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Abstract

Understanding data visualizations, such as bar charts, can be seen as a crucial ability in
current data-driven information culture. This ability, referred to as Visual Data Literacy
(VDL), involves reading, interpreting, and critically assessing visualized information.
Traditional VDL assessments often rely on task-based performance measures, such as
retrieving values from a graph. While useful for measuring specific skills, these methods
neglect other ability dimensions well-established in visualization research. These include
graph familiarity, self-perceived comprehension, and the interpretation of visualization
design — all of which may shape how readers interact with or understand data visual-
izations. Therefore, MAVIL, a Multidimensional Assessment of Visual Data Literacy,
is introduced and build on conventional performance-based measures, but incorporates
self-perceived ability ratings across six ability dimensions: Comprehending, Decoding,
Aestheticizing, Criticizing, Reading, and Contextualizing. These ability dimensions stem
from deconstructing VDL as a process of understanding, referencing frameworks from
the learning sciences. MAVIL was designed for general audiences and tested through
two phases of survey pilots with eight participants. It was then deployed in a survey
representative Austria’s age groups from 18 to 74 years and their male-female gender
distribution and in a follow-up implementation in the Digitize! social science survey with
2373 respondents. This thesis documents the development of MAVIL and the evaluation
of its test implementations. The collected data reflect the surveyed population’s VDL —
combining self-perceived ability ratings, task performance, and open-ended visualization
critique — and shows the perception of two climate data visualizations, a line and bar
chart. Results reveal that roughly one in four have deficits in comprehending simple data
units, about one in five feel unfamiliar with the chart types shown, and self-perceived
numeracy significantly relates to data reading performance (p = 0.0004).






Kurzfassung

Das Versténdnis von Datenvisualisierungen, wie Balkendiagrammen, ist eine zentrale
Fahigkeit in der gegenwirtigen, datengestiitzten Informationskultur. Diese Fahigkeit, die
sich als Visual Data Literacy (VDL) bezeichnen lasst, umfasst das Lesen, Interpretieren
und kritische Bewerten von visualisierten Informationen. Traditionelle Methoden zur
Erfassung von VDL beruhen meist auf leistungsorienterten Mafsen, etwa dem Ablesen spez-
ifischer Werte aus Diagrammen. Diese Ansétze messen zwar gezielt bestimmte Fahigkeiten,
vernachléssigen jedoch andere Dimensionen, die in der Visualisierungsforschung als rele-
vant gelten. Dazu zéhlen die Vertrautheit mit Diagrammtypen, die selbstwahrgenommene
Verstéandlichkeit und die Interpretation gestalterischer Elemente — all diese Aspekte kénnen
entscheidend beeinflussen, wie Leser*innen mit Datenvisualisierungen interagieren oder sie
verstehen. Um diese Liicke zu schliefsen, wird in dieser Arbeit MAVIL (,Multidimensional
Assessment of Visual Data Literacy”) vorgestellt. MAVIL erweitert leistungsbasierte
Ansétze durch Selbsteinschitzungen entlang von sechs Fahigkeitsdimensionen: Verstehen
(Comprehending), Dekodieren (Decoding), Asthetik Wahrnehmen (Aestheticizing), Kri-
tisieren (Criticizing), Lesen (Reading) und Kontextualisieren (Contextualizing). Diese
Dimensionen basieren auf einer Dekonstruktion von VDL als Verstehensprozess, basierend
auf Konzepten aus den Lernwissenschaften. MAVIL wurde in zwei Phasen mit insgesamt
acht Teilnehmer*innen pilotiert. Anschliefend wurde es in einer Umfrage mit 438 Personen
getestet, die die Altersverteilung von 18 bis 74 Jahren sowie die Geschlechterverteilung
(ménnlich /weiblich) der 6sterreichischen Bevolkerung innerhalb dieser Altersgruppen
reprasentieren. Ein reduziertes Fragenmodul von MAVIL wurde zudem in der sozialwis-
senschaftlichen Umfrage Digitize! implementiert und von 2373 Personen beantwortet.
Die erhobenen Daten spiegeln die VDL der befragten Bevolkerung wider — durch eine
Kombination aus Selbsteinschitzungen, leistungsbasierter Daten und offenen Bewertungen
von Visualisierungen — und bilden die Wahrnehmung zweier Klimadatenvisualisierungen
ab, eines Linien- und eines Balkendiagramms. Die Ergebnisse zeigen unter anderem, dass
etwa ein Viertel angbibt, Schwierigkeiten beim Verstehen einfacher Datenangaben zu
haben, sich jede fiinfte Person mit den dargestellten Diagrammtypen nicht vertraut fithlt
und die selbstwahrgenommene numerische Kompetenz signifikant mit der Lesegenauigkeit
korreliert (p = 0,0004).
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1. Introduction

Understanding data visualizations is a critical skill in today’s information culture, as they
are frequently used to communicate information and to engage the public [I} 2 B]. These
visualizations represent data in a wide variety of formats and contexts, ranging from
bar graphs to scatterplots, crisis visualizations to health data trackers, and simple static
plots to complex interactive graphics. Despite their widespread use and importance for
effectively communicating critical information [4} [5, [6], there remains a lack of assessment
structures to evaluate their understandability and whether readers — particularly non-
experts [7] — can interpret them effectively. Existing assessments for Visual Data Literacy
[8, @, 10] often oversimplify this ability by focusing on task-based measurements like value
retrieval, failing to account for other well-established facets in visualization research. This
work addresses these gaps by developing a multidimensional evaluation framework that
examines how public audiences engage with and critique visualized information, with a
particular focus on climate data visualizations.

Visual Data Literacy can be defined as the human ability to read, interpret, and
critique visual data representations [8]. While research has provided valuable insights
into the dimensions of this ability — such as the role of graph familiarity [II] or perceived
trust [I2] for understanding data visualizations — these insights have not been sufficiently
incorporated into existing ability assessments. A common approach to assessing Visual
Data Literacy relies on task-based methods, where readers are asked to retrieve specific
values, compare data points, or complete similar tasks across multiple visualizations.
Their performance is then scored to evaluate their literacy. Examples of such frameworks
include the Visualization Literacy Assessment Test (VLAT) [§], its shorter version, the
Mini-VLAT [9], and the Critical Thinking Assessment for Literacy in Visualizations
(CALVI) [10]. MAVIL complements existing approaches by incorporating self-perceived
abilities, enabling an assessment of Visual Data Literacy that considers both task-based
performance and how visualization readers perceive their own skills. By incorporating
self-perception, MAVIL captures nuances that task-based tests may miss, such as how
trustworthy a visualization seems or difficulties linked to specific graph elements.

For the development of MAVIL, Visual Data Literacy is conceptualized as a process
of understanding, rooted in the interaction between a visualization reader and a data
visualization. Drawing from the learning sciences, this process can be deconstructed
into ability facets [13| 14], and each of these dimensions can be turned into a distinct
assessment block. The resulting six Visual Data Literacy dimensions covered in MAVIL
are as follows:
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o Comprehending covers overall perceived understanding of the visualization and the
perceived applicability of its information.

e Decoding focuses on the ability to analyze specific visualization components, such
as color-encoded graph elements.

o Aestheticizing evaluates the respondent’s perception of the visualization’s aesthetic
appeal and its perceived trustworthiness.

o (Critiquing assesses the ability to critically evaluate the visualization, including
articulating suggestions for improvement.

e Reading measures the ability to extract and correctly interpret specific data points
directly from the visualization.

e (Contextualizing examines personal interest, background knowledge, and attitudes
related to the visualization’s content, including broader contextual understanding.

A key area where data visualizations have gained importance in both research and
public discourse is climate change and other crises [15] [16} 17]. Visuals can clarify crisis
origins, support decision-making, and foster engagement [18, [19] 20], yet balancing sci-
entific accuracy with accessibility remains a challenge [21], 22]. Therefore, climate data
visualizations were selected developing and testing MAVIL, as they provide the necessary
— and also a critical type of — visual data representation for a literacy assessment. Further,
though data visualizations are recognized as meaningful for information communication,
there remains a limited understanding of how general audiences engage with them and
extract essential information [23] 24]. Prior research on data visualization understanding
has focused heavily on expert audiences [I1} 22, [7] or specific groups, like students [25] 26].
Given the increasing need for data literacy, as not everyone is in the same way data-savvy
[27], our assessment is designed to engage a broad audience, including people of varying
ages and without expertise in data visualization. MAVIL is based on implementing
different question types (scale ratings for self-perceived abilities, true-or-false questions for
data reading tasks, and optional text fields for open-ended responses) to cater to different
response styles [28].

The development process of MAVIL covered a design phase and three test implemen-
tation phases, all of which were carried out in German language. In the first test
implementation phase, pilots were conducted with eight participants, who completed
the assessment, and discussed their experience in semi-structured interviews. The pilots
were conducted to identify potential issues and enhance the assessment’s validity through
qualitative feedback. They also informed the following second test implementation
phase, where MAVIL was presented to 438 participants in an online survey. FEach partic-
ipant read data from two climate data visualizations (shown in Figures and ,
chosen for their simplicity, familiarity and importance in conveying critical information
[15, 19 29]. This implementation has a representative scope for Austria regarding age
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the tested data visualizations are listed in Section

groups (18-74 years) and the male-female gender split within them. In a third test
implementation phase, parts of MAVIL were included in an interdisciplinary survey.
As part of the project Digitize! Computational Social Sciences in the Digital and Social
Transformation, selected MAVIL questions were presented to 2373 survey participants
in Austria. One of the climate data visualizations from the prior implementation, a bar
chart (shown in Figure , was presented to the survey panel.

While the second and third test implementation phases, where the assessment was
tested with survey groups, informed the design of MAVIL, they also provide data for
quantitative evaluation. The survey evaluation demonstrates how MAVIL can capture
the self-perceived and performance-based ability composition of visualizations readers
and it also highlights how participants perceived the tested visualizations, a line chart
and bar chart on climate data.

Outlook on Results. In the second test implementation (n=438, ages 18-74), 48% of
respondents made mistakes with the simple line and bar charts. About a quarter of re-
spondents found simple data units, such as millimeters, in the surveyed data visualizations
incomprehensible. Further, about 12% felt unfamiliar with both displayed graph types.
Regarding aesthetic perception, there was a tendency to find the visualizations attractive
or well-designed while simultaneously rating them as trustworthy. In the optional text
fields on visualization criticism 37% of survey respondents reported at least one point of
critique. The qualitative evaluation of text inputs revealed not only respondents’ critical
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abilities but also which visualization elements can cause irritation and how the presented
data may evoke emotional responses. In this survey, respondents’ self-perceived numeracy
levels were significantly related (p=0.004) to data reading performance and all other
queried dimensions of Visual Data Literacy.

In the third test implementation, where two question blocks and selected self-assessment
questions from MAVIL were included in the Digitize! social science survey with 2373
respondents, the majority of respondents (69.9%) in Austria agreed that climate change
is partly caused by human activity. For around 40% of respondents, reading the climate
data from the bar chart was challenging, as they made at least one mistake in three data
reading tasks.

Contributions. The design of MAVIL integrates multiple dimensions of the ability to
read, interpret, and critique data visualizations into a concise assessment which covers
self-perceived and performance-based ability ratings. Its question blocks synthesize
findings from various studies and theories on Visual Data Literacy, structuring them into
a multidimensional measurement approach. Building on task-based assessments like VLAT
[8] and CALVI [10], MAVIL extends beyond data visualization tasks by incorporating self-
assessment questions, capturing additional ability facets. The assessment was developed
iteratively, integrating qualitative feedback and aiming to be accessible to general audiences.
It underwent three test implementation phases that informed the design and resulted in the
quantitative analysis of two survey datasets, which are insightful for the lay understanding
of two climate data visualizations. These datasets offer insights into the Visual Data
Literacy of the surveyed populations and contribute to the broader effort to develop
process-oriented assessments of understanding in visualization research.



2. Background

Visual Data Literacy (VDL) has been described as being able to read, interpret and
critically deal with data visualizations [§], and many studies and definitions have dealt with
this ability (see Section . For an assessment of VDL, we developed ability dimensions
in a theory-driven approach, following both a bipartite framework and multi-faceted
descriptions of understanding from the learning sciences. The ability assessment through
MAVIL, a Multidimensional Assessment of VDL, consists of different question blocks,
whereas each question block covers an ability dimension, as outlined in Section
Creating an assessment that accounts for the multi-dimensional composition of VDL was
deemed necessary because current assessments are dominantly task-based, and therefore,
they are perspectively limited in their ability display (see Section . We highlight
studies using self-perceived abilities in relation to performance in Section arguing that
such ratings can offer unique insights in VDL assessments beyond established methods.
When assessing VDL, climate data visualizations were selected as relevant assessment
objects because understanding them is a critical scenario in public communication (see

Section .

2.1. Visual Data Literacy as a Multidimensional Ability

Visual literacy has been discussed as an intellectual and social phenomenon since the
1960s, linked to the Information Age and its impact on society and technological culture
[30]. Initially, it was explored in education, communication, visual arts, and psychology
[30]. These multidisciplinary roots highlight the value of approaching the ability from
different perspectives. A multidimensional assessment aligns with this view by treating
literacy as an ability that can be described from various perspectives. An exemplary
definition of visual literacy in data visualization research from 2017 refers to it as the
ability to interpret, understand, and create visual data representations [8]. This aligns
with the definition published in the ACRL Visual Literacy Competency Standards for
Higher Education in 2011, where a visually literate person would be able to “interpret
and analyze the meanings of images and visual media” [31I] and to “design and create
meaningful images and visual media” [31].

In this thesis, we rely on works referencing visual literacy, as this term is well-established,
or on those linking literacy to data visualizations (such as [32]). Henceforth, the ability
will be referred to as Visual Data Literacy (VDL). To assess VDL, we adopt a bipartite
framework, that covers top-down (representing the visualization reader) and bottom-up
(representing the visualization) aspects. Additionally, we draw on insights from the learn-
ing sciences, which break complex processes, such as understanding, down into sub-skills.
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2.1.1. Visual Data Literacy Ability Facets

In order to define ability dimensions of VDL, a literature review was conducted to identify
which facets effectively describe the ability, aiming to integrate different theories and study
findings. Therefore, VDL is not only defined as the ability to comprehend and interpret
data visualizations, but it is influenced by factors such as the complexity of visualized
information [22], and abstract thinking skills [33]. Further, the ability encompasses
understanding structural elements like data units, visual aspects like color usage [34],
and familiarity with graph types [II]. VDL could be related to aesthetic perception, and
may include the visual appeal of data visualizations [35] and its potential influence on
perceived trustworthiness [12]. Additionally, higher numeracy skills are linked to more
accurate data interpretation [36] [37], and personal interest in the displayed topic may
also influence the ability to read visual representations [I1]. VDL also encompasses the
ability to critically evaluate visualizations, including identifying errors and suggesting
improvements [38, 39]. All of these ability dimensions may impact a visualization reader’s
ability to accurately read visual data. For MAVIL, each identified ability dimension was
assessed in a question block. There are six dimensions, informed by literature findings,
which are made more elaborate in Section Comprehending, Decoding, Aestheticizing,
Critiquing, Reading, and Contextualizing.

