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Abstract
To inform the design of visualisations, sonifications, data phys-
icalisations and other multisensory interfaces, designers and re-
searchers draw on insights, studies, resources and guidelines from
a broad range of research disciplines. We have investigated oppor-
tunities and challenges of establishing a unified data perceptualisa-
tion design theory that fosters interdisciplinary collaboration and
knowledge sharing. Therefore, we conducted a meta-analysis of
existing subfields and theories, considering both current practices
and future visions. To address current shortcomings in defining and
documenting related work—issues that hinder accessibility—we
present several contributions, including a refined definition of en-
coding channels, a data perceptualisation pipeline and a conceptual
model for representing multisensory data mappings that accounts
for situatedness, interaction style, intention and multisensory ex-
perience.

CCS Concepts
• Human-centered computing→ Visualization design and evalu-
ation methods; Empirical studies in visualization; Displays and
imagers; Sound-based input / output; Haptic devices; Interface de-
sign prototyping; User interface design; Contextual design; User
centered design; Visualization.
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Data perceptualisation, unified theory, human-information interac-
tion, multisensory interaction, data physicalisation
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1 Introduction
With The Semiology of Graphics [3], Jacques Bertin created a foun-
dation for research on how data is efficiently visually presented to
humans by introducing a model for representing relations between
primitive components of an image and human vision, and related
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design guidelines. Multiple extensions and adaptations of his the-
ory have been developed for other senses and interfaces, but they
require consideration of additional aspects that could previously be
overlooked when limiting the scope to static images, such as inter-
action and multisensory processing. In this paper, we investigate
a theory exploring how data is efficiently presented to a human
through any of the senses via arbitrary interfaces, a concept re-
ferred to as data perceptualisation since the 1990s [11, 32]. Although
the term has surfaced in a handful of works exploring multisen-
sory interfaces or opportunities for interdisciplinary knowledge
exchange [13, 29, 35, 38, 58], there remains a lack of formal defini-
tions, frameworks and resources to be shared among the disciplines
involved in designing artefacts for data presentation. Today, many
findings and resources remain scattered across disciplines and are
challenging to combine.

Data perceptualisation represents a largely untapped common
ground across fields such as visualisation, sonification, haptifica-
tion and multisensory interaction, offering opportunities to share
concepts, methods and theoretical insights that are often devel-
oped in parallel. We suggest that one factor limiting knowledge
exchange are the subtle yet important differences in the ways con-
cepts and terminology are understood and used across domains.
By making common terminology and design principles explicit
while respecting the distinct realities of each domain, a unifying
and accessible theory could help address shared challenges in de-
sign and evaluation, reduce duplication of effort, and support the
development of approaches that align more efficiently with the
inherently multisensory nature of human perception. Without such
integration, knowledge exchange between fields focused on inter-
face design as well as perception remains difficult, increasing the
risk that established lessons are overlooked and that theoretical
findings are misapplied, potentially leading to ineffective or even
harmful outcomes [28].

In this paper, we establish a data perceptualisation design the-
ory (DPDT), demonstrate the potential and challenges of introduc-
ing such a design theory in practice, and propose concrete solutions
to make the theory unifying and accessible. We begin by defining
data perceptualisation and presenting examples of perceptualisation
artefacts, along with a motivation for a shared theory, in Section 2.
The definition of a data perceptualisation design theory, its prac-
tical applications and its core components are further elaborated
in Section 3, along with multiple suggestions for what to strive for.
In Section 4, we present three solutions that address current chal-
lenges holding back unification and effective knowledge sharing
across subfields such as visualisation, sonification or data physical-
isation. The first challenge concerns inconsistencies in how marks
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Table 1: Clarifications of terminology used in this work

Term Definition adopted or refined (marked with * ) for the domain of data perceptualisation

data perceptualisation* An artefact presenting data to a user with the aim of providing objective insights of the data, using any
display device or sensory modality. Note that the term may also be used to refer to the related design
practice and research domain. See Section 2.

design theory A theory concerned with the design of an artefact. See Section 3.
data attribute A measurable property represented through a variable or dimension in a dataset, such as a column in a

table [63].
mark* Examples of marks include a dot, sound and air burst. A mark is the phenomenological structure that

acts as the design element encoding data in the data perceptualisation artefact, and whose properties are
decoded through various interactions, such as watching, listening, tapping or stroking. We suggest that
the mark be used to indicate which stimuli belong together according to the human observer’s point of
view. See Section 4.2.

channel* A perceivable property of a mark that can be varied to create a scale of experiences. Examples include
colour, roughness or the intensity of a rain sound. In this work, we use and encourage this term to refer
to the full chain created by an encoding channel, a physical phenomenon and the human experience of it.
See Section 4.4.2

encoding channel* Refers only to the objective instruction used for controlling display devices, clarifying how a data attribute
is encoded into the physical external representation. See Section 4.4.2

data mapping The matching of data attributes to encoding channels, which is one of the important design decisions
made in data perceptualisation.

idiom An established type of design solution, for example a pie chart [63]. Defines how data transformations,
marks and supporting design elements can be reused with different data.

external representation Defined by Fox and Hollan as “the form of information, purposefully encoded as structures in material
artefacts that serve a semiotic function as part of an interpretive process” [29]. Examples include text and
data perceptualisation artefacts.

display device* A device designed to create an external representation, used for transforming data to a physical format.
Examples include monitors, speakers and actuators. While many of these are electronic, manufactured
physical objects, such as printed images and static physical objects, may play the same role and are also
covered by this definition.

situatedness Describes how information is integrated into its surrounding environment, usually as a relation to a user,
item or event [2, 8].

multisensory Used here to clarify that a human combines multiple sensory experiences, sometimes from different
sensory modalities. Often used interchangeably with the term multimodal.

multimodal Used when describing a system using multiple input or output channels.

and channels are conceptualised across fields. We address this by
treating a mark as a conceptual and interactive construct, and by
drawing a more explicit distinction between full channels that span
from data to experience, and encoding channels that define how
display devices are controlled. The second challenge is the current
lack of a unified framework to express the various perceptualisation
artefacts, which is necessary to enable efficient interdisciplinary
knowledge sharing and artefact comparison. We present a percep-
tualisation pipeline and a complementary conceptual model for
representing artefacts, drawing on concepts from multiple existing
models. Compared to most existing models, it aims to highlight
only the essential aspects of expressing the relation between design
elements, while avoiding the details added under the assumption of
a specific sensory modality or use case. Our model further includes
situatedness, intention, interaction and targeted experiences. For
less standardised interfaces and comparisons across various setups,
it is essential but challenging to clearly incorporate these aspects
into existing models. By utilising a directed network with feedback
loops, the presented conceptual model facilitates the expression of
complex, multisensory relations and interactions while avoiding the
introduction of perceptual factors that are commonly unknown to

a designer. We showcase its value in use by applying it to examples
of perceptualisation artefact designs. In Section 5, we discuss the
potential for efficiently structuring knowledge in a database, other
relevant future pursuits for the presented data perceptualisation
design theory and provide some concluding remarks.

2 Data Perceptualisation
In this section, we gather definitions related to data perceptuali-
sation to clarify its scope and key terminology. A summary of the
terms and definitions we use is provided in Table 1. Many of these
terms are addressed in later sections, with more detailed explana-
tions of challenges encountered in searching for definitions and
models that fit the general scope of data perceptualisation. Most of
the definitions shown in Table 1 are adopted from existing work,
but we propose refined clarifications for the terms data perceptuali-
sation, mark, channel, encoding channel and display device.

