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Abstract (English - Spanish)

Maps are one of the oldest and most versatile visual representations, still in use today in many
fields, not only as military or terrain analysis tools (as their origins were) but also as information
storage, for educational, administrative, scientific and climatic purposes. They are a familiar
metaphor for most readers and are present in magazines, reports, digital media, press and
television. Their familiarity and popularity often make them prime candidates to act as a
framework for data representation, when communicating social, climate and political data,
among others. While the use of maps is often the most obvious choice when presenting data in a
visual format, sometimes their use to support the visualisation of complex data in infographics
and visual tools is not the best alternative, especially where decision making is key. Through three
distinct scenarios: climate, media and public administration, we will measure the impact on
cognitive load of our users by analysing uncertainty, spatio-temporal and multi-categorical data
respectively. We use different metrics, as well as qualitative and quantitative methodologies to
analyse the effectiveness of geospatial visualisations in decision making tools. We examine ways to
reduce the cognitive load to improve the user experience and understanding of the data
presented. For the first scenario (climate), we simplify the visual information channels in order to
shorten the response time and comprehension when visualising uncertainty. In the second
scenario (media), we use different maps depending on the users’ objectives, in order to reinforce
the detection of trends over time. For the third scenario (administration), we customise the
visualisations, allowing the user to dive into more specific data to improve comparison among
several categories. The common objective of these three scenarios is favouring decision making.

Los mapas son una de las representaciones visuales más antiguas y polivalentes, que aún en
nuestros días siguen vigentes en múltiples ámbitos, no ya sólo militares o como herramientas para
analizar el terreno (tal y como fueron sus orígenes) si no también como almacenamiento de
información, con fines educativos, administrativos, científicos y climáticos. Constituyen una
metáfora familiar para la mayoría de los lectores y están presentes en revistas, informes, medios
digitales, prensa y televisión. Su uso  y popularidad los convierten a menudo en los principales
candidatos para actuar como marco de representación de datos, a la hora de comunicar datos
sociales, climáticos o políticos, entre otros. Aunque el uso de mapas suele ser la opción más obvia
a la hora de presentar los datos en un formato visual, a veces su uso para apoyar la visualización de
datos complejos en infografías y herramientas visuales no es la mejor alternativa, especialmente
cuando la toma de decisiones es clave. A través de tres escenarios distintos: investigación
climática, los medios de comunicación y la administración pública, mediremos el impacto en la
carga cognitiva de nuestros usuarios analizando la incertidumbre de datos predictivos climáticos,
datos socioeconómicos y datos multi categóricos respectivamente. Utilizamos diferentes métricas,
así como metodologías cualitativas y cuantitativas para analizar la eficacia de las visualizaciones
geo-espaciales utilizadas en herramientas diseñadas para la toma de decisiones. Examinamos, a su
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vez, formas de reducir la carga cognitiva para mejorar la experiencia del usuario y la comprensión
de los datos presentados. En el primer escenario (investigación clima), simplificamos los canales
de información visual para acortar el tiempo de respuesta al visualizar la incertidumbre. En el
segundo escenario (medios de comunicación), comparamos la eficiencia de diferentes mapas para
reforzar la detección de tendencias a lo largo del tiempo. En el tercer escenario (administración),
personalizamos las visualizaciones, permitiendo al usuario bucear en datos más específicos para
mejorar la comparación entre varias categorías. El objetivo común de estos tres escenarios es
favorecer la toma de decisiones.

This dissertation is presented in the form of a compendium of publications, complying with the
requirements of the PhD program Information and Communication in terms of authorship, type of publication
and languages. The texts of each article, the category of the journals and the identifiers of each of the four
publications obtained from this study are included at the end of the document (more details are included in the
Introduction section).
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1.Introduction

In recent decades visualising data effectively has become more and more essential. This is partly due to the

ever increasing rise of Big Data and the need to understand behavioural patterns and to convey large volumes

of complex information. The problem with the visual representation of complex data is that it is often left to

data visualisation experts or data scientists who encourage the use of visual information channels without

taking into account the cognitive limitations of the audience, or their lack of familiarity with visualisations.

Visual representations involving the use of maps to understand geospatial data are very familiar to the

audience, as they have been used for centuries (during war, and for economic or strategic purposes) and

continue to be used frequently in the print and general media.

However, despite their familiarity, the use of maps brings with it a number of challenges (space use, time

representation, overlapping, among others), which calls into question their effectiveness in assisting the users

in understanding the content and facilitating decision-making.

In addition to these problems, we face a diversity of standards and a lack of clear guidelines in the visual

representation of complex data on maps for multiple scenarios (climate, media, administration) where,

paradoxically, communication between institutions or broadcasters and the people who consume this

information is key.

Data visualisation, until now seen as a tool for analysis, needs to take on a new dimension in which it acts as

an information architecture environment in itself. It is no longer only a question of facilitating

comprehension and decision-making, but also of guaranteeing and offering the minimum and necessary

knowledge, at each step of the search process when accessing more detailed or in-depth information.

In this study we examine the complexity and limitations presented by the visualisation of geospatial data and

the mechanisms which reduce cognitive load on our users, in order to favour decision-making. We analyse

three different contexts: the representation of uncertainty in climate data, temporary changes in

socio-economic data and lastly, the representation of multi-categorical data in the field of administration. At

the same time, we review good practices commonly applied in these disciplines and provide a list of

recommendations that can serve as guidance for climate service providers aiming to co-develop more effective

service visualisations.
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1.1 Doctoral Program directives

We remind you that this thesis is a compendium of publications from the UB Doctoral Programme in

Information and Communication. The requirements in this modality include the following requirements:

The publication of three articles of which:

● At least two articles must be listed in WoS or Scopus.

● In at least two articles the candidate must appear as first author, one as second author.

● At least two articles must be written in English.

Of which we fulfilled all conditions:

● Four articles appearing in WoS or Scopus (article 1,2,3 and 4).

● Two articles as first author (article 1 and 4), two articles as second author (articles 2 and 3).

● Four articles in English  (article 1,2,3 and 4).

The following is a list of the articles published, as well as the characteristics of the journals:

Article 1
Type of contribution: Article
Article type: Indexed at Web of Science present and JCR (SCIE, SSCI)
Authors (sorted by signature): Luz Calvo, Isadora Christel, Marta Terrado, Mario
Pérez-Montoro, Fernando Cucchietti
Title: Users' Cognitive Load: A Key Aspect to Successfully Communicate Visual Climate
Information
Year: 2021
Journal (title, volume, pages): Bulletin of the American Meteorological Society, v. 103 (1), p. 1-42
ISSN: 0003-0007 EISSN: 1520-0477
Category: METEOROLOGY & ATMOSPHERIC SCIENCES
Quartil: 1
Impact factor (IF): 9,116
Category rank: 6/94

Quality indicators:
For the past 100 years, the American Meteorological Society (AMS) has been publishing the world’s
premier research in the atmospheric, oceanic, and hydrologic sciences—from high-impact journals to
award-winning books to a long-standing series of meteorological monographs. With outstanding
author support and post-publication marketing efforts, AMS remains the publisher of choice for the
weather, water, and climate community. Since 1919, AMS has been publishing some of the top
research in the atmospheric, oceanic, and hydrologic sciences. Today, we publish more than 37,000
pages per year across 12 scientific journals and a series of monographs. Peer reviewed and highly
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respected, our journals are consistently ranked near the top of their fields in impact factor (IF). The
Bulletin of the American Meteorological Society is the flagship magazine of AMS and publishes
articles of interest and significance for the weather, water, and climate community as well as news,
editorials, and reviews for AMS members.

Summary:
The visual communication of climate information is one of the cornerstones of climate services. It
often requires the translation of multidimensional data to visual channels by combining colours,
distances, angles, and glyph sizes. However, visualisations including too many layers of complexity
can hinder decision-making processes by limiting the cognitive capacity of users, therefore affecting
their attention, recognition, and working memory. Methodologies grounded on the fields of
user-centred design, user interaction, and cognitive psychology, which are based on the needs of the
users, have a lot to contribute to the climate data visualisation field. Here, we apply these
methodologies to the redesign of an existing climate service tool tailored to the wind energy sector.
We quantify the effect of the redesign on the users’ experience performing typical daily tasks, using
both quantitative and qualitative indicators that include response time, success ratios, eye-tracking
measures, user perceived effort, and comments, among others. Changes in the visual encoding of
uncertainty and the use of interactive elements in the redesigned tool reduced the users’ response
time by half, significantly improved success ratios, and eased decision-making by filtering non
relevant information. Our results show that the application of user-centred design, interaction, and
cognitive aspects to the design of climate information visualisations reduces the cognitive load of
users during tasks performance, thus improving user experience. These aspects are key to successfully
communicating climate information in a clearer and more accessible way, making it more
understandable for both technical and nontechnical audiences.

Article 2
Type of contribution: Article
Article type: Indexed at Web of Science present and JCR (SCIE, SSCI)
Authors (sorted by signature): Marta Terrado, Luz Calvo, Isadora Christel
Title: Towards more effective visualisations in climate services: good practices and recommendations

Year: 2022
Journal (title, volume, pages): Climatic Change, v. 172(1), p. 1-2
ISSN: 0165-0009 eISSN: 1573-1480
Category: METEOROLOGY & ATMOSPHERIC SCIENCES
Quartil: 1
Impact factor (IF): 5,174
Category rank: 23/94
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Quality indicators:
Springer is a leading global scientific, technical and medical portfolio, providing researchers in
academia, scientific institutions and corporate R&D departments with quality content through
innovative information, products and services. Springer has one of the strongest STM and HSS
eBook collections and archives, as well as a comprehensive range of hybrid and open access journals
and books under the SpringerOpen imprint. Springer is a part of Springer Nature, a global publisher
that serves and supports the research community. Springer Nature aims to advance discovery by
publishing robust and insightful science, supporting the development of new areas of research and
making ideas and knowledge accessible around the world.

Summary:
Visualisations are often the entry point to information that supports stakeholders’ decision- and
policy-making processes. Visual displays can employ either static, dynamic or interactive formats as
well as various types of representations and visual encodings, which differently affect the attention,
recognition and working memory of users. Despite being well-suited for expert audiences, current
climate data visualisations need to be further improved to make communication of climate
information more inclusive for broader audiences, including people with disabilities. However, the
lack of evidence-based guidelines and tools makes the creation of accessible visualisations challenging,
potentially leading to misunderstanding and misuse of climate information by users. Taking stock of
visualisation challenges identified in a workshop by climate service providers, we review good
practices commonly applied by other visualisation-related disciplines strongly based on users’ needs
that could be applied to the climate services context. We show how lessons learned in the fields of
user experience, data visualisation, graphic design and psychology make useful recommendations for
the development of more effective climate service visualisations.

Article 3
Type of contribution: Article
Article type: Indexed at Web of Science present and JCR (SCIE, SSCI)
Authors (sorted by signature): Marta Terrado, Luz Calvo, Dragana Bojovich, Isadora Christel
Title: Current Practice in Climate Service Visualization: Taking the Pulse of the Providers’
Community
Year: 2022
Journal (title, volume, pages): Bulletin of the American Meteorological Society, v. 8, p. 28-37
ISSN: 0003-0007 EISSN: 1520-0477
Category: METEOROLOGY & ATMOSPHERIC SCIENCES
Quartil: 1
Impact factor (IF): 9,116
Category rank: 6/94

Quality indicators:
For the past 100 years, the American Meteorological Society (AMS) has been publishing the world’s
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premier research in the atmospheric, oceanic, and hydrologic sciences—from high-impact journals to
award-winning books to a long-standing series of meteorological monographs. With outstanding
author support and post-publication marketing efforts, AMS remains the publisher of choice for the
weather, water, and climate community. Since 1919, AMS has been publishing some of the top
research in the atmospheric, oceanic, and hydrologic sciences. Today, we publish more than 37,000
pages per year across 12 scientific journals and a series of monographs. Peer reviewed and highly
respected, our journals are consistently ranked near the top of their fields in impact factor (IF). The
Bulletin of the American Meteorological Society is the flagship magazine of AMS and publishes
articles of interest and significance for the weather, water, and climate community as well as news,
editorials, and reviews for AMS members.

Summary:
Effective visualisations of climate information that can be easily understood by non–climate experts
are strongly needed. At present, the absence of a common or standardised visualisation approach for
climate services results in the application of different practices by climate service providers,
sometimes leading to users’ misinterpretation or misuse of climate information. In this report, we
analyse the outputs from a workshop with climate service providers that had the aim to identify
current practices and challenges faced when developing visualisations in the field of climate services.
The analysis of the results obtained depicted the current status of the climate services visualisation
field, identified the main lessons learned by different projects, and highlighted challenges that
required further research efforts. Insights obtained from the analysis are valid for climate service
providers worldwide.

Article 4
Type of contribution: Article
Article type: Indexed at Web of Science present and JCR (SCIE, SSCI)
Authors (sorted by signature): Luz Calvo, Mario Pérez-Montoro, Fernando Cucchietti
Title: Measuring the effectiveness of Static Maps to Communicate Changes over time
Year: 2022
Journal (title, volume, pages): IEEE TRANSACTIONS ON VISUALISATION AND
COMPUTER GRAPHICS, p. 1-13
ISSN: 1077-2626 eISSN: 1941-0506
Category: COMPUTER SCIENCE, SOFTWARE ENGINEERING
Quartil: 1
Impact factor (IF): 5,226
Category rank: 13/110

Quality indicators: IEEE Transactions on Visualization and Computer Graphics publishes papers
on subjects related to computer graphics, information and scientific visualisation, visual analytics,
and virtual and augmented reality, focusing on theory, algorithms, and research-inspiring
applications. Each author enjoys the advantage of becoming part of IEEE’s stellar reputation and

13



125-year history of innovation. Past and present members include nearly two dozen Nobel
Prize-winning innovators. Today, IEEE has over 400,000 professional and student members who will
shape technology for years to come. Researchers rely on IEEE for trusted information. Eleven million
downloads each month is strong evidence that the IEEE Xplore® digital library provides authors
with the “findability” they seek. Consistent quality and high demand make IEEE publications
trusted sources for researchers in corporations, academia, and government.
IEEE journals and conference proceedings receive nearly three times the patent citations of
competing publishers, which gives IEEE authors a distinct mark of credibility within their field of
interest.IEEE maintains active partnerships with abstracting and indexing providers such as Elsevier,
Clarivate, ProQuest, IET, and NLM to maximise the discovery of author works. As a member of
CrossRef, IEEE Xplore articles include outbound reference links to other publisher content
registered in the CrossRef system. IEEE Xplore is indexed by Google™, allowing Google search
results to include links to IEEE Xplore.

Summary:
Both in digital and print media, it is common to use static maps to show the evolution of values in
various regions over time. The ability to communicate local or global trends, while reducing the
cognitive load on readers, is of vital importance for an audience that is not always well versed in map
interpretation. This study aims to measure the efficiency of four static maps (choropleth, tile grid
map and their banded versions) to test their usefulness in presenting changes over time from a user
experience perspective. We first evaluate the effectiveness of these map types by quantitative
performance analysis (time and success rates). In a second phase, we gather qualitative data to detect
which type of map favours decision-making. On a quantitative level, our results show that certain
types of maps work better to show global trends, while other types are more useful when analysing
regional trends or detecting the regions that fit a specific pattern. On a qualitative level, those
representations which are already familiar to the user are often better valued despite having lower
measured success rates.

2. Previous work
In this section, we review previous literature related to the three scenarios and use cases approached in this

thesis: uncertainty in climate visualisation, temporary changes over time when communicating

socio-economic data in the media, and multi-categorical data analysis for the administration, in order to

identify advances in data visualisation, as well as unresolved issues in each of the fields.

2.1. The complexity of climate data representation
The accessibility to climate information has implications for how society makes the best use of scientific
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knowledge to adapt to climate change (Harold et al., 2016). For decades, climate service providers have faced

the challenge of how to best communicate climate-related data and information, together with its inherent

uncertainty, in an easy to understand way for both expert and non-expert users (Kaye et al., 2012; Lorenz et

al., 2015). This has resulted in service providers often using visual representations to supply climate

knowledge tailored to users’ decision-making processes (Gerst et al., 2020a; Taylor et al., 2015a).

Visualisations of complex climate data tend to prioritise solutions that take into account the greatest

combination of variables and dimensions, e.g., colour, size, position, opacity of the glyphs used to represent

a value. This complexity calls for formats paying special attention to visual encoding, which encompasses the

translation of multidimensional data into visual elements on a chart or map representation. Visual encoding

is useful in the sense that it allows us to convey a higher amount of information in a single visualisation

(Grainger et al., 2016; Lloyd, 1997). However, it rarely takes into account whether the information needs to

be displayed all at the same time, with certain visual aesthetics, or if it will be too complex to be interpreted

correctly (Cleveland & McGill, 1985; Sager et al., 2007). Indeed, aesthetics might be worth considering if

striving to create something memorable, that helps to raise awareness about a specific scientific challenge

(Borkin et al., 2013). However, an attractive visualisation cannot qualify as effective unless it accurately

conveys something meaningful or credible reinforcing the target message of the graph (Holmes, 1984;

Kosara, 2013).

According to (Stephens et al., 2012), for a visualisation to be effective, it is important to consider a balance

between information density, robustness (the representation of scientific confidence and consensus), and the

relevance of the information to the user’s needs. Although visualising climate forecast uncertainties and

associated probabilities have been thought to increase user trust (Joslyn & LeClerc, 2012; Roulston et al.,

2006), it does not automatically lead to better decisions (Greis et al., 2015). This is especially critical when

the visual elements used to represent uncertainty compete with the limited cognitive resources of the users

such as attention, recognition, and working memory (Antifakos et al., 2004; McInerny et al., 2014).

Visualisations requiring a high cognitive load, that is, involving a high amount of working memory resources

and attention mechanisms, can have negative effects on users’ understanding and learning and impact

negatively on their ability to complete a task or make an informed decision (Cairo, 2012; Few, 2009;

McInerny et al., 2014). In such cases, the use of interactive elements can offer mechanisms for progressively

dosing the information that is to be shown (Bertin, 2010; Veras Guimarães, 2019; Ware et al., 2002;

Yoghourdjian et al., 2018).
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Methodologies grounded in the fields of user-centred design (UCD), human-computer interaction (HCI),

and cognitive psychology have much to contribute to the field of climate data visualisation (Bevington et al.,

2019; Christel et al., 2018). UCD techniques involve the input of users throughout the design process in

order to create highly usable visualisation tools based on their needs (B. M. Davis et al., 2020; Dong et al.,

2008; Yucong et al., 2019). HCI makes use of interactive elements to allow users to decide what and when to

see, or to show only those values which are relevant for a given task. This facilitates decision-making, returns

control to users, and allows them to discard non relevant information at any given time (Gerharz & Pebesma,

2009; Lau & Vande Moere, 2007; Ware, 2012). Within the framework of UCD methodologies, technologies

such as the eye-tracker have been used to quantify and analyse visual patterns, attention, and cognitive

aspects (Fu et al., 2016; Krejtz et al., 2018). Adding cognition and perception (i.e processes about how

humans acquire knowledge, understanding and interpretation) can help detect and solve initial design

problems. Rather than just favouring visual exploration, these disciplines offer increasingly effective methods

to develop and evaluate visualisation systems that explicitly take into account real-world user requirements

(Block, 2013).

Tools and learnings from the UCD field have already been applied to the visualisation of climate information

and climate services. For instance, (Argyle et al., 2017) showed how incorporating usability evaluation into

the design of decision support systems can improve the efficiency, effectiveness, and user experience of a

weather forecasting application. Other studies have similarly applied UCD methodologies to reinforce the

design of climate information websites, apps, and prototypes (Khamaj et al., 2019; Ling et al., 2015; Oakley

& Daudert, 2016). Design elements have also been introduced in the development of climate services to

increase their usability, in particular for the renewable energy sector (Christel et al., 2018). On the other

hand, cognitive and psychological sciences have been used in the visualisation of climate data. Some examples

are the use of cognitive psychology methods to help make information provided by IPCC graphs more

accessible to expert and non-expert audiences (Harold et al., 2016) and improve users’ task performance

(Hegarty et al., 2010). Differences in the interpretation of climate graphs between experienced and

inexperienced users have been explored elsewhere (Atkins & Mcneal, 2018; Gerst et al., 2020a), both for

climate change variables and for temperature and precipitation forecasts.

2.2. Lack of standards in climate visualisation
The need for standards in climate services is a topic that has recently gained momentum. Guidelines for the

quality management of climate services have been proposed by the World Meteorological Organisation
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(WMO, 2018) and broad standards for climate change adaptation and mitigation also exist (ISO 9000 and

14,000 standards families). In addition, some basic recommendations on communicating forecast

uncertainty have been published (M. Davis et al., 2016; WMO, 2018), but there is no standardised approach

guiding the development of the visual component of climate services (See Fig. 1 and Fig. 2). This lack of

guidance has favoured the proliferation of different practices, often resulting in stakeholders spending more

time trying to understand the approach used for representing data than focusing on the interpretation of the

information itself. This lack of standards has also been reported to lead to misunderstanding or misuse of

climate information (C. D. Hewitt et al., 2021). Due to the diversity of content and stakeholders,

determining a one-size-fits-all visualisation practice for climate services would be a daunting task, if not

impossible.
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Fig. 1: Representation of first-order uncertainty in different climate service visualisations: (a) average
forecast value, (b) average forecast value for different scenarios, (c) anomalies, (d) most likely category (e.g.,
terciles), (e) probability of different categories (e.g., extreme events probabilities), and (f) probability
distribution function. Source projects: (a) Seasonal hurricane predictions platform
(www.seasonalhurricanepredictions.org), (b) SENSES (www.senses-project.org; Auer et al. 2021), (c)
eClimViz (Walton et al. 2021), (d) MEDSCOPE, and (e),(f) S2S4E (www.s2s4e-dst.bsc.es).
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2.2.1. Lacks of standards in uncertainty data visualisation

As a standardised mapping approach to represent climate uncertainty is lacking, different techniques have

been applied for this purpose, often resulting in users spending more time trying to understand the mapping

approach than focusing on the interpretation of the presented information itself (Kaye et al., 2012). In

general, users’ familiarity with a type of data visualisation has been found to play a significant role in the

process of reading and making sense of maps and graphs (Lorenz et al., 2015). Commonly used

representations of climate data include choropleths, heat maps, and line charts (Taylor et al., 2015b).

Although familiar to users, these elements have limitations when used to communicate climate data to

decision-makers in a way that is transparent, understandable, and that does not lead to a false sense of

certainty. An example of such limitations is seen when communicating climate predictions from the next

two weeks up to a few decades into the future. A characteristic of such predictions is that they are

probabilistic, meaning they provide information on the probability of a certain climate outcome to occur

(e.g., winds below or above a threshold, not optimal for the energy production). In addition, climate

predictions are often given in the form of large amounts of data covering the whole globe, and their quality

(i.e., level of success of a prediction against observationally based information) depends on the specific

location and time (Kaye et al., 2012). Both aspects, probabilities and forecasts quality (referred to as skill by

the climate science community), add complexity to the visual communication and can eventually

compromise the understanding of climate predictions by users (Bonneau et al., 2014; Terrado et al., 2019).
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Fig. 2: Representation of uncertainty in different climate service visualisations: (a) forecast information
shown, no indication of uncertainty, (b) high-uncertainty information not shown (e.g., replaced by a
reference), no indication of uncertainty, (c) possibility to hide/show high-uncertainty information (e.g.,
activation of a mask), (d) possibility to hide/show information with different levels of uncertainty (e.g., filter
by threshold), (e) uncertainty integrated in the visualisation through visual encoding, and (f) uncertainty
represented as an additional parameter (e.g., uncertainty range). Source projects: (a) C3S Press Data Portal
(https://climate.copernicus.eu/press-data-portal), (b) VISCA (Marcos-Matamoros et al. 2020), (c)
MED-GOLD (https://dashboard.med-gold.eu), (d) S2S4E (www.s2s4e-dst.bsc.es), (e) Project Ukko
(www.project-ukko.net), and (f) CIREG.
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2.3. Map particularities: Choropleths and cartograms in the media.

Choropleth maps are a widely known representation and are common in media communications because of

their popularity with target audiences. The use of easy-to-understand representations to illustrate articles

helps in understanding the news items which they accompany, as well as improving the perception of

reliability (Dovbysh, 2020; Esteves & Neves, 2021; Spinde et al., 2020). However, despite their familiarity for

many audiences, choropleth maps present some associated problems such as “dark-is-more bias” (i.e ranking

of colour lightness perception), the “area-size bias” (i.e small areas are less dominant than larger ones) and the

“data-classification effect” (the established classification intervals used in detecting patterns) (Armstrong &

Xiao, 2018; Schiewe, 2019b).

Tile grid maps, a kind of cartogram (see Fig. 3), are another widely used representation which effectively

communicates broader trends and patterns summarising data (Besançon et al., 2020). They represent the

different areas of the map making use of uniform size and shapes (often squares) and are arranged close to

their real-world positions. The key to cartogram design is to use distortion or metaphors to change the size,

shape, boundaries and/or geographical representation of regions, depending on statistical results or

following a conceptual convention, but in a way which keeps the map recognisable to the user (Keim et al.,

2002).
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Fig. 3: Visualisations evaluated in the second experiment of this research: First, small multiple maps using
Choropleth (a) and Tile grid map (b). Second, their banded versions, unifying in the same map three
different time steps: Banded choropleth (c) and Banded tile grid map (d).
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While less common, tile grid maps and their variants (Datavizcatalogue, 2018) offer an improvement over

choropleth maps, and some other cartograms: for example, in solving the problem of distortion resulting

from “area-size bias” (Nusrat et al., 2018; Nusrat & Kobourov, 2016; Ueland & Vincent, 2004). However,

we must take into account some of their known limitations or weak points: lookalike aspects (they must bear

a resemblance to the original map), topology and inaccuracy (neighbouring areas must be maintained), and

misdirection (relative positions between neighbouring areas must be close to reality) in order to avoid

misinterpretation (Langton and Solymosi, 2019; Wongsuphasawat, n.d.). In addition, not all geographies

can be easily represented in a conceptual fashion, while at the same time maintaining their capabilities to be

identified without resorting to the use of legends or labels (Griffin, 1980).

With regards to problems concerning recognition, Fotheringham points out that they can be especially

difficult to interpret without resorting to the use of additional information (such as geographical elements)

that helps users to locate or identify a specific region (Fotheringham et al., 2000). In the same way, another

drawback is that they are often used as a creative solution instead of as a cartographic projection used to

analyse a particular problem (Tobler, 2004).

To illustrate this, we can analyse the representation of the map of London using blocks of the same size to

represent each neighbourhood. This visualisation takes advantage of The River Thames, using its meanders

to provide a visual clue within the structure of the map as a metaphor that helps the audience to identify the

city of London (Cheshire & Uberti, 2014). Nevertheless, we must bear in mind that these representations

may not be easily identified by people who are not familiar with the geography of the area. Therefore, it is

necessary to use tooltips and legends (see Fig. 8) to ensure the correct identification of the regions on the

map (Engebretsen & Kennedy, 2020).

Depending on the map and its topography, we must also take into account human perception rules such as

figure-ground, depth, readability, identification, and balance, which may affect the information that users

obtain through them (Board & Taylor, 1977). The specific characteristics of the data (i.e. number of

categories to show, magnitudes of the values ​​of the different regions or areas, etc.) also force and limit us to

using specific visualisations linked to a use-context that may require a dedicated or specific visualisation

(Aigner et al., 2011).

Apart from the map representation itself, other factors such as visual search patterns and cognition must be

considered in order to measure the efficiency of the alternatives discussed above. The analysis of visual search
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patterns on maps is a complicated process as it involves complex cognitive operations, which include the

detection of relationships and the identification of different visual encodings (location, size, colour, shape,

etc.). The perception of maps requires the identification of a greater number of symbols in a greater range of

variability, in which short-term memory is insufficient to cover the global analysis of a task (Swoboda &

Vighi, 2016) (Ciołkosz-Styk, n.d.).

2.4. Communicating changes over time using static maps
If we focus on the problems related to the representation of changes over time, the multiple static map

strategy juxtaposes two or more maps to provide a simultaneous visual comparison in specific units of time

or snapshots. A possible solution could be to employ dynamic strategies to present the maps in a temporal

sequence or through an evolution of a geographical pattern using various dynamic sequences to favour

memory processes (Moon et al., 2019b), (Slocum et al., 2006), (Araya et al., 2019). However, these

techniques have limitations: the constraints of the human visual system (change blindness, foveal and

peripheral attention) suggest that humans often do not easily perceive changes within dynamic graphics

(Goldsberry & Battersby, 2009), (Fish et al., 2011). Hence the importance of taking into account these

barriers of limited visual and cognitive user processing capabilities when designing time-related map

representations. Studies on the cognitive effects and differences between the use of static and dynamic

maps from a perception perspective, lead us to solutions such as providing users with instructions and the

division of maps into fragments to help them focus their attention on the relevant areas (Harrower, 2007).

Recent studies by (Du et al., 2018) proposed a novel visualisation technique which attempts to solve the time

dynamic sequencing issue: The banded choropleth map (see Fig. 3.c), which divides sub-regions of a map

into partitions of the same area size and uses each partition to represent a different time step. In its favour, the

technique makes better use of space than representations of small multiples and performs better than

animations, where it would have been necessary to consume more memory and cognitive resources.

However, it inherits the aforementioned problems associated with its precursor, the choropleth map.

2.5. Visualising multicategorical data of public opinion
When visualising survey and opinion results, the choice of the most suitable chart often depends on the

question type (numeric, likert, multiple choice...) (J. Liu et al., 2018; Wexler, 2016) and the user expertise

level (Liao et al., 2021), so the charts used to represent the data gathered must be clear and precise and also
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familiar to the users (M. Hewitt, 2016). Depending on the target audience, the use of familiar visualisations

such as bar charts, line charts, donut charts or stacked bars is recommended (Nash, 2011) but they are

inefficient when comparing values of multiple charts (Kozak et al., 2015). In the case of scales with more

than two categories, it is advisable to use diverging colour scales (instead of the classic representation using

qualitative colours), to indicate a higher or lower priority of the results presented (Petrillo et al., 2011;

Pirrone, 2020). The use of less conventional representations such as waffle charts, dot charts, radar charts or

lollipop charts is no longer effective as more than two categories are represented simultaneously (Nash, 2011;

Wexler, 2016).

Effectively communicating multicategorical data containing more than three dimensions is a challenge, not

only from a visualisation point of view but also from a user experience perspective (Sarkar, 2018). The most

frequent existing alternatives combine different charts including information on the relationships between

them (Cui et al., 2012; Marcus et al., 2011) and often involve multiple visual properties such as colour, size,

position, shape, and the use of patterns and textures on multiple layers. However, when the number of

categories is high, many of these representations lose their effectiveness and require evaluation from a

perceptual point of view (Kucher et al., 2018).

Moreover, visualisation of multicategorical data is also closely linked to two key user tasks: classification and

comparison, therefore knowledge of user expectations and their search patterns is essential when proposing

effective, significant and easy-to-understand charts (Chan, n.d.; Tamaazousti et al., 2017).

2.6. The role of visualisation tools for public administration

The influence of public opinion in the state and administrative policy design process is one of the most

urgent goals in achieving effective policies (Fernández-Prados et al., 2019a; Rachynska, 2020). The

knowledge and analysis of public opinion implies, in the first place, knowing the events that affect it and the

demand for actions by citizens towards public administrations. This knowledge allows us to learn of their

interests, their level of trust in the administration and the mechanisms of education that contribute to direct

and moderate the social response. Obtaining reliable data increases the effectiveness of the communicative

dialogue between authorities and civil institutions (Rachynska, 2020).

Despite the strong relationship between social research and public policy, the most prominent international

surveys have little or no presence in public policies in some countries (Fernández-Prados et al., 2019a).

People's way of thinking, behaviour patterns and innovative management ideas, have a high potential in the

application in the field of public administration. Access to this data is critical to many aspects of society.
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However, analysing this big data and how to use data visualisation in tools that allow us to show and

optimise social phenomena are the challenges that government administrations face. The existing data

visualisation tools often do not allow us to analyse, filter, compare or interact with data at a deeper level.

Analysis of specific cases can provide transparency about the use of data visualisation and technology, in

order to promote more sustainable practices (Jia et al., 2017).

There are numerous tools for the visualisation and analysis of open and statistical data, but they require a

level of advanced technical knowledge or they lack simple, intuitive interfaces for understanding the

information, and do not favour decision-making (Tambouris et al., 2017; Wheeldon & K. Ahlberg, 2021).

3. Purpose and objectives
Having reviewed these scenarios and their respective particularities, we identified a number of aspects that

needed to be estimated and improved within an overall purpose, focused on the cognitive aspects associated

with data visualisation in three different contexts: climate, media and administration.

3.1. Purpose

The main purpose of this study is to measure the impact of the reduction in cognitive load through different

metrics (quantitative and qualitative) in the decision making process for different use contexts using

map-based representations.

A. Use case: Representation of predictive data. Sector: Climate.

B. Use case: Representation of time-varying socio-economic data. Sector: Communication

and print media.

C. Use case: Multi-categorical public opinion data. Sector: Public administration.

3.2. Objectives

In order to accomplish the purpose of this study, we addressed the following objectives:

● Analyse the impact of cognitive load reduction on the representation of uncertainty in climate data.

● Understand the challenges facing data visualisation in the climate domain.

● Establish a set of best practices based not only on the user experience, data visualisation or design,

but also take into account the cognitive aspect.
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● Evaluate the efficiency and difficulty in interpreting global and regional patterns of socio-economic

data using different static maps.

● Design-Optimise the visualisation of spatio-temporal data by means of an alternative representation

that favours the identification of trends.

● Analyse the effects that highly customisable visualisations have in reducing the cognitive load in the

decision-making processes.

4.Methodology
Here, we will explain the main methodologies used to address our objectives (see section 4.2). Some of these

methodologies are transversal to all of the objectives, while others focus instead on measuring the cognitive

load of users by analysing visualisations through very specific scenarios. At the end of this section you will be

able to consult a table (see Table 1) with all of the methodologies in order to compare their use across the

three studies, as well as the benefits of using a particular methodology in order to reach objectives.

4.1. Cross-cutting methodologies:
4.1.1. Systematic review of scientific literature - Searching and Reading

We used systematic methods to find, select, and synthesise all available previous literature with regards to

cognitive aspects in the field of data visualisation applied in the map representation, in order to establish a

starting point for the research.

Our research question was: Is complex data visualisation on maps effective for common scenarios (climate,

media, administration) with regards to the audience and the cognitive load required to interpret patterns and

to favour decision-making?

We established a protocol that involved background information, the research objectives cited in the previous

section (see Section 3.2) and methodologies.

We searched for relevant previous literature and resources in the following sources:

● Databases: Web of Science, Scopus and Google Scholar.

● Handsearch: Specific conferences and proceedings and the references list and citations of the

articles

● Experts: Significant authors, specialised websites, online articles and blogs.

● Selection criteria: A first selection based on titles/abstracts and conclusions. Then a second review

based on the full text: We read the titles, abstracts, main content and conclusions of the studies that
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were identified in this three-scenario research. We excluded any study that did not refer to the

research questions, sometimes after having read the full manuscript or other some specific sections

that were ruled out definitively. We read the complete articles to decide if any more studies needed to

be included in the selection criteria.

We also gathered data about the results, discussion ideas, methodologies applied, and outcomes.

4.2. Main methodologies for Objective 1: Simplifying uncertainty in climate
data

To compare the cognitive load required to represent the uncertainty of two visualisations (the original and

the redesigned tool), we combined quantitative (objective in terms of results and timing) and qualitative

(more revealing) methodologies to understand behaviours and the underlying reasons behind the

quantitative metrics:

4.2.1. Sample

To reach this objective, we used the same sample of participants in all the methodologies (quantitative and

qualitative). A sample of 20 people was tested in order to detect 95% of problems (Faulkner, 2003; Virzi,

1992). The sample comprised 50% of men and 50% of women aged between 22 and 50, with a

low-to-medium knowledge in data visualisation, which entailed being familiar with common charts or basic

maps but without expertise in visualisation of climate or uncertainty information. The recruited participants

were students and administrative staff in academia from the human resources, communication, and finance

departments. Participants were asked not to have consumed stimulant substances that could have affected

the test results.

4.2.2. User Testing (Quantitative)

Quantitative analysis was conducted through a two-task user testing session to be completed with both tools,

Project Ukko and the redesign.

The development of this user testing session followed well-established recommendations of planning,

moderation, and analysis (Faulkner, 2003; Nielsen, 1992) . The user testing session was moderated by an

expert and recorded to measure time and analyse responses, after the test(Holtzblatt et al., 2004a).

Participants were asked to perform two tasks (see section 4.2.6) with each of the tools, based on two typical

daily work activities of the intended users (Anderson et al., 2011; Block, 2013, p. 201).
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To compare and validate the results from the point of view of perception and cognitive load, we assessed the

changes applied to the original tool (Project Ukko) to create the redesigned tool(S2S4E) and determine if

they were fully effective for a general public and not only for an expert audience. To avoid interference in the

comparison of cognitive load measurements between both visual representations, not all the improvements

included in the S2S4E tool were applied in this study (e.g., colour blindness palette, labelling improvement

and customizable elements). We conducted an experiment with non-experts to determine if the users’ task

performance when using Project Ukko had improved after redesigning the tool (taking into account

user-centred design, visualisation techniques and changing the interaction of some interactive elements).

Fig. 4: (left) Project Ukko and (right) the redesigned tool based on user requirements, research and visual
encoding techniques. Applied changes: filtering out glyphs under a certain prediction skill threshold;
simplification of the intensity representation from five to only two sizes; and simplification of the predicted
change colour scale down from five to three colours, where a similar colour to the background colour is used
for values close to the historical average and more distinguishable colours are used for values higher and lower
than the historical average. This was done because the middle values were not of interest to potential users.

4.2.3. Bipolar Laddering (Qualitative)

We used the bipolar laddering pocket methodology (qualitative indicator 8), which is a reduced version of

the bipolar laddering technique. It consists of asking the user about three positive and three negative aspects

of both tools (instead of the 10 aspects requested in the extended modality). Then the users rate (from 1 to

10) the aspects mentioned regarding their importance (for the positive ones) or their severity (for the

negative ones). By evaluating users’ subjective opinions using a scale from 1 to 10 we are able to better
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quantify input results that are qualitative, which helps identify the key aspects to work with or prioritise

the problems that need to be solved (Pifarré & Tomico, 2007a).