2.1.2. Visual Data Literacy from a Bipartite Perspective

Visual Literacy can be viewed through a bipartite perspective, distinguishing between
top-down and bottom-up aspects [40]. Top-down characteristics refer to the perception by
visualization readers, shaped by factors such as prior beliefs, demographic characteristics,
and personal skills. Here, numeracy, for instance, has been identified as a critical skill
influencing data reading accuracy and knowledge gains [37]. In contrast, bottom-up
characteristics focus on the visualization itself, including its content or aesthetic structure
[34]. MAVIL incorporates both aspects by aligning ability facets with either viewer- or
visualization-focused dimensions, as shown in For example, Dimension 6,
which addresses Contextualizing (see the description of MAVIL dimensions in Section ,
represents top-down characteristics, and Dimension 2 on Decoding represents bottom-up
characteristics. We further expanded this two-level approach by integrating frameworks
that treat understanding as a multifaceted construct in the next Section [2.1.3]

2.1.3. Deconstructing Visaul Data Literacy into Ability Facets

While this bipartite perspective informed MAVIL’s design, by addressing both the visual-
ization reader’s features and elements of the data visualization, frameworks with a more
multi-faceted approach to defining abilities were also integrated. Insights from learning
sciences, such as the framework The Siz Facets of Understanding [13], deconstruct the
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Dimension Ansle Ability Examples Related Facet of Under- Example Finding From
in MAVIL g to Visual Data Literacy standing [13] Full Survey
. Summarize visualized content, . 76% feel confident in
Comprehending - Top-Down recall information [33, 22] Explanation summarizing
L Examine color usage, analyze . . 12% feel unfamiliar with
Decoding Bottom-Up graph elements [34, 11] Interpretation both line and bar charts
. L Decide upon trustworthiness, Perceived beauty was
Aestheticizing Bottom-Up judge visual appeal [12, 35] Empathy linked to trust
YR Articulate criticism, make ) . 37% submitted meaningful
Critiquing Bottom-Up design suggestions [39, 38] Perspective critique in optional inputs
07 . - H P
Reading Top-Down  Solve data reading tasks [8, 9] Interpretation 48A>‘made errors in data
reading tasks
Contextualizing Top-Down Utilize statistical skill, put Application Self-perceived numeracy

visualization in context [37, 41] correlated with data reading

Figure 2.1.: VDL dimensions in MAVIL, developed from either a viewer-focused (top-
down) or visualization-focused (bottom-up) perspective. Each dimension is
illustrated by example activities and aligned with a corresponding Facet of
Understanding [13]. Additionally, we share insights from our representative
survey where we tested MAVIL, which is evaluated in detail in Section @

complex process of understanding by breaking it down into different ability categories.
This framework by Wiggins and McTighe conceptualizes understanding as being able to
explain, interpret, apply, empathize, have perspective, and self-knowledge. Accordingly, a
respondent who can summarize the content of a data visualization (see MAVIL Diml, for
an overview of VD ability dimensions refer to Section would be able to explain. If a
respondent solves a data reading task (Dimb), this is an act of interpretation. Someone
who has decided upon the trustworthiness of a visualization (Dim3) has empathized with
the perspective of whoever created it. Someone who can contextualize displayed data
(Dim1) can apply. Articulating criticism of a visualization, such as making a design change
suggestion (Dim4), would be a sign of being able to take perspective. Self-perceived
numeracy or interest in climate change means applying existent skills or knowledge (Dim6).
Further, some MAVIL dimensions use self-perception ratings to let readers estimate their
own ability, which is an excericse that fosters self-knowledge (Dim1, Dim2, Dim6).
Similarly, Bloom’s Taxonomy of Educational Objectives for Knowledge-Based Goals
[14] deconstructs knowledge and learning into ability levels across cognitive, affective,
and psychomotor domains, which are most commonly used for cognitive intents [41].
According to this framework, memorizing is followed by understanding, application, then
analysis, evaluation, and creation. If applied to VDL, a respondent who recalls the
information of a visualization (Diml) remembers it. Someone who can translate the
displayed information by integrating it into their prior knowledge (Dim1) can understand.
Solving a data reading task (Dim5) means applying and using information in a new
situation. Someone who examines the usage of color (Dim2) can analyze by distinguishing
between visualization elements. Someone who justifies a stand, such as making a point
of critique (Dim4), can evaluate. A respondent who makes a constructive design change
suggestion (Dim4) would be able to create and develop a visualization further.
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Following these approaches from the learning sciences, we built MAVIL dimensions by
linking facets of understanding to well-established VDL ability examples, as exemplified

in |Figure 2.1

2.2. Limitations of Prior Literacy Assessments

Prior literacy assessments on data visualizations often rely on a task-based approach,
query a single data visualization type, and/or address specific audience groups. This
is the case for recent assessments, such as a treemap literacy test [42] and a parallel
coordinate plot literacy test [43]. Several studies focused on an educational context, such
as the qualitatively derived principles for a visual literacy assessment in school settings
[25]. In another study, it was inquired how expert audiences assessed their understanding
of visualized scientific climate change information [II]. Though such attempts were
made, they implemented similar, one-dimensional assessment questions. And, as has been
critically pointed out before, consideration of general audiences, which will inevitably
involve people with different ability levels, is still in need of improvement in visualization
research [44] 45, 32].

In 2017, Lee et al. [§] introduced a Visualization Literacy Assessment Test (VLAT) to
counter a lack of solidified tools for measuring literacy. The test consists of 53 validated
multiple-choice questions comprising data visualization tasks like value retrieval. It was
implemented on 12 data visualizations and specialized in measuring performance for simple
visualization tasks. Such tasks, whose solutions can be classified as correct or incorrect,
are beneficial for a reliable assessment. They provide a solid measure but hardly allow
for a complex depiction of how visually literate respondents are and perceive themselves.
Focusing on these types of tasks means anchoring the assessment in one dominant ability
field of VDL. This leads to disregarding other dimensions that have been proven to
influence the understanding of visualizations. Notably, VLAT was recently broken down
into a briefer version, the Mini-VLAT [9], to counter limitations of implementing an
assessment structure, which originally demands 20+ minutes to be completed. While
the briefer scope of the Mini-VLAT is more welcoming toward general audiences, it is
still limited to correctly reading and retrieving values. The Critical Thinking Assessment
for Literacy in Visualizations (CALVI) by Ge et al. [I0] shifted its assessment focus
to integrating critical ability as a part of Visualization Literacy. CALVI consists of 45
finalized items based on visualizations with multiple deliberate misleaders covering nine
different chart types. The test takes a meaningful step towards a more complex ability
understanding, but remains limited to an approach relying on data visualization tasks.

Data visualization tasks commonly used in prior literacy assessments like VLAT [8] or
CALVI [10], such as value retrieval or data point comparison, primarily require readers to
interpret visualizations in order to provide assessment answers. As discussed in Section
where ability categories from the learning sciences [13] [14] were related to VDL,
engaging with data visualizations involves more than just interpreting. It can be argued
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that an assessment for VDL should extend beyond Interpretation to include abilities such
as Explanation, Application, Perspective, Empathy, and Self-knowledge (see [Figure 2.1).

2.3. Self-Perception in Ability Assessments

Recently, PREVis, a scale for perceived readability in data visualizations, was introduced
by Cabouat et al.[46] and exemplifies how self-perception may provide insights into literacy.
Using Likert scales, it measures four facets of perceived readability: understanding,
visualization layout, data value readability, and perception of data patterns. PREVis is
built on a strong theoretical foundation, but its exclusive focus on readability is limiting,
as the authors acknowledge [46]. MAVIL overlaps with some PREVis aspects, such as
perceived understanding (see MAVIL Diml in and identifying visual elements
(Dim?2 in [Table 2.2)), but provides additional insights. For instance, our survey, detailed
in Section 4} found that 22% of respondents struggled to comprehend "millimeters", and
28% found "millions of tons" unclear (Q2a).

Self-assessment assumes that human traits and skills are quantifiable and measurable [47]
and can complement task-based tests to support more nuanced approaches to measuring
abilities [48, 49]. In our study, self-assessment captures how visualization readers perceive
facets of their VDL. We hypothesize that these self-perceptions can reveal nuanced insights
into the ability and may correlate with objective performance on data reading tasks.
Similar approaches have been widely applied in psychology, education and health research:
self-concepts of talent have been compared to performance [50], self-perceptions have
been linked to academic achievement [51], 52], perceived coping abilities have been shown
to predict smoking cessetation outcomes [53]. Further, self-perception is recognized as a
survey approach in political science, i.e. to gain insights into participants’ stances and
beliefs [54] 55].

While self-perceived ability ratings are not in the same way objective or precise like
task-based performance measures, they can still be predictive [56]. Rather than replacing
established methods like VLAT [§], we aim to integrate self-perceived ability ratings
to enhance VDL assessments. Beyond measuring what people can do, self-assessment
sheds light on how respondents perceive their interactions with visualizations. It remains
underexplored how visualization readers’ personal beliefs, trust and emotional responses —
which have been shown to shape information retrieval [57, 58] — may affect visualization
understanding.

2.4. Climate Data Visualizations as Assessment Objects

In developing a VDL assessment tool, we had to decide on the type of visual representation
to present alongside the assessment questions. We chose to assess the comprehension of
climate data visualizations, as they are meaningful for conveying scientific evidence about
climate change and other current issues in research and the public discourse [15} 19, 20].
Though scientific evidence on climate topics should be broadly accessible, for example
due to its interconnectedness with socio-political and cultural phenomena, it has been
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described as particularly challenging to convey. Technically, data visualizations are seen
as suitable for communicating complex information effectively and efficiently [59, [11].
However, in reality the authors of the Intergovernmental Panel on Climate Change self-
reflectingly discussed the complexities and tension between depicting data as scientifically
accurate and comprehensible to wider audiences. They were cognizant that their own
visualizations are not all easily understandable, identifying areas for improvement [21], 22].
Such improvements are needed to strengthen information distribution and trust in sciences
related to the climate discourse, in which data visualizations play a crucial role [29].

For the development of MAVIL, a simple line chart and a simple bar chart with climate
data (see were selected, assuming that a number of the surveyed audience
would have encountered these types of data visualizations, e.g., in everyday news sources
before. At the same time, others who might feel unfamiliar with the type of displayed
visualization are likely to still find the examples comprehensible due to their simplicity.
The choice of climate data exemplifies how content knowledge can be incorporated into
an ability assessment, and exemplifies how displaying a particular topic may provoke a
range of emotional reactions by visualization readers (see Section [4.1.5]).

In the line chart , the x-axis represents years, while the y-axis shows sea
level height, starting from 0 mm in 1993 and reaching approximately 100.8 mm in 2021. A
highlighted annotation in the middle of the graph states, “Sea levels are rising on average
3.5 mm per year,” drawing attention to the steady upward trend. The line is shaded with
a light blue area labeled "Divergence," emphasizing the rate of increase. In the horizontal
bar chart CO+ emissions of various countries in 1990 and 2018 are shown,
measured in million metric tons. The bars are color-coded: dark gray represents emissions
in 1990, while light gray represents emissions in 2018. A red or green percentage change
is indicated for each country, showing the increase or decrease in emissions between these
years. Each country’s flag is displayed alongside its name, covering China, the U.S., India,
Russia, Japan, Germany, Iran, South Korea, Saudi Arabia, and Canada. A large CO»
cloud icon is placed in the middle of the chart.

2.5. Merging Ability Dimensions of Visual Data Literacy in
MAVIL

Visual Data Literacy is considered complex and multilayered, and it can be defined
drawing on varied expertise (as outlined in Section . Based on different approaches to
VDL, the ability was deconstructed into six ability dimensions: Comprehending, Decoding,
Aestheticizing, Critiquing, Reading, and Contertualizing. Each dimension informed the
creation of a question block for the Multidimensional Assessment of Visual Data Literacy
(MAVIL), which consists of self-assessment questions, text field prompts, and data reading
tasks. The subordinate questions for each block are included below. The numerical order
of dimensions reflects the order in which the question blocks were implemented in a survey
format, and they should not be read in a hierarchical sense.
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2.5. Merging Ability Dimensions of Visual Data Literacy in MAVIL

2.5.1. Dimension 1: Comprehending

First, self-perception of the overall graph comprehension, including abstract thinking, is
surveyed. The perceived understandability of a data visualization by its reader can serve
as an indicator of their potential comprehension. Consequently, the overall impression of
the provided data visualization example is assessed (Dla, see . The complexity
of visualized information — encompassing factors such as quantity, variety, and openness
[22] — can significantly affect comprehension. Therefore, readers are asked to self-assess
their ease of reading the data visualization (D1b). Additionally, in line with the definition
of abstract thinking as markers of advanced visual literacy [33], participants are prompted
to consider whether they could connect the shown information to their personal knowledge
(D1c), and if they could summarize the visualization’s content for others (D1d).

All questions in this initial block are self-assessment-based, with (partial) agreement
to these statements theoretically indicating a high level of VD and suggesting a high
likeliness of correctly understanding the examined data visualization. More detailed
descriptions of the survey task design is provided in Section

ID Question in MAVIL Theoretical foundation

Dla The figure is understandable to me. Introductory question to ask for
subjective understandability rating.
D1b I can easily read information from The complexity of visualized information

the visualization. may influence its understandability [22].
Dlc I can connect the shown information Abstract thinking may indicate a high
to my previous knowledge. level of visual literacy [33].

D1d I could summarize the content of
the visualization for someone.

Table 2.1.: Overview of MAVIL questions on Comprehending, with question IDs, phras-
ing, and theoretical foundations.

2.5.2. Dimension 2: Decoding

The second set of questions focuses on graph-specific aspects, thereby examining bottom-
up elements of VD from the perspective of the visualization reader. Dimension 2 focuses
on self-perceived decoding of graph specifics, such as graph elements and familiarity with
graphs. The comprehensibility of the displayed measurement units (D2a) and the clarity
of color usage (D2b) are evaluated. This approach follows the idea that understanding
visualizations depends on both structural elements like data units and visual aspects such
as color [34]. Additionally, given that familiarity with graph types has been shown to aid
in accurate data interpretation [II], this aspect is also explored (D2c, D2d).

All questions are presented in a self-assessment format (see . In this block,
specific adaptations were made to the questions to suit the tested data visualization
example and to enhance clarity for the intended general audience. For instance, a data
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ID Question in MAVIL Theoretical foundation
D2a I understand the units of measurement Visual literacy partly addresses
shown here, such as [insert example].  understanding structural elements [34].
D2b I can easily see if the colors used in Visual literacy partly addresses
the figure show information. understanding visual elements [34].
D2c¢  This is the first time I have read Familiarity with a visualization type

information from a [insert graph type|. may increase the likeliness of correct
D2d I am familiar with [insert graph type|] graph understanding. [I1].
as a way to represent data.

Table 2.2.: Overview of MAVIL questions on Decoding, with question IDs, phrasing,
and theoretical foundations.

unit example referring the tested visualization is provided in D2a, and the shown graph
type is specified in D2c.