2.1 Defining Data Perceptualisation
A definition of data perceptualisation must be effective as an um-
brella term and, at the same time, clarify important distinctions
from other artefacts made with different goals in mind. We define
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a data perceptualisation as an artefact presenting data to a user with
the aim of providing objective insights about the data, using any
display device or sensory modality. Note that the term may also be
used to refer to the related design practice and research domain.
When we perceptualise data, we refer to the creation and use of a
data perceptualisation artefact. However, this term should be used
with caution, as it may be misinterpreted outside the field of data
perceptualisation.

At its most fundamental level, a data perceptualisation artefact
is designed to encode data within the physical world. It is assumed
that the artefact, also referred to as the external representation [29],
is intentionally decoded by a human to create a matching interpre-
tation of the data being presented, as illustrated in Figure 1. We
emphasise that perceptual and cognitive decoding is an interactive
and iterative process. However, in clarifying the goal of data percep-
tualisation, the primary focus of data perceptualisation lies in the
data-to-human-directed information flow. Similarly, on the system
side, a dynamic data perceptualisation may include a feedback loop
through subcomponents that respond to user interactions.

EXTERNAL REPRESENTATIONDATA INTERPRETATION 
OF THE DATA

Figure 1: Data perceptualisations encode data values into an
artefact in the physical reality, here referred to as external
representation. These encoded values are always intended to
be actively decoded by an observer, creating an interpretation
of the data.

Multiple research fields are concerned with the design of data
perceptualisations. Figure 2 illustrates examples of existing sub-
fields and their shared related fields. Data perceptualisation offers
a coherent scope for integrating these often-overlapping subfields,
while still allowing them to distinguish themselves through special-
isation in sensory modality, display type, task, target user, content
or context. Without the scope of data perceptualisation, providing
a description that includes all subfields and topics can be difficult,
even though they sharemultiple similar interdisciplinary challenges
and design goals. A number of existing fields offer a similar overar-
ching scope. An example is immersive analytics [61], which may
be seen as data perceptualisation with a focus narrowed towards
Extended Reality (XR) solutions for data analysis. Another example
is data sensification, which encompasses data representations that
“deliberately aim to reveal insight through any sensory modality” [37].
For data sensification, the focus is on artefacts that are part of the
environment and designed with respect to contextually relevant
metaphors, which often relies on the human designer’s sensibility
for storytelling rather than on theory of the perception of abstract
data dimensions. What is encompassed as insight from data may
include more qualitative and subjective interpretations, opening
the definition to include data art. This conflicts somewhat with
fields such as sonification and information visualisation, where the
definition is much more strictly limiting the design of artefacts to
strive for objective and reproducible data interpretations.

Data Science

Design

Communication

Psychology

Human Factors

Engineering

Human-Information-Interaction

Data Perceptualisation

������������������
��������������
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Visualisation
(vision)

Cartography
(content speci�c)
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(touch)
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Olfaction
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Data Physicalisation
(physical objects)
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Tangible interfaces
(dynamic)

Edible data

Ergonomics
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visually impaired
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Multisensory Interaction

Figure 2: Data Perceptualisation as a research domain en-
compasses multiple subfields concerned with the design of
data-presenting artefacts and provides a suitable research
framework for exploring interdisciplinary knowledge ex-
change among them.

We suggest that this stricter scope be adopted in data perceptual-
isation, as it offers multiple specialised methodologies and metrics
that are better suited to efficient exchange across specialised fields.
Nevertheless, multisensory experiences are often more easily com-
prehended through metaphor, making it valuable to incorporate
perspectives and methods from data sensification. Research on
multisensory interaction and integration naturally overlaps with
research on data perceptualisation, where the interaction with arte-
facts provides a means of exploring human abilities. Data percep-
tualisation, by contrast, primarily aims to explore the design of
artefacts and resources that support their creation.

Important design qualities that data perceptualisations strive for
include making the interpretation of the encoded data predictable,
accurate and similar across users, rather than providing arbitrary
experiences. In this context, aesthetic quality refers to the artefact
being read efficiently, confidently and comfortably, leading to a
pleasant experience rather than being described as beautiful. The
subfields tend to emphasise a user- and task-driven design approach
for creating and evaluating data perceptualisation artefacts. A well-
designed perceptualisation artefact helps users with a specific task,
alongside a sufficiently accurate interpretation of data values. Users
and context shape how the same physical artefact is interpreted,
making it essential to define and study data perceptualisations
through well-documented and replicable studies across varying
contexts. This builds on the foundations of data-driven approaches,
which focus on defining which design solutions and perceptual
abilities are compatible with different data characteristics.

2.2 Examples of Data Perceptualisation and
Differences Between Subfields

There are multiple important differences between subfields, mak-
ing it challenging to define a consistent theory. In cartography and
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visualisation, The Semiology of Graphics [3] introduced a systematic
matching between a data attribute, such as a column in a table
dataset, and a physical property that can be perceived in isolation.
Bertin referred to these properties as visual variables or retinal vari-
ables, which correspond to specific primitives of visual perception.
In modern information visualisation, a widely utilised theory is
that of Munzner [63], in which the variable concept is referred
to as a channel. A simple example of mapping data attributes to
channels in a scatterplot, which is one of the options suitable for
the data-analytic task of obtaining an overview, is illustrated in
Figure 3. Information visualisation design theory helps inform both
the choice of idiom and the selection of a channel for mapping each
data dimension.

dot x position

dot y position

dot colour

dot size

dot shape

Country
categorical, 2 values

Age
quantitative, range 12-103

Height
quantitative, range 96-205

ENCODING CHANNELSDATA ATTRIBUTES

Data: tabular, 3 dim, 1046 items
Task: overview

Selected idiom: scatterplot

Age

Height
220

0
110

Country A
Country B

0

Height across age for countries A and B

Figure 3: Simple scatterplot visualisation example illustrat-
ing the mapping between data and encoding channels that
control a dot’s properties

A similar method for presenting data through sound is Param-
eter Mapping Sonification (PMSon) [33], where non-verbal sound
synthesis parameters can be viewed as auditory channels. These
can vary in terms of sound characteristics, temporal variations or
the location of the sound source. While early research on auditory
channels primarily focused on aspects easily defined for synthetic
sound waves, alternatives using sounds that humans have naturally
evolved to notice in their environment have been found to be more
aesthetic [21, 57, 82]. Examples include the type of instrument or
the intensity of rain. This marks a key distinction from visualisa-
tion, which focuses on low-level perceptual abilities rather than on
conceptual channels requiring higher-level cognitive processing
to be understood. Compared to visualisation, sonification further
makes a clearer distinction between the physical sound and the ex-
perienced sensation, using different terminology for the two, such
as sound frequency versus pitch. The separation between physical

properties and sensations is also necessary in haptics, where many
channels require active exploration by users.

Figure 4: A static data physicalisation example by Zoltán
Sylvester [18], which allows exploration of how a river’s
shape has changed over time. Time is encoded in the colour
and layer height, with the yellow layer on top representing
the most recent shape.

Data physicalisation is a field that explores how physical objects,
or the interaction with them, can be used to encode data [19, 88].
Figure 4 shows an example of a data sculpture, which can be eas-
ily explored through natural interactions. Using multiple senses
when observing data offers numerous benefits, such as making
information more memorable and enhancing learning. With new
technologies, there is an increasing number of dynamic data physi-
calisations and tangible interfaces that can adapt to different data
values in real time. Although currently rather bulky, these proto-
types serve as valuable tools for envisioning and researching future
interface possibilities [44]. Multisensory Extended Reality (XR) so-
lutions are interesting to compare with data physicalisations, as
they often create simulated experiences of physical objects. For
example, a user might be able to “touch” objects in a virtual 3D en-
vironment by using ultrasound to create a haptic experience in the
palm of a hand [5]. Even though both physical and virtual objects
in the examples may encode a data attribute with colour, they use
different means of creating the stimuli, and rather than letting users
touch a physical object, the XR display device creates an illusion
of touching an object. While creating illusions beyond 3D screens
is uncommon in visualisation, it has been explored and applied to
other senses. For example, headphones can simulate the apparent
location of a sound (virtual surround sound).