4.2.4. Two-question quiz (Qualitative)

We also implemented a brief two-question quiz (Schrepp et al., 2017) to determine which visualisation

needed more mental effort, and which was the tool preferred by participants for decision-making processes:

● Subjective effort perception (i.e., user perception on which tool was easier to use while

performing the tasks (two-question quiz).

● Preference between both tools regarding the decision-making process (two-question quiz).

4.2.5. Eye Tracker (Quantitative)

The number of fixations, the fixation duration, and the number of visual paths to legend (quantitative

indicators 3, 4, and 5) were monitored using an eye-tracker (GP3 Eye tracker of gazepoint), a sensor-based

device that measures eye positions (i.e., point of regard) or eye movement.

4.2.6. Test environment and tasks

The same tasks were applied for user testing (See section 5.2.1) and Eye-tracker (see section 5.2.4 )

Participants were provided with some context about the real-world conditions in which the tasks would take

place. In addition, all the information and conditions necessary to carry out the tasks were presented in the

statements, visualisation, and captions shared with participants, for them to be able to perform the tasks

without having an expert or climate science background. It was simply necessary to identify the requested

areas or properties visually (M. C. Trivedi, 2012). Task 1 was aimed to test if the tool allows good detection

of areas with particular conditions while task 2 was aimed to test the differentiability of glyph representation

at specific locations.

● Task 1 statement: Locate or identify an area on the map that is appropriate to the location of a

wind power plant. The area must meet a series of conditions: For Project Ukko, the suitable area

should have a prediction skill over 50%, high or medium-high intensity, and an upper or mid-upper

predicted change in wind speed (Fig. 4, left panel). For the redesigned version, the area should have a

skill over 50%, intensity over 50%, and upper predicted change (Fig. 4, right panel). [This task

required users to be able to identify at least one of the areas that met the conditions specified.]
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● Task 2 statement: Identify aloud the conditions that occur in the points included in the

highlighted area on the map in terms of skill, intensity, and predicted change. [This task required

users to be able to identify the characteristics of two kinds of glyphs contained in a certain map

area].

Also, the sequence of tasks was randomly presented to the users to avoid biases derived from the learning

acquired during the completion of the tasks (Li et al., 2013).

5.2.7 Quantitative metrics

For both task 1 and task 2, we measured the cognitive load and task performance from a quantitative

perspective using the following indicators. We gathered different metrics through the User testing

methodology and the Eye-tracker:

1. Success rates when completing a task, including total or partial success (Ellis & Dix, 2006; Freitas et

al., 2002; Winckler et al., 2004) (User Testing).

2. Response time when completing a task (User Testing).

3. Number of fixations (i.e., number of gaze points located very close in space, when the eyes are

locked toward an object) (Eye-tracker).

4. Fixation duration (i.e., period of time allocated to a fixation (Majooni et al., 2018; Wang et al.,

2014) (Eye-tracker).

5. Number of accesses to legend for the completeness of tasks (Klingner et al., 2008; Pretorius et al.,

2005) (Eye-tracker).

Two first metrics were collected from the user Testing technique (see section 5.2.1) and Eye-tracker

measurements (see section 5.2.4).

5.2.8 Statistical Analysis

To investigate whether there were differences between tools or tasks, a chi-squared test was performed for

indicator 1 and a two-way analysis of variance (ANOVA) was performed for indicators 2 to 5 using R

software (Core Team, 2018).

During the performance of tasks 1 and 2, we promoted the thinking-aloud technique to identify and detect

usability problems  (Nielsen, 1992; Olmsted-Hawala et al., 2010).
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4.3. Main methodologies carried out for Objectives 2 and 3: Challenges
facing data visualisation in the climate domain & Best practices in
climate data visualisation

In order to identify the main problems in the representation of climate data, it was necessary to know the

various practices, opinions and barriers of climate experts. To do so, we combined knowledge from different

disciplines to carry out various co-creative methodologies.

4.3.1. Sample

A total of 25 participants attended the workshop and co-creative sessions, representing 22 projects working

in climate services, including EU H2020 and ERA4CS projects and a few national projects and private

contracts. Participants were from different European countries, including Spain, Belgium, Germany, Italy,

the Netherlands, Ireland, Norway, Portugal and the UK.

4.3.2. Workshop (Qualitative)

This study takes as a departing point the challenges identified in an interactive visualisation workshop

organised in the framework of a Coordination and Support Action on climate services (Terrado et al., 2022).

The aim of the workshop was to monitor current practices applied by climate services providers when

developing visualisations and identify issues that need to be tackled for moving towards the development of

more effective visualisations. The workshop consisted in a 2.5-h interactive session in breakout groups.

4.3.3. Co-creative sessions (Qualitative)
The purpose of these sessions were to convene target users and bring them into the design process. We

co-created services and specific alternatives, investigated how communities work, and understood how to

orient a specific solution. This was also likely to adopt a practice or service that it helped create, and also gain

valuable insight into all facets of the final solution. Co-creative sessions were iterative to discuss, evaluate and

improve the different alternatives proposed.
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4.4. Methodologies Objective 4: Evaluate the efficiency of static maps

The methodologies used were aimed at measuring the different types of static maps for different tasks, not

only from a quantitative point of view but also from a user's point of view: which maps favoured or

hindered each of the tasks posed.

4.4.1. Sample

For this study we used a convenience sample of 32 people, composed of 15 men and 17 women between

22-50 years of age, with low-medium map visualisation knowledge. All the participants were familiar with

choropleth maps, but none of them had any knowledge about the other representation types. The recruited

participants were students, researchers and administrative staff from the fields of human resources,

communication and accounting. Before the test sessions, users were asked not to have consumed stimulant

substances that could have affected their performance and the test results. The participants were residents of

Catalonia, 25% of them of foreign origin but long term residents (over 10 years) and familiar with the

geographical distribution of Catalonia (see Table 7 of Annex I). The participants took part in the experiment

one at a time in a private room, in order to ensure a disturbance free environment and at the start of business

hours (from 9 to 12 h), complying with the protocols required for COVID-19 prevention. The duration of

each test was about 15-20 minutes. The test sessions were carried out over the course of three weeks. All

participants completed the experiment and no data was eliminated. The participants did not receive any

remuneration or compensation for their participation.

4.4.2. User Testing (Quantitative)

We developed a simple online tool to guide the participants through the experiment, presenting each of the

tasks, and which was controlled by a moderator who assisted the participants during the test. This assistance

consisted of answering any queries related to the task statements but not in helping to solve the tasks

themselves or giving any clues on the solutions (Babich, 2020). The sessions were also recorded in order to

review the results in terms of quantitative data (time and success rates) and qualitative data (opinions and

valuations). Participants were informed that times and results, together with their comments, would be

collected.

4.4.2.1. Test environment and Taks

Our objective was to evaluate the effectiveness of choropleth and tile grid maps, and their banded versions, to

show changes over time. We chose the tile grid map as an alternative to the choropleth as it overcomes some
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of its limitations (as mentioned in the previous sections)(Schiewe, 2019a). We aimed to conduct an

experiment that covered the most common and possible tasks related to changes over time (see also Annex I,

Table 1). The final tasks set out in the test were taken from a list of all the combinations for the three

variables included in the study (region, time step, and value) and then the tasks which did not involve any

changes over time were discarded (see also Fig.1, Fig.2 and Fig. 3 of Annex I).

Once these questions had been set, we reviewed them with potential users in order to define which questions

and tasks they wanted to answer and perform while working with the maps. We also discussed the intended

use of each selected type of task and a representative statement for each one. As a result, the final selected

tasks were the following (see also Annex I, Table 6):

1. Task 1 statement: Detect trends within a specific region. Task statement: Could you describe the

evolution of COVID-19 new cases for region number n (region name) over time (t1, t2, t3)?

2. Task statement: Could you name five regions that have remained stable in terms of number of new

cases throughout these three periods of time?

3. Task 3 statement: Determine the global trend (all regions) over time. Statement: Could you

determine what the global trend for all of Catalonia was over time?

4.4.2.2. Metrics

1. Success rates when completing a task, including total or partial success (Freitas et al.

2002; Winckler et al. 2004; Ellis and Dix 2006).

2. Response time when completing a task.

3. Number of times rated as the best / worst representation

4.4.3. Thinking aloud technique (Qualitative)

Participants were also encouraged to share their thoughts on the positive or negative aspects of each map, as

well as any other observations while performing the task.

This helped us to understand some answers, mistakes or why users valued some maps more positively than

others (McDonald et al., 2019; Michela & McDonald, 2020).

This approach of analysing each task individually as they are completed, favours review quality by using

short term memory, which allows users to provide comments with the tasks still fresh in their minds, instead

of having a questionnaire at the end of the test (Kittur et al., 2007). At the same time, this approach has no

effect on the quantitative metrics measured (completion times and success rates).
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4.4.4. Best / Worst rated (Quantitative)

After finishing the three tasks, we required the users to review the four representations (one after another)

involved in each task. Users were asked about which representation favoured decision making and facilitated

the resolution of the task (Hassenzahl & Sandweg, 2004).

4.4.5. Statistical analysis

We used ANOVA F-tests with significance level =.05 to carry out the statistical analysis for the time results

together with a Tukey post-hoc test to reveal the most significant pairwises. We used a Chi-square test for

independence with α=.05 to evaluate categorical variables in the success rate results. The within-subject

independent variables were the four map representations. The dependent measurements are the completion

time and success rate. The null hypothesis was that the representation type does not affect completion times

or success rates. When the probability of the null hypothesis (p-value) is less than 0.05 (or, equivalently the

F-value is greater than the critical F-value, Fcr), the null hypothesis is rejected.

4.5. Methodologies Objectives 4 and 5: New Maps design
New ways of visualising data change over time, require analysing the alternatives proposed to date, the

problems they present, and evaluating possible new alternatives. The ideation of new ways of visualisation

requires a vision from different points of view.

4.5.1. Ideation

Based on the previous literature review, different sketches and tests were proposed to design an alternative

representation to the existing maps (Choropleth, Cartograms and Banded choropleth). The result was a

simplification of the Banded choropleth map to a new alternative that would correct the problems associated

with the areas, with the aim of testing its effectiveness with respect to the other alternatives. These sketches

were carried out first with the sketch technique and in more advanced stages with the use of prototyping

tools (Camburn et al., 2017).

4.6. Methodologies Objective 6: Highly customisable visualisations
For the design of a visualisation tool focused on solving specific problems, we need to understand and solve

the needs of the users, without forgetting the ease of use of the available functionalities.
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4.6.1. Surveys

With the help of an initial survey, we explored the general needs related to the information that would be

relevant to show via the tool and the questions that had to be answered through the visualisation (see

Appendices A1 and A2 to check the final variables and demographics included) (Fernández-Prados et al.,

2019b).

4.6.2. Interviews

Based on individual interviews (Yang et al., 2016), it was possible to delve into more specific government

needs when planning social actions and help identify target groups (those groups which are less engaged with

environmental issues), motivate their participation, and/or find new ways for them to collaborate in actions

which favour the environment.

4.6.3. Co-creative sessions

With the help of the collaborative tool MURAL, several possible solutions were identified and discussed in

two online co-creation sessions. In these sessions, possible representations, combinations of different graphs

and maps, and navigation for the final tool were discussed. The various alternatives were evaluated and

potential users discussed the pros and cons of each alternative and possible new solutions and functionalities

arose  (Kim & Hullman, n.d.; Veer et al., 2009; Wassink et al., 2009).

These sessions contributed to a more detailed analysis of the problem, the common daily tasks initially

described by potential users, the usefulness of the data selected, as well as the questions to be answered

through the visualisation. They also allowed us to co-create sketches, wireframes and interactive prototypes,

as well as to define the main visualisation interactions and navigation. These prototypes were used during the

evaluation stage (Gill et al., 2011; Moon et al., 2019a).

4.6.4. Exploratory Data analysis with R
Exploratory Data Analysis (EDA) refers to the process of performing initial overview on data so as to

discover patterns, anomalies and check some initial hypothesis and assumptions with the help of different

statistics and visual representations (Nasser et al., 2006). EDA also serves to rule out certain final

visualisations based on the morphology of the data and to guarantee that the visualisation selected to

communicate our findings favours the exploration, understanding and exploitation of them (Rao et al.,

2021). In this study we used R to visualise the different charts to verify that they were the most suitable to
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solve the requirements of the end users. These R files are available at

(git@github.com:lcalvofl/public_opinion_tool.git).

4.6.5. Service design

To address the domain and visualisation challenges and favour a sustainable development, a service design

approach was adopted to guide the tool creation process (Blevis, 2007; Prendeville & Bocken, 2017). This

methodology included three main stages (see Fig. 5):

Fig. 5: Service design process including User research, conceptualization and evaluation. The qualitative evaluation
stage was carried out in two different phases using different users and methodologies in each phase.

In the initial stage of research, requirements of potential users were collected as well as the identification and

selection of the relevant data needed from the Eurobarometer. Once the research stage had been finalised, the

conceptualization stage was carried out, in which possible solutions were explored. At the same time, an

assessment of currently available tools was carried out to explore alternative solutions. Lastly, in the

evaluation stage, and through qualitative metrics, the effectiveness of the tool was evaluated through a

two-step process: Firstly with potential and expert users. Secondly, with the non-state actors in order to

guarantee the usability of the tool (Holtzblatt et al., 2004a). In this stage, the insights gathered during the

qualitative evaluation were also analysed in order to improve the final tool design (see Fig. 6).
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Fig. 6: Detailed view of the socio-demographic groups showing information inconsistencies of the tool in its dark
version. On the right side we see the filter menu in which we select the variable to show (2), the type of answer (2) and
the information we want to highlight (3). In the main navigation (top) we see the three main options: Summary, Small
multiples and Explore options(1). Clicking in one of the inconsistency dots (7), we access the inconsistency detail panel
(9). Specific legends are shown for each of the different views (8).

4.6.5.1. Evaluation : Cognitive walkthrough with experts

The first phase was carried out with five potential users who had participated in determining requirements.

The profiles corresponded to city council staff, public entities, and freelancers with previous experience in

public administration. Given that some of these profiles do not work with tools at a country level, the

evaluation of functionalities was undertaken from an urban perspective, transferring the visualisation to a

possible municipal use, for neighbourhood and district management.

The sessions were carried out using the Cognitive Walkthrough methodology (Allendoerfer et al., 2005;

Wilson, 2014), through which the participants could explore the tool freely, discover and comment on the

tool, as well as suggest improvements in terms of functionality. Employing the aforementioned

methodology, a second round of individual sessions was held with experts in the areas of Data Visualisation

(three participants), User Experience (two participants) and Graphic Design (one participant). In these

sessions, the comments, in the case of the visualisation experts, focused on specific aspects of graphical

representation, as well as the types of graphs used in the tool and their efficiency in effectively

communicating the particularities in the data (Prümper et al., 1991). The user experience and graphic design
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experts shared their opinions on information architecture, interaction, usability and colour theory (Sauer et

al., 2010a). Evaluation: User testing with non-state actors

In this second phase of the evaluation, we sought to validate the ease of use of the tool with the non-state

actors in order to detect problems related to the comprehension of the visualisations and their ability to aid

comparison and decision-making (Donker & Reitsma, 2007; Faulkner & Wick, 2005; Gerardo, 2007).

The convenience sample consisted of twenty participants (eleven men and nine women of ages between 25

and 66) with only a basic knowledge of data visualisation (Alroobaea and Mayhew, 2014). The participants

had not received any previous training and were volunteers from the following fields: administration,

marketing and communication environmental consultancies staff and independent activists. These users

were required to perform the sessions   remotely via the Zoom application due to COVID-19 limitations.

The participants were instructed not to take stimulants in the eight hours prior to the test, so as not to alter

their cognitive abilities during the performance of the tasks (McLellan et al., 2016).

Through the Guerrilla user testing methodology, we gave a brief explanation to provide the necessary context

to the participants ((Dr.) Munesh Trivedi & Khanum, 2012), and then we asked them to solve five tasks

presented in logical order of search and exploration. The tasks set out in the test aimed to reproduce the

common daily tasks of potential users that were gathered during the user research stage (see Section 4.1). We

asked the users to explore the prototype using the thinking-aloud technique (Hertzum et al., 2015), while

explaining to the researcher exactly what they were thinking and what their main doubts were. In addition,

we asked them questions to check their understanding of some specific aspects of the prototype.

Task1: Identify which countries have less interest in environmental issues (General overview).

Task2: Detect less committed socio-demographic groups for one country (Detailed view by country) .

Task3: Compare the opinion (level of agreement, importance, etc.) towards a certain question from one

socio-demographic group for multiple countries (Socio-demographic group comparison view) .

Task4: Detect and analyse inconsistencies between concern and action (Inconsistencies view).

Task5: Analyse summary visualisation ranking charts for less committed groups and countries (Summary

view).
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4.6.6. NASA-TLX based questionnaire

After the Guerrilla user testing, two additional activities were carried out in order to quantify the severity of

the problems detected as well as the perceived cognitive load.

First, users completed a questionnaire on perceived difficulty for each task to assess cognitive load based on

the NASA-TLX questionnaire categories (Cao et al., 2009b), where aspects related to perceived difficulty

and cognitive resource use were evaluated.

● Mental Demand or level of concentration required.

● Physical Demand (not applicable for the type of tasks we are dealing with in this study).

● Temporal Demand (NASA-TLX).

● Performance demand (NASA-TLX) or the level of confidence while performing the task.

● Perceived Effort  (NASA-TLX) or perceived difficulty while performing the task.

● Frustration Level (NASA-TLX).

4.6.7. Bipolar Laddering

Second, for insight gathering we used the Bipolar Laddering methodology, in which users comment on the

positive and negative aspects encountered while performing the tasks during the Guerrilla user testing and

rate them from 1 to 10 to assess their usefulness or severity in a more precise fashion. Additionally, the

number of times that a specific aspect was mentioned by users gave us an idea of its weight or relevance

(Pifarré & Tomico, 2007b).

● Number of positive and negative aspects (Bipolar Laddering)

● Severity or usefulness level for each aspect gathered (Bipolar Laddering)
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Table 1. Summary of Methodologies and metrics

Objective 1 Objective 2 Objective 3 Objective 4 Objective 5 Objective 6

Interviews ⬤

Ideation ⬤

User Testing ⬤ ⬤ ⬤

Workshops &
Co-creative
sessions

⬤ ⬤ ⬤ ⬤

Systematic
literature
review

⬤ ⬤ ⬤ ⬤ ⬤

Statistical
analysis

⬤ ⬤

Cognitive
walkthrough

⬤

Think aloud
technique

⬤ ⬤ ⬤

Exploratory
data analysis
(EDA)

⬤

Questionnair
es / NASA
TLX

⬤ ⬤ ⬤

Bipolar
laddering

⬤ ⬤

Eye-Tracker ⬤
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Summary of section 3: Methodology

The main objective of the methodologies applied(apart from those focused on user needs research) was to
measure the impact of cognitive load in the context of data visualisation. For that, we used a main
quantitative methodology, the user test, focused on measuring the completion time and outcome of the
tasks. Depending on the type of experiment, we include other quantitative methodologies such as the
eye-tracker, specialised in measuring cognitive load through metrics such as pupillometry, number of
fixations and the average fixation duration.
To explain, understand and contrast the results of the user test and the eye-tracker, it was essential to use
qualitative methodologies. NASA-TLX was used to analyse the cognitive load perceived by our users. The
Think-aloud technique (or the gathering of user feedback) was used to understand the barriers and
reasons behind the quantitative results. Finally, the Bipolar Laddering methodology, which tries to
quantify the favourable and unfavourable aspects of the tools, helped us to measure the perceived value of
the visualisation functionality.

El principal objetivo de las metodologías aplicadas (aparte de las centradas en la investigación de las
necesidades de los usuarios) fue la de medir el impacto de la carga cognitiva en el contexto de la
visualización de datos. Para ellos usamos una metodología principal cuantitativa, el test de usuarios,
enfocado en medir el tiempo de completitud y resultado de las tareas. Dependiendo del tipo de
experimento, incluímos otras metodologías cuantitativas como el eye-tracker, especializado en medir la
carga cognitiva a través de métricas como la pupilometría, el número de fijaciones y la duración media de la
fijación.
Para explicar, entender y contrastar los resultados del test con usuarios y el eye-tracker, era imprescindible
el uso de metodologías cualitativas como NASA-TLX para analizar la carga cognitiva percibida por
nuestros usuarios, el Think-aloud technique / Comentarios libres de la tarea para ayudar a comprender las
barreras y motivos detrás de los resultados cuantitativos y finalmente la metodología de Bipolar Laddering,
que trata de cuantificar los aspectos favorables y desfavorables de la visualización y su magnitud o impacto
en la experiencia de uso.

5. Results by objective
For each of our objectives we gathered different results based on the mentioned methodologies. Based on

these results we were able to establish conclusions about the cognitive load associated with specific scenarios

and how to minimise it.

5.1. Objective 1: Simplifying uncertainty in climate data

We addressed the problem of uncertainty visualisation from a wider perspective, going beyond traditional

statistical techniques, linking to the analysis of  advanced visualisation techniques.

42



5.1.1. Quantitative analysis
The assessment of success rates (indicator 1) indicated that the number of successfully completed tasks was

significantly better when using the redesigned tool than when using Project Ukko, X2 (9, N = 20) = 60.6, p

< 0.001 (see Fig. 7a and 7b). In the case of Project Ukko, only 15.8% of the participants successfully

completed task 1 and 21.1% task 2. In contrast, with the redesigned tool, task success was much higher,

reaching 97.4% and 68.4% for task 1 and task 2, respectively. Although a higher proportion of failures and

abandonments occurred during task 1, especially with Project Ukko, completion of task 2 showed various

cases of partial success (i.e., identified just one of the two types of glyphs presented) for both tools, reaching

31.6% with the redesigned tool.

Fig. 7: (a),(b) Comparison of participants’ success rates, (c),(d) average time to solve the tasks, (e),(f)
number of fixations, (g),(h) fixations duration, and (i),(j) number of accesses to legend when using Project
Ukko and the redesigned tool for tasks 1 and 2, respectively.

The average time to solve a task (indicator 2) was significantly lower for task 1 compared to task 2 (p = 0.001)

and for the redesigned tool when compared to Project Ukko (p < 0.001) (see Fig. 7c and Fig. 7d).

The eye-tracker measurements of the number of fixations (indicator 3) was significantly lower for task 1

compared to task 2 (p = 0.024) but showed no significant differences between Project Ukko and the

redesigned tool (p = 0.234) (see Fig. 7e and 7f). The fixation duration (indicator 4) did not show a significant

difference between tasks (p = 0.061) or between both tools (p = 0.651) (see Fig. 7g and 7h). The number of

accesses to legend (indicator 5) followed a similar trend as observed for the indicator of response time, with

Project Ukko showing higher numbers than the redesigned tool (p = 0.017) and significantly lower values for

task 1 when compared with task 2 (p = 0.021) (see Fig. 7i and 7j).
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5.1.2. Qualitative analysis

In terms of perceived effort (indicator 6), a much bigger effort was perceived for Project Ukko

(89.9% of participants) than the redesigned version (10.5% of participants). Likewise, regarding the

tool preferred for decision-making (indicator 7), 89.50% of the participants stated that they would

choose the redesigned tool as their working tool for daily tasks decision-making.

Table 2. Participants’ positive and negative comments for Project Ukko and the redesigned tools with the
number of participants that mentioned a particular aspect (freq.) and average rate of its importance/severity
(avg.)
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Fig. 8: Frequency histograms of participants’ ratings of positive and negative aspects mentioned for (a),(c)
Project Ukko and(b),(d) the redesigned tool. All the mentioned aspects (n = 97) receive a score from 1 to 10.
Positive aspects are rated from 10 (very positive) to 1 (less positive) and negative aspects are rated from 10
(very serious) to 1 (slightly serious).

By analysing the results of the bipolar laddering pocket technique (indicator 8) we found that the number of

positive aspects mentioned by participants was just 15 for Project Ukko against 42 mentioned for the

redesigned tool (see Fig. 8 and Table 2). Regarding the negative aspects, 32 and 12 aspects were pointed out

for Project Ukko and the redesigned tool, respectively. On average, positive aspects were rated with an

average score of 7.3 for Project Ukko and 8.75 for the redesign. Conversely, negative aspects were rated with a

greater severity for Project Ukko, with an average score of 7.4, than for the redesigned tool, with an average

score of 5.8.

5.2. Objective 2: Challenges when visualising climate data

5.2.1. Qualitative Analysis
Through the qualitative methodologies carried out, we detected a series of barriers faced by climate experts

when representing uncertainty: Different terminologies and lack of standards, as well as the lack of

interactive mechanisms to dose the information presented.
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Fig. 9: Interactive decision support tool for the energy sector that considers aspects from different
disciplines (source: S2S4E 2020). In the upper panel, highlighted features that are further expanded in the
lower panel, exemplify particular aspects explained in the paper. User experience aspects: (a) button
reflecting available actions; (b) possibility to filter information for skill, probabilities and extremes; basic
panel that can be expanded into advanced panel; (d) tooltips and hyperlinks; (e) help documentation section;
(f) search location; (g) customisation options; (h) feedback of system status. Visualisation design aspects:
(g) use of intuitive patterns and conventions, (i) and (j) glyph map variables representation (e.g. temperature,
precipitation) with circles of changing size and colour and use of contrasting colour hues in a dynamic
legend. Graphic design aspects: (i) typography with good readability and use of colour- blind-friendly
palettes. Psychological aspects: (k) use of triangle symbols for extremes to enhance attention, (i) simple
visual encoding.
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Fig. 10: Static representation of observed sea ice annual minimum extension and relative volume change
that considers aspects from different disciplines (source: The Economist 2019). Highlighted features
exemplify particular aspects explained in the paper. User experience aspects: (a, b) and (c ) clear
positioning of titles and legends. Data visualisation design aspects: (d) use of size and position to convey
hierarchy, (e) visualisation embedded into narrative context, (b, c) and (e) integration of different types of
representations such as infographic, time series and region map, (d) use of soft hues in the base map to
emphasise colour scale values, (e) use of single-colour inverted sequential scheme to represent ice, i.e. the
darker the colours, the lower the ice values. Graphic design aspects: (b, c) and (e) consistent use of colours
across different visualisation types. Psychological aspects: (b, c) and (e) use of redundancy in the legend to
enhance understanding, (e) ice cube metaphor to enhance memorability.

5.2.1.1 A plethora of approaches to represent uncertainty in climate data.

Different ways of visualising uncertainty were identified according to the visualisation purpose, the target

audience, and the time scale of the information provided. This applied to both first- and second-order

uncertainty (Spiegelhalter et al., 2011; Taylor et al., 2015a). Whereas first-order uncertainty refers to

information on the likelihood of an event happening according to a particular forecast (i.e., probabilities or
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risk), second-order uncertainty refers to “uncertainty about the uncertainty” or ignorance (i.e., skill or

spread), and exists because forecasts are not able to capture all the factors influencing the climate.

Information on first- and second-order uncertainty can either be integrated in the same visual representation

or presented separately using two different visualisations. Regarding first-order uncertainty, while some

projects opted for showing the mean or median value of the modelled results without an indication of its

probability of occurrence (Fig. 1.a and Fig. 1.b), other projects decided to display the information as

anomalies (Fig. 1.c), that is, the variation of a variable relative to the climatological normal or long-term

average. Additional options to represent first-order uncertainty used by climate services projects included

showing information through a number of categories, such as terciles or quintiles, either indicating the most

likely category (Fig. 1.d) or reporting the probability of the different categories to occur (Fig. 1.e). An

alternative option consisted in providing the probability distribution function (Fig. 1.f), which gives an

overview of the different amounts of change in a climate hazard and their respective likelihoods for a single

point in time and a specific geographical area.

Even though showing second-order uncertainty was generally considered an exercise of transparency, some

workshop participants considered that this information could be overwhelming or confusing for some users.

For this reason, this information was not generally provided by climate services projects. When second-order

uncertainty was not presented, some projects used scenario approaches displaying average values for different

pathways, capturing the various plausible descriptions of how the system and/or its driving forces may

develop in the future (Fig. 2a). In other cases, projects decided to keep particular climate information hidden

from the visualisation when the level of uncertainty was too high to use this information meaningfully in

decision-making (Fig. 2b). In such cases, applied practices ranged from not providing any information about

uncertainty, to replacing uncertain forecasts by a reference value (e.g., climatology). Further alternatives

consisted in giving users the possibility to hide or show high-uncertainty information (Fig. 2c) or allowing

them to select a specific uncertainty threshold should they have an idea of the level of uncertainty they were

ready to bear (Fig. 2d). Some projects also integrated second-order uncertainty through visual encoding (e.g.,

through transparency) (Fig. 2e) or showed it as a range in the plot, be it the full ensemble range, the standard

deviation, confidence intervals, or the signal-to-noise ratio (Fig. 2f).

5.2.1.2   Use of interactive elements.

A clear trend toward developing visualisations that allow the user to interact with the different elements was

observed, in line with the assumption that understanding of information can be improved through greater

interaction (Yi et al., 2007). The progressive disclosure of information, which aims at the initial
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simplification of information followed by the possibility to reveal additional options and content, was

identified as a commonly applied technique in the field of climate service visualisation, which also grants

users a more active role (Bostrom et al., 2008; Spiegelhalter et al., 2011). However, in the case of particular

types of services (e.g., dashboards), participants pointed out that users had explicitly indicated their need to

access all resources simultaneously. For particular formats that allow low or no interactivity (e.g., factsheets,

newsletters or bulletins, direct advice), it was also indicated that they could be effectively used. In the end,

understanding when and how to integrate interactivity requires careful considerations of both users’

requirements and tool’s functionality.

5.2.1.3 Differences in terminology used by scientific and stakeholder communities.

The climate services community involved in the workshop identified more than 25 technical terms

commonly used in the field of climate science that are confusing or not well understood by stakeholders

outside academia. The more frequently repeated terms were “skill,” “anomaly,” “reliability,” “uncertainty,”

“percentile,” “ensemble,” and “model” (Fig. 9). Project representatives also mentioned that the use of

conventions such as “likely” or “unlikely” or the distinction between temporal forecasting scales (e.g.,

hindcasts, climate predictions, climate projections) can make sense in the context of climate science, but that

stakeholders are not aware of such distinctions (Fagen-Ulmschneider, n.d.). Participants agreed that more

resources should be put in place to overcome the terminology barrier, both among different academic

disciplines and between academia and stakeholders, since the same term can be differently understood by

these groups. Discussions indicated that terminology should be adapted when possible, even if it involves

compromising scientific precision. Otherwise, explanations in lay language should be offered. Although this

may not be straightforward and can induce some tensions during the coproduction process, overall, it will

prevent wasting time discussing complex terminology concepts and will allow stakeholders to focus on the

interpretation of the information. The use of glossaries and thesauruses emerged from the discussions as a

good practice to try to find a common ground between the different communities. These tools can also

include use case examples to illustrate the term in the context of the target users. Using elements such as

tooltip hints, defining technical terms, and hyperlinks to additional explanation were also mentioned to help

build a greater understanding.
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5.2.1.4 Taking the vernacular language of target audiences into account.

An additional factor for misinterpretation arises when the native language of stakeholders is different from

that of the producer of the climate information (WMO, 2018). Many of the projects involved in the

workshop were run at the European or multicountry scale. To adhere to users’ preferences, such scales

require a multi-language approach that can become a challenge for the development of visualisations.

Therefore, English was a dominant language used in the visualisations developed by the different projects.

However, the proportion of climate services in local languages may be substantially higher when moving to

the national, regional, and local scales. Despite many climate service visualisations being available in English,

project representatives mentioned that, when needed, engagement activities with stakeholders were

conducted in local languages to ensure understanding. For that, summary documents, including user guides

and illustrative figures, were developed in stakeholders’ languages. Related to the use of figures, one of the

participants mentioned that the translation of text labels in visuals tends to be more time consuming than

translating text explanations. Participants also mentioned that having visualisations in local languages was

particularly needed for specific terminology lying in the traditional knowledge domain of local and

indigenous communities (e.g., Arctic regions, Pacific Islands). Such terms, that for instance can refer to the

characteristics of the local climate, often lack a translation in other languages (e.g., snow types in polar

regions; see (Eira et al., 2013)). Discussions suggested that the definition of an appropriate language should

be considered as part of the coproduction of a climate service. This involves tailoring information to match

the language in which intended users are accustomed to working as well as the consideration of other

elements that enhance usability (Miraz et al., 2016).

5.3. Objective 3: Best practices in climate data visualisation

The results of the qualitative analysis carried out to identify the challenges when visualising climate data in

summary reveal the need of include different disciplines in the definition of representation standards:

5.3.1. Qualitative analysis
A number of heuristics (i.e. broad rules of thumb) and good practices from the fields of user experience, data

visualisation design, graphic design and psychology are presented in the form of recommendations in Table

3. These recommendations not only refer to the visualisation itself but also apply to the entire climate service

interface, which encompasses other elements of the climate service product. The recommendations try to

cover a range of possible situations faced by climate service providers when developing visualisations to be

used by stakeholders. However, this list must be understood in a flexible way, and climate service providers
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should reflect on the adequacy of the different recommendations in their contexts and take their possibilities

and resources into account. Also, depending on the type of climate service provided, its purpose, the target

user and the decision at hand, some recommendations will simply not be relevant or applicable. The analysis

of the effectiveness of these recommendations in particular cases is available in the literature and is out of the

scope of the present review. Although recommendations are divided according to the different disciplines

and aspects considered in this work, the boundaries among such divisions are porous and allow for some

overlapping. We obtained a list of recommendations and ideated examples in the context of climate services,

both described throughout the text and displayed in Fig. 9 (interactive tool with sub-seasonal and seasonal

forecasts for the energy sector) and Fig. 10 (static representation with observations of sea ice extent and

volume).
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Table 3: Recommendations from other disciplines and aspects that can improve the efficiency of climate
services visualisations

Discipline Aspects Recommendation

User experience User-centred design (UCD) ˗ Gather user requirements using
participatory approaches
˗ Keep information simple and
digestible
˗ Involve users from the initial
analysis to the final evaluation
stage
˗ Explore multiple visualisation
options with users
˗ Assess user performance in
quantitative and qualitative
terms

Interaction design ˗ Include interactive elements
and visual features appropriate
for users’ skills in an intuitive
way (e.g. select, zoom, sort and
filtering options)
˗ Ensure that interactions have a
visible response for users
˗ Use progressive disclosure of
information when appropriate
˗ Include hyperlinks and tooltips
for contextualisation
˗ Consider multi-device
visualisation options

Personalisation ˗ Allow users to customise the
display reflecting individual
preferences

Error prevention and system
status

˗ Avoid ambiguous visual
encoding of key information
˗ Use selectors rather than open
fields to minimise mistakes
˗ Use indicators of system status
˗ Use confirmation questions

Information architecture ˗ Have a clear hierarchy of the
information (e.g. take into
account fields’ dependencies,
navigation)
˗ Adapt terminology and
language to the user’s context
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˗ Use terminology consistently
(e.g. avoid using different terms
for the same concept)
˗ Reduce jargon and ambiguous
terms
˗ Add tooltips and links to
glossaries and extended
descriptions
˗ Ensure that help
documentation is easy to find

Data visualisation design Visual information display ˗ Use chart size and position to
convey hierarchy and relevance
(e.g. in dashboards or multiple
simultaneous displays)
˗ Use patterns and conventions
that users are accustomed to
˗ Embed the visualisation in a
narrative context

Type of representation ˗ Choose the optimal and
familiar representations (e.g.
bars, heatmaps) according to the
objective of the visualisation
˗ Favour representations with
references to the real world

Visual encoding ˗ Choose visual codification
carefully, since some options
might be difficult to interpret
˗ Use visual codification that
allows discrimination between
relevant and non-relevant values
˗ Make data visualisation
inclusive (e.g. use contrast,
colour-blind friendly palettes,
clear fonts)
˗ Select a colour palette that
matches the nature of the data to
be represented (e.g. qualitative,
sequential, divergent)
˗ Take into account the meaning
associated to colour (e.g. use blue
for wet or cold conditions)

Labels/legends ˗ Include in the legend all
relevant information required to
interpret the visualisation
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˗ Locate legend in a visible area
and, when possible, integrate it
in the visualisation
˗ Facilitate labels’ reading

Graphic design Design aspects ˗ Use appropriate design to
support and improve user
experience (e.g. colours,
typography, display of
information)
˗ Be consistent in the visual
language used in the
visualisation, graphic elements
and styles

Psychology Perception and cognition ˗ Provide no more than the
necessary information, but
sufficient to ease user’s
understanding
˗ Reduce the complexity of the
information presented
˗ Reduce spatial distance
between similar elements and
between these elements and the
legend or caption
˗ Use predictability, let the user
successfully foresee the result of
an interaction

Pre-attentive processes and
attention

˗ Use pre-attentive processing
elements (i.e. indicating where to
look first)
˗ Reduce the use of elements that
distract attention
˗ Use visual metaphors
coherently

Memorability ˗ Use visualisation elements to
reinforce memorability
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5.4. Objectives 4 and 5: Evaluate the efficiency of static maps & New map
designs for specific needs

Through the evaluation of the different types of static maps, we collected quantitative and qualitative

metrics. The qualitative metrics helped us to understand the quantitative results, with the objective of

detecting which were the most significant factors that hindered the interpretation of the data.

5.4.1. Quantitative results

For the quantitative analysis we present the response times and the result for each type of map:

5.4.1.1. Detecting trends within a specific region (Task 1)

Regarding the time needed to perform the task, we found statistically significant differences depending on

the map type (f(3)=10.63, p < 0.001). A Tukey post-hoc test revealed what the most significant pairwise

differences were between the banded tile grid map and the tile grid map, with an average difference of

(p<0.001) and choropleth and tile grid map, with an average difference of (p<0.001) (for more details see Fig.

11 in the main text and Table 2 of Annex I).

Values on success rates (X2 (1, N = 32) = 3.3231, p-value = 0.7673) indicated that the results obtained were

not statistically significant (see Fig. 11 in the main text and Table 2 of Annex I).

