consensus is
achieved [116], [117]. The consensus is highly subjective, so its definition needs to be thoroughly
specified, e.g. by defining percentage level of agreement or by measuring the degree of dissent and

divergence amongst experts’ opinions [117].

However, Delphi method has undergone various modifications in use to improve particular concerns,

some of them enumerated in Annex A.

The growing popularity of Delphi method can be explained by few basic characteristics that
advantageously differentiate it from traditional participatory methods, which are: anonymity, interactivity,
reflexibility and flexibility [118], [119]. Firstly, the anonymity of participants is preserved throughout the
process, encouraging experts to communicate independently from personal conflicts or status, and this

way, decreasing the possibility of negatively influence outcomes from group interaction. On the other
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hand, the Delphi is an interactive, flexible and reflexive process since its structure can be adapted to
the research context. Moreover, the expert panel can reflect through the problem between the rounds,
review, change or leave feedback on their responses, thereby enhancing the data validity and credibility,
and enabling the collection of a rich and varied data set. Lastly, the flexibility of process is improved by
its independence from participants’ proximity, expanding geographical barriers and reducing travel costs
[118], [119]. This flexibility can be particularly boosted by using web-based platforms, such as online
survey tools, that bring numerous advantages for the Delphi processes, such as a wider reach of expert
participants contributing to the process, a shorter timeframe to study completion, cheaper study costs

and possibility of embedding of multimedia in the questionnaire [120].

However, same characteristics can lead to disadvantageous outcome. For example, the access to other
participants’ responses can increase the experts’ biases and tendency to choose the most voted option
without solid argumentation. At the same time, anonymity can enhance the lack of participants’
responsibility regarding their answers. About interactivity, it can provoke exhaustion and demotivation
[119].

3.3.2 Participatory methods for data visualization selection

The major objective of data visualization tools is to offer a clear view of selected indicators; nevertheless,
selecting the appropriate visualization methods is not easy at all. The successful visualization, as
previously said, must be perceptible and convey the key properties of the indicator. Otherwise, the
chosen visual formats may be deceiving and lead to incorrect conclusions. Therefore, it is necessary to

obtain guidance to select data visualizations for certain indicators [4], [6].

Despite the growing popularity of data visualization tools, little is known about the methodologies to
support their design. However, the methods described in Section 3.3.1 can be used to identify visual

formats for indicator’s representation.

The theory-based approach such as literature review, is usually used as a starting point of research, in
order to learn existing types of visual representations [4]. For example, the literature review has been
performed to develop a set of features of visual design and related elements (tables and charts),
associated with key performance indicators for medical imaging department [121]. However, the design
of data visualization tool is considered to be highly related with learning theories of cognition, where the
choice of interactive components such as charts and maps, depends totally on end-users’ perception
and attention [122].

The next step was to recognize which participatory techniques have been used to select data
visualizations and particular situations where they are applicable and useful. During May 2021,
databases as PubMed, ScienceDirect, Web of Science and Google Scholar were used to find the best
articles and understand the applicability of participatory methods for data visualization selection.

"« ” "«

Keywords like “visualization”, “dashboard”,” data visualization”, “data visualization tools”, in combination

with each of the participatory method supposed to evaluate, such as “survey”, “interview”,

"o« "«

brainstorming”, “workshop”, “Delphi”, were used to find the articles.

There were no time limitations set, but it was clear that this was a current topic of research. As indicated

in Figure 12, publications were evaluated one by one, titles and abstracts were reviewed to identify
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relevant research, and the others were eliminated. The citations in these publications were also
evaluated to see if they were valuable or not.

The remaining articles were then thoroughly examined, and the ones that summarized information
already obtained in previous ones as well as the ones in which data visualization was not the main focus
of the study, were discarded. After that, a set of 18 articles relative to the application of the participatory

methods for data visualization selection were selected for their posterior analysis (Annex B).

Research, using useful database, for articles with
relevant information regarding the use of
participatory methods for data visualization tools’
selection

Some articles excluded based on title
and abstract

Potentially relevant articles retrieved for further

checkup
Exclusion of other references:
- Same findings from previous
studies
- When data visualizations was not
the main focus of the study

18 studies included

Figure 12. Flow diagram.

Despite the highlighted importance of stakeholder’s opinion for dashboard design, the number of studies
that integrate participatory methods to explore visualization of dashboard is very limited. Most methods
were focused on determining the needs, requirements and preferences of stakeholders for dashboard
design and functionalities rather than determining the most adequate visualization for certain indicator.
The participatory methods mostly explored the feedback of stakeholders through direct questions about
the certain design details, such as element’s position in dashboard framework and their interactivity. In
other cases, the participatory methods have been used to evaluate and validate the pre-developed

dashboard, reducing the stakeholders” level of involvement in dashboard design.
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4 Proposed approach

This chapter is structured around a development of a novel approach that aims to assist the selection
of the most adequate data visualization formats for dashboard’s indicators. It provides the rationale
behind the proposed approach to guide the selection process; it includes an identification of the most
appropriate data visualization formats, based on literature review, combined with participatory methods
to integrate stakeholders in dashboard design. It is noteworthy to mention that the proposed approach
integrates most common data visualization formats that are easy to implement in any dashboard
platform. Therefore, it is highly applicable to inform the construction of public health dashboards in order

to transmit the important information to the general population in the simplest and most perceptual way.
4.1 Designing a novel approach

4.1.1 Objectives

The proposed approach intends to tackle the previously identified challenges in the ongoing process to
improve efficiency, optimize the selection process and validate the outcome with tangible evidence.
Therefore, it is relevant to develop an approach which assists the selection process by integrating the
knowledge acquired from literature review and combining it with participatory methods in order to access
perceptual capabilities. Since the developed approach integrates the most common data visualization
formats, it would be most appropriate for public dashboards, e.qg., for public health dashboards, due to

the simplicity of information and their transmission. More precisely, the main objectives will be:

a) Implementing a step-by-step process to aid the selection process by establishing the criteria for
indicator’s classification and identifying the pre-set of most adequate data visualization formats
for indicator in question.

b) Implementing participatory methods to enable exchange of perspectives and values of
participants through selection of the preferred data visualization format from available options

(it can be applied with distinct groups of participants).
4.1.2 Designed selection process

Choosing the right data visualization format is crucial to identify the relevant information or patterns from
a given dataset, however, this task is far from trivial. A given data set can be interpreted by alternative
data visualization formats, therefore the most adequate visualization should be selected to allow easy
comprehension of graphical illustration, and to avoid either the loss of important information or the

inclusion of unnecessary data [4], [123].

To develop this approach, an assessment of the current situation was already made and, subsequently,
the objectives for this approach were established in a previous section 4.1.1. Afterwards, the design of
the selection process was performed, considering the challenges of previous ones. A flowchart
representing the outline of the proposed approach is presented below (Figure 13). Itis important to note
that the indicators’ selection stage must precede the proceedings regarding the identification of visual

tools.
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Indicators’ selection

____________ —————————
Selection of pre-set of Data type

data visualization tools identification

Communication

purpose
identification

Selection of pre-set
of data visualization
tools

Selection of final set of
data visualization tools Delphi design

Delphi
implementation

Final set of data

visualization tools

Analysis of results

Figure 13. Block diagram representing the steps made for the implementation of the proposed approach.

4.1.3 Selection of a pre-set of data visualization formats

Despite its broad diffusion in actual software applications, theoretic reflections on visualizations are
rarely done in Information Systems science. As a result, there is ongoing research concerning how to
define visualizations apart from their physical graphical appearance, yet in a way that is detailed enough
to capture the characteristics that distinguish each one in visually communicating information [2].
Explaining these core features would allow the creation of an approach, where different types of

visualizations can be arranged with the objective to make them comparable [51].

It is clear that there is no "best" design solution, however, there are numerous theories and practical
evidence that help to understand which visualization techniques work well for certain situations and less
so for others. Therefore, the objective of this step is not to choose the best solution, but to select the
data visualization formats that are most appropriate, considering the pretended outcome and indicator’s

structure.

This stage is based on previously developed literature review and integrates data visualization process
from Dastani [20] with Kirk’s approach [9], where the first step covers the identification of the data
structure. This step in the process of data visualization transforms the input data to what is called
structured data. For that, each indicator is structured into mxn data table consisting of m columns and
n rows. A column A; (i = 1,...,m) consists of values of one data variable and a row B;(i = 1,...,n) consists

of m values each belong to one of variables A, ...,Am.

Afterwards, an attribute-based classification of identified variables is performed. The structural data
attributes can comprise data values that can be classified as quantitative (Q) or categorical (C).
Alternatively stated, the Q variables contain numerical values, whereas C variables have individual
values (e.g., geographic regions, names, or products). For further simplification, one can use the

designation used by Helfman [24], where the variable’s types can be represented by a string, such as
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“CQQ" or “CC”, where the length corresponds to the number of variables, and the letter — to the

variable’s type.

However, Kirk [9] highlights the necessity to “telling stories” with data visualizations, and determines
different methods to appropriately categorize them according to their primary communication purpose,
focusing on variety of possible outcomes. Therefore, the identification of the purpose that the data
visualization format pretends to transmit was considered to be important, in order to reduce the range
of suitable chart types within each method family by the nature of the variables in question. The
identification of the purpose requires the in-depth visual analysis, that integrates an understanding of

the key communication dimensions of visualization problem.

The second step in data visualization process is to determine visual elements that represent data in
such a way that the perceptual structure of the decided visual elements represents the structure of the
data. Therefore, the decision table (Table 2) was developed, using as the base the previous literature
research, to enumerate data visualization formats and the correspondent variable’s types they can
compare according to their communication purpose. This table is elaborated based on Kirk’s
categorization of data visualization formats according to communication purpose, combined with the
knowledge about quantity and type of typical data variables normally used with these visualizations
[124]. This decision table allows to predefine a set of most appropriate data visualization format for
certain indicator, however, it doesn’t provide a unique answer and requires the validation from
stakeholders. Since suggested process offers a set of alternative data visualizations for a certain dataset
rather than identify the most adequate visualization, it is crucial to restrain the options by applying
participatory methods. This way, the stakeholder’s value judgments are considered to weigh in on each
alternative to modulate the results of this step.

Table 2. Decision table of data visualization format’s selection.
Variables’ type

CcQ QQ QQQ QQC CCQ
Communication purp
Comparing categorical Bar (Column) - - - Two-sided Bar Chart,
values Chart Grouped Bar (Column)
Chart
Assessing hierarchies Pie Chart, - - - (100%) Stacked Bar
and part-t(_)-whole Donut Chart, Chart
relationships
(100%) Stacked
Bar Chart
Showing changes over Column Chart Line Chart, - Line Chart, Grouped Column Chart,
time Area Chart Fies Ehar (100%) Stacked Column
Chart
Plotting connections and | - Scatter Plot Bubble Plot - -
relationships
Mapping geo-spatial data @ - - Point map, - -

Choropleth map,
Bubble plot map,
Dasymetric map
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4.1.4 Participatory process

As has been already mentioned, the participation of stakeholders in dashboard design is a key
requirement to assist the needs of various users with distinct objective in an effective way. To optimize
the integration of key users into development process, this step implements the participatory process.
Because participatory methods incorporate information from a variety of sources in more efficient way,

the inclusion of stakeholders assures the usefulness and acceptance of the created solution.
a) Selection of appropriate participatory method

As has been already mentioned, the heterogeneity of stakeholders is a pertinent issue in various
domains, including healthcare. Therefore, the selected participatory method for dashboard design not
only needs to take in account stakeholders’ divergent interests, but also reach an agreement concerning

different decisions, in a legitimate and dynamic way.