2.5.3. Dimension 3: Aestheticizing

Dimension 3 addresses self-assessed aesthetic perception in relation to VD. Here, the
BeauVis scale [35], which was developed in 2022 by He et al., was adapted (D3a-D3c).
This scale consists of singular English-language adjectives that are synonymous and
intended to capture various aspects of aesthetic perception. The descriptive terms of
the BeauVis scale were translated into German, as this is the primary language of the
surveyed population. This translation was performed in a language-sensitive manner
to convey the original intent. The questions (D3a—D3c), as shown in do not
replicate the exact phrasing of the validated scale but are instead English translations
of the German version we developed. The development of a German version was partly
informed by a qualitative pilot study, further detailed in Section The questions on
aesthetic perception are supplemented by a question on perceived trustworthiness (D3d),
as attributing beauty to a visualization may positively influence its perception [12]. All
questions in this block are in a self-assessment format.

ID Question in MAVIL Theoretical foundation

D3a The figure appeals to me. A combination of adjectives can query the
D3b  The figure looks very nice. aesthetic perception of a data visualization
D3¢ This figure is well designed. (BeauVis scale [39]).

D3d The figure looks trustworthy. Beauty may causally affect trust in

visualizations [12].

Table 2.3.: Overview of MAVIL questions on Aestheticizing, with question IDs, phrasing,
and theoretical foundations.
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2.5.4. Dimension 4: Critiquing

Dimension 4 centers on self-perceived critical ability and understanding of visualization
construction. Respondents are asked to provide specific feedback on the data visualization,
including suggesting improvements (D4a, D4b), as literacy encompasses the ability to
question and propose changes to a given object [38]. This aligns with the concept of
the ability as a set of skills related to not only reading, but also writing, and creating
visualizations [39} [60].

ID Question in MAVIL Theoretical foundation

D4a I have a suggestion for a change to the  Visual Literacy not only covers the
figure. ability to read, but also to write
D4b  If I could, I would design something in  visuals [39].
the figure differently.

D4c I would like to remark something Visual literacy involves critical
positive about the figure. inquiry and seeking improvement
D4d I would like to remark something suggestions [3§].

negative about the visualization.

Table 2.4.: Overview of MAVIL questions on Critiquing, with question IDs, phrasing,
and theoretical foundations.

In this block, respondents were also provided with two optional text fields to articulate
perceived visualization strengths (D4c) and weaknesses (D4d). These fields were optional,
acknowledging that respondents with weaker writing skills may struggle to provide detailed
responses [61) [62]. The questions in this block are presented in

2.5.5. Dimension 5: Reading

Dimension 5 complements MAVIL with task-based questions by presenting data reading
exercises (Dba-Db5c), as this type of assessment question is well established, such as in
VLAT [8] and CALVI [10], which were discussed in Section These tasks directly
relate to the data content of the visualizations being tested. The data reading tasks were
presented in a true-or-false format. In data reading questions specific to the

tested bar chart (see [Figure 1.1b)) are provided as an example.

2.5.6. Dimension 6: Contextualizing

Finally, two contextual ability facets closely related to VD are surveyed: self-perception of
numeracy skills and topic interest. A higher level of numeracy has been shown to indicate
a greater likelihood of accurately reading information from a data visualization [36], [37].
Although established numeracy tests are effective, they would have been too lengthy for
the concise assessment scope required here. Therefore, instead of using existing numeracy
tests, respondents self-assessed their numeracy level (D6a, D6b) [48]. Both questions on
numeracy are presented in a self-assessment format and can be found in
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ID Question in MAVIL Accuracy

D5a  According to the figure, CO2 emissions are only declining in True
Russia and Germany over the course of 28 years.

D5b  The figure shows COq emissions in billions of metric tons. False

D5c¢  According to the figure, COy emissions are increasing in most True

countries from 1990 to 2018. The smallest increase is in Japan.

Table 2.5.: Overview of MAVIL questions on Reading, with question IDs, phrasing of
true-or-false statements, and indication whether statement is true or false.

The data reading questions are specific to the bar chart shown in

ID Question in MAVIL Theoretical foundation

D6a I have good math skills. Numeracy skill is likely to increase

D6b I find it difficult to deal with the ability to understanding a data
statistical information. visualization [37].

Table 2.6.: Overview of the first part of MAVIL questions on Contextualizing, with
question IDs, phrasing, and theoretical foundations.

In addition to addressing numeracy as a personal skill, Dimension 6 explores personal
attitudes toward the displayed content, as the understanding of visual representations
has been shown to depend on the personal knowledge and interests of the readers [40, [11].
Therefore, four questions are tailored to assess interest in climate-related topics, as the
visualizations used during testing featured climate data. This block includes questions on
belief in climate change (D6c, D6d). These questions were developed for the Digitize!
survey project, which aims to gather representative opinions and attitudes from the
Austrian population, as further described in Section All questions in Dimension 6

are presented in self-assessment format (see [Table 2.7]).
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ID  Question in MAVIL Theoretical foundation

D6c  Climate change is a proven fact. Belief systems may shape under-

D6d The climate is not affected by human standing visual information [63].
activity.

D6e I am concerned about climate change. = Reading accuracy is more likely

D6f I deal with climate and environmental  if readers have expertise on a
issues out of my own interest. represented topic [11].

Table 2.7.: Overview of the second part of MAVIL questions on Contextualizing, with

question IDs, phrasing, and theoretical foundations.
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3. Methodology

The development of MAVIL (Multidimensional Assessment of Visual Data Literacy)
involved a design phase followed by three test implementation phases. The design of the
assessment questions, described in Section [3.1] was based on the deconstruction of VDL
into ability dimensions, as outlined in Background Section 2.5] and the questions were then
formatted as a digital survey. In the first test phase (see Section , survey pilots were
conducted with eight participants, and semi-structured interviews provided qualitative
feedback to identify potential problems. After refining the assessment questions, the
second phase (see Section involved an online survey completed by 438 respondents,
representative of Austria’s population aged 18 to 74 years and the male-female gender
split within those age groups. The data collected was used for quantitative analysis of
the assessment, such as evaluating variable correlations. Finally, in the third phase (see
Section , two blocks of MAVIL questions were included in the Digitize! social science
survey [64], where 2373 respondents answered MAVIL questions. This phase further
informed the development of the question blocks.

3.1. MAVIL in Practice: Design of a Survey

The design of MAVIL was based on the theoretical framework established in Section [2:5]
where various approaches and studies related to VDL were analyzed to define multiple
dimensions of the ability. This resulted in six question blocks, each with subordinate
assessment questions grounded in the corresponding theoretical foundations, as presented
in Tables through An overview summarizing the MAVIL question blocks, which
were then used for test implementations, can be found in As shown in the
figure, MAVIL comprises six ability dimensions of VDL, covered in six question blocks,
along with a block for the demographic details of the visualization readers. All question
blocks were formatted into a survey using SoSci Survey, a free software for the design
and implementation of academic surveys [65].

When creating the initial survey blueprint, we targeted general audiences with no
expected expertise in climate data or data visualizations. It was crucial to design with this
audience in mind [§], to ensure that the assessment would follow the aim of being accessible.
For example, short item phrasing was essential, as the survey format encourages relatively
quick responses [66]. In each of the three testing phases, an iterated version of the MAVIL
question catalog was presented to respondents. Thus, the test implementations are not
directly comparable but build upon each other. The configuration of questions and the
number of tested climate data visualizations varied across the phases of assessment testing.
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3. Methodology

OVERVIEW OF MAVIL Dim*1  Comprehending
DIMENSIONS
Dim2 Decoding
Types of Survey Questions Dim3  Aestheticizing
Likert scale rating Text field Dim4 Critiquing
Task (t/f) Multiple-choice Dim5 Reading

Dim6 Contextualizing

*Dim stands for Visual Data Literacy

ability dimension. Demographics

Figure 3.1.: Overview of MAVIL dimensions and their question types.

Please note that MAVIL was designed in German, as this is the primary language of
the surveyed population, and testing was conducted with this language version. The
assessment questions were translated into English for this thesis without testing the
language adaptation. A full catalog of questions can be found in the appendix (see
"MAVIL Catalog of Questions"), alongside the German-language original used during
testing (see "MAVIL Fragenkatalog").

3.1.1. Survey Tasks

To cater to general audiences, there were no prerequisites for taking the survey. At the
beginning of the assessment, respondents were made aware of the study’s purpose of
investigating the understanding of visually represented climate data. Respondents had
to confirm their consent to participate in the study and that they were not underage.
Instructions for completing the survey were kept concise but informative. In each test
implementation, respondents were asked to engage with one or two data visualizations by
paying attention to both content and overall impression. After initially viewing a data
visualization, respondents could proceed to question blocks related to it. In each survey
section directly referencing a data visualization, the corresponding chart was displayed
beneath the assessment questions. The survey collected three types of data: ordinal data
(e.g. self-assessment scale ratings), text data (e.g. text fields), and nominal data (e.g.
true-or-false data reading tasks).

Likert Scale Ratings. Dimensionl on Comprehending, Dimension2 on Decoding,
Dimension3 on Aestheticizing, Dimension6 on Conteztualizing, and parts of Dimension4 on
Critiquing consisted of self-perceived ability ratings questions (see . These ques-
tions were presented as statements to be rated from the perspective of the visualization
reader, and they were conveyed by an ordinal scale. Responses were given on a five-point
scale, where 1 indicated "I disagree," 2 was "I somewhat disagree," 3 was "Undecided,"
4 was "I somewhat agree," and 5 was "I agree." In the evaluation, ratings of 1 and 2
were grouped [67] to reflect disagreement with the statements, while 4 and 5 indicated
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agreement. A rating of 3 was treated as a neutral response. Based on the theoretical
foundation of each question, either end of the Likert scale was interpreted as indicating
high VDL or the likelihood of reading accuracy. The assumed interpretive meaning of
agreeing with each self-assessment statement is summarized below for each question. For
the theoretical foundations and full question phrasing, see Tables 2.1] through 2.7} as
outlined in Section 2.5l

Text Fields. In Dimension4 on Critiquing, next to scale ratings, text fields were
implemented. They asked for positive and negative points of visualization critique. The
text fields were made optional to account for respondents who might have difficulty with
writing, as this could result in briefer or less detailed answers in the survey [61l [62]. The
fields had a restricted range of up to 2000 characters and provided text inputs were
evaluated qualitatively. An optional text field for feedback was included at the end of all
question blocks, allowing respondents to share any additional comments or suggestions
about the survey. Providing a feedback option is considered good practice in survey
design [68], as it offers valuable qualitative insights into the respondents’ experiences and
perceptions, which can highlight issues or ambiguities that may not be evident from quanti-
tative responses alone [69]. This feedback field was optional and limited to 2000 characters.

Task-Based Questions. In Dimension 5 on Reading task-based data reading questions
were presented in true-or-false format, as shown in Table

Selection-Based Questions. For the demographic information section, selection-
based questions were implemented. Demographic questions gathered age data using
standard age ranges (in years) beginning with 18-24, 25-34, 35-44, 45-54, 55-64, 65-74,
and 75 and older. Age ranges are a common practice in market research, and they were
suggested by the market research organization which conducted an online survey with
MAVIL questions (see Section . Age ranges allow for efficient grouping and analysis of
respondents across standardized life stages. To ensure inclusivity, a variety of options were
provided for gender identification, including "female", "male", "diverse", "inter", "open",
"no gender entry", and an option to decline stating gender. Offering diverse options
supports inclusivity by accommodating a range of gender identities, thereby making
respondents feel recognized and respected [68]. The education level options were tailored
to the Austrian education system, covering "no compulsory school certificate", "compulsory
school certificate", "Matura", "apprenticeship/vocational training", "university degrees",
and an option for degrees not represented in the listed choices.

3.1.2. Selection and Embedding of Climate Data Visualization Examples

Certain MAVIL ability assessment questions are effective in a survey only when directly
linked to a visual representation. Consequently, data visualizations were selected for
survey testing based on several criteria: they had to display climate-related information
to align with the topic setting (for details on the choice of climate data visualizations,
see Section . The displayed data was rather low in complexity, as to not overstrain
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respondents’ willingness to engage with the visualizations. Since there were at times
two data visualizations juxtaposed during testing, their chart types had to differ. The
presentation format could not be interactive to keep the complexity low and clarify
the respondents’ engagement. Furthermore, all implemented data visualizations had
Creative Commons licensing, allowing further public usage (CC BY-ND), and were
credited accordingly in the survey display. In addition to these selection criteria, the
visualizations had to be found suitable for presentation as assessment objects to general
audiences. This was judged during short feedback exchanges with researchers from the
Research Group of Visualization and Data Analysis at the University of Vienna.

In the first test implementation phase (the survey pilots) and also in the second phase
(an online survey), each respondent encountered two data visualizations. Using two
examples helped avoid bias from the unique characteristics of a single visualization. In
an automated, balanced approach, random selection determined which visualization
respondents saw first, preventing potential carryover effects [70]. This randomization was
implemented in the SoSci software used for the survey administration, with functionality
confirmed when survey data was downloaded and analyzed. In test phases where two
visualizations were presented, some MAVIL question blocks appeared twice in the survey.
This includes Dimension 1, Dim2, Dim3, and Dim4, as they directly relate to the tested
visual representation. Data reading tasks in Dimb were adapted to the content of each
visualization example, which is why this block also appeared twice. Questions related to
specific skills (Dim6), personal stance (Dim6), and demographics appeared only once in
the survey.

3.2. Testing I: MAVIL Survey Pilots

Qualitative survey testing was carried out with eight respondents who filled out the
assessment in the presence of a researcher. In accompanying semi-structured interviews,
the respondents described their interpretation of the two data visualization examples and
discussed their experience answering the assessment questions.

In the survey pilots, four climate data visualizations were used. For each pilot phase,
with four participants each, two visual representations were tested. In the first phase of
survey pilots, a line chart displaying temperature anomalies over the course of a year and
a bar chart visualizing changes in pollutant emissions in Austria from 1995 to 2019 were
shown. In the second phase, two additional data visualizations were tested to mitigate
potential visualization biases: a line chart on rising sea level data and a
bar chart on selected countries’ CO9 emissions over time Since the tested
visualizations were created for a German-speaking audience, the content of the latter two
has been summarized in English (in Section to improve understandability for this
thesis, as their perception is discussed later on in more detail.

In this initial MAVIL testing phase, all question blocks (Dim1 to Dim6) were included,
and demographic information was also collected. Dimension 3 on Aeshteticizing was
introduced after the first phase of pilots had taken place, but was considered a substantial
addition to include for the second phase of pilots. Note that the phrasing of MAVIL
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SURVEY IMPLEMENTATION
STRUCTURE OF MAVIL

*Dim stands for Visual Data Literacy Types of Survey Questions
ability dimension.