2.3 The Pursuit for a Shared Design Theory
When attempting to represent physical and simulated examples
within a single framework for expressing mapping choices, funda-
mental differences must be addressed. The artefacts are interacted
with in distinct ways, and the theoretical models and terminology
vary across fields, complicating direct comparison. Using details
needed in a model for a different modality can prompt reflection
on previously overlooked aspects. However, it may also introduce
aspects that seem irrelevant or challenging to include and name.
We further discuss this challenge in Section 4.4, where we present
a framework for the general case of data perceptualisation.

Striving towards a multisensory theory is not only relevant for
immersive analytics and data perceptualisation, but has also been
advocated in the fields of sonification [35] and visualisation [29].
This interest is driven by a growing recognition of the complexity
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and subjectivity involved in the decoding stage of the perceptuali-
sation pipeline, and by calls to study this process more strategically.
Cooperation between research communities has been identified as
essential for developing a cohesive and applicable design theory
for advanced human-information interaction interfaces [22, 29].
Initial efforts to bridge the gap between visualisation and psychol-
ogy research have already been proposed by Fox and Hollan [29]
and there are multiple works on multisensory design theory from
various perspectives [38, 41, 61, 65, 66, 71] to combine and build
upon. By providing a more explicit common ground, multisensory
models and vocabulary, data perceptualisation has the potential to
unify concepts and promote knowledge sharing across additional
research communities concerned with the design and experience
of artefacts that present data to humans.

As further illustrated in the next section, the design and cre-
ation of a data perceptualisation depends on resources and con-
siderations from many different disciplines, such as engineering,
psychophysics, ergonomics and user experience. To create a “good”
artefact, it is necessary that all considerations are met and that
support is available for the many steps of the design process. This
emphasises the need to explore how these interrelated fields can
cooperate efficiently, which we believe is one of the most promising
and valuable contributions to pursue within data perceptualisation.
Rather than expecting shared abstract models and definitions to
outperform specialised ones in practice, data perceptualisation can
be seen as providing a complementary layer for inspiration, inter-
disciplinary knowledge exchange and support for coevolution. One
could even argue that contributions to data perceptualisation should
be developed with this perspective in mind. The field can target
the direct need for resources to share knowledge and a shared de-
sign theory that clarifies which knowledge is helpful for designing
artefacts and how to structure this knowledge.

3 Data Perceptualisation Design Theory
A design theory is a resource that supports creators in “how to
do something”, and it can relate to the process of ideating, creat-
ing or reusing a solution. The theory resource relies on efficient
means of acquiring, documenting and sharing knowledge. Com-
mon characteristics of design theories include that they inform on
abstract concepts [56, 113] and solutions that can only be optimised
to specific contexts rather than a uniform truth. Hence, much of
the reusable knowledge on solutions is contained in the artefacts
themselves [15]. Essential components for efficiently communicat-
ing information system design theory, synthesised by Gregor and
Jones [30], have previously been used to inspect sonification design
theory [64] and are useful for guiding the development of a data
perceptualisation design theory (DPDT).

In this section, we present our efforts to establish a DPDT by
bringing together content and use cases from related fields to define
what DPDT entails. Systematic methodologies risked holding back
the scope too much. Instead, we adopted a more open but more
extensive exploration of works, allowing for the inclusion of a
wider variety of perspectives and considerations. Relevant aspects
encountered from various contexts have been thematically clustered
to derive the summarising lists and tables presented in this section.
We also share more overarching observations and insights on what
is currently lacking and what is possible to support in practice.

3.1 Users
The DPDT is created and accessed by humans, machines or both,
in a wide variety of cases. Different hardware, algorithms and ap-
plications, as well as different groups of humans, engage with the
theory with different goals in mind. We identify two general groups
of human users that frequently create perceptualisation artefacts or
resources and benefit from direct or indirect contact with the theory.
The first group is perceptualisation experts, such as researchers, engi-
neers and designers. They often develop resources and knowledge
shared within their own community, while the perceptualisation
artefacts, creation tools and hardware they develop are designed
and evaluated with different end users in mind. The second user
group consists of domain-specific users who are interested in ex-
ploring, analysing or presenting their own datasets. They have
domain-specific knowledge and needs related to the data, and often
co-create their perceptualisations with the help of a specialised tool
or a perceptualisation expert. An important characteristic is that, as
end users, this group tends to consume the perceptualisation more
than once and often prefers a solution that is useful after some
learning phase. Both perceptualisation experts and domain-specific
users may be interested in creating a perceptualisation for general-
audience users, typically to tell a story. These solutions are designed
to be intuitive and beneficial, with consideration of the audience’s
demographic differences. It is further common to design with the
goal of creating an enjoyable, educational or memorable experience.
The majority of general-audience users are not personally involved
in the creation process and experience the perceptualisations with-
out prior knowledge of exhibitions, presentations or other media.
Rather than being users of the DPDT, the theory includes artefacts
and studies made with them in mind.

3.2 Common Steps to Support
The primary goal of a DPDT is to support users who design data
perceptualisations or conduct related research studies. Such users
must address multiple subtasks and progress through several it-
erations within a design process. By exploring common design
practices, available tools and brainstorming visionary scenarios, we
identified eleven tasks that are supported by a set of complementary
resources and user interfaces:

• General introduction to the design theory and community
resources, supporting novice practitioners in their path to
data perceptualisation expertise.

• Comparison of design practices and resources to structure
and realise a project.

• Explore the problem by gathering information on the end
users’ preferences and tasks, or identify a knowledge gap to
study. Define relevant facts and preferences regarding how
the data should be presented and interacted with.

• Prepare a dataset to display, as well as its metadata relevant
for making design decisions.

• Initialise hardware, identify its properties and customise it
for the end user.

• Explore related existing perceptualisations, findings from
their evaluations or other case-related design theory.

• Identify and exclude design solutions that are not suitable
and explore and compare multiple design alternatives.
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• Test run and fine tune a selected solution (prototype) in
iterations as rapidly as possible.

• Evaluate solutions using an appropriate method.
• Create and run final solutions for end users.
• Export information about the solution for publications or
inclusion in a database.

Some of these functionalities further rely on access to a system for
recommending solutions, an engine for efficient data rendering and
querying, or databases that store design theory in formats readable
by humans or algorithms.

Perceptualisation creators have to solve multiple of the listed
tasks throughout their project, regardless of which sensory modal-
ities they design for or research. This creates dependencies on
different experts and may slow down the process, and often multi-
ple individuals work in parallel to solve this larger interdisciplinary
challenge [86]. To the best of our knowledge, no existing solution
includes all of the listed functionalities and striving for a one-size-
fits-all solution is not well motivated. Depending on who uses the
system and for what purpose, each interface should be tailored to
strike a good balance between simplicity for the specific case and
flexibility [74]. Instead, a more suitable approach to data perceptu-
alisation and its subfields is to increase the possibility of combining
complementary resources, as for instance seen in the standardisa-
tion of cartographic data formats.