To evaluate the appropriateness of each participatory method for the issue in question, the set of criteria
was developed by Wittmer [125]. Firstly, the information management of the participatory method must
be clearly defined since the knowledge comes from different scientific disciplines and needs to be
integrated. Therefore, the participatory method should elucidate different types of information in a
transparent and organized way [125]. On another hand, the legitimacy of decision must be guaranteed,
by including all the relevant interests and affected stakeholders and ensuring their equitable participation

in the process [125].

Despite the existence of participatory methods that does not require the communication between
participants, the group participatory methods present advantage not only when the outcomes impact a
group of people, but also when the decision itself can be improved by including more people in the
process [126]. Therefore, social dynamics of participatory method can contribute to idea generation and
collective learning. At the same time, understanding the position of others as well as developing and/or

changing one’s own position improve the final outcome of the process [125].

Finally, the costs of participation should be considered to address cost-effectivity of the participatory
method, and a panel size needs to be analyzed in order to understand the number of experts that can

be involved in the process [125].

After defining the set of criteria, the evaluation of the participatory methods (Table 3) was performed,
considering selected criteria and previous literature research, performed in Section 3.3.1. The evaluation
ranges from “0”, i.e., “‘the method does not address explicitly this issue”, to “+++”, i.e., “the method

address this issue in systematical and explicit form”.
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Table 3. Overview of analyzed participatory methods.

Interview | Survey Brainstorming | Workshop Delphi
Information management
Integration of different types of | + + ++ ++ ++
information from stakeholders
Legitimacy
Inclusion/representation + + ++ ++ +4++
Equitable participation in the | + +++ + + 4+
process
Social dynamics
Changing behavior, changing | O 0 ++ ++ +++
perspectives/learning
Facilitating convergence 0 0 + + 4+
Panel size
Size of expert’s panel* ++ +++ + + +++
Costs
Costs of the approach? ++ + ++ ++ +

The results of an evaluation of different participatory methods, presented in Table 3, demonstrate that
Delphi is considered highly appropriate for the dashboard design, where the heterogeneity of
stakeholders implies high number of experts, and high integration and inclusion of different types of
information. Last one is vastly facilitated by anonymity, which enables the free expression of opinions
and equitable participation in the process. Moreover, Delphi facilitates convergence between
participants by constant learning during the process and flexibility to change certain behavior by
analyzing the other stakeholders’ opinions. It is also noteworthy to mention that Delphi becomes the

method of choice where there is little previous research, which is the case of this study [127].
b) Delphi process and data visualization formats’ selection

Lately, the growing popularity of dashboards stimulated the implementation of Delphi process during
their development, in order to capture heterogeneous stakeholders’ opinions. It have been used not only
to select relevant indicators, but also started to be implemented in visualization formats’ selection for
dashboards, since the cognitive and perceptual capabilities of stakeholders has been confirmed to be a

main key to efficient visualization of data [122].

During the literature review regarding the use of Delphi for data visualizations (Annex B), three academic
articles were identified and analyzed. Al-Hajj et al. [28] focused on development of Analytical Injury
Dashboard to inform policies and to strengthen injury surveillance, prevention and future research.
Particularly, this article utilized the previous study, that used Delphi approach to develop injury
indicators, and focused on visualization analytics, in order to facilitate data exploration and knowledge

construction. Firstly, the types of visualizations were selected to efficiently illustrate trends and patterns

1“0” means low number of experts, and “+++”: very high number of experts.
270” means low costs, and “+++” very high costs.
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in injury data by using literature review. Afterwards, a dashboard was developed by Visual Analytics
Expert (VAE) and was tested by applying Delphi techniques incorporated in Group Analytics approach,
where injury stakeholders interacted with VAE and provided the feedback about integrated data
visualization visualizations by filling-out the questionnaire. Finally, the dashboard visualizations were
manipulated by VAE to customize the views according to the stakeholders’ needs and preferences.
However, this study incorporated a number of limitations, since the injury stakeholders were not making

actual decisions, but validating and customizing already selected visualization formats.

The second study explored data visualization tools for Cybersecurity Data Visualization Dashboards by
using tailored Delphi technique [128]. Firstly, the literature review was done to identify visualization
challenges used in cybersecurity. Thereafter, the first round of Delphi was performed using interviews
with open-ended questions, where participants have been asked regarding visualization challenges that
they consider important, and their desirable features in the security visualization tools. Second round
was more restricted to gather opinions and feedback on specific items, discussed in the first round.
However, the study paid more attention to challenges, e.g., data quality and integration, rather than

analyze the visual features.

In the last article, “Developing an emergency department crowding dashboard: A design science
approach” [129], Niels et al. described a development of a dashboard, using modified two-round Delphi
approach to specify not only the indicators, but also the requirements regarding their visualization. In
the first round, a questionnaire was distributed to the experts, and afterwards, the responses were
summarized and presented to participants in the second round. Therefore, this study didn’t focus
specifically on the design issues but combined the indicators’ selection with visualization requirements
in a single step. Moreover, the data visualization formats were not clearly identified, since their selection

was made by developer, considering the requirements defined by stakeholders in Delphi process.

In summary, these studies presented various limitations, and consequently, the possibility for future
improvement regarding the use of Delphi in data visualization selection for dashboard. Namely, the data
visualizations were not clearly identified, focusing more on generic preferences and needs of
stakeholders rather than to validate the set of proposed data visualization formats for certain indicator.
Therefore, the approach proposed in this thesis should take into consideration these studies’ limitations
and suggest the efficient Delphi for visualizations’ selection to support stakeholder’s problem-solving

and decision-making processes.

To surpass the presented difficulties, the Delphi questionnaire should include well-defined questions,
investigating the stakeholder’s perception of visualizations and their preferences. For that, the set of
candidate visualization formats for each indicator, provided by previous step, must be designed and
indicated in questionnaire as possible options to answer. Particularly, each question should ask to
choose the most preferred visualization between the options presented for the selected indicator.
Finally, the Delphi process should be constructed considering various issues in question such as the
objectives of dashboard in question, the number of selected stakeholders and their availability. The
consequent analysis of results should investigate the stakeholder’s feedback not only to select the most
appropriate data visualization for dashboard, but also to explore different perceptions that can be used

for future research.
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5 Case study design

The development of the present thesis has as basis a real-world case study and aims at optimizing the
selection of appropriate data visualization formats for presenting information commonly displayed in
public web-based dashboard of evolution of COVID-19 pandemic. Thereafter, the present chapter has
the objective of describing the implementation of novel approach, based on a Delphi process, in order
to understand the preferences and views of the general population regarding distinct data visualization
formats. First, the indicators mostly used in COVID-19 are established, and finally, the implementation
of the developed approach is described. Specifically, the selection of pre-set of data visualization
formats is performed, taking in account the theory-based evidence regarding the data to be considered.

Finally, the Delphi process is described and implemented.
5.1 Indicators’ selection

As has been already mentioned in Chapter 4, this step antecedes the proceedings regarding the data
visualization format’s selection. The appropriate and well-designed indicators are vital for dashboard
effectiveness and performance, so their selection is highly complex process which requires specific
attention.

Usually, the indicators are selected for and not with its users, and consequently, are not consistent with
user’'s requirements. The usability and relevance of these indicators are questionable, since the
disaggregation between developers, experts and users influences the quality of chosen metrics.

Therefore, it is essential to involve stakeholders throughout the entire indicator’s design process [130].

The common practice to extract candidate indicators is a literature review, where the search engines
are used to locate and retrieve relevant indicators from web-located documents with simple keyword-
based searches [131], [132]. However, the literature review does not incorporate the values and
interests of stakeholders, crucial for indicators’ acceptance and legitimacy. Therefore, the outcomes of
literature reviews require the validation by participatory methods in order to evaluate their relevancy for
the subject, since group opinion is more reliable than an individual belief. Through these methods, one
guarantees that developed indicators are adequate, functional, and meet the needs of end-users, and

a final dashboard is more usable as a result of direct input from stakeholders [133].

Since the focus of this study is not related with indicator’s selection, the simpler approach was applied
to define the set of indicators commonly used for web-based public COVID-19 dashboards. For this, the
study entitled “Features Constituting Actionable COVID-19 Dashboards: Descriptive Assessment and
Expert Appraisal of 158 Public Web-Based COVID-19 Dashboards” was analyzed, which explores
characteristics of 158 public web-based COVID-19 dashboards from 53 countries by assessing their
features, namely the key performance indicators and their frequency [36]. For this study, the presented
indicator’'s themes will be filtered by the frequency, considering only high and medium frequencies
(>34%) (Table 4).

41



Table 4. Indicators Themes and their frequencies (source: [36]).

Information type and cluster Indicator Themes Frequency

Public health and epidemiological

Spread and death

Cases High
Deaths High
Recovered (healed, cured) Medium
Active cases Medium

Testing

Testing (total number tested, PCR tests) Medium

Testing rates (positivity, negative tests) Medium

Health system management

Hospitalized (admissions, discharges) Medium

Admitted to ICU (critical condition) Medium

The study has also summarized the types of analysis and presentation of data, i.e., explored the
frequency of considerations such as time trends, geographic levels and disaggregation options (sex,
age, etc.). The majority of dashboards (87,3%) reported indicators over time, showing new cases or
events appearing daily, and/or cumulative number of cases. In addition to these breakdowns, the
categorization by age (82,3%) and sex (74,0%) was performed, considering a subset of 96 dashboards
from 158. Besides of the fact that 70,3% of dashboards integrated maps with associated indicators, they
have also represented these indicators by region using data visualization formats, facilitating the

comparation of values depending on location.

The analysis of dashboards also showed a tendency to combine two or more presentation types. One
of the most notable examples is the combination of age and sex to visualize indicators such as confirmed
cases, deaths and vaccinations, with the purpose of more perceptible comparation and space saving.
Additionally, the temporal evolution of indicators’ values for different locations was displayed to
understand the trends for each location. Moreover, various dashboards represented daily indicators as
a cumulative function, where each day represents the total number of events related with indicator since
the beginning of the pandemic. This function was usually used for confirmed and active cases, deaths,

testing and vaccinations, for better comprehension of the COVID-19 evolution.

Therefore, to simplify the posterior Delphi process, one will consider only the indicator theme from the
first row of Table 6 (“Cases”), at the same time comprising most common presentation types included
in dashboards. The selection of indicator theme “Cases” can be justified by its highest frequency in
public COVID-19 dashboards, while the inclusion of most frequent presentation types enables to
examine different perceptions by the public. This way, the selected indicators for the posterior

application of approach are the following:

- Daily number of new confirmed cases.
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5.2

- Cumulative number of confirmed cases.

