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ABSTRACT
This review aims to resume the work of many researcher teams
around data physicalization. We are passing through the advan-
tages of physicalization, which are often emphasized by researchers:
data physicalization enhances data perception, cognitive abilities,
learning, memorization... Data physicalizations also provide a bet-
ter understanding of the data they represent. Studies show that
non-technical users who might lack the knowledge to interpret
data find the simplification of said data through its physicalization
impactful on the way they perceive and understand it. But it comes
with a major drawback: physical representations of data can be dif-
ficult to obtain: design issues, cost, materials, lack of preparation...
Researchers are aware of this and try to provide guidelines on how
to systematically create relevant data physical models according
to the context they are placed in and the data they are referring to.
There is also a possibility for such models to autonomously update
to data and context: dynamic data physicalizations. Dynamic data
physicalization is more and more studied by some researchers who
think it provides new ways of collaborating and making decisions.
Finally, we discuss the future directions this area of research could
take in the years to come.

1 INTRODUCTION
Data Physicalization is a field of research that uses physical objects
to represent, visualize and communicate data. Some researchers
justify the emergence of this field with the fact that mankind al-
ways used tangible objects as physical information representations
[7, 11]. These researchers, as well as many others who devoted their
work to this matter, identified several problems [3, 4, 17] that led
them to contribute to this field. They deplore the fact that current
techniques of data visualization need to be revised, they either re-
quire too much technical knowledge for the data to be interpreted
correctly [12] or do not provide efficient ways of enhancing col-
laboration [11]. Even though progress has been made in the field
and research has been conducted, researchers still point out that
conception and design guidelines for data physicalization are miss-
ing, making it difficult for different physical data representations
to adapt from one data set to an other [16], or for researchers new
to the field of data physicalization to present efficient solutions
[4]. Other researchers started insisting on the limitations of some
types of data physicalizations, opposing passive and dynamic data
physicalizations, stating that passive data physicalizations could
hardly autonomously update when the visualized data sets require
it [7, 11, 18]. As one can see, researchers identified the challenges

brought by data physicalization and proposed designs, solutions
and discussions about this subject. In this paper, we communicate
a small overview of the current state of the art in the area of data
physicalization and more specific subtopics.

2 RELATEDWORK
Data physicalization is mostly seen by researchers as a promising
field with lots of opportunities to exploit [7]. In this section we
talk about the domains of data physicalization that seem to attract
researchers interest and their contributions to these domains. First,
researchers ultimately try to enhance the ways of customizing, in-
terpreting and interacting with data through data physicalization.
But it eventually brings about conception and implementation chal-
lenges. To counter that, researchers tend to look for a baseline on (1)
what Data Physicalization is and (2) how to systematically design
them according to the context in which they are used and to how
users perceive the corresponding data. Finally, some researchers
are interested in exploring how data physical representations can
be made autonomous and dynamic and how it could benefit users
[11, 18].

2.1 Enhancement of data interpretation and
customization

Some researchers think the physical representation of data can
have a major advantage compared to their virtual counterparts.
This section illustrates how researchers see in Data Physicalization
a way of improving interaction with data.

Jansen et al. classify the benefits of Data Physicalization in three
categories : perceptual, cognitive and societal [7]. First, Physicaliza-
tion better exploits the user’s active perception skills by physically
manipulating the representation, which is not possible with a visual
representation, and the spatial perception skills with a better depth
perception on physical 3D data than virtual one. Physicalization
can also be enhanced with non-visual senses, such as haptic [2, 9] or
sound [15] information that can be used in an intermodal approach.
Second, given the benefits of physical manipulation in learning and
education, they expect Data Physicalization to also improve cogni-
tion and learning. Raidou et al. [13] conducted studies which results
show that manipulating physical models representing data proves
to be more engaging than with only virtual visualization and that
some complex notions could be even easier to understand through
physical manipulation. Likewise the work of Ang et al. [1] on the
visualization of blood flow data emphasize the fact that engaging
one’s sense of touch with physical models when manipulating data
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makes depicting complex patterns easier. Last, Data Physicalization
also makes data more accessible for a broader audience, including
visually-impaired people and is believed to better engage people
with the data. Additionally, physicalization can also be used for a
personal [9, 19] or artistic [14, 20] purpose.