Likert scale rating Text field
**SP indicates a rating based on self-
perception. Task (t/f) Multiple-choice
Dim*1 Comprehending Dim4 Critiquing
Q1a Understanding visualized Q4a Reporting errors

information

Sp Q1b Applying visualized Q4b Suggesting general changes SP

information Q4c
Q1c Recapping visualized
information

Suggesting design changes
Q4d Visualization strengths

Q4e Visualization weaknesses
Dim2 Decoding

Q2a Decoding data units Dim5 Reading
sP| Q2b Decoding color usage Q5a Data reading task
Q2c Graph familiarity Q5b Data reading task

Q5AT Attention test

Dim3 Aestheticizing

Q3a Visualization appeal Dim6 Contextualizing

Q3b Visualization prettiness Q6a Topic knowledge sp
SP

Q3c Visualization design quality D NS

Q3d Visualization trustworthiness

L Demographic features
QDa Age group

QDb Gender

QDc Country of residency
QDd Education level

Figure 3.2.: Overview on MAVIL questions used in the pilots and the online survey:
covering multiple VDL dimensions and surveyed demographics.

questions, as shown in Tables through in this thesis, differs from the

version used in this testing phase in terms of the number of items per question block and
specific wording. Since the questions were under development during the pilot phase, their
exact phrasing is not displayed here but is summarized in a structural MAVIL overview
in The full version of refined questions based on the survey pilot results and
used for the second test implementation is included in the appendix (see "MAVIL Catalog
of Questions").
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3.2.1. Purpose and Procedure of Survey Pilots

The survey pilots supported sharpening and validating MAVIL questions. By analyzing
the respondents’ assessment experience, including question understanding, the feasibility
of the questions could be qualitatively evaluated and then iterated upon. The insights were
particularly productive for fine-tuning question phrasing. Participants were purposively
recruited through professional and personal networks to ensure diverse educational and
professional backgrounds. Of the eight respondents, six had no expertise in climate data
visualizations, one was familiar with data visualizations in their field of work, and one
was a visualization researcher. An overview of all eight participants is shown in

The survey pilots were conducted in two phases of four pilots each. The first four pilot
sessions (P1-P4) took place between December 10 and December 26, 2022. The second
phase (P5-P8), after implementing initial revisions, was conducted from February 14 to
February 27, 2023. All sessions were held in person and lasted between 28 and 47 minutes
with a median duration of 35 minutes. Interviews were audio-recorded with participants’
consent and then transcribed.

1D Age Gender Repres-ented highest Expert.ise r'elat-ed to
range education level data visualizations

P1 25to 34 male University degree Work-related familiarity
P2 25to34 male Univsersity degree Visualization researcher
P3 18 to 24 female Matura none

P4  45to 54 female Degree not listed none

P5 18 to 24 diverse Apprenticeship none

P6 45 to 54 male Master craftsmanship none

P7 25to 34 female University degree none

P8 35to44 female Apprenticeship none

Table 3.1.: An overview of characteristics for the eight survey pilot participants.

3.2.2. Analysis of Interview Data from Survey Pilots and Learning Excerpts

The interview data was analyzed thematically by accumulating interview passages into
themes and deriving a subsequent interpretation for assessment development. The analyt-
ical process took place in reference to Grounded Theory [7I]. This qualitative method
combines interview data into bundled theoretical interpretations justified by the subject
matter. Interview data was coded and then assigned to categories [72] to gain an overview
of respondents’ assessment experience. The resulting themes from the interview data
analysis are depicted with more detail on the eight survey pilots in There,
the applicability of subthemes to each survey pilot are broken down. The following two
themes are exemplary as categories used for further survey development, which are based
on the coded interview data:

22



3.2. Testing I: MAVIL Survey Pilots

Issues of Question Comprehensibility. In the first phase of survey pilots, all re-
spondents pointed out unclear question phrasing, just as they encountered questions
they had to reread to answer. This led to specific rephrasing during the first iterative
revision. In the second phase of survey pilots, two respondents mentioned unclear phrasing,
and stagnant rereading of questions only occurred in the case of one respondent. This
observation, for example, led to a simplification of the data reading tasks in Dimension 5.
In the survey pilots, the tasks were presented as multiple-choice statements reproducing
the content of the data visualizations, with only one correct answer. This format was then
changed to a true-or-false mode, with one statement on the data visualization appearing,
whose accuracy had to be judged by the respondents (for an example see . It
was deduced from comprehensibility issues identified during the survey pilots that this
type of question might be more straightforward and less irritating for visualization readers,
while still allowing us to gather data on their reading of the tested data visualizations.

Engagement With Text Fields. Dimensiond on Critiquing consisted of, among
other questions, two optional text fields per visualization example. The survey pilots
showed varying attitudes towards expression in text form. Three out of eight respondents
principally skipped text fields; two articulated some thought; another two did not fill in
the fields, even though they verbally expressed suitable inputs to the present researcher.
The eighth respondent filled out all text fields conscientiously to, as was self-stated,
perform well in the survey. So that no assumptions are made about the respondent’s
expressive ability or their response attitude, text inputs as indicators for critical ability
were kept optional. Later in this thesis, the text inputs (Q4d/Q4e) are evaluated as
additional insight into critical ability as a facet of VDL (see Section .

Theme Subtheme (Participant Mentions) Implications for Survey
Development

Question Clarity Question phrased unclearly (P1-P4, P7, P8) | Rephrase and simplify
wording

Question reread multiple times before an- | (see above)
swering (P1-P5)

Confusion about terms related to aesthetic | Adjust German translation

perception (-/-, P6-P8) of BeauVis scale
Use of Optional Text fields generally skipped (P1, P3, P7) | Text fields may not engage
Text Fields all respondents, but provide
valuable insights for some
Brief thoughts articulated (P4, P8) (see above)

Text fields filled to "perform well" (P5) (see above)

No text field input, but relevant comments | Enhance prompts for critical
made in interview (P2, P6) feedback by separating text
fields from rating scales

Table 3.2.: The table shows themes and subthemes from the survey pilots with eight
participants (P1-P8), alongside derived implications for survey development.
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3.3. Testing Il: Full MAVIL Application in a Survey

After the qualitative survey pilots, the assessment questions and survey design were
refined to create a version of MAVIL validated through the pilots, and then presented to
a representative survey panel. The panelists were representative of Austria’s age group
distribution from 18 to 74 years and the male-female gender split within those age groups.
This survey was implemented with the aid of a market research organization. Valid survey
cases had to pass certain quality criteria, as described below. The resulting data set,
which will be evaluated subsequently (see Section , held 438 cases. The survey data
set is available on Zenodo (here: https://zenodo.org/records/12626652), alongside a
reference sheet for the data set and the questionnaire, all provided in English .

In the representative survey, two visualizations — previously tested in the qualitative
pilots — were presented: a line chart on sea level data (see [Figure 1.1a]) and a bar chart
on selected countries’” CO2 emissions over time (see [Figure 1.1b)) used for testing in the
second phase of survey pilots. For the online survey test implementation, all MAVIL
question blocks (Dim1 to Dim6) were included, and demographic information was also
collected. Within Dimension 5 on Reading, two true-or-false questions were displayed for
each visualization tested.

3.3.1. Data Collection in Cooperation With a Market Research
Organization

So that MAVIL could undergo an implementation with representative scope, respondents
were recruited in cooperation with a market research organization. The services of
three different organization were compared and offers were obtained to carry out the
assessment project. One of those organizations was chosen to guide respondents to the
survey in a controlled manner and pre-selected them based on crossing the agreed-upon
quotas of gender and age groups. The respondents originated from the organization’s
database or other websites promoting market research participation. Respondents received
incentives, whose form depended on the panelist’s affiliation with either the market research
organization or other platforms. This cooperation was funded by the Vienna Science and
Technology Fund (WWTF). The market research organization held demographic self-
reported data from the panel, the accuracy of which was verified by collecting demographic
data in the MAVIL survey.

During the cooperation with the market research organization, 457 respondents com-
pleted the assessment over 14 days via an online survey. The number of completed surveys
was achieved in subsets of 50 completions. The data quality of the completed surveys was
evaluated after each subset, followed by the criteria for valid survey cases as illustrated in
the next subsection.

3.3.2. Quality Criteria for Valid Survey Cases

The completed survey cases were downloaded as a data set from the platform SoSci,
where the survey had been self-administrated from our side. All 457 cases from the
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market research cooperation period from March 3 until March 17, 2023, were selected. A
completed questionnaire held responses for all obligatory questions (i.e., excluding the
optional text fields) and both tested data visualizations. Respondents who exited the
survey early were omitted. Another 19 cases were disregarded, as these respondents failed
to answer the attention question (Q5AT; see correctly. Referring to one of the
data visualizations, this control question asked for naming a specific value, which could
be read from the visualization. Explicitly, it asked to name the country first listed in
an overview of selected countries’ development of CO2 emissions (see . The
correct answer, in this case, was China. Acceptable inputs were "China", "china", "Chin"
and the like. The resulting data set, consisting of completed surveys during which the
attention test was passed, shows 438 valid cases.

3.3.3. Demographics of the Survey

Demographic information on the respondents included their gender, age group, and
education level. Respondents also had to confirm that their country of residence was
Austria. Inclusive options for gender self-assignment were offered (for detail see Section
[3.1.1). Of the 438 respondents, 223 were male (50.9%) and 214 (48.9%) female. One
respondent reported their gender as inter. Age groups were recorded in categories of
10-year ranges and represent the distribution of the surveyed population. The minimum
registered age was 18 since the legal age was a consent criterion, and the maximum was
74 years, as this was the highest age of online panelists available to the market research
organization.

The representation of education levels, though meaningful, was not sought after because,
among other things, the standardized procedure of the market research organization did
not provide for the representation of this demographic feature. The resulting educational
backgrounds of respondents turned out to over-represent those with tertiary degrees,
such as academic degrees, and under-represent those with primary degrees as the highest
educational level. he educational background of the 438 respondents was as follows: 1.4%
had no formal school degree, 5.7% completed compulsory education, 65.3% completed
secondary education, 26.9% held a tertiary degree, and 0.7% indicated their educational
degree was not listed. To accurately reflect the Austria’s population, the distribution
would require 17.3% with compulsory education, 63% with secondary education, and
19.2% with a tertiary degree. This distribution would then align with data from Austria’s
Federal Statistical Office in 2021 [73].

3.4. Testing lll: MAVIL Module in the Digitize! Survey

As part of an academic collaboration, selected MAVIL components were tested within the
Digitize! survey. This interdisciplinary project features different questionnaire modules,
each lasting approximately three minutes, which are optional for the panel to complete.
In the fifth wave of the Digitize! survey, MAVIL questions applied to the previously
surveyed bar chart were included and answered by 2373 respondents during
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the survey’s fifth conduction wave.

3.4.1. Survey Collaboration within the Digitize! Project

Digitize! Computational Social Sciences in the Digital and Social Transformation is a
digitization project by multiple universities in Austria (University of Vienna, University of
Linz, University of Graz and University of Salzburg). The project emphasizes ethical data
collection and analysis within the social sciences [74], among other things by fostering
the collaboration between social sciences, data science, legal studies and research ethics
experts [64]. For example, computational text analysis in German was employed to explore
the intersection of political party language and newspaper reporting [74]. A recurring
online panel survey is a key component of the Digitize! project. The panel, representative
of Austria, was recruited offline [74]. Between February 2022 and June 2023, four survey
waves were conducted. The panel composition varies across waves, consisting of both
returning participants and new respondents. Factors influencing the panel composition,
such as incentive types, questionnaire entry points, and the length of the invitation letter,
are systematically varied and documented [74].

An initial version of the MAVIL question module for the Digitize! survey was submitted
in May 2023. This module was refined iteratively in collaboration with the Digitize!
team until September 2023 and then collected survey data was provided by the team in
December 2023. During this phase, MAVIL questions were administered by the Digitize!
team rather than our side. As MAVIL was integrated into a broader survey, obtaining
study consent and collecting demographic or personal information were the responsibility
of the Digitize! team. Access to the wave five panel survey data was granted to the
author of this thesis and their supervisors, allowing data analysis and review. However,
sharing this data as part of the thesis is not permitted. Documentation and datasets for
all survey waves are available for download on the open-access platform AUSSDA (The
Austrian Social Science Data Archive)ﬂ

3.4.2. Creating a MAVIL Module Version for the Digitize! Survey

The exchange with the Digitize! team led to improvements in question phrasing, informed
by the team’s expertise and experience in survey conduction. To fit within the limited
time frame of about three minutes for a Digitize! survey module, it was decided to present
one data visualization to the panel, accompanied by three data reading tasks and an
additional 12 MAVIL questions. These questions included items previously tested in an
online survey (see Section , covering aspects from Comprehending, Decoding, and
Aestheticizing. Through the inclusion of data reading tasks, Reading was also addressed.
Given the survey project’s focus on societal and social issues, the MAVIL dimension on
Contextualizing was further developed. This involved creating a set of six questions on
beliefs about and perceptions of climate change to query the personal interest of the
survey audience more thoroughly than before. As discussed in detail in Section [ a

!The archive AUSSDA can be accessed at: https://data.aussda.at/
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notable number of respondents in the prior online survey had used text fields to express
their opinions on climate change, highlighting the necessity of creating opinion-based
items for the survey. The only ability dimension excluded from this survey module was
Critiquing, as incorporating it would have exceeded the agreed upon time frame.

For all MAVIL questions in self-assessment format, alternative answer options were
included in this testing phase. Since the core Digitize! questionnaire allowed respon-
dents to select "I don’t know" for self-assessment questions, this option was added to
self-perceived ability ratings in the MAVIL question module.

The MAVIL module for the Digitize! survey consisted of four question blocks, summa-
rized in Question Block 1 queried beliefs about and perceptions of climate
change, with six questions further developing the personal interest aspect of Dimension 6
on Contextualizing. Question Block 2 was based on selected questions from prior survey
testing, querying respondents’ self-perception of ability dimensions. This block featured
two questions each on Comprehending, Decoding, and Aestheticizing. All questions in
Blocks 1 and 2 were rated on a five-point Likert scale ranging from 1 ("Do not agree at
all") to 5 ("Totally agree"), with an option to select "I don’t know.". Question Block 3
contained three data reading tasks. These tasks were answered in true-or-false format,
with statements about the visualization accompanied by the options "The figure provides
exactly this information" or "The figure does not provide this information." Question
Block 4 asked respondents to rate their certainty about their answers to the data reading
tasks on a scale from 0 ("Not certain at all") to 10 ("Totally certain"). The module’s
Question Blocks 2 and 3 were applied to a data visualization on climate data: the bar
chart showing selected countries” CO; emissions over time (see [Figure 1.1b)), which had
been tested in the second phase of the survey pilots and was previously used as one of
two visualization examples in the online survey.

3.4.3. Survey Data Description for the MAVIL Module

The fifth survey wave of Digitize! took place from March 22, 2023, to December 3, 2023.
Up to 2,373 participants answered the MAVIL questions in an elective module to the core
questionnaire. The module was conducted under the title Klima (German for "climate").
Around half of the respondents identified as male (49.6%) and the other half as female
(49.8%), with 0.6% choosing not to disclose their gender. The group of respondents
included individuals from all Austrian federal states and all age groups, ranging from 16
years to the "80+" category. Data weighting was applied to ensure representativeness
across socio-demographic factors for gender, age, education, region, employment, marital
status, migration background, religious affiliation and political factors [75]. This weighting
allowed for a representative depiction of Austria’s population.
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MODULE IMPLEMENTATION
STRUCTURE OF MAVIL Types of Survey Questions in Question Blocks

as part of Digitize! survey (wave 5) Likert scale rating  Task (t/f) Survey instruction

Please indicate how much you personally agree with the following statements.
[randomize items]

QB*1 Contextualizing

QB1a Climate change is a proven fact.