- Daily number of new confirmed cases by region.
- Total number of confirmed cases by age group.
- Total number of confirmed cases by sex.

- Total number of confirmed cases by region.

- Total number of confirmed cases by sex and age group.

Implementation

Afterwards, the previously detailed approach was implemented, consisting in two main steps:

1.

5.2.1

The data structure of each COVID-19 indicator was identified, and the pre-set of data
visualization formats was selected according to correspondent communication purpose and

variable’s type.

. The Delphi process was designed and implemented in order to understand the preferences of

the general population and to select the most appropriate data visualization formats for public
COVID-19 dashboard.

Selection of pre-set of data visualization formats

The objective of this section is to provide a set of data visualization formats that are considered most

appropriate for each of the selected indicators, taking into consideration the theoretical evidence. For

that purpose, the selection method developed in Chapter 4, was implemented in three main steps:

1.

Firstly,

The data structure of each indicator was identified, i.e., number of variables and their attribute
type was determined.

The communication purpose of data visualization formats for each indicator was discovered,
considering the categorization provided by Kirk [9].

The set of data visualization formats was defined by mapping previously determined data

structure and communication purpose using a decision table developed in Chapter 4.

the indicators required the analysis regarding their data structure, which was achieved by

organizing data into attributes ensuring relevant relationships representation. Therefore, each indicator

was m

odeled as mxn data table. Taking as example the indicator “Cases by day”, it can be expressed

as follows:

Table 5. Example of indicator "Cases by day".

Number of cases Day
An A1z
Az21 B22
An1 Bn2

Afterwards, the identification of variables and their categorization was performed. Considering the

previous example, the first variable “Cases” attribute comprises the quantitative data values, along with

guantitative values of temporal variable “Day”, representing the data set as string “QQ” (2 quantitative
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variables). It is noteworthy to mention that “Day” can alternatively be represented as categorical variable,

considering a time-based scale as the limited number of aggregated ranges of quantitative values.

Thereafter, the communication purpose’s method pretended to be acquired with visual representation
of this data set was identified. In the presented example, the objective of data visualization is to show
the changes over time, i.e., to investigate how quantitative values of variable “Cases” change over units
of time (“Days”). Therefore, other temporal indicators were integrated by the same method classification,
since their main purpose is to exploit temporal data and show the changing trends regarding COVID-19
information. The primary communication purpose of indicators containing categorical variables (Age
Group, Sex and Region) was to compare categorical values, nevertheless, it was decided to research
the part-to-whole connection as well, in order to investigate more about the public's view regarding this

issue.

It is worthy to mention that the selection of data visualization for indicators with presentation type
“Regions” is determined by their geospatial context: if the indicator’s data set contains coordinates for
the exact location with an associated value in the form of QQQ (3 quantitative variables), the
communication purpose shifts from "Comparing categorical values" to "Mapping geo-spatial data",

where the suggested set of data visualizations contains different maps.

Since the Dastani process [20] focuses on the structural correspondence condition for effective data
visualization, one can assume that all the indicators that has equal data structure and communication
purpose, would be perceived in the similar manner, using the same data visualization formats for their
representation. This statement gives the certain flexibility regarding the selection of indicators, and
consequently, of the corresponding set of data visualizations, included in Delphi process. This flexibility
confers the right of choosing the restricted set of indicators for which the data visualization formats will
be selected, and afterwards, apply them to the indicators with similar dataset structure and
communication purpose. This way, the selection process is simplified, at the same time widening

opportunities for future investigation.

The same logic was applied to other indicators, and the detailed description of data structure’s and
communication purpose’s identification for indicators’ theme “Cases” were derived in Annex C. This
way, the selected indicators and corresponding data visualization formats, which will be validated by the

Delphi process, are:

- Daily number of new confirmed cases: Line Chart, Area Chart, Column Chart.

- Cumulative number of confirmed cases: Line Chart, Area Chart, Column Chart.

- Daily number of new confirmed cases by region: Line Chart, Area Chart, Grouped Column
Chart, Stacked Column Chart.

- Total number of confirmed cases by age group: Bar Chart, Column Chart, Pie Chart, Donut
Chart, 100% Stacked Bar Chart.

- Total number of confirmed cases by sex: Bar Chart, Column Chart, Pie Chart, Donut Chart,
100% Stacked Bar Chart.

- Total number of confirmed cases by region:

o Bar Chart, Column Chart, Pie Chart, Donut Chart, 100% Stacked Bar Chart.
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o Bubble Map, Choropleth Map, Dasymetric Map, Point Map.
- Total number of confirmed cases by sex and age group: Two-sided Bar Chart, Grouped
Column Chart, Stacked Column Chart, 100% Stacked Column Chart.

5.2.2 Delphi process

Drawing on the outcome of previous step, described above, one can distinguish a gross list of potential
indicators for further analysis regarding their visual representation. Furthermore, the modified two-round
Web Delphi process was designed to refine the set of data visualizations corresponding to each
indicator. Namely, the main objective of this process is to identify the most preferred visualization
formats among the public, in order to improve the quality of the transmission of information regarding

the evolution of the COVID-19 pandemic in Portugal through public web-based dashboard.

Since its inception, the Delphi has undergone a series of modifications with no universally agreed
guidelines surrounding its appropriate design, “expert” definition or appropriate expert panel size. In the

next sections, some of the preliminary considerations regarding Delphi design are elaborated.
a) Panel selection

Delphi uses non-probability sampling to recruit participants or create an ‘expert panel’. For the purpose
of this research, participants were defined as a sample of possible dashboard users. Users were
recruited according to the ‘snowballing’ method using social media, which consists in identifying persons
matching the selected profiles in the immediate network of contacts and then, if necessary, asking these
persons to recruit others to represent the missing profiles. This method for recruiting respondents was
not intended to generate a representative sample of the study population but to constitute a sample of
individuals with very divergent opinions, thereby representing a wide spectrum of points of view. The
diversity of these views can then be indirectly confronted with each other by the Delphi process. It is
noteworthy to mention that the heterogeneity of the selected panel suggests the better performance as

it allows for a wider range of alternatives and perspectives to ensure generalizability.
b) Delphi type

The Delphi process used in this study can be considered as modified, since the credibility of the
guestions elaborated for the first round is ensured by scientific background provided from the initial

stage.

According to research, panel attrition between Delphi iterations owing to panel fatigue is one of the most
significant contributors to methodological bias, particularly in studies with large participant numbers. It's
likely that the advantages of using web-based Delphi survey methodologies reduce panel fatigue and
attrition between rounds. At the same time, Delphi research utilizing online surveys has been proven to
lower costs and facilitate data processing. Overall, using online surveys has shown to be a successful
method for conducting Delphi research [120]. Therefore, the web-based Delphi was the preferred option

for this study, considering the heterogeneity and high number of participants.
c) lIteration

Attrition can be a problem in Delphi studies and various techniques have been suggested to minimize

it. As attrition is likely to increase with each round, to ensure against participant fatigue, but to guarantee
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results are meaningful two rounds seemed optimal, therefore an a priori criterion of two rounds in this
Delphi study was established. Additionally, the quick turnaround of data was established as a mean of
maintaining participant interest. This way, the deadline of two weeks for each round was determined,

and new round was sent out one week after closure of the previous one.
d) First Round

To determine the preferences of general population regarding alternative data visualization formats, a
list of initial indicators and corresponding visualization options was previously generated. First round of
Delphi took the form of a structured questionnaire, including statements generated from the previous
list, with the objective of acquiring collective knowledge about which data visualization format is

preferred for each indicator from the pre-selected set.

The elaborated questionnaire consisted of four main parts. In the first part, the generic information about
Delphi process was provided to clearly show what is required and to remove ambiguity. The participants
were asked about some socio-demographic characteristics, namely, their age group, sex, highest level
of education completed. Additionally, they were asked if they have an experience working within health

sector, and if they are familiar with COVID-19 dashboards.

Second part explored the data visualization formats of temporal COVID-19 indicators, namely the daily
number of new confirmed cases (Figure 14). Additionally, the cumulative function derived from this
indicator was interesting to explore due to its abundancy in COVID-19 dashboards, which represents
the cumulative number of confirmed cases since the beginning of the COVID-19 pandemic. Moreover,
the analysis of perceptions captured from observing different time intervals (one week versus three
months) in certain data visualizations was considered to be useful to understand the way cognition
evaluates the variance in the COVID-19 cases on different screen amplifications, e.g., while using zoom
function, commonly integrated in dashboards. Finally, the comparison of evolution of pandemic by some
criterion, e.g., by ARS, was considered to be valuable for future investigation. Data visualizations
suggested for the temporal indicators by previous analysis were line, bar and area charts. Furthermore,

the stacked column chart was considered to be effective for comparison of cases by different criterion.
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Parte 1

Os seguintes formatos de visualizagdo refletem a evolucao temporal do ntimero de novos casos ocorridos durante a pandemia.

1. Que formato de visualizag@o considera ser 0 mais apropriado para representar o numero diario de novos casos confirmados
de COVID-19, tendo em conta um intervalo de 3 meses (margo-junho)?

Dia Novos casos didrios |

01/03/2021 3%

02/03/2021 691 i :
03/03/2021 979 g 1
04/03/2021 830 I . U
05/03/2021 249 FINE 1 N AM A R
06/03/2021 1007 SIS o s
07/03/2021 682 ST TV IR I
08/03/2021 365 Vbt
| 0e03/2021 847
10/03/2021 642
11/03/2021 627
Tabela Gréfico de linha Gréfico de colunas Gréfico de drea

Figure 14. Part 1 of first-round questionnaire — Question 1 (trans. “What visualization format do you consider to be
the most appropriate to represent a daily number of new confirmed COVID-19 cases, considering three-month
time interval (March-June)?”)

The third part explored the data visualizations corresponding to total number of confirmed cases since
the beginning of the COVID-19 pandemic, aggregated by age group, sex or ARS (Figure 15). The
column, bar, pie and donut charts were suggested as possible alternatives for correspondent indicators.
Additionally, the 100% stacked bar chart was considered important in order to visually compare the
percentage of each category. Furthermore, it was considered relevant to analyze the perception of
public regarding the representation of two categories at the same time, using different positioning of
columns and bars — grouped column chart, two-sided bar chart and (100%) stacked column chart. It is
trustworthy to mention that the options for each question were completed by integrating the

corresponding data set table as a reference point.

Parte 2

Os seguintes formatos de visualizagao refletem o nimero total de casos confirmados de COVID-19 desde o inicio de pandemia.