Fig. 11. Boxplots showing the distribution for the results related to completion time for all representations in the three
tasks presented. Orange lines show the statistically significant  differences between maps.

In this case, the H1 hypothesis was ruled out, as the banded versions were expected to work more efficiently

(completion times and success rates) than the individual maps (due to the visual distance between maps). In

the case of success rates, we observed no significant difference between the four representations. In terms of

completion time, they showed that the banded tile grid map and choropleth performed significantly better in

terms of completion times (for further details see Table 2, Table 3, and Figure 5 of Annex I).
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Fig. 12 (a) Success, failure and abandonment rates by task and type of map. (b) Relationships of significant statistical
differences between representations. Opacity indicates a higher or lower level of significance.

5.4.1.2. Identifying the regions that meet certain conditions (Task 2)

Regarding the time needed to perform the task, we found statistically significant differences depending on

the map type (f(3)=21.6, p < 0.001). A Tukey post-hoc test revealed significant pairwise differences between

the banded versions and the individual versions. The same happened with the success rate (see Table 2 and

Table 3 of Annex I).

In this case, the H2 hypothesis is fulfilled since the differences in terms of completion times and success rates

are significantly better for the banded versions.

5.4.1.3. Determining global trend (Task 3)

Regarding the time needed to perform the task, we found statistically significant differences depending on

the map type (f(3)=73.86, p < 0.001). A Tukey post-hoc test revealed significant pairwise differences

between the banded versions and the individual versions (see Fig. 11 in the main text and Table 2 of the

Annex I). The same happened with the success rates, which were also significantly better for the tile grid map

than for the choropleth (see Fig 12 of the main text and Table. 3 of Annex I).
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The H3 hypothesis is also confirmed. Applying the time correction in the case of abandonment results, we

observed significant differences between the individual maps and the banded versions. Moreover, and

regarding the success rates, there were also significant differences observed between the choropleth and the

tile grid map, the latter obtaining better success rates. The banded versions presented the highest

abandonment rates (84.4 and 71.9%).

5.4.2. Qualitative results

After carrying out each of the tasks, users cast their vote for the representation which best favoured the task

(helping in decision-making, simplicity, level of comfort while performing the task) and the representation

which least favoured the task. They also shared with us the problems encountered together with general

feedback while performing the tasks for the different maps.

5.4.2.1. Detecting trends within a specific region (Task 1)

For Task 1, the responses were more balanced, with the best valued representations being the banded maps

(banded tile grid map, followed by banded choropleth) compared to the individual representations (See Fig.

13) . The reasons given by users regarding the difficulty of some maps were related to the detection or

location of the selected region and the interference (shape and colour) caused by the surrounding regions.

These comments  are analysed in more detail in the Discussion section.

Fig. 13: Most and least favourable maps (number of positive and negative votes) to solve the task and which favour
decision making.

57



5.4.2.2. Identifying the regions that meet certain conditions (Task 2)

In Task 2, the results were much more polarised than in Task 1, and the differences between the banded (the

best valued) and the individual representations (once again, the worst valued) increased substantially (see Fig.

13). The banded representations not only received the highest evaluation but also received hardly any

negative votes. Conversely, the individual representations received hardly any positive votes.

During the test, many of the users commented on the difficulty of the task, and the advantages of using the

banded versions compared to the individual ones (where more visual travel is required).

5.4.2.3. Determining the global trend (Task 3)

For Task 3, the “usefulness” of individual maps was considered unanimous: users valued the banded

representations very negatively as they did not favour the resolution of the task at all.

Interestingly, focusing solely on evaluations towards individual maps, users valued the choropleth map as the

most favourable for carrying out the task (See Fig. 13), due to its familiarity (despite having a high error rate).

For specific comments see Table 5 of Annex I.
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Fig. 14: In his graph we have combined four of the most significant variables, using a scatter plot
representation. For the three tasks, we compare: success rate (x axis), time spent to accomplish the task (y
axis), number of times a graph was voted as the most effective (size), and the type of map (colour and glyph
type or shape). The larger glyphs indicate the best valued map representations. The grey area highlights the
most favourable results: highest success rates and lowest completion times.

5.5. Objective 6: Highly customisable visualisations

Results while designing and evaluating highly customizable visualisation tools are required quantitative and

qualitative metrics, however unlike other objectives, such as objective one (uncertainty representation) and
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three (static maps) we don’t have any other tool to compare with, as the current tool functionalities are not

available in any other tool available for public opinion analysis.

5.5.1. Quantitative results
Qualitative analysis, the same way that in other objectives was presented through time and result metrics.

Results showed how potential users valued aspects such as the ability to compare all socio-demographic

groups at the same time for different countries. Sections such as the summary view or grid view with sorting

options were also highly valued. Among the representation views that were considered the most intuitive by

users were the comparison of the situation of a particular socio-demographic group for several countries and

the visualisation of inconsistencies, as they favour decision-making and save users time and effort.

Evaluation with non-state actors showed the following results for each of the tasks: Task 1 (general overview)

was the task with the highest error (30%) and abandonment rates (10%), and the highest completion time

(44.4 sec). For Task 2 (detailed view), we obtained 24.5 seconds for completion time and 25% error rate. Task

3 presented 28.3 seconds for completion time and 10% of error rate. Tasks 4 and 5 (analysis of

inconsistencies and summary view) had very short completion times (14.7 and 10.8 seconds respectivaley)

and 100% success rate (see Fig. 15).

Fig 15. Completion time for the usability test (a). Percentage of result rates (b).

5.5.2. Qualitative results

Qualitative analysis, the same way that in other objectives was used to reinforce and understand the

quantitative metrics obtained. In this specific case, evaluation was carried out with two different kinds of

users, potential users and the general audience (non-state actors).
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5.5.2.1. Evaluation with potential users and experts

Results gathered from the Cognitive Walkthrough methodology carried out show that potential users valued

aspects such as the ability to compare all socio-demographic groups at the same time for different countries.

Sections such as the summary view or small-multiples view with sorting options were also highly valued.

Among the representation views which were considered most intuitive by users, were the comparison of the

situation of a particular socio-demographic group for several countries and the visualisation of

inconsistencies, as they favour decision-making and save users time and effort.

5.5.2.2. Evaluation with non-state actors

From the NASA-TLX results, we identified the level of visualisation difficulty linked to each of the tasks,

based on the different metrics involved. The visualisation of task one, general overview visualisation (see

Fig.16.a), required a high level of mental demand, temporal demand, frustration and perceived effort. For the

second task the cognitive load was moderate, and low for the last three tasks since values for mental demand,

temporal demand, frustration level and perceived effort were under 5 (see Fig. 16). We will analyse these

results in section 5 together with the comments from users and the design decisions to improve these issues

(see also Annex II, sections C and C.1).

Fig. 16: Average values of questionnaire results on perceived difficulty (based on NASA-TLX categories) for
the five tasks for different metrics from Mental effort to Perceived effort. In the case of the first four metrics, a
higher value implies major problems during the resolution of the task. Tasks 1 and 2 present higher values in
the first four metrics and lower values in the last metric which means a higher cognitive load or difficulty in
performing these tasks (Cao et al., 2009a).

The positive and negative comments gathered from the Bipolar laddering technique, together with their

frequency and valuation, are presented in Table D.1 in Annex D. For positive aspects, the higher values are

better while, for negative aspects, the lower values indicate less severity. Positive aspects totalled 63 with a

mean score of 8.4 and negative aspects totalled 29 with a lower mean score of 4.6.
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Among the negative aspects, two stand out given their frequency (mentioned 7 and 6 times) and their

corresponding level of severity (8.2 and 4.4 respectively). They were the difficulty of the general overview

visualisation (showing the average opinions by country) (see Fig. 17) and the need to improve some aspects

of the legends to make them more intuitive and understandable. In the case of the best valued positive

aspects, the following stand out: The flexibility and high level of customization to analyse

socio-demographic opinion and the simplicity in how the inconsistencies were presented.

Fig. 17: Initial view of the tool through three possible representations for variable X: (a) Concentric circles proposed before the
user evaluation phase that were found to be difficult to interpret. (b) Alternative proposal employing concentric areas, after the user
test phase. These two options present the response percentages for all opinions simultaneously. (c) Bubble map representing just one
opinion per country ('Not at all important') which was also suggested during the co-creative sessions.
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Summary of Section 5: Results

In the case of objective 1, simplifying the visual encoding to favour decision making in the redesign of a
climate data visualisation tool, we managed to reduce the percentage of error from 90% to 10%, as well as
reduce the completion times by half. At the same time, the tool went from being a mere exploration tool
to favour decision making and day-to-day tasks according to the comments and evaluations received from
the users.
In relation to the second and third objectives of this dissertation, and due to the results of the qualitative
methodologies, a series of standards for the representation of climate data were established. These best
practices and guidelines were established from co-creation sessions with different experts from various
disciplines (climate, data visualisation, UX, graphic design and psychology).
Objectives 4 and 5, focused on assessing the effectiveness of the use of static maps such as choropleths and
cartograms (as well as their banded versions) showed that although each map facilitates a specific type of
task (banded maps favour comparative tasks at a regional level and small multiples favour the detection of
global trends and patterns), the percentage of users who claimed to be unsure of their answers was too
high.
Objective 6, which dealt with the impact of visualisation customization, has favourable results both
qualitatively and quantitatively, and users highlighted its potential in the case of decision making.
However, for some of the tasks the perceived cognitive load was moderate.

En el caso del objetivo 1, simplificar la codificación visual para favorecer la toma de decisiones en el
rediseño de una herramienta de visualización de datos climáticos, implicaba jugar con uno de los aspectos
más complejos y recurrentes en el ámbito de la predicción climática: La incertidumbre (geolocalizados
punto-punto). En este caso la herramienta propuesta tuvo diferencias altamente significativas, logramos
reducir el % de error del 90 al 10%, así como los tiempos de completitud a la mitad. Al mismo tiempo la
herramienta pasa de ser una mera … de exploración para favorecer la toma de decisiones y las tareas del día
a día según los comentarios y valoraciones recibidos por los usuarios.
En relación al segundo y tercer objetivo de la tesis, y gracias a las metodologías cualitativas se llegaron a
establecer una serie de estándares para la representación de datos climáticos. Estas buenas prácticas,
obtenidas a partir de sesiones de co-creación con diferentes perfiles expertos en diversas disciplinas (Clima ,
visualización de datos, UX, diseño gráfico y psicología.
Los objetivos 4 y 5, enfocados en la valoración de la eficacia del uso de mapas estáticos como coropletas y
cartogramas, así como sus versiones a bandas, demostraron que a pesar de que cada uno facilita un tipo
específico de tarea ( los mapas banded favorecen las tareas comparativas a nivel de región ) y los pequeños
múltiples en la detección de tendencias y patrones globales. No obstante, el porcentaje de usuarios que
afirman no estar seguros de su respuesta es demasiado elevado.
El objetivo 6, que plantea el impacto de la customización de la visualización tiene resultados favorables
tanto a nivel cualitativo, como cuantitativo, y los usuarios destacan su potencial en caso de toma de
decisiones, no obstante para alguna de las tareas la carga cognitiva percibida es moderada.
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6. Discussion and Conclusions
We will now present the discussion and conclusions about the results for each of our objectives. Finally, we

will present the common conclusions drawn from this study.

6.1. Objective 1: Simplifying uncertainty in climate data.
Considering user requirements when developing climate data visualisations is key to improve

decision-making. Moreover, the simplification of a complex visualisation through changes in visual encoding

and interactivity often increases efficiency. Here we used quantitative and qualitative indicators to assess

whether the redesign of the Project Ukko tool, taking into account user requirements, visual encoding and

interactivity, enhances communication, users’ cognitive capacity, and translates into a better task

performance.

When comparing the experience of participants with both Project Ukko and the redesigned tool, the

quantitative indicators of success rate and response time when completing a task (indicators 1 and 2)

demonstrate that the changes made to the redesigned tool increased the rate of success or partial success and

allowed participants to perform the tasks faster. It is necessary to highlight that, in the case of Ukko, the

success rate was extremely low for task 1. This was due to an incorrect identification of the area, which was

done based on its brightness (high skill values), but that did not meet the minimum requirements of

thickness (high intensity values). From a usability point of view, this is commonly defined as a false success,

since users believe they have performed the task correctly, when in fact the answer was wrong  (Brink, 2001).

Qualitative methods such as the bipolar laddering and two-question quiz applied in this study are based on

subjective user assessment (e.g., experience, feelings, intuition, opinions), which is often perceived as less

reliable than other quantitative methods (Szafir & Szafir, 2016). However, they are well-established practices

that support and complement quantitative analysis and have been widely applied (Lim et al., 2019; Navarro

et al., 2020). These methods provide useful insights to understand user’s preferences and the positive and

negative aspects that intervene in the performance and efficiency of users to perform day-to-day tasks.

In general, the changes in shape and size (i.e., the visual encoding of the information) as well as the reduction

of categories were highly rated by the participants, enhancing the clarity and ease of use of the redesigned

tool. In the case of Ukko, a large number of participants were not able to identify the categories associated

with a glyph (skill, intensity, predicted change) nor the exact category, even when they tried to compare them
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to nearby glyphs. This was because thin lines, which were combined with opacity (a visual encoding that

affects visibility), made colour detection more difficult. Sometimes the participants were unable to identify

the exact thickness of a group of glyphs despite the many accesses to the legend, which led them to randomly

select a category to avoid abandoning the task. Overall good practices in data visualisation indicate that

opacity, combined with colour and reduced thickness, can make graphical interpretation worse (Dastani,

2002; Jenny & Kelso, 2007; Ware, 2012). Also, the use of the slope of the glyphs was perceived as a negative

aspect by participants. This is confirmed by visual encoding good practices, indicating that changes in slope

are more difficult to be interpreted, especially for nominal data (Alexandre & Tavares, 2010; Munzner,

2014). In addition, in the context of wind data visualisation, the use of slopes tends to be related to wind

direction (Powers et al., 2017), as was also pointed out by some of the participants during the test. Therefore,

using slope to display the wind predicted change can be counterintuitive for users.

Only two sizes and three colours were combined in the redesigned tool. This favours the detection of the

areas of interest because the visual encoding does not create competition between variables (in this case, wind

intensity and predicted change) (Iliinsky & Steele, 2011; Riveiro et al., 2008). Additionally, glyphs below a

specific skill threshold (which would be discarded in a decision-making process) can be hidden from the

display, allowing the user to focus on feasible options. This has been recognized as an effective means to

reduce user memory workload and enhance task performance (Hegarty, 2011).

The most frequently mentioned negative aspect of the redesigned tool referred to the colour chosen for the

middle prediction category (“Small dark glyphs, showing average values, have a similar colour to the

background”). Users found the colour too similar to the background, therefore lacking sufficient contrast.

However, this was decided on purpose, since target users are more interested in situations that depart from

normal (i.e., upper and lower than average values), since these are the ones in which they need to take action

(Kohlhammer & Zeltzer, 2004). Therefore, by choosing a colour similar to the background for non relevant

values, we reduced visual noise in the representation. On the other hand, values of upper and lower predicted

change (indicating wind conditions above and below normal) use a green-yellow colour hue, which

stimulates more photoreceptors in the human eye and hence are easily detected by users (UNSW, 2015).

Despite colour being a crucial element of visual encoding, we did not include further changes in the colour

scale used in the test to compare Project Ukko and its redesigned visualisation. This was decided in order to

focus the analysis in the visual encoding and interactivity aspects and to avoid a major change between both

tools that could bias the results of the test. However, in order to improve the accessibility of any climate
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service, colour-blindness should be taken into account in colour choices for visual representations (Light &

Bartlein, 2004). In the case of Project Ukko, even using colour-blind-friendly scales, the combination of

colour, opacity, and certain widths reduced the effective perception by colour-blind people. In this sense, the

S2S4E Decision Support tool (S2S4E, 2020) already included changes in the colour palette to improve its

accessibility by taking into account colour-blindness aspects (see Fig. 4).

Some changes applied in the redesign of Project Ukko were also related to the use of interactive filters to dose

or personalise information. The skill filter in the redesigned version of the tool allows one to explore the

uncertainty associated with the predicted change focusing just on the relevant data for the user (i.e., values

below a preferred skill threshold are hidden). In the same way, the intensity slider allows the user to establish

a preferred threshold, giving more visual presence (larger glyph size) to the values above this threshold. This

capacity of filtering and personalising was highlighted as a strong positive aspect of the redesigned tool. One

of the users even suggested adding interactivity to the colour legend, to be able to filter by the predicted

change. Indeed, interactivity allows users to consume information step by step, explore particular aspects of

complex datasets, and display relevant information in their own world view (Beddington, 2011; McInerny et

al., 2014). This is thus a highly recommended feature for online climate services taking into account that

there may be limits to how useful interactive visualisations are if the viewers do not have the required skills to

interact with the presented information (diSessa, 2004).

The second task proposed to participants was more challenging than the first task regardless of the tool used.

The classification of two types of glyphs proposed in task 2 took more time to complete than the

identification of an area of interest in task 1. This was especially remarkable for Ukko, with a higher number

of categories competing at the same time for visual attention (Alhadad, 2018; Munzner, 2014). Also, the

number of times that participants needed to check the legend (indicator 5) was larger for Project Ukko. The

difference between Project Ukko and the redesigned tool is probably related to Project Ukko’s negative

aspects linked to problems for understanding the legend, which had a more complex visual encoding. The

combination of different categories in Project Ukko was also considered as a negative aspect (e.g.,

“overwhelming representation,” “mixing too many categories increases complexity”) in contrast to positive

aspects of the redesigned tool linked with the simplicity of the representation (e.g., “the representation is

very clear,” “easy to distinguish between glyphs”). This would also explain the low success rate of task 1 for

Ukko where, despite having more access to the legend, the area selected by participants did not meet the

requirements of the statement in terms of skill, intensity and predicted change.
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The difference in the purpose of task 1 and task 2 (identification versus classification, respectively), might

also be the reason why participants needed to check the legend more often at the second task. Overall, the

obtained number of accesses to the legend (combined with a simpler visualisation) suggests a reduction in

the cognitive load of the participants during the completion of the tasks with the redesigned tool as they

could retain the legend better and therefore reduce the number of times they had to check it.

Regarding the fixation duration, the quantitative indicator behaved almost equally between tasks and

between tools, with durations ranging between 0.25 and 0.31 s. The number of fixations are the number of

times a user pays attention to a certain point or area of interest on the screen. According to available

bibliography, a longer fixation duration may indicate a bigger cognitive load during task performance

(Andrzejewska & Skawińska, 2020; Duchowski, 2007; Klingner et al., 2008; Krejtz et al., 2018; Ooms et al.,

2015) or that users have found more interesting elements to fix their attention for a longer time, without

necessarily implying a greater difficulty or cognitive load (Andrzejewska & Skawińska, 2020; Klingner et al.,

2008; Krejtz et al., 2018; Ooms et al., 2012).

Advanced brain monitoring tools, such as electroencephalograms and eye-tracker measures of pupillometry,

can be useful to further study cognitive load (Anderson et al., 2011; Jiang et al., 2014; Keskin et al., 2020). It

would be interesting to test them with other eye-tracker models to explore if this could be due to the

accuracy of the model used.

The perceived effort during the task performance (indicator 6) identifies Project Ukko as being more

complex to use than the redesigned tool, which was indicated as the tool preferred by 90% of the participants

tested in this work (indicator 7). This contributes to the hypothesis that by eliminating or simplifying visual

encodings non relevant to a target action or task and increasing interactivity, we favour decision-making.

The results and opinions of the bipolar laddering (indicator 8) clearly supported the previous indicators. A

total of 29 positive comments were obtained for the redesigned tool, compared to 15 for the original Ukko

tool (Table 2). This was also confirmed by the higher average score obtained for the redesign (8.75) when

compared to Project Ukko (7.33). In the same way, the redesigned tool received fewer negative comments (12

compared to 41 for Ukko) and they were less serious (obtained scores of 5.83 for the redesign against 7.33 for

Ukko). The most serious aspects associated with Ukko referred to the difficulty to differentiate the

categorization of glyphs due to the combination of encoding through colour, intensity, and thickness, often

making participants unable to identify the corresponding category. These aspects had a very high frequency,

25 comments with notable severity and a obtained score of 8.
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Regarding the negative comments obtained for the redesigned tool, five participants referred to the colour

similarity of some glyphs to the background of the tool (values close to the mean in terms of predictive

change). However, after explaining the reasons for this design decision (reduce visual noise by attenuating

non relevant points), all users found the change appropriate. Another negative aspect was related to the label

terminology of the skill slider, which included mathematical terms that may not be clear to all audiences.

When delving into the reasons for the negative assessment, the participant clarified that the control seems

useful, but that the texts used in the labels could be clearer or more intuitive.

Paradoxically, some positive comments received for Ukko, referred to its higher density of information,

greater detail in the representation of predicted change (five categories instead of the three categories in the

redesigned tool) and visual appeal. However, although users who mentioned these aspects believed that these

characteristics could be valuable in a context where exploration was the objective of visualisation, they did

not favour clarity or decision-making.

The behavioural decision-making literature shows how people often struggle to understand particular

climate terminology. There is often a mismatch between the understanding of concepts such as probabilities

or uncertainty between experts and non-experts. Although visualising forecast uncertainties and associated

probabilities is thought to increase users’ trust, it does not automatically lead to better decisions.

Our results identify relevant aspects that can improve user experience and reduce cognitive load and that are

worth considering when designing climate data visualisations. These include choosing representations and

categories tailored to specific decisions, avoiding visual encoding that interferes with users’ perception of the

represented forms, and offering interactive elements that allow users to filter non relevant information or

highlight relevant information for the decision at hand. In the redesign of Project Ukko we included all these

changes at the same time. Hence, we cannot empirically establish the relative influence of each of these

individual aspects in the overall reduction of the users’ cognitive load. Nevertheless, we demonstrate that all

these aspects can help reduce cognitive load, favour decision-making, and thus improve the overall user

experience with a climate service.

In future works, it would be interesting to delve into the weight of each of the implemented actions

(simplifying the number of categories, avoiding redundant visual encoding, customising the visualisations

based on user needs through interactive controls) in the total reduction of the cognitive load.

Likewise, analysing the implemented changes in the context of the final tool, in combination with other
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improvements not assessed in the framework of this study (redesign of the navigation, colour-blind aspects,

customization, and levels of detail available), can highlight additional benefits. This would delve further into

the visual communication of climate information.

Our study highlights that, when combining techniques and knowledge from different disciplines [climate

science, design, user-centred design (UCD), user interaction, and cognitive psychology], we are able to find

better solutions for the visualisation of climate data, especially when aimed at supporting decision-making.

In addition, we identify a clear need for co-design and increased empirical testing of the resulting products.

We recommend information providers and tool designers in the field of climate services to collaborate more

with end users throughout the whole design process to identify what is effective and to leverage the

knowledge and well-established techniques from non climate related disciplines that have a lot to offer.

6.2. Objective 2: challenges in climate data visualisation domain.

Data visualisations, like charts, graphs, and maps, make it easy for many audiences to identify and

understand patterns in climate data. But when not done properly, they can exclude audiences with visual or

cognitive disabilities or those that lack appropriate background knowledge. This work analyses the current

status of the climate service visualisation field and identifies challenges to be tackled for the development of

more effective visualisations. The main challenges include the advancement of the climate services field

toward a real transdisciplinary approach by effectively involving other disciplines and stakeholders in the

visualisation co production process, a better co-evaluation of visualisations, a more effective representation

of uncertainty in climate data, and bringing the terminology and language closer to those used by target

audiences. For the development of more effective climate service visualisations, the climate science field may

benefit from advances in other disciplines with a well-founded tradition, such as user experience, data

visualisation, graphic design, or psychology, which are strongly based on stakeholders’ needs. Only by

including the expertise from other disciplines will climate service visualisations be able to build trust, prevent

misuse of climate knowledge, and boost the uptake of climate information by society. This is a necessary step

to move toward the codevelopment of common and agreed guidance and best practices necessary to achieve

coherent and effective visualisations in climate services.

6.3. Objective 3: Best practices in climate data visualisation
The visualisation taxonomy covers a large variety of static and dynamic visualisation types (e.g. charts,

graphs, maps) used across social and scientific domains. In the field of climate services, visualisations are used
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to facilitate readers’ identification and understanding of patterns in climate data. However, when not

appropriately co-produced, visualisations can exclude readers with visual or cognitive disabilities or those

that lack appropriate background knowledge to correctly interpret climate information. This review paper

aims to answer the need raised by climate service providers involved in a previous visualisation workshop, of

having a list of recommendations to improve visualisations in climate services. For that, in this work, we

review good practices commonly applied in other disciplines like user experience, data visualisation design,

graphic design and psychology that can be a useful asset for the development of more effective visualisations,

given the current lack of guidelines. In addition, as literature published by visualisation-related disciplines is

rarely accessed by climate services providers, this list of recommendations and associated publications

facilitates the access to this domain knowledge. The separate presentation of user experience, data

visualisation design, graphic design and psychology disciplines in the present work obeys only to criteria

aimed at facilitating the information flow for readers. However, practices from these fields are rarely applied

in isolation, as reflected in the two examples included in this study. Thus, apart from being heavily grounded

on the user needs, these disciplines complement each other and are all required for the development of

visualisations of climate data and services. This aligns with the feedback provided by four experts from the

mentioned disciplines, who highlighted that many of the aspects and recommendations provided in Table 3

could not be only mentioned under one particular discipline, and clearly advocates for the need of

transdisciplinary approaches for the co-production of visualisations in climate services.

The recommendations provided in this work highlight useful considerations overlooked by the climate

services community, often unaware of the good practices in fields beyond climate science. The list of

recommendations is comprehensive yet generic, spanning different target groups (including experts and

non-experts in climate science), needs and situations. However, not all recommendations are applicable or

relevant to every case and, when relevant, it will be ultimately the task of the climate service providers to

balance their possibilities and costs of implementing a recommendation against the potential benefits on the

visualisation’s usability, accessibility and effectiveness. Moreover, the application of some recommendations

can be limited by a lack of the appropriate expertise in the research team or the need for a timely delivery of

the results. Nevertheless, we argue that these recommendations can be the departure point for climate service

providers willing to increase the impact of visualisations or interested in delving into more specialised

literature on the topic.

The lack of guidance for the visualisation of climate information resonates with the discussions on the need
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for standards for climate services, especially in a time of unprecedented climate impacts affecting society.

There is now more than ever an increasing demand for quality-assured climate services that are fit to support

mitigation and adaptation strategies to climate change and variability. At this point, intuition is not enough

guarantee that a visualisation of climate data works as intended by the climate science community; therefore,

testing visualisations through application of quantitative or qualitative assessment methods is required. We

show that only by including the expertise from disciplines beyond climate science will the climate services

field be able to move towards the co-production of more effective and inclusive visualisations. This will

contribute to build trust in science for society, facilitate the appropriate use of climate information and

finally boost the uptake of climate services by decision-making and policy actors.

6.4. Objective 4: Evaluate the efficiency of static maps

In the analysis of temporal changes in geographical representations, the optimization of cognitive resources

is essential when it comes to favouring comparison, the detection of changes and the identification of

patterns (Schiewe, 2019c; Swoboda & Vighi, 2016). We used quantitative and qualitative indicators to assess

the differences between small multiple representations and banded representations (see Fig. 3).

6.4.1. Detecting trends within a specific region

According to user feedback, Task 1 was the easiest to solve. All four maps or representations obtained very

similar results in terms of success rates. However, the banded tile grid map and the choropleth showed

significant differences in completion times when compared to the other two maps (see Fig. 12). Contrary to

what we expected, we did not observe a marked advantage for both banded representations although they

were the best valued by users. (see Fig. 13).

The comments regarding the individual representations were based on the difficulty in comparing the values

​​in each time step for a certain region, due to the distance between maps: “With the individual maps the

process is the following, you locate the region in each of the three maps and then identify (or compare) the

changes in the three regions whereas in the combined (banded) maps everything is in the same place.” “It

requires a little more effort because you have to compare the regions in all three maps”. “The comparison is

more direct in the banded versions”. When evaluating these comments we had to pose the question: Why did

choropleths obtain better times than banded choropleths despite not being the best rated or receiving the

most favourable comments? This can be explained by analysing the users’ observations on the banded

choropleth: "Depending on the colour of the bands in surrounding regions, sometimes it is more difficult to
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establish the boundaries. This does not happen, however, with the bands in the tile grid map” (Hillyard &

Münte, 1984).

Similar comments were made for the simple choropleth: “The characteristic shape often helps to identify a

region on the three maps, but other times, when the nearby regions share the same colour, it is no longer as

simple” (Brewer, 1994; Healey, 1996; X. Liu et al., 2018).

Two users further pointed out that there is not much difference in the results due to the simplicity of the

task but this could be changed by increasing the complexity (number of regions to compare) of the task:

“Banded versions work better, but there is not much difference as the task statement only refers to one

region”. “There is not much difference as to which map works best. We are only looking at the evolution of

one region. If we were asked to observe the changes of two or three regions, the banded versions would

behave much more efficiently than the traditional ones (referring to choropleth and tile grid map)”.

6.4.2. Identifying regions that meet certain conditions

In this task, we observed significant differences (completion time and success rates) between the banded

versions and the individual versions (the former obtaining shorter completion times and higher success

rates). Furthermore, the subjective evaluations were more favourable for the banded versions (see Fig. 14). “It

is much easier to reach a conclusion with the banded version, all the information is in the same place, and

you don’t waste time comparing between maps.” (Gesù & Starovoitov, 1999; Kraak et al., 2014).

The comments shared by users helped us to understand the way in which they solved this task and processed

the visual information: “In the case of the individual maps (choropleth and tile grid map) the search is a bit

random, you choose a specific region in t1 and check if it has not changed for t2 and t3”. “You start with the

most easily locatable regions (clearer positions) on the map. When you find one that meets the

requirements, you pick another one at random, and so on”. “Sometimes the comparison can be

bidirectional: you pick a region at random at t3 and check that it has the same colour for t2 and t1”.

Some users highlighted aspects such as the shape and location of the regions (repeating comments they made

on Task 1): “It is easier to visually locate regions with a characteristic shape (with choropleths) or in an

easy-to-locate position (with tile grid maps). Positions at the boundaries are easier to find than the interior

ones, in which you have to consult the labels for each square (region) to ensure that it is the correct one.”
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Another user also commented on the high cognitive load associated with Task 2 and individual

representations, including factors such as attention: “You are so focused on reviewing regions and jumping

from map to map, that you no longer remember if you are repeating any of those regions mentioned”. “How

many do I have? Have I already repeated this?” “The task is much more comfortable and straightforward to

solve in the case of banded maps”.

To finish the analysis of Task 2, we want to comment on the simplicity of the pattern proposed for the

search, which is “regions that remain stable over time”: “It is a simple pattern that is called for: regions that

do not change over time. This implies that they are monochrome regions in the banded versions and regions

of the same colour in the individual maps. However, it gets a lot more complicated for the individual

representations. It requires a lot of concentration, and being aware of changes, jumping from map to map.

With a more complex pattern (a particular combination of t1, t2, t3) it would be slightly more difficult for

the banded versions but much more difficult for the individual ones.”

6.4.3. Determining the global trend
In this task, the banded maps showed a high abandonment rate: Users abandoned the task when they realised

the answer was going to be simply guesswork: “I have no idea, I would be unable to answer the question. I

have no idea how the trend changes”. “I would be unable to say it, no matter how long I spent on it”. “The

only solution would be to count the sub-regions for the time steps, and I could spend the whole morning

doing that”. “If I had to answer, it would be random”. “With the banded representations it is virtually

impossible to determine the trend. If I had given an answer, it would have been because I was guessing”.

“The graph has too much information, it is impossible to determine the trend, with all the bands and

sub-regions”. These comments lead us to rule out the banded maps as a suitable option for communicating

global trends.

Although users were able to solve the task using both the choropleth and the tile grid map, the success rates

for these representations were completely different: the choropleth obtained just 6.3% success when

compared to the tile grid map which obtained 90.6% success. Moreover, users valued the choropleth more

positively (as the most helpful and effective map for solving the task) due to its familiarity, without taking

into consideration the problem of area-size bias: "I have found it much easier with choropleths." “Without a

doubt, the representation that best favours decision-making is the choropleth. It is a very familiar

representation that is used a lot in this type of tasks”. “The easiest representation for me was the choropleth.
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I'm used to them”. This is what we refer to as a ‘false success’, which is when the user thinks that they have

solved the task correctly but in fact, they are mistaken (Collins, n.d.; Experience, n.d.). Only in some cases

users were able to identify the area-size bias problem related to choropleth maps with comments such as:

“The Choropleth is the clearest one to show the global trend. Wait! Wait! Ah! No… If the trend is related to

the number of regions, as the choropleth has different area sizes, I don’t really know the answer”, “I think

that the trend is increasing. No, sorry. If we are referring to the number of regions instead of the area, I

would say that it is stable or decreasing”.

Despite the good results in the case of tile grid maps, users were not as confident in their answers when

compared to using choropleths: “I think the pattern is increasing, but I am not sure”.

It is noteworthy that for Task 3 the choropleth was the best valued map due to its familiarity, but this was

not the case for Task 1 and Task 2. This may be explained if we suppose that when the perceived effectiveness

(or the difficulty) is similar for each map, we tend to value more favourably what is more familiar to us (in

this case the choropleth map), but when the perceived effectiveness between the maps is very clear, we tend

to choose the representation that is proven to work more effectively. (Hansen & Wänke, 2009; Martens &

Fox, 2007; Zissman & Neimark, 1990).

6.4.4. General conclusions

As a final summary and reviewing each of the studied maps, we conclude that the choropleth map, despite

being the most familiar and best valued by users, does not communicate the global trend well due to the

problem of area-size bias (Schiewe, 2019c). Depending on the colours of the surrounding regions, it can also

present problems in identifying regional boundaries (Stewart & Kennelly, 2010).

Tile grid maps are a good alternative to choropleth maps for communicating global trends over multiple

time steps (Task 3) . However, for the rest of the tasks, they present a hurdle due to the visual path between

maps (or time steps). The same is also true of choropleth representations (Goldberg & Helfman, 2010).

Due to its region boundaries, the Banded choropleth map (see Fig. 14a) hinders the identification or the

location of an area, as well as the differentiation of each of the bands (or time steps). It is also a poor option

for showing global trends easily (Zhang & Maciejewski, 2017).

Banded tile grid maps (see Fig. 14b) are similar to banded choropleths, as they improve the boundary or

contour problems, but they require legends to identify a certain region and are also a poor option for

showing global trends. (Nusrat et al., 2018; Stewart & Kennelly, 2010).
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We describe the evaluation of two static representations together with their banded versions for

communicating changes over time. We measure completion times and success rates while the participants

resolve habitual tasks common to their speciality fields. In addition, we analyse the participants’ subjective

opinions for each representation in terms of effectiveness. We also examine the general comments gathered in

terms of the strong and weak points for each representation, as well as the problems encountered while

carrying out the tasks.

The quantitative and qualitative metrics showed significant differences between the maps and their

effectiveness, depending on the task being performed. The banded tile grid map stood out as the best option

in tasks associated with detecting trends in one (or more) regions as well as when identifying regions that fit a

certain pattern or condition (Task 1 and Task 2).

When communicating global changes over time (Task 3), we saw that both banded versions would need to

be discarded because of the difficulty in interpreting them and the high abandonment rates recorded. The

choropleth map, while familiar to the audience, is not a suitable option due to the high error rates (8.6 %)

caused by the area-size bias problem. The only viable candidate, the tile grid map, is also open to debate. It

obtained the highest success rates (90.6%) and optimal completion times, but the lack of confidence shown

by the participants while resolving Task 3, leads us to advise against its use.

The fact that users expressed doubts when establishing the global trend while using tile grid maps, and

preferred another, less effective representation (choropleth), leads us to conclude that no static map included

in this study is sufficiently effective for the communication of global trends over time. The use of new

representations such as banded maps or even tile grid maps is therefore not recommended, as users may not

be familiar with them and there is a risk that the information presented will not be understood by a general

audience.

However, in more specialised scenarios, the tile grid map is preferable to the traditional choropleth, because

users will be well versed in interpreting these kinds of maps.

Given that the familiarity of certain representations affects the evaluation of their perceived effectiveness, and

that choropleth maps are the most used in non-interactive alternatives, we believe that the alternatives (tile

grid map and both banded versions) should be studied further as well as the learning curve required by the

audience to guarantee their comprehension.
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While it is unlikely that a single evaluation study can be conducted to analyse all possible scenarios, we

believe that this study can be a useful starting point, while providing guidelines for future map variants for

use in the media together with their possible risks: Banded versions facilitate the task of comparison but have

their own inherent limitations. The tile grid map shows promise against traditional choropleths, but is

unfamiliar to a non-expert audience. For this reason, further study is required to measure the possible

effectiveness in media communication scenarios or in aiding with decision making.

6.5. Objective 5: New map designs for specific needs
The design of new visualisations involves an ideation process and a validation process. During the ideation

process, it is advisable to include different types of profiles with different backgrounds (visualisation design,

graphic design, user experience, researchers from different fields, psychology, etc) (Christel et al., 2018). At

the same time, it was advisable to carry out this design phase in a co-creative way and in different sessions,

allowing us to study and discuss the pros and cons of each of the alternatives from various perspectives.

Similarly, once we reached the final design, a validation phase was necessary to evaluate the usability of the

final visualisation. In most cases the effectiveness of the proposed solution will be subject to specific

objectives and tasks, so it is convenient to offer alternatives in which the user can adapt the visualisation to

their needs (J. Liu et al., 2022; Synnott et al., 2012)

In the case of the use of static maps, although the proposed design (strip cartograms) is the best option for

several of the frequent tasks carried out by users, user opinions lead us to believe that the use of maps does

not favour the identification of patterns over time.

6.6. Objective 6: Highly customisable visualisations
We used service design to identify potential users' needs and the main questions to be answered with the data

available. Through the design process, we also discover the value of how highly customization in the

visualisations can affect cognitive aspects and favour decision-making processes. In this respect, the user

interface design can be a strategic step, giving us a “big picture” of the challenge (Holtzblatt et al., 2004b;

Stickdorn & Hormess, 2016; Wassink et al., 2009). The service design process gives methodologies to

redefine how problems are tackled, identifying opportunities and barriers and offering broader solutions,

always from a user-centred design approach and also letting the user play an important role in the co-creation

of the tool.
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The final evaluation with the non-state actors was to verify whether the requirements, functionalities and

design choices made sense beyond those made by potential users and experts. Clearly, most of the proposed

solutions would meet the needs of potential users, as they themselves participated in the co-creation sessions.