3.3 Example Applications
To get an idea of how DPDT can be used, it is interesting to con-
sider how design theory is used in practice in the subfields of data
perceptualisation today. In the following, we discuss examples of
solutions that directly support the selection of a good perceptual-
isation design. This is challenging as the rules and guidelines for
choosing appropriate mappings are complex and numerous. Also,
for experienced designers and researchers, it is unrealistic to know
them all by heart. Selecting an inappropriate perceptualisation de-
sign poses a high risk of misinforming users and, in the worst
case, producing dangerous outcomes when decisions are based on
the incorrect interpretation of data. Visualisation Recommenda-
tion Systems (VRSs) are increasingly supporting perceptualisation
experts and domain-specific users in exploring suitable solutions.
The Grammar of Graphics [103] is a foundational work in the cre-
ation of visualisation recommendation algorithms. Given a dataset,
automatic graph generation is enabled by defining established de-
sign knowledge as grammar rules. Using the grammar ensures that
a mapping is correct and that exploring multiple alternative solu-
tions becomes easier. Recommendation systems for information
visualisation and cartography that build on the grammar have since
been advancing rapidly and recommendations now consider addi-
tional factors and support additional types of graphs in a variety
of graphical interfaces [42, 43, 48, 75, 104, 107, 108]. Regardless of
the approach, all automated VRSs face the challenge of effectively
combining existing knowledge to inform their recommendations,
as well as updating this knowledge when new information becomes
available [52, 106, 107]. Notably, many existing recommendation
systems do not refer to the studies that inform their algorithms or
rely on limited and potentially outdated studies [75, 105, 106] even

though accuracy and transparency are essential qualities of these
algorithms.

It is worth noting that VRSs do not claim to provide a single
perfect answer, and most tools allow users to adjust the recom-
mended solution or select among options. An interesting approach
in ggplot2 [101] is to deliberately violate design guidelines by of-
fering a “bad” choice for the number of subintervals (bins) in a
histogram. This nudges users to search for a better customisation
that fits their data. Considering the overarching goal of gaining in-
sight from data, this approach to adjustment may be more effective
than pursuing an optimal choice. The purpose of visual recom-
mendation systems is not to replace human reasoning or artistic
expression, but to support and augment them. Human-in-the-loop
solutions enable designers to explore alternatives, make informed
choices and justify design decisions through iterative processes.
They allow space for situational context, nuanced interpretation
and complex metaphors that remain beyond the reach of algorith-
mic reasoning. In practice, Data Physicalisation Design Theory is
not only made accessible through guidelines and related literature,
but is also embedded directly into design tools themselves, such
as in the form of reusable design patterns [81, 95] and the features
that prototyping tools provide or explicitly disable.

3.4 Theory Resources
Like all design theories, DPDT focuses on specific aspects. There
are also related contributions that help structure and evolve the
collection. We have identified the following high-level categories
of knowledge contributions and resources that a data perceptuali-
sation research community might provide:

• Perceptualisation artefacts made to present data in real use
cases. It may also include reusable design patterns, idioms
and encoding channels.

• Study results, of which multiple subtypes may be found based
on the quality they measure.

• Design advice which includes guidelines, design claims, de-
sign spaces, frameworks and more informal advice that help
inform the design choice in a way readable to humans.

• Design process advice provided as methods or guidelines in a
way readable to humans. Evaluation methods can be seen as
an important subtype of this category.

• Implementation resources such as prototyping tools, concep-
tual models like pipelines, software and hardware.

• Recommendation system resources such as grammar rules,
training datasets and algorithms. These machine-readable
contributions can be linked to study results and design advice
contributions to enhance transparency.

• Literature or other informational resources that provide an
introduction, summary or extended description on a topic.

• Theory definition and refinement such as standardisation, uni-
fication and vocabulary. We also include explicitly identified
research gaps in this category.

• Communication resources such as research community web-
pages, artefact galleries and venues for publication or net-
working.
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Multiple qualities can be studied, and belowwe present an overview
and comment on two larger categories that we identified: (1) knowl-
edge that informs the performance of the encoding solutions and
(2) knowledge that helps explain how the decoding functions. The
tables below provide a more comprehensive overview of these mea-
surable qualities than existing work. However, they are likely still
incomplete, merit further refinement and include some items that
are difficult to categorise as uniquely informing encoding or decod-
ing. An important and related consideration is that all empirical
study results can vary in aspects such as the specific display de-
vice used [9], between individuals, across environments and the
task a user intends to solve. To efficiently find and compare per-
ceptualisation artefacts and related knowledge, it is essential to
provide sufficient details about the setup and, potentially, addi-
tional information on users’ characteristics, their tasks and context.
Without replicating studies, we cannot be sure how generalisable
and applicable they are across different contexts. It is essential that
DPDT includes systematic evaluation methods and creates means
to efficiently synthesise and apply complementary studies.

3.4.1 Theory Informing the Encoding. The theory most relevant
to informing specific encodings is generally concerned with “what
works and how well?” and is presented in a way that makes it easy
to use in an application. Instead of formulating rules and guidelines
based on guesses about perceptual characteristics, designers and
recommendation systems benefit from referring to comparative
studies of what actually works best in practice for a specific case.
Speculating aboutwhy somethingworks, such aswhether pie charts
are primarily perceived by comparing angles or by area, does not
always help motivate our decision about what to use [53]. There
are multiple methods for evaluating perceptualisation artefacts
and channels [7, 50, 63, 77, 84, 100, 101, 110]. Evaluation methods
are undergoing continuous development, and a growing body of
work proposes complementary or refined frameworks and tools to
simplify the process and improve the validity and comparability of
studies [24, 29, 34, 54, 91]. An overview of measurable qualities is
provided in Table 2.

The data perceptualisation design choice is informed by multiple
works that define the characteristics and performance of different
channels and their combinations. Measuring confidence and other
user experiences can be as important as the accuracy, since an an-
noyed or uncertain user is likely to reject the solution altogether.
The applicable details provided by studies that inform encoding de-
sign differ from those provided by studies on decoding. For example,
the full hearing range of sound pitch ranges from 20Hz to 20 kHz,
but it has been recommended that interfaces should limit it to the
MIDI notes 35 to 100 (≈61Hz–2.6kHz) [10]. Trained listeners can
discriminate and identify pitches more accurately than untrained
listeners. For expert listeners, the mean error in noticing a pitch
change was measured to be 8% for a 5% pitch change, whereas
novice listeners had a mean error of 23% for the same change [68].
A pitch change of at least 10% is suggested for general use.

A challenge in summarising the findings is that knowledge comes
in various formats, such as qualitative results, design guidelines,
and reusable successful designs, including idioms, design patterns
and implementation resources. For example, colour spaces and the
BARK scale for sound loudness can be used to present values in

Table 2: Overview of aspects informing the encoding

Characteristics of encoding channels or idioms

Clear definition of how it is created and interacted with [6]
Supported level of organisation (scale type) [3, 31, 94]
Task suitability [48, 63]
(Un)suitable channel combinations
Recommended range of stimuli [10, 90]
Recommended channel length (information transfer) [3, 9, 50, 67]
Related semantic metaphors, scale polarity and emotions [20, 70, 98]
Uniform scales and other successful and reusable design patterns
Design spaces, marks, frameworks and strategies [16, 62, 73, 83, 89]

Performance

Accuracy, error rate, task completeness, information retention [7, 100]
Pairwise comparisons [76, 105]
Derived rankings for specific types of tasks and data [78]
User confidence in reading the values [29, 47]
User acceptance and comfort [23, 67]
Other user experience- and usability-related findings
Environmental impact and sustainability [40]
Price and quality of available hardware and software [55, 86]

a way that end users experience as a uniform scale. While their
design is informed by perceptual sensitivity, they ultimately help
define what works and apply that knowledge efficiently as reusable
solutions.

3.4.2 Theory on How Decoding Takes Place. The theory that helps
explain why and how a design works is primarily concerned with
decoding and identifying generalisable characteristics of the human
body and mind. In the optimal case, psychophysical, ergonomic and
cognitive studies should be replicated and reported with percentiles
to assess individual and demographic differences. An overview
of aspects that inform the decoding of data perceptualisations is
provided in Table 3.