7. Que formato de visualizagdo considera ser o mais apropriado para representar o nimero total de casos confirmados de
COVID-19 por grupo etdrio?

| ,Cru{m elino 5
0-9 46936

10-19 78979
20-29 121838
30-39 122271 _
40-49 141039
50-59 126855 [ .
60-69 86630
70-79 56015

80+ 69606

Tabela Gréfico de pizza Grafico de colunas Grafico de barras empilhadas a

100%*

Grafico de donut Grafico de barras

Figure 15. Part 2 of first-round questionnaire — Question 7 (trans. “What visualization format do you consider to be
the most appropriate to represent a total number of confirmed COVID-19 cases by age group?”).
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Finally, the last part of questionnaire corresponded to the map visualizations, integrating the project
SCOPE (Figure 16). The first question offered the set of map visualizations regarding the indicator “Total
number of confirmed cases by municipality since the beginning of the COVID-19 pandemic”, including
choropleth, bubble, dasymetric and point maps. The last question approached SCOPE project, with an
aim to understand the preferred map format for spatial distribution of COVID-19 infection risk. Therefore,
two map’s formats were suggested: the first one corresponded to the map with constant infection risk
within the administrative unit, and another represented the SCOPE map with infection risk, which is
continuous in the space. The developed questionnaire for first round of Delphi process can be found in
the Annex D.

Parte 3

11. Que mapa considera ser o mais apropriado para representar o numero de novos casos confirmados de COVID-19* por
concelho desde o inicio da pandemia ?

*incidéncia
v s
g
. .
. & = ]
: i ] i
Mapa de bolas Mapa coroplético Mapa dasimétrico Mapa de pontos

Figure 16. Part 3 of first-round questionnaire — Question 11 (trans. “What map do you consider to be the most
appropriate to represent a number of new confirmed COVID-19 cases per municipality (incidence) since the
beginning of pandemic?).

The questionnaire gave participants the opportunity to provide further comment regarding each
question, if desired, as the rounds progress. Additionally, they were allowed to write free-text comment
at the end of questionnaire including suggestions for rephrasing, combining, or reformatting. This
process reduced attrition by making participants feel like they are partners in the study, ensuring

participants take ownership. Also, contact details were provided for any points requiring clarification.
e) Subsequent round

After concluding the first Delphi round, individual participants’ answers were synthesized, and the

statistical summary was elaborated in a form of percentage scores for each item.

In round 2 of the Web-Delphi process participants were reminded in the web-platform of their own
responses and could additionally visualize a synthesis of the percentage of respondents for distinct data
visualizations (Figure 17). The objective of this round was to give participants the opportunity to confirm
or change their answers, considering the group information provided, within a collective learning task.
The participants could also visualize the comments of the other respondents from round 1. The example

of developed questionnaire for second round of Delphi process can be found in the Annex E.
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Parte 1

Os seguintes formatos de visualizaggo refletem a evolucdo temporal do ndimero de novos ¢

os ocorridos durante a pandemia.

1. Que formato de visualizacdo considera ser 0 mais apropriado para representar o nimero diario de novos casos confirmados
de COVID-19, tendo em conta um intervalo de 3 meses (margo-junho)?

(A sua resposta a primeira ronda foi: "Grafico de colunas"; podera manter ou alterar a sua resposta)

Dia Novas casos didrios

01/03/2021 304
02/03/2021 801 1 1
03/03/2021 979 ur ||-1
04/03/2021 830 H b 1 ‘ \ ’V
e o Y MR ] BALLLBUAL .l
08/ 7 | IRILY IRV PR \u | 11 ‘I‘Iv
07/03/2021 682 : RIRTRT / J ‘ | \'\/’A‘IJAH
08/03/2021 35 R RN AR Wi l| l / \
09/03/2021 847
10/03/2021 842
11/03/2021 627

Tabela (13.89 %) Gréfico de linha (41.67 %) Gréfico de colunas(18.06 %) Gréfico de area (26.39 %)

Comentérios da ronda anterior:

1. Resposta: Tabela

Prefiro ler os nimeros

Figure 17. Part 1 of second-round questionnaire — Question 1 (trans. “What visualization format do you consider
to be the most appropriate to represent a daily number of new confirmed COVID-19 cases, considering three-
month time interval (March-June)? Your response in the first round was: “Column Chart”; you can maintain or

change your answer. First-round comments: 1. Answer: Table. | prefer to read numbers.”).

f) Implementation
The most important feature of survey tool considered for this study was the possibility to integrate image
as a multiple-choice option. Additionally, images should have a zoom-in option for better analysis of the
proposed data visualizations. Besides that, the survey tool should have user-friendly interface in order

to be easy and attractive for the participants.

Therefore, the survey tool selected was the one designated as SurveyHero due to its compatibility with
requirements presented above. It is known for its user-friendly interface, free or low-cost packages and
for being one of the most used survey tools. Additionally, SurveyHero presents the “Image Choice”
question type, which allows to create a multiple-choice question using images as the possible answers.
The user can also add a caption below each image as well as let participants zoom-in on the image to

see all of the details.
g) Analysis of Delphi results

There are several design characteristics and techniques for analyzing Delphi procedures that have been
documented in the literature. However, there isn't a comprehensive explanation or a step-by-step
guidance on how to properly construct a Delphi process, which leads to a slew of errors in both

assessment and interpretation [134].

With the exception of Policy Delphi processes, the fundamental objective of a Delphi may be regarded
the measuring of expert panel consensus. Unfortunately, consensus is one of the most divisive aspects

of the Delphi approach, and its measurement differs significantly between studies, due to controversial
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understanding of the term. As a result, studies have employed a variety of methods to assess when the

expert panel has achieved a suitable level of agreement [135].

The definition of consensus in Delphi studies depends on the objectives of the research and can be
used to determine if agreement exists or as a stopping guideline [136]. In this study, an a priori criterion
on number of rounds was set, so the consensus served to determine the existence of agreement

between the participants regarding the most preferred data visualization format for indicator in question.

Researchers have employed a variety of statistics to measure consensus, according to the literature
review [137]. The application of statistical tests depends on the level of data, which is determined by
one of four data measurements scales: nominal, ordinal, interval and ratio [135]. Since each option of
this Delphi process corresponds to the data visualization format, the scale used is a nominal one.
Nominal scale contains rules for deciding if objects are equivalent or not, by identifying them through
labels [138]. In the case of nominal-scale data, simple statistical tests are usually applied, due to non-

numerical data limitations.

Many Delphi processes use certain levels of agreement in order to quantify consensus among an expert
panel [135]. This quantification is important in order to know which data visualization formats are seen
as most preferred in each round to see the final level of agreement concerning each indicator. The
percentage of agreement is the simplest measure of level of agreement. It is calculated as the number
of times an option was chosen (frequency rate), divided by the total number of units of observation that
are rated, multiplied by 100. The determination of consensus by a certain percentage of agreement is
particularly meaningful, if nominal scales for the degree of agreement are used [135]. Afterwards, the
mode can be used to determine the option most voted by the participants [139]. It is a measure of central
tendency that refers to the proportion of experts that choose the item with most popular rate [140].
According to Green, the mode gives the most accurate picture of the views that have been expressed
by the experts [141].

Therefore, to analyze the case study results, it was decided to calculate the frequency and percentage
of votes for each option regarding all the questions for first and second rounds, and additionally, provide
the most common data visualization format voted (mode). Moreover, if a percentage value of mode was
above 50% of the total respondents, then consensus was assumed, and the correspondent option was

qualified as the one with highest level of agreement.

In Delphi research, quality criteria that ensure a particular scientific standard are crucial to consider
[135]. Therefore, it is critical to evaluate the Delphi’s reliability and validity throughout its design,
facilitation, and reporting in order to maximize research rigor and credibility. The degree to which a study
process produces consistent results each time it is repeated is known as reliability [134]. In another
words, reliability refers to the consistency and stability of the measurement instrument and means
freedom from random error [135]. It is important to produce stable and dependable results, and it has
been suggested that agreement is worthless until group stability is achieved [136]. Stability refers to the
consistency of responses between successive rounds of a study. It occurs when the responses obtained
in two successive rounds are shown to be not significantly different from each other, irrespective of

whether a convergence of opinion occurs [142]. There are a number of statistical tests to determine
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stability, however, tests which are suitable for use on nominal data are highly restricted. The Chi-squared
test has been used to evaluate stability, however it is not recommended for Delphi research since it
determines “the independence of the rounds from replies found in them” rather than the stability of
response between rounds [136]. The calculation of percentage of participants that doesn’t change their
response was suggested as a measure of stability in this study. Therefore, in this study a statement was

considered stable when 70% or more of the participants do not change their responses [3].

The degree to which a test measures what it claims to measure is known as validity [134]. The validity
is connected to the consensus criteria: stricter criteria will provide more validity for the results, but it will
be more difficult to assess consensus [134]. The methods to ensure content and external validity were
implemented in this study. The extent to which a Delphi research covers all and only the problems
relevant to the topic of interest is referred to as the study's content validity [134]. In this study, it was
enhanced by ensuring that the panel is a representative sample of relevant participants who are
motivated to participate, as well as providing panelists enough chance to comment on the topics that
are being evaluated for inclusion in the survey [134]. On another hand, the external validity of a research
reflects the extent to which its findings may be applied to a larger population. This study improved

external validity by using as large, representative and heterogeneous sample of participants as possible.

5.2.3 Implications of the Delphi results for dashboard design

According to the previous research, public web-based COVID-19 dashboards present various
limitations, specifically an overall underuse of known and proven data delivery techniques, e.g.,
visualization techniques, from the perceptive of final user [36]. The lack of support to guide visualization
choices for diverse dataset domains, and absence of participatory methods in the dashboard
development contribute to the inadequate transmission of information to the general public, resulting in
misinterpretation of data by population.

Therefore, the results of the case study can improve already developed COVID-19 dashboards, which
represent same indicators selected for the research. This way, data visualization formats used by
dashboards can be substituted by new ones, considered more preferable due to the results of case
study, enhancing a perception of general population.

In Portugal, the national health authority official online service is the DGS (Dire¢do-Geral da Salde —
Directorate-General of Health) interactive platform. This platform reproduces the official reports,
representing number of confirmed COVID-19 cases daily, cumulatively or aggregated by certain
category. Additionally, this dashboard integrates the map visualization to display the number of cases
by geographical location. Therefore, this dashboard was chosen to be the one for further improvement

with the results of case study.
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6 Case study results

This chapter presents the results of implementing the developed approach for the context of COVID-19
pandemic. More specifically, the results of Delphi process are provided for each round, and their analysis

is performed. Moreover, the implications of the Delphi results for DGS dashboard design are presented.
6.1 Delphi participation

The Delphi process was developed to select the data visualization formats that are most preferred by
the participants for each indicator. As has been already mentioned, participants were recruited
according to the ‘snowballing’ method by using social media, with the result of 101 recruiters from

different areas of knowledge.

During the first round, the panelists were required to select the data visualization formats that they prefer
the most between suggested alternatives, for each indicator in question. In the final section of
guestionnaire, participants were asked to leave their e-mail in order to be contacted for the second
round, with 72 participants from a total of 101 (71,3% completion rate) having decided to fill their e-mail.
The average completion time recorded by survey was 05:55 minutes, that was considered to be

sufficient to answer all the questions without provoking any fatigue.

