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ABSTRACT

In this reflective essay, we explore how educational science can be
relevant for visualization research, addressing beneficial intersec-
tions between the two communities. While visualization has be-
come integral to various areas, including education, our own on-
going collaboration has induced reflections and discussions we be-
lieve could benefit visualization research. In particular, we iden-
tify five key perspectives: surpassing traditional evaluation metrics
by incorporating established educational measures; defining con-
structs based on existing learning and educational research frame-
works; applying established cognitive theories to understand inter-
pretation and interaction with visualizations; establishing uniform
terminology across disciplines; and, fostering interdisciplinary con-
vergence. We argue that by integrating educational research con-
structs, methodologies, and theories, visualization research can fur-
ther pursue ecological validity and thereby improve the design and
evaluation of visual tools. Our essay emphasizes the potential of
intensified and systematic collaborations between educational sci-
entists and visualization researchers to advance both fields, and in
doing so craft visualization systems that support comprehension,
retention, transfer, and critical thinking. We argue that this reflec-
tive essay serves as a first point of departure for initiating dialogue
that, we hope, could help further connect educational science and
visualization, by proposing future empirical studies that take advan-
tage of interdisciplinary approaches of mutual gain to both commu-
nities.

1 INTRODUCTION

What an exhilarating time to be immersed in visualization. The
community is currently plunged in the surge of big data and
open data initiatives, significant advancements in high-performance
computing, new ways to interact with virtual and augmented reali-
ties, as well as rapid integration of Al and Large Language Models
into visualization systems.

Importantly, visualization systems are an integral part of solv-
ing problems through exciting interdisciplinary connections that in-
clude, inter alia, medical diagnostics [77], genomics [59], molecu-
lar dynamics [93], physics [97], and astronomy [15], with recent
particular momentum around how Al-driven visualization can pro-
vide new routes of discovery and interaction [49, 102]. Visualiza-
tion is also becoming important for understanding social trends and
behavioral relationships, with swift parallel advancements in how
human-computer interaction can be effectively complemented with
user-centered design to create useful tools for different domain ex-
perts (e.g., [77]). Visualization is also playing a key role in the open
data movement and other citizen science initiatives. In other inter-
disciplinary applications, the convergence of data science and vi-
sualization has opened new ways for interpreting information, not
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least by engaging the public with science in novel and engaging
ways [86, 61]. Finally, visualization has manifested as a cross-
disciplinary tool for confronting global and complex societal chal-
lenges such as formulating strategies for communicating about or
mitigating climate change [9, 44], and confronting pandemics [63].

Going beyond the interdisciplinary nature that we highlight
above, visualization is also a crucial component for education pur-
poses [84, 72, 70, 76, 95]. For instance, visualization can enhance
learning by making complex concepts accessible, with a comple-
mentary wealth of educational research demonstrating improved
knowledge acquisition [55] and retention [66, 67]. Multiple stud-
ies have highlighted how emerging interactive visualization can in-
crease engagement and stimulate curiosity [73]. In addition, there is
a growing body of work indicating how adaptive visualizations in-
tegrated with real-time feedback can support students’ understand-
ing of complex scientific concepts [64]. On this note, visualiza-
tion tools also contribute to instructional design and assessment of
student performance with emergent digitalization of education ini-
tiatives [48, 39, 100]. There is also growing emphasis on how en-
gaging with visualizations can help support students’ critical think-
ing, and thereby aid in developing analytical and problem-solving
skills, as well as facilitate collaborative learning [83]. Furthermore,
visualization is a powerful pedagogical intervention that can serve
diverse learning needs, and make learning more inclusive by tran-
scending language differences and other common educational chal-
lenges [33]. Moreover, there are several further applications of vi-
sualization for education that include skills for creating meaning-
ful visualizations, and the importance of models and modeling el-
ements of visualization for STEM education, where it can act as
a bridge to connect scientific phenomena, mathematical relation-
ships, engineering design, and technological processes [41, 40].