Table 3: Overview of aspects informing the decoding

Psychophysical characteristics

Absolute threshold and point of subjective equality (PSE) [50]
Sensitivity curves, e.g. equal-loudness contour and luminosity function
Difference threshold, e.g. just noticeable difference (JND) [50]
Stevens’s power law exponent and Weber fraction, if applicable [50]
Applicable range for scaling laws (e.g. Weber fraction)
Channel capacity for information transfer and information rate [50]
Temporal characteristics of the stimuli [49]
Relations and interference from other stimuli or factors [49, 112]
Gestalt characteristics [13, 92]

Details related to the sense organs and interaction

Receptor type, locations and characteristics [12, 50, 110]
Interaction requirements, such as active or sequential exploration [50]
Ergonomics and human factors
Models of multisensory processing [22]

There is widespread and well-motivated scepticism about the gen-
eralisability and usefulness of psychophysical studies for informing
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Figure 5: A knowledge graph database can represent complexly linked data items, as shown in the image, by storing information
in nodes of various types (such as sensory modalities, channels, publications, authors and artefacts) and their relations.

the design of data perceptualisations. One of the values the the-
ory on the decoding process can provide is an understanding of
the foundations necessary for efficiently ideating new solutions. It
can, for example, help to identify designs of encoding channels or
hardware that best suit perceptual requirements or are likely to be
misinterpreted. General human factors and ergonomics principles
also help prevent designs that are likely to be discriminatory or
cause long-term harm, which can be challenging to identify dur-
ing an interface usability evaluation. These facts help formulate
empirically motivated design rules, but will sometimes be context
dependent, making it relevant to access study results and design
rules together.

Traditionally, perception has not been studied with data percep-
tualisation inmind, but rather with perceptually optimal experimen-
tal setups [110]. For example, the absolute threshold is a measure of
the intensity at which a stimulus is noticed at a rate of 50%, not a
practical lower limit for data perceptualisation. Relevant applicable
details, such as the range of stimuli most suitable for expressing
data values, may be difficult to locate because they have not been
documented as interesting facts. The theory may also be difficult
to read and use for those unfamiliar with the jargon and metrics
used. For example, the distinction between fast- and slow-adapting
receptors is not clearly understood with respect to the types of
stimuli they respond to. When conducting studies on perception,
one must consider multiple challenging aspects, such as temporal
factors, inter-channel relations, perceptual sensitivity that adapts
to prior stimuli, and differences between increasing and decreas-
ing stimulus intensity. It is also possible to conduct studies that
consider varying contexts, individual differences and the learning
processes that may occur during an experiment. To make applicable
knowledge easier to locate in the future, we believe the field of data
perceptualisation needs to further clarify which aspects it considers
relevant and why. It must also support the creation of these stud-
ies, making the methods and supporting tools adapted for efficient
use in data perceptualisation. Fortunately, there are already a few
works proposing methodologies specifically adapted to visualisa-
tion [24], haptics [50, 110] and sonification [112]. The development
of additional supporting frameworks and tools, and increased con-
sideration of context from the field of psychophysics [102], could
improve both the quality and quantity of studies informing percep-
tualisation design.

3.5 Accessibility and Evolution
To advance the theory, researchers need to further review relevant
publications, identify research gaps and conduct studies that follow
a recommended methodology. Novice researchers are a particularly
interesting group to consider for resources that introduce the ba-
sics and enable access to the state of the art. Parsons suggests that
the field of visualisation can take inspiration from other design
fields in how they educate students [72], with motivations that
would also apply to perceptualisation. Rather than being expected
to read extensive literature before starting, students learn by doing
with the help of context-relevant advice. There is a clear need to
explore solutions to inform novice researchers and designers, as
evidenced by reports of repeated mistakes and designs that con-
tradict well-established design theory [28]. There is also criticism
about scientific publications lacking sufficient detail, emphasising
the need for further guidance and standardisation [54, 79].

Interviews with practitioners from haptics [86], sonification [57,
79] and data physicalisation [85] highlighted multiple challenges
arising from limited access to relevant information, prototyping
tools and interdisciplinary expertise. A design solution must be
selected through a combination of contextual, aesthetic, practi-
cal, economical, ethical and ergonomic perspectives [1, 40]. Practi-
tioners emphasise the value of exploring similar artefacts as part
of the design process, and multiple research communities have
created webpages to present galleries of artefacts, such as soni-
fication.design1 and dataphys.org2. Design theory in the form of
study results remains limited and difficult to find. Zeng and Bat-
tle [105] recently presented a collation of knowledge on graphic
perception that helps inform visualisation recommendation algo-
rithms, but is limited to the standardised, well-documented case
of static 2D graphs of tabular data. Today, the interdisciplinary de-
sign theory underpinning data perceptualisation is dispersed across
multiple domains, whose subfields tend to evolve independently
and in parallel rather than as part of a shared intellectual commu-
nity. A specialised venue is missing and, unfortunately, valuable
replication studies have been observed to be rejected as not novel
enough even in some venues that explicitly encourage these con-
tributions [29, 52, 54, 105]. It hinders the evolution of the theory
and further disperses related studies, likely making them harder to
1https://sonification.design
2https://dataphys.org



Towards a Unifying and Accessible Data Perceptualisation Design Theory NordiCHI ’26, October 03–07, 2026, Vaasa, Finland

locate and cross-reference. Introducing a new journal or conference
is unlikely to solve all these challenges and research communities
would likely benefit from additional means to share knowledge be-
tweenmany specialised fields. Similar observations have been made
in the field of haptics [69], where researchers have increasingly
begun to examine the challenges and requirements of creating trust-
worthy community resources that enable meaningful contributions
from individuals without extensive domain expertise.

A positive example to draw inspiration from is the field of car-
tography, which in recent years has established standardised data
formats and query languages, thereby making case-specific knowl-
edge more reusable and accessible [17, 99]. It makes it easier for
their community to build solutions that complement one another
and collectively expand the collection of knowledge, which is likely
to have a positive impact on the evolution of the research field [39].
One of the solutions used in cartography and for other design theo-
ries [43, 56, 113] is linked data or knowledge graphs, as illustrated
in the example in Figure 5. Knowledge graphs provide an efficient
and flexible way to represent and explore data with complex rela-
tions [36], making them interesting for context-dependent design
solutions. Before such a resource can be made available for data
perceptualisation, the precise concepts to include and their format
need to be formally defined. The potential of storing data in nodes
and relations of different types, as realised in knowledge graphs,
has also inspired the design of our conceptual model presented
in Section 4.4.

4 Definitions and Conceptual Model for Data
Perceptualisation

In this section, we introduce multiple contributions specifically
developed for data perceptualisation to address key shortcomings
that hinder effective knowledge exchange across research commu-
nities. Two core concepts adopted from visualisation theory to other
data perceptualisation subfields are marks and channels. However,
a close examination of their treatment in existing theory reveals
several important inconsistencies. These issues must be resolved
before introducing the shared models presented in Section 4.3 and
Section 4.4, both of which fundamentally rely on the concept of
markers and channels.

4.1 Defining Channels
At a general level, a channel is a well-defined concept that is con-
sistently used across all subfields we examined. In particular, the
sonification literature articulates a set of properties that channels
are expected to satisfy, many of which are directly applicable to
data perceptualisation [79, 112]. Accordingly, channels are gener-
ally expected to:

• reflect objective properties or relations to the input data. This
means that, to an acceptable level, they should exhibit a linear
relation between stimuli and sensation. The sensation should
be largely the same regardless of the prior stimuli, indicating
that the channel is not exhibiting hysteresis effects.