The participants’ composition presented certain heterogeneity in terms of gender (female — 59,6%, male
—40,4%), however, the prevalence of participants within age group of 20 to 29 years was encountered.
In terms of highest educational level, 17% of participants have completed high school, 34% - bachelor’s
degree and a master’'s degree was achieved by 44,7% of participants. Additionally, 30% of participants
had the professional activity related with health sector, and 61,7% of them were familiar with the concept
of COVID-19 dashboard.

For the second round, the response rate was 65%, with 47 panelists decided to participate in the Delphi
study. The participants were offered the possibility to change or maintain their responses, considering

the distribution of first-round votes provided for each option.
6.2 Delphi results

For first and second rounds, the frequency and percentage of votes for each option regarding all
questions were calculated. Afterwards, modes for each round were determined to reflect about central
tendency, and finally, were emphasized by using orange color. Additionally, the data visualization format
corresponded to the mode of the second round was highlighted by blue rectangle to facilitate the
perception. At the same time, to understand if the consensus could be assumed, the data visualization

with more than 50% of votes was mentioned if existent.
a) First part

As have already been mentioned, the first part consisted of six questions exploring the data visualization
formats of temporal COVID-19 indicators. For the first two questions, the indicator to be represented
was “Daily number of new confirmed COVID-19 cases”, considering two different time intervals — 3

months and 7 days.
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1. Que formato de visualizacdo considera ser o mais apropriado para representar o niimero diario de novos casos confirmados
de COVID-19, tendo em conta um intervalo de 3 meses (margo-junho)?

02/03/2021 691 i

03/03/2021 979 i

04/03/2021 B30 1 i 1

05/03/2021 949 LY T

06/03/2021 1007 BRI IR

07/03/2021 662 ALl M

08/03/2021 365 ’ LLY

00/03/2021 847

10/03/2021 842

11/03/2021 627

Tabela Grafico de linha Gréfico de colunas Gréfico de area
Table Line Chart Column Chart Area Chart

Round 1 10 (13,9%) 30 (41,7%) 13 (18,1%) 19 (26,4%)
Round 2 4 (8,5%) 22 (46,8%) 12 (25,5%) 9 (19,1%)

Figure 18. Question 1 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a daily number of new confirmed COVID-19 cases, considering three-month time interval
(March-June)?”). Frequency and percentage of votes for first and second rounds.

For the first question (Figure 18), related to three-month interval, in the first round the mode with the

value of 41,7% was attributed to line chart. Moreover, the most voted answer in the second round

continued to be a line chart, with 46,8% of percentage agreement. It is noteworthy to mention that the

percentage value increased (from 41,7% to 46,8%), appointing to evolution towards higher level of

agreement across rounds. Additionally, the variations in other categories were slight, however,

provoking the switch of preference regarding column and area charts. Although the mode value did not

reach the limit of 50% to conclude the consensus between participants, this value still can be considered

very close.

2. Que formato de visualizacdo considera ser o mais apropriado para representar o niimero didrio de novos casos confirmados
de COVID-19, tendo em conta um intervalo de 7 dias?

a

01/04/2021 592 -

02/04/2021 548

03/04/2021 280

04/04/2021 193

05/04/2021 159

06/04/2021 874 l | ™

07/04/2021 663

Tabela Gréfico de linha Grafico de colunas Gréfico de area
Table Line Chart Column Chart Area Chart

Round 1 12 (16,7%) 27 (37,5%) 28 (38,9%) 5 (6,9%)
Round 2 8 (17,0%) 16 (34,0%) 22 (46,8%) 1(2,1%)

Figure 19. Question 2 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a daily number of new confirmed COVID-19 cases, considering one-week interval?”).

Frequency and percentage of votes for first and second rounds.
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Regarding the next question (Figure 19), this time considering smaller time interval, the column chart
was recognized as the most voted one, with the mode of 38,9%. However, it is worth to note that the
mode value of column chart was very proximate to the one of the line chart, not allowing to have any
definitive conclusion. In the second round, the column chart continued to be most preferred with 46,8%
of votes. The increase in mode percentage indicates the evolution of group judgements towards a higher
level of agreement along two rounds. Besides that, the value was very proximate to achieve consensus

between participants.

3. Que formato de visualizagdo considera ser o mais apropriado para representar o numero cumulativo de
casos confirmados* de COVID-19, tendo em conta um intervalo de 2 meses (margo-junho)?

* nimero total de casos confirmados num determinado periodo de tempao

01/03/2021 804956

02/0372021 BO5647

03/03/2021 806626

04/03/2021 807456 —

05/03/2021 808405 ’,/'

06/03/2021 809412 el

07/03/2021 810094

08/03/2021 810459

09/03/2021 811308

10/03/2021 811948

11/03/2021 812575

Tabela Grafico de linha Gréfico de colunas Grafico de drea
Table Line Chart Column Chart Area Chart

Round 1 6 (8,3%) 35 (48,6%) 16 (22,2%) 15 (20,8%)
Round 2 3 (6,4%) 30 (63,8%) 6 (12,8%) 8 (17,0%)

Figure 20. Question 3 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a cumulative number of confirmed COVID-19 cases, considering three-month time
interval (March-June)?”). Frequency and percentage of votes for first and second rounds.

Next, the preferred visual interpretation of cumulative number of confirmed cases of COVID-19 was
studied over two time intervals: three-month and one week. In this case, the majority of votes for the
third question (Figure 20), with the longer time interval explored, went for the line chart with percentage
of 48,6%. In the second round, the most voted option continued to be line chart with 63,8% of percentage
agreement, surpassing the predefined threshold of 50% of achieving consensus. Moreover, the increase

in mode value also indicated an evolution towards higher level of agreement.
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4, Que formato de visualizagdo considera ser o mais apropriado para representar o numero cumulativo de
casos confirmados* de COVID-19, tendo em conta um intervalo de 7 dias?

* nimero total de casos confirmados num determinado periodo de tempo

otal confirmades

a

Gréfico de colunas

Column Chart

01/04/2021 822314
02/04/2021 822862
03/04/2021 823142
04/04/2021 823335
06/04/2021 823494
06/04/2021 824368 .
07/04/2021 825031
Tabela Gréfico de linha
Table Line Chart
Round 1 8 (11,1%) 22 (30,6%)
Round 2 5 (10,6%) 10 (21,3%)

Gréfico de area

Area Chart

8 (11,1%)

3 (6,4%)

Figure 21. Question 4 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a cumulative number of confirmed COVID-19 cases, considering one-week interval?”).
Frequency and percentage of votes for first and second rounds.

In the first round, the column chart was the preferred one with 47,2% for question 4 (Figure 21), studying

the shorter time interval. In the next round, the most voted visualization for cumulative number of COVID-

19 cases continued to be line chart, increasing the percentage agreement and reaching the consensus

with 61,7%.

5. Que formato de visualizagdo considera ser o mais apropriado para representar o numero diario de novos
casos confirmados de COVID-19 para trés regides - Norte, Centro e Alentejo, tendo em conta um intervalo

de 3 meses (margo-junho)?

Gréfico de colunas

100 200
166 255
kild a2
7 7
" 4%
20 m
207 180
57 182
“r 288
136 Fl
m 28
166 2%
Tabela

E23w2PYRBo2YR

MWWW'“.M

Gréfico de linha

Gréfico de colunas

Gréfico de area

empilhadas

Table Line Chart Column Chart Area Chart Stacked Column Chart
Round 1 20 (27,8%) 3 (4,2%) 13 (18,1%) 14 (19,4%)
Round 2 9 (19,1%) 5 (10,6%) 3 (6,4%) 8 (17,0%)

Figure 22. Question 5 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a daily number of new confirmed COVID-19 cases for three regions — Norte, Centro e
Alentejo, considering three-month time interval (March-June)?”) Frequency and percentage of votes for first and
second rounds.
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6. Que formato de visualizacdo considera ser o mais apropriado para representar o nimero diario de novos
casos confirmados de COVID-19 para trés regioes - Norte, Centro e Alentejo, tendo em conta um intervalo
de 7 dias?

/05 Ca508
ARS
ARS Nome  ARS Centro Alentejo

01042021 150 267 15 / \‘- i

02042021 1] 20 2 N |/

03/04/2021 n 9% ] \ |

04042021 % " n WS

05/04/2021 4 85 2 I I Y

06/04/2021 s ar 7 pr— /—\\
o7/ou/2021 182 262 R ALl | n [l II— I o = S —

Tabela Gréfico de linha Gréfico de colunas Grafico de drea

Gréfico de colunas

empilhadas
Table Line Chart Column Chart Area Chart Stacked Column Chart
Round 1 10 (13,9%) 18 (25,0%) 25 (34,7%) 6 (8,3%) 13 (18,1%)
Round 2 6 (12,8%) 12 (25,5%) 25 (53,2%) 1 (2,1%) 3 (6,3%)

Figure 23. Question 6 of Delphi questionnaire (trans. “What visualization format do you consider to be the most

appropriate to represent a daily number of new confirmed COVID-19 cases for three regions — Norte, Centro e

Alentejo, considering one-week interval)?”). Frequency and percentage of votes for first and second rounds for
Question 6.

Next two questions investigated the daily number of new confirmed cases of COVID-19 for three regions,
taking into account two time intervals: 3-month and one week. The objective of these question was to
determine if perception changes when different categories are compared on the same chart, within

different time intervals.

For these two questions, the answers of Round 1 were inconclusive, since the percentages of
agreement were very proximate. Besides that, the mode was attributed to line chart (30,6%), in case of
question 5 for longer period of time (Figure 22), and to column chart (34,7%), in case of question 6 for
shorter period of time (Figure 23). For these questions, charts with 50% and above were inexistent,

contributing for the lack of clarity of results.

In second round, for 3-month period, the most voted option continued to be line chart, with percentage
value increased (from 30,6% to 46,8%) (Figure 22), appointing to evolution towards higher level of
agreement across rounds. On the other hand, for shorter time interval — one week — the most preferred
option continued to be column chart, with 53,2% (Figure 23), reaching the consensus between the

participants. The tendency towards higher level of agreement (from 34,7% to 53,2%) was also notable.
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It is noteworthy to mention that the most voted options from first two questions are compliant with the
results of questions 3 and 4, as of questions 4 and 5, respectively, where the line chart was chosen to
interpret the graphs with longer time intervals, and column chart — for events which occur within shorter
period of time.
b) Second part

For this section, the data visualization formats corresponding to the total number of confirmed cases
since the beginning of the COVID-19 pandemic were investigated, aggregated by region, sex and/or
age group. The first three questions investigated aggregation by age group, sex and region,
respectively.

7. Que formato de visualizacdo considera ser o mais apropriado para representar o nimero total de casos
confirmados de COVID-19 por grupo etario?

Casos,—.,

\_Gtupo etirio confirmades,

0-9 46936

10-19 78979 -

20-29 121838

30-39 122271 - .
40-48 141038 .