Willett et al. [20] take another approach and propose to compare
different techniques of data representation. They present situated
visualizations, situated physicalizations, embedded visualizations
and embedded physicalizations as four ways of representing data.
They compare these data representation techniques by designing
a scenario during which these techniques would each be used to
perform the same task. They also try to describe the relationship
between the data and the physical token it is referring to. They
eventually arrive at the conclusion that embedded physicalizations
allow for more possibilities in how analysts interact with data, but
point out a major drawback being the implementation difficulty of
such a technique. Finally, they propose an overview of how modern
technology could apply to satisfy different data representation tech-
niques. Although, they provide some insight about different data
representation techniques, they did not conduct any experiment to
solidify their comparison.

On the contrary, Jansen et al. propose two experiments in order
to compare virtual and physical representations [6]. The princi-
ple being to study the speed and the error rate of several tasks
performed on a bar graph. These two experiments reveal that the
physical representation is much more efficient since the working
time on a physical representation is at least 20% less than on a
screen representation. In addition, being able to touch the sculpture
offers a higher capacity for understanding, but they also state that
this solution of illustration is quite hard to realize without good
methods and tools.

Data physicalization can be useful in everyday life. Thudt et
al. [19] show a study of the advantages offered by the creation
of visualizations on "personal" problems. The study begins with a
design phase in which the participants have to choose a theme and
create a corresponding data summary (decisions on data attributes,
possible categorizations, scales and possible range of values of at-
tributes). The study was carried out over the course of four weeks,
the majority of the participants claimed that reading the data was
clear and fun and it allowed them to be more critical of their action
and even find some form of motivation. The act of creating their
own data physicalization also allowed the participant to become
more aware of their problems. By the end of the study, the majority
of participants had solved their problem. Data physicalization can
therefore be a good asset on a daily basis by transforming one’s
actions into a data set that can be analyzed and interpreted simply.
The act of being in control of the creation process allows to model
the data with materials and colors appreciated by the user. Much
like Thudt et al., Perovich et al. [12] emphasize the capacity of
data physicalization to be appealing to non-technical users, who
might have a hard time comprehending data sets. In their article,
they claim that despite government institutions being more and
more transparent on the data they share, said data can be hard to
interpret for common users. As mentioned, Perovich et al. explore
the solutions offered by data physicalization to tackle this issue.
Their implementation Chemicals in the Creek stimulated enthusi-
astic reactions from the targeted non-technical users who were

mostly able to understand the data.

There are also some pitfalls because of which some inexperienced
physicalists could get stuck in the creation process of physicaliza-
tion [4]. In this research, Huron et al. conduct an experiment during
workshops at Futur en Seine 2014 and Twente 2016. During these,
they have noticed three different pitfalls. The first one occurred
during the data preparation stage, the second at the ideation step
and the third at the building stage. For the first two, participants
took way too much time to respectively prepare data - may be
due to a lack of preprocessing - and to imagine how to represent
it. For the last, a too ambitious building project, with largely too
complex construction, seems to be the reason why participants get
stuck. This article as well as some others [7, 16] deplore the fact
that the field of data physicalization lacks design guidelines to help
researchers create efficient data physicalizations.

2.2 Conception and design
This section presents an overview of the different approaches
around data physicalization conception.

Jansen et al. [7] highlight three challenges in designing perceptu-
ally effective data physicalization : (1) understand the design space
of the representation, (2) understand how different approaches af-
fect the perceptual effectiveness of the representation of data and
(3) find how to implement the representation. In order to under-
stand the design space, they advise to first understand the physical
variables that want to be represented (such as smoothness, hardness
or sponginess) by combining the different sensory variables (visual,
haptic, etc.) usually associated with the physical variable in the real
world.

Stusak et al. [16] provide further information about the influ-
ence of 14 variables on what 3D data physicalizations look like
and how they are perceived. They group these variables into four
categories: geometric variables (position, orientation, global shape,
exact shape), color variables (hue, saturation, luminance, optics),
tactile variables (roughness, lay, temperature, compliance), and
kinesthetic variables (slipperiness, weight). They discuss the perfor-
mance of these variables according to four characteristics (selective,
associative, quantitative and order). Results show that most of the
variables are selective, associative and provide a way of ordering
data physicalization units, meaning that a change in any of these
variables allows the user to differentiate one data representation
from an other or regroup data representations easily. Although this
paper provides relevant insight for the conception of data physical-
izations, the authors only consider variables that have an impact on
visual and haptic senses excluding sound and taste. They also only
discuss the individual performance of the variables without men-
tioning the influence of mixing variables together on the perception
of data physicalizations.