QB1b The climate is not affected by human acitivity. QB1 is based on

QB1c | am concerned about climate change. MAVIL Dime.

QB1d | deal with climate and environmental issues out of my own interest.

QB1e Many claims concerning climate change are exaggerated.

QB1f There are more important things in life than climate change.

Please indicate how much you personally agree with the following statements.
[show visualization, randomize items]

QB2 Comprehending
QB2a The figure is understandable to me.
QB2b | have difficulty reading information from the visualization.

QB2 Decoding QB2 is based on

QB2c | am familiar with bar graphs as a way to represent data. MAVIL Dim1, Dim2
QB2d This is the first time | have read information from a bar graph. and Dim3.
QB2 Aestheticizing

QB2e The figure looks very nice.

QB2f The figure does not look trustworthy.

Please decide whether or not the illustration conveys exactly the information from the
following statements. [show visualization, randomize items]

QB3 Reading

QB3a According to the figure, CO. emissions are only declining in Russia
and Germany over the course of 28 years. QB3 is based on

QB3b The figure shows CO. emissions in billions of metric tons. MAVIL Dim5.

QB3c According to the figure, CO. emissions are increasing in most
countries from 1990 to 2018. The smallest increase is in Japan.

*QB stands for Question Block, used to differentiate these questions from other
MAVIL questions identified as "Q1a" and so on.

Figure 3.3.: Overview of MAVIL questions in the module for the Digitize! survey: covering
Contextualizing, Reading, and aspects of Comprehending, Decoding, and Aes-
theticizing. References to "MAVIL Dimensions" correspond to the dimensions

28 covered in the full MAVIL version during the online survey implementation,

as illustrated in [Figure 3.2



4. Findings

The survey data from two MAVIL (Multidimensional Assessment of Visual Data Literacy)
test implementations are evaluated here. This includes an online survey conducted in
collaboration with a market research organization with 438 respondents, representative
of Austria’s population aged 18 to 74 years and the male-female gender split within
those groups (see Section . The data analysis from this implementation offers first
indications of the feasibility of the assessment, and provides an overview of the population’s
ability composition across all VDL dimensions in MAVIL: Comprehending, Decoding,
Aestheticizing, Critiquing, Reading, and Contertualizing. Additionally, it evaluates the
perception of two surveyed data visualizations — a line chart and a bar chart

(Figure 1.1b)) displaying climate data.

The analysis primarily focuses on this first data set, but findings are further informed
by a subsequent implementation of a MAVIL module in the Digitize! social science survey
project with up to 2373 respondents (see Section . This phase featured a reduced
selection of MAVIL questions tailored to the module format, emphasizing Comprehending,
Decoding, Aestheticizing, and Reading, alongside a more detailed development of the Con-
textualizing dimension. The Digitize! survey responses, based on respondents’ perception

of the previously tested bar chart (Figure 1.1b|), are also analyzed.

4.1. Insights from the Full MAVIL Survey

MAVIL was presented to an online survey audience by a market researcher in March 2023,
where respondents answered 41 MAVIL items (for an overview see and for
the full catalog of questions see "MAVIL Catalog of Questions" in the appendix) across
two climate data visualizations, a line chart and a bar chart .
As described in Section [3.3.2] in accordance with quality criteria for valid survey cases,
there were 438 respondents who took a full version of MAVIL in appliance to two data
visualizations.

All statistical analysis was conducted in Python with the statistical tests provided within
the scipy.stats module. The correlations (in Section were calculated according to
Pearson’s correlation coefficient using the median whenever results had to be aggregated
over dimensions or visualizations. For the binary results (in Section , both a t-test
for the arithmetic mean and a moods median test were conducted and gave similar results.
Both tests gave the same result with regard to rejecting the null-hypotheses.
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4.1.1. Insights into Performance Measures

To give a general impression about completing the assessment: It took respondents
an average of 2.75 minutes to answer the main body of MAVIL questions per data
visualization. On average, framing elements of the survey, such as the introduction and
the query of demographic info, took about a minute to be completed.

Based on the data reading tasks posed in MAVIL Dimension 5, there were clear deficits
when evaluating the surveyed population’s VDL from a task-based point of view. Overall,
48% of the respondents made mistakes when reading the simple line and bar chart. Effect
sizes of differences between the two charts are relatively small, as seen when comparing
the answer distribution of correct answers (see . The results of the data reading
tasks in Dimension 5 across the visualizations were summarized into a Data Reading Score
(DRS), which corresponds to the sum of all correct data reading answers per respondent.
In [Table 4.1] grouped correct answers are summarized, showing that, for example, about
half (52%) of all participants had answered all four questions correctly. And only 5% of
respondents answered only one data reading task total correctly.

Results of the True/False Data Reading Questions

400

85% 86%
79% 81%
]
$ 300
o
= -
ﬁ_ Answer given
& 200 Correct
S . False
&
£ 100 2L 19%
) = . - =
0 - -
Q5a (Line Chart) Q5b (Line Chart) Q5c (Bar Chart) Q5d (Bar Chart)

Data Reading Questions

Figure 4.1.: Tasks for Reading were presented in true-or-false mode in this survey imple-
mentation. In the chart, the percentages of correct and false responses given
are shown, the total number of answers being 438.

Line Chart | Line Chart | Line Chart

2 Correct 1 Correct 0 Correct
bl | | om
W | | ™
OBEgO?rléiit 4% 3% B

Table 4.1.: The table shows respondents (in %) with correct answers for the Reading
questions, indicating that roughly half answered all questions correctly.
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4.1.2. Respondents’ Self-Perceived Abilities and Perception of the
Surveyed Charts

Although deficits are notable regarding Reading as an abiltiy dimension, the task-based
measures do not uncover causes for visualization understanding deficits. Through a look at
self-assessement questions, the ability composition of respondents mirrors certain deficits
— which may be connected to the data reading performance — more distinctly. In contrast
to the data reading performance, the self-perception of Comprehending, which covered a
general perception of having understood the visualization, being able to apply and sum-
marize its information, differed. A considerably smaller portion of the respondents who
made mistakes in the data reading tasks indicated that they are not able to summarize
the content of the shown data visualizations (Qlc; for an overview of all questions see
. In the case of both charts, only 5% of respondents stated that they cannot
summarize the visualization. This suggests the possibility of misleading information
transfer, as many respondents are unaware of reading deficits.

In the ability dimension on Decoding, the perceived ability to decode data units, color
usage and rate graph familiarity were addressed. Regarding the displayed chart types
(Q2c¢), 20% of respondents did not indicate familiarity with the line chart, and 19% did
not indicate familiarity with the bar chart. The intersection of these statements results in
12% of respondents who felt unfamiliar or uncertain with the line and the bar chart as
graph types. The survey also showed deficits in understanding simple measurement units
(Q2a). 22% of respondents did not fully comprehend the usage of millimeters, and 28% of
respondents found millions of tons somewhat incomprehensible.

There was a notable difference in the aesthetic perception of the surveyed climate data
visualizations. This was queried in Aestheticizing, which covered visualization appeal,
prettiness, design quality and trustworthiness. Around 10% of respondents rated the
impression of the bar chart more positively than that of the line chart. In particular,
60% agreed to find the surveyed bar chart pretty (Q3b), and 72% found it well designed
(Q3c). The line chart was perceived as slightly less aesthetic with 58% agreeing to find
it pretty, and 68% finding it well-designed. This information tends to agree with the
assessment of visualization trustworthiness (Q3d), as 75% of respondents found the bar
chart trustworthy, with a negative five percent difference from those who found the line
chart trustworthy.

4.1.3. Correlative Exploration of MAVIL Variables

The correlative exploration of ability dimensions and subordinate questions critically
informs future work on the assessment structure by uncovering relations between ability
dimensions and questions within those dimensions. The exploration highlights some
variables, such as self-assessed numeracy, as significant indicators for VDL. The cor-
relative exploration describes the relation of MAVIL dimensions to one another and
the internal relations of single questions within an ability dimension. This is done by

31



4. Findings

applying statistical methods and significance tests. The findings from exploring correlative
relations in the survey data set do support the creation of self-assessment questions for
different ability dimensions, as questions within Dimensions 1 through 4 show steady inner
cohesion (see and simultaneously, these dimensions cover distinctive ability
areas (see [Figure 4.3)). These four dimensions on Comprehending, Decoding, Aeshteticizing,
and Critiquing are highlighted in the correlative exploration due to a similar number of
self-assessment format questions in each dimension.

Correlation within Dim1-Dim4
based on responses split by surveyed visualization (n=438)

Surveyed Line Chart Surveyed Bar Chart
Q1a
Q1b

Q1c
Q1a Q1b Q1c Qla Q1b Q1c

Q1a
Q1b
Qic

Q2a Q2a
Q2b Q2b
Q2c Q2c
Q2a Q2b Q2c Q2a Q2b Q2c

Q3a
Q3b 0,74
Q3c 071 Q3c

Q3d 071 064 069 Q3d 058 067
Q3a Q3b Q3c Q3d Q3a Q3b Q3c Q3d

Q3a
Q3b

074 071

Qda Q4da

Q4b 067 Q4b 0,59
Q4c 06 Q4c 058
Q4a Q4b Qdc Q4a Q4b Qdc

Indicated relation based on correlation (coefficient Pearson’s r)

1,00t0 0,70 wverystrong 0,49 1t0 0,30 moderate
0,69 t0 0,50 strong 0,291t0 0,10 weak

Figure 4.2.: Correlation table of MAVIL questions (Dim1-Dim4) split by surveyed visu-
alization example. All correlations of questions are statistically significant
with p-values below 0, 05.

A consistent positive correlation of self-assessment questions within the dimensions on
Comprehending, Decoding, Aestheticizing, and Critiquing indicates the plausibility of the
construction of ability dimensions. As can be seen in the correlation tables in [Figure 4.2]
the relations between the questions within each dimension, and for both surveyed data
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visualizations, are fairly strong. For Dimension 1 on Comprehending (Qla-Qlc) and
also for Dimension 2 on Decoding (Q2ac-Q2c), all correlative coefficients are moderate
(0,3-0,49) to strong (0,5 — 0,69). The correlative coefficients within Dimension 3 on
Aestheticizing (Q3a-Q3c) and Dimension 4 on Criticizing (Q4a-Q4c) are strong or very
strong (0,7-1). Note that for Dimension 4 on Critiquing only self-assessment format
questions (Q4a-Q4c) are included in the corelative analysis, and optional text fields (Q4d,
Qde) are evaluated separately (see Section [4.1.5)).

Correlation of Dim1-Dim4 and DRS

(grouped responses of two surveyed visualizations, n=438)

DRS 0,18 -0,17

Dim1 0,66 -0,27

Dim2 0,65 -0,18

Dim3 0,18 0,66 0,53

Dim4 -0,17 -0,27 -0,18
DRS Dim1 Dim2 Dim3 Dim4

-0,24

Indicated relation based on correlation coefficient Pearson's r

1,00 t0 0,70 very strong 0,291t0 0,10 weak
0,69 t0 0,50 strong -0,10t0 -0,29 weak, negative
0,49 t0-0,30 moderate

Figure 4.3.: Correlation table of Diml to Dim4 and the Data Reading Score (Dim5),
grouped across visualization examples. All correlations are significant with p
below 0, 05.

Following the correlative exploration of answers within dimensions for each surveyed
data visualization, survey answers for Dimensions 1 through 4 were fully grouped across
questions and visualizations. This is visualized in a correlation table in |[Figure 4.3] showing
that that Dimension 1 on Comprehending strongly correlates with Dimension 2 on Decoding
and Dimension 3 on Aestheticizing. Their correlation with the Data Reading Score (DRS)
which corresponds to the sum of correctly solved Reading tasks per respondent, varies and
remains weak (0, 1-0,29) to moderate. Dimension 4 on Critiquing disrupts this dynamic,
as it is the only dimension correlating negatively with Dimension 1 through Dimension
3 and the DRS. This could be due to the simplicity of the data visualizations, as they
might limit the scope of finding errors (Q4a) or coming up with design suggestions (Q4c).
Respondents might react differently if hidden errors or intentional design issues were to
be part of the assessed visualizations.
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4.1.4. Significance of Age and Numeracy

In the survey implementation, selection-based demographic questions were posed to the
respondents, asking for age, gender, education level and country of residence. Out of
those features, age was deemed to significantly relate to VDL, in particular Reading. Out
of the MAVIL questions in self-assessment format, numeracy as part of Contextualizing
was a significant feature to describe the surveyed population. Self-perceived numeracy
correlated significantly with the number of correctly solved data reading tasks.

Binary t-tests and Mood’s median test on MAVIL variables, including demographic
features, were carried out in relation to the DRS, which could range from 0 to 4 correct
answers (see . The tests showed that the youngest age group of the surveyed
population outperformed the older respondents regarding their Reading. The age group
from 18 to 24 years (14% of respondents) had a DRS median of 4 (with p=0,01). The
age groups from 25 to 74 years (86% of respondents) had a DRS median equal to 3 (with
p=0,01). Additionally, the self-assessed numeracy level (Q6b) correlates significantly with
the Reading performance. Those respondents who rated their numeracy level high (37%
of respondents) tended to have a DRS median equal to 4 (with p=0,009). Those who
rated their numeracy level neutral or low (63% of respondents) had a lower DRS median
equal to 3 (with p=0,009). This suggests the informative value of having respondents
self-assess their ability level.

There is no correlation between the highest level of education reported and the self-
assessed level of numeracy (Pearson’s r=0,016). As expected, our analysis did not observe
a meaningful difference in VDL dimensions based on gender.

4.1.5. Report on Visualization Criticism in the Text Inputs

For each visualization, respondents had the option to provide written visualization criticism
in two text fields (max. 2000 characters each), one for visualizations strengths (Q4d) and
one for visualization weaknesses (Q4e). These questions were not mandatory, yet 37%
submitted at least one meaningful response. All inputs for the line chart and the bar
chart were thematically analyzed [71] and categorized into i. Visualization Strengths, ii.
Visualization Weaknesses and iii. Climate Commentary.

