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Abstract

Data are important sources of information and keolge. To explore a more
inclusive means of communicating data, a team ceegof seven researchers in the
UK from different disciplines conducted a serieswoirkshops: the first to share state-
of-the-art data visualisation techniques in varidisgiplines and to identify data
visualisation challenges; the second to extractarsal principles from good
examples of data communication, to identify dataualisation criteria, and to develop
a set of strategies for inclusive data communicatiOn the evidence of the first two
workshops, we believe there is currently a greak & inclusivity in data
visualisation. Communicating data using multipledalities (visual, auditory,
haptic...) and understanding users’ needs and expetdavere proposed as the most
important strategies for making data communicatimre inclusive for different

target users. The third workshop will focus on depig and evaluating a
methodology for more inclusive data communicatiathwlifferent groups of users
(including people with disabilities).
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INTRODUCTION

Data are important sources of information and keolge, and they take different
forms, e.g. numbers, graphs, images, or texts. Dstrlisation is the process of
transforming data into sensory stimuli, usuallyugisimages (Schroeder et al, 2003).
The “main goal of data visualisation is to commateécinformation clearly and
effectively through graphical means.” (Friendl908). Through effective
visualisation, data can be rapidly understood leyuser.

Good data graphs, as suggested by Edward Tuft@)199

* Help the audience think about the important mess&ogen the data, rather
than about methodology, or something else;



» Avoid distorting what the data have to say;

* Present many numbers in a small space — but alpbasise the important
numbers;

* Make large data sets coherent, and encourage thenae to compare
different pieces of data;

* Reveal the data at several levels of detail, frdmoad overview to the fine
structure.

Effective data visualisation does not only factbtéearning, but also enriches the
process of scientific discovery and fosters protb(and sometimes unexpected)
insights. A good example is the periodic tablehaf themical elements. To extract
new meaning from the sea of data, scientists hagarbto embrace the tools of
visualisation (Frankel and Reid, 2008). The CaddwiEngineering Selector (CES)
for material selection is an excellent example ihadtrates Tufte’s aforementioned
characteristics of good data graphs. By visualisimgdreds and thousands of
materials in a novel way, it opens a new path teustanding materials and a new
approach to material selection (Ashby, 2005).

To help data originators communicate data morectfely, Harvard University has
recently organised a series of workshops on Imadge\Véeaning
(http://www.imageandmeaning.org/), aiming to “hetpentists, writers and visual
communicators develop and share improved methodsrofnunicating scientific
concepts and technical information through imageb\vasual representations.” The
power to visualise and graphically represent resid ideas in multiple dimensions
and to manipulate data has already been predistdueanext big revolution in
technology.

To explore a more inclusive means of communicadiaig, seven UK university-
based researchers started a multidisciplinary relsemllaboration project in May
2009. Their backgrounds include industrial desigd engineering, architecture and
civil engineering, chemistry, physics, biochemistrgmputational linguistics and
digital music. They all deal with a variety of data a daily basis, such as humbers,
codes, symbols, spectra, text, diagrams, tablegyes) sound, and animation, and
they all shared an interest in exploring effectivethods of distilling meaning from
data.

The collaborative project has provided an oppotyuiur the researchers to apply
inclusive design thinking across different disaipl, and to evaluate how ‘useful’,
‘usable’ and ‘inclusive’ data from any experimeahde made. The project aimed to:
1) identify data visualisation challenges in differergciplines and data
communication criteria from the perspectives ohbdata developers and data
users
2) propose strategies in making data communicatiorermmiusive for different
target users
3) develop a methodology for evaluating the effectesmof data
communication.

The multidisciplinary dialogue about data commuti@awas conducted through a
series of three workshops over a period of 18 neofitie first two held in August
2009 and February 2010; the third workshop to be imeNovember 2010), involving



the seven researchers, invited guests (e.g. freasaf Brain Scans and MR,
Archaeology, Architecture, Semantic Web, and Saféw2esign), and different types
of data users (e.g. knowledgeable professionaisyda users including people with
disabilities).