• exhibit little perceptual interference with other channels
• have a sufficiently high perceptual resolution
• be reproducible and usable repeatedly with different or iden-
tical data

• be consistently understood in the same way by multiple
individuals

Given that many artefacts are ultimately rejected by reluctant
users [20, 67], we propose an additional requirement that chan-
nels must be acceptable to users. It is important to note that what
constitutes a “sufficient level” of acceptance may vary across con-
texts. For example, some users may become more open or develop
improved interpretative skills through training. Nevertheless, at
a general level, channels should adhere strictly to these require-
ments, even when practical solutions rely on countermeasures for
non-linear perceptual effects or interference between channels. In
practice, channels are rarely used in isolation. Instead, channels
are typically combined and balanced in groups [9, 111]. As a result,
these rules are more appropriately applied to each channel as it is
presented alongside others within an interface, rather than assum-
ing that all channels function as isolated, universally orthogonal
and reusable primitives.

4.1.1 Different terminology across fields. While a list of require-
ments can be defined for the concept of channels, an obvious chal-
lenge is the lack of a standardised vocabulary. Often, a domain-
specific term is combined with channels, variables or parameters,
which complicates cross-referencing and term selection. Multiple
versions suitable for a more general multisensory scope have been
suggested, such as encoding variables [80], perceptual variables and
sensorial channels together with sensorial variables [61]. Still, these
terms have only been partially clarified. We are not the first to point
out that intuitive meaning and emphasis that fit local scopes often
shape the suggested terminology and definitions [14, 41, 46].

4.1.2 Poorly defined exact nature of channels. A central aspect
of the traditional definition of channels in visualisation is their
treatment as primitive properties of a visual mark, such as a dot or
line, that match pre-attentive perceptual attributes [60]. This allows
for a seemingly automatic one-to-one mapping of the encoding
instruction, physical phenomena and final experience that together
span the full chain illustrated earlier in Figure 1. Channels in other
sensory modalities are often multisensory, conceptual and mediated
through active human interaction unfolding over extended time
spans, rather than being perceived instantaneously or passively [46,
51]. A final experience is not as unimodal as one might think, and
can even be impacted by intention and conceptual expectations [92].
This makes the nature of a channel less defined for domains other
than visualisation.

The details that have been considered intuitive and relevant to
designing artefacts have differed across sub-fields, making their
concepts of the channel more focused on specific parts of the full
chain. In contrast, other parts remain difficult to explain intuitively
within their respective scopes. In data physicalisation, for instance,
concepts analogous to channels are often referred to as physical
variables. When these are used to describe properties such as sur-
face colour, texture or elevation, the term is intuitively understood
as referring to physical attributes of an artefact rather than to the
instructions that generate it or to the multisensory experiences it
affords. It takes a moment to clarify what constitutes a “smooth” sur-
face and how to create it. The final experience is intuitive and sub-
jective and by nature, making it hard to define or measure precisely.
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The simulated sound location is also easy to explain conceptually,
but must be further explained through the specific changes made
to the sound wave to create the illusion. Arbitrarily using a term
that can sometimes refer to either a specific part of a channel or
the whole channel is bound to create conceptual confusion.

4.1.3 Challenges in naming channels. In sonification, a distinction
is made between physical phenomena and the related sensations,
using different terms for the two; sound frequency is not the same
as perceived pitch. A physical, conceptual, sensual experience often
shapes the name of the channels, but naming the three separately
is rarely intuitive. In visualisation, we would want to use the same
term for all three, and many haptic experiences lack everyday vo-
cabulary to describe sensations related to a channel [70]. When
experiencing a modulated vibrotactile signal, participants have ver-
balised the sensation as a “roughness”, but not all would agree
with it as an intuitive name [9]. Roughness can also be viewed as
a surface property, perceptible through touch or vision. As they
are related in terms of sensational and physical context, it is not
necessarily a bad thing that they share the same name. It does,
however, create a need for information to be structured in a way
that avoids misinterpretation in a design theory resource.

4.1.4 Channels are both practical solutions and abstract concepts.
In design theory, we must consider channels from a practical stand-
point. One of their roles in data perceptualisation is to represent
reusable and predictable solutions for information transfer. This
requires some level of control over the output and experience, but at
the same time, display devices have physical limitations, and design-
ers can only instruct, nudge or train the users to perform as intended.
This limitation is emphasised in The Grammar of Graphics [103] and
motivates its use of aesthetical attributes, which are case-specific en-
coding instructions that are possible to define objectively. In design
theory, where we aim to support the reuse of solutions, this has
important practical value. A similar emphasis on control is evident
in parameter-mapping sonification and in Munzer’s [63] definition
of a channel, which is more widely adopted and used similarly in
practice. The channel concept, with a definition focused on the
encoding instruction, can be used to explain solutions that account
for the required interaction and time essential to other senses. How-
ever, as a coded instruction, it still risks missing parts beyond the
display devices, such as situatedness, context and user intention,
which are relevant to understanding and discussing the full channel
and design solution. Using only the encoding-focused definition, it
becomes difficult to explain how two completely separate channels
could produce the same subjective experience.

Another important practical value of the channel concept lies
in its ability to specify which types of data a channel is suitable
for encoding [31, 83, 93], which other channels it should not be
combined with, which Gestalt principles apply to it [13] and chan-
nel performance comparisons [21, 76, 78, 105]. Here, channels are
understood in a more abstract sense to enable the grouping of re-
lated studies. This includes consideration of fully linked channels,
allowing the incorporation of “generalisable” findings on human
decoding processes that underpin many design rules and guidelines.

4.1.5 Concluding definition suggestions. To make the definitions of
channels more explicit, we suggest using the term encoding channel

for the more specific design solution in the form of an encoding
instruction, and channel to refer to the full data-physical-experience
link used when presenting data to a human. Both of these can be
useful to handle at varying levels of abstraction when comparing
and accessing similar solutions. While the full channel is difficult
to define precisely, we introduce a conceptual model in Section 4.4
that adds detail on the physical, interactive and mental parts of
the channel, which can be explored and defined through common
human-computer interaction (HCI) practices.

4.2 Defining Marks
We also suggest a different perspective and definition for marks
that fits the role they play in data perceptualisation. Marks provide
a helpful means of linking channels to the properties of a design el-
ement, but have proven difficult to define consistently across fields.
Visual marks have an important relation to position and spatial di-
mensions, while sound and time have been suggested as dimensions
of auditory marks [3, 25]. These dimensions cannot clearly capture
sound channels related to the sound location or multisensory events.
Haptic devices can offer both temporal and spatial properties in
relation to either an external frame of reference or the human body.
The channels each of these devices supports might also vary. For
instance, properties of a physical object can be explored with one’s
hands, an oral tactile device can show direction [96], while a hap-
tic icon in the shape of a button can express multiple dimensions
of vibration [59]. There are many more possibilities [5, 27], and
the design guidelines and related channels are likely specific to
the display devices. The same is true for the marks proposed for
information olfaction [73]. Among these, an airburst mark can be
explained through its association with a physical medium, whereas
a bouquet mark relies instead on a metaphorical understanding
of how multiple smells are perceived together. Multisensory ex-
periences of marks are often better considered metaphorically or
as a concept understandable to a human. A combination of multi-
ple display devices can be used for a single conceptual channel in
XR, making hardware an unsuitable frame for defining marks and
channels.