While the influence of visualization on and for education is well-
documented in the literature in both research domains, we raise a
different question: what can educational science offer visualiza-
tion? Specifically, in posing this question, we mean perspectives
from educational science research that could influence or have rel-
evance for the visualization community and the nature of its re-
search. While also certainly noteworthy, in this essay we do not
denote pedagogical interventions for improving teaching and learn-
ing about visualization per se (which was the focus of the EduVis
workshop last year!). Rather, we focus on and probe the role and
implications of educational science research for visualization re-
search. So, in stating the problem motivation of this reflective es-
say, although educational science has made paramount inroads into,
for example, our understanding of cognitive development, integra-
tion of educational technology into practice, and development of
strategies for inclusive education, there has been limited systematic
interrogation of what educational science can bring to the field of
visualization and its community. Therefore, in commencing reflec-
tion on this question, this essay:
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* Exposes five perspectives from educational science of rele-
vance to the visualization field;

* Considers the implications of these perspectives for visualiza-
tion research;

* Anticipates future empirical endeavours that could intersect
educational research perspectives with visualization research.

Rising to these issues is very close to our hearts at the Visual
Learning and Communication research group in Norrkoping, Swe-
den. We have the privilege to work at the interface of visualization
and learning, driven by the inquiry, how does visualization impact
learning? To answer this question empirically necessitates exam-
ining aspects of the five perspectives raised in this essay. We do
so through a unique combination of two positions: The first au-
thor brings expertise from educational research, focusing on visual
learning processes, cognitive theory, and pedagogical frameworks,
in considering what these might mean for the visualization disci-
pline; The second author contributes experience from what cur-
rent knowledge about user studies and visualization research might
mean for the contribution of educational research to the visualiza-
tion discipline.

2 EDUCATIONAL SCIENCE MEETS VISUALIZATION

Based on our joint interests, current work and intersecting exper-
tise, we are of course aware of multiple visualization papers that
focus on educational outcomes, and education-orientated objec-
tives. This is particularly the case for us, where we also conduct
research within a division that hosts the Visualization Center C in
Norrkdping, Sweden, a digital science center that uses interactive
visualization to communicate and provide the public with access
to interpreting complex scientific phenomena. As part of this en-
deavor, we have contributed to the development of visualization
exhibits and penned several scientific reports on the topic (e.g.,
[104, 47], and are aware of other exciting work within the domain
(e.g., [19, 80, 45, 53, 60]. However, despite these encouraging di-
rections, we argue that the intersection of educational science and
visualization research is still in its early stages, an overlap that we
believe yields promising prospects for future development.

A rapid yet enlightening example search on the IEEE Xplore
database during the penning of this essay highlights that the term
“education” in IEEE TVCG is only present in approximately
10 journal articles [1, 7, 26, 27, 37, 42, 74, 79, 82, 87]. Of
these, only 5 emanate from the visualization research community
[1,7,37,42,87], while the other 5 stem from the Augmented or Vir-
tual Reality (AR/VR) track of the journal [26, 27, 74, 79, 82]. Four
of the 10 papers focus on visualization education [1, 7, 37, 42], as
stated previously, concerned with efforts on improving teaching and
learning within the field of visualization, while 1 proposes an inter-
active system to facilitate the creation of educational materials [87].
Please do note that this search is not intended as exhaustive, nor do
we claim that the chosen source is the only representative venue
of visualization research. We only apply it here as a representative
example of the dearth of the presence of educational science in the
visualization field. This example search is of course also assum-
ing that an educational researcher searching for educational science
driven research in visualization will often seek journal articles, and
is perhaps unlikely to search for other potentially relevant confer-
ence proceedings of the ACM (e.g., CHI conference) or workshop
papers (e.g., the BELIV workshop series) from the visualization
community.

Convergence of each author’s respective thinking about the prob-
lem statement of this essay has identified five perspectives of educa-
tional science that we shall reflect upon. The following reflections
are born out of continued current collaboration, and shared discus-
sions gathered through each author’s specialized knowledge from

each parent discipline, and observations about how each of these
research disciplines have developed in relation to the nature of vi-
sualization. The reflections offer a starting point for prompting fur-
ther discussion and are not meant to serve as an all-encompassing
review.