Similarly, experts gave their point of view on problems that potential users and non-expert audiences may

not have detected (Sauer et al., 2010b).

For this reason, the test with the non-state actors ensures that the final design of the tool is suitable for an

audience with similar needs but without expert knowledge in data visualisation (Äijö and Mantere, 2015;

Gerst et al., 2020b; Nasiritousi et al., 2016).

6.6.1. General overview

This first task to evaluate the global view, was the most difficult for both expert users and the non-state

actors. When simultaneously displaying the total results by country for a given variable, we used concentric

circles to represent the response percentages (see Fig. 17a). This representation favoured comparison against

other alternatives (Kozak et al., 2015) and was very effective against the overlap problem. However, users had

difficulty in understanding and comprehending the data. After the evaluation stage, we explore other design

alternatives for the global view, as concentric areas (See Fig. 17b) this time obtaining favourable comments.

In addition, a new form of simple representation with a single response category was added to the options

view (see Fig. 17c). Instead of visualising all responses at the same time, the user selects the one they are

interested in (‘Very important’, ‘Strongly agree’, etc.). This approach, using bubble charts, was simple, clear

and intuitive and also provided a coherent transition to a more detailed view.

Following these suggested improvements, it was possible to simplify the control panel and the step-by-step

selection of the different visualisation options: first, the variable to be analysed, and then which category to

sort by (See Fig. 6.2 and Fig. 6.3).

6.6.2. Detailed view by country

The way these graphs are represented is flexibly adapted to the changing needs of the question to be

answered through visualisation. Sometimes potential users need to know the least committed groups (in

order to target these groups more effectively) or the most committed groups, being able to highlight different

types of answers. In terms of interaction, the user can choose which countries to view and at what zoom

level. This avoids glyph overlap problems on the map and allows the user to determine how much
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information they want to compare at any given time. Thus, we avoid a cognitive overload in our audience

and provide a greater sense of control (see Fig. 18 and Fig. 19) .

Fig. 18: Three versions of the visualisation using radial stacked bars with detailed information on the
responses of socio-demographic groups to the variable 'The role you can play as an individual'. (a) Sorted by
the most negative answer 'Totally disagree', (b) sorted by group categories, and (c) sorted by the most positive
answer 'Strongly agree'.

Fig. 19: Accessing different levels of detail through interaction: Clicking on the global view (a), we access
the socio-demographic details (b). Hovering over each group we view the name of each group (b), and when
clicking on one of the groups we access detailed information about rates, sources of information and
attitudes also called inconsistency view (c). With a double click on one of the groups, we enter the group
comparison view (d).

Both experts and non-state actors commented on the high density of information provided and the

possibilities for analysis that it offered. However, the latter stated that it required an adaptation period due to

the quantity of information shown. One aspect of note in this view was most of the participants had

problems in understanding why it was necessary to highlight less favourable opinions. Experts in particular

complained about the use of more intense colours to represent lower values, given that best practice
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visualisation rules dictate the opposite. This design decision, which was obvious to potential users as they

had established this requirement, was based on the need to highlight the least committed groups and

countries. These are the ones to be targeted by environmental awareness policies and campaigns. However,

the tool also makes it possible to highlight the most environmentally committed groups. In this case,

potential users had stated that this functionality was also necessary to be able to investigate the reasons why

certain policies and social criteria are successful. Once the reasons for this duality (highlighting the lack or

existence of commitment) were explained, the participants approved the design decision.

In terms of visualisation, users highlighted the large amount of information presented, but in a gradual and

controlled manner: “As you explore, you can hide and unhide the opinion in detail by groups, for the

countries that interest you. There is a lot of information but at all times, you can control what you want or

do not want to see”. However, other participants needed a brief time for analysis because they were not

familiar with the representation: “The breakdown by socio-demographic group/country is surprising the

first time you access the information. There is a lot of information. However, once you understand the

distribution of the circular plots, it is very easy to understand. I can not think of a better map representation,

as it optimises the space very well through the proposed interaction". This leads us to conclude that the

introduction of the onboarding process helps to improve the user experience for novice users.

6.6.3. Summary views

The summary views were another of the most valued visualisations by the management profiles, as they

allow for the analysis of the most salient information (See Fig. 20.c). They are also useful as they can be

incorporated into printed reports. One user declared that “It shows, in a very direct way, the most relevant

things to take into account, less committed groups from different countries. It does all the work for you and

also allows you to select what you want to highlight”.
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Fig. 20: (a) Level of commitment comparison between countries, highlighting a certain socio-demographic
group (‘Students’). Using a ‘clock face’ interpretation, commitment levels are reflected in the ‘time’ shown.
Higher levels of commitment are represented as later times. (b) Small-multiples view highlighting the top ten
countries with higher values for the category ‘Totally disagree’. (c) Summary View. Top: top groups less
committed to the environment of the European Union. Bottom: The 30 countries less committed to the
environment (sorted by negative opinions).

6.6.4. The use of maps in DST
The visualisation of information on maps facilitates the analysis of complex data in a graphical and easy to

understand way, providing a more realistic vision of the conditions that must be evaluated and are used in

various fields such as public administration, and in the administration of transport, infrastructure , health,

or social services (Mazăreanu, 2013; Relia et al., 2018, p.). From a data visualisation perspective, experts
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questioned the use of maps (following the approach used in the summary view). However, potential users

preferred the presence of maps, especially in a municipal context of use providing more well known

geographic metaphors and offering more freedom to explore and compare nearby or adjacent areas. Maps,

even presenting many challenges at a spatial level for representing multi-categorical data, are very familiar for

the audience and solve the geographic component in a natural way (Fuchs & Schumann, 2004).

6.6.5. Flexibility and customization

In addition to the validations carried out by expert users and the non-state actors, tests with potential users

showed that the tool’s high level of customization allowed them to focus on different aspects while

prioritising the relevant information at the same time. One of these potential users declared: “The tool

allowed me to highlight what I needed at all times. When I visualise opinions, for example about concern for

the environment, I can highlight the most positive or the most negative responses, and the visualisation

totally changes its appearance. This personalization helps me understand what I need at all times."

The tool allows for information comprehension through the use of different sorting options based on user

needs, highlighting certain values ​​over others, simplifying the way users analyse and compare

socio-demographic group inconsistencies and attitudes, and favouring understanding and decision making.

Making the necessary information available and in the appropriate format for the development of the task,

reduces the sensation of frustration and perceived effort, increasing the level of confidence.

Often, public opinion datasets contain information on different socio-demographic groups and multiple

variables. This high information density requires advanced visualisation tools to understand patterns and

trends. However, the visualisation tools available to organisations and institutions are very complex or not

very flexible, so it is necessary to resort to ad-hoc tools.

The valuations obtained on the proposed solution through service design, indicate the usefulness of the

methodology employed to co-create visual tools adapted to specific needs. The validation phase allows for

the identification of problems that can be solved in the early stages of design. The double review process

allows for the evaluation of the tool from various points of view: First, from a functionality perspective,

potential users and experts identified problems at the levels of visualisation and user experience. Second, we

reproduced common tasks to be evaluated by non-expert users, to guarantee that the proposed solution

could be user-friendly for administrative staff.
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The tool allows for analysing citizen opinion not only at a general level, but also in relation to the opinions

of different socio-demographic groups. It could be key for understanding social attitudes as to allow public

institutions to as well as the problems and barriers faced by each group in order to deal with the lack of

action and promote more suitable and personalised campaigns.

Therefore, the design of visualisations that favour the understanding of complex, multi-categorical and data

is still a challenge for different fields, especially for non-scientific audiences without solid knowledge of data

visualisation.

In scenarios where there are multiple user profiles with very diverse needs, employing a user-centred design

(focusing solely on the most common functionalities or requirements of the majority) would not be

sufficient. The customization of the tool must take on a new dimension and not limit itself to a basic level of

analysis, but offer high flexibility and allow us to meet specific needs.

In summary, the main highlights of the knowledge acquired in the design process of this tool are the
following:

1. Understanding the concerns, actions taken, and information channels used for different

socio-demographic groups, can be a first step to delving into the true reasons why citizens do not

actively participate in certain campaigns. A precarious economic situation or vested interests, can

help us understand different behaviours and tackle social barriers from a new perspective.

2. As a part of user-centred design, validation with experts and the non-state actors can help us rethink

the point of view of potential users, which are often overly focused on their own particular needs.

This is a valuable step in the methodology as the detection of problems when using a tool can lead

us to redefine and improve the initial approach and at the same time improving the sustainability of

the final product development (Trischler et al., 2018).

3. Visualising multi-categorical data must be easy and flexible, adapting to the changing or specific

needs of potential users (administrations and public institutions). In these cases, generalising

functionalities suitable for the majority of users is not enough, and it is necessary to combine

usability with a high level of customization of the available views: A user will be able to see the

information in a way that facilitates the task they want perform at a given time, and according to

specific needs.

4. Different visualisations can target different profiles and objectives inside the administrative staff and

are closely related to the search patterns of users: Exploration and analytical tasks (used by analysts,
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data experts, sociologists, etc.) versus tasks where reaching conclusions are needed, such as

summaries and rankings, frequently needed by managers.

5. Providing powerful functionality can lead to an additional level of demand from users: Advanced

features will allow them to make better use of the tool and identify new specific needs which, in

turn, leads to more new features. This results from an iterative process of constant improvement.

Due to the complexity and specific nature of policy and management, it is advisable to develop flexible tools

to meet user expectations or fully cover their needs.

Facilitating the analysis of public opinion and obtaining knowledge that favour decision-making will help

administrative bodies to develop more efficient and user-centric campaigns.
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6.7. Final conclusions and objectives reached

●Achieved ● Partially achieved ●Not achieved

Table 4: Objectives review and accomplishment

Objective Achieved

Reduce the visual density in the representation of climate data (uncertainty) to its
minimum expression: only using the information necessary for decision making has a
direct impact on the user's cognitive load and performance: reducing error (from 90 to
10%) and reducing task completion time (50%)

⬤

The lack of standards when representing climate data of different types is a problem for
the scientific community and a hindrance in the communication and interpretation of
results.

⬤

The representation of climate data should follow a set of guidelines that should include
not only disciplines such as user experience or data visualisation, but also psychological
aspects such as perception and cognition.

⬤

The interpretation of trends at the regional level is improved with the use of banded
maps. Likewise the identification of regions that meet a certain pattern. However, the
global trend over time is by no means effective with static maps despite their widespread
use in media and reports since the cognitive load (given the presence of too many stimuli)
is too high in these cases.

⬤

Despite basing the design on the existing (most used) representations and their
limitations and strengths, it is not always possible to find a design that favours the
interpretation of patterns at the regional-global level.

⬤

When visualising multi-categorical data for changing needs, the visualisation has to be
dosed and customised. It should offer visualisations that present the information in a
diverse way adapting to the user's needs and skills. The visualisation must answer specific
questions that, according to their level of depth, must be answered progressively to favour
both the search for information and the reduction of the cognitive load, and at the same
time, to favour decision making. Data visualisation in this case takes on the dimension of
information architecture, and not only that of a tool for visual analysis of data.

⬤
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Summary of section 6: Discussion & Conclusions

In our first objective (to reduce the cognitive load in the climate representation of uncertainty), the effects
of simplifying the visual encoding, in terms of results, time and user satisfaction, were clear. When
redesigning or simplifying a visualisation, we must take into account two aspects, the purpose of the
visualisation (exploratory, analytical, decision making, etc.) and the reduction or subtraction of visual
information not relevant to the task.
In the establishment of climate-related guidelines, the collaboration of climate experts, together with user
experience, graphic design, and visualisation professionals, was key to reaching our objectives. It was also
crucial to take into account psychological aspects such as perception, cognition and the cognitive load of
our users in a given context of use. Another important aspect that arose was the necessity (of climate
centres and institutions) to disseminate findings and best practices, with the aim of promoting their use
and encouraging constant improvement.
In the case of static maps, when it comes to communicating global patterns over time, none of the
representations under study are recommendable as users completed the tasks without the certainty that
their answers were correct, which affected decision-making. While some maps excel over others in specific
tasks, our recommendation is to find an alternative representation to the static map or to use it only in
cases where the temporal pattern follows a clear spatial direction. It is worth noting the weight given by
users to the familiarity of some charts and how it affects the perception of their performance in
completing the tasks. A high percentage of users felt that the choropleth map was more effective in tasks
where times and success rates were well below other types of maps such as cartograms and banded
cartograms.
Finally, the effects of customization together with intuitive design of the interaction are key when it comes
to dosing information in visual information architectures. The user has just enough information to draw
conclusions or make decisions, reaching the necessary level of detail through the visualisation. The general
approach of designing tools for the majority or guaranteeing a minimum of satisfaction for a percentage of
users does not always fit. Often, the needs of a single user profile may change depending on the type of
task or context. These specific situations may involve a radically different way of displaying visual
information.

Nuestro primer objetivo, reducir la carga cognitiva en la representación de la incertidumbre climática,
quedaron claros los efectos de la simplificación de la codificación de la visualización tanto en resultados,
tiempos y satisfacción de los usuarios. A la hora de rediseñar o simplificar una visualización, debemos
tener en cuenta dos aspectos, el objetivo de la visualización (exploratorio, analítico, toma de decisiones,
etc.) y reducción o sustracción de la información visual no relevante para la tarea.
En el establecimiento de estándares relacionados con clima queda clara la importancia de establecer una
serie de buenas prácticas que sean discutidas y establecidas como fruto de la colaboración no solo de
expertos en clima, expertos en experiencia de uso y diseño gráfico, visualización, si no a su vez tener en
cuenta aspectos psicológicos como percepción, cognición y carga cognitiva de nuestros usuarios en un
determinado contexto de uso. Otro aspecto clave será la colaboración entre centros e instituciones para
difundir los hallazgos y buenas prácticas, con el objetivo de fomentar su uso y favorecer una constante
mejora en los mismos.

85



En el caso de los mapas estáticos, a la hora de comunicar patrones globales a lo largo del tiempo ninguna de
las representaciones bajo estudio resultan recomendables dado que los usuarios completan las tareas sin la
seguridad de que sus respuestas sean correctas, cosa que afecta a la toma de decisiones. Si bien algunos
mapas sobresalen por encima de otros en tareas específicas, nuestra recomendación es encontrar un
representación alternativa al mapa estático o bien utilizarlo únicamente en casos en los que el patrón
temporal sigue una clara dirección espacial. Cabe destacar el peso que los usuarios otorgan a la
familiaridad del gráfico y cómo afecta a la percepción de su desempeño en la realización de las tareas. Un
alto porcentaje de usuarios consideró que el mapa coropletas era más eficaz en tareas en las que los tiempos
y los porcentajes de éxito estaban muy por debajo de otro tipo de mapas como cartogramas y cartogramas a
bandas.
Finalmente los efectos de la customización junto con un diseño de interacción intuitivo son claves a la
hora de dosificar la información en arquitecturas de información visuales. El usuario dispone de la
información justa y necesaria para extraer conclusiones o tomar decisiones, llegando al nivel de detalle
necesario a su vez a través de la visualización. La línea general de diseñar herramientas para la mayoría o
garantizando un mínimo de satisfacción para un porcentaje de usuarios no siempre tiene cabida. Muchas
veces las necesidades de un único perfil de usuario pueden ser cambiantes dependiendo del tipo de tarea o
contexto, y en situaciones concretas puede implicar una manera radicalmente distinta de mostrar la
información visual.

7.Limitations and Next Steps
We will now review the limitations, aspects to be taken into account and next steps related to some of the

proposed objectives, such as when analysing the difficulty interpreting trends with static maps and the

methodology used, the effect of customization on decision making processes and the aspects to take into

account when using the eye-tracker technology to measure cognitive load.

7.1. When evaluating the efficiency and difficulty in interpreting global and
regional patterns of socio-economic data using different static maps.

We focused this cartographic evaluation on the representation most used in the media to communicate

social data over time: the choropleth. We also included in this analysis its simplest conceptual version

(the tile grid map) and the banded versions of both. There are other tile grid map variants that we did

not consider (heat tile grid maps, bar tile grid maps, full-width tile grid maps, etc.) (Datavizcatalogue,

2018).

Similarly, when trying to cover the spectrum of possible tasks and possible statements, we limited

ourselves to a particular subset of common tasks and simple statements for task setup.
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There are also numerous limitations when choosing the possible geographic areas, when representing

data through cartograms, such as size, distance between regions and maps, level of detail (continent,

country, region ...), and the number of time steps.

Another limitation, which we have already mentioned, is that the scenarios of the proposed tasks were

not based on real data. This was due to the fact that we had to present multiple different values ​​in order

to avoid learning bias between the different maps for the same task.

Regarding the number of time steps selected, we assumed that the results obtained would be negatively

impacted by increasing the time steps. That is, the difficulty for n + 1 would be equal to, or greater than

for n time steps due to the increase in visual stimuli (Rensink, 2021). Additionally, in the case of banded

representations, the number of time steps must be limited so as to permit sufficient width for the bands

and guarantee the correct colour interpretation or the values they represent (especially for colour-blind

users) (Buckley, 2013; Lupa et al., 2017) (see examples of reports with different number of time steps in

Table 8 of Annex I).

With regards to the results obtained, we believe that it would be interesting to perform a new study

employing real, large datasets, which would allow us to play with different snapshots (of time and

values) and, at the same time, prevent learning bias in the user testing. The use of multiple geographies

in the same test would also be advisable.

It would be recommendable to explore other possible tasks, in addition to those included in this study, or

measuring the results for more complex scenarios is also recommendable. For example, adding the analysis

for more than one region to Task 1, or adding more than one type of condition or pattern to Task 2.

In the introduction, as well as in the section dealing with time steps and their limitations, we make reference

to dynamic or interactive mechanisms to make up for the limitations of static maps. Although these

alternatives do have advantages and are often used for representations of multiple time steps, they can

present the same problems as static maps from a cognitive load perspective. For this reason, their effectiveness

should be questioned when seeking to communicate trends and changes over time or when aiding decision

making processes (see Fig 1, Fig.2 and Fig.3 of Annex I) .

Another aspect of interest to be analysed, is the role of familiarity in the perception of effectiveness together

with the influence of similarity in the maps presented, and also the subjective difficulty of the tasks.

87



7.2. When analysing the effects of the use of highly customisable visualisations
in reducing the cognitive load in decision-making processes.

The tool presented is a prototype focused on solving the needs of a specific group, however, scalability

aspects were taken into account, considering the possibility of including new variables to expand the

information to be displayed in the future (see Annex II, Table A.1).

With the implementation of the final tool, it is also recommended to include metrics systems in order to

identify the most used views or the time to complete certain tasks, in order to find new functionalities or

improve existing functionalities.

As we have already mentioned, potential users were not only useful in gathering needs, but also in defining

and identifying relevant aspects in the data. The data from which this prototype was developed were the

Eurobarometer data, which in this case, contemplates total information by socio-demographic groups (see

Annex II, section A). But not what percentage of each group belongs to the remaining groups, i.e. we know

the percentage of engaged students, but not what percentage of them belong to the remaining categories, i.e.

what percentage live in the city, in the village or in the countryside. When collecting the new data for urban

settings, we intend to keep this information, so we must guarantee its anonymity, even at the minimum

granularity we intend to reach (e.g., district, neighbourhood or sub-neighborhood).

7.3. How to interpret Eye-tracker metrics when analysing cognitive load

One of the most representative metrics measured with eye-tracker for the first scenario (Climate) was fixation

duration and the number of fixations. The number of fixations are the number of times a user pays attention

to a certain point or area of interest on the screen. According to available bibliography, a longer fixation

duration may indicate a bigger cognitive load during task performance (Duchowski 2007; Ooms et al. 2014;

Andrzejewska and Skawińska 2020; Klingner et al. 2008; Krejtz et al. 2018) or that users have found more

interesting elements to fix their attention for a longer time, without necessarily implying a greater difficulty

or cognitive load (Henderson and Ferreira 2004; Klingner et al. 2008; Ooms et al. 2012; Krejtz et al. 2018;

Andrzejewska and Skawińska 2020) (see also Figure 4 of Annex I).
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9. Annexes
9.1. Annex I

Table 1 Task selection based on the combinations of the three variables involved: time, region and value.
Those combinations which did not involve changes over time (the fixed time variable) were discarded (shown
in grey). The column with a ‘yes’ indicates a fixed value for the variable and is defined in the ‘conditions’
column.

id time region value conditions Possible questions

– Yes – – t=n Which value predominates in the whole map in (tn)?

1 – Yes – region =’A’ What changes occurred in region ‘A’ over time?

2 – – Yes value=’x’
Which region or regions followed a certain pattern (remain
stable, increase, decrease, etc.) over time?

– Yes Yes –
t=n

region=’A’
What is the value of region ‘A’ at (tn)?

1b – Yes Yes
region=’A’
value=’x’

For region ‘A’, which period of time had a x (‘Low’) value?

– Yes – Yes t=n,value=’x’ (Which regions/How many regions)  had a x (‘Low’) value?

3 – – – – What was the trend for the whole map over time?

– Yes Yes Yes
t=n, region=’A’

value=’x’
Confirmation question: Does region ‘A’ meet value x at tn ?
Answer(Yes/No)
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Table 2 Statistical results for completion time

Time analysis

Task 1

Anova

Df       Sum Sq        Mean Sq       F value        Pr(>F)
map                                   3           5332             1777.3           10.63        2.85e-06 ***
Residuals   124  20723   167.1

Tukey results

diff                lwr                 upr             p adj
banded_tile_grid-banded_choropleth          -11.576250    -19.992827    -3.159673 0.0027181
choropleth-banded_choropleth                       -9.595625    -18.012202     -1.179048     0.0185823
tile_grid_map-banded_choropleth               3.894063      -4.522515       12.310640    0.6249272
choropleth-banded_tile_grid                          1.980625      -6.435952       10.397202   0.9278302
tile_grid_map-banded_tile_grid                  15.470312      7.053735       23.886890 0.0000279
tile_grid_map-choropleth                              13.489688      5.073110       21.906265 0.0003229

Task 2

Anova

Df         Sum Sq       Mean Sq     F value    Pr(>F)
map                       3            21145           7048             21.6     2.53e-11 ***
Residuals   124  40455     326

Tukey results

diff                   lwr                 upr               p adj
banded_tile_grid-banded_choropleth                          -8.24281     -20.002364        3.516739      0.266375
choropleth-banded_choropleth                           17.05656      5.297011       28.81611    0.001383
tile_grid_map-banded_choropleth                  23.84437      12.08482     35.60392   0.000003
choropleth-banded_tile_grid                              25.29937      13.53982     37.05892    0.0000008
tile_grid_map-banded_tile_grid                    32.087188     20.327636  43.846739     0.00000
tile_grid_map-choropleth                                                 6.787813        -4.971739     18.547364     0.4386920

Task 3

Anova

Df       Sum Sq      Mean Sq      F value      Pr(>F)
map               3        226658         75553           73.86      <2e-16 ***
Residuals   124 126838    1023

Tukey results

diff                 lwr               upr                          p adj
banded_tile_grid-banded_choropleth                        -11.457500      -32.27990        9.364903            0.4813345
choropleth-banded_choropleth                         -91.70250   -112.52490   -70.880097     0.0000000
tile_grid_map-banded_choropleth                 -87.17281    -107.99522   -66.350409     0.0000000
choropleth-banded_tile_grid                             -80.24500   -101.06740   -59.422597    0.0000000
tile_grid_map-banded_tile_grid                     -75.715312      -96.53772     -54.892909    0.0000000
tile_grid_map-choropleth                                             4.529688           -16.29272       25.352091         0.9418171
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Table 3: Statistical results for success rates

Success rates analysis

Task 1 X-squared = 3.3231, df = 6, p-value = 0.7673

Tile grid map - Choropleth
X-squared = 0, df = 1, p-value = 1

Tile grid map - Banded tile grid map
X-squared = 0, df = 1, p-value = 1

Tile grid map - Banded choropleth
X-squared = 1.1852, df = 2, p-value = 0.5529

Choropleth - Banded choropleth
X-squared = 1.1852, df = 2, p-value = 0.5529

Banded tile grid map - Choropleth
X-squared = 0, df = 1, p-value = 1

Banded tile grid map - Banded choropleth
X-squared = 1.0189, df = 2, p-value = 0.6008

Task 2 – X-squared = 18.426, df = 6, p-value = 0.005251

Chi-squared pair results

Banded choropleth - Banded tile grid map
X-squared = 2.4, df = 1, p-value = 0.1213

Banded choropleth - Tile grid map
X-squared = 3.2169, df = 2, p-value = 0.2002

Choropleth - Banded choropleth
X-squared = 3.6431, df = 2, p-value = 0.1618

Choropleth - Banded tile grid map
X-squared = 11.852, df = 2, p-value = 0.002669

Choropleth - Tile grid map
X-squared = 4.3333, df = 2, p-value = 0.1146

Tile grid map - Banded tile grid map
X-squared = 6.6207, df = 2, p-value = 0.0365

Task 3 – X-squared = 159.51, df = 6, p-value < 2.2e-16

Banded choropleth - Banded tile grid map
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X-squared = 159.51, df = 6, p-value < 2.2e-16

Banded choropleth - Tile grid map
X-squared = 50.943, df = 2, p-value = 8.668e-12

Choropleth - Banded choropleth
X-squared = 47.216, df = 2, p-value = 5.588e-11

Choropleth - Banded tile grid map
X-squared = 39.2, df = 2, p-value = 3.075e-09

Choropleth - Tile grid map
X-squared = 49.016, df = 2, p-value = 2.271e-11

Tile grid map - Banded tile grid map
X-squared = 43.292, df = 2, p-value = 3.975e-10

Table 4: Information on the confidence intervals (CI) for each of the representations

Task 1 Task 2 Task 3

Choropleth
15.1 [13.2 – 17.0]

Tile grid map
28.6 [24.3 – 32.8]

Banded choropleth
24.7[17.4 – 32.0]

Banded tile grid map
13.1[9.7 – 16.5]

Choropleth
37.4 [31.1 – 43.6]

Tile grid map
44.1[33.8 – 54.5]

Banded choropleth
20.3[16.2 – 24.5]

Banded tile grid map
12.0 [9.5–14.6]

Choropleth
11.8 [8.8 – 14.7]

Tile grid map
16.3[8.8 – 23.8]

Banded choropleth
103.5[89.4 – 117.5]

Banded tile grid map
92.1[75.6 – 108.4]
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Table 5: Most significant comments gathered during the qualitative review. Tg = Tile grid map, Ch =
Choropleth, BC = Banded choropleth, BT = Banded tile grid map.

Task Map Comment

1 Tg It is difficult to locate a certain area on the map, you need the help of the legend.

1 Tg It is more complicated when the county is inside (in the central part) the map.

1 Tg I had to double check to verify the colour (referring to one of the time steps) in the legend.

1 Tg-Ch
The Tile grid map and the Choropleth require a little more effort because you have to
compare the regions on the three maps.

1 BC-BT The comparison is obviously more direct in the banded versions.

1 BC-BT
I think that the banded versions are more useful, now we only compare one region, but when
more than region comparison is needed, the difference will be clearer.

1 Ch
Choropleths are more familiar, it is used everywhere, but I think the other maps are better
to solve the task (referring to banded maps).

1 Tg-Ch
Normally we want to compare the trend of more than one region, and it would be much
more complex for small multiple maps.

1 BC
The characteristic shape often helps to identify one region on all three maps, but other times,
when regions nearby share the same colour it is not as straightforward.

1 BC

Depending on the colour of the bands in the surrounding regions, it is sometimes more
difficult to establish the boundaries. However, this is not the case with the Banded Tile grid
map.

1 BC-BT

We are only observing the trend of a region. If we were asked to observe the changes of two or
three regions simultaneously, the banded versions would behave much more efficiently than
the traditional ones (referring to the choropleth and tile maps).

1 Ch-Tg

With the small multiple maps the process is as follows: you would
locate the region on each of the three maps and then identify or compare changes in the
three maps, while in the combined (banded) maps, everything is in the same place.

1 BT It is easy to distinguish, because of the proximity. It is automatic.

1 BC
It is easier than having to compare between the three maps, but sometimes the shape of
the regions is confusing depending on the colours of the surrounding regions.

1 BC-BT
Both maps (referring to banded versions) are a good choice. The Tile grid map is very
useful once you get used to it.

1 BT Once the region is located, it is very easy to determine the change.

1 BT
It is a very simple, very intuitive task. I insist, for me, the best of the representations
(referring to Banded tile graph).

1 Ch It is the one with which I feel most comfortable and the one that favours the task more.
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1 BT This map (referring to the Banded tile grid map) is very intuitive. Very easy.

1 BT I find it very difficult to locate or identify a region with this type of map.

1 Ch
I like this representation better because it is the one I know better and it is more familiar
to me.

1 All / BC-BT
The task was quite easy in general, but I think the maps with the bands (referring to the
banded maps) are slightly easier to read.

1 Ch
They are very similar but I like this one (referring to Choropleth) better because I know it
better.

1 BC

This representation is more favourable than the differentiated ones (referring to small
multiples) as you spend more time comparing maps. If you had to compare more than one
region, it would be even more obvious.

2 Tg

My head is going to explode, I can no longer remember which regions I have mentioned
and which I have not. These separate representations (small multiples) complicate the task a
lot.

2 Ch
The choropleth is more complicated, despite the fact that the search pattern (stable) is
simple.

2 Tg-Ch

In the case of small multiple maps (choropleth and tile grid map) the search is a bit
random, you choose a particular region at t1 and check whether or not it has changed at t2
and t3.

2 Tg-Ch
We start with the regions that are most easily located (clearer positions) on the map. When
you find one that meets the requirements, you pick another one at random, and so on.

2 Tg
The tile grid map makes the task more difficult than the choropleth because it is more
difficult, even with the numbers, to locate the internal regions.

2 Ch It is slightly better than the tile grid map.

2 BC-BT
It is much easier to reach a conclusion with the banded versions, all the information is in the
same place, and you don't waste time comparing maps.

2 BC-BT

As I said in the previous task, the difference between the banded map and the small
multiple map would be greater when looking for more difficult patterns rather than stable
ones (comparing both banded versions).

2 Ch

It is easier to visually locate the regions with a characteristic shape (with choropleths) or in
an easy-to-locate position (with grid maps).
Positions at boundaries are easier to find than interior ones.

Tg
External regions are easier to find than the interior ones, where you have to consult the
labels of some of the regions to make sure it is the correct one.

2
Ch–Tg /
BT-BC

Have I repeated this (region) already? The task is
much more convenient and easier to solve in the case of the banded maps.
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2 Ch–Tg
You are so focused on reviewing regions and jumping from map to map, that you can no
longer remember if you are repeating any of the mentioned regions.

2 BC-BT
The exploration is quite easy with both representations, at least when comparing with the
small multiple maps. They need more visual paths between time steps or maps.

2 Ch-Tg
Sometimes the comparison can be bidirectional: you choose a region at random in t3 and
check that it has the same colour in t2.

2 BT
It is very easy to solve the task with this representation. From my point of view, the most
favourable.

3 Ch
It is very easy to solve given its familiarity, for me, it is the simplest and the one that works
the best.

3 Tg In this case, it is not as confusing as the choropleth, as the areas of the regions are equal.

3 Tg / BT-BC
It is the easiest one (referring to Tile grid map), the banded versions are useless when
identifying the trend.

3 Tg
I think it is … stable? Or increase slightly? Anyway, it is the clearest for me, as the areas have
the same size.

3 Tg
I think it increases slightly. It seems to me the clearest representation, as the areas of
different sizes do not differ.

3 BC-BT

Impossible to tell in the case of these (referring to the banded versions). Maybe the second
one is a bit clearer? (referring to the banded tile grid map)… but… anyway... I have
preferred to abandon this task, than to say something random.

3 Ch It is by far the simplest and the one I know best.

3 BC-BT
I have no idea. I would be unable to identify the trend. The only solution would be to count
the sub-regions for the time steps, and I could spend the whole day doing that.

3 Tg / Ch
I think it favours the task, but I prefer the choropleths because I am more familiar with
them.

3 BC
I could be analysing the map and I wouldn't come to any conclusions. My answer would be
random.

3 Tg I would say that the pattern is stable, but I am not very sure.

3 BT-BC
I couldn't tell you which is the worst (referring to both banded types), I think the banded
choropleth, but both are completely useless for solving it.

3 BT I think the pattern remains stable, but I am not sure.

3 BC-BT If I had to answer, it would be random.

3 BC-BT The graph has too much information, it is impossible to determine the trend.

3 BC-BT
This is a mesh, it's impossible to know the answer without checking each of the regions one
by one.
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3 Ch
Without doubt, the representation that best favours decision-making is the choropleth. It is
a very familiar representation to me.

3 Tg I think the pattern remains stable, but I am not sure.

3 Ch
The choropleth is the clearest one to show the global trend. Wait! No! If it is related to the
number of regions, I think that the trend is not increasing.

3 BC-BT
Did any of the participants solve the task for these two maps? I couldn't anyway. I would
say it is impossible just by looking at them.

Table 6: Task statement, success and error definitions, possible answers and time measurement description
for Task-based questions (quantitative evaluation).

Task based questions (Quantitative Evaluation)

Task Success Error/failure Possible answers Time
measurement

1: Determine the
trend for a specific
region over time.

Statement: Could
you describe the
evolution of
COVID-19 new
cases for region
number n (region
name) over time
(t1, t2, t3)?

The user correctly
identifies the trend.

–The user does not
correctly identify
the trend.

–The user solves
the task needing
more than 2
minutes.

– Increase
– Decrease
– Stable
– Stable then decrease
(or increase)
– Increase (or decrease)
then stable
– Increase then
decrease
– Decrease then
increase.

(See also Fig. 2 in this
Annex)

The time is
measured from
the time the
visualisation is
presented, to the
time the user
starts to talk.

1b: Can you
identify the exact
values in each time
step?

This task is
required (out of
time) to check the
validity of the
previous answer.
(See Fig.2 in this
Annex I)

Values corresponding
to each time step
(t1,t2,t3):
– ‘Low’
– ‘Medium’
– ‘High’
– ‘Very High’
i.e:
‘High’,
‘Medium’,’Low’

No time
measured

2: Identify the
regions that follow

The user correctly
identifies five

–The user identifies
less than five

Identify 5 (of the 9
available regions) with

Time measured
from the
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a specific pattern.

Statement: Could
you name five
regions that have
remained stable in
terms of the
number of new
cases throughout
these three periods
of time?

regions with a
stable trend (same
colour for the three
time steps
–t1,t2,t3–)

regions, or
identifies the wrong
regions that do not
follow the stable
trend.

–The user
solves/finishes the
task needing more
than 2 minutes.

this pattern.

Region numbers are
between [1,42].
i.e:12, 25, 3, 6, 34

A stable pattern
involves the same colour
for all three time steps
(t1,t2,t3).

presentation of
the map, until
the user gives the
fifth
(non-repeated)
region in the
map (correct or
incorrect).

3: Determine the
global trend (all
regions) over time.

Statement: Could
you determine the
global trend for all
Catalonia (over
time) as increasing,
decreasing or stable?

You can abandon
the task if you
consider it is
impossible to solve
through the
visualisation or
your answer would
be random.

The user correctly
identifies the trend
(increasing,
decreasing, stable).

–The user
incorrectly
identifies the trend.

–The user identifies
the trend, needing
more than 2
minutes.

–The user
abandons the task.

– Increase
– Decrease
– Stable
– I abandon the task.

*The pattern is always
stable (same number
of regions for each
value), but playing
with different random
regions (using the
biggest or smallest
areas) to perform the
transition. (See Fig. 3
of this Annex)

The time is
measured from
the time the
visualisation is
presented, to the
time the user
gives the answer.

Table 7: List of the 42 regions of Catalonia with the area in Km2

Region Area (km²)

20 Big regions

Noguera 1784.10

Alt Urgell 1,447.50

Segrià 1396.40

Pallars Sobirà 1378.00

Alt Empordà 1357.40

Pallars Jussà 1343.20

120

https://en.wikipedia.org/wiki/Comarques_of_Catalonia#cite_note-idescat-2


Osona 1245.10

Berguedà 1185.30

Bages 1092.20

Baix Ebre 1002.60

Solsonès 1001.10

Selva 994.9

Ripollès 956.6

Anoia 866.3

Ribera d'Ebre 827.1

Garrigues 797.7

Terra Alta 743.3

Montsià 735.5

Vallès Oriental 734.5

Garrotxa 734.5

2 Medium regions

Segarra 722.8

Baix Empordà 701.8

20 Small regions

Baix Camp 697.3

Conca de Barberà 650.2

Aran 633.5

Alt Penedès 592.7

Vallès Occidental 583.1

Urgell 579.6

Gironès 575.6

Cerdanya 546.6

Alt Camp 538.2

Priorat 498.7

Baix Llobregat 486.2

Alta Ribagorça 426.8

Maresme 398.6

Moianès 337.9
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Tarragonès 319.2

Pla d'Urgell 305.2

Baix Penedès 296.4

Pla de l'Estany 262.8

Garraf 185.1

Barcelonès 145.8

Table 8: List of the most relevant reports reviewed, time steps used with the static maps presented, together
with the area of coverage.