50-59 125855 -

60-69 86630 )

70-79 56015 ’ ’
80+ 69606

Tabela Gréfico de pizza Gréfico de colunas Gréfico de barras

empilhadas a 100%*

-
-
-]
. -]
I
I
=
-]
|
Gréafico de donut Gréfico de barras
Table Pie Chart Column Chart 100% Stacked Bar Chart Donut Chart | Bar Chart
Round 1 3 (4,2%) 28 (38,9%) 19 (26,4%) 2 (2,8%) 3 (4,2%) 17 (23,6%)
Round 2 0 (0,0%) 14 (29,8%) 19 (40,4%) 0 (0,0%) 2 (4,3%) 12 (25,5%)

Figure 24. Question 7 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a total number of confirmed COVID-19 cases by age group?”). Frequency and
percentage of votes for first and second rounds.

Considering the indicator “Total number of confirmed cases by age group” in Question 7 (Figure 24),
nine age groups were represented by different visualizations, where the preferred data visualization was
pie chart, with the value of 38,9%. However, in second round the most voted option changed from pie
to column chart, with the percentage of 40,4%, therefore this question showed inconclusive results. This
switch can be related with the comment which the participant left during the first round of Delphi, advising

not to use pie chart with high number of categories.
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8. Que formato de visualiza¢do considera ser o mais apropriado para representar o nimero total de casos

confirmados de COVID-19 por sexo?

Casos
Sexo confirmados
Homens 412469
Mulheres 463088
Tabela

Gréfico de donut

Grafico de pizza

Gréfico de barras

Gréfico de colunas

Grafico de barras
empilhadas a 100%

Table Pie Chart Column Chart 100% Stacked Bar Chart Donut Chart | Bar Chart
Round 1 5 (6,9%) 42 (58,3%) 9 (12,5%) 3 (4,2%) 10 (13,9%) 3 (4,2%)
Round 2 1(2,1%) 35 (74,5%) 3 (6,4%) 2 (4,3%) 6 (12,8%) 0 (0,0%)

Figure 25. Question 8 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a total number of confirmed COVID-19 cases by sex?”). Frequency and percentage of

votes for first and second rounds.

For the next question (Figure 25), the pie chart was the most voted one with the value of 58,3%,

surpassing 50% threshold. The results from round 2 provided relatively high percentage agreement

regarding the option “Pie Chart” — 74,5%, not only confirming the results from the first round but also

increasing the level of agreement along rounds and determining the consensus between participants.

58




9. Que formato de visualizacdo considera ser o mais apropriado para representar o nimero total de casos

confirmados de COVID-19 por regido?

Regido

ARS Norte 340525
ARS Centro 119891
ARS Lisboa e Vale do Tejo 321461
ARS Alentejo 30202
ARS Algarve 22298
Agores 5440
Madeira 9
Tabela

Grafico de donut

Gréfico de pizza

Gréfico de barras

Gréfico de colunas

Gréfico de barras
empilhadas a 100%

Table Pie Chart Column Chart 100% Stacked Bar Chart Donut Chart Bar Chart
Round 1 11 (15,3%) | 15 (20,8%) 24 (33,3%) 1 (1,4%) 6 (8,3%) 15 (20,8%)
Round 2 3 (6,4%) 9 (19,1%) 24 (51,1%) 0 (0,0%) 3 (6,4%) 8 (17,0%)

Figure 26. Question 9 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a total number of confirmed COVID-19 cases by region?”). Frequency and percentage of

votes for first and second rounds.

For the question 9 (Figure 26), the preferred visualization corresponded to the cases aggregated by

seven ARS were asked. In the round 1, a chart with the maximum level of percent agreement (33,3%)

was the column chart, not allowing to have any definitive conclusion. In the next round this visualization

format continued to be the most voted option with the percentage agreement of 51,1%, not only evolving

toward higher level of agreement, but also reaching consensus between participants.
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10. Que formato de visualizagdo considera ser o mais apropriado para representar o nimero total de casos
confirmados de COVID-19 por sexo e idade?

C 5 —_—
Grupo etanio Homens Mulheres I
09 24025 2
10-19 309205 30684 _ -_
=== - —
EEE | I —
e = = I -— - THHU T
80+ 262 6444 : .
Tabela Graéfico de colunas Gréfico de barras de dois Gréfico de colunas
agrupadas lados empilhadas
Grafico de colunas
empilhadas a 100%
Table Grouped Column | Two-sided Bar Chart | Stacked Column | 100% Stacked
Chart Chart Column Chart
Round 1 7 (9,7%) 13 (18,1%) 45 (62,5%) 4 (5,6%) 3 (4,2%)
Round 2 3 (6,4%) 4 (8,5%) 37 (78,7%) 3 (6,4%) 0 (0,0%)

Figure 27. Question 10 of Delphi questionnaire (trans. “What visualization format do you consider to be the most
appropriate to represent a total number of confirmed COVID-19 cases by sex and age group?”). Frequency and
percentage of votes for first and second rounds.

Finally, for the last question of the second part of the questionnaire (Figure 27), the indicator “Total
number of confirmed cases by age group and sex” was explored, with the objective to investigate the
perception of participants regarding the comparation of two distinct categories. In this case, the two-
sided bar chart was the most preferred data visualization format in the first round, surpassing the
threshold of 50% with the percentage agreement of 62,5%. In the second round the two-sided bar chart
continued to be the preferred option selected by participants, representing the percentage of 78,7%,
reaching the consensus. It is noteworthy to mention that it was possible to observe an evolution of group

judgements towards a higher level of agreement in this question.
¢) Third part

The last part of questionnaire corresponded to the map visualizations, integrating the SCOPE project.
The question 10 (Figure 28) was regarding the representation of COVID-19 incidence by most common

map visualizations used in dashboards, including choropleth, bubble, dasymetric and point maps.
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11. Que mapa considera ser o mais apropriado para representar o numero de novos casos confirmados

de COVID-19* por concelho desde o inicio da pandemia ?

*incidéncia

Mapa de bolas

Mapa coroplético

Mapa dasimétrico Mapa de pontos

Bubble map Choropleth map Dasymetric map Point map
Round 1 19 (26,4%) 46 (63,9%) 7 (9,7%) 0 (0,0%)
Round 2 7 (14,9%) 38 (80,9%) 2 (4,3%) 0 (0,0%)

Figure 28. Question 11 of Delphi questionnaire (trans. “What map do you consider to be the most appropriate to

represent a number of new confirmed COVID-19 cases per municipality (incidence) since the beginning of
pandemic?”). Frequency and percentage of votes for first and second rounds.

It is noteworthy to mention that the point map was not voted at all, suggesting that it was considered as
not appropriate for representation of COVID-19 cases, and highlighting its low perception. Additionally,
the highest value of percent agreement was assigned to choropleth map (63,9%). It was also considered

a preferred one in the second round with the percentage of 80,9%, being consistent with the first-round

results, and reaching the consensus regarding this data visualization format. Moreover, the evolution

towards a higher level of agreement has been observed during two rounds.

12. Que mapa considera ser 0 mais apropriado para representar o numero de novos casos confirmados de
COVID-19 por 100000 habitantes*, por concelho desde o inicio da pandemia ?

* incidéncia cumulativa por 100000 habitantes desde o inicio da pandemia

Com limites
administrativos (o risco é
constante dentro da
unidade administrativa)

Com limites
administrativos (o risco é
continuo no espaco)

A risk is constant within administrative unit

A risk is continuous in space

Round 1 51 (70,8%)

21 (29,2%)

Round 2 38 (80,9%)

9 (19,1%)

Figure 29. Question 12 of Delphi questionnaire (trans. “What map do you consider to be the most appropriate to

represent a number of new confirmed COVID-19 cases per 100000 inhabitants (cumulative incidence), per
municipality since the beginning of pandemic?”). Frequency and percentage of votes for first and second rounds.
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For the last question of questionnaire (Figure 29), the two maps suggested by project SCOPE were
integrated. The first one corresponded to the map with constant infection risk within the administrative
unit, and another represented the SCOPE map with infection risk, which is continuous in the space. The
last one has been the focus of the project since it reflects more precise information about COVID-19
risk distribution, however, the perception of public can be important to understand if this map can be

well-interpreted by generic population.

However, the participants chose the maps with constant infection risk within the administrative unit with
the agreement percentage of 70,8%, confirming that the perception of general population doesn’t
depend on precision of representation. In the second round, the participants maintained the maps with
constant infection risk within the administrative unit with the percentage of 80,9%, increasing the level

of agreement along two rounds.

To summarize the second-round results, the next table (Table 6) was created with the mode and

percentage agreement values for each question:

Table 6. Summary of second round results of Delphi process.

Question 1 2 3 4 5 6

Mode Line Chart Column Chart  Line Chart Column Chart  Line Chart  Column Chart

Percentage 46,8% 46,8% 63,8% 61,7% 46,8% 53,2%

agreement

Question 7 8 9 10 11 12

Mode Column Pie Chart Column Two-sided Choropleth  Arisk is

Chart Chart Bar Chart Map constant within

administrative
unit

Percentage 40,4% 74,5% 51,1% 78,7% 80,9% 80,9%

agreement

Additionally, Table 7 was developed to compare the percentages of how many people changed their

opinion throughout the Delphi, in order to discuss whether the statements can be considered stable.

Table 7. The percentages of how many people changed their opinion throughout the Delphi process.

Question 1 2 3 4 5 6 7 8 9 10 11 12
Percentage
(%) 17,0 25,5 29,8 25,5 23,4 19,1 25,5 255 27,7 19,1 12,8 149

Regarding the change of opinion by the participants, this was around 20% conferring overall stability to

the Delphi, and consequently, reliability of the process.
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6.3 Implications of the Delphi results for DGS dashboard design

As has been already mentioned, DGS dashboard was chosen to be the one for further improvement
with the results of case study. For that purpose, the analysis of DGS COVID-19 dashboard was
performed in order to discover inconsistencies with case study results, and afterwards, the alternative
data visualization formats were proposed with the final objective to develop an adjusted DGS COVID-
19 Dashboard.

a) Analysis of DGS COVID-19 Dashboard

Confirmados por Grupo Etério

S DGS=

esri Portugal

ACTIVOS
31455

RECUPERADOS
1038 529

+671 = Evolucdo de Casos Novos

1000
500
800
700
500
500

00

28/10/2021

Versao para
Smartphone

Figure 30. DGS COVID-19 Dashboard [43].
The design of the dashboard demonstrates the simplicity of interface, and the interactions are very user-

friendly, considering Visual Information Seeking Mantra. The left part of dashboard represents windows
with the current numbers of active, recovered and confirmed cases, as the number of deaths (Figure 30
— Blue Rectangle). The map visualization shows the cumulative incidence, or number of new confirmed
cases per municipality since the beginning of pandemic per 100 000 habitants, by using choropleth map
with defined administrative limits (Figure 30 — Green Rectangle). The bottom right side displays the
evolution of temporal COVID-19 indicators, where the time interval can be chosen using available at the
top zoom option, and the indicator is selected by clicking on available options at the bottom (Figure 30
— Red Rectangle). The top right section is divided by two parts: the right one represents the total number
of COVID-19 confirmed cases since the beginning of the pandemic, aggregated by certain category
where indicators can be selected by using the carrousel at the bottom (Figure 30 — Yellow Rectangle).
The left section (Figure 30 — Purple Rectangle) displays some information about distribution of cases
by different ARS.

