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ABSTRACT

Information Visualisation (InfoVis) is defined asna
interactive visual representation of abstract déta.view the
user’s interaction with InfoVis tools as an expede which is
made up of a set of highly demanding cognitive va@s.
These activities assist users in making sense aiing
knowledge of the represented domain. Usability issidhat
involve a task-based analysis and usability questoes are
not enough to capture such an experience. This rpape
discusses the challenges involved when it comesatuating
InfoVis tools by giving an overview of the actiws involved
in an InfoVis experience and demonstrating how ta#fgct
the visualisation process. The argument in thissp&pbased
on our experiences in designing, building and eataig an
academic literature visualisation tool.
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1. INTRODUCTION

Information  Visualisation (InfoVis) is the visual
representation of abstract data of a specific domai a
computer screen. We consider user’s interactioh ifoVis
systems to be an experience, due to the activitesusers are
engaged with in addition to the knowledge beingegdi This
experience is made out of a combination of cogaitiv
activities which are related to making sense anthirz
knowledge of the visually represented domain, arsktaof
activities which are related to interacting witte tmterface.
Standard HCI usability measures rely mainly on wapg the
usability of the interface with no clear mannerhwithich to
capture domain related cognitive knowledge. Henge b
merely relying on standard HCI usability measutiasjght
into an experience is fragmentary, since only thability of
the interface is captured. In this paper we arf@pa¢ in order
to evaluate InfoVis tools, we need to take intooaet both of
these activities due to their interconnectivity.dtmer words,
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we need to capture the user’s visualisation expeeieas a
whole. The argument we make is based on our expes$ein
designing and evaluating an academic literaturaalisation
tool, drawing on observations and analysis froniat ptudy.

2. THE INFOVISEXPERIENCE

Spence [9] describes InfoVis as a cognitive agtivitith
which users are engaged with the potential of gginan
insight and an understanding of the represented. ditis
participation of the user in a cognitive activigatls not only
to gaining domain related knowledge but is the wrr® of
the user experience with the visualisation. In @oldito this
knowledge gaining activity, the user is also ineavwith
activities that are essential to interacting whlbk tepresented
tool. It is the combination of both that forms thser's
visualisation experience. Hence when it comes tuating
InfoVis tools it is essential to capture the expece as a
whole. The user’'s visualisation experience, whettiers
related to the gaining of domain knowledge or iat&ing with
the interface, has a cognitive nature related totalémages
of the domain and user’'s mental model of the iatef The
interconnectivity and cognitive nature of the usemental
image and interaction model makes the user expryibard
to measure.

3. THE COGNITIVE ACTIVITIES

The main user role in the InfoVis process is a ddgnone.

The user interprets the visual representationfi@fdata and
builds mental images from which knowledge of thendn is

gained. The visual representations are the onlynmeegth

which domain related knowledge can be communictidtie

user. Users need to make sense of these visuakespations,
hence engaging in cognitive activities. Some awthdaim

that InfoVis has moved out of the mind and ontodbmputer
screen [10]. This is true in the physical senseydwer, the
activities involved from the user are still very chuin the

mind. In addition to users’ engagement with thessiat

representations, users must also interact withitherface

itself, in order to do so they rely on mental madilat they
develop of the system. This concept has been tigbipu
covered in HCI literature and reflected in standasability

measures. However, when it comes to the buildfrdpmain

related knowledge, there is a substantial lachéliterature.
Hence, this forms the main challenge when it cotoethe

evaluation of InfoVis tools.

3.1. Mental Modds: InfoVisand HCI

Both InfoVis literature and HCI literature refer tmgnitive
activities that users engage with in order to daiowledge
and interact with a system. This is reflected by ¢bncept of
building mental images of abstract domains or modélthe
interface. However, there are crucial differenceswien
InfoVis and HCI literature when it comes to defigithese
concepts. In InfoVis literature, mental images esent the



images that people construct of a particular domatrereas
in HCI, it represents the models that people develd a
system [7]: from this point forward we will refes this HCI
model as the interaction model. We argue that rhémiges
and interaction models cannot be separated siree libth
take part in the user’s InfoVis experience, andckemust
take part in the evaluation process of InfoVis $oorhe
visualisation activity is seen as that of buildiag internal
interface [10] that cannot be printed or seen byoas other
than the user. It is through this act that useims gaowledge
and insight of the represented domain.

3.2. InfoVisMental Imagesisthe
Challenge

When it comes to mental images, in the contextnédVis,