In a dataset, multiple data attributes are provided for the same
objective entity, creating a multivariate data object. We suggest that
the mark could be understood as a design element representing
a data object and is the conceptual structure we interact with in
an interface. Across the many subfields, interaction is considered
an additional layer of complexity, but it is only through specific
interactions with a mark that channels become perceivable. Some
interactions feel more immediate, involuntary and automatic, such
as seeing, hearing or feeling something on your skin. Consider
that it is only by looking at a mark that we can access the visual
channels [4], and only by tapping, pinching or stroking an ob-
ject mark that we notice other properties enabled through those
interactions. Some of these interactions can occur as instrumen-
tal manipulations [45, 109] within a graphical interface, such as
through selection tools rather than direct touch. To clarify, the in-
strument that controls the mark’s channels is conceptually distinct
from the mark’s physical representation. We can similarly adjust
the light without touching the light source, change the volume of
a surrounding sound without experiencing it as belonging to the
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Figure 6: Perceptualisation pipeline providing an overview of key aspects in the creation and interaction of a data perceptuali-
sation. The encoding of data in a perceptualisation is divided into a preparatory step, in which information is defined to help
decide on suitable mappings, and, if needed, additional statistical or derived attributes are created. In the data mapping step, a
decision is made about which of the available channels to use. While we cannot control the user’s perception, the goal of a
channel is to evoke a concrete experience or interpretation that is suitable for representing the data values.

physical button, or explore an object by poking it with a stick. In
this way, these instruments can help activate a new perceivable
layer of channels, while remaining separable from the mark.

In visualisation, marks have become closely linked to the prac-
tical expression for rendering graphical objects. However, when
designing a multimodal interface, there is a need for marks to help
explain which properties are understood together by the human
when combining multiple display devices. Consider the example
of the audiovisual SoniScope [26] idiom, which extends a scatter-
plot with sound. A selection tool is used to compose a sound clip
containing a short sound for each marked dot. We suggest that,
conceptually, it makes sense for the sound channels to belong to an
audiovisual dot mark rather than a separate sound mark. By defin-
ing the mark through a human conceptual perspective, it remains
possible to express glyphs, earcons, tactons and similar structures
from a technical point of view and to group them, which is help-
ful when display devices are insufficient to explain multisensory
channel relations.

4.3 Perceptualisation Pipeline
A model used in some form across all perceptualisation-related
fields is the visualisation pipeline, which outlines the steps by which
data is mapped to channels and displayed to the observer. It pro-
vides insights into the general design of perceptualisation artefacts,
helps explain the steps implemented in the system and, in some
cases, the interaction and sense-making process on the human side.
Influential work with detailed coverage of the data system side
and varying levels of detail on the interaction side includes the
work of Munzner [63], The Grammar of Graphics [103], Parameter
Mapping Sonification [33], and Jansen and Dragicevic’s model for
interactive visualisations beyond the desktop [45]. These tend to

divide the process of encoding data into an external representa-
tion with varying levels of detail, generally into three main steps:
the preparation of relevant metadata, the choice and definition of
mappings and a final step in which a display device creates a phys-
ical perceptualisation artefact. There are also models that focus
on the decoding that takes place on the human side. A model that
captures the interactive decoding of the artefact in multiple steps
is Duke’s Syndetic Model [22], and the model proposed for the
research program of Visualisation Psychology [29, 87] provides an
abstract overview of the steps with consideration of interactive,
cognitive and narrative aspects related to the field of psychology.

Keeping these models in mind, we did not find one that explicitly
avoids introducing terms or concepts specific to a sensory modality
while still providing a simple overview of the concepts this work
focuses on. The focus lies in providing an intuitive overview of
how mapping to encoding channels fits into the larger picture. In
Figure 6, we present the perceptualisation pipeline in the format of
an abstract data mapping example. On the system side, the general
steps of data mapping are included, where each encoding channel
represents a mapping choice and, by nature, serves as an instruc-
tion for controlling the display device. This instruction may further
include real-time feedback to incoming data. At the bottom of the
system side, we provide an overview of common influences from
interactions, which are necessary both for fine tuning during the
design process [33, 86] and for expressing the behaviour of a com-
pleted dynamic perceptualisation. The entire system constitutes
the encoding phase, resulting in the creation of the external repre-
sentation. In the pipeline, we have decided not to include additional
details on the decoding process, beyond highlighting the channels
that connect a data attribute, encoding channel and final targeted
experience.
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Figure 7: Conceptual model for defining and visualising the design of the data perceptualisation artefacts. Multiple nodes of
the same type may exist for each artefact, creating a directed network with feedback loops rather than a single path for how a
data value is encoded, displayed and explored.

4.4 Conceptual Model
As a complement to the pipeline, we present a conceptual model to
capture information on a specific perceptualisation artefact design
as illustrated in Figure 7. Its separable parts are complementary
to one another and serve to define reusable components along the
pipeline, as well as a potential context that enables comparison
of artefact designs in varying and non-standardised setups. Our
solution explicitly aims to provide information about the channels
used in the artefact in a graph format, with each aspect represented
by a node type.When representing a design, there may be none, one
or multiple nodes of the same type. The conceptual model draws on
multiple models presented for the pipeline, in particular the model
for interactive visualisations beyond the desktop [45], which, in
many steps, includes details on mappings and interactions. In a
similar way to our model, it could be used to build a network to
represent more complex examples. The primary difference from
their model is the set of included aspects. Node types we added
beyond existing models include situatedness, target experience,
intention and interaction subtypes, which are particularly useful
for representing the decoding process in greater detail. Some details
related to rendering and interaction devices in other models have
not been included, assuming that the most relevant information for
informing and comparing other designs can be derived from other
nodes, especially the encoding channel. Aspects that are better
expressed as relevant for the full perceptualisation, such as user
and context, are also not included in our conceptual model.

Starting from the left, the data attributes inform on the format
and semantics of the information to be presented. Many solutions
transform the data—such as deriving a single average value—rather
than directly mapping to the attribute. In these cases, the transfor-
mation node will describe either the derived attribute or the method
used to derive it. As in the pipeline presented above, the encoding
channel represents both a choice and the specific instructions on
what to display, including the response to information from input
devices. While there are cases where the device acts as both input
and output, most systems have dedicated hardware to handle one
or the other.

We use a flexible node category to represent phenomena in
physical reality that include multiple subtypes, such as physical
phenomena related to marks, guiding cues, text and environmental

noise that are not part of the intentionally created external represen-
tation. Through experimentation, we have found it generally useful
to describe the external representation at the mark level rather than
by its properties. The properties of the external representation are
usually already defined in the encoding channels, making it more
relevant to present what they are acting upon in the physical world.
We can more intuitively define how a user interacts with a mark
rather than its channels, and the group of channels shares the same
situatedness. The situatedness nodes help define the nature of the
stimuli, provide relevant details about the setup and can be used in
layers, as shown in the example in the next section.

The aspects included in the decoding phase can be retrieved by
simply asking the observers or observing them, as is common in
DPDT evaluations. Models to explain the perceptual and cognitive
systems [22] often provide value as a complement, but are measured
using other methods. In the decoding phase, our model assumes that
all perception occurs through some form of interaction, which is
further influenced by the observer’s intention. The intention is often
a task, but could include more abstract higher-level goals as well.
Temporal and motor characteristics can be interesting to clarify for
some interactions. Finally come the experiences that form through
the interactions and processing of the incoming information. While
the aim of full data perceptualisation is some form of understanding,
a successful encoding channel can create a specific matching target
experience. A further distinction is made between experiences and
target experiences, as there are cases where the target experience
is a complex product of multiple sensations and cases where side
effects may be experienced alongside the targeted one. To illustrate
the model’s use and highlight its strengths, we present several
examples that are challenging to describe with existing models.