DATA VISULISATION CHALLENGES

At the first workshop (August 2009), each researghesented a short talk in a Pecha
Kucha style (20 slides with 20 seconds per sligeyvbat constitutes ‘data’ in each of
their own disciplines. They also gave exampleheftypes of data and discipline-
specific data communication methods and technidemsexample, in chemistry, data
are often presented in 1D, 2D or 3D forms; whilaiohitecture, they are typically
displayed in 2D (layout), 3D (models) and 4D (artiord. Figure 1 shows some
examples of data presented at the workshop.
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Figure 1. data éXampIes in ch miéfry, architecamek design

A number of data visualisation challenges weretifled, including:

» Communicating data to different potential userg.(expert colleagues;
knowledgeable professionals, layman clients aret@sted parties)

 Difficulties in choosing the right (or optimal) tbfmr complicated data sets

* Balancing clarity against economy (e.g. the amofitéxts used)

» Different terminologies

» Dilemmas in applying novel data visualisation metiblogies (graphic design,
the technology of graphic production etc): they rhalp attract users’
attention but may also distract users from focusingmportant messages
from the data

* A huge increase in the amount of data availabladse of technological
facilitation, yet which corresponds in many casely ¢o electronic versions of
standard practice.

DATA VISUALISATION PROCESSES

The first workshop also saw the researchers’ engagewith a data visualisation
exercise: an ‘unknown’ large dataset (numberstabbe format, with no context apart
from names of countries and continents and the piered) had been selected from a
publically available data source, and each reseamwhs asked to analyse the dataset
prior to the workshop, visualise the data and preagoster outlining the approach
they had taken to analysing and presenting thisonk dataset. As a result, seven
different versions of ‘visualisation’ of the samatalset were demonstrated at the
workshop, ranging from typical EXCEL bar chartstphisticated cluster analysis
graphs (dendrogram), and the original data (i.eabmrs) were also transformed into
different modalities: 3D models, sound, and spdkeguage.



Follow-up analyses of the processes of visualisatiere conducted after the first
workshop, and the pros and cons of each method digcassed at the second
workshop. Figure 2 shows the visualisation podigpper row) and the comments on
pros and cons (lower row). The pros were writtergaen stickynotes, and the cons in
orange.

Figure 2. Data visualisation posters and the contsnam pros and cons of the
methods used in each poster.

Although the researchers from different disciplinsed different techniques in
visualising the given dataset, common patterns vadenatified (see Figure 3). The
common procedure was to process data based onuleeqraw data), through
deducting noise (“remove/select/filter/extract/tlistsorting
(“sort/cluster/remap/group/organise”) and normadsi
(“calculate/normalise/convert”). Sometimes new dagse also created in the process.
When visualising data, common methods adoptedded2D graphs, 3D plots,
change of modalities (e.g. visual/auditory/dialogaead adding new dimensions (e.qg.
colour, animation)

Remove/Select/Filter/ Sort/Cluster/Remap/ Calculate/Normalise/ Creat \
Extract/Distil Group/Organise Convert reate
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Figure 3. a common pattern of the data visualigghimcess

DATA VISULISATION EXAMPLES

In the second workshop, each researcher preseotetiagnd bad data visualisation
examples from their own field, and Figure 4 show&gample from biochemistry.
On the left is an example of good communicatiohiothemistry: colour and
spatially divided items with distinct summariesmfbrmation; while the right hand
side shows a bad communication in biochemistry: er@irome and spatially
confused items with indistinct actions.
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Figure 4. Good and bad data visualisation examplbgchemistry

A creative exhibition of live, general examplesdata visualisation was also
organised at the second workshop (Figure 5).