Categories of Text Inputs and Examples

i. Visualization Strengths were queried in Question Q4d and defined in our analysis
as a category of text inputs where a clear positive point of critique related to the tested
visualization was made. For the Line Chart 99 inputs were given, such as finding the chart
"inviting, easy to understand, the color blue well chosen", or that noting it was "kept quite
simple not cluttered". Someone else highlighted that "the source is indicated, [which] must
be highly credited". For the bar chart 113 according inputs were provided, describing
it as "easy to understand and memorize", acknowledging that it "raises awareness", or
finding "described data easily comparable".
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ii. Visualization Weaknesses could be articulated for Q4e and in our analysis
were defined as comments highlighting clear negative points of critiques related to the
tested visualization. For the line chart, 87 inputs were provided, stating, for example,
that "the graphic looks outdated, could be designed better". A few respondents were
"missing axis labeling" or wondered what the uncertainty margin means. For the bar
chart there were 78 inputs, including debate on the cloud icon, finding it "unnecessary" or
"strange" (though this graph element had also been highlighted as a strength, e.g. some-
one said that the "cloud speaks to me"). Others criticized the comparison of countries,
and, for instance, found the "relation to population missing" or wanted more informa-
tion because "there are other countries worth mentioning that also emit high levels of co2".

iii. Climate Commentary appeared in Q4d and Q4e and emerged in our analysis
as opinions about and reactions to climate change, rather than comments on tested
visualization itself. In total, 35 of such input were given. To give an impression of this
text input category, one respondent wrote that "the so-called man-made climate change
is pure fraud", others called climate change "a lie" and one respondent said that the
visualization would aim towards "tricking people into fear". Others articulated feeling
affected such as that the visualization "makes [them| sad" or that looking at it they felt
that "the world will be destroyed".

Statistical Analysis of Text Inputs

A chi-squared test was employed to evaluate the relation between the non-ordinal text
inputs with demographic factors and respondents’ Data Reading Scores (DRS). For this
test, i. Visualization Strengths (212 inputs total) and ii. Visualization Weaknesses
(165 inputs total) were considered equally by coding them as 1s and putting them in a
2x2 contingency table for each data visualization. Due to partially small sample sizes,
significant findings from the chi-squared test were validated through an additional Monte
Carlo simulation [76} [77] by randomly sampling 2,000 replicates.

For both the line and bar chart, results indicated a significant difference in text input
provision across education levels (Line Chart: X2=12.93, df=1, p=0.0003, Bar Chart:
X?2-7.88, df=1, p=0.005). The simulated p-values from the Monte Carlo simulation,
based on 2000 replicates, validate the significance of this finding (Line Chart: p=0.0005,
Bar Chart: p=0.005). This suggests, respondents with secondary and tertiary educational
degrees were the ones who tended to fill in the optional fields on visualization criticism.
As educational disparities can impact survey responses [78], possibly, higher-educated
respondents may be more accustomed to complex survey items and have a structural
advantage in providing written survey answers.

Moreover, a significant association was found between the provided text inputs and the
DRS (Line Chart: X2=10.40, df=1, p=0.001, Bar Chart: X2=8.91, df=1, p=0.003). This
association was validated through a Monte Carlo simulation with 2000 replicates (Line
Chart: p=0.001, Bar Chart: p=0.002). These findings indicate, that the respondents
with a higher DRS of 3 or 4 were the ones who were more likely to articulate visualization
criticism. This underscores the position, that high critical ability is linked to a higher
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level of VDL [38].
In the chi-squared tests, no significant differences were found regarding the association
of text input provision across neither age groups nor gender.

The inputs from Category III, which are statements of opinion regarding climate change,
were not part of statistical testing. Yet, they are important to note, as they mirror the
high salience of the climate change discourse and the connected emotional connotations
triggered by the display of climate data. These inputs show opinions on climate change
and often, the factualness of climate data was denied or the relevance of the survey was
dismissed. This can be valuable when analyzing respondents’ engagement with visual
information displays, as their emotional state can influence how information is extracted
[79]. The input in Category III motivated the design of a more elaborate assessment of
belief in and personal interest in climate change as part of Dimension 6 on Contextualizing.
This was carried out during the subsequent survey implementation of a MAVIL module,
which is described in Section [3.4] and whose results are presented in the next Section [4.2

4.2. Insights from the MAVIL Module in the Digitize! Survey

A selection of 15 MAVIL questions was presented as an optional survey module as part
of the Digitize! social science project. In this implementation (described in Section
, 2373 respondents respondents aged 16 to 80 and above, with an equal distribution
of male and female gender identifications, answered the questions between September
and December 2023. This implementation focused on whether attitudes toward climate
change — addressed in Conteztualizing — influence respondents’ understanding of a climate
data visualization. The module questions are summarized in and refer to the
previously tested bar chart on COs2 emissions over time (Figure 1.1b)).

The survey data was weighted using values provided by the Digitize! team to adjust
the sample distribution to Austria’s total population, addressing measurement errors
in the raw data. This ensures that groups such as young people or individuals with
higher educational backgrounds, who are often overrepresented in survey samples, do
not disproportionately influence the results. The following insights were developed in
collaboration with the Digitize! team for a brief report [80] on our question module.

4.2.1. Contextualizing: Focus on Personal Attitude to Climate Change

The majority of respondents in Austria agree that climate change is partly man-made but
report feeling less personally concerned. Attitudes toward climate change are summarized
in Approximately three-quarters of respondents (69.9%) agreed that climate
change is influenced by human activity (QB1b; see Section for an overview of MAVIL
module question), while 12.3% disagreed or strongly disagreed. Over half of respondents
(57.3%) expressed interest in climate-related or environmental topics (QB1d), and 60.5%
indicated concern about climate change (QBlc). A smaller proportion (15.3%) reported
being somewhat or not at all concerned. Meanwhile, 26.7% believed that many statements
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Contextualizing: Personal Attitude to Climate Change
4542
|

Climate change is proven 20.8 14.4

19.7 17.8 7T

276 87 .
242 82 .

Climate is impacted by humans

Interested in climate/environment

Concemed about climate change

Many climate claims are exaggerated

Other issues outweigh climate change 13.9 333 245

O. .

25 50 75 100
Share of respondents (in %)

Answers H Agree B Disagree
Somewhat agree Somewhat disagree
Undecided

Figure 4.4.: The figure shows the response distribution for questions QB1 (n=2,373). The
answers are weighted. To facilitate readability and due to the low number of
“Don’t know” responses, this answer option is not shown.

about climate change are exaggerated (QBle), while 48.4% disagreed.

4.2.2. Reading, Comprehending, Decoding and Aestheticizing

For about a third of respondents, reading climate data from the surveyed bar chart proved
challenging. Approximately 40% were unable to answer at least one data reading question
(QB3a-QB3c¢) correctly. Respondents who agreed that climate change is influenced by
human activity were more likely to correctly interpret the climate data. Regarding
comprehension, most respondents (83.6%) found the bar chart understandable (QB2a),
and only 5.4% reported difficulty reading information from it (QB2b). Similarly, most
respondents (74.4%) stated they were familiar with bar charts (QB2c), while only 6.2%
indicated that they were encountering this type of visualization for the first time (QB2d).
Despite just under 10% abstaining, the chart was rated as trustworthy by a majority
(67.2%, QB2e) and aesthetically pleasing by 51.9% (QB2f). summarizes

respondents’ self-assessments of selected VDL ability dimensions.
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4. Findings

Self-Assessment of Selected Visual Data Literacy Aspects
25 29
|
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Share of respondents (in %)
Answers B Agree Il Disagree
Somewhat agree | Somewhat disagree

Undecided Do not know

Figure 4.5.: The figure shows the response distribution for questions in QB2 (n=2, 360).
The answers are weighted.
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5. Discussion and Conclusion

With MAVIL, a broader lens for assessing Visual Data Literacy is proposed — one that
acknowledges both performance and perception. While our goal is not to replace tools
like VLAT [8] or CALVI [10], MAVIL challenges established assessments by introducing
additional ability dimensions and integrating underutilized question types, such as self-
perceived ability ratings and open-text critique. This multidimensional approach offers
insights into how general audiences perceive and relate to data visualizations — insights
that task-based methods alone cannot fully capture.

Here, we reflect on the conceptual and practical limitations of our case-specific imple-
mentations of MAVIL, discuss what our survey results reveal about different dimensions of
literacy, and propose directions for expanding MAVIL’s applicability. Although the focus
during survey testing lay on two simple, static climate visualizations, the results offer a
compelling entry point into better understanding how audiences engage with real-world
data visuals and what assumptions researchers, designers, or anyone who creates or shares
visualizations might need to rethink. The discussion reflects on key findings, highlights
limitations in conceptualizing and conducting the assessment, and outlines possible future
research endeavors. Finally, the contributions arising from the assessment’s design and
the insights gained from its evaluation provide a conclusion to this thesis.

5.1. Survey-Based Insights from MAVIL

Traditional assessments [8] [10] excel in task-based performance, such as value retrieval
or pattern identification, but overlook other dimensions of how audiences perceive and
interpret visualizations. MAVIL broadens this view by integrating six theory-driven
dimensions of Visual Data Literacy (VDL), including self-perceived abilities. This allowed
us to capture subtleties related to VDL and visualization understanding that established
tools cannot provide.

During MAVIL testing, we gathered representative survey data (N1=438, N2=2373)
and collected insights into two climate data visualizations (see across six VDL
dimensions. We assessed not only performance through data reading (MAVIL Dimension
5), but also perceived comprehension (Dim1) and decoding ability (Dim2), aesthetic judg-
ment (Dim3), critique behavior (Dim4) and context-related self-assessments like numeracy
and topic interest (Dim6). While findings are specific to the visualizations used during
testing, they offer valuable implications for information design and the understanding of
critical data by general audiences. Even simple, static charts still pose challenges, which is
exemplified by 8% to 12% of participants feeling unfamiliar with either bar or both line and
bar charts. The correct understanding of data visualizations cannot be assumed and in-
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stead friction points in audience’s sensemaking are worth noting and exploring further [81].

The full MAVIL survey further revealed that roughly a quarter of participants felt unable
to decode data units like millimeters and millions of tons, highlighting that elements
implicitly assumed to be self-explanatory by designers or curators [82] may require
reconsideration as their correct interpretation by general audiences cannot be assumed.
This challenges one-size-fits-all approaches, which have been criticized for being ineffective
with diverse users who have different literacy levels and types of knowledge [83, [84].
Respondents’ written feedback further illustrated this point. In Dimension 4 during
the full survey, participants provided a total of 377 points of critique on visualizations
strengths and weaknesses, with some comments highlighting distracting design choices
or missing labels, offering grounded insight into what viewers notice — and what may
hinder understanding. However, most participants did not feel confident suggesting
design improvements in their self-ability ratings, indicating a gap between recognizing and
articulating critique. It is likely that more flawed or intentionally misleading visuals (as
for instance done by [85] or [10]) would elicit stronger responses, and future assessment
implementations could explore this space.

Including aesthetic perception in our literacy assessment revealed that participants who
found visualization visually appealing also tended to trust it, suggesting that, line with
existent literature [86], design and perceived credibility are closely linked. Understanding
this dynamic more can improve how we assess whether essential information is effectively
retrieved from data visualizations [23], 24].

One key lesson from the test implementations is the importance of accounting for opinion
expression in highly salient topics like climate change. During the full MAVIL survey, we
observed that some respondents held strong views on climate change (see Section ,
which were not initially accounted for in our design. The Digitize! test implementation
addressed this by expanding the Contextualizing dimension (see to better
capture personal attitudes toward climate data. Merging these refinements with the
original MAVIL design would enhance future assessments by ensuring that both factual
comprehension and subjective perspectives are meaningfully integrated.

5.2. Limitations

There are representation limits for the surveyed population. Respondents below the age
of 18 and above the age of 74 were not considered in the survey because of legal age
as a consent criterion and due to availability reasons (see Section . In this test
implementation, respondents shared the commonality of being incentivized by a market
research organization, which may introduce a bias toward individuals with a frequent
online survey participation and therefore higher digital skill. However, the approach we
have chosen to select respondents is also standard in other representative surveys (e.g.,
[87., [88]). We recognize, that depending on the socio-cultural and geographical back-
ground of respondents, the assessment data would vary. However, we see these possible
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variations as a strength of our multidimensional assessment approach, as we would expect
audience’s perception to vary. MAVIL is open to different perspectives, as by allowing
respondents to choose whether they want to express themselves in written text, and
could potentially be a flexible framework for cross-cultural or cross-contextual applications.

MAVIL’s integration of self-perceived ability ratings offers valuable insights into how
people engage with visualizations, but it also introduces sources of noise. Self-assessments
can be influenced by factors like over- or underestimation, social desirability, or ambiguity
in question interpretation [52], 89]. While we have piloted MAVIL in several qualitative
rounds and payed attention to straightforward question interpretation, such biases remain
inherent to the method.

The visualizations used in the survey, a line chart and a bar chart on climate data,
were chosen for their visual simplicity and assumed broad familiarity. This helped ensure
accessibility to general audiences but may limit the scope of our insights. These visualiza-
tions are not representative of the type variety, complexity levels, and design possibilities
of data visualizations. MAVIL should be tested with more diverse visualizations, such as
scatterplots or intentionally misleading ones, to evaluate how it performs under varying
complexity and design conditions. Additionally, the short survey completion time may
have been influenced by the selection of two simple visual examples. Focusing exclusively
on climate data introduces another constraint. While the topic is timely and relevant, it
may evoke emotionally charged or politically motivated audience reactions, which may
have influenced perception. Though we addressed topic-related responses in our qualita-
tive analysis (see Section and we asked respondents to self-assess their interest in
the topic, we recognize that unmeasured biases may remain. Yet, studying perceptions of
potentially polarizing visuals is key to understanding real-world information retrieval and
addressing misinformation [90], 91].

5.3. Future Work

There are numerous promising directions for further developing the multidimensional VDL
assessment proposed here, as well as several ideas for improving future survey conduction
by varying test implementation conditions. Future implementations of MAVIL should
be expanded to include a wider variety of visualizations formats. Beyond static charts,
interactive visualizations are increasingly common in digital communication, possibly
requiring different skills [92] and forms of audience engagement [93]|. Testing MAVIL on
such formats may warrant an additional dimension to assess interaction-based ability
facets. Other common visualization types, such as infographics, could be explored to
reflect broad visual data communication practices [94] 95 96l 97].

MAVIL could further benefit from integration with existing tools like Mini-VLAT

[9], as a combined assessment would allow for further comparison of self-perceived and
task-based results within the same sample. Initial correlations we observed, such as
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between self-perceived numeracy and data reading performance, highlight promising
ground for such work. Additionally, future work could draw on insights from recent
assessment contributions, such as PREVis, which focuses on perceived readability in data
visualizations [46]. PREVis scales could, for instance, enrichen MAVIL Dimension 2 on
Decoding by incorporating validated survey questions from this contribution, such as
those addressing perceived visualization layout understanding.

Though this study focused on climate data, MAVIL could potentially be adapted to
other domains. Applying it to contexts like public health [98] 99] or social issues [17] could
test its transferability and uncover specific challenges in audience comprehension and per-
ception for other crucial domains. Adapting MAVIL questions to visualization content and
topics has proven effective, such as in Contextualizing, where the Digitize! survey featured
an expanded set of questions on climate-related interest and attitudes (refer to .
Although MAVIL was applied to climate data visualizations, its structure could suit other
contexts. Testing varied MAVIL structures, including dimension arrangements, customized
questions, and different visualization topics, aligns with research emphasizing that diverse
users with varying literacy and contextual knowledge require tailored approaches [83] [84].
Additionally, a more systematic investigation into sequencing effects, such as whether
the order of question blocks influences responses, could improve the instrument’s reliability.