4.4.1 Histogram Idiom Example. Let us assume that we have col-
lected the ages of 300 subjects. A common way to visualise this data
is with a histogram. The encoding is complex to represent because
the data is transformed into a derived data attribute before being
mapped to an encoding channel. Furthermore, by placing bars next
to each other, a shape emerges that allows the observer to choose
between reading the height of a specific bar or a more abstract
estimation of the shape, thereby adding complexity to the decoding
process. The same encoding is observed differently depending on
the task the observer intends to perform. Using our conceptual
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Figure 8: Example of the encoding and decoding that defines a histogram. We can define the idiom as requiring labels, but not a
specific type of display device. The observer can intuitively get an instant overview of the emergent shape or intentionally read
specific bar values from the same image.
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Figure 9: A comparison of how the multisensory experience of an object’s smoothness can be encoded for a physical object and
a virtual object. Both cases have an encoding channel named smoothness with a matching target experience. They are, however,
not the same encoding channel and contain different instructions on how the external artefact is created and responds to
interaction.

model, we can represent the idiom as illustrated in Figure 8. In the
use case of perceptualisation, we must always provide a means for
translating the meaning [29]. For instance, a legend is provided
alongside a colour map, and a coordinate axis is often added along-
side position encodings. These guiding cues are intuitive to see as
part of the encoding channel, which might further have a major
impact on the precision and may also be further specified in terms
of situatedness [4]. Note that the specific display has been excluded
from this example, assuming either a paper or a screen of a decent
size is used to display the image.What is included is only the strictly
required elements for the histogram idiom.

4.4.2 Expressing Rich Multisensory Experiences. For the multisen-
sory experience of smoothness, multiple perceptual abilities and
physical properties are combined by considering appearance, feel
and sound from interaction, leading to a single yet rich experi-
ence [46, 82]. The object property can be used as a channel in
data physicalisation, but also for a virtual object that is explorable
through extended reality (XR). Simulating interactionwith a smooth
virtual object would require orchestrating encodings for multiple
types of output devices. In Figure 9, we compare two different ways
of encoding smoothness. Using the conceptual model, we can see
the many things the channels have in common, even when two
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Figure 10: In this example, which is based on a 2.5D map encoding of data on radio-wave emissions from different objects in
space [97], evaluations revealed that an able-visioned participant confused the arm movement required to reach a small object
as encoding the distance rather than the sky position.

completely different encoding channels and types of display devices
are used. For a physical object, the display device is a physical object
manufactured according to instructions provided via the encoding
channel.

4.4.3 Overview and Analysis of Solutions. A potential use case for
the conceptual model is its ability to visualise the overall encoding
and decoding process, making it easier to present the setup of used
display devices and to analyse why the design was successful or
not. In Figure 10, we show an example by Varano and Zanella [97]
comparing two different interpretations of the multimodal interface
for astronomical data illustrated in Figure 11. By touching an object
on the board, users hear a sound pitch representing the distance to
the astronomical body mapped to that object. Evaluations of the
interface, conducted with both sighted and blind users, revealed that
most participants successfully interpreted the mapping. However,
one sighted participant confused the distance to the astronomical
object with its Cartesian position as they reached to touch it. Both
the position relative to a person and the real-world meaning of the
data attribute can be naturally linked to the distance relative to a
user, potentially causing the confusion shown in red in the lower
mapping.

A different designer who is considering using small objects,
buttons or dots on a touch map could be interested in finding
the publication related to this project in the future. Storing the
conceptual model as a graph with various node types in a database
opens possibilities for locating similar projects and grants access
to context-related design theory. Creating links between different

design solutions depends on reusing the same concept, making
it reliant on more abstract classifications of marks, situatedness,
interaction and target experiences. A detail that is not obvious in
the image, but can be defined further in the sound pitch encoding
channel, is how the touch event triggers the sound. The code snippet
used for encoding and the mapping overview from the conceptual
model complement each other in expressing the design solution for
humans and, potentially, algorithms in the future.

Figure 11: Illustration of a multimodal interface by Varano
and Zanella [97] using a physical board with objects that
trigger a sound when touched.

4.4.4 Final Comments. The conceptual model has been developed
through multiple iterations, during which insights for improvement
were gained by testing it against existing mapping examples and
by comparing it with aspects mentioned in the literature that are
valuable for clarification at the channel level. Today, the primary
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value of the model lies in its ability to present details of a perceptual-
isation artefact developed for real use cases or experimental studies.
It can help provide details that are otherwise easily overlooked in
documentation and make details easier for readers to understand
alongside explanations in the text.

In the future, it could support the unification of theory and
structural information within a larger knowledge base. Without
standardised terminology and a well-selected set of classifications,
choosing the type of channel, situatedness or intention might be un-
intuitive and lead to synonyms and cluttered data. Both the model
and concept definitions must be further validated and refined with
a larger number of examples to ensure they can be used consis-
tently across many different fields. The model’s current uses do not
impose as strong requirements on researchers and designers to use
it consistently, but allow the model to be adapted to best present the
relevant details of each case. To include all details available through
the model in a graph database, it is likely best to derive parts di-
rectly from a prototyping tool. This would both make it easier to
systematically gather all technical details needed for easy reuse
of solutions and avoid manual labour for parts already known to
the system. A human can complement the information with other
details, such as situatedness, interaction and interpretation. Each
of these factors helps build large networks that can be analysed for
patterns of what makes a good solution in different contexts and
provides access to closely related design theory.

5 Future Work and Conclusion
The present work offers an initial step in an effort that will require
years of sustained contributions from multiple research disciplines,
yet promises substantial benefits. A shared database could become a
particularly valuable resource for managing context-specific knowl-
edge across data perceptualisation disciplines. However, its effec-
tiveness depends on a shared vocabulary and agreed-upon concepts.
Unifying the theory alone is insufficient. It is equally necessary to
support practices that enable the evolution of the content and the
resources used to manage and deliver it to both human users and
software systems, as discussed earlier in Section 3.

The refinement of such a theory—and of the schema used to
organise it—must therefore proceed incrementally, with continu-
ous input from the relevant subfields. The coexistence of abstract
and explicit concepts is characteristic not only of design theories,
but also of efforts to manage generalisable findings in perception,
health, education and complex natural systems. This makes it per-
tinent to examine solutions developed in domains beyond data
physicalisation.

Computer scientists, interface designers and experts in collec-
tive intelligence have an initial, central role in developing systems
where an evolving theory resource is made available in practice,
while the fields with relevant knowledge to inform the design of
data perceptualisation must help in further defining what knowl-
edge is essential and provide it in forms that are accessible and
actionable for those without equivalent expertise. We therefore
welcome cross-disciplinary research collaborations addressing this
substantial challenge, and strongly believe that in the future, DPDT
can deliver value through a shared knowledge database that is
structured, usable and refined through collective effort.

In this paper, we examined the opportunities and challenges
of establishing a unifying and accessible design theory for data
perceptualisation. By analysing theory and practice across closely
related subfields, we identified structural inconsistencies that hinder
interdisciplinary comparison and reuse of knowledge. In response,
we introduced a data perceptualisation design theory (DPDT) as a
design-theoretical perspective and proposed a set of complementary
contributions to improve conceptual clarity and accessibility.

We refined the notion of channels by explicitly distinguishing
between encoding channels, understood as concrete design instruc-
tions, and full perceptual channels that span data, physical manifes-
tation, interaction and experience. This distinction helps reconcile
differences in terminology and scope across subfields while re-
maining compatible with existing practices. We further presented
a perceptualisation pipeline and a conceptual model that together
support the description, documentation, comparison and construc-
tive discussion of perceptualisation artefacts across interdependent
research communities.

Beyond conceptual unification, we argued that effective theory
must be supported by practices and resources that facilitate evo-
lution, reuse and application. In particular, structured and shared
representations of design knowledge are necessary to address the
current fragmentation of the literature, the limited comparability
of studies and barriers to interdisciplinary access. While the pre-
sented work does not yet provide such infrastructure, it outlines
requirements and design directions that can inform future systems.

This paper does not propose a complete or finished theory. It
rather establishes a common vocabulary, conceptual grounding and
a set of models intended to support discussion, comparison and
incremental refinement across the various data perceptualisation re-
search subfields. We see our data perceptualisation design theory as
a starting point for continued cross-disciplinary collaboration and
for developing resources that better support the design, accessibility
and study of interfaces with multisensory data mappings.
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