Figure 5. Creative exhibition of data visualisatexamples

Based on the examples, a number of characterddtigsod data visualisation were
identified:

» Clean presentation with clear labels and use ofistal conventions

» Showing contexts and details-on-demand

» Allowing inspection by giving access to the underydata

» Appropriate scale with size of data set

» Concise explanation (annotation) with distinct suamies of information

» Highlighting important data

» Adding dimensions (e.g. colour) to make data pastetearer

* Interactive features to enable multiple views aathdeferences

» Showing right level of information.

DATA VISULISATION CRITERIA

An important aim of the research was to identiffad@ommunication criteria from
different perspectives (e.g. expert colleagueswkedgeable professionals, and lay
users). In the second workshop, the participants wsked to select up to 15 most
important data communication criteria from a listpiled based on the issues
mentioned at the first workshop. Figure 6 useag dloud’ tool (available from
www.manyeyes.com) to illustrate the criteria imerof their relevant importance.



The relative size and weight of the font for eagtedon corresponds to the relative
frequency of its mention by the participants.
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Figure 6. Data visualisation criteria: researc‘ndewpoint' '

A short questionnaire was taken to tffeGambridge Workshop on Universal Design
and Assistive Technologies (CWUAAT’10) in March BOdhere data users’
viewpoints on data visualisation criteria were ecléd. The CWUAAT workshop

was selected as it had an audience who were awarelasive design. The
corresponding author gave a short introductiomméorésearch project at the
CWUAAT workshop’s user forum session, and then dtke audience to write down
their five most important criteria for data visisaliion and three strategies for making
data communication more inclusive. The results€das 19 responses) of the
criteria are shown in Figure 7.

accuracy balance clear
contrast detail .. €aSY
honesty interest magnitude overview
relevance simplicity
Structure validity

Figure 7. Data visualisation criteria: knowleddegtrofessionals’ viewpoints

Although intended for lay users’ viewpoints, thekgrounds of the questionnaire
respondents suggested that they were more “knoweddalg professionals” than
layman users. Among the 19 respondents, six weata ‘developers/researchers”,
three were “data users”, and nine were “both dateeldpers and data users”.

It is planned that lay users’ viewpoints on datusalisation criteria will be collected
from the third workshop in November 2010.

DATA VISUALISATION STRATEGIES

In the second workshop, the participants were edsin asked to propose three
strategies for making data visualisation more isiele to different groups of users.
The results (based on ten responses: the seveorsuatid three workshop speakers)



are shown in Table 1. The CWUAAT participants walso asked to do the same task,
and the results (based on 19 responses) were suseohar Table 2.

Table 1. Strategies proposed by researchers
Strategies Number s of mentions
multiple modalities, views, media
multiple levels of detail, complexity, ability taitl down
involve user
interactive
use of metadata/standa
multilingual labelling
use the'real thing’, rather than dat
protect privacy
allow users to tailor visualisation
portable tools for multimodality
explain purpose clearly
selecting appropriate toc
understand user diversity
least ‘capability deman
extreme users
accuracy
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Table 2. Strategies proposed by knowledgeable gsafpals
Strategies Number s of mentions
understand use 6
avoid data overload/keep it simple
multi-modal presentation/flexibility of visualisah
fond size must be adequate
define objective and customise for purpose
user involvement
highlight salient pointenrphasis important informatio
accessibility /utilie HCDI guideline
inclusion of raw data/data source
good contrast of text and background
build up understanding /interpret what is means
different levels of detalil
be more graphically ustrative
use simple diagram in support of t
the structure of the content presented is impc
3D
Interactive
consider context
possibility to navigate through contents (pick amiat)
reliability
use clear and simple languagin text,
clear labelling of informatio
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DATA VISULISATION METHODOLOGIES
The participants formed three groups during theséavorkshop to discuss the
methodologies of data visualisation. Figure 8 shthesresults presented by two



groups. The ‘PURRFECT PROCESS’ on the left suggéstsdata interpretation has
to be connected to both the data and the usethanefficiency of the communication
has to be evaluated by the user. The methodolodleright put data in a research
project context, suggesting that data and reseprebtions are interrelated. Data
visualisation is for internal use (to help the egsber better understand the data), and
data communication (for external use, i.e., to camicate research to all parties
interested) and should take all potential usersaonsideration. The links between
data communication and the original data have tsti@ngthened, and user feedback
should be used to improve data visualisation, am$equently, data communication.