Firstly, surpassing task completion time and accuracy consid-
ers the potential of established educational research measures for
visualization research. Secondly, gaining insight in light of exist-
ing educational constructs, considers what is meant by terms such
as “insight” in relation to established learning nomenclature. Ap-
plying cognitive processes and learning theory serves as the third
perspective, where the use of existing knowledge about human cog-
nition and learning can influence aspects of visualization research.
Fourthly, given both the separate and similar use of terms such as
“visual literacy” (see e.g., [83]) and “visualization literacy” (see
e.g., [20]) to (sometimes) denote overlapping (or separate) asser-
tions, we discuss a potential need for savoring and establishing
existing terminology. Lastly, we argue for taking advantage of in-
creasing interdisciplinary aspects of convergence by building on
and empirically connecting newly emerging paradigms such as “ex-
ploranation” from both educational science and visualization per-
spectives.

3 EXPOSING FIVE PERSPECTIVES FROM EDUCATIONAL
SCIENCE

We now describe how each of the five educational science perspec-
tives are, in our opinion and observed experiences, of potential high
relevance for visualization research.

3.1 Surpassing Task Completion Time and Accuracy

In the fields of Human-Computer Interaction (HCI) and visualiza-
tion, a recurring evaluation format focuses on measuring task com-
pletion time and accuracy or errors [54]. While certainly estab-
lished and respected, classical evaluations are sometimes inappro-
priate for a variety of visualization research that seeks to discover
domain expert system design or collaboration patterns (see, e.g.,
[11, 54, 90]). This observation has driven the visualization research
community to reflect on how they could design novel evaluation
methods that would go beyond the simple — and often status quo —
usability measures of time and errors, perhaps most notably through
the BELIV workshop series (see e.g., [12, 13]). This workshop se-
ries has helped the community reflect upon and consider new eval-
uation strategies to, for instance, study inclusion and accessibility
[3], evaluate trust [31], or analyse interaction logs of exploratory
visualizations [32, 105].

Such workshop series have facilitated the broadening of the visu-
alization community’s understanding and treatment of “evaluation”
to include other measures of interest, methodologies, or application
domains. However, established principles of educational research
have not yet been considered in earnest. For example, our analysis
of the BELIV workshop proceedings does not reveal a single paper
that takes educational science as its foundation premise. That said,
an example paper that would closely relate to educational science is
Burns et al. [22], which considers Bloom’s taxonomy [14] in pro-
viding a framework to evaluate knowledge acquisition with visual-
izations. In this paper, the authors aim to construct a set of questions
that would evaluate and distinguish between a range of different un-
derstanding levels: from a person’s perceptual understanding of a
visualization to how they would apply learned information from the
visualization to a real-world problem. Through such examples, we
opine that the visualization community might benefit from more
education-grounded and established learning measures established
in education research. For instance, knowledge retention (which
is mentioned in several TVCG papers outside of “pure” visualiza-
tion research, e.g., [26, 27]), has been a classic education measure
for close to a century, while measures around “knowledge transfer”



[85] are often seen as the ultimate standard for testing true learn-
ing in educational science. While it appears that the visualization
community has recently included more evaluations and discussions
that are somewhat close to the notion of “knowledge transfer” (see
e.g., [5, 17, 65, 58, 98], we posit that there should be a stronger
emphasis on the inclusion of such objectives for visualization re-
searchers. Lastly, although we are excited to see its emergence in
several visualization quarters, and paramount to many of our own
research pursuits, e.g., [88, 84] we strongly advocate for qualitative
research methods [106, 90, 69], many of which are deeply and tra-
ditionally recognized in educational research. Qualitative and inter-
pretivist methods such as clinical think-aloud interviews [88, 86],
observation, focus group methods, and design study methodology
[90, 69], allow for in-depth exploration, allowing for the investiga-
tion of context-specific meanings that also offer flexibility in itera-
tive research design [61].

While we agree that there is an emerging concerted effort from
visualization researchers to go beyond the most direct evaluations
of visualizations and their understanding as visible in the papers
we identify above, we look forward to discussing how we could
approach this as a joint systematic effort between our two commu-
nities.