Afterwards, the analysis of data visualization formats utilized in this dashboard for the case study

indicators needed to be done in order to evaluate their appropriateness. First of all, the map used for
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representing cumulative incidence was identified as choropleth, with a constant risk within administrative
unit, which is compliant with results of case study for questions 11 and 12. Consequently, this data

visualization format can be considerate adequate for the use on DGS dashboard.

Next, the temporal COVID-19 indicators were investigated in order to understand if DGS COVID-19
dashboard utilized data visualizations compatible with case study results. The indicators “Daily number
of new confirmed COVID-19 cases” and “Cumulative number of new confirmed COVID-19 cases” were
represented by area chart and line chart, respectively, for a longer time interval. The first indicator has
been showed not being compliant with case study results (Figures 18 and 20), which suggested line
chart as a most adequate data visualization format. Additionally, after the zoom-in action the data
visualization didn’t change to column chart, most preferred for the shorter intervals of time. Therefore,
this can be corrected by implementing the logic where for the certain data interval after the zoom-in
action the chart type changes from the line to column chart, however it might not be supported by all the

platforms and can be complicated to perform.

Afterwards, the section regarding the total number of confirmed COVID-19 cases since the beginning
of the pandemic was analyzed. This indicator aggregated by sex was correctly represented by the pie
chart, preferred by the majority of Delphi participants, however, the bar chart reflected the number of
cases by age group, not being consistent with the results of Delphi study (Figure 24). Therefore, this
data visualization format should be replaced by column chart, that was the most preferred one by Delphi

participants.

The confirmed cases per ARS were represented by the table format, however, the most voted format
determined by case study was a column chart, therefore, this alteration should be implemented in the
platform. Regarding the indicator “Number of confirmed cases by sex and age group”, the DGS
dashboard utilized grouped column chart, while case study results (Figure 27) showed a strong

preference (79% of voters) for the two-sided bar chart.

Therefore, some alterations can be performed with DGS dashboard, considering the results of the case
study, based on the previously developed approach. These alterations can improve the communicability
and efficiency of platform by integrating data visualizations, previously validated not only by acquired
knowledge, but also by involvement of final users in their selection. Despite of the fact that the case
study didn’t cover all indicators included in DGS dashboard, it was possible to exemplify the possible

application of results for some of the indicators.
b) Implementation

As a consequence of the previously performed analysis, it was decided to develop renewed DGS
COVID-19 dashboard, that has been adjusted to Delphi results. This dashboard implemented the

alternatives suggested above, considering all the possible improvements acquired in this study.

Since most of the indicators used in Delphi process were implemented in the original DGS Dashboard,
they were maintained for the further design development. The only indicator of Delphi process, not
presented in original DGS dashboard, “Daily number of new confirmed COVID-19 cases by region” was
added due to its high frequency in public COVID-19 dashboards, this way increasing the usefulness of

the developed platform.
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The platform selected for the dashboard development was ArcGIS Online, cloud-based software to
create and share interactive web maps. Additionally, it allows to upload data from different sources and
represent it using different data visualizations on a single screen, by utilizing ArcGIS Dashboards, one
of the ArcGIS extensions. This platform was selected due to its user-friendly interface, easy integration
of different data formats, a robust package of data visualizations, and the possibility of map creation and
its posterior implementation in dashboard.

A main data source used in the developed dashboard was the repository GitHub named “Dados relativos
a pandemia COVID-19 em Portugal”, based on the daily updates of COVID-19 data presented by DGS.
The data is organized in .csv files, each corresponding to different COVID-19 topics and following certain
structure. For this implementation, two files were used: data.csv, which contains the data extracted from
DGS dashboard and daily DGS reports, and data_concelhos_incidencia.csv, which contains the data
from the accumulated confirmed cases of the 14 days prior to the reporting date proportional to 100k

inhabitants.

The first file, data.csv, reflects the information about daily confirmed COVID-19, aggregated by ARS,
sex and/or age, and the information about the deaths, vaccinated and tested. However, for this
implementation, only the pertinent indicators were extracted from the database, uploaded to ArcGIS and
saved for future operations. For map visualization, another file, data_concelhos_incidencia.csv, was
analyzed, and the data for the last registered day were extracted. Afterwards, the data upload to ArcGIS

Online was performed, and the map layer was created by using ArcGIS Map extension.

The dashboard development using ArcGIS Dashboard was then proceeded. The overall visual
appearance was decided to be similar to the original DGS Dashboard, using dark theme with the
analogous color palette. Moreover, the localization of blocks was also organized in the identical way
(Figure 31), where the section with static indicators were replicated (Figure 31 — Blue Rectangle). The
map layer, previously developed in the separate extension, was integrated as a choropleth map with
administrative limits, in the middle of the dashboard (Figure 31 - Green Rectangle). Afterwards, the
temporal indicators were implemented in the bottom right of the dashboard, using data visualization
formats consistent with the Delphi results by integrating the uploaded data from data.csv (Figure 31 -
Red Rectangle). The scroll bar was incorporated within visualizations to perform zoom action; however,
ArcGIS presented certain limitations due to the impossibility to change data visualization according to
the amplified time interval. Therefore, the data visualization formats for shorter period of time (one week)

were implemented separately.

For total number of confirmed cases aggregated by ARS, sex and/or age group the data visualizations
were implemented at top right of dashboard, using the previously uploaded information (Figure 31 —
Yellow Rectangle). However, since ArcGIS doesn'’t provide two-sided bar chart, the indicator “Total

number of confirmed COVID-19 cases by age group and sex” could not be integrated in final dashboard.

The upgraded DGS dashboard can be accessed from the link
https://www.arcqgis.com/apps/dashboards/4a6782bb9c5a4234bbb251ed9c461471. It is noteworthy to

mention that the data presented on dashboard were collected on the day 29 of September of 2021, so
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the information can be outdated. However, ArcGIS Online provides maintenance of information by

offering the possibility of updating old information, despite being time-consuming.
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Figure 31. Adjusted DGS COVID-19 Dashboard.
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7 Discussion

This section characterizes the methods and results elaborated in this thesis. Namely, the developed
novel approach for data visualization’s selection is discussed, and the choices made for the
implementation are debated as well as its implications. In a later stage the results of case study are
analyzed and discussed. To finalize, the contribution of this work is acknowledged, its overall limitations

and future developments are considered.

7.1 Novel approach

The proposed approach was developed to tackle the limitations presented in dashboard literature,
namely, the lack of well-constructed approach to select the appropriate visualizations, taking into
account not only the theory-based evidence, but also the perception of final users. For instance, the
developed approach reinvents the selection process in a more competent and effective manner, offering
assistance for data visualization selection. This way, the indicators’ data structure is taken as a starting
point, afterwards mapping it to the corresponding data visualization format, also considering the
communication purpose that the final visualization pretends to transmit. For that reason, the decision
table was developed to select the set of most appropriate data visualization formats according to the
metrics described above.

However, previously described process alone does not provide a unique solution, at the same time not
considering user perspectives and perceptions. Henceforward, the Delphi process ensures the usability
and acceptability of selected visualizations by capturing heterogeneous users’ opinions and reaching
an agreement in a legitimate and dynamic way. Delphi was considered more appropriate for the
dashboard design, where the heterogeneity of users implies high number of experts, and high
integration and inclusion of different types of information. Therefore, in this process the pre-set of data
visualization formats is proposed to the participants, and the perceptions and preferences of users are

investigated by asking the preferred data visualization format for indicator in question.
7.1.1 Implementation

Developing a novel approach to improve data visualization selection process in dashboards culminated
in its direct application, where it was implemented in the context of COVID-19 pandemic. Many web-
based dashboards have been created to assist in the dissemination of key pandemic information to the
public and its understanding of the COVID-19 data. To surpass challenges presented by public web-
based COVID-19 dashboards, the developed approach was implemented in two steps: first, the pre-set
of data visualization formats was defined for the list of selected COVID-19 indicators, considering their
data structure and communication purpose, and afterwards the Delphi process was developed to select

the most preferred data visualization for each indicator in question.

Firstly, in order to apply the developed approach, the set of most common COVID-19 indicators was
predefined by performing the analysis of study, which explores the characteristics of 158 public web-
based COVID-19 dashboards. However, the legitimacy of this indicators was not verified due to the lack

of their validation by applying separate methodology, which was decided to be omitted since the focus
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of this study is not related with indicator’s selection. At the same time, the number of selected indicators

was restricted with the purpose of not provoking fatigue in the posterior participatory process.

The selected indicators were classified by identifying their data structure, namely the number of
variables and their attribute type, and final communication purpose. Finally, the pre-set of data
visualization formats was defined by using decision table, developed in this study. The decision table,
mostly oriented to the public health dashboards, presented several limitations since the data

visualization formats used were the most common ones, requiring the simplicity of indicator’s structure.

This study was developed within the scope of the SCOPE (Spatial Data Science Services for COVID-
19 Pandemic) project, which provides daily updates on maps with local averages of infection risk, without
considering the administrative limits. Therefore, it was important to understand if this type of maps can
be useful to transmit information to general population, comparing it to the usual maps with constant

infection risk value within each area.

Afterwards, the Delphi process was implemented to identify the most preferred visualization formats
among the public. The web-based format was chosen to reduce fatigue and attrition between rounds,
at the same time lowering costs and facilitate data processing. SurveyHero platform was selected to be
the one to execute Delphi process, however, some difficulties were encountered during the
implementation, since the platform was not adapted for Delphi processes but only for one-round
surveys. Therefore, the second-round questionnaires were adjusted for each participant and sent
individually, without automatization of process. An a priori criterion of two rounds in this Delphi process
was established not only to ensure against participant fatigue but also to guarantee results are

meaningful. However, one should assume that, in this case, the consensus may be not achieved.
7.2 Results

In Chapter 6, the results from the different rounds of Delphi were presented. In the first round, 72
participants from total 101 totally completed the questionnaire. Specifically, the majority of participants
didn’t fill their e-mail at the end of questionnaire in order to proceed with the process. This could be
explained by participants not feeling comfortable to share their personal information, besides the
guarantee of anonymity and of the use of email only for study purpose. 47 participants decided to
participate in second round of the Delphi study, with the response rate of 65%. The low response rate
can be explained by low interest, increase of fatigue between rounds and the fact that the general

population are not familiar with two-round Delphi questionnaires.

The first part of questionnaire explored the data visualization formats of temporal COVID-19 indicators.
After two rounds, the preferred data visualization format for number of new confirmed COVID-19 cases,
represented daily, cumulatively or categorized by regions for longer time intervals (three months), was
a line chart. Additionally, for shorter time interval (one week), the most voted data visualization format
for same indicators was a column chart. Therefore, results suggest that a column chart is more
informative to depict variations for shorter periods of times, whereas a line chart is better in displaying
overall evolution picture. Moreover, these results highlight the importance of using different visualization

formats for different screen amplifications.
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For the second part of questionnaire total number of confirmed cases since the beginning of the COVID-
19 pandemic were investigated, aggregated by region, sex and/or age group. For indicator “Total
number of confirmed cases of COVID-19 by age group” the results were inconclusive due to the switch
of modes between the rounds, and correspondent percentage agreement of 40,4% for column chart
were relatively low to deduce any conclusions. As has been already mentioned, this inconsistency
between rounds can be related with the comment of the participant, that advised not to use pie chart
with high number of categories, provoking the decrease of the votes for this visualization in the second
round. This strong influence of the comment for final results reenforces the usefulness of Delphi due to

the interaction of different participants between rounds.