Figure 8. Data visualisation methodologies

Figure 9 shows the third group’s proposed methagofeamework.

Figure 9. Data visualisation methodology framekvor
The framework started with a set of questions:

What is the purpose of the visualisation?

Who is the audience? (background: education; alltaapabilities)



Practical constraints (money, time: end users/d@ezk, equipment)
Is the visualisation transferable?
Redundancy/inclusivity balance?

Therefore, to evaluate data visualisation, theofaithg aspects should be considered:
Purpose (this will help define the level of detaibe communicated)

Audience (e.g. colleagues/peers, client/scienfitblic, use of language)
Constraints (medium: visual, auditory, olfactogste, haptic; practicalities,
convention)

The group believed that this research project wgeldgerate insights that will help
with the transfer from raw data to effective comimgcation.

DISCUSSION

This multidisciplinary project has helped ident#ynumber of data visualisation
challenges. Our primary point is that there isentlly a great lack of inclusivity in
data visualisation. Even within narrow expert comitias (e.g. biochemistry), data
visualisation can be exclusive/difficult to undarsd without expending significant
effort.

The researchers and the knowledgeable professisinate some common strategies
for making data visualisation more inclusive tdeli&nt groups of users, for example,
“multi-modal presentation”; “involving users” andse of accessibility
standards/guidelines”. The researchers frequerdiytioned the strategy of providing
“multiple levels of detail” and making the datauwadisation “interactive”; while the
knowledgeable professionals think “understandirgrsisis of paramount importance;
and they frequently mentioned the strategy of aagiddata overload” and keeping
the information “simple”.

This was in interesting contrast to the commentthbyresearchers which mentioned
‘complexity’ as a point of interest, expressing tlesire to communicate complex
information successfully. We suggest that, haremplexity’ and ‘simplicity’
represent the same ideal: complex interpretatemgered accessible for the end user.

The most important data visualisation criteriasaggested by the researchers, were
concerned with “clarity”, “(level of) complexity”context”, “explanation”, “multiple
(views)”, “purpose”, “relevance” and “trust”; whikkhe knowledgeable professionals
at the CWUAAT workshop suggested that the most imamb criteria included
“clarity”, “detail”, “ease of use (easy to understi&remember/identify/compare)”
“simplicity” and “structure”.

Although people from different disciplines use éifnt techniques in visualising data,
common patterns and procedures (as shown in FR)umere identified. One
common theme was the addition of extra dimensior@ssist understanding. This can
be done through a variety of means:

» Physical objects

* Time

» Colour

« Sound



All of these possibilities have advantages anddiisatages. For example, colour can
help make data patterns clearer, and providessnveay to delineate between
differing data streams. However, it may introduoétended exclusion, e.qg. for the
colour blind, or for those without access to colprnters. In some cases, this can be
resolved by application of alternative markers.(sgatial separation).

The researchers participating in the project albleasised the importance of having
access to raw data; this may be because manyrofribeonly use data but also
generate new data (and visualisation) based onioamytdatasets.

The data visualisation methodology will be furtdereloped and evaluated with the
potential data users at the third workshop in Naven2010.

CONCLUSIONS

There is a lack of inclusivity in data visualisatjdut not much research on this topic.
This research project has taken a multidisciplirsggroach to explore data
visualisation from the ‘inclusion’ viewpoint. “Qlidy” has been identified as the most
important, and commonly agreed, criterion for dasaialisation. While data
developers think it is very important to providefferent levels of complexity”,
“multi-views” and the “context” of data; data userg more concerned with the “ease
of use”, “simplicity”, “detail” and “structure”. Gmmunicating data using multiple
modalities (visual, auditory, haptic...) and undendiag users were regarded as most
important strategies for making data communicatimre inclusive for different

target users.
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