3.2 Gaining Insight in Light of Existing Constructs

In the realm of education research, several data collection and an-
alytical approaches have been developed since the late 19th cen-
tury with the vision of crafting valid measures of established con-
structs. Surveys, structured interviews, observation, validated tests
and case studies are all examples of methods implemented to yield
information that can be mapped to learning processes, learning out-
comes, pedagogical effectiveness, as well as intrinsic motivation
and self-efficacy [81]. For example, it is commonplace for edu-
cational researchers to systematically define the “learning process”
or “learning outcome” or “learning performance” that is being em-
pirically pursued. In providing an example on this point, visualiza-
tion researchers often use the term insight to demarcate meaningful,
beneficial or positive outcomes in relation to some sort of compre-
hension, awareness, or realization that might be associated with a
deeper understanding. However, it is rare that the nature of such
“insight” or what learning or cognitive components it constitutes
are formally operationalized in visualization research communica-
tions (some exceptions can however be found, see, e.g., [74, 79]).
This is especially in relation to the data collection and analytical
procedures employed. In this regard, educational researchers would
wonder, what in particular about “insight” that is being sought?
How do the researchers know that they are actually measuring “in-
sight”. How does “insight” relate to established educational, cog-
nitive and learning constructs of knowledge acquisition, learning
transfer, or application of knowledge?

Education and learning researchers could provide established di-
rections for how to operationalize and define constructs that are in
question. This is especially important when “strengths/advantages”
or “limitations/disadvantages” claims are made about human or
user perception, interaction or interaction with a visualization sys-
tem. Such clarity can also facilitate the application of research
findings to real practice and contexts. In this sense, education and
learning researchers often pursue “ecological validity” [106], which
refers to the extent to which findings can be applied to real-life set-
tings or situations, and whether they reflect the complexities of real-
world situations. We deem ecological validity a crucial criterion
in visualization research, since visualization research often aims to
represent complex data that is meaningful to users in real world
settings. It also seeks merit in being able to provide useful informa-
tion about the effectiveness of visualization in supporting cognitive
tasks such as decision-making and behavior.

While past research has highlighted that visualization educa-

tion may “benefit from the integration of pedagogical strategies for
teaching abstract concepts with established interactive visualization
techniques” [2], we hope that our arguments highlight that visual-
ization research may also benefit from integrating existing learning
and educational measures into study design and analysis.

3.3 Applying Cognitive Processes and Learning Theory

Developments in cognitive science played a pivotal role in the es-
tablishment of educational research as a realm of empirical inquiry.
Cognitive science provides frameworks for considering human per-
ception, information-processing architecture and problem-solving
strategies, which in turn, can be mapped onto hypothesizing about
learning processes and how understanding is acquired. A wonder-
ful example in the context of perception and comprehension of vi-
sual information is the seminal work of Larkin and Simon [56] who
beautifully demonstrated the power of spatial visualization. Fol-
lowing on this track is the huge influence of cognitive load the-
ory [24] and multimedia learning [66] in providing powerful access
points for investigating and analyzing how people learn and con-
struct understanding from visualized information. Typical tenets
from cognitive multimedia learning theory [66, 67] combine the
science of learning and instructional affordances. For example, in-
formation that is of no use to a learning process is said to be ex-
traneous, since it vies for limited cognitive resources in working
memory. Hence, reducing extraneous processing can be made pos-
sible through various established empirical principles that include
the redundancy principle (humans learn more effectively from vi-
sualizations accompanied by narration compared to those with text)
and the spatial contiguity principle (humans learn more effectively
when text and visualizations are in near proximity rather than far
apart on the search space). In this regard, our own work [89]
has proposed the notion of a visuohaptic modality effect, where
the dual-mode visuohaptic experience of interpreting a submicro-
scopic concept might help reduce cognitive overload by offloading
demanding visual processing through haptic and visual referential
connections.

Recently, the application of embodied cognition in the context of
learning with interactive visualization environments, e.g. [89, 38]
provides perspectives that go beyond the mind alone by positing
that sensory experiences, motor actions and interactions within or
with a system, also influence the nature of knowledge acquisition
and learning [101]. At the same time, in applying cognitive pro-
cesses, researchers should also take heed of affective learning in-
tents and objectives of visualizations [58]. These include perspec-
tives around outcomes resulting from engaging the viewer with a
particular subject, solidifying an opinion, or prompting some kind
of action. It is our view that acknowledging cognitive theory in
visualization research provides a means into the nuances of human
perception, interpretations and interactions with visual information,
which can assist in providing a frame for developing visualizations
that enhance learning and educational impact.