As for perceptual effectiveness, Jansen et al. [7] note that the two
important factors are how to encode the data and what physical
size to use in representing it. Although guidelines for encoding
physical data are yet to be developed, such guidelines already exist
for Visualization and can be used as a starting point in develop-
ing guidelines for Physicalization. Finally, the implementation of
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the physicalization needs to take into account the cost, replica-
bility, fidelity, depletion and environmental impact for choosing
appropriate materials to represent the physical variable.

Huron et al. also deplore some limitations in the physicalization
creation process [3]. They found that the definition of data units is a
critical point. Indeed, choosing a unit or modifying data amplitude
may be a major issue. The organization or rearrangement of data
units - in purpose of presenting a new data set - is as well an
important choice because of the physicalization readability. This
has been confirmed by Jansen and Hornbæk [8] two years after,
with their research on how the size of data physical artifacts can
help expressing the data’s value. They found that the "size" can be
interpreted in different ways. They have based their research on
two types of artifacts - spheres and bar charts - and defined that
the most expressive "size" of a sphere is its surface while it is length
for bar charts items.

Huron et al. provide further work on the subject [4] and share
a method about the conception process of physicalization which
is composed of five main steps: preparing the data (1), this means
searching for convenient sets of data to be physicalized; then one
has to imagine ways to assemble one’s representation of data (2)
and the materials one will have to use (3); after that, the main
building task (4) can start and at the ending, one has to verify that
what one just made reflects their thoughts (5). Previously, Huron et
al. [3] were presenting a physicalization support tool and commu-
nity named InfoVis which aims to democratize data physicalization
around Computer Science communities. Meanwhile, Swaminathan
et al. [17] introduced another tool named MakerVis. This one has
the same objective as InfoVis but both are not making visualizations
on the same support: MakerVis is about physical representation
while the other concerns the virtual representations which can
support physicalization.

Jansen et al. [5] refer to the notion of "PIPELINE INFOVIS" which
is the sequence of data transformations changing raw data into
physical representations. This sequence consists of three steps:

● Data Transformation: it is the processing of raw data to make
it suitable for visualization. This can be obtained by filter-
ing, concatenating data from several sources, making them
compatible with the techniques used in the next steps

● Visual Mapping: it is the act of giving an initial visual form
(generally abstract) to the data set. It corresponds in most
cases to the construction of a graphic primitive

● Presentation Mapping: It is the act of transforming an ab-
stract visual form into a terminal form (complete and compre-
hensible) which can be displayed, printed or manufactured.
This step includes several possible operations such as the
specification (specifies the last details of all the variables),
the style (allows to unify the different parts of the whole
visualization), the optimization (allows to facilitate the read-
ing of a visualization) or decoration (makes it easier to read
and interpret a visualization)

Data physicalization can also have an artistic purpose thanks to
the Data Object [14]. A data object is an everyday object designed

thanks to data physicalization. Objects can range from household
appliances and street furniture to educational materials and inter-
active exhibits. There are two methods to design such objects:

● Method 1
(1) Select the data sources, filter them and examine them
(2) Build initial 2D and 3D representations of the data
(3) Develop concepts for objects related to the data set
(4) Prototype and evaluate the power of the data object to

transmit data when in use
● Method 2
(1) Select the type of object to design
(2) Develop data concepts related to the object
(3) Play with perceptual and conceptual mappings between

data and object
(4) Prototype and evaluate the ability of the data object to

transmit data when in use

Sosa et al.[14] present two designs to illustrate these methods:
the first one consists of two tables. The volume of the table legs
represents an economic disparity betweenMexico andNewZealand.
The table representing Mexico has very wide feet, which makes
the user uncomfortable since he does not have enough room to be
able to put his legs under the table. The principle is to encourage a
conversation between the users of the tables so that they correlate
their experience with the represented data in order to have a better
understanding of it.

The second design is a table surrounded by chairs created to
represent the inequality in the wealth distribution in the world.
The data is: 20% of the population owns 82.7% of the world’s wealth
while the remaining 80% share only 17.3%, the poorest 40% owning
virtually nothing. The table has been designed in such a way that
there are 5 chairs, with one chair on one side and the others on
the other side. The isolated chair owns 80% of the table while the
four others have to share the rest (with two chairs having almost
nothing).