Building on the curiosity expressed by survey pilot participants about whether their
visualization understanding was "correct," particularly during Reading tasks, future
MAVIL iterations could introduce an educative feedback function. This could include
providing feedback to survey responses, such as revealing correct answers to task-based
questions. If specific misconceptions or errors arise during visualization tasks, these could
be explicitly addressed [8]. Such feedback could also include summaries of respondents’
self-perceived strengths and weaknesses across ability dimensions at the end of the survey,
so that they are encouraged to reflect upon their VDL and visualization understand-
ing. This feature should not come across as a moral imperative but rather complement
the assessment with tailored education [38], and may serve as an incentive for respondents.

Lastly, integrating more diverse respondent perspectives, particularly concerning the
cultural and socio-economic backgrounds, would enhance the assessment development.
The survey data sets evaluated here may be biased due to distinct geographical, cultural,
and socioeconomic backgrounds from the participant groups. While test implementations
described in this thesis considered gender balance and included younger and older de-
mographics, diversity could be expanded to encompass varying educational backgrounds
and the dynamics of rural and urban living contexts. Future surveys could also target
non-Western European audiences and focus on regions where the education on Visual
Data Literacy or the perception of climate change differs. Highly educated respondents
were overrepresented in our testing, which is why reaching audiences with less exposure
to statistics or self-reflection on skills is an important aim for future work. This leads
back to one of the main aims for MAVIL being that it should suit general audiences that
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are not expected to hold any expertise related to the surveyed visual representations.
Survey designs addressing these factors might deepen understanding of how context
influences Visual Data Literacy. Including questions about respondents’ lived experiences
and opinions could also shed light on polarized perspectives on climate change, fostering
a more inclusive discourse. Public awareness and attitudes toward global environmental
change vary across countries, affecting visualization interpretation [37]. Broadening
respondent diversity could ensure MAVIL remains accessible, easy to comprehend, and
capable of supporting diverse formats for expressing visualization understanding.
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5.4. Conclusion

MAVIL was developed as a novel approach to assessing Visual Data Literacy by con-
ceptualizing it as a multidimensional ability composed of distinct facets. Grounded in
a theory-driven approach, it introduces six ability dimensions and combines task-based,
self-assessed, and open-ended question formats. This expands existing literacy assessments
by capturing not only performance but also perception and qualitative input. Through
survey pilots, a representative survey in Austria, and integration into the Digitize! project,
MAVIL provided nuanced insights into people’s (self-perceived) Visual Data Literacy
and their understanding of two climate data visualizations. The findings revealed some
deficits, including perceived challenges in interpreting simple measurement units and some
unfamiliarity with presumably simple chart types. Overall, MAVIL assesses a combination
of different yet central aspects of visualization understanding and aims to encourage more
nuanced and critical approaches to evaluating Visual Data Literacy in general audiences.
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5.4. Conclusion

Figure Credits for Surveyed Climate Data Visualizations

e |[Figure 1.1a} Statista, Der Meeresspiegel steigt kontinuierlich an, NASA, https:
//de.statista.com/infografik/21922/anstieg-des-meeresspiegels/

. Statista, Diese Léinder stoffen am meisten COz aus, Global Carbon
Project, https://de.statista.com/infografik/18287/co2-emissionen-in-a
usgewaehlten-laendern/
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A. Appendix

MAVIL Catalog of Questions (Online Survey, Translation)

On pages 58 through 64 is an English translation of the catalog of MAVIL questions.
This catalog was implemented during an online survey in March 2023 (described in Section
with 438 respondents, representative of Austria (ages 18-74, male-female gender split).
For the original German language version of the MAVIL catalog of questions used in the
implementation, please refer to pages 66 through 72.
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A. Appendix

MAVIL CATALOG OF QUESTIONS

(Multidimensional Assessment of Visual Data Literacy)

Please note that MAVIL was designed in German, the primary language of the surveyed
country, and also tested in this language version. The assessment questions were translated
into English for this thesis, without having tested this language adaption.
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MAVIL Catalog of Questions (Online Survey 2023) Page 2 of 7

INTRODUCTION
Dear participant,

with this questionnaire, you are taking part in a research project of the Digital
Humanities Master’s program at the University of Vienna. The project deals with the
understanding of data visualizations. In this questionnaire, your personal
experience while dealing with two visualizations is of interest.

No prior knowledge is required. The questionnaire part for each of the two visualizations
can be completed in about 5 minutes. Please make sure you answer every question.
Exactly one answer can be selected for each question, unless there is an option for
open answers in text form.

This project was funded by the Vienna Science and Technology Fund (WWTF) and the
City of Vienna through the ICT20-065 project. Your questionnaire will not be passed on
to third parties.

Thank you for your participation!

(070] 01 {1 [V 1< 1 == Continue

QC (CONSENT)
QCa | hereby confirm that | have read and understood this text and that | am
over 16 years of age.

COoNSENL GIVEN. ...t 1 == Start of survey

QD (DEMOGRAPHICS)
Please fill in the following details.

QDa Age in years

BEIOW 18 1 == End of survey
S I (o T SRR 2
D24 (o T 7 PR 3
BT T (0 T S PEERRUR 4
I (o TR S UPERRRRSI 5
Lo TS TR o TN 7 U PPRPPRRR 6
L (o I 2 PP URRRR 7
75 OF @DOVE......ceeeiee et 8
QDb Gender

= USSR 1
FOMAIE.. e a e 2
LY== U URRRRR 3
] (= PSR 4
L0 = o 1 PR 5
WithOUt geNAEr €NtrY.......eeiieee e e 6
| do not wish to make a specification here..........ccccoiiiiiiicccccceee e, 7

QDc Is your place of residence in Austria?
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QDd Highest education level

NO compUISOry €dUCALION.......c..eiiiiiiiiie e
Compulsory school certificate
BacCCalaurEate. ...........uuuiiiiiiiiiee e

University of applied SCIENCES.........ooiuiiiiiiiii e 4
UNIVEISItY QEOIEe.. .. ittt ee e 6
Apprenticeship or other specialized training............cccooiiiiiiiii e, 7
Master craftsman degree. ... 8
My degree is NOt [IStEA. ......cooiiiiiiii e 9
INTRO Il Climate change is shaping our current society and raises many questions

about the future.

Data visualizations are often used to provide information about climate
change. In this questionnaire you will see two visualizations on fact-based
aspects of climate change.

Please look at the two visualizations and pay attention to both their content
and your overall impression of the figure.

(070] 0111 [V 1= T 1 == Continue

APPLICATION OF Q1-Q5: DATA VISUALIZATION 1 (V1)

Please look at the visualization and continue when you have grasped the message of
the figure.

You will still be able to see the illustration on the following pages of the questionnaire.

You can enlarge or reduce the visualization by zooming in or out.

[show V1]

(070] 0111 [ 1< 1 == Continue

Q1-v1' Please assess the extent to which the statements apply.

The visualization can be found at the bottom of the page.
[show V1 beneath items]

Q1a-vV1 The visualization seems understandable to me. The information
can be clearly read.

Q1b-V1 | can classify the information presented in my previous knowledge
and make connections.

Q1c-V1 | could summarize the content of the visualization for someone.

o [ET=To ] Y TP PPRRPPN 1

| SOMEWNat dISAGIEE........ceeeiiiiiieeeiee e e 2

(8] Vo [Tl =T RN 3

| SOMEWNAt AQree.....cccoi i 4

= To | == PP 5

V1 refers to visualization example 1. Please refer to the catalog’s last page for the surveyed data visualizations.
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Q2-v1 Please assess the extent to which the statements apply.
[show V1 beneath items]

Q2a-v1 | can understand the units of measurement shown here, e.g.,
millimeters.

Q2b-V1 | can easily see whether the colors used in the visualization show
any specific information.

Q2c-V1 I am familiar with the line chart and it is not the first time that | have

read information from such a chart.

o [ET=To ] YT PP PP PPPTPPRIIN 1

| SOMEWNat AISAGIEE.. ...t 2

18] aTo [=Tor o [=To F PP PUTPPTN 3

| SOMEWNAt AQrEe.....coiiiiii e 4

1= To | (=T PP PR 5
Q3-v1 Please assess the extent to which the statements apply.

[show V1 beneath items]

Q3a-v1 This visualization appeals to me.
Q3b-V1 This visualization is pretty to look at.
Q3c-V1 This visualization is well designed.

Q3d-v1 This visualization is trustworthy.

[0 [ET=To Y T SURRURN 1

| SOMEWNAt AISAGIEE.......cceeeeiiieeeee e e e e e e e aaes 2

L8 aTo [=Tor (o 1= o PR, 3

| SOMEWNAL AQrEE.....coi i i e e 4

= To | = SR 5
Q4-v1 Please assess the extent to which the statements apply.

[show V1 beneath items]

Q4a-v1 | have found an error in the visualization.
Q4b-V1 | have a suggestion for a change to the visualization.
Q4c-V1 If I could, | would design something in the visualization differently.
o [ET=To ] YT PPPTPPIN 1
| SOMEWNAt AISAGIEE.. ...t 2
UNAECIARA. ...ttt et e e e e e 3
| SOMEWNAt AQrEe.....coci i 4
7= To | == PP 5
Q4d-V1 | would like to remark something positive about the visualization:
Q4e-V1 I would like to remark something negative about the visualization:
Text field (max. 2000 characters, optional) .........ccccceeiiiiieeinie e, TEXT
Q5-v1 Please decide whether the statements are true or false according to what the

visualization shows.
[show V2 beneath items]
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APPLI

Q1-v2

Q2-v2

Q3-v2
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Q5a-vV1 The sea level fluctuates, showing no trend.
LU= == Incorrect
FalSE e s 1 == Correct
Q5b-V1 In 2021, the sea level has risen by around ten centimeters
compared to 1993.

LU= 1 == Correct
[ar= 1 [T TP == |Incorrect
CATION OF Q1-Q5: DATA VISUALIZATION 2 (V2)

Please look at the visualization and continue when you have grasped the message of
the figure.

You will still be able to see the illustration on the following pages of the questionnaire.
You can enlarge or reduce the visualization by zooming in or out.

[show V2]

(07070111 o1V 1= 1 == Continue

Please assess the extent to which the statements apply.
The visualization can be found at the bottom of the page.

[show V2 beneath items]

Q1a-v2 The visualization seems understandable to me. The information
can be clearly read.
Q1b-V2 | can classify the information presented in my previous knowledge
and make connections.
Q1c-V2 | could summarize the content of the visualization for someone.
e [ET=To ] Y TSP PPRRPPIN 1
| SOMEWNAt AISAGIEE........cceeeeiitieeeee e e 2
18 aTo [=Tor o 1= o FO PP PPUPPPTS 3
| SOMEWNAt AQrEe.....cooi i 4
= To | (== PP 5
Please assess the extent to which the statements apply.
[show V2 beneath items]
Q2a-v2 I can understand the units of measurement shown here, e.g.,
millions of tons.
Q2b-V2 | can easily see whether the colors used in the visualization show
any specific information.
Q2c-V2 I am familiar with the bar chart and it is not the first time that | have
read information from such a chart.
[ AISAGIEE. ... et e 1
| SOoMeWhat diSAgIEe.........oiiiiiiiiiiie e 2
L8 aTo [=Tor (o L= o PR 3
[ SOMEWNAL @QIEE.......eeiiiiiie i 4
=T (=TT OO R PSP OPPPTRUPPRUPPPTRN 5
Please assess the extent to which the statements apply.

[show V2 beneath items]
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Q5-v2

QD
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Q3a-v2 This visualization appeals to me.
Q3b-V2 This visualization is pretty to look at.
Q3c-V2 This visualization is well designed.

Q3d-V2 This visualization is trustworthy.

[0 [ET=To Y T UURRURIN 1
| SOMEWNAt AISAGIEE........c it e e e e e e 2
L8 aTo [=Tor (o 1= o PR 3
[ SOMEWNAt AQrEE.....coii i e e 4
= To | = S 5
Please assess the extent to which the statements apply.
[show V2 beneath items]
Q4a-v2 | have found an error in the visualization.
Q4b-V2 | have a suggestion for a change to the visualization.
Q4c-V2 If | could, | would design something in the visualization differently.
o [ET=To ] Y TP PPPTPPIIN 1
| SOMEWNat dISAGIEE........ceeeieeiiieeeie e 2
UNAECIARA. ...t e e e e e e as 3
| SOMEWNAt AQrEe.....ccoiiiiie e 4
1= To | == PP 5
Q4d-v2 | would like to remark something positive about the visualization:
Q4e-V2 I would like to remark something negative about the visualization:
Text field (max. 2000 characters, optional) .........c.ceeeviiiinieeiniiience TEXT
Please decide whether the statements are true or false according to what the

visualization shows.
[show V2 beneath items]

Q5a-v2 Only Russia and Germany show a decrease in CO, emissions
over the 28 years shown.

U e e e e —————— 1 == correct

FalSE. et == incorrect

Q5b-V2 Japan had the lowest increase in CO, emissions in 2018
compared to 1990.

L LU =T OO == incorrect

FalSE. e 1 == correct

Please answer the following question.
Q5c-V2 Which country is listed first in the visualization?

Text field (max. 2000 char., obligatory......... TEXT, ,China“ (or similar) == correct
Please assess the extent to which the statements apply.

QDe | deal a lot with the topic of climate change out of my own interest.
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QDf | have a good knowledge of mathematics, especially in the field of

statistics.
[[o 1157 To | (== T PP OTPRPN 1
| SOMEWhat diSAGrEe. .....coco i 2
UNAECIARA. ...t et e e et e e e e aneeeee s 3
[ SOMEWNAE AGIEE........eeiiiie e e 4
L= o == T R STPPPRP 5
QF (FEEDBACK)
QFa Any other feedback or comments you would like to make on this
questionnaire:
Text field (max. 2000 characters, optional) ...........ccccoiiiiiniiiniiccseeeees TEXT

CLOSING

Thank you for your participation!

Your answers have been saved. You can now close this browser window.

SURVEYED CLIMATE DATA VISUALIZATIONS

For a description of the data visualization’s content and visual features in English

please refer to Section 2.3 in the thesis.

V1: A line chart on sea level data.

steigt kontinuierlich

Anstieg des Meer s seit 1993 (in Millimeter)

I Der Meeresspiegel

Unsicherheitsspanne

Der Meeresspiegel
80 steigtim Schnitt um
3,5 Milimeter pro Jahr

60
40
20
u‘93 2000 2010 21
©JOJC) statista%

(Source: Statista, Der Meeresspiegel
steigt kontinuierlich an, NASA,
https://de.statista.com/infografik/21922/
anstieg-des-meeresspiegels/)
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V2: A bar chart showing selected
countries' CO, emissions over time.