Coupled to influences from cognition, educational psychology
has strengthened the genre of educational research by providing
tenets for how individuals and groups of individuals might learn in
different environments, thus yielding potential directions for devel-
oping effective learning and teaching methods [52]. When it comes
to visualization research, educational psychology can help inform
the design of visualizations to be aligned with cognitive abilities
and preference [51]. In doing so, efforts in visualization research
can be directed to the crafting of engaging and effective visual tools
that support comprehension, retention, and transfer of complex con-
cepts.

3.4 Savoring and Establishing Existing Terminology

It is well known that vocabulary differences and esoteric jargon
around concepts and principles create potential challenges both for



researchers in collaborative interdisciplinary work, and for informa-
tion retrieval systems when researchers search for papers that could
be of relevance to their work [25, 28, 68, 75]. The educational and
visualization research communities are not exempt from this issue.
The ongoing collaboration and discussion between the two current
authors has highlighted examples of divergences in vocabulary and
nomenclature that we believe are worthy to report in this context.

The visualization community sometimes distinguishes between
visual literacy and visualization literacy [20, 18, 7]. As an exam-
ple, in the visualization community, visual literacy is often derived
from Fransecky and Debes’ definition [36]: “a person’s ability to
discriminate and interpret the visible actions, objects, and sym-
bols natural or man-made, that he encounters in his environment.”
On the other hand, Data Visualization Literacy (DVL), sometimes
penned as visualization literacy represents, “a person’s ability and
skill to read and interpret visually represented data in and to extract
information from data visualizations” [57]. For the educational re-
search community, the concept of visual literacy and visualization
literacy would seem to overlap and both could often be considered
under a “visual literacy” umbrella at large. For instance, the ERIC
definition states that visual literacy is “a group of competencies that
allows humans to discriminate and interpret the visible action, ob-
jects, and/or symbols, natural or constructed, that they encounter in
the environment” [94] and other definitions include “the ability to
‘read,” interpret, and understand information presented in pictorial
or graphic images” [99], “the learned ability to interpret visual mes-
sages accurately and to create such messages” [43], or “involves
the ability to understand, produce, and use culturally significant
images, objects, and visible actions” [34]. However, educational
researchers have highlighted that the origins of the term are eclec-
tic, the definition broad and heterogeneous [6], and also regularly
overlap with other emerging related concepts such as digital liter-
acy [46], or multimodal literacy [91]. As a whole, we support the
call from Creamer et al. [29] to interrogate our operationalization
of visualization literacy and meaningful methods to assess it. We
also support the strong need to discuss what is meant by visualiza-
tion in terms of practice and synergies with people and the future
[7]. In doing so, we wish to emphasize that this should be enthu-
siastically pursued by also considering the existing literature in the
educational sciences (e.g., [83, 6] instead of making it a visualiza-
tion community effort alone.

Other terminology issues may not be as problematic as those
linked to construct definition. For instance, and linked to our pre-
vious discussions in subsection 3.1, the word “evaluation” in vi-
sualization research is rather loosely used to describe any form of
validation (quantitative, qualitative, ...). However, from an educa-
tional science perspective, evaluation is more limited and requires
more nuanced definitions to unpack and specify which aspect(s)
is/are being measured or validated. While this is not as problem-
atic as overlapping constructs, it nevertheless reinforces existing
guidelines from previous work on the need to establish a common
vocabulary to further spawn successful collaborations. [28, 68, 75].

While common terminology can easily be established in some
cases, more complex theoretical concepts are likely to be more chal-
lenging to find consensus across communities in a meaningful and
significant manner. The main danger in this case lies in research
efforts and resources that may be wasted to “reinvent the wheel”
[8, 23], especially considering that the underlying cognitive pro-
cesses may very well be the same.

3.5 Increasing Interdisciplinary Convergence

Visualization research is by nature, and almost by necessity, inter-
disciplinary [50]. In addition to collaborators in various applica-
tion domains (for example, medical [77], genomics [59], molec-
ular dynamics [93], physics [97], or astronomy [15]), visualiza-
tion researchers are closely intertwined with or even contribute

to disciplines related to visualization, such as computer graphics
(e.g., [10]), human-computer interaction (e.g., [30]), virtual and
augmented reality (e.g., [92]), or vision and cognitive sciences
(e.g., [96]). Although visualization research is often undertaken
to also contribute to educational goals, outcomes and pedagog-
ical interventions with the help of educational researchers (e.g.,
[9, 16, 21, 103]) we argue that the visualization community would
benefit from more direct and intense collaboration with educational
scientists, and especially take advantage of their long tradition in
mixed-method development and analysis. This is particularly true
when it comes to the design and evaluation of interactive visual-
ization with educational objectives and outcomes in mind. Herein,
the enlightening illuminations on how design study as a qualitative-
driven method of inquiry as articulated in [69, 90] are particularly
welcomed. Such approaches can certainly contribute to the conver-
sation about how interpretivist perspectives impact the discipline of
visualization research.