Subject n Steps Area - Region

Development / Economics 2 EU

Global trends 2030 (NIC) 2 Global

Economy / Unemployment 2 Country

Unemployment 2-3 Country

Assessing green gentrification 2 City

Gentrification 7 (Article) City

Public policies 3 City

Climate Trends 2020 2-3 EU

Temperatures 2-4 EU

Precipitations 3 EU

Lake surface temperatures 4 EU

Atmospheric circulation 4 EU

Late spring frost 2-3 EU

Mediterranean summer extremes 2-3 EU

Floodings 2 EU

Climate change and agriculture 2-3-4 Country - USA

Climate change and social vulnerability 2 Country - USA

Inequality 4 Country

Evolution humanitarian mapping 2 Global

Uganda poverty index 2-3 Country

Territorial scenarios Baltic region (population) 2 Group of countries
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COVID-19 America 3 Continent

COVID-19 cases Madagascar 2 Country

World social protection 12 Global

Trade commercial interaction 2 Groups of countries

Air traffic 2 City

Migration central-eastern europe 2 Groups of countries

Figure 1: The colour values presented in the different regions/chorograms were: ‘#deebf7’, ‘#9ecbe0’,
‘#4291c6’, ‘#064594’  from lowest to highest. Label colours were presented in white (‘#ffffff’)  for regions
with darker backgrounds ( ‘#9ecbe0’, ‘#4291c6’, ‘#064594’), and dark blue (‘#064594’) for regions with the
lightest background (‘#deeb7f’) in order to guarantee sufficient contrast and optimum readability.
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Figure 2: Possible random values for the selected region in Task 1 and the valid answers in each of possible
random values. In the case of [d-i] scenarios, the user can answer in a global manner so checking the exact
values for each time step (t1,t2,t3) is needed.
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Figure 3: Exemplary random distribution for small multiple Choropleth. The transitions randomly swap
blocks of five regions, selecting between the largest and smallest areas to accentuate the area-bias of
Choropleth maps. The medium-area regions remain stable or interchange the values. However, the number
of regions for each category is always the same, to maintain a pattern of stability over time (t1,t2,t3). In the
first case (a) the pattern seems to be decreasing, and in the second (b) increasing, however in both cases it is
stable.
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Figure 4: Two different scatter patterns for Task 1. In the case of banded choropleth (a) the visual path is
concentrated in the region of interest. In the case of small multiple choropleth the visual pattern jumps from
map to map making the comparison more difficult.

Figure 5: Plot of confidence intervals for the three tasks and the four maps.

9.2. Annex II
A. Detailed Eurobarometer description

Eurobarometer is a series of open datasets published by the European Union on public opinion on different topics of
public interest. Specifically, our dataset referred to the opinions of EU citizens on environmental issues collected in
2017. The data is presented in Excel format (.xls), with one file for each member state. Each file contains several tabs,
with information related to a specific question on the environment. There are forty-one survey questions (or tabs) in
total, showing the total rates for each country but also broken down into thirty-six different socio-demographic groups
(see Table A.3 of the Annex II).

These socio-demographic groups are based on certain characteristics of the population (gender, age, family situation,
employment situation, place of residence, etc.).
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We are therefore faced with multivariate/multidimensional data (answers to several questions) which is also
multi-categorical. The categorization aspect in this case is double: On the one hand the thirty-six categories themselves,
and on the other hand, the five possible answers based on two Likert scale possible answers: (‘Very important’, ‘Fairly
important’, ‘Not too important’, ‘Not at all important’, ‘Don't know’ or in other cases with ‘Strongly agree’, ‘Quite
agree’, ‘Disagree’, ‘Totally disagree’ and ‘Don't know’.

The ‘Don’t know’ category (which some users considered the most negative and others considered neutral) retains its
negative character, and is located in the centre of the scale, with medium opacity.
Some of the questions posed, referred to the level of importance given to the environment by the respondents, or which
aspects were of greatest interest or concern to them (‘endangered species and ecosystems’, ‘floods and droughts’,
‘pollution’ or ‘climate change’). In turn, respondents were asked about the actions they carry out to cooperate in
conserving the environment and with what frequency, the effects on health, and the level of involvement that private
companies, institutions, governments and even the European Union itself should have.

The sampling chosen for the Eurobarometer surveys was based on a random selection of points according to the
stratification of the resident national population in terms of metropolitan, urban and rural areas, and proportional to
the size of the population (to guarantee total coverage of the country) and its population density. (Skaarhoj, 1998).

The Eurobarometer survey answers were presented in two languages: French and English.

The variables are represented in table A1. We group them by category according to their area of scope (citizen
empowerment, impact on health and environment, responsibility and EU policy obligations). Information about the
type of answer is also included (See Table A.1). Some other information, distributed in different tabs referred to the lack
of actions by citizens or inconsistencies between concerns and actions: For example, some respondents claimed to be
concerned about specific environmental issues (pollution, drinking water, plastic production, climate change, etc.), but,
in spite of these claims, did not carry out any corrective actions to improve the situation relative to what they were
concerned about. They were classified by potential users in ten categories that related concerns expressed and actions
with their impact in each category. This information is included in Table A.1 and A.2.
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Table A.1 Variables included

Empowerment Type of answer (Very important - Not at all important)

How important is protecting the environment to you personally?

Impact Type of answer (Totally agree - Totally disagree)

– As an individual, you can play a role in protecting the environment in your country.
– Environmental issues have a direct effect on your daily life and health.
– You are worried about the impact of everyday products made of plastic / chemicals on your health.
– You are worried about the impact of everyday products made of plastic / chemicals on the environment.

Responsibility Type of answer (Totally agree - Totally disagree)

– The big polluters should be mainly responsible for making good the environmental damage they cause.
– In your opinion, is each of the following currently doing too much, about the right amount, or not enough to protect
the environment?

a) Big companies and industry

b) Citizens themselves

c) Your region /area

d) Your country / National government

e) The EU

EU Policy Obligations Type of answer (Totally agree - Totally disagree)

– EU environmental legislation is necessary for protecting the environment in your country
– The EU should be able to check that EU environmental laws are being applied correctly in your country
– The EU should assist non-EU countries to improve their environmental standards

128



Table A.2 Information to define inconsistencies

Concerns & Interests

(1) Decline or extinction of species and habitats, and of natural ecosystems (forests, fertile soils)
(2) Shortage of drinking water
(3) Frequent droughts or floods
(4) Pollution of rivers, lakes and groundwater – Marine pollution
(5) Air pollution
(6) Noise pollution
(7) Climate change
(8) Agricultural pollution (use of pesticides, fertilisers, etc.) and soil degradation
(9) Plastic production
(10) Use of chemicals

Actions performed

– Choose a more environmentally-friendly way of travelling (walking, cycling, public transport, electric car) (Related
to 5,6,7,3)
– Avoid buying over-packaged products (9,4)
– Avoid single-use plastic goods other than plastic bags (e.g. plastic cutlery, cups, plates, etc.) or buy reusable plastic
products (9,4,1)
– Separate most of your waste for recycling (1,4)
– Cut down your water consumption (2)
– Cut down your energy consumption (e.g. by turning down air conditioning or heating, not leaving appliances on
stand-by, buying energy-efficient appliances) (7,5,3)
– Buy products marked with an environmental label (10,8)
– Buy local products (Related to 7,1,3)
– Use your car less by avoiding unnecessary trips, working from home (teleworking), etc. (7,3)

Level of activity Many - Some - Few - One - None (actions)

Information channels

– National newspapers
– Regional or local newspapers
– Magazines
– TV News
– Radio
– Films and documentaries on television
– Family, friends, neighbours or colleagues
– Books or scientific publications
– Brochures or information materials
– Events (conferences, fairs, exhibitions, festivals, etc.)
– Museums, national or regional parks
– Online social networks
– The Internet (other websites, blogs, forums, etc.)
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Table A.3: Social categories with socio-demographic groups selected from the Eurobarometer

Socio-demographic groups

Gender: Men / Women

Age: 15-24 / 25-39 / 40-55 / 55+

Socio-professional category: Self-employed / Managers / White collar workers / Manual workers / House persons /
Unemployed / Retired / Student

Marital Status: Married / Single living with a partner / Single / Divorced / Widowed

Difficulty paying bills: Always / Frome time to time / Never

Considered as belonging to: Working class / Lower-middle class / Middle class / Upper-middle class / Upper class

Living in: Rural village / Small town / Large town

Politics: Left / Centre / Right

Internet use: Everyday / Often / Never

B – Complete statements of the test tasks

Table B.1: User testing tasks (Evaluation Phase II with the broader public).

Task 1: Identify two countries on the map which are less committed to the environment.

Task 2: Which are the three least committed socio-demographic groups for Romania with regards to the
environment?

Task 3: Imagine that we want to compare the level of commitment for the ‘Students’ socio-demographic group for
the countries around Romania. Which country has the least committed students?  And the most committed?

Task 4: Can you explain what the dots around the glyphs are? Can you explain the information available for the
socio-demographic group ‘Widowed’ in Austria?

Task 5: Find the way to access the Summary View? Which are the least committed socio-demographic
groups-countries in Europe?

C – NASA-TLX description

NASA-TLX questionnaire categories (Cao et al., 2009a), includes the following aspects related to perceived difficulty
and cognitive resource use:

● Mental Demand or level of concentration required.
● Physical Demand (not applicable for the type of tasks we are dealing with in this study).
● Temporal Demand (NASA-TLX).
● Perceived Effort (NASA-TLX) or perceived difficulty while performing the task.
● Frustration Level (NASA-TLX).
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C.1 – NASA-TLX based questionnaire results

Below, we present the opinion results for the categories of 'Mental demand', 'Temporal demand', 'Perceived effort’ and
'Frustration level'.

Fig. C.1: Frequency answers to NASA-TLX questionnaire

Using histograms we can analyse the frequencies through which users evaluated the different aspects of each task (see
Fig. C.1). We have ignored category 2 (‘Physical demand’), as it was not applicable due to the nature of tasks which did
not involve any significant physical effort.

For Task 1, ‘Mental demand’ and ‘Temporal demand’ were the categories with the highest scores with most being
valued between 6 and 10. The ‘Perceived effort’ was universally considered to be the most taxing of all the tasks
(receiving scores between ​​5 and 8). For ‘Frustration level’, opinions were spread out over the evaluation spectrum with
10 (very frustrating) being the most voted value with 4 votes.

Task 2 obtained middle-of-the-road values for ‘Mental Demand’ and ‘Temporal Demand’ with 7 votes for level 5 in
both categories. However, ‘Perceived effort’ received moderate values, where levels from 1 to 6, were the most voted.
Lastly, ‘Frustration level’ was considered low, 1 being the most voted level (with 8 votes) (See Fig. C.1 column 2).

Task 3 presented more defined ‘shapes’ in the distribution, having low-medium values for the categories of 'Mental
demand' and ‘Temporal demand', but high values for 'Perceived effort' and 'Frustration Level '(see Fig. C.1 column 3)
received low values which indicates that both were considered easy tasks to perform and with a low perceived effort.

Tasks 4 and 5 repeated the pattern of the previous tasks, but with even lower values for the categories of 'Mental
demand', 'Time demand', ‘Perceived effort' and 'Frustration level'.
Task 1 obtained high values ​​in ‘Mental Demand’ and ‘Temporal Demand’ and moderate values in ‘Perceived Effort’ and
‘Frustration level’. Tasks 2 and 3 presented moderate values ​​in ‘Mental Effort’, ‘Temporal Demand’ and ‘Perceived
effort’. However, the values (level of confidence) were high and ‘Frustration level’ presented low values.
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In line with expectations, tasks 4 and 5 presented low values for ‘Mental Demand’, ’Temporal Demand’, ‘Perceived
Effort’ and ‘Frustration Level’ (See Fig. C.1).

D – Bipolar Laddering results

Table D.1: Positive and negative comments gathered during the Bipolar Laddering test. For each aspect we show the
number of times an aspect was mentioned (frequency) and the average value it received.

Positive aspects

Description Freq. Avg.

Usefulness of visualisation customization for the different views and depending on the task or
interest 12 9.7

Presentation of inconsistencies is very useful information, saves time and helps to reach
conclusions 11 9.1

Comparison of socio-demographic groups is useful and intuitive 8 9.4

Interactions / Exploration are intuitive and clear: the user knows how to interact at each moment 7 9.4

Information density and amount of insights gathered are presented in a clear and familiar way 6 7.3

Contrast with dark background is very clear 5 8.4

Summary view is very useful as a complement to the general overview 5 8.4

Simplicity of the representations 5 8.2

Utility of charts, step-by-step information and level of deep analysis 2 8

Totals by region/category useful for checking some general insights of the area/region under
analysis 1 7

Global view represented as concentric circles gives a lot of information and works well for
problems of overlapping 1 8

TOTAL 63 8.4

Negative aspects

Description Freq. Avg.

Complexity of the global visualisation using concentric circles summarising all opinions for all
socio-demographic groups 7 8.2

Inverted scale (darker colours for lower values) seems strange until you understand the user
requirements. 4 5.2

Vague legend descriptions in the initial representations: Information about the diameter size of
the concentric circles is needed. 6 4.4

Showing all labels for all socio-demographic groups simultaneously 3 4.6

The sorting by negative aspects seems strange until you understand the importance of
highlighting the less committed groups 2 4.5

The dots to indicate inconsistencies in one socio-demographic group are too visible 2 2.5
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Some labels in the summary view must be relocated to a different place. 1 4

Radial plots are complicated at first sight 1 4

Comparison of the status of socio-demographic groups is not intuitive 1 6

Help or more detailed information is needed at some points/sections 1 3

Not enough contrast for some figures 1 4

TOTAL 29 4.6

10.Publications
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A Key Aspect to Successfully Communicate Visual Climate Information
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ABSTRACT: The visual communication of climate information is one of the cornerstones of climate 
services. It often requires the translation of multidimensional data to visual channels by combin-
ing colors, distances, angles, and glyph sizes. However, visualizations including too many layers 
of complexity can hinder decision-making processes by limiting the cognitive capacity of users, 
therefore affecting their attention, recognition, and working memory. Methodologies grounded 
on the fields of user-centered design, user interaction, and cognitive psychology, which are based 
on the needs of the users, have a lot to contribute to the climate data visualization field. Here, we 
apply these methodologies to the redesign of an existing climate service tool tailored to the wind 
energy sector. We quantify the effect of the redesign on the users’ experience performing typical 
daily tasks, using both quantitative and qualitative indicators that include response time, success 
ratios, eye-tracking measures, user perceived effort, and comments, among others. Changes in the 
visual encoding of uncertainty and the use of interactive elements in the redesigned tool reduced 
the users’ response time by half, significantly improved success ratios, and eased decision-making 
by filtering nonrelevant information. Our results show that the application of user-centered design, 
interaction, and cognitive aspects to the design of climate information visualizations reduces the 
cognitive load of users during tasks performance, thus improving user experience. These aspects 
are key to successfully communicating climate information in a clearer and more accessible way, 
making it more understandable for both technical and nontechnical audiences.
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Spain; Pérez-Montoro—Faculty of Information and Audiovisual Media, Universitat de Barcelona, 
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The accessibility to climate information has implications for how society makes the 
best use of scientific knowledge to adapt to climate change (Harold et al. 2016). For 
years, climate service providers have faced the challenge of how to best communicate 

climate-related data and information, together with their inherent uncertainty, in an easy and 
understandable way for both expert and nonexpert users (Kaye et al. 2012; Lorenz et al. 2015). 
This has resulted in service providers often using visual representations to supply climate 
knowledge tailored for users’ decision-making (Gerst et al. 2020; Taylor et al. 2015).

As a standardized mapping approach to represent climate uncertainty is lacking, different 
techniques have been applied for this purpose, often resulting in users spending more time 
trying to understand the mapping approach than focusing on the interpretation of the pre-
sented information itself (Kaye et al. 2012). In general, users’ familiarity with a type of data 
visualization has been found to play a significant role in the process of reading and making 
sense of maps and graphs (Lorenz et al. 2015). Commonly used representations of climate 
data include choropleths, heat maps, and line charts (Taylor et al. 2015). Although familiar to 
users, these elements have limitations when used to communicate climate data to decision-
makers in a way that is transparent, understandable, and that does not lead to a false sense 
of certainty. An example of such limitations is seen when communicating climate predictions 
from the next two weeks up to a few decades into the future. A characteristic of such predic-
tions is that they are probabilistic, meaning they provide information on the probability of 
a certain climate outcome to occur (e.g., winds below or above a threshold, not optimal for 
the energy production). In addition, climate predictions are often given in the form of large 
amounts of data covering the whole globe, and their quality (i.e., level of success of a predic-
tion against observationally based information) depends on the specific location and time 
(Kaye et al. 2012). Both aspects, probabilities and forecasts quality (referred to as skill by the 
climate science community), add complexity to the visual communication and can eventu-
ally compromise the understanding of climate predictions by users (Bonneau et al. 2014; 
Terrado et al. 2019).

Visualizations of complex climate data tend to prioritize solutions that take into account 
the greatest combination of variables and dimensions, e.g., color, size, distance or bright-
ness of the glyphs (the graphic symbols used to represent a value). This complexity calls for 
formats paying special attention to visual encoding, which encompasses the translation of 
multidimensional data into visual elements on a chart or map representation. Visual encod-
ing is useful in the sense that it allows to convey a higher amount of information in a single 
visualization (Grainger et al. 2016; Lloyd 1997). However, it rarely considers if the information 
needs to be displayed all at a time, with a certain visual aesthetic, or if it will be too complex 
for its proper interpretation (Cleveland and McGill 1985; Sager et al. 2007). Indeed, aesthet-
ics might be worth considering if striving to create something memorable, that helps to raise 
awareness about a specific scientific challenge (Borkin et al. 2013). However, an attractive 
image cannot qualify as effective unless it accurately conveys something meaningful or cred-
ible (Holmes 1984; Kosara 2013).

According to Stephens et al. (2012), for a visualization to be effective, it is important 
to consider a balance between density (the amount of data represented), robustness (the 
representation of scientific confidence and consensus), and saliency (the relevance of the 
information to user needs). Although visualizing climate forecast uncertainties and as-
sociated probabilities has been thought to increase users’ trust (Joslyn and LeClerc 2011; 
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Roulston et al. 2006), it does not automatically lead to better decisions (Greis et al. 2015). This 
is especially critical when the visual elements used to represent uncertainty compete with 
the limited cognitive resources of the users (i.e., their attention, recognition, and working 
memory) (Antifakos et al. 2004; Riveiro et al. 2014; Davis et al. 2020). Visualizations with 
a heavy cognitive load, that is, involving a high amount of working memory resources, can 
have negative effects on users’ understanding and learning and can impact their ability to 
complete a task or make an informed decision (Cairo 2012; Few 2009; McInerny et al. 2014). 
In such cases, the use of interactive elements can offer mechanisms for progressively dosing 
the information that is to be shown (Veras Guimarães 2019; Bertin 2010; Ware et al. 2002; 
Yoghourdjian et al. 2018).

Methodologies grounded on the fields of user-centered design (UCD), user interaction, 
and cognitive psychology have a lot to contribute to the climate data visualization field 
(Christel et al. 2018; Bevington et al. 2019). UCD techniques involve users throughout the 
design process in order to create highly usable visualization tools based on their needs 
(Davis et al. 2020; Dong et al. 2008; Yucong et al. 2019). User interaction makes use of inter-
active elements to let users decide what to see, when, or to show only those values that are 
relevant for a given task. This facilitates decision-making, returns control to the users, and al-
lows them to discard the nonrelevant information at each moment (Lau and Vande Moere 2007; 
Gerharz and Pebesma 2009; Ware 2012). Within the framework of UCD methodologies, 
technologies such as the eye-tracker have been used to quantify and analyze visual patterns, 
attention, and cognitive aspects. Adding cognition and perception (i.e., processes about how 
humans acquire knowledge, understanding and interpretation) can help detect and solve 
initial design problems in UCD. Rather than just favoring visual exploration, these disciplines 
offer increasingly effective methods to develop and evaluate visualization systems that ex-
plicitly consider real-world user requirements (Block 2013).

Tools and learnings from the UCD field have already been applied to the visualization 
of climate information and climate services. For instance, Argyle et al. (2017) showed how 
incorporating usability evaluation into the design of decision support tools can improve the 
efficiency, effectiveness, and user experience of a weather forecasting application. Other stud-
ies have similarly applied UCD to inform the design of climate information websites, apps, and 
prototypes (Ling et al. 2015; Oakley and Daudert 2016; Khamaj et al. 2019). Design elements 
have also been introduced in the development of climate services to increase their usability, 
in particular for the renewable energy sector (Christel et al. 2018). On the other hand, cogni-
tive and psychological sciences have been applied to the visualization of climate data. Some 
examples are the use of cognitive psychology methods to help make information provided 
by IPCC graphs more accessible to expert and nonexpert audiences (Harold et al. 2016) and 
improve users’ task performance (Hegarty et al. 2010). Differences in the interpretation of 
climate graphs between experienced and nonexperienced users have been explored else-
where (Atkins and Mcneal 2018; Gerst et al. 2020), both for climate change variables and for 
temperature and precipitation outlooks.

The aim of this paper is to provide quantitative and qualitative evidence of how the use 
of user-centered design, visualization techniques, and interaction elements can reduce the 
cognitive load of nonexpert users during tasks’ performance. We compare two different 
map visualizations of uncertainty. First, the one used in Project Ukko, a climate service tool 
prototype that provided climate predictions tailored to the energy sector (http://project-ukko.
net/). The second visualization was a redesigned version of Project Ukko, using a simplified 
visual encoding of uncertainty and the use of interactive elements. We quantified the effects 
of the redesign on the users’ experience performing typical daily tasks, using indicators that 
include response time, success ratios, eye-tracking measures, and user perceived effort and 
comments, among others. We show that involving experts from different disciplines [climate 
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experts, user experience (UX) and visualization experts, communicators] in the co-production 
process and simplifying the visual encoding used in the visualization, has an impact on the 
users’ cognitive load, favoring response times and confidence in decision-making.

Study context: Previous work with experts
Project Ukko introduced design to explore new forms of representation for wind predic-
tions, which was considered a groundbreaking step in the visualization of climate services 
(Christel et al. 2016). The representation of uncertainty in Project Ukko was achieved through 
multiple visual resources, namely, glyph thickness representing the intensity (speed) of pre-
dicted wind, glyph inclination representing the predicted change in wind conditions (i.e., 
higher-than-normal, normal, or lower-than-normal wind), and opacity representing the 
quality of the prediction (skill).

After the development of Project Ukko, a user test was carried out in order to detect func-
tional or usability problems. The test identified a series of conflicting aspects in the tool, 
mainly related to visual encoding (Makri 2015) and flexibility of use, that needed improve-
ment. These aspects included the use of too many categories for each represented variable, the 
difficulties to detect color hue associated with narrow glyphs, and the excess of information 
in nonrelevant areas of the map.

These findings indicated that the development of a new visualization was needed in order 
to solve the problems detected. For informing this new redesign of Project Ukko, we started by 
organizing a workshop to gather expert user needs and limitations experienced while using the 
tool. We also conducted four interviews with target users, including climate experts and opera-
tors and managers of wind power plants, to obtain specific behavioral information related to 
their daily work activities. As a result, some important requirements were identified, e.g., that 
users often based their decisions on simple metrics or threshold values predefined by their 
companies. This allowed the redesign of a new version of the tool: the S2S4E Decision Support 
Tool (S2S4E 2020), an operational climate service which integrates subseasonal to seasonal cli-
mate predictions for renewable energy production. In S2S4E, a series of changes were applied 
to the initial Project Ukko visualization following well-established visual recommendations 
(Tufte 2001; Few 2009; Yoghourdjian et al. 2018; Veras Guimarães 2019). Some interactive 
elements were also incorporated to allow users to filter the nonrelevant information, thus 
reinforcing their cognitive abilities during daily work activities (Gerharz and Pebesma 2009). 
Specifically, the modifications include (see comparison in Fig. 1): (i) hiding values that do not 
meet the minimum guarantees of quality (prediction skill); (ii) simplifying the visual encod-
ing for some variables (intensity and predicted change); and (iii) reducing the visual noise by 
using colors that are similar to the background color for nonrelevant predicted changes, i.e., 
middle category, showing conditions that can be considered “normal” or close to the average 
historical observations for a particular region (Chun 2017).

Methodology
To make a comparison and validation from the point of view of perception and cognitive load, 
we assessed if the changes applied to the original tool (Project Ukko) to create the redesigned 
one (S2S4E) were fully effective for a general public and not only for an expert audience. To 
avoid interference in the comparison of cognitive load measurements between both visual 
representations, not all the improvements included in the S2S4E tools were shown in this 
study (e.g., color blindness palette, labeling improvement and customizable elements).

The experiment. We conducted an experiment with nonexperts to assess if users’ tasks 
performance when using Project Ukko was improved after redesigning the tool taking into 
account user-centered design, visualization techniques, and interaction elements. A sample 
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of 20 people was tested in order to guarantee 95% of detection of problems (Virzi 1992; 
Faulkner 2003). The sample was composed by 50% of men and 50% of women aged between 
22 and 50, with a low-to-medium knowledge in data visualization, which entailed being 
familiar with common charts or basic maps but without expertise in visualization of climate 
or uncertainty information. Recruited participants were students and administrative staff in 
academia from the human resources, communication, and finance departments. Participants 
were asked not to have consumed exciting substances that could affect the test results.

The study consisted in two main analyses: (i) a quantitative analysis through the application 
of a user testing session with two tasks to be completed with both tools (Project Ukko and re-
design), and (ii) a qualitative analysis of the positive versus the negative aspects for both tools 
through the application of a bipolar laddering pocket methodology (Pifarré and Tomico 2007). 
We also implemented a brief two-question quiz (Schrepp et al. 2017) to determine which 
visualization needed more mental effort, and which was the tool preferred by participants 
for decision-making processes.

The development of user testing sessions followed well-established recommendations 
of planning, moderation, and analysis (Nielsen 1993; Faulkner 2003). User testing ses-
sions were moderated by an expert and recorded to measure time and responses afterward 
(Holtzblatt et al. 2004). Participants were asked to perform two tasks (task 1 and task 2 be-
low) with each of the tools, based on two typical daily work activities of the intended users 
(Anderson et al. 2011; Block 2013).

Participants were provided with some context about the real-world conditions in which 
the tasks would take place. In addition, all the information and conditions necessary to 
carry out the tasks were presented in the statements, visualization, and captions shared with 
participants, for them to be able to perform the tasks without having an expert or climate 
science background. It was simply necessary to identify the requested areas or properties 
visually (Trivedi 2012). Task 1 was aimed to test if the tool allows good detection of areas 

Fig. 1. (left) Project Ukko and (right) the redesigned tool based on user requirements research and visual encoding tech-
niques. Applied changes: filtering out glyphs under a certain prediction skill threshold; simplification of the intensity 
representation from five to only two size; and simplification of the predicted change color scale from five to three colors, 
where a similar color to the background one is used for values close to the historical average and more distinguishable 
colors are used for values higher and lower than the historical average.
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with particular conditions while task 2 was aimed to test the differentiability of glyph rep-
resentation at specific locations.

Task 1 statement: Locate or identify an area on the map that is appropriate to the loca-
tion of a wind power plant. The area must meet a series of conditions: For Project Ukko, 
the suitable area should have a prediction skill over 50%, high or medium-high intensity, 
and an upper or mid-upper predicted change in wind speed (Fig. 1, left panel). For the 
redesigned version, the area should have a skill over 50%, intensity over 50%, and upper 
predicted change (Fig. 1, right panel). [This task required users to be able to identify at least 
one of the areas that met the conditions specified.]
Task 2 statement: Identify aloud the conditions that occur in the points included in the 
highlighted area on the map in terms of skill, intensity, and predicted change. [This task 
required users to be able to identify the characteristics of two kinds of glyphs contained in 
a certain map area].

For both task 1 and task 2, we measured the cognitive load and task performance from a 
quantitative perspective using the following indicators:

1) Success rates when completing a task, including total or partial success (Freitas et al. 2002; 
Winckler et al. 2004; Ellis and Dix 2006).

2) Response time when completing a task.
3) Number of fixations (i.e., number of gaze points located very close in space, when the eyes 

are locked toward an object).
4) Fixation duration (i.e., period of time allocated to a fixation (Wang et al. 2014; 

Majooni et al. 2018).
5) Number of accesses to legend for the completeness of tasks (Pretorius et al. 2005; 

Klingner et al. 2008).

We also compared qualitative aspects in the use of both tools taking into account the level 
of user satisfaction and the decision-making facilitation using the following indicators:

6)  Subjective effort perception (i.e., user perception on which tool was easier to use while 
performing the tasks (two-question quiz).

7) Preference between both tools regarding the decision-making process (two-question quiz).
8) Positive and negative aspects (bipolar laddering pocket methodology).

The number of fixations, the fixation duration, and the number of visual paths to legend 
(quantitative indicators 3, 4, and 5) were monitored using an eye-tracker (GP3 Eye tracker of 
gazepoint), a sensor-based device that measures eye positions (i.e., point of regard) or eye 
movement.

To investigate whether there were differences between tools or tasks, a chi-squared test 
was performed for indicator 1 and a two-way analysis of variance (ANOVA) was performed 
for indicators 2 to 5 using R software (R Core Team 2018).

During the performance of tasks 1 and 2, we promoted the thinking-aloud technique to 
identify and detect usability problems (Nielsen 1993; Olmsted-Hawala et al. 2010). Also, 
the sequence of tasks was randomly presented to the users to avoid biases derived from the 
learning acquired during the completion of the tasks (Li et al. 2013). We used the bipolar lad-
dering pocket methodology (qualitative indicator 8), which is a reduced version of the bipolar 
laddering technique. It consists of asking the user about three positive and three negative 
aspects of both tools (instead of the 10 aspects requested in the extended modality). Then the 
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users rate (from 1 to 10) the aspects mentioned regarding their importance (for the positive 
ones) or their severity (for the negative ones). By evaluating users’ subjective opinions using 
a scale from 1 to 10 we are able to better quantify input results that are qualitative, which 
helps identify the key aspects to work with or prioritize the problems that need to be solved 
(Pifarré and Tomico 2007).

Results
Quantitative analysis of Project Ukko vs redesign. The assessment of success rates (indicator 
1) indicated that the number of successfully completed tasks was significantly better when 
using the redesigned tool than when using Project Ukko, X2 (9, N = 20) = 60.6, p < 0.001 (see 
Figs. 2a,b). In the case of Project Ukko, only 15.8% of the participants successfully completed 
task 1 and 21.1% task 2. In contrast, with the redesigned tool, task success was much higher, 
reaching 97.4% and 68.4% for task 1 and task 2, respectively. Although a higher proportion of 
failures and abandonments occurred during task 1, especially with Project Ukko, completion 
of task 2 showed various cases of partial success (i.e., identified just one of the two types of 
glyphs presented) for both tools, reaching 31.6% with the redesigned tool.

The average time to solve a task (indicator 2) was significantly lower for task 1 compared 
to task 2 (p = 0.001) and for the redesigned tool when compared to Project Ukko (p < 0.001) 
(see Figs. 2c,d).

The eye-tracker measurements of the number of fixations (indicator 3) was significantly 
lower for task 1 compared to task 2 (p = 0.024) but showed no significant differences between 
Project Ukko and the redesigned tool (p = 0.234) (see Figs. 2e,f). The fixation duration (in-
dicator 4) did not show a significant difference between tasks (p = 0.061) or between both 
tools (p = 0.651) (see Figs. 2g,h). The number of accesses to legend (indicator 5) followed a 
similar trend as observed for the indicator of response time, with Project Ukko showing higher 
numbers than the redesigned tool (p = 0.017) and significantly lower values for task 1 when 
compared with task 2 (p = 0.021) (see Figs. 2i,j).

Qualitative analysis of project Ukko vs redesign. In terms of perceived effort (indicator 6), a 
much bigger effort was perceived for Project Ukko (89.9% of participants) than the redesigned 

Fig. 2. (a),(b) Comparison of participants’ success rates, (c),(d) average time to solve the tasks, (e),(f) number of fixations, 
(g),(h) fixations duration, and (i),(j) number of accesses to legend when using Project Ukko and the redesigned tool for 
tasks 1 and 2, respectively.
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version (10.5% of participants). Likewise, regarding the tool preferred for decision-making 
(indicator 7), 89.50% of the participants stated that they would choose the redesigned tool 
as their working tool for daily tasks decision-making.

By analyzing the results of the bipolar laddering pocket technique (indicator 8) we found 
that the number of positive aspects mentioned by participants was just 15 for Project Ukko 
against 42 mentioned for the redesigned tool (see Fig. 3). Regarding the negative aspects, 32 
and 12 aspects were pointed out for Project Ukko and the redesigned tool, respectively. On 
average, positive aspects were rated with an average score of 7.3 for Project Ukko and 8.75 
for the redesign. Conversely, negative aspects were rated with a greater severity for Project 
Ukko, with an average score of 7.4, than for the redesigned tool, with an average score of 5.8.

Discussion
Considering user requirements when developing climate data visualizations is key to improve 
decision-making. Moreover, the simplification of a complex visualization through changes 
in visual encoding and interactivity often increases efficiency. Here we use quantitative and 
qualitative indicators to assess whether the redesign of the Project Ukko tool, taking into ac-
count user requirements, visual encoding and interactivity, enhances communication, users’ 
cognitive capacity, and translates into a better task performance.

When comparing the experience of participants with both Project Ukko and the redesigned 
tool, the quantitative indicators of success rate and response time when completing a task 
(indicators 1 and 2) demonstrate that the changes made to the redesigned tool increased 
the rate of success or partial success and allowed participants to perform the tasks faster. 
It is necessary to highlight that, in the case of Ukko, the success rate was extremely low for 
task 1. This was due to an incorrect identification of the area, which was done based on its 
brightness (high skill values), but that did not meet the minimum requirements of thickness 
(high intensity values). From a usability point of view, this is commonly defined as a false 

Fig. 3. Frequency histograms of participants’ ratings of positive and negative aspects mentioned for (a),(c) Project Ukko 
and(b),(d) the redesigned tool. All the mentioned aspects (n = 97) receive a score from 1 to 10. Positive aspects are rated 
from 10 (very positive) to 1 (less positive) and negative aspects are rated from 10 (very serious) to 1 (slightly serious).
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success, since users believe they have performed the task correctly, when in fact the answer 
was wrong (Brinck et al. 2002).

Qualitative methods such as the bipolar laddering and two-question quiz applied in 
this study are based on subjective user assessment (e.g., experience, feelings, intuition, 
opinions), which is often perceived as less reliable than other quantitative methods 
(Szafir and Szafir 2016). However, they are well-established practices that support and comple-
ment quantitative analysis and have been widely applied (Lim et al. 2019; Navarro et al. 2020). 
These methods provide useful insights to understand user’s preferences and the positive 
and negative aspects that intervene in the performance and efficiency of users to perform 
day-to-day tasks.

In general, the changes in shape and size (i.e., the visual encoding of the information) as 
well as the reduction of categories were highly rated by the participants, enhancing the clar-
ity and ease of use of the redesigned tool. In the case of Ukko, a large number of participants 
were not able to identify the categories associated with a glyph (skill, intensity, predicted 
change) nor the exact category, even when they tried to compare them to nearby glyphs. This 
was because thin lines, which were combined with opacity (a visual encoding that affects 
visibility), made color detection more difficult. Sometimes the participants were unable to 
identify the exact thickness of a group of glyphs despite the many accesses to the legend, 
which led them to randomly select a category to avoid abandoning the task. Overall good prac-
tices in data visualization indicate that opacity, combined with color and reduced thickness, 
can make graphical interpretation worse (Dastani 2002; Jenny and Kelso 2007; Ware 2012). 
Also, the use of the slope of the glyphs was perceived as a negative aspect by participants. 
This is confirmed by visual encoding good practices, indicating that changes in slope are 
more difficult to be interpreted, especially for nominal data (Alexandre and Tavares 2010; 
Munzner 2014). In addition, in the context of wind data visualization, the use of slopes tends 
to be related to wind direction (Powers et al. 2017), as was also pointed out by some of the 
participants during the test. Therefore, using slope to display the wind predicted change can 
be counterintuitive for users.

Only two sizes and three colors were combined in the redesigned tool. This favors the 
detection of the areas of interest because the visual encoding does not create competition be-
tween variables (in this case, wind intensity and predicted change) (Iliinsky and Steele 2011; 
Riveiro et al. 2008). Additionally, glyphs below a specific skill threshold (which would be 
discarded in a decision-making process) can be hidden from the display, allowing the user 
to focus on feasible options. This has been recognized as an effective means to reduce user 
memory workload and enhance task performance (Hegarty 2011).

The most frequently mentioned negative aspect of the redesigned tool referred to the 
color chosen for the middle prediction category (“Small dark glyphs, showing average 
values, have a similar color to the background”). Users found the color too similar to the 
background, therefore lacking sufficient contrast. However, this was decided on purpose, 
since target users are more interested in situations that depart from normal (i.e., upper 
and lower than average values), since these are the ones in which they need to take action 
(Kohlhammer and Zeltzer 2004). Therefore, by choosing a color similar to the background for 
nonrelevant values, we reduced visual noise in the representation. On the other hand, values 
of upper and lower predicted change (indicating wind conditions above and below normal) 
use a green-yellow color hue, which stimulates more photoreceptors in the human eye and 
hence are easily detected by users (UNSW 2015).

Despite color being a crucial element of visual encoding, we did not include further changes 
in the color scale used in the test to compare Project Ukko and its redesigned visualization. 
This was decided in order to focus the analysis in the visual encoding and interactivity as-
pects and to avoid a major change between both tools that could bias the results of the test. 
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However, in order to improve the accessibility of any climate service, color-blindness should 
be taken into account in color choices for visual representations (Light and Bartlein 2004). 
In the case of Project Ukko, even using color-blind-friendly scales, the combination of color, 
opacity, and certain widths reduced the effective perception by color-blind people. In this 
sense, the S2S4E Decision Support tool (S2S4E 2020) already included changes in the color 
palette to improve its accessibility by taking into account color-blindness aspects.

Some changes applied in the redesign of Project Ukko were also related to the use of interac-
tive filters to dose or personalize information. The skill filter in the redesigned version of the 
tool allows one to explore the uncertainty associated with the predicted change focusing just 
on the relevant data for the user (i.e., values below a preferred skill threshold are hidden). In 
the same way, the intensity slider allows the user to establish a preferred threshold, giving 
more visual presence (larger glyph size) to the values above this threshold. This capacity of 
filtering and personalizing was highlighted as a strong positive aspect of the redesigned tool. 
One of the users even suggested adding interactivity to the color legend, to be able to filter 
by the predicted change. Indeed, interactivity allows users to consume information step by 
step, explore particular aspects of complex datasets, and display relevant information in their 
own world view (Beddington 2011; McInerny et al. 2014). This is thus a highly recommended 
feature for online climate services taking into account that there may be limits to how useful 
interactive visualizations are if the viewers do not have the required skills to interact with 
the presented information (diSessa 2004).