For the total number of confirmed cases of COVID-19 by sex, the most voted data visualization format
was a pie chart, meanwhile for aggregation by regions a column chart was the preferred option. Finally,
for the last question of the second part of the questionnaire, the indicator “Total number of confirmed
cases by age group and sex” was explored, where a two-sided bar chart was the most preferred data

visualization format.

Lastly, for map visualization, a choropleth map was the preferred option to represent the number of new
confirmed cases of COVID-19 per municipality since the beginning of the pandemic. Moreover, for last
question regarding the project SCOPE, participants preferred the maps with constant infection risk within
the administrative unit, suggesting that the general population has some difficulties to interpret SCOPE

maps, despite their higher spatial resolution.

Regarding overall results, they were considered stable, and it was possible to observe an evolution of
group judgements towards a higher level of agreement along the rounds. Considering that a group
majority (consensus) was established when at least 50% of the participants selected certain data
visualization, 8 from 12 questions achieved consensus regarding the selection of data visualization
format, and 3 of the 4 remaining questions reached the percentage value close to 50% (46,8%). As
have been already mentioned, only the indicator “Total number of confirmed cases of COVID-19 by age

group” showed inconclusive results and switch in modes.
7.2.1 Implications of the Delphi results for dashboard design

The direct application of case study results was performed to DGS COVID-19 Dashboard, the platform
developed in Portugal to transmit the general COVID-19 information to the population. The dashboard
was analyzed in terms of indicators and correspondent data visualization formats used, and afterwards
the inconsistencies with case study results were identified. The alternatives then were proposed, in
order to improve transmissibility of relevant information to the population and communicability of
platform. Finally, the updated DGS COVID-19 was developed by using ArcGIS software, integrating the
case study results. The implementation was performed without major difficulties, only presenting some
limitations regarding zoom interaction and absence of two-sided bar chart. This way, the DGS
dashboard was improved by including data visualizations that have been previously verified by

developed approach.
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7.3 Advantages of the proposed approach

The developed approach provides guideline for identification of the most adequate data visualization
formats, based on the previous studies in the field of information visualization, now applied to the
dashboard design. This approach provides a step-by-step solution for finding the best visualization type
for a given data set and communication purpose. Moreover, it covers most common data visualization

formats, mostly used in public health dashboards, that are easily perceivable by the general public.

However, the developed approach not only allows to select the set of most appropriate data visualization
formats from theoretical point of view, but also test the cognitive perception of possible dashboard users
and understand the preferences regarding certain visualizations. The implementation of Delphi process
ensured the acceptability of the selected data visualization format by considering not just participants'

differing interests, but also establishing a valid and dynamic consensus on various judgments.

Overall, the proposed approach surpasses the challenges presented by the modern public health

dashboards by providing guideline for data visualization selection with implemented Delphi process.
7.4 Limitations

During the development of this approach several challenges were encountered. Firstly, the limited
number of studies was found reflecting on visualizations, since the research on dashboards and data
visualization principles is still in its early stages, with just a few publications starting to appear recently.
Therefore, the approach for the visualization selection developed in this study was not previously applied
specifically to the dashboard context, and thus, requires validation regarding this point. On another
hand, the developed approach required the abstraction from individual graphical expressions, such as
shape, color or position, and focused on the underlying data structure. Consequently, it did not cover

the aesthetics of visualizations, so this topic requires further investigation.

As has been already mentioned, the indicators’ selection stage must precede the proceedings regarding
the identification of visual tools. This step requires highly complex process and involves the
implementation of separate methodology; therefore, it was not implemented in this approach, only

focusing on data visualization selection.

In terms of the Delphi process, it represents several limitations, such as it may be influenced by
participant’s bias and tendency to eliminate extreme positions to achieve central consensus [143].
Additionally, the lack of empirical rules or guidelines for definition of level of consensus creates additional
problems while developing the process [143]. Moreover, the nominal scale, utilized in this process, is

less flexible for the statistical analysis, allowing to perform only simple statistical tests.

Several limitations regarding implementation of some visual formats in dashboard platform were

encountered, appointing to the constraints imposed by the software.
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8 Conclusions

Although the rise of data visualization tools has raised concerns about their potential shortcomings, little
is known about the various methodologies involved in making an efficient dashboard. The lack of support
regarding visualization’s selection contributes to development of dashboards with highly subjective

choice of data visualization formats, mostly focused on the developer vision and perspective.

The main goal of this thesis was to explore methods to inform the design of data visualization tools and
select the data visualization formats, that can be incorporated in dashboards and used to transmit
relevant information about COVID-19 pandemic. With the work presented during the thesis, it is possible
to see that this objective was clearly fulfilled by developing a novel approach, that considers not only
the theory-based evidence, but also the preferences and views of general population for distinct data
visualization formats. For that purpose, the literature research was developed in order to establish
guideline for selection of appropriate data visualization formats for certain indicators, and afterwards,
Delphi process was applied to choose the preferred visualization format between the options of pre-

selected set.

The outcomes of case study using developed approach showed that its implementation is working
without any problems, and it can be useful for researchers working within the public health area. A
consensus was achieved for the majority of statements, with relatively high stability of the process, and
it was possible to observe an evolution of group judgements towards a higher level of agreement along
the rounds. The posterior application of case study results to already developed DGS COVID-19
dashboard showed that this type of platforms can be improved by implementing such approach for their

development.

However, being a novel approach of this nature, it has a number of aspects in which it may be improved
or even maintained to be more complete or autonomous. Therefore, it can be viewed as a model for

future advancements, such as the ones described below.

Regarding future work to be developed in the sequence of this thesis: first of all, the suggested future
work is related to correction of discovered limitations, namely, the validation of developed approach by
experts. Moreover, this approach can be completed by investigating in more detail the graphical
expressions of data visualization formats and appropriate user interaction steps for each visual format.
On the other hand, the developed approach did not cover all existing data visualization formats,

therefore the more profound analysis is needed to explore other visualization formats.

As has been already mentioned, a dashboard development includes different stages, therefore it would
be considerable to integrate the developed approach into the more complex one, which covers all stages

of dashboard development, e.g., including the methodology for key indicators’ selection.

Finally, this study gives the future possibility to develop powerful data visualization tool that integrates
data visualization formats of the selected health indicators in a concise, efficient and visually effective
way, taking into account the suggested approach. This tool may be used by government officials to

transmit relevant information and new public policies and optimize the use of public resources.
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Annexes

Annex A.
Delphi type

Modified

Policy

Real-time

e-Delphi

Modification

The first questionnaire
integrates a set of thoroughly
chosen topics extracted from
different sources
(summarized reviews of the
literature and/or interviews
with experts) [144].

The objective is to produce
wide variety of distinct
opinions on a particular topic
rather than reach consensus,
in order to estimate impact,
acceptability and
consequences of any
particular option, and to
examine [147].

Round-less method, using
online survey which gives
feedback
opportunity to re-assess and

their

immediate and

adjust estimations
during the predefined time
period [149].

Uses the internet-based
platform to organize, monitor
and facilitate interaction
between the researcher and

the participants [118].

Advantages

Ensure the credibility of

researcher by providing
reliable scientific background

[145].

Reduce the deviation to

personal preferences [146].

Best suited to examine
problems that require inputs
from multiple, diverse, and
usually contradictory points

of view.

Identification of opposing
positions, agreement or
disagreement points and
views [148].

Reduce redundancies in

arguments [149].

High efficiency and response
rates [150].

Convenience and flexibility
for both researcher and
participants imposed by
possibility to access
information wherever there is

Internet access.
Time and cost savings.

Facilitation of data
management, transparency,

and reduction of errors.

Efficient data collection and
analysis [118].

Disadvantages

The
generation by predefined set
of topics [145].

restriction of idea

High inconsistency due to the
heterogeneity of views and
fragmented understanding of
a problem [148].

consideration
the

Lack of
regarding level of

disagreement [147].

The different feedbacks may

have an impact on
experts’(final)  judgements
and opinion convergence

[149]. Impossibility to monitor

the progress over time [150].

Mandatory requirement of

Internet access

Platform use complications.
[118].
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Annex C.

1. Daily (or cumulative) number of new confirmed cases

Number of
Day
cases
A11 A1z
A21 B22

Data variables: QQ - 2 x quantitative (Cases, Day)

(considering the day as a categorical value — CQ)

Communication purpose: Showing changes over time

Data visualization formats: Line Chart, Area Chart, Column Chart

2. Daily number of new confirmed cases by region:

Cases
ARS ARS
Day ARS Norte ]
Centro Alentejo
A1 A1z A1s A4
A21 B22 B23 B24

Data variables: QQC - 2 x quantitative (Cases, Day), 1 x categorical (Regions)
(considering day as a categorical value - CCQ)
Communication purpose: Showing changes over time

Data visualization formats: Line Chart, Area Chart, Grouped Column Chart, Stacked Column Chart

3. Total number of confirmed cases by age group

Number of
Age Group
cases
An 0-9

A21 10-19



Data variables: CQ - 1 x quantitative (Cases), 1 x categorical (Age Group)
Communication purpose: Comparing categorical values + Assessing part-to-whole-relationships
Data visualization formats: Bar Chart, Column Chart, Pie Chart, Donut Chart, Stacked Bar Chart

4. Total number of confirmed cases by sex

Number of

Sex
cases
A1 Feminine
A21 Masculine

Data variables: CQ - 1 x quantitative (Cases), 1 x categorical (Sex)
Communication purpose: Comparing categorical values + Assessing part-to-whole-relationships
Data visualization formats: Bar Chart, Column Chart, Pie Chart, Donut Chart, Stacked Bar Chart

5. Total number of confirmed cases by region

Number of )
Region
cases
An ARS Norte
A21 ARS
Centro

Data variables: CQ - 1 x quantitative (Cases), 1 x categorical (Region)
Communication purpose: Comparing categorical values + Assessing part-to-whole-relationships
Data visualization formats: Bar Chart, Column Chart, Pie Chart, Donut Chart, Stacked Bar Chart

or, in case if Axyare geographic coordinates: Bubble Map, Choropleth Map, Dasymetric Map, Point Map.

6. Total number of confirmed cases by sex and age group:

Cases

Age Group Feminine Masculine

A1 A1z A1

A21 B22 B2s



Data variables: CCQ - 2 x categorical (Age Group, Sex), 1 x quantitative (Cases)

Communication purpose: Comparing categorical values + Assessing part-to-whole-relationships

Data visualization formats: Two-sided Bar Chart, Grouped Column Chart, Stacked Column Chart,

100% Stacked Column Chart
Annex D.

Available at: https://surveyhero.com/c/ad39c641

Annex E.

Available at: https://surveyhero.com/c/cwxq49r9
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