Buur et al. also bring up the question of the physicalization of
Big Data [2], as physical representation cannot capture the entirety
of a large data set. Reducing data is a common practice in Data
Physicalization in order to make the data more understandable,
but the need for reducing in order to represent Big Data can, on
the contrary, be too high to exploit the entire data set. Despite
raising this question, authors do not provide any lead to a potential
solution.

More recently Le Goc et al. [11] introduce several notions useful
to the conception of data physicalization: the notions of monolithic
(composed of only one piece) and composite (composed of several
pieces) data physicalizations. Composite physicalizations are asso-
ciated to the notions of actuation, manipulability and granularity.
Actuation corresponds to how autonomously pieces composing the
data physicalization adapt to the context in which they are placed
and to the data they represent. Manipulability corresponds to how
easily pieces of a data physicalization are manually rearranged.
Finally, granularity corresponds to the number of pieces the data
physicalization is composed of.

Despite introducing these notions, they do not provide any guide-
line concerning the conception or the design of data physicaliza-
tions. But they also introduce the notions of passive and dynamic
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physicalizations which have become a subject of interest for re-
searchers.

2.3 Dynamic data physicalization
Indeed, recent work shows that some researchers, while they em-
phasize the projects conducted about passive data physicalization,
still find an insufficient amount of work has been granted to dy-
namic data physicalizations [11, 18].

Dynamic data physicalizations as opposed to passive ones, allow
for data physicalizations to rapidly and autonomously update when
the data set requires it, to allow a continuous representation of
data which can for example be useful to monitor data in real time,
such as blood flow patterns[15]. To overcome this challenge, Le
Goc et al. [11] introduce dynamic composite data physicalizations
and propose a way of enhancing interaction, collaboration and
decision making around data. For that, they use wheeled micro-
robots called Zooidswhichwere developed in a previous project [10]
during which they aimed to develop a new type of user interface:
swarm user interfaces. Swarm user interfaces use a large number of
autonomous robots that act both as input and output for the system
so that they can be used for display and interaction at the same
time. Using these Zooids, Le Goc et al. designed two user scenarios
[11] in order to show how dynamic composite physicalizations
could benefit collaboration and decision making. These scenarios
describe how Zooids can be used to represent data in different ways
(e.g. automatically regrouping around a reference value from the
data set according to each Zooid’s own value).

Dynamic data physicalization has also been studied by Taher et
al. [18], which use the EMERGE dynamic visualization support to
understand a presenter’s gestures around the data representation,
and their overall behaviour. Their research shows that dynamic
physicalization help presenters to get a better grasp of their subject
and eventually better expose it to others, while the audience shows
a greater and more enthusiastic participation. An other part of this
study has shown that participants were rather confident using the
push-to-hide functionality of EMERGE bar charts. While most of
dynamic data physicalizations are powered by touch-screen, this
optimistic assessment demonstrates that non-mainstream controls
physicalization would be also appreciated by both presenters and
visualizers. Although results seem promising if one takes a look
at the notions introduced by Le Goc et al., one might notice that
EMERGE suffers from serious manipulability limitations, which is
not the case for Zooids [10, 11] which can easily be independently
manipulated.

A dynamic data physicalization can be obtained in different ways
such as hybrid visualization which combines elements of physical
representation with certain elements of virtual representation or
by the presence of removable parts on the data physicalization.
This type of representation can grant many advantages depending
on the message that you want to convey. In addition, the use of
dynamic physicalization of data can have social functions since
it can allow a group to enhance communication among members
[11, 18].

3 CONCLUSION
In this review, one could notice that Data Physicalization is a field of
research that raises many questions as well as the interest of many
researchers. This review went through how the physicalization of
data could benefit users by enhancing the way they perceive and
interact with data. Data physicalization can also be a simple and
accessible way to understand and interpret data [12] and can be
used in the presentation of said data to large-scale audience, prob-
lem solving or even comprehension enhancing. To help designers
that get stuck with difficulties setting up these data physicaliza-
tions, some solutions have been developed and are already usable
to accompany and support data physicalists. Researchers also take
a great interest in providing design techniques for data physicaliza-
tion, but research lacks experiments measuring the performance of
such techniques. Finally, researchers tend to explore more and more
the possibilities offered by dynamic data physicalizations which
allow for continuous updates of the physical data representations.
Future directions for this field of research could be about in-depth
studying of design techniques performance for data physicalization.
There is also a possibility to explore the enhancement of collab-
oration and interaction through dynamic data physicalization by
bringing it into people’s home. This would allow researchers to
study the effect of such technology in real-life environments instead
of imagining scenarios about it.
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