The second task proposed to participants was more challenging than the first task regard-
less of the tool used. The classification of two types of glyphs proposed in task 2 took more 
time to complete than the identification of an area of interest in task 1. This was especially 
remarkable for Ukko, with a higher number of categories competing at the same time for visual 
attention (Alhadad 2018; Munzner 2014). Also, the number of times that participants needed 
to check the legend (indicator 5) was larger for Project Ukko. The difference between Project 
Ukko and the redesigned tool is probably related to Project Ukko’s negative aspects linked 
to problems for understanding the legend, which had a more complex visual encoding. The 
combination of different categories in Project Ukko was also considered as a negative aspect 
(e.g., “overwhelming representation,” “mixing too many categories increases complexity”) 
in contrast to positive aspects of the redesigned tool linked with the simplicity of the rep-
resentation (e.g., “the representation is very clear,” “easy to distinguish between glyphs”). 
This would also explain the low success rate of task 1 for Ukko where, despite having more 
accesses to the legend, the area selected by participants did not meet the requirements of the 
statement in terms of skill, intensity and predicted change.

The difference in the purpose of task 1 and task 2 (identification versus classification, 
respectively), might also be the reason why participants needed to check the legend more 
often at the second task. Overall, the obtained number of accesses to the legend (combined 
with a simpler visualization) suggests a reduction in the cognitive load of the participants 
during the completion of the tasks with the redesigned tool as they could retain the legend 
better and therefore reduce the number of times they had to check it.

Regarding the fixation duration, the quantitative indicator behaved almost equally be-
tween tasks and between tools, with durations ranging between 0.25 and 0.31 s. The num-
ber of fixations are the number of times a user pays attention to a certain point or area of 
interest on the screen. According to available bibliography, a longer fixation duration may 
indicate a bigger cognitive load during task performance (Duchowski 2007; Ooms et al. 2014; 
Andrzejewska and Skawińska 2020; Klingner et al. 2008; Krejtz et al. 2018) or that users have 
found more interesting elements to fix their attention for a longer time, without necessarily im-
plying a greater difficulty or cognitive load (Henderson and Ferreira 2004; Klingner et al. 2008; 
Ooms et al. 2012; Krejtz et al. 2018; Andrzejewska and Skawińska 2020).
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Advanced brain monitoring tools, such as electroencephalograms and eye-tracker mea-
sures of pupillometry, can be useful to further study cognitive load (Anderson et al. 2011; 
Jiang et al. 2014; Keskin et al. 2020). It would be interesting to test them with other eye-tracker 
models to explore if this could be due to the accuracy of the model used.

The perceived effort during the task performance (indicator 6) identifies Project Ukko as 
being more complex to use than the redesigned tool, which was indicated as the tool preferred 
by 90% of the participants tested in this work (indicator 7). This contributes to the hypothesis 
that by eliminating or simplifying visual encodings nonrelevant to a target action or task and 
increasing interactivity, we favor decision-making.

The results and opinions of the bipolar laddering (indicator 8) clearly supported the previous 
indicators. A total of 29 positive comments were obtained for the redesigned tool, compared 
to 15 for the original Ukko tool (Table 1). This was also confirmed by the higher average score 
obtained for the redesign (8.75) when compared to Project Ukko (7.33). In the same way, the 
redesigned tool received fewer negative comments (12 compared to 41 for Ukko) and they 
were less serious (obtained scores of 5.83 for the redesign against 7.33 for Ukko). The most 
serious aspects associated with Ukko referred to the difficulty to differentiate the categoriza-
tion of glyphs due to the combination of encoding through color, intensity, and thickness, 
often making participants unable to identify the corresponding category. These aspects had 
a very high frequency, 25 comments with notable severity and an obtained score of 8.

Table 1. Participants’ positive and negative comments for Project Ukko and the redesigned tools with the number of participants 
that mentioned a particular aspect (freq.) and average rate of its importance/severity (avg.).

Project Ukko

Positive Freq. Avg. Negative Freq. Avg.

Easy to distinguish extreme areas 7 7.8 Difficult to distinguish opacity 9 8

A very detailed version with lots  
of information

3 6.6 Mixing width and brightness is too complex 9 8.22

Static legends are more traditional 3 6.6 Thin glyphs with low visibility are impossible to distinguish 7 7.57

Visually attractive 2 7.5 Using the combination of two variables (color and slope) for  
prediction change is too complex

4 6.25

Slopes are confusing, they usually are used to show wind direction 3 7.33

Mixing too many categories increases complexity 3 6.33

Overwhelming representation 2 7

Terrain not visible enough 1 6

Slope value (of glyphs) is difficult to measure 1 5

Legend is confusing 1 5

Total 15 7.33 41 7.39

Redesign

Positive Freq. Avg. Negative Freq. Avg.

Shapes and sizes are easier to identify 8 8.25 Small dark glyphs (showing average values) have a color similar  
to the background

5 5.6

The representation is very clear 6 9.3 The descriptive labels of the skill slider (using mathematical terms)  
may not be clear to all audiences.

3 6.66

Easy to distinguish between glyphs 5 8.4 Too basic to represent predicted change 1 6

Skill filtering is very useful 4 9.25 By simplifying some of the categories, we lose information 1 6

High contrast 2 9.5 Terrain not visible enough 1 6

Easy location of an area 2 9 All the three filters or descriptive labels could have been  
interactive (such as color category)

1 4

Simple categorization 2 8

Total 29 8.75 12 5.83
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Regarding the negative comments obtained for the redesigned tool, five participants re-
ferred to the color similarity of some glyphs to the background of the tool (values close to the 
mean in terms of predictive change). However, after explaining the reasons for this design 
decision (reduce visual noise by attenuating non relevant points), all users found the change 
appropriate. Another negative aspect was related to the label terminology of the skill slider, 
which included mathematical terms that may not be clear to all audiences. When delving 
into the reasons for the negative assessment, the participant clarified that the control seems 
useful, but that the texts used in the labels could be clearer or more intuitive.

Paradoxically, some positive comments received for Ukko, referred to its higher density 
of information, greater detail in the representation of predicted change (five categories in-
stead of the three categories in the redesigned tool) and visual appeal. However, although 
users who mentioned these aspects believed that these characteristics could be valuable in 
a context where exploration was the objective of visualization, they did not favor clarity or 
decision-making.

Conclusions
The behavioral decision-making literature shows how people often struggle to understand 
particular climate terminology. There is often a mismatch between the understanding of 
concepts such as probabilities or uncertainty between experts and nonexperts. Although 
visualizing forecast uncertainties and associated probabilities is thought to increase users’ 
trust, it does not automatically lead to better decisions.

Our results identify relevant aspects that can improve user experience and reduce cogni-
tive load and that are worth considering when designing climate data visualizations. These 
include choosing representations and categories tailored to specific decisions, avoiding 

Glossary
Our work is based on the collaboration of multiple disciplines that, 
when combined, improve the user experience and favor decision-
making. User-centered design (UCD) allows us to meet the 
needs of the users. Interaction design allows us to dose and 
customize the way the data are displayed. Design and data visu-
alization rules improve the way of visually encoding information 
and highlight what is really important. Cognitive psychology 
helps us measure the impact of complex visualizations on users 
and, with the help of other disciplines, favors their understanding.

These disciplines have specific terminology used in this paper:
Accessibility: Discipline and rules that guarantee that web-

sites and technologies are designed and developed so that people 
with disabilities can use them independently from their capability 
limitations: auditory, visual, cognitive, physical, or neurological.

Cognition: Mental process of acquiring knowledge and under-
standing through senses, thought, and experience.

Cognitive load: Refers to the used amount of human working 
memory resources, which is limited in both capacity and duration.

Cognitive psychology: The scientific study of mental pro-
cesses such as attention, memory, perception, problem solving, 
and understanding.

Eye-tracker: Sensor-based device which measures where the 
participant is looking at (the point of gaze) and the motion of the 
eyes.

Fixation: A period of time during which the eyes are locked 
toward an object or visual element.

Color hue: The attribute of color defined by wavelength (red, 
blue, etc.).

Glyph: A hieroglyphic character or symbol used in visualiza-
tion as a part of a chart or graph.

Interaction design: Design of interactive products focusing 
on the way users interact with them, including visual representa-
tion, terminology, devices, and behavior.

Multidimensional visualization: Graph or visualization 
showing more than one variable through visual encoding (color, 
size, etc.).

Opacity: Property of a visual element that determines how 
transparent (or less visible) it will be. The lower the opacity value, 
the more transparent the element is.

Perception: The way in which something is regarded, under-
stood, or interpreted.

Usability testing: Evaluation of a product or a service  
in order to detect problems or evaluate how easy it is to  
use it.

User-centered design: Iterative design process in which 
designers focus on the user needs and involve them in each phase 
of the design process.

Visual encoding: Translating the data into a visual element 
on a chart/map or graph using visual properties as length, posi-
tion, size, color, slope, opacity, etc.

Working memory: The cognitive system with a limited capac-
ity that can hold information temporarily.
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visual encoding that interferes with users’ perception of the represented forms, and offering 
interactive elements that allow users to filter nonrelevant information or highlight relevant 
information for the decision at hand. In the redesign of Project Ukko we included all these 
changes at the same time. Hence, we cannot empirically establish the relative influence of each 
of these individual aspects in the overall reduction of the users’ cognitive load. Nevertheless, 
we demonstrate that all these aspects can help reduce cognitive load, favor decision-making, 
and thus improve the overall user experience with a climate service.

In future works, it would be interesting to delve into the weight of each of the implemented 
actions (simplifying the number of categories, avoiding redundant visual encoding, custom-
izing the visualizations based on user needs through interactive controls) in the total reduc-
tion of the cognitive load.

Likewise, analyzing the implemented changes in the context of the final tool, in combina-
tion with other improvements not assessed in the framework of this study (redesign of the 
navigation, color-blind aspects, customization, and levels of detail available), can highlight 
additional benefits. This would delve further into the visual communication of climate in-
formation.

Our study highlights that, when combining techniques and knowledge from different 
disciplines [climate science, design, user-centered design (UCD), user interaction, and cog-
nitive psychology], we are able to find better solutions for the visualization of climate data, 
especially when aimed at supporting decision-making. In addition, we identify a clear need 
for co-design and increased empirical testing of the resulting products. We recommend infor-
mation providers and tool designers in the field of climate services to collaborate more with 
end users throughout the whole design process to identify what is effective and to leverage 
the knowledge and well-established techniques from nonclimate related disciplines that have 
a lot to offer.
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Abstract
Visualisations are often the entry point to information that supports stakeholders’ deci-
sion- and policy-making processes. Visual displays can employ either static, dynamic or 
interactive formats as well as various types of representations and visual encodings, which 
differently affect the attention, recognition and working memory of users. Despite being 
well-suited for expert audiences, current climate data visualisations need to be further 
improved to make communication of climate information more inclusive for broader audi-
ences, including people with disabilities. However, the lack of evidence-based guidelines 
and tools makes the creation of accessible visualisations challenging, potentially leading 
to misunderstanding and misuse of climate information by users. Taking stock of visuali-
sation challenges identified in a workshop by climate service providers, we review good 
practices commonly applied by other visualisation-related disciplines strongly based on 
users’ needs that could be applied to the climate services context. We show how lessons 
learned in the fields of user experience, data visualisation, graphic design and psychology 
make useful recommendations for the development of more effective climate service visu-
alisations. This includes applying a user-centred design approach, using interaction in a 
suitable way in visualisations, paying attention to information architecture or selecting the 
right type of representation and visual encoding. The recommendations proposed here can 
help climate service providers reduce users’ cognitive load and improve their overall expe-
rience when using a service. These recommendations can be useful for the development of 
the next generation of climate services, increasing their usability while ensuring that their 
visual components are inclusive and do not leave anyone behind.
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1  Introduction

1.1 � Need for effective visualisations in climate services

The visual communication of climate information is one of the cornerstones of climate 
services (Calvo et al. 2021a). Visualisations are the entry point to information that sup-
ports stakeholders’ decision- and policy-making processes by increasing the efficiency 
of tools and bringing knowledge closer to relevant actors (Kamateri et  al. 2015). To 
serve this purpose, visualisations should contain the right balance among information 
density (amount of represented data), robustness (scientific confidence and consensus) 
and saliency (relevance of the information to user needs) (Stephens et al. 2012). How-
ever, achieving this balance is not trivial and will depend on the stakeholder group and 
the visualisation is aimed for (e.g. academia, business, government, NGOs, citizens), 
the type of data communicated (e.g. physical, economic, political) and the purpose of 
communicating such information to the target audience (e.g. increase understanding, 
call to action, decision-making, etc.) (Raaphorst et al. 2020).

Data visualisations transform abstract information into two- or three-dimensional 
geometric representations (e.g. points, lines, surfaces) to facilitate analysis, compre-
hension and communication of models, concepts and data (Nocke 2014). Thus, visu-
alisations use different visual modes (e.g. interactive tools and static representations) 
and different visual channels (e.g. combination of shape, colour, size, opacity and other 
attributes) to translate data. However, the use of these particular visual modes and chan-
nels can add further levels of complexity to the communication of climate information, 
which can affect users’ attention, recognition and working memory (Quiroga et al. 2004; 
Calvo et al. 2021).

The scientific community has traditionally used standard visualisation techniques 
depending on the nature of the climate data to be displayed, including time and bar charts, 
box plots, scatter plots, probability distribution functions and maps (e.g. flood maps, heat 
maps, choropleth maps) (Haase et al. 2000; Stephens et al. 2012; Ash et al. 2014; Nocke 
2014). Despite being widely used formats in the scientific domain, such representations are 
biased towards expert audiences with the appropriate background knowledge and give less 
consideration to broader audiences increasingly involved in climate adaptation processes 
but less familiar with the traditional ways of presenting climate data.

Climate service providers have largely faced the challenge of how to best communi-
cate climate-related data in an easy and understandable way for both experts and non-
experts. Aspects to be considered when delivering climate services include data encod-
ing (how to best visualise data), user decoding (how to enhance user understanding of 
these data), service usability (how to ensure ease-of-use) and service efficacy (how to 
ensure credibility, relevance and usefulness) (Grainger et al. 2016). This suggests that 
a climate service that is partially or wrongly used (or not used at all) requires evalu-
ation and potential redesign taking these aspects into account (Raaphorst et al. 2020). 
In this sense, the last years have seen an increase in the number of studies comparing 
different visualisation formats (Kaye et al. 2012; Daron et al. 2015, 2021; Lorenz et al. 
2015; Taylor et al. 2015; Kause et al. 2020) and testing such formats with target audi-
ences to assess their usability (McMahon et al. 2015; Christel et al. 2018; Laudien et al. 
2019; Calvo et al. 2021). However, despite the increasing number of tools and platforms 
providing climate data visualisations, there is still limited guidance on how to develop 
usable, accessible and effective visualisations for climate services.
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1.2 � Lack of standards in climate service visualisations

The need for standards in climate services is a topic that has recently gained momentum. 
Guidelines for the quality management of climate services have been proposed by the 
World Meteorological Organisation (WMO 2018) and broad standards for climate change 
adaptation and mitigation also exist (ISO 9000 and 14,000 families of standards). In addi-
tion, some basic recommendations on communicating forecast uncertainty have been 
published (WMO 2008; Davis et al. 2015), but there is no standardised approach guiding 
the development of the visual component of climate services. This lack of guidance has 
favoured the proliferation of different practices, often resulting in stakeholders spending 
more time trying to understand the approach used for representing data than focusing on 
the interpretation of the information itself. This lack of standards has also been reported to 
lead to misunderstanding or misuse of climate information (Hewitt et al. 2020).

Due to the diversity of content and stakeholders, determining a one-size-fits-all visuali-
sation practice for climate services would be a daunting task, if not impossible. However, 
a number of highlights, including both common practices and challenges for the develop-
ment of visualisations in climate services, were identified in a workshop involving climate 
service providers (Terrado et al. 2022) and constitute the basis of the present review (see 
Section 2.1). The overarching take home message from the workshop was that climate ser-
vice visualisations need to be developed by transdisciplinary teams with clear collabora-
tion frameworks among academia and other stakeholders, recognising the essential role 
of social sciences, humanities, visualisation, behavioural sciences and other complemen-
tary research fields. Various studies claim that transdisciplinary aspects have received little 
attention in the climate services field, which still has low awareness of the lessons that can 
be learned from other disciplines (McInerny et al. 2014; Estrada and Davis 2015). Meth-
odologies grounded in the fields of user experience, data visualisation, graphic design or 
psychology, which are strongly based on the needs of the users, can be an asset for the 
development of visualisations in the climate services field (Christel et al. 2018; Calvo et al. 
2021a). In this work, we review good practices commonly applied in these disciplines and 
provide a list of recommendations that can serve as guidance for climate service providers 
aiming to co-develop more effective climate service visualisations.

2 � Methods

2.1 � Taking the pulse of the climate services community

This study takes as departing point the challenges identified in an interactive visualisa-
tion workshop organised in the framework of a Coordination and Support Action on 
climate services (Terrado et al. 2022). The aim of the workshop was to monitor current 
practices applied by climate services providers when developing visualisations and iden-
tify issues that need to be tackled for moving towards the development of more effec-
tive visualisations. The workshop consisted in a 2.5-h interactive session in breakout 
groups. A total of 25 participants attended the workshop, representing 22 projects work-
ing in climate services, including EU H2020 and ERA4CS projects and a few national 
projects and private contracts. Participants were from different European countries, 
including Spain, Belgium, Germany, Italy, the Netherlands, Ireland, Norway, Portugal 
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and the UK. The feedback gathered during the workshop was analysed using affinity 
maps, a qualitative analysis method using a coding technique that helped organise the 
information gathered into groups or themes of similar items and topics to categorise and 
extract relevant knowledge (Lucero 2015). Common challenges that emerged from the 
workshop discussions included the following: (1) moving towards transdisciplinary co-
production approaches, (2) testing visualisations with potential users, (3) the existence 
of a plethora of approaches to represent uncertainty in climate data, (4) the appropri-
ate use of interactive elements in visualisations, (5) differences in terminology used by 
scientific and stakeholder communities and (6) taking the vernacular language of target 
audiences into account. These six challenges provided the basis for the present review, 
which investigates which are the good practices applied in other disciplines that can 
guide the development of enhanced climate service visualisations. Since the workshop 
included projects developing climate services at local, regional, European and global 
scales, the insights obtained from the analysis are considered valid for climate services 
providers worldwide.

2.2 � What can the climate services field learn from other disciplines?

We performed a literature review to identify well-established practices in the disciplines 
of user experience, data visualisation, graphic design and psychology with the objective 
to compile a list of recommendations that can benefit the climate services field. A first 
set of recommendations was identified through desk review and the list was subsequently 
validated by 4 experts from the mentioned disciplines and adjusted according to the feed-
back received. A brief introduction of each discipline and the aspects related to the visual 
components that have been considered in this study are described in Sections 2.2.1–2.2.4.

2.2.1 � User experience

User experience (UX) is a discipline that considers the user’s feelings when using a prod-
uct, application, system or service, the quality of the user’s perception and how easy or 
pleasing to use the product or service is. UX encompasses various aspects, and some of 
them are considered in this study, such as:

•	 User-centred design (UCD): iterative process that focuses on the user needs and 
involves users in each step of the development (Abras et al. 2004; Yucong et al. 2019).

•	 Interaction design: process in the area of human–computer interaction that focuses 
on creating digital products, visualisations and interfaces with logical behaviours and 
actions that allow users to manipulate and analyse information in an intuitive way (Yi 
et al. 2007; Dimara and Perin 2020).

•	 Personalisation: aspect that offers the users the possibility to customise how informa-
tion is presented to them (Wiens et al. 2020).

•	 Error prevention: aspect that improves user experience by preventing users from mak-
ing mistakes (Senders and Moray 1991).

•	 Information architecture: way in which users organise and structure the information 
available with the aim to favour the design of intuitive interfaces and minimise the user 
errors (Plaisant et al. 1998).
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UX techniques have been broadly applied to various fields, and some applications in cli-
mate science include the design of apps, prototypes and decision support tools (Oakley and 
Daudert 2016; Argyle et al. 2017; Khamaj et al. 2019).

2.2.2 � Data visualisation design

Data visualisation is the graphical representation of data or the translation of information 
into a visual context. It also refers to the techniques applied to represent this data by encod-
ing it as visual objects (e.g., points, lines or bars) in graphics as well as the display of 
labels and legends (Wilke 2019). Some data visualisation design aspects considered in this 
study are as follows:

•	 Visual information display: relative positioning and sizing of the different components 
of a visualisation (Ware 2012).

•	 Type of representation: involves the choice of an optimal representation for data (e.g. 
heatmap, time series, time comparison, ranking, region map) according to the purpose 
of the visualisation and the type of information displayed (Kaye et  al. 2012; McIn-
erny et al. 2014).

•	 Visual encoding: use of visual channels to represent values, including colour, size, 
shape, orientation, brightness, texture or location (McInerny et al. 2014).

•	 Labels and legends: design of well-thought and clearly displayed labels and legends 
that contain the key information for the user to be able to correctly interpret the visuali-
sation (no less and no more).

Fundamentals of data visualisation design have been applied to the visualisation of cli-
mate information and services with the aim to deliver complex information in a simplified 
way, e.g. through the reduction of dimensionality (Tsai 2010) and the representation of 
information through graphical features (Grainger et al. 2016; Christel et al. 2018).

2.2.3 � Graphic design

Graphic design encompasses the use of a coherent ‘look and feel’ throughout the visu-
alisation, which includes but is not limited to aspects considered for the definition of an 
appropriate layout, the use of a suitable background colour, contrast and alignment, as well 
as the correct presentation of information without copywriting or other errors (e.g. bro-
ken hyperlinks) (Moere and Purchase 2011; Zallio 2021). In the field of climate services, 
graphic design techniques have been applied to the visualisation of probabilistic informa-
tion and improvement of its usability (Dasgupta et al. 2015; Christel et al. 2018; Terrado 
et al. 2018).

2.2.4 � Psychology

The field of psychology applied to data visualisation studies human thought processes includ-
ing attention, memory, perception, decision-making, problem-solving, language acquisition as 
well as how we understand and interpret visual information. Taking psychological aspects into 
account can help detect and solve initial design problems (Wagemans et al. 2012; Schiewe 
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2019), develop and evaluate visualisations that explicitly consider real-world user require-
ments (Block 2013). Psychology aspects considered in this study are as follows:

•	 Perception and cognition: analysis of human mental mechanisms that describe the way in 
which something is understood or interpreted as well as the acquisition of knowledge and 
understanding through senses, thought and experience (i.e. Gestalt psychology) (Rosli and 
Cabrera 2014).

•	 Pre-attentive processes and attention: study of how humans process visual stimuli from an 
array of given information and the speed with which users can process this information. It 
also involves users’ selective attention, which helps to focus on the most relevant informa-
tion while reducing distractions (Janes et al. 2013).

•	 Memorability: use of certain resources or visual coding that can favour users’ recall of the 
information presented (Borkin et al. 2013).

In climate science, psychology methods have been applied to make information more 
accessible to expert and non-expert audiences (Harold et al. 2016) and to improve the effi-
ciency of users during the performance of particular tasks (Hegarty et al. 2010; Calvo et al. 
2021). The memorability aspect has been commonly used to communicate climate informa-
tion to the general public (e.g. warming stripes, climate spiral).

3 � Results and discussion

A number of heuristics (i.e. broad rules of thumb) and good practices from the fields of user 
experience, data visualisation design, graphic design and psychology are presented in the form 
of recommendations in Table 1. These recommendations not only refer to the visualisation 
itself but also apply to the entire climate service interface, which encompasses other elements 
of the climate service product. The recommendations try to cover a range of possible situa-
tions faced by climate service providers when developing visualisations to be used by stake-
holders. However, this list must be understood in a flexible way, and climate service providers 
should reflect on the adequacy of the different recommendations in their contexts and taking 
their possibilities and resources into account. Also, depending on the type of climate service 
provided, its purpose, the target user and the decision at hand, some recommendations will 
simply not be relevant or applicable. The analysis of the effectiveness of these recommen-
dations in particular cases is available in the literature and is out of the scope of the present 
review. Although recommendations are divided according to the different disciplines and 
aspects considered in this work, the boundaries among such divisions are porous and allow 
for some overlapping. Sections 3.1–3.4 expand on each of the recommendations and provide 
examples in the context of climate services, both described throughout the text and displayed 
in Fig. 1 (interactive tool with sub-seasonal and seasonal forecasts for the energy sector) and 
Fig. 2 (static representation with observations of sea ice extent and volume).

3.1 � Recommendations from the field of user experience

3.1.1 � User‑centred design (UCD)

UCD is an iterative design process that starts with the identification and gathering of user 
needs. This can be done by involving stakeholders in knowledge exchange and co-learning 
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Fig. 1   Interactive decision support tool for the energy sector that considers aspects from different disci-
plines (source: S2S4E 2020). In the upper panel, highlighted features that are further expanded in the lower 
panel, exemplify particular aspects explained in the paper. User experience aspects: a button reflecting 
available actions; b possibility to filter information for skill, probabilities and extremes; c basic panel that 
can be expanded into advanced panel; d tooltips and hyperlinks; e help documentation section; f search 
location; g customisation options; h feedback of system status. Visualisation design aspects: g use of intui-
tive patterns and conventions, i and j glyph map variables’ representation (e.g. temperature, precipitation) 
with circles of changing size and colour and use of contrasting colour hues in a dynamic legend. Graphic 
design aspects: i typography with good readability and use of colour blind-friendly palettes. Psychology 
aspects: k use of triangle symbols for extremes to enhance attention, i simple visual encoding
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using various participatory approaches, such as interviews, workshops, learning labs, sur-
veys, user forums, etc. (Bojovic et al. 2021). Learning about user needs is key to ensure 
that climate service visualisations include the information required by users and that it is 
provided in a format that is simple and digestible. Looking at current practices in the cli-
mate services field, stakeholders are rarely involved in the initial stages of the visualisation 
development (Terrado et al. 2022). Rather, they are often reached at a later stage for the 
testing of the final visualisation. Although this is still useful to identify issues and ensure 
that the information is interpreted as intended by climate service providers, a truly transdis-
ciplinary co-design approach goes beyond final testing and entails involving stakeholders 
from the very beginning and throughout all the stages of the visualisation co-development 
(McInerny et  al. 2014; Lorenz et  al. 2015; Grainger et  al. 2020). This means co-explor-
ing multiple visualisation options while keeping an ‘agile’ approach that allows to adapt 

Fig. 2   Static representation of observed sea ice annual minimum extent and relative volume change that 
considers aspects from different disciplines (source: The Economist 2019). Highlighted features exemplify 
particular aspects explained in the paper. User experience aspects: a, b and c clear positioning of titles and 
legends. Data visualisation design aspects: d use of size and position to convey hierarchy, e visualisation 
embedded into a narrative context, b, c and e integration of different types of representations such as info-
graphic, time series and region map, d use of soft hues in the base map to emphasise colour scale values, 
e use of single-colour inverted sequential scheme to represent ice, i.e. the darker the colours, the lower the 
ice values. Graphic design aspects: b, c and e consistent use of colours across different visualisation types. 
Psychology aspects: b, c and e use of redundancy to enhance understanding, e use of ice cubes metaphor to 
enhance memorability
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outputs as user needs may change. The Double Diamond is a model that has been com-
monly used in the UX design process, and that puts special emphasis on the so-called 
divergent and convergent thinking, where first many different ideas are created before refin-
ing and narrowing them down to select the best one (Nguyen and Dupuis 2019).

Once the best option has been selected, it is important to co-evaluate the visualisation 
through quantitative and qualitative methods that go beyond merely asking users about 
their views on the service (Sharp et  al. 2007; Calvo et  al. 2021). Examples of quantita-
tive metrics for user testing include the time used and the number of success, failure and 
abandonment rates when completing a particular task. These metrics can be complemented 
with the use of passive monitoring devices, such as eye-trackers, which allow to obtain 
more accurate measurements, e.g. pupillometry measurements, number of eye fixations, 
duration of the fixation and number of accesses to legend (Wang et al. 2014; William and 
Murugesh 2020). Other more advanced techniques even allow to measure the brain activity 
through electroencephalography (EEG) during the performance of tasks in order to evalu-
ate the mental resources (i.e. cognitive load) that users use to carry them out (Anderson 
et al. 2011).

While some usability and effectiveness aspects are relatively easy to quantify, such as 
the increase in users’ response speed or the decrease in error rates, other aspects are more 
challenging. For instance, the assessments of improvements in understanding and insights 
are highly subjective and need to rely on verbal feedback. Examples of qualitative methods 
to explore the user experience include the Think Aloud technique, which allows gathering 
users’ comments and impressions during the tests (Charters 2003). The Bipolar Laddering 
method is also useful to quantify users’ insights and their impact, by evaluating the positive 
and negative aspects found in the visualisation and rating them according to their impor-
tance (for positive aspects) and severity (for negative aspects) (Pifarré and Tomico 2007). 
Additionally, questionnaires such as the NASA-TLX also provide subjective but valuable 
opinions on cognitive load, perceived effort and frustration (Cao et al. 2009).

3.1.2 � Interaction design

Recent developments in climate science are moving beyond the simple presentation 
of data and provide interactive visual tools for data exploration and analysis (Nocke 
2014; Giuliani et  al. 2017). This trend was also identified by climate service provid-
ers during the visualisation workshop (Terrado et  al.  2022) and goes in line with the 
assumption that understanding of information can be improved through greater inter-
action (Yi et  al. 2007). From the perspective of data visualisation, interaction design 
includes options related to the selection (i.e. mark something as interesting), explora-
tion (i.e. show additional information), reconfiguration (i.e. show a different arrange-
ment), encoding (i.e. show a different representation), abstraction or elaboration (i.e. 
show more or less detail), filtering (i.e. show information conditionally) and connection 
(i.e. show related items) of data and information. These options need to be used in an 
intuitive way and select those that are appropriate for the skills of potential users. In 
all cases, feedback matters, meaning that when users hover or click on elements of the 
visualisation, it is important that they receive a response to understand their command 
has been well-received (e.g. a button changing colour or size when hovering the mouse 
over it). An example of a button changing the text when hovering over it can be seen in 
the tool presented in Fig. 1a. In this case, the text changes from a general ‘download’ 
to a more specific ‘sample data/outlooks’. These feedback mechanisms can guide users 
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while using the climate service, not only by giving them better control but also strength-
ening trust in the dynamics of the service.

Functions such as zooming, through which users can change the scale of the representa-
tion, and filtering techniques, which allow users to change the set of information displayed 
based on some specific conditions, also fall in the interaction design category. When apply-
ing filters, only data items meeting the specified criteria are presented whereas those not 
satisfying the condition are hidden from the display or shown differently. Filters can be 
implemented giving the option to select ranges or particular values, either by moving slid-
ers or clicking on checkboxes. Various filters are available in the interactive tool displayed 
in Fig. 1b. One of the filters allows the selection of the skill level, by either viewing all 
predictions regardless of their level of skill or by selecting the skill value to filter the pre-
dictions to be displayed through a slider. Another filter allows the selection of a probability 
value to highlight the forecasts above that probability in the map, either by selecting the 
value from a dropbox list or directly typing it. A third filter provides the option to show 
regions with extremely above and below normal probabilities by selecting a checkbox. 
Using such a variety of interaction options (i.e. for exploration, abstraction, filtering, etc.) 
empowers the users and facilitates their interpretation of the data displayed.

Other interaction techniques are used to highlight associations and relationships 
between data items, for instance when multiple views are used (e.g. in dashboards) or to 
reveal items that are initially not shown in the visualisation. A frequently used interac-
tion mechanism in climate service visualisations is the progressive disclosure of informa-
tion, which allows users to explore complex datasets and consume information step by step 
(McInerny et al. 2014). This mechanism can help prevent overwhelming effects that can 
derive from the high density and levels of information frequently related to climate data. 
In the interactive tool in Fig. 1, when the user clicks on a particular location in the map, a 
basic panel opens on the right with a summary of the main information of the prediction 
(Fig. 1c). However, the tool provides different levels of detail for different users’ profiles 
and needs, since by expanding the panel, advanced users can see additional information 
on the forecast trend and past forecasts and observations. In general, including interactive 
elements helps climate service visualisation to feel much more responsive. However, it is 
important to consider that there may be limitations to how useful interactive visualisations 
are if the viewers do not have the required skills to interact with the presented informa-
tion (diSessa 2004). Besides, a certain mistrust in interactivity has been identified in some 
interactions with scientists, mainly related to the arbitrariness of visual representations 
generated by interactive adjustments of user-defined thresholds or visualisation parameters 
(Nocke 2014). This brings us back to the need of applying a UCD and testing the visualisa-
tions with users.

Hyperlinks and tooltips are other types of interactive elements that can be included in 
climate service visualisations to provide some context (e.g. tooltips with terminology defi-
nitions, links to glossaries, guided tours to expand on the possibilities of the tool and other 
support systems). This information should be easy to access and, whenever possible, pre-
sented in the right order and at the right moment when the user may require it. The tool in 
Fig. 1 shows various examples of the use of tooltips and hyperlinks. Tooltips with descrip-
tions and definitions can be accessed by clicking on the information buttons (Fig. 1d) next 
to key elements such as the titles of the navigation controls on the left bar, the map legend 
and the basic and advanced panels that open after selection of a particular map location. 
Some of the descriptions provided also contain a ‘Learn more’ hyperlink that brings the 
user to a webpage with advanced information. Other tooltips appear when the user hov-
ers the mouse over some of the elements of the interface (Fig.  1d, lower panel), which 
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provides additional information for the user to take action. The tool also contains a help 
section with access to a guided tour and advanced information (Fig. 1e).

Finally, interaction design also considers the new information consumption habits. 
Multi-device visualisation options (i.e. computers, mobile phones, tablets) need to be con-
sidered for climate service visualisations including options for data display optimised for 
different screen sizes.

3.1.3 � Personalisation

When the visualisation of climate data is aimed at various audiences, basic visualisa-
tion options with interaction mechanisms may not suffice. Allowing visualisations to be 
tailored to reflect individual preferences, such as variables’ preferred display thresholds, 
modification of visual properties like the dark/light mode or selection of a particular 
location, provide a high level of flexibility to the visualisation (Meijie et al. 2020; Calvo 
et al. 2021). Figure 1 shows some examples of customisation options, including the user 
selection of thresholds (e.g. making map icons visible or not in the map according to the 
selected skill threshold or assigning more relevance to specific probabilities through size) 
(Fig.  1b), selection of a location, either directly on the map or by searching it (Fig.  1f) 
and the customisation of the map with a different background colour and the addition of 
a layer of information about installed power, showing the total installed power of wind 
or solar energy in each region (Fig. 1g). Changing the actual display (e.g. providing more 
or less information depending on the user’s background knowledge) is a very powerful 
type of personalisation and allows different users to see the visualisation in different ways, 
thus adapting it to their needs and enhancing its usability. For instance, the dark mode 
is often used to enhance contrast (e.g. when the visualisation is projected for an exhibi-
tion) whereas the light mode is commonly used for printing purposes. However, personal 
preferences also play a role, meaning that some users prefer or are more used to using one 
mode or the other. Some climate services even offer the possibility to save personalisation 
aspects, so the selected options are kept for future use (as in the case of the tool presented 
in Fig. 1).

3.1.4 � Error prevention

Exit and recovery options allow users to remain in control of the system and avoid getting 
stuck and feeling frustrated. Moreover, when it is easy for users to back out of a process 
or undo an action, it fosters a sense of freedom and confidence in the service. However, a 
good user experience goes beyond allowing recovery once a mistake has been made, but it 
also prevents users from making certain errors, which are often entrained by mismatches 
between the users’ mental model and the visualisation design. Error prevention in visu-
alisations can be implemented through subtle design solutions, such as avoiding the use 
of ambiguous visual encoding of key information (e.g. the counter-intuitive use of green 
colour for warnings). Likewise, it is important to keep in mind that icons, images, terms 
and concepts that seem clear to particular communities or disciplines may be unfamiliar or 
confusing for others.

The use of selectors rather than open fields can also help minimise potential mistakes 
(e.g. typing). Hence the widespread use of selectors in climate services visualisations, with 
a number of variables, time scales, geographical regions, climate models or climate change 
scenarios to choose from (see selectors for the different navigation controls on the left and 
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top bars in Fig.  1). However, particular attention should be paid to the programming of 
selectors and other interactional elements to make them clear, intuitive and fluid for every-
one, including people with disabilities.

Error prevention can also be addressed through other more obvious design solutions, 
such as messages and indicators of the system status (e.g. loading messages to indicate that 
the user needs to wait). This is especially relevant in the case of climate data, which uses 
a huge amount of computational resources, affecting the reaction time of climate services 
platforms (e.g. see feedback provided in the decision support tool in Fig. 1h during and at 
the end of the process completion). A good visualisation design should always keep users 
informed through appropriate feedback within a reasonable amount of time, since continu-
ous communication helps create trust in the climate service product and its provider. Con-
firmation questions warning users against certain actions are also useful to prevent errors. 
Overall, error prevention has been proved to lead to more successful task completion and 
reduction of the time required, therefore contributing to a better user experience (Maxion 
and Reeder 2005).

3.1.5 � Information architecture

Information architecture involves the consideration of different strategies for the design of 
intuitive data visualisations that enhance navigation (Plaisant et  al. 1998). This includes 
having a clear hierarchy of the information that takes into account dependencies among 
the presented fields and navigation aspects when placing different settings and filters. This 
hierarchy can also be used to convey the relative relevance of the elements of the visuali-
sation and the key aspects highlighted by each of them (Janes et al. 2013; Shahar 2019). 
Although this may seem like the natural way to organise information, it is not always 
applied in practice, sometimes resulting in confusion and frustration on the side of the 
users. In Fig. 1, navigation controls in the left and top bars are placed from the most gen-
eral to the most specific to enhance navigation, taking dependencies between fields into 
account (e.g. through dynamic options presented in the selectors), which are reflected in 
the order these fields are presented. Attention was also paid to the appropriate placement 
of tooltips throughout the interface and to the placement of the legend, which is integrated 
within the visualisation itself. Information architecture is also present in the static repre-
sentation displayed in Fig. 2a, b and c, which has a clear positioning of titles and legends.

Information architecture also involves adapting the language and terminology used in 
the visualisation to the users’ context (i.e. taking into account the user’s vernacular lan-
guage, expertise and background). Consideration of the users’ vernacular language has 
often been an overlooked usability factor that causes users to abandon further interaction 
with the service because they are unable to easily select a language they understand. In 
this regard, Miraz et al. (2016) show that combining the IP address with the language of 
the users’ browser can eliminate this problem. However, Miraz and co-authors are crit-
ical about the use of automated non-supervised translation, which often fails to address 
abbreviations, metaphors and cultural terms. Using terminology consistently throughout 
the visualisations (i.e. avoiding different terms for the same concept), and reducing jar-
gon and ambiguous terms (e.g. specific to some research disciplines but disconnected 
from the user’s context or that hold different meanings in different contexts or fields) is 
recommended.

Including tooltips and links to glossaries, thesauruses or extended descriptions as well 
as ensuring that the help documentation is easy to find is a visualisation aspect related to 
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the architecture of the information. An example of a clear indication of help documentation 
is given in Fig. 1e, where the left bar contains a help section with access to a guided tour of 
the tool and to advanced information. Special attention to these elements has been increas-
ingly paid by climate services providers looking for bridging the terminology gap with 
stakeholders (Terrado et al. 2022).

3.2 � Recommendations from the field of data visualisation design

3.2.1 � Visual information display

The display of visual information refers to the relative positioning and sizing of different 
elements in a visualisation. Thus, chart and legend size and position, as well as labels, can 
be used in a visualisation to convey hierarchy and relevance (Dykes et al. 2010). This is an 
important aspect, since different visualisation displays of the same information have been 
found to lead to dramatically different task performances by users (Hegarty 2011). Size and 
position have been used in Fig. 2d to convey hierarchy by placing the main map showing 
the changes in Arctic sea ice extent with a bigger size at the centre of the visualisation, 
with additional smaller representations around it to complement the main message. The 
display of visual information is especially relevant in the case of dashboards or multiple 
simultaneous displays, in which there is a need to compare different types of information 
to make an informed decision. In this regard, various climate services targeting users in the 
agriculture sector have been developed following a dashboard format, since users need to 
compare different types of agro-climatic information to make a particular decision (Mar-
cos-Matamoros et al. 2020a, b).

The use of patterns and conventions that the users are accustomed to (e.g. because they 
are common to other similar interactions) is highly recommended. Using known patterns 
creates an experience that feels more intuitive for users, making visualisations faster to 
learn and easier to remember and helping them act with more confidence (Plaisant et al. 
1998). Similarly, using a design in which visualisation elements represent the desired out-
come following real-world conventions is called natural mapping (e.g. use certain refer-
ence icons to represent certain variables) and can also enhance user experience. See for 
example the icons used to represent installed solar and wind power in the climate service 
tool presented in Fig. 1g (lower panel) or the orientation of the triangular icons used to 
highlight extreme high and low values (Fig. 1k).

Finally, embedding the visualisation into a narrative context is important because it can 
help audiences make sense of complex information (Segel and Heer 2010; Figueiras 2014). 
This can be done by combining graphs to easily compare them or spot relevant changes 
or trends in the data (Krzywinski and Cairo 2013; Grainger et al. 2016; IPCC 2021). An 
example of narrative is shown in Fig. 2e, where the different representations embedded in 
the visualisation tell the story of sea ice melting due to global warming, allowing readers to 
follow the course of the recession of sea ice both in extent and volume through time (from 
1980 to 2019).

3.2.2 � Type of representation

Graphs and maps help to understand scientific data, find patterns, identify trends and tell a 
story. The choice of the optimal representation for a dataset will depend on the visualisation 
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purpose as well as the level of background knowledge of the intended audience and their 
familiarity with different visualisation formats (McInerny  et al. 2014; Raaphorst et  al. 
2020). In terms of purpose, certain visualisations favour comparisons whereas others focus 
on the evolution over time or the composition of a set. Maps incorporate a geographical 
component, which is crucial for spatially explicit data, and therefore, have been extensively 
used in climate services to represent climate variability and risks, e.g. climate anomalies 
(Lledó et  al. 2018) or tornado threats (Klockow-McClain et  al. 2019). Glyph maps are 
another technique used to represent information, in which single data points are encoded 
individually, by using different visual channels (shape, size, colour, etc.) in a variety of 
combinations. A glyph map was used to represent information in Fig. 1, representing val-
ues with circles of changing size and colour (Fig. 1i and j). On the other hand, the visuali-
sation in Fig. 2 includes other types of representations, according to their purpose, either to 
highlight changes over time or space. Thus, while the central map Fig. 2d mostly focuses 
on showing the spatial reduction of sea ice extent (although it also contains the temporal 
component by including the extent for three different years), the line chart in Fig. 2c works 
better to show the decrease of sea ice with time.

The lack of a standard statistical mapping approach has resulted in a vast body of lit-
erature on the representation of climate data and its inherent uncertainty (Kaye et al. 2012; 
Daron et al. 2015; Grainger et al. 2016). In general, users tend to prefer familiar represen-
tation formats to novel ones, even if they may not necessarily be the optimal or the best 
understood (Lorenz et al. 2015; Taylor et al. 2015). Specificities associated to the different 
types of maps have been identified, e.g. perceptual area distortions affecting choropleth and 
heatmaps (Speckmann and Verbeek 2010) or overlapping problems of glyph maps (Fuchs 
et al. 2017), which need to be taken into account when choosing a particular type of repre-
sentation. Therefore, it is important to keep enough distance between different glyphs, as in 
the case of Fig. 1, and to adjust these distances to the different levels of zoom (i.e. levels of 
detail) applied in interactive tools.

The representation of geospatial data using realistic displays has been found to convey 
more confidence to users (Fabrikant and Lobben 2009). Hence, the success of Google maps 
and its virtual representation of the surroundings: people want to find themselves. This 
preference has also been observed in the climate services field, where users prefer detailed 
map representations (smaller grid cells) that look closer to reality, even if the resolution of 
the information provided, and therefore their usefulness, is not enhanced. This has been 
described as naïve realism in the literature, reflecting the dichotomy between visualisation 
preference and effectiveness and showing that users’ preferences for types of displays are 
not necessarily a good indicator of how effective and understandable these representations 
are (Fabrikant and Lobben 2009; Taylor et al. 2015).

3.2.3 � Visual encoding

Visual encoding refers to the use of visual channels to represent values, including col-
our, size, shape, orientation, brightness, texture and location. Various solutions for vis-
ual encoding have been explored in the climate and environmental sciences literature 
(Light and Bartlein 2004; Kaye et al. 2012), resulting in the recommendation to care-
fully choose visual codification, since some options might be difficult to interpret. For 
instance, the use of paleness or colour saturation as a method to illustrate uncertainty 
has been questioned (MacEachren et  al. 2005), since when combined with colour and 
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reduced glyph thickness, has been found to compromise graphical interpretation (Ware 
2012).

Visual encoding can be used to favour discrimination among relevant and non-rel-
evant values in a visualisation. For instance, glyph colours similar to the visualisation 
background colour are recommended to display non-relevant values, making users 
pay less attention to them. Conversely, colours considerably different from the back-
ground, especially those that stimulate more photoreceptors in the human eye (e.g. 
green or yellow colour hues), are more easily detected by users (Ramamurthy and 
Lakshminarayanan 2015), and therefore, are recommended for relevant values. This 
strategy was applied in Fig. 1i. In that case, as target users were interested in  situa-
tions departing from normal conditions, normal variable values (for temperature, pre-
cipitation, wind, etc.) were represented in grey colour whereas upper and lower than 
average values used a blue-orange colour hue, indicating conditions in which users 
needed to take action. Glyph size (i.e. small and big circles) was also used to dis-
criminate between low- and high-probability situations. Additionally, the possibility 
of seeing the glyph or not was provided according to the user’s preferences selected in 
Fig. 1b. Another example of the use of colour is displayed in Fig. 2d, where soft hues 
are used for the land and the ocean to support colour scales, allowing readers to focus 
their attention on the sea ice representation.

A commonly overlooked consideration in scientific graphs is the perception by 
users with disabilities. For instance, colour-blind friendly palettes are recommended 
to ensure that maps are usable by individuals with colour-deficient vision. This rec-
ommendation was explicitly considered for the selection of the colour palettes in the 
climate service presented in Fig. 1. Specific software that allows to simulate how the 
visualisation is seen by different types of colour-blind users is available and can be 
used for making data visualisations more inclusive using colour-blind friendly pal-
ettes. Other good practices, such as the use of contrast, clear fonts, white spaces or 
complementing the use of colour with pattern or texture, have been found useful to 
favour people with visual impairment (Dong et al. 2010; Marriott et al 2021).

Some broad rules of thumb include the following: avoiding spectral schemes (e.g. 
rainbow colour schemes) to represent sequential data (Brewer 1997), using yellow with 
care and using colour intensity to reinforce hue as a visual indicator of magnitude. 
Colour intensity, also referred to as lightness, brightness or luminosity, provides per-
ceptual ordering for all readers (Kaye et  al. 2012), whereas hue is what we typically 
refer to as colour (e.g. red, blue, green, etc.). At the same time, it is important to select 
a colour palette that matches the nature of the data to be represented. Qualitative col-
our palettes work best for the display of categorical variables (e.g. land use catego-
ries). Colours used in these palettes should be distinct (i.e. use different intensity, have 
enough contrast) to ensure accessibility. When mapping data that can be ordered (e.g. 
probabilities, anomalies), either sequential or divergent colour palettes can be used. 
Sequential palettes use hue or lightness or a combination of both to create a continuous 
set and work best for numeric variables that need to be placed in a specific order. On 
the other hand, divergent colour palettes are a combination of two sequential palettes 
with a central value in the middle (usually zero) and are often used to communicate 
positive and negative values. Figure 1i shows an example of contrasting colour hues for 
the representation of the predicted terciles, while Fig. 2e uses colour hues with increas-
ing intensity to represent the sea ice extent at three different moments in time.

Another aspect that has received large attention is the use of appropriate colour 
symbolism. For readers of weather and climate maps, a useful association exists with 
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blue and red colours used in global future temperature maps and scenarios graphs 
(Kaye et  al. 2012). Red colours are used to mark maximum values, temperature 
increases, great risk, anomalies and worst-case scenarios like the RCP8.5 scenario, 
whereas blue colours denote cold temperatures and precipitation increases, but also 
illustrate best case scenarios (Schneider and Nocke 2018). Even though this symbol-
ism might not exist for all climate-related variables, ignoring it when it exists could 
hinder users’ interpretation. Thus, following these associations, reversed colour 
scales were defined in the service shown in Fig. 1i for precipitation and temperature, 
with red hues associated with above normal temperature and below normal precipi-
tation and blue hues associated with above normal precipitation and below normal 
temperature. An example of non-conventional colour scale is provided in Fig.  2b, c 
and e, which uses an inverted scale where the more intense colours are not associ-
ated with higher values but rather to the lower ones. Traditionally, for the represen-
tation of sea ice, lighter colours closer to white have been used to represent sea ice 
whereas darker colours have been used for the ocean. However, in this case, the scale 
has been inverted to emphasise the reduction of sea ice. Despite having a clear ration-
ale, this colour choice can be perceived as counterintuitive for some readers. On the 
other hand, colour also influences the credibility and understanding of climate change 
visualisations, since it can impact the emotional and associative reaction of viewers. 
Avoiding too dark colours at the highest temperature differences has been suggested 
in some studies to prevent disillusioning associations and feelings of powerlessness 
that do not call for action (Schneider and Nocke 2018).

3.2.4 � Labels/legends

Labels and legends are important elements of the visualisation that need to be well-thought 
and clearly displayed, since they contain the key information for users to interpret the visu-
alisation correctly. Thus, all the relevant information needs to be included in the legend 
while additional or non-relevant information should be avoided. This is especially impor-
tant when using interaction techniques, like zooming in and out. In this case, optimal leg-
ends should be dynamic, allowing the legend to simultaneously reflect changes in the visu-
alisation. For instance, the number of categories shown in the legend should reflect the 
user’s selections. An example of dynamic legend was used in the interactive tool shown 
in Fig. 1j, where the probability range to define the legend categories changed according 
to the threshold defined by the user in the left bar. It is also important that symbols in the 
legend relate directly to those used in the map, avoiding additional symbols that cannot be 
found in the map to prevent confusion.

In addition, the legend should be located in a visible area within the visualisation and, 
when possible, integrated in the chart to reduce user’s cognitive load and facilitate read-
ing (Dykes et al. 2010; Hogräfer et al. 2020). Apart from reducing the distance between 
the legend and the visualisation, reading can also be enhanced by using horizontal text, 
appropriate font size and by adding a descriptive title and variable units to the legend. A 
descriptive title is one that synthesises the main message of the graphic rather than just 
focusing on a technical description containing, for instance, information on the model, the 
variable and time scale of the simulation, as it is normally provided as a direct model out-
put. An example of descriptive title is given in Fig.  2a (‘The Arctic is the epicentre of 
global warming’).
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3.3 � Recommendations from the field of graphic design

3.3.1 � Design aspects

Graphic design is applied to improve the readability and understandability of informa-
tion, allowing a wider audience to benefit from scientific results. This fosters the democ-
ratisation of knowledge across disciplines and stakeholders (Zallio 2021). Apart from hav-
ing aesthetic applications, graphic design also provides credibility, consistency and can 
improve the user experience through the appropriate use of colour, legible typography and 
a coherent display of information (Moere and Purchase 2011; Zallio 2021). For instance, 
Fig.  1 uses a typography with a good readability and the elements of the interface are 
grouped in different sections in the left and right bars, with titles consistently highlighting 
the most important aspects.

Colour preference varies among different socio-cultural groups and therefore, the 
choice of a particular colour can have a direct impact on the speed of interactivity and 
overall user satisfaction (Miraz et  al. 2016). This is because colour has an attached 
cultural significance (e.g. red is often associated with love in the Western World, to 
misery or mourning in South Africa and to happiness or luck in China). It is also 
important to be consistent in the visual language, graphic elements and styles used in 
the context of the visualisation (e.g. if blue is used to indicate cold conditions, it is 
important to stick to this meaning throughout the visualisation). Consistency aspects 
influence users’ learning when interacting with the visualisation, and therefore, the 
correct manipulation of the information provided. Overall, design aspects contribute 
to provide a sense of readiness to the climate service, supporting its trustworthy per-
ception by users. Figure  2 makes a consistent use of colour, for instance, applying 
the same colours, related to each of the years, throughout the three representations 
included in the visualisation.

3.4 � Recommendations from the field of psychology

3.4.1 � Perception and cognition

To favour users’ decision-making, visualisations should be designed taking into account 
the limitations in the users’ working memory. A recommendation to reduce users’ cog-
nitive load and enhance task performance consists in presenting no more than the nec-
essary information but sufficient to ease user’s understanding (Hegarty 2011). In gen-
eral, presenting less information than needed in visualisations obliges users to keep a 
detailed representation of the information in their working memory, whereas presenting 
too much information can lead to visual cluttering or distraction (Rosenholtz et al. 2007; 
Wickens & Carswell 1995). Another recommendation consists in reducing as much as 
possible the complexity of the information presented, using a less is more approach, 
which can foster faster understanding. In the same line, using redundancy in visualisa-
tions (through the use of colours and sizes) can also favour a quick understanding, as 
shown in Fig. 2, where various types of representations are brought together to provide 
evidence that the sea ice is melting. Reducing the visual path between the visualisation 
and other auxiliary elements of consultation, such as labels, captions and legends also 
enhances user cognitive processes (Kause et al. 2020). This aspect is illustrated in both 
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representations shown in Figs. 1 and 2, although in Fig. 2 could be improved by moving 
the footnote with additional information closer to the corresponding charts.

Apart from being appropriately presented, to be effective, a visual display needs to 
be accurately perceived. This is due to the principle of discriminability (Kosslyn 2006), 
which indicates that two properties must differ by a large enough proportion to be dis-
tinguished, since our visual systems register relative proportions rather than absolute 
amounts. Conforming to this principle involves a careful selection of the visual encod-
ing, i.e. appropriate number of categories, glyph size and colour. Other aspects, such 
as predictability, can also influence visual perception. A service is predictable when a 
user can foresee the result of an interaction and therefore, it matches the user’s expec-
tations. When users do not know what to expect or they expect something different to 
what they experience, the usability of the climate service is impaired. Assessing how 
these different aspects of a visualisation are perceived cannot only rely on intuition but 
demands objective measures (see Section 4.1 on testing of visualisations).

3.4.2 � Pre‑attentive processes and attention

Climate services need to be designed in such a way that salient information is pushed 
to the users, capturing their attention and informing them of either unexpected or 
unforeseen situations or anomalies. There are different mechanisms that can be used 
to draw users’ attention, although care should be paid not to overuse them. Pre-atten-
tive elements are graphical properties, such as form, colour or motion that cause peo-
ple to process information before they can pay conscious attention to it. Using pre-
attentive elements has been proved an effective way to direct the user’s attention and 
boost faster understanding (Janes et al. 2013). Pre-attentive elements commonly used 
in climate services are eye-stimulating colours for user-relevant values (see Fig.  1i) 
and different glyph shapes (see Fig.  1j). In Fig.  1j, triangle figures indicate regions 
where the forecast predicts a high probability of having extreme values. In this case, a 
fast interpretation is expedited by both colour and the direction of the triangle vertex. 
The use of non-relevant information that may distract users from their main focus 
(e.g. animations or flashy components) as well as superfluous elements, incoherent 
visual metaphors and unfamiliar acronyms and terminology should be avoided.

3.4.3 � Memorability

Memorability refers to the use of visual resources that favour user’s recall of the 
information presented. This can be reinforced by the appropriate use of pictograms or 
visualisation elements that catch users’ attention (Borkin et  al. 2013; Borkin 2016). 
Quantifying the memorability of a visualisation is a general metric of the utility of 
information and an essential step towards determining how to design effective visu-
alisations. It has been shown that attributes like colour enhance memorability and 
that common graphs are less memorable than unique visualisation types (Borkin et al. 
2013). Through the collaboration with designers, data visualisation experts and jour-
nalists, memorability has been a broadly considered aspect in the climate services 
field applied, for instance, to wind data visualisations such as the Windy and Project 
Ukko (Windyty 2014; Christel et al. 2018). The use of ice cubes in Fig. 2b is also an 
aspect that enhances memorability through the use of a visual metaphor.
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4 � Conclusions

The visualisation taxonomy covers a large variety of static and dynamic visualisation types 
(e.g. charts, graphs, maps) used across social and scientific domains. In the field of climate 
services, visualisations are used to facilitate readers’ identification and understanding of 
patterns in climate data. However, when not appropriately co-produced, visualisations can 
exclude readers with visual or cognitive disabilities or those that lack appropriate back-
ground knowledge to correctly interpret climate information. This review paper aims to 
answer the need raised by climate service providers involved in a previous visualisation 
workshop, of having a list of recommendations to improve visualisations in climate ser-
vices. For that, in this work, we review good practices commonly applied in other disci-
plines like user experience, data visualisation design, graphic design and psychology that 
can be a useful asset for the development of more effective visualisations, given the current 
lack of guidelines. In addition, as literature published by visualisation-related disciplines is 
rarely accessed by climate services providers, this list of recommendations and associated 
publications facilitates the access to this domain knowledge. The separate presentation of 
user experience, data visualisation design, graphic design and psychology disciplines in 
the present work obeys only to criteria aimed at facilitating the information flow for read-
ers. However, practices from these fields are rarely applied in isolation, as reflected in the 
two examples included in this study. Thus, apart from being heavily grounded on the user 
needs, these disciplines complement each other and are all required for the development 
of visualisations of climate data and services. This aligns with the feedback provided by 
four experts from the mentioned disciplines, who highlighted that many of the aspects and 
recommendations provided in Table 1 could not be only mentioned under one particular 
discipline, and clearly advocates for the need of transdisciplinary approaches for the co-
production of visualisations in climate services.

The recommendations provided in this work highlight useful considerations overlooked 
by the climate services community, often unaware of the good practices in fields beyond 
climate science. The list of recommendations is comprehensive yet generic, spanning dif-
ferent target groups (including experts and non-experts in climate science), needs and sit-
uations. However, not all recommendations are applicable or relevant to every case and, 
when relevant, it will be ultimately the task of the climate service providers to balance their 
possibilities and costs of implementing a recommendation against the potential benefits on 
the visualisation’s usability, accessibility and effectiveness. Moreover, the application of 
some recommendations can be limited by a lack of the appropriate expertise in the research 
team or the need for a timely delivery of the results. Nevertheless, we argue that these rec-
ommendations can be the departure point for climate service providers willing to increase 
the impact of visualisations or interested in delving into more specialised literature on the 
topic.

The lack of guidance for the visualisation of climate information resonates with the dis-
cussions on the need for standards for climate services, especially in a time of unprec-
edented climate impacts affecting society. There is now more than ever an increasing 
demand for quality-assured climate services that are fit to support mitigation and adapta-
tion strategies to climate change and variability. At this point, intuition is not enough guar-
antee that a visualisation of climate data works as intended by the climate science com-
munity; therefore, testing visualisations through application of quantitative or qualitative 
assessment methods is required. We show that only by including the expertise from disci-
plines beyond climate science will the climate services field be able to move towards the 
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co-production of more effective and inclusive visualisations. This will contribute to build 
trust in science for society, facilitate the appropriate use of climate information and finally 
boost the uptake of climate services by decision-making and policy actors.
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Climateurope Workshop on the Visualization of Climate Services
What:	� Barcelona Supercomputing Center’s (BSC) Earth Sciences Department organized 

the workshop in the framework of the Horizon 2020–funded Coordination and 
Support Action Climateurope. The workshop aimed to discuss different aspects 
of the state-of-the-art of visualizations used in climate services and produce a 
publication on the synthesis and recommendations. We invited participants from 
different projects linked to the Climateurope network, including EU Horizon 2020 
(H2020) and European Research Area for Climate Services (ERA4CS) projects as 
well as a few national projects and private contracts. The workshop was attended 
by representatives of 22 projects.
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E ffective visualizations of climate information that can be easily understood by non–
climate experts are strongly needed. At present, the absence of a common or standardized 
visualization approach for climate services results in the application of different practices 

by climate service providers, sometimes leading to users’ misinterpretation or misuse of 
climate information. In this report, we analyze the outputs from a workshop with climate 
service providers that had the aim to identify current practices and challenges faced when 
developing visualizations in the field of climate services. The analysis of the results obtained 
depicted the current status of the climate services visualization field, identified the main 
lessons learned by different projects, and highlighted challenges that required further research 
efforts. Insights obtained from the analysis are valid for climate service providers worldwide.

The visualization workshop was organized in the framework of the EU-funded Horizon 2020 
(H2020) Climateurope Coordination and Support Action on climate services. The workshop 
was attended by representatives from 22 projects working in climate services, including EU 
H2020 and European Research Area for Climate Services (ERA4CS) projects and a few na-
tional projects and private contracts. During the 2.5-h interactive session, participants were 
divided in breakout groups to discuss their experiences in the development of climate service 
visualizations and to share the lessons learned throughout the process. Breakout group dis-
cussions included topics on different visualization aspects, such as the added value of inter- 
and transdisciplinary approaches, different ways to visually communicate uncertainty, the 
use of interactive elements, and the importance of an appropriate terminology and language 
in visualizations. The feedback gathered during the discussions was analyzed using affin-
ity maps, a qualitative analysis method using a coding technique that helped organize the 
information gathered in the discussion session into groups or themes of similar items and 
topics to categorize and extract relevant knowledge (Lucero 2015). The role of visualization 
in the field of climate services was also discussed (Fig. SB1 in the sidebar). Further details 
regarding the workshop can be found in Terrado et al. (2021).

Current practice in climate service visualization
The lack of clear guidelines for the development of climate service visualizations has resulted 
in climate service providers displaying information in different ways, depending on factors 
such as the level of visualization expertise of the working team, the level of user engagement 
applied, or the type of feedback received during the codesign process. Despite the specificities 
of the different climate services projects, some common patterns emerged from the discus-
sions and are presented in the sections below.

Moving toward transdisciplinary coproduction approaches. Discussions during the work-
shop revealed that the development of climate service visualizations often applied interdis-
ciplinary approaches, which involve coordinated collaboration among different disciplines 
(Max-Neef 2005). In addition to climate scientists, some project teams counted with experts 
in science communication, social sciences and humanities, and sometimes experts in user 
experience, which made it possible to define an interdisciplinary collaboration space. How-
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computing Center (BSC-CNS), Barcelona, Spain
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ever, many projects acknowledged a lack of representation of particular profiles (e.g., data 
visualization experts, interface designers, specific expertise gathered under the umbrella 
of social sciences and humanities), making particular requirements for the codevelopment 
of the visualization more challenging to fulfill. In general, projects were aware of the im-
portance of bringing stakeholders’ perspectives and experience into the design of climate 
service visualizations, which is a necessary step to move from interdisciplinary to transdis-
ciplinary approaches (Max-Neef 2005; Bojovic et al. 2021). However, not all projects attained 
full transdisciplinarity and, in various instances, stakeholders were only reached out for 
final visualization testing.

Testing visualizations with potential users.  Testing visualizations with potential users 
emerged as a common practice in the climate services field. However, not all the projects 
acknowledged an active involvement of stakeholders during the whole visualization design 
process, with some projects only performing the evaluation with the stakeholders at the end. 
Although this is still useful to identify some issues and ensure that the information is inter-
preted as intended by climate service providers, a truly collaborative and transdisciplinary 
codesign goes beyond final testing and entails involving stakeholders from the very begin-
ning and throughout all the stages of the climate service codevelopment (McInerny et al. 
2014; Lorenz et al. 2015; Grainger et al. 2020).

A plethora of approaches to represent uncertainty in climate data. Different ways of visual-
izing uncertainty were identified according to the visualization purpose, the target audience, 
and the time scale of the information provided. This applied to both first- and second-order 
uncertainty (Spiegelhalter et al. 2011; Taylor et al. 2015). Whereas first-order uncertainty refers 
to information on the likelihood of an event happening according to a particular forecast (i.e., 
probabilities or risk), second-order uncertainty refers to “uncertainty about the uncertainty” 
or ignorance (i.e., skill or spread), and exists because forecasts are not able to capture all the 
factors influencing the climate. Information on first- and second-order uncertainty can either 
be integrated in the same visual representation or presented separately using two different 
visualizations. Regarding first-order uncertainty, while some projects opted for showing the 
mean or median value of the modeled results without an indication of its probability of occur-
rence (Figs. 1a,b), other projects decided to display the information as anomalies (Fig. 1c), that 
is, the variation of a variable relative to the climatological normal or long-term average. Ad-
ditional options to represent first-order uncertainty used by climate services projects included 
showing information through a number of categories, such as terciles or quintiles, either indi-
cating the most likely category (Fig. 1d) or reporting the probability of the different categories 
to occur (Fig. 1e). An alternative option consisted in providing the probability distribution 
function (Fig. 1f), which gives an overview of the different amounts of change in a climate haz-
ard and their respective likelihoods for a single point in time and a specific geographical area.

Even though showing second-order uncertainty was generally considered an exercise of 
transparency, some workshop participants considered that this information could be over-
whelming or confusing for some users. For this reason, this information was not generally 
provided by climate services projects. When second-order uncertainty was not presented, 
some projects used scenario approaches displaying average values for different pathways, 
capturing the various plausible descriptions of how the system and/or its driving forces may 
develop in the future (Fig. 2a). In other cases, projects decided to keep particular climate 
information hidden from the visualization when the level of uncertainty was too high to use 
this information meaningfully in decision-making (Fig. 2b). In such cases, applied practices 
ranged from not providing any information about uncertainty, to replacing uncertain forecasts 
by a reference value (e.g., climatology). Further alternatives consisted in giving users the 
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possibility to hide or show high-uncertainty information (Fig. 2c) or allowing them to select 
a specific uncertainty threshold should they have an idea of the level of uncertainty they 
were ready to bear (Fig. 2d). Some projects also integrated second-order uncertainty through 
visual encoding (e.g., through transparency) (Fig. 2e) or showed it as a range in the plot, be it 
the full ensemble range, the standard deviation, confidence intervals, or the signal-to-noise 
ratio (Fig. 2f). Figures 1 and 2 show a nonexhaustive sample of ways to represent first- and 
second-order uncertainties in some climate service visualizations.

Use of interactive elements. A clear trend toward developing visualizations that allow the 
user to interact with the different elements was observed, in line with the assumption that 
understanding of information can be improved through greater interaction (Yi et al. 2007). 
The progressive disclosure of information, which aims at the initial simplification of infor-
mation followed by the possibility to reveal additional options and content, was identified 
as a commonly applied technique in the field of climate service visualization, which also 
grants users a more active role (Bostrom et al. 2008; Spiegelhalter et al. 2011). However, in 
the case of particular types of services (e.g., dashboards), participants pointed out that us-
ers had explicitly indicated their need to access all resources simultaneously. For particular 
formats that allow low or no interactivity (e.g., factsheets, newsletters or bulletins, direct 
advice), it was also indicated that they could be effectively used. In the end, understand-
ing when and how to integrate interactivity requires careful considerations of both users’ 
requirements and tool’s functionality.

Differences in terminology used by scientific and stakeholder communities. The climate 
services community involved in the workshop identified more than 25 technical terms 
commonly used in the field of climate science that are confusing or not well understood by 
stakeholders outside academia. The more frequently repeated terms were “skill,” “anom-
aly,” “reliability,” “uncertainty,” “percentile,” “ensemble,” and “model” (Fig. 3). Project 
representatives also mentioned that the use of conventions such as “likely” or “unlikely” or 
the distinction between temporal forecasting scales (e.g., hindcasts, climate predictions,  
climate projections) can make sense in the context of climate science, but that stakehold-
ers are not aware of such distinctions. Participants agreed that more resources should be 
put in place to overcome the terminology barrier, both among different academic disci-
plines and between academia and stakeholders, since the same term can be differently 
understood by these groups. Discussions indicated that terminology should be adapted 
when possible, even if it involves compromising scientific precision. Otherwise, explana-
tions in lay language should be offered. Although this may not be straightforward and can 
induce some tensions during the coproduction process, overall, it will prevent wasting 
time discussing complex terminology concepts and will allow stakeholders to focus on 
the interpretation of the information. The use of glossaries and thesauruses emerged from 
the discussions as a good practice to try to find a common ground between the different 
communities. These tools can also include use case examples to illustrate the term in the 
context of the target users. Using elements such as tooltip hints, defining technical terms, 
and hyperlinks to additional explanation were also mentioned to help build a greater  
understanding.

Fig. 1.  Representation of first-order uncertainty in different climate service visualizations: (a) average forecast value,  
(b) average forecast value for different scenarios, (c) anomalies, (d) most likely category (e.g., terciles), (e) probability of  
different categories (e.g., extreme events probabilities), and (f) probability distribution function. Source projects: (a) Seasonal  
hurricane predictions platform (www.seasonalhurricanepredictions.org), (b) SENSES (www.senses-project.org; Auer et al. 2021), (c) eClimViz 
(Walton et al. 2021), (d) MEDSCOPE, and (e),(f) S2S4E (www.s2s4e-dst.bsc.es).
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Fig. 2.  Representation of second-order uncertainty in different climate service visualizations: (a) forecast information 
shown, no indication of uncertainty, (b) high-uncertainty information not shown (e.g., replaced by a reference), no indi-
cation of uncertainty, (c) possibility to hide/show high-uncertainty information (e.g., activation of a mask), (d) possibil-
ity to hide/show information with different levels of uncertainty (e.g., filter by threshold), (e) uncertainty integrated in 
the visualization through visual encoding, and (f) uncertainty represented as an additional parameter (e.g., uncertainty 
range). Source projects: (a) C3S Press Data Portal (https://climate.copernicus.eu/press-data-portal), (b) VISCA (Marcos-Matamoros 
et al. 2020), (c) MED-GOLD (https://dashboard.med-gold.eu), (d) S2S4E (www.s2s4e-dst.bsc.es), (e) Project Ukko (www.project-ukko.net),  
and (f) CIREG.
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Taking the vernacular language of target audiences into account. An additional factor 
for misinterpretation arises when the native language of stakeholders is different from that 
of the producer of the climate information (WMO 2008). Many of the projects involved in 
the workshop were run at the European or multicountry scale. To adhere to users’ prefer-
ences, such scales require a multilanguage approach that can become a challenge for the 
development of visualizations. Therefore, English was a dominant language used in the vi-
sualizations developed by the different projects. However, the proportion of climate services 
in local languages may be substantially higher when moving to the national, regional, and 
local scales. Despite many climate service visualizations being available in English, proj-
ect representatives mentioned that, when needed, engagement activities with stakeholders 
were conducted in local languages to ensure understanding. For that, summary documents, 
including user guides and illustrative figures, were developed in stakeholders’ languages. 
Related to the use of figures, one of the participants mentioned that the translation of text 
labels in visuals tends to be more time consuming than translating text explanations. Partic-
ipants also mentioned that having visualizations in local languages was particularly needed 
for specific terminology lying in the traditional knowledge domain of local and indigenous 
communities (e.g., Arctic regions, Pacific Islands). Such terms, that for instance can refer to 
the characteristics of the local climate, often lack a translation in other languages (e.g., snow 
types in polar regions; see Eira et al. 2013). Discussions suggested that the definition of an 
appropriate language should be considered as part of the coproduction of a climate service. 
This involves tailoring information to match the language in which intended users are ac-
customed to working as well as the consideration of other elements that enhance usability 
(Miraz et al. 2016).

Lessons learned
Data visualizations, like charts, graphs, and maps, make it easy for many audiences to iden-
tify and understand patterns in climate data. But when not done properly, they can exclude 
audiences with visual or cognitive disabilities or those that lack appropriate background 
knowledge. This work analyses the current status of the climate service visualization field 
and identifies challenges to be tackled for the development of more effective visualizations. 
The main challenges include the advancement of the climate services field toward a real 

Fig. 3.  Word cloud with the technical terms used in the climate services field identified as a chal-
lenge by non–climate experts. The most repeated words are displayed in larger size (n = 22).
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transdisciplinary approach by effectively involving other disciplines and stakeholders in the 
visualization coproduction process, a better coevaluation of visualizations, a more effective 
representation of uncertainty in climate data, and bringing the terminology and language 
closer to those used by target audiences. For the development of more effective climate ser-
vice visualizations, the climate science field may benefit from advances in other disciplines 
with a well-founded tradition, such as user experience, data visualization, graphic design, or 
psychology, which are strongly based on stakeholders’ needs. Only by including the exper-
tise from other disciplines will climate service visualizations be able to build trust, prevent 
misuse of climate knowledge, and boost the uptake of climate information by society. This 
is a necessary step to move toward the codevelopment of common and agreed guidance and 
best practices necessary to achieve coherent and effective visualizations in climate services.

The role of visualization in climate services
The climate services community highlighted nine main purposes (Fig. SB1):
1)	 Targeted communication and outreach: Convey messages in a more direct and illustrative way and give the advantage of reaching wider 

audiences beyond the specialized ones.
�2)	 Storytelling from data: Support data exploration and help to extract the underlying information and patterns in data, which makes it 

possible to tell a story and develop climate change narratives.
�3)	 Ease decision-making: Increase understanding, allow users to reach conclusions, and ultimately, enhance their ability to complete a task 

or make an informed decision.
�4)	 Simplify complexity: Deliver complex information in a simplified way, which may require transforming data into a smaller and more 

manageable dataset or paying special attention to visual encoding, encompassing the representation of information with graphical features.
�5)	 Transfer knowledge: Reach various audiences with the aim to facilitate understanding and boost knowledge uptake.
�6)	 Raise awareness/call for action: Raise awareness and elicit affective responses, improving the likelihood for action.
�7)	 Attractiveness: Aspect worth considering if striving to create something memorable that helps to catch people’s attention or increase trust.
�8)	 Engagement: Stimulate public willingness to engage with a particular issue and visualization used as a conversation starter and to 

support the communication process.
9)	 Add layers of information: Combine information coming from various sources and find new relationships among different datasets, which 

can be interpreted more easily in a visual format.

Fig. SB1.  The identified purposes of visualization in climate services.
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Measuring the Effectiveness of Static Maps to
Communicate Changes over Time

Luz Calvo, Fernando Cucchietti, and Mario Pérez-Montoro

Abstract—Both in digital and print media, it is common to use static maps to show the evolution of values in various regions over time.
The ability to communicate local or global trends, while reducing the cognitive load on readers, is of vital importance for an audience
that is not always well versed in map interpretation. This study aims to measure the efficiency of four static maps (choropleth, tile grid
map and their banded versions) to test their usefulness in presenting changes over time from a user experience perspective. We first
evaluate the effectiveness of these map types by quantitative performance analysis (time and success rates). In a second phase, we
gather qualitative data to detect which type of map favors decision-making. On a quantitative level, our results show that certain types
of maps work better to show global trends, while other types are more useful when analyzing regional trends or detecting the regions
that fit a specific pattern. On a qualitative level, those representations which are already familiar to the user are often better valued
despite having lower measured success rates.

Index Terms—Information visualization, Cognition, Static maps, User interfaces, Perception

✦

1 INTRODUCTION

S INCE ancient times maps have been used as visual
representations linked to the expression of temporal

evolution. As far back as Roman times, they were used for
the administrative management of the regions of the empire,
as well as for the planning of military campaigns [1], [2].

It is from the seventeenth century and the rise of social
cartography when maps began to be used to link geospatial
components to certain periods of time and the changes
which occurred during these periods [3], [4].

If we explore the diverse and numerous representations
in temporal evolution through the use of maps, we find
solutions that range from the most creative to the most
practical, with applications in national, regional and even
urban areas [3], [5], [6]. The use of maps to express tempo-
ral evolution contemplates multiple representations (point
maps, bubble maps, line and flow maps, heat maps, etc.) [7],
but most of these representations (due to the rise of digital
technology) lean towards the use of animation mechanisms
to favor the sensation of continuity between the different
time steps represented on the maps [8].

However, the use of static maps is still present today in
the information we consume. For example, scientific or tech-
nical reports used by public or private organizations which
seek to make information more accessible to their readers
[9], [10]. Furthermore, divulgative material and reports used
in media such as newspapers, magazines and their digital
counterparts, intended for the general public, pay special
attention to using visual and written resources which are
more familiar and comprehensible to their readers [11], [12],
[13], [14], [15].
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The most familiar geospatial representation used to
show changes over time is the choropleth map. It is popular
both with expert and non-expert audiences in the field of
visualization [16], [17], [18]. However, due to an inherent
area-size bias problem, choropleth maps make communi-
cating trends in data more problematic. A clear alternative
could be the use of tile grid maps, but they in turn, present
their own identification problems [19], [20], [21], [22] and are
not so familiar to a general audience. Recent studies propose
new versions (banded maps) of traditional choropleths, em-
ploying visual and intuitive metaphors that seek to favor the
communication of changing social phenomena [23]. How-
ever, measuring how effectively these maps communicate
temporal changes in informative scenarios (press, reports,
online news, etc.), as well as their limitations, is essential
when using them as a visual reinforcement mechanism.

In this paper, we evaluate four types of maps (choro-
pleth, tile grid maps and their banded versions). We first
study their effectiveness by quantitative performance anal-
ysis (time and success rates) with a controlled experiment.
Secondly, we gather qualitative data to identify which type
of map better favors decision-making. With this double
evaluation, we intend to analyze whether there is any bias
that may interfere between the real effectiveness of each
map and the users’ perception of effectiveness [24], [25].

2 PREVIOUS WORK

2.1 Choropleth and tile grid map considerations
Choropleth maps are a widely known representation and
are common in media communications because they are
popular with the target audiences. The use of these repre-
sentations to illustrate articles, helps readers to understand
the news items which they accompany, as well as to improve
the perception of reliability [26], [27], [28]. However, de-
spite their familiarity for many audiences, choropleth maps
present some associated problems such as “dark-is-more



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 2

bias” (i.e ranking of color lightness perception), the “area-
size bias” (i.e small areas are less dominant than larger
ones) and the “data-classification effect” (the established
classification intervals used to detect patterns) [29], [30]. Tile
grid maps, a kind of cartogram (see Fig. 1b), are another
widely used representation that communicates, and in an
effective manner, broader trends and patterns summarizing
data [31]. They represent the different areas of the map using
uniform size and shapes (often squares) and are arranged
close to their real-world positions. The key to cartogram
design is to use distortion or metaphors to change the size,
shape, boundaries and/or geographical representation of
regions, depending on statistical parameters or following
a conceptual convention, but in a way that keeps the map
recognizable to the reader [32], [33]. While less common,
tile grid maps and their variants [34] offer an improvement
over choropleth maps: for example, in solving the problem
of distortion resulting from “area-size bias” [35], [36], [37].
However, we must take into account some of their known
limitations such as lookalike aspects (they must bear a
resemblance to the original map), topology and inaccuracy
(neighboring areas must be maintained), and misdirection
(relative positions between neighboring areas must be close
to reality) in order to avoid misinterpretation [38], [39]. In
addition, not all geographies can be easily represented in a
conceptual manner, while at the same time maintaining their
capabilities to be identified without resorting to the use of
legends, labels or geographical visual clues [40], [41]. In the
same way, another drawback is that they are often used as a
creative solution instead of as a cartographic projection used
to analyze a particular problem [21].

To illustrate this, we can analyse the representation of the
map of London using blocks of the same size to represent
each neighborhood. This visualization takes advantage of
The River Thames, using its meanders to provide a visual
clue within the structure of the map as a metaphor that
helps the audience to identify the city [42]. Nevertheless,
we must bear in mind that these representations may not
be easily identified by people who are not familiar with the
geography of the area. Therefore, it is necessary to use text
references (see Fig. 1) to ensure the correct identification of
the regions on the map [43]. Depending on the map and its
topography, we must also take into account human percep-
tion rules such as figure-ground, depth, readability, identi-
fication, and balance [44]. The specific characteristics of the
data (i.e. number of categories to show, magnitudes of the
values of the different regions or areas, etc.) also force and
limit us to using specific visualizations linked to a certain
use-context [45]. Apart from the map representation itself,
other factors such as visual search patterns and cognition
must be considered in order to measure the efficiency of the
alternatives discussed above. The analysis of visual search
patterns on maps is a complicated process as it involves
complex cognitive operations, which include the detection
of relationships and the identification of different visual
encodings (location, size, color, shape, etc.). The perception
of maps requires the identification of a greater number of
symbols in a greater range of variability, in which short-
term memory is insufficient to cover the global analysis of a
task [46], [47].

2.2 Communicating changes over time through the use
of static maps

If we focus our attention on the problems related to the
representation of change over time, the multiple static map
strategy juxtaposes two or more maps to provide a simulta-
neous visual comparison in specific time units or snapshots.
A possible solution could be to employ dynamic strategies
to present the maps in a temporal sequence or through an
evolution of a geographical pattern using various sequences
to favor memory processes [48], [49], [50].

However, these techniques also have limitations: the
constraints of the human visual system (change blindness,
foveal and peripheral attention) suggest that humans often
do not easily perceive changes within dynamic graphics
[51], [52]. Hence the importance of taking into account these
barriers of limited visual and cognitive user processing ca-
pabilities when designing time-related map representations.
Studies on the cognitive effects and differences between the
use of static and animated maps, lead us to solutions such
as providing user instructions and the division of maps
into fragments to help the users focus their attention on the
relevant areas [53].

Du et al. (2018), proposed a novel visualization technique
which attempts to solve the time dynamic sequencing issue:
The banded choropleth map (see Fig. 1d), which divides
subregions of a map into partitions of the same area to rep-
resent different time steps [23]. This technique makes better
use of space than representations of small multiples, and
performs better than animations, where it would have been
necessary to consume both more memory and cognitive
resources. However, it inherits the aforementioned problems
associated with its precursor: the choropleth map.

3 EXPERIMENT

We assessed the effectiveness of these static maps by perfor-
mance (in terms of completion time and success rate) for the
proposed visualization tasks. We also studied the perceived
effectiveness (level of usefulness of each map to perform
each task) and the comments shared by participants.

3.1 Maps under study

We focused our study on measuring the effectiveness of the
most widely used representation in the media to commu-
nicate social data over time: the choropleth [54], [55]. We
also included one of its simplest alternatives, the tile grid
map, that solves its area associated bias [19], [29], [30]. For
both maps, we added two other new alternatives, based
on a recent study: the banded maps, in order to compare
their effectiveness in showing temporal changes in static
scenarios [23]. There are other cartographic alternatives to
choropleth maps that we did not consider such as graduated
symbols or isoline maps [34] as when comparing their
performance, the choropleth map is the most familiar, and
the easiest alternative for solving several tasks [17].

Throughout this paper we will evaluate two different
kinds of representations:

1) Representations which use a different map for each
time step and which we refer to as small multiple
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Fig. 1. Visualisations evaluated in the study: First, small multiple maps
using Choropleth (a) and Tile Grid map (b). Second, their banded
versions, unifying in the same map three different time steps: Banded
Choropleth [23] (c) and Banded Tile Grid map (d).

representations. These include choropleth and tile
grid maps (see Fig. 1a and Fig. 1b).

2) Representations which combine the time steps
within the same map and which we refer to
as banded representations. These include banded
choropleth and banded tile grid maps (see Fig. 1c
and Fig. 1d).

As aforementioned, we left out other popular represen-
tations such as isoline maps or heat maps as they frequently
present multiple simultaneous points of interest that change
in a clear spatial direction [56], [57], [58]. An example of
this is found in contour maps and uncertainty cones, which
are commonly used in the communication of weather or
atmospheric data.

3.2 Task selection and design
Our objective was to evaluate the effectiveness of choropleth
and tile grid maps, and their banded versions, to show
changes over time. We chose the tile grid map as an alterna-
tive to the choropleth as it overcomes some of its limitations
(as mentioned in the previous sections) [30]. We aimed
to conduct an experiment that covered the most common
and possible tasks related to changes over time. The final
tasks set out in the test were taken from a list of all the
combinations for the three variables included in the study
(region, time step, and value) and then the tasks which did
not involve any changes over time were discarded (see Table

1 in the Suppl. material) [59]. All the tasks included a change
of value in one or more areas (or regions) of the map for
one or more time steps. The statements of the tasks also
described everyday questions that users frequently have to
answer while analysing and exploring these time related
scenarios, and were based on the insights compiled from
the initial user research phase.

Once these questions had been set, we reviewed them
with potential users in order to define which questions and
tasks they wanted to answer and perform while working
with the maps. We also discussed the intended use of each
selected type of task and a representative statement for each
one. As a result, the final selected tasks were the following:

1) Task 1. Detect trends within a specific region. Task
statement: Could you describe the evolution of
COVID-19 new cases for region number n (region
name) over time (t1, t2, t3)?

2) Task 2. Identify the regions that meet certain condi-
tions (evolution patterns) over time. Task statement:
Could you name five regions that have remained
stable in terms of number of new cases throughout
these three periods of time?

3) Task 3. Determine the global trend (all regions)
over time. Statement: Could you determine what the
global trend for all of Catalonia was over time?

We classify these tasks based on Bertin’s taxonomy based
about the level of analysis [60] and in turn on the attributes
presented in each representation [61]. Based on this, we
can differentiate between 1.Elementary tasks, referring to
individual elements (Task 1 and Task 2) or 2.Synoptic tasks,
referring to the whole reference set (Task 3). In turn, these
three tasks can be classified according to their objective and
the relationships established in each representation. Task 1,
for example, is oriented towards a specific target (or region),
as is Task 3, which aims to identify the overall trend of a
given territory. Task 2, however, is based on a number of
conditions that can be translated into constraints: Identify a
number of regions that meet a specific pattern [61].

3.3 Hypotheses formulation

Our hypotheses are derived from prior cartogram evalua-
tions, perception studies, popular critiques of cartograms
and tile grid maps and previous research on geo-temporal
representations [50], [62], [63]. The most common observa-
tions refer to area-size bias in the case of choropleths and
shape distortions in the case of tile grid maps. Although
these conceptual representations may hinder the recognition
of familiar geographic regions [21], they do solve the area-
size bias problem associated with choropleths [30]. It is
suggested that recognition can be improved through the use
of labeling elements [19]. With these limitations in mind, we
added numeric labels to the representations to identify the
regions of interest in all maps, although they may have been
redundant in some cases (such as the choropleth), where the
geography (shape) is more recognizable.

Prior to the development of the study, we held co-
creative sessions and ethnographic studies combined with
short interviews with five participants. These participants
were researchers of the Barcelona city council in the areas of
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economy, environment and health, who were familiar with
static map representations. During this initial phase, we
observed their behaviour while performing daily tasks and
gathered information on the main obstacles encountered
while using static maps to analyze changes over time and
to identify trends [64]. This also helped us identify which
common user questions arise when exploring changes using
maps, and to establish the hypotheses of our study [48], [65].

Before the formulation of our hypotheses it must be
noted that when we say that one map or one representation
type “is more effective” or “works better” than another for a
particular task, it is because there are significant quantitative
differences present (participants commit fewer errors and
take less time to perform the tasks). With regards to the
qualitative assessment, the participants may find one repre-
sentation easier or more useful than another while solving
a task, or express more positive comments about a certain
representation.

H1: Banded choropleth and banded tile grid maps will
work better for detecting pattern changes in a specific
region over time [Task 1].

H2: Banded maps will work better for detecting regions
that meet a certain pattern or condition over time
[Task 2].

H3: Tile grid maps will work better than both banded
versions to show global trends over time [Task 3].
Tile grid maps will also work significantly better than
choropleths due to area-size bias distortion when
showing global trends over time.

3.4 Participants

For this study we used a convenience sample of 32 people,
composed of 15 men and 17 women between 22-50 years
of age, with low-medium map visualization knowledge. All
the participants were familiar with choropleth maps, but
none of them had any knowledge about the other represen-
tation types. The recruited participants were students, re-
searchers and administrative staff from the fields of human
resources, communication and accounting. Before the test
sessions, users were asked not to have consumed stimulant
substances that could have affected their performance and
the test results. The participants were residents of Catalonia,
25% of them of foreign origin but long term residents (over
10 years) and familiar with the geographical distribution of
Catalonia. The participants took part in the experiment one
at a time in a private room, in order to ensure a disturbance
free environment and at the start of business hours (from 9
to 12 h), complying with the protocols required for COVID-
19 prevention. The duration of each test was about 15-20
minutes. The test sessions were carried out over the course
of three weeks. All participants completed the experiment
and no data was eliminated. The participants did not receive
any remuneration or compensation for their participation.

3.5 Context introduction and pilot test

Prior to the experiment, we carried out a short context
introduction session [66], [67] where each of the participants
filled out a standard bioethics form confirming and accept-
ing their free participation in the experiment. They were also

briefed on the purpose of the research and the type of rep-
resentations under study: For each type of map, we showed
an example, together with a short description on how to
interpret it (time steps, representation types, legends, etc.).
The participants also completed a short questionnaire with
details on their age group, level of visualization expertise,
employment background and confirming they did not suffer
from color blindness.

Moreover, a pilot testing session was carried out with
two users under the same conditions presented to the rest
of the participants. This pilot test was conducted in order
to reveal undetected problems related to the design of the
test [68], [69]. The results of these two participants were not
included in the final study results.

3.6 Test environment
We developed a simple online tool to guide the participants
through the experiment, presenting each of the tasks, and
which was controlled by a moderator who assisted the
participants during the test. This assistance consisted of
answering any queries related to the task statements but
not in helping to solve the tasks themselves or giving any
clues on the solutions [70]. The sessions were also recorded
in order to review the results in terms of quantitative
data (time and success rates) and qualitative data (opinions
and valuations). Participants were informed that times and
results, together with their comments, would be collected.
[71]. The study was performed using a laptop (MacBook Pro
13-inch, 2017, 3.1 GHz and 16 GB RAM) and connected to a
27” 4K BenQ display (3840x2160). No interaction (mouse or
keyboard input) was required as the participants could solve
the task by analyzing the visualizations presented on the
screen and responding aloud to the moderator. After having
read the statement, and confirming to the moderator that
they were ready, the time to perform the task was measured
from the moment the visualization appeared on the screen
and until the participant gave the answer (for further and
specific details of each task time measurements see Table 6
of the Suppl. material).

3.6.1 Task-based questions (Quantitative evaluation)
For the task-based part of the study, the participants an-
swered three multiple-choice questions about different vi-
sualizations, using the four types of representations under
analysis. More details on the task performance are presented
in section 3.7.2 (see also Fig. 2 and Table 6 of the Suppl.
material for specific details of each task).

The results of each task (‘success’, ‘error’, ‘abandon-
ment’) as well as the completion times needed to perform
each task were gathered.

3.6.2 Decision-making & perceived difficulty (Qualitative
evaluation)
After finishing the three tasks, we required the users to
review the four representations (one after another) involved
in each task. Users were asked about which representation
favoured decision making and facilitated the resolution of
the task [72]. They were also encouraged to share their
thoughts on the positive or negative aspects of each map,
as well as any other observations while performing the task.
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This helped us to understand some answers, mistakes or
why users valued some maps more positively than others
[73], [74].

This approach of analyzing each task individually as
they are completed, favors review quality by using short-
term memory, which allows users to provide comments
with the tasks still fresh in their minds, instead of having
a questionnaire at the end of the test [75]. At the same
time, this approach has no effect on the quantitative metrics
measured (completion times and success rates).

3.7 Values shown, maps and other considerations

3.7.1 Geography

The tasks for the study were carried out on a map of the
different regions of Catalonia (Spanish autonomous region)
where a hypothetical evolution of new COVID-19 cases was
presented over a period of three time steps (one week per
time step). The choice of the Catalan autonomous region
was due to the fact that it is not a region that is usu-
ally represented with conceptual map types (for example,
tile grid maps) as would typically happen with countries
such as the United States, or cities like London [23], [76].
However, the characteristics associated with the geography
(shape) of Catalonia and the dimensions of its regions allow
us to represent it easily using a conceptual map. The shape
of the regions within Catalonia using choropleths is highly
recognizable by users who know its geography. However,
few people (including natives) are able to recognize the
exact position of all of its regions, which is why we offered
auxiliary legends to help locate the region or regions in-
volved in the tasks.

3.7.2 Map design and values presented

All the maps included in the study were represented un-
der the same conditions: All the maps were presented on
white backgrounds. The regions were displayed with white
contours and numerical labelling. This labelling was needed
for the identification of the regions. For Task 1, an auxiliary
legend was added which included the location of the region
together with its name, in order to facilitate the location of
the regions in all the representations or map types (see Fig.
1). For the banded versions, an additional legend was also
included to help identify the different time steps in the maps
(see Fig. 1c and Fig.1d). Four categories were established in
relation to the maximum number of infections, and were
classified as follows: ‘Low’, ‘Medium’, ‘High’ and ‘Very
High’, based on a colorblind-safe palette from the Color-
Brewer tool [77]. The color palette used for values, texts and
legends is presented in Fig. 1 of the Suppl. material.

It should be noted that the information represented does
not correspond to any real data. For all the tasks the values
of the regions are random and change from task to task
(and from map to map), this is done to avoid learning-bias
between representations within the same task [78].

Task 1: The region to locate and the possible patterns
presented are random. The user has to identify the trend
among several alternatives. Depending on the answer, it will
be necessary to contrast the answer with the exact values at
each time step (See Table 6 and Fig. 2 of the Suppl. material).

Task 2: The regions to be located were selected randomly
as well as the values presented, but not the pattern required,
which was always stable. That is to say, the regions with
the same colour for all time steps (‘Low’, ‘Medium’, ‘High’
or ‘Very high’). The user has to identify 5 regions of the 9
available in each map (See Table 6 of the Suppl. material).

Task 3: The global trend is always stable (the same
number of regions belonging to a certain category
(‘Low’,’Medium’,’High’,’Very high’) in the three time steps,
but randomly combining changes between the bigger re-
gions and the smallest regions of Catalonia (See Table 6,
Table 7 and Fig. 3 of the Supplemental Material). The user
has to identify the correct trend between three options
(given in the statement): increase, decrease or stable.

For each task, the maps were presented using a pool
composed of eight variants of each representation. Each par-
ticipant answered three tasks for four representations (the
maps under study). Therefore 96 possible representations
(3x4x8) were prepared in this study to be shown randomly
in the user testing performance.

3.7.3 Number of time steps
This study only takes into consideration static representa-
tions (print press, online reports or websites) which do not
use any type of interactive element to favor comparison
(sliders, video player controls, carousels, etc.) [79], [80].
To establish the most common number of time steps to
be represented, we reviewed several reports published by
the EU and US governments and official institutions. We
also discussed which was the most common number of
time steps with specialized users, in this case, municipality
communication staff. Based on this previous analysis, the
most frequent options were: two time steps (to compare
the situation between t1 and t2), three time steps (normally
to present four-month periods in a year) and four time
steps, to show data evolution over the quarters of a year
(three-month periods). To show more than four time steps,
alternatives such as traditional line charts are preferable
[81], [82]. We settled on an intermediate number of time
steps, in this case, three.

3.7.4 Other particularities of the tasks
In the tasks for which more than one solution was possible,
the amount of correct options available was always the
same. For example, to identify five regions which met a
specific condition (Task 2), there were nine possible regions
in each representation that met the stated criteria. For Tasks
1 and 3 only one correct answer is allowed (For further
details, see Table 6 and Fig.2 of the Suppl.material).

The statements of the tasks focused on the COVID-19
pandemic, and referred to the number of new cases detected
by region. This was the background for the development
of the test. However, the data and values presented were
made up, purely circumstantial and could be applied to
any other social data scenario (marketing, finance, admin-
istration, ethnographics, etc.) [83]. Users were informed that
the values presented were not real and varied from map
to map and from task to task in order to avoid ‘automatic’
answers for the different map representations [84]. Although
the data shown in each map differed, the types of maps were
presented in a Latin square random order to avoid possible



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 6

Fig. 2. Boxplots showing the distribution for the results related to com-
pletion time for all representations in the three tasks presented. Orange
lines show the significant statistical differences between maps.

additional bias [85], [86], [87]. The users were encouraged
to abandon a task at any time if they considered it to be too
complex or tedious, or if the answer given would be purely
the result of guesswork. The abandonment rate is also a
good indicator of if the user would not be able to solve the
task or understand the trend in a real world scenario (away
from a test environment). In turn, it offered us valuable
information on the perceived effort required for the task
[88]. For Task3, moreover, given that that the probabilities
of a success were 33.3% (choosing between ‘increasing’,
‘decreasing’ or ‘stable’), voluntary abandonment reduces
this risk of getting false correct answers.

When users abandoned a task, the time assigned to the
result was the maximum permitted to solve the task [89],
[90], [91]. The maximum time allotted was two minutes (120
seconds). This time was calculated based on the average
time needed by users to perform the task during the pilot
test [89]. In order to classify the results, it is important to
determine beforehand what is to be considered as a success,
a failure (error), or an abandonment, even when some
mistakes may be due to the interpretation of the statement,
legends or colors, and not necessarily a consequence of the
map representation itself. The conditions for checking the
results of each task are defined in the script of the test (see
Table 6. of the Suppl. material).

4 RESULTS

4.1 Quantitative metrics. Task-based study

We used ANOVA F-tests with significance level =.05 to
carry out the statistical analysis for the time results together
with a Tukey post-hoc test to reveal the most significant
pairwises. We used a Chi-square test for independence with
α=.05 to evaluate categorical variables in the success rate
results. The within-subject independent variables were the
four map representations. The dependent measurements are
the completion time and success rate.

The null hypothesis was that the representation type
does not affect completion times or success rates. When the
probability of the null hypothesis (p-value) is less than 0.05
(or, equivalently the F-value is greater than the critical F-
value, Fcr), the null hypothesis is rejected.

For further information, the values corresponding to the
confidence intervals obtained for each task are included in
Table 4 and Fig. 5 of the Suppl. material.

Fig. 3. (a) Success, failure and abandonment rates by task and type
of map. (b) Relationships of significant statistical differences between
representations. Opacity indicates a higher or lower level of significance.

Fig. 4. Most and least favourable maps (number of positive and negative
votes) to solve the task and which favour decision making.

4.1.1 Detecting trends within a specific region (Task 1)

Regarding the time needed to perform the task, we found
statistically significant differences depending on the map
type (f(3)=10.63, p=0.000). A Tukey post-hoc test revealed
that the most significant pairwise differences were between
the banded tile grid map and tile grid map, and choropleth
and tile grid map (for more details see Fig. 2 in the main text
and Table 2 of the Suppl. material). Values on success rates
(X2(1,N=32)=3.3231, p-value=0.7673) indicated that the re-
sults obtained were not statistically significant (see Fig. 3 in
the main text and Table 3 of the Suppl. material). In this case,
the H1 hypothesis was ruled out, as the banded versions
were expected to work more efficiently (completion times
and success rates) than the small multiple maps due to the
visual distance between maps. In the case of success rates,
we observed no significant differences between the four
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representations. In terms of completion time, the banded
tile grid map and choropleth performed significantly better.

4.1.2 Identifying the regions that meet certain conditions
(Task 2)
Regarding the time needed to perform the task, we found
statistically significant differences depending on the map
type (f(3)=21.6, p=0.000). A Tukey post-hoc test revealed
significant pairwise differences between the banded ver-
sions and the small multiple versions (see Fig. 2 in the main
text and Table 2 of the Suppl. material). The same happened
with the success rate (see Fig. 3 in the main text and Table
3 of the Suppl. material). In this case, the H2 hypothesis is
fulfilled since the differences in terms of completion times
and success rates are significantly better for the banded
versions.

4.1.3 Determining the global trend (Task 3)
Regarding the time needed to perform the task, we found
statistically significant differences depending on the map
type (f(3)=73.86, p=0.000). A Tukey post-hoc test revealed
significant pairwise differences between the banded ver-
sions and the small multiple versions (see Fig. 2 in the main
text and Table 2 of the Suppl. material). The same happened
with the success rates, which were also significantly better
for the tile grid map than for the choropleth (see Fig. 3
in the main text and Table 3 of the Suppl. material). The
H3 hypothesis is also confirmed. Applying time correction
in the case of abandonment results, we observed signifi-
cant differences between the small multiple maps and the
banded versions. Moreover, and regarding the success rates,
there were also significant differences observed between the
choropleth and the tile grid map, the latter obtaining better
success rates. The banded versions presented the highest
abandonment rates (84.4% and 71.9%).

4.2 Qualitative evaluation. Decision-making. Perceived
difficulty
After carrying out each of the tasks, users cast their vote for
the representation which best favored the detection of the
trend (helping in decision-making, simplicity, level of com-
fort) and the representation which least favored the analysis.
They also shared with us the problems encountered together
with general feedback while performing the tasks for the
different maps.

For Task 1, the responses were more balanced, with the
best valued representations being the banded maps (banded
tile grid map, followed by banded choropleth) compared
to the small multiples (see Fig. 4). In Task 2, the results
were much more polarized, and the differences between the
banded (the best valued) and the small multiple representa-
tions (once again, the worst valued) increased substantially
(see Fig. 4). The banded representations not only received
the highest evaluation but also received hardly any nega-
tive votes. For Task 3, the “usefulness” of small multiple
maps was considered unanimous: users valued the banded
representations very negatively as they did not favor the
resolution of the task at all. Users valued the choropleth
map as the most favorable for carrying out the task (see
Fig. 4), due to its familiarity (despite having a high error

Fig. 5. In this graph we have combined four of the most significant
variables, using a scatter plot representation. For the three tasks, we
compare: success rate (x axis), time spent to accomplish the task (y
axis), number of times a graph was voted as the most effective (size),
and the type of map (color and glyph type or shape). The larger glyphs
indicate the best valued map representations. The grey area highlights
the most favourable results: highest success rates and lowest comple-
tion times.

TABLE 1
Summary of the most frequent comments organized by category, map

type and task.

Task Map Comment Freq.

1 BC-BT Banded representations favour the task
because of the proximity between maps

13

1 Ch–Tg Difficulty to locate a region depending
on its position, boundary regions and
their color

9

2 BC-BT Banded representations favour the task
due to the proximity between maps

9

2 BC-BT Small multiple maps require a random
search pattern

9

2 BC-BT Small multiple maps require more cog-
nitive load and concentration

8

3 BC-BT Banded versions are too complex to es-
tablish a pattern

17

3 Ch Choropleth is perceived as the better
representation due to its familiarity

9

3 Tg Tile grid map favours the task 5

rate). Table 1 shows the most significant aspects, classified
by topic, task and map type, as well as the number of times
they were mentioned by users (see also Table 5 of the Suppl.
material to review the most frequent comments collected
during the study).
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4.3 Summarizing the results
In this section, and with the help of Fig.5, we attempt to
draw conclusions arising from the combination of quanti-
tative and qualitative results. We compare the two quanti-
tative measurements: success rate in carrying out the task
(x-axis) and the average time (in seconds) needed to solve
the task (y-axis) for each of the tasks and each of the
representations. Through the use of size, we also represent
those maps that received better subjective evaluations (the
larger the size, the more votes received as the map type that
favors decision-making or that is more useful when solving
the task). We used ‘color’ to differentiate choropleths from
tile grid maps and ‘shape’ to differentiate small multiple
representations from their banded versions. We have also
highlighted in grey, the most efficient area on the grid (de-
limiting higher success rates and shorter completion times).
Therefore, the representations contained in these areas are
the most recommended when carrying out the task from a
quantitative point of view. Theoretically, the representations
contained within this area should have received the highest
number of votes from the audience in terms of their effec-
tiveness (larger icons).

In the case of Task 1 (detecting changes within a specific
region), the best valued representations turned out to be the
banded tile grid map and choropleth (highest success rates,
and least time to perform the task), the former also being the
best valued. However, the choropleth, despite obtaining bet-
ter quantitative results (time and success rates) was valued
worse than the banded choropleth. We will take a closer
look at these results in the discussion section (see Fig. 5).
For Task 2, the banded representations are clearly the most
effective, both from a quantitative point of view (time and
success rates), and a qualitative point of view (number of
votes and positive comments received) (see Fig. 5). For Task
3, the only effective map is the tile grid map (based on its
success rates). In this case, the banded alternatives did not
receive any votes and saw the highest abandonment rates
and consequently the lowest success rates. Paradoxically,
the choropleth obtained a higher number of positive votes
(being perceived as the most favorable map to solve the
task) and had lower completion times [92], [93] (see Fig. 5).

4.4 Limitations
When trying to cover the spectrum of possible tasks and
possible statements, we limited ourselves to a particular
subset of common tasks and simple statements for task
setup. There are also numerous limitations when choos-
ing the possible geographic areas, when representing data
through cartograms, such as size, distance between regions
and maps, level of detail (continent, country, region), and
the number of time steps. As mentioned previously, another
limitation is that the scenarios of the proposed tasks were
not based on real data. This was because we had to present
multiple different values in order to avoid learning bias
between the different maps for the same task.

With regards to the number of time steps selected, we
assumed that the results obtained would be negatively
impacted by increasing the time steps. That is, the difficulty
for n + 1 would be equal to, or greater than for n time steps
due to the increase in visual stimuli [94]. Additionally, in the

case of banded representations, the number of time steps
must permit sufficient width for the bands to guarantee the
correct color interpretation (especially for color-blind users)
[95], [96].

Similarly, the context-related aspects detailed in sections
3.4, 3.5 and 3.6 such as the presence of a moderator, the
fact that the tasks were being timed, etc. could have a
positive or negative impact on the test results: Depending on
the characteristics/personality of the participant this could
result in more motivation to complete the tasks, but also
more stress when solving them [71].

It is relevant to mention that the original version of
this study included quantitative results obtained through
an eye-tracker device (model Gazepoint GP2) [97]. However,
the metrics obtained in terms of fixation duration and pupil-
lometry were not significant, so it was decided to simplify
the study in this aspect. Nevertheless, the use of the eye-
tracker is a recommended practice that helped us to under-
stand and confirm visual and search pattern behaviour of
our users [98]. (see Fig. 4 of the Suppl. material).

5 DISCUSSION

In the analysis of temporal changes in geographical rep-
resentations, the optimization of cognitive resources is es-
sential for favoring comparison, the detection of changes
and the identification of patterns [30]. The effectiveness of
the representation used is also closely related to the task
to be performed [50]. We used quantitative and qualitative
indicators to assess the differences between small multiple
representations and banded representations.

5.1 Detecting trends within a specific region

From user feedback, Task 1 was the easiest to solve. All
four maps or representations obtained very similar results
in terms of success rates. However, the banded tile grid
map and the choropleth showed significant differences in
completion times when compared to the other two maps
(see Fig. 5). Contrary to what we expected, we did not ob-
serve a marked advantage for both banded representations
although they were the best valued by users (see Fig. 4).
The comments regarding the small multiple representations
were based on the difficulty in comparing the values in each
time step for a certain region due to the distance between
maps: “With the small multiple maps the process is the
following, you locate the region in each of the three maps
and then identify (or compare) the changes in the three
regions, whereas in the combined (banded) maps everything
is in the same place”. “It requires a little more effort because
you have to compare the regions in all three maps. The
comparison is more direct in the banded versions”. When
evaluating these comments we had to pose the question:
Why did choropleths obtain better times than banded choro-
pleths despite not being the best rated or receiving the most
favorable comments? This can be explained by analyzing the
users’ observations on the banded choropleth: “Depending
on the color of the bands in surrounding regions, sometimes
it is more difficult to establish the boundaries. This does not
happen, however, with the bands in the tile grid map” [99].
Similar comments were made for the simple choropleth:
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“The characteristic shape often helps to identify a region
on the three maps, but other times, when the nearby regions
share the same color, it is no longer as simple” [100], [101],
[102]. Two users further pointed out that there is not much
difference in the results due to the simplicity of the task but
this could be changed by increasing the number of regions
to compare: “We are only looking at the trend of one region.
If we were asked to observe the changes of two or three
regions simultaneously, the banded versions would behave
much more efficiently than the traditional ones (referring to
choropleth and tile grid map)”.

5.2 Identifying the regions that meet certain conditions

Task 2 presented significant differences (completion times
and success rates) between the banded versions and the
small multiple versions (the former obtaining shorter com-
pletion times and higher success rates). Furthermore, the
subjective evaluations were more favorable for the banded
versions (see Fig. 4). “It is much easier to reach a conclusion
with the banded version, all the information is in the same
place, and you don’t waste time comparing between maps”
[103], [104].

The comments shared by users helped us to understand
the way in which they solved this task and processed the
visual information: “In the case of the small multiple maps
(choropleth and tile grid map) the search is a bit random,
you choose a specific region in t1 and check if it has not
changed for t2 and t3”. “You start with the most easily
locatable regions (clearer positions) on the map. When you
find one that meets the requirements, you pick another one
at random, and so on”. “Sometimes the comparison can be
bidirectional: you pick a region randomly at t3 and check
that it has the same color for t2 and t1”.

Some users highlighted aspects such as the shape and
location of the regions (repeating comments they made on
Task 1): “It is easier to visually locate regions with a char-
acteristic shape (with choropleths) or in an easy-to-locate
position (with tile grid maps): Positions at the boundaries
are easier to find than the interior ones, in which you have
to consult the labels for each square (region) to ensure that
it is the correct one.”

A user also commented on the high cognitive load
associated with Task 2 and small multiple representations,
including factors such as attention: “You are so focused
on reviewing regions and jumping from map to map, that
you no longer remember if you are repeating any of those
regions mentioned”. “Have I already repeated this? The task
is much more comfortable and straightforward to solve in
the case of banded maps”.

To finish the analysis of Task 2, it would be interesting
to discuss the simplicity of the condition proposed for the
search, which is ‘regions that remain stable over time’. This
requires locating monochrome regions. However, this task
seems to require more cognitive load for the small multiple
representations: “It requires a lot of concentration, and being
aware of changes, jumping from map to map. With a more
complex pattern (a particular combination of t1, t2, t3) it
would be slightly more difficult in the case of the banded
versions but much more difficult in the case of the small
multiple ones” [105], [106].

5.3 Determining the global trend
In this task, the banded maps showed a high abandonment
rate. Users abandoned the task when they realized the
answer was going to be guesswork: “I have no idea. I would
be unable to identify the trend. The only solution would
be to count the sub-regions for the time steps, and I could
spend the whole morning doing that”. “If I had to answer, it
would be random”. “The graph has too much information,
it is impossible to determine the trend”. These comments
lead us to rule out the banded maps as a suitable option for
communicating global trends.

Users were able to finish the task using both small
multiple maps, but the choropleth obtained just 6.3% suc-
cess when compared to the tile grid map which obtained
90.6% success. In spite of this, users valued the choropleth
more positively (as the most helpful and effective map for
solving the task) due to its familiarity: “Without doubt,
the representation that best favors decision-making is the
choropleth. It is a very familiar representation to me”. This
is what we refer to as a ‘false success’, which is when the
user thinks that they have solved the task correctly but in
fact, they are mistaken [107], [108]. Only in some cases were
users able to identify the area-size bias problem related to
choropleth maps with comments such as: “The choropleth
is the clearest one to show the global trend. Wait! No! If it
is related to the number of regions, I think that the trend is
not increasing”.

Despite the good results in the case of tile grid maps,
users were not as confident in their answers when compared
to using choropleths: “I think the pattern remains stable, but
I am not sure”.

It is noteworthy that for Task 3 the choropleth was the
best valued map due to its familiarity, but this was not
the case for Task 1 or Task 2. This may be explained if we
suppose that when the perceived effectiveness-difficulty is
similar for each map, we tend to value the one which is
more familiar to us more favorably. When the perceived
effectiveness-difficulty between the maps is very clear, we
tend to choose more objectively [25], [109], [110].

6 CONCLUSION

We describe the evaluation of two static representations
together with their corresponding banded versions for com-
municating changes over time. We measure completion
times and success rates while the participants resolve ha-
bitual tasks common to their speciality fields. In addition,
we analyze the participants’ subjective opinions for each
representation in terms of effectiveness. We also examine
the general comments gathered in terms of the strong and
weak points for each representation, as well as the problems
encountered while carrying out the tasks.

The quantitative and qualitative metrics showed signif-
icant differences between the maps and their effectiveness
depending on the task being performed. The banded tile
grid map stood out as the best option in tasks associated
with detecting region trends as well as when identifying
regions that fit a certain pattern or condition (Task 1 and
Task 2). When communicating global changes over time
(Task 3), we saw that both banded versions would need to be
discarded because of the difficulty in interpreting them and
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the high abandonment rates recorded. The choropleth map,
while familiar to the audience, is not a suitable option due
to the high error rates caused by the area-size bias problem
(93.8%). The only viable candidate, the tile grid map, is also
open to debate. It obtained the highest success rates (90.6%)
and optimal completion times, but the lack of confidence
shown by the participants, leads us to advise against its
use. Due to the doubts expressed while using tile grid
maps, and the preference for a less effective representation
(choropleth), we conclude that no static map included in
this study is sufficiently effective for the communication of
global trends over time. The use of new representations in
the media (such as banded maps or even tile grid maps)
would be a high-risk option as the information presented
might not be understood by a general audience. However,
in more specialized scenarios with well versed users, the tile
grid map is preferable to the traditional choropleth.

Given that the familiarity of certain representations af-
fects the evaluation of their perceived effectiveness, and
that choropleth maps are the most used in non-interactive
solutions, we believe that the alternatives (tile grid map
and both banded versions) should be studied further, as
well as the learning curve required by the audience to
guarantee their comprehension. While it is unlikely that
a single evaluation study can be conducted to analyze all
possible scenarios, we believe that this study can be a useful
starting point, while providing insights for future map vari-
ants to be used with the broader public: Banded versions
facilitate the task of comparison in some contexts and tile
grid maps show promise against traditional choropleths to
communicate global trends. Further study is required to
measure the possible effectiveness in media communication
scenarios or in aiding with decision making.

7 NEXT STEPS

With regards to the results obtained, we believe that it
would be advisable to perform a new study employing real,
large datasets, which would allow us to play with differ-
ent snapshots (of time and values), while simultaneously
preventing learning bias in the user testing. The use of
multiple geographies in the same test and the exploration
of other possible tasks or scenarios is also advisable. In
the introduction, as well as in the section dealing with
time steps and their limitations, we mention dynamic or
interactive mechanisms to make up for the limitations of
static maps. Although these alternatives do have advan-
tages and are often used for representations of multiple
time steps, they can present the same problems as static
maps from a cognitive load perspective. For this reason,
their effectiveness should be questioned when seeking to
communicate trends and changes over time or when aiding
decision making processes. Another aspect of interest for
further analysis is how familiarity and a similar level of
difficulty can influence the perception of effectiveness when
interpreting maps.
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