There is indeed a great need of confirmed visualization systems
that foster curiosity and out-of-classroom learning that are shown to
benefit students [78] as well as underserved communities and net-
works [4]. Of promising theoretical relevance is the recently coined
term “exploranation” [47, 103]- describing the convergence of do-
main expert exploratory visualization tools used to make sense of
data with explanatory visualization tools that aim to communicate
scientific concepts to the general public—almost inherently mani-
fests as a direct call for more interdisciplinary and mixed method
collaboration between educational and visualization research.

4 CONCLUSIONS AND FUTURE INTERSECTION OF EDUCA-
TIONAL RESEARCH PERSPECTIVES AND VISUALIZATION

In this reflective essay we set out to reflect upon how educational
science research could be relevant for visualization research. We fo-
cused on five primary educational research perspectives, and what
they could offer visualization researchers. Our reflections pave a
departure and are not intended to be an exhaustive review, but rather
the result of reflection and discussion that we have had through con-
tinued current collaboration across our two respective “parent” dis-
ciplines. As such, we first highlighted and echoed past calls for
visualization research to extend evaluation methods so that they
incorporate more varied and meaningful measures that are rele-
vant to educational sciences, and therefore highly relevant from
a visualization perspective in general (see subsection 3.1). For
instance, we believe that classical and established knowledge re-
tention and transfer may be of particular importance to ascertain
the impact of a visualization, or of specific interaction techniques.
We then argued that incorporating educational frameworks, learn-
ing taxonomies and cognitive processes (subsection 3.2 and sub-
section 3.3) as well as extending our vocabulary and disciplinary
jargon to match existing educational research (subsection 3.4) may
be beneficial in fostering ecological validity and better contribute
to the body of knowledge on cognitive and learning processes. Fi-
nally, we argued that despite encouraging emerging examples of
integrating educational and learning perspectives, the visualization
research community could gain from more intensive and direct col-
laboration with educational researchers. In this spirit, education
researchers could provide knowledge on mixed-method approaches
for designing and investigating interactive visualizations designed
with an intention to foster curiosity and engagement with complex
concepts.

The rapid integration of visualization into science education re-
sources and public spaces is moving so swiftly that educational re-
search on identifying the benefits and limitations of emerging inter-
active visualization is struggling to keep up. This in itself represents
a particularly exciting and promising avenue for joint work between
the two communities. Science centers and museums are unique out-
of-classroom learning spaces that have a strong potential to foster



curiosity, renew interest in STEM, and create meaningful learning
experiences [9, 47, 71, 62]. However, systematic research on this
topic has been rather scarce thus far despite the promises it holds
and the pivotal research challenges it proposes. In echoing the IEEE
VIS 2023 Keynote, 2 we hope that pursuing the notion of explorana-
tion in science centers can generate collaborative work that will be
of interest to both communities, and eventually, strengthen our un-
derstanding and creation of joint goals, methods, and epistemology.

Based on our essay, we posit that this collaboration work may
also assist both communities in promoting their research goals. Vi-
sualization researchers could implement software to analyze and
understand users’ interaction patterns and how they may be linked
to different learning strategies [105] to help design better learning
experiences with digital visualization systems. Conversely, visu-
alization research focusing on notions of visual and visualization
literacy (e.g., [2, 20, 18, 35, 57, 7] may profit from the knowledge
and contributions of educational researchers. In closing, we hope
that our manuscript might stimulate a more robust awareness of
both communities and opportunities for a deeper educational sci-
ence and visualization research collaboration. We believe that the
five perspectives that we reflect upon in this essay are essential for
constructing meaningful unions between our disciplines. We also
hope to have provided visualization researchers with starting dis-
cussions on how educational science perspectives can align with
and support contemporary visualization methods and goals.
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