Diese Lander stoRen am meisten CO, aus

1990 W2018 @ 2018 ggis 199

= ———— 458
e 2302
— ‘ 5%
= T
= ‘\*\ . 2w
~0) @
\_/U: @ 1667%
@ 58
. 422,59
statista%

(Source: Statista, Diese Léander stol3en
am meisten CO aus, Global Carbon
Project, URL:
https://de.statista.com/infografik/18287/
co2-emissionen-in-ausgewaehlten-
laendern/)



MAVIL Fragenkatalog (Online Survey, Original)

On pages 66 through 72 follows the German-language original version of the catalog of
questions provided in the prior Section on pages 58 through 64.
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MAVIL FRAGENKATALOG

(Multidimensional Assessment of Visual Data Literacy)

INTRODUKTION

Sehr geehrte*r Teilnehmer*in,

mit diesem Fragebogen nehmen Sie an einem Forschungsprojekt der Studienrichtung
Digital Humanities der Universitat Wien teil. Das Projekt setzt sich mit dem Verstehen
von Datenvisualisierungen auseinander. In diesem Fragebogen ist Ihre persénliche
Erfahrung wahrend der Auseinandersetzung mit zwei Visualisierungen von Interesse.

Es sind keine Vorkenntnisse notwendig. Der Fragebogenteil zu jeder der zwei
Visualisierungen lasst sich in circa 5 Minuten abschlieBen. Achten Sie bitte darauf,
jede Frage zu beantworten. Pro Frage lasst sich genau eine Antwort auswahlen, auf3er
es besteht die Moglichkeit zur offenen Beantwortung in Textform.

Dieses Projekt wurde vom Wiener Wissenschafts- und Technologiefonds (WWTF) und
der Stadt Wien durch das Projekt ICT20-065 finanziert. Ihr Fragebogen wird nicht an
Dritte weitergegeben.

Vielen Dank fiir lhre Teilnahme!

L AT 2T (= == Weiter

QZ (ZUSTIMMUNG)

QZa Hiermit bestatige ich, dass ich diesen Text gelesen und
verstanden habe und dass ich tUber 16 Jahre alt bin.

Zustimmung gegeben...........ccccvinii e, 1 == Fragebogenstart

QD (DEMOGRAPHIE)

66

Bitte flllen Sie folgenden Angaben aus.

QDa Alter in Jahren

UNter 18, . e 1 == Fragebogenbeendigung
TBDIS 24 ... e e et e e nrae e e e ennes 2
25 DS B4 e e e e e e e e e anareeaean 3
BE DIS A4 ... e e et e e e anaaaeaeeennes 4
BB DIS DA ..ot e a e aae e e e nrraaee s 5
BB DS B4 et et re e e e 6
BE DIS T4t e et e e e et e e e s aeaeeeanes 7
£ T Lo 1= = 1 (= PR 8
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QDb Geschlecht

/=T o ] o o T PR 1
WEIDIICN. ...ttt et et 2
LY== U URRRRR 3
] (= PSR 4
L5 o 1P PEPRPR 5
Ohne Geschlechtseintrag..........c.ceiiiiiiiiii e 6
Ich méchte hier keine Angabe tatigen. .......coovccccciiiiiee e 7
QDc Liegt Ihr Wohnsitz in Osterreich?

- TSP 1
NEIN. e 2 == Fragebogenbeendigung
QDd Abschlussgrad

Kein PflichtschulabsChIUSS..........oouuiiiii e 1
PflichtsChulabSChIUSS.......ccoooiiiiie e 2
= (0 = PPN 3
FachhochschulabsChIUSS............cooiiiiiiii e 4
StUAIENADSCRIUSS......oiiiii e 6
Lehre oder eine andere Fachausbildung.............ccocviiiiiiiiieniiec e 7
MeiSterabSChIUSS..........ueiiiie e 8
Mein Abschlussgrad ist nicht gelistet. ..., 9

HINLEITUG Der Klimawandel pragt unsere gegenwartige Gesellschaft und wirft viele

zukunftsgebundene Fragen auf.

Um Uber den Klimawandel zu informieren, werden oft Datenvisualisierungen
verwendet. In diesem Fragebogen sehen Sie zwei Visualisierungen zu
faktenbasierten Aspekten des Klimawandels.

Bitte setzen Sie sich mit den beiden Visualisierungen auseinander und
achten Sie sowohl auf deren Inhalt als auch auf lhren Gesamteindruck der

jeweiligen Abbildung.
Weter.....ooviiiiiiee e

........................................... == Weiter

ANWENDUNG Q1-Q5: DATENVISUALISIERUNG 1 (V1)

Bitte betrachten Sie die Visualisierung und fahren Sie fort, wenn Sie

Q1-v1

die Aussage der Abbildung erfasst haben.

Sie werden die Abbildung auf den kommenden Seiten des Fragebogens weiterhin sehen kénnen.
Sie kénnen die Visualisierung durch Zoomen vergréRern oder verkleinern.

[Visualisierung einblenden]

LAY =YL (=

Bitte schatzen Sie ein, inwiefern die

........................................... == Weiter

Aussagen zutreffen.

Die Visualisierung befindet sich am Seitenende.
[Visualisierung unter Fragenblock einblenden]
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Q2-v1

Q3-v1
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Q1a-v1 Mir erscheint die Visualisierung verstandlich. Die dargestellten
Informationen lassen sich klar ablesen.

Q1b-V1 Ich kann die dargestellten Informationen in mein bisheriges
Wissen einordnen und Zusammenhange herstellen.

Q1c-V1 Ich kénnte jemandem zusammenfassend den Inhalt der

Visualisierung erzahlen.

TR NICRT ZU. oo 1
Trifft @Ner NICHE ZU.....co e 2
LIS (= PERRRPIN 3
TRt @NEE ZU oo e e 4
LT 1800 I T 51
Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.
[Visualisierung unter Fragenblock einblenden]
Q2a-v1 Ich kann die dargestellten MaReinheiten, hier z.B. Millimeter,
nachvollziehen.
Q2b-V1 Ich kann leicht erkennen, ob die verwendeten Farben in der
Visualisierung bestimmte Informationen zeigen.
Q2c-V1 Das Liniendiagramm ist mir als Darstellungsform vertraut und es
ist nicht das erste Mal, dass ich Informationen aus einem solchen
Diagramm ablese.
THFENICNT ZU..cee e 1
Trifft @her NIChE ZU.......coi 2
TEIIS-EIIS. ..o 3
THfE @NEE ZU...o e s 4
THFFEVOIl ZU. e e 5
Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.
[Visualisierung unter Fragenblock einblenden]
Q3a-V1 Die Visualisierung spricht mich an.
Q3b-V1 Die Visualisierung ist sehr schén anzusehen.
Q3c-V1 Die Visualisierung ist gut gestaltet.
Q3d-v1 Die Visualisierung scheint vertrauenswirdig.
TRt NICHE ZU.eeeeeeee e 1
Trifft @Ner NICAE ZU......ceeeeeeee e 2
L= 53 L= USRS 3
TRt @NEE ZU oo 4
THE VOIl ZU. e e e e e e e e e s e 5
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Q4-v1 Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.
[Visualisierung unter Fragenblock einblenden]

Q4a-vV1 Ich habe einen Fehler in der Visualisierung gefunden.
Q4b-V1 Ich habe einen Anderungsvorschlag fur die Visualisierung.
Q4c-V1 Wenn ich kénnte, wirde ich etwas in der Visualisierung anders
gestalten.
TR NICNT ZU. e 1
TrHfft @NEIr NICAE ZU...oo e 2
TEIISEIIS. ..t e 3
THfE @NEE ZU..cceii e 4
THFFEVOI ZU. e s 5
Q4d-v1 Ich méchte etwas Positives an der Visualisierung hervorheben:
Q4e-V1 Ich méchte etwas Negatives an der Visualisierung hervorheben:
Textfeld (max. 2000 Zeichen, optional) .........ccccveeiiiiiiiiiiiie e TEXT
Q5-v1 Bitte entscheiden Sie, ob die Aussagen laut der Visualisierung wahr oder

falsch sind.
[Visualisierung unter Fragenblock einblenden]

Q5a-vV1 Die Héhe des Meeresspiegels schwankt und zeigt keine Tendenz.
Q5b-V1 Im Jahr 2021 ist der Meeresspiegel im Vergleich zu 1993 um circa
zehn Zentimeter gestiegen.

Bitte beantworten Sie die folgende Frage.

Q5c-V1 Wie hoch ist der Meeresspiegel in Millimetern im Jahr 20217

Textfeld (max. 2000 Zeichen, obligatorisch) ..........cccccceevvcvieeecciiie e, TEXT

ANWENDUNG Q1-Q5: DATENVISUALISIERUNG 2 (V2)

Bitte betrachten Sie die Visualisierung und fahren Sie fort, wenn Sie
die Aussage der Abbildung erfasst haben.

Sie werden die Abbildung auf den kommenden Seiten des Fragebogens weiterhin sehen kénnen.
Sie kénnen die Visualisierung durch Zoomen vergréfern oder verkleinern.

[Visualisierung einblenden]

L AT =T (= TN == Weiter

Q1-V2 Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.
Die Visualisierung befindet sich am Seitenende.
[Visualisierung unter Fragenblock einblenden]
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Q1a-v2 Mir erscheint die Visualisierung verstandlich. Die dargestellten
Informationen lassen sich klar ablesen.

Q1b-V2 Ich kann die dargestellten Informationen in mein bisheriges
Wissen einordnen und Zusammenhange herstellen.

Q1c-V2 Ich kénnte jemandem zusammenfassend den Inhalt der
Visualisierung erzahlen.

TRt NICHE ZU. ... 1

Trfft @NerNICht ZU......eeec e 2

TEIIS-EIIS. .. e 3

TR @NEE ZU....eeee e 4

T VOI ZU e 5

Q2-v1 Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.

[Visualisierung unter Fragenblock einblenden]

Q2a-Vv2 Ich kann die dargestellten Mal3einheiten, hier z.B. Tonnen,
nachvollziehen.

Q2b-V2 Ich kann leicht erkennen, ob die verwendeten Farben in der
Visualisierung bestimmte Informationen zeigen.

Q2c-V2 Das Balkendiagramm ist mir als Darstellungsform vertraut und es

ist nicht das erste Mal, dass ich Informationen aus einem solchen
Diagramm ablese.

TRt NCHE ZU. oo 1

Trifft @her NIChE ZU......ceeeeiieee e 2

TRIIS-EIIS. ... 3

THfft @I ZU oo 4

T VOI ZU. e e e e 5
Q3-V2 Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.

[Visualisierung unter Fragenblock einblenden]

Q3a-v2 Die Visualisierung spricht mich an.

Q3b-V2 Die Visualisierung ist sehr schén anzusehen.

Q3c-V2 Die Visualisierung ist gut gestaltet.

Q3d-v2 Die Visualisierung scheint vertrauenswirdig.

TR NICAT ZU. e 1

Trifft @her NIChE ZU.......coo 2

TEIIS-EIIS. .. 3

THfE @NEE ZU..c e 4

THFFEVOIl ZU. e s 5
Q4-vV2 Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.

[Visualisierung unter Fragenblock einblenden]

Q4a-v2 Ich habe einen Fehler in der Visualisierung gefunden.

Q4b-V2 Ich habe einen Anderungsvorschlag fiir die Visualisierung.

Q4c-V2 Wenn ich kénnte, wirde ich etwas in der Visualisierung anders
gestalten.

70



Q5-v2

MAVIL Fragenkatalog (Online Survey 2023) Seite 6 von 7

TR NICRE ZU. e 1
Trifft @Ner NICHE ZU.....coee e 2
LIS (= EPERRRPIN 3
TRt €NEE ZU oo e e 4
THE VOI ZU. et r e e e e e e e e e eennnnes 5
Q4d-V2 Ich mdchte etwas Positives an der Visualisierung hervorheben:
Q4e-V2 Ich mdchte etwas Negatives an der Visualisierung hervorheben:
Textfeld (max. 2000 Zeichen, optional) ..........ccceevviiiieeiieiiiee e, TEXT
Bitte entscheiden Sie, ob die Aussagen laut der Visualisierung wahr oder

falsch sind.
[Visualisierung unter Fragenblock einblenden]

Q5a-v2 Nur bei Russland und Deutschland zeigt sich ein Rickgang der
CO,-Emissionen in den dargestellten 28 Jahren.

LAY =1 o 1 == korrekt
L= [T o] o == inkorrekt

Q5b-V2 Die geringste Zunahme an CO,-Emissionen von 2018 gegenuber
1990 weist hier Japan vor.

LT = o | PRSP PPPPPIN 1 == Kkorrekt

FalSCRN.coie e == inkorrekt

Bitte beantworten Sie die folgende Frage.

QD

Q5c¢-V2 Welches Landes wird in der Visualisierung zuerst aufgelistet?
Textfeld (max. 2000 Zeichen, obligatorisch)................. TEXT, ,China“ == korrekt

Bitte schatzen Sie ein, inwiefern die Aussagen zutreffen.
[Visualisierung unter Fragenblock einblenden]

QDe Ich setze mich aus eigenem Interesse viel mit dem Thema Klimawandel
auseinander.

QDf Ich verfige Uber gute Kenntnisse in der Mathematik, insbesondere im
Bereich der Statistik.

TriffE NICAE ZU....co e 1
Trifft @Ner NIChE ZU....coeeeeeeeeeeeeeee e 2
B =TS = TR 3
IR 1= 01T (TN 4
LI 198Y7 L-( TRRN 5
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QF (Feedback)
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QFa Sonstige Ruckmeldungen oder Anmerkungen, die Sie zu diesem

Fragebogen tatigen méchten:

Textfeld (max. 2000 Zeichen, optional)

SCHLUSS Vielen Dank fir lhre Teilnahme!

Ihre Antworten wurden gespeichert, Sie kénnen dieses Browser-Fenster nun

schlielRen.

ANHANG: VERWENDETE VISUALISIERUNGSBEISPIELE

V1: Liniendiagramm

steigt kontinuierlich

Anstieg des Meeresspiegels seit 1993 (in Millimeter)

I Der Meeresspiegel

Unsicherheitsspanne

100

Der Meeresspiegel
80 steigt im Schnitt um
3,5 Milimeter pro Jahr
60

40

20

‘93 2000 2010 21
Quelle: NASA
®@®6 statista%

(Quelle: Statista, Der Meeresspiegel
steigt kontinuierlich an, NASA,
https://de.statista.com/infografik/21922/
anstieg-des-meeresspiegels/)

72

...................................................... TEXT
V2: Balkendiagramm
Diese Lander stoBen am meisten CO, aus
he der CO,-Er ionen ir ewdhiten Land eltweit (in Milli
1990 ({2018 @ 2018ggi. 1990
china @ 2% s . +315,9%
U5 e L1 SN
Indien Q) pmmm— o5 . +330,2%
Russland ) " 71 o 335%
Japan @ _}':’_ 2 - +0,6%
Deutschiand @ ot ( ’ i o 279%
iran & CO ) @ 2047
Sidkorea (§ 5 2 @ +1667%
saudi-Arabien (@) %21 ) - @ 2355%
Kanada () gmis o +225%
Clolo) statista%

(Quelle: Statista, Diese L&nder sto3en
am meisten CO aus, Global Carbon
Project, URL:
https://de.statista.com/infografik/18287/
co2-emissionen-in-ausgewaehlten-
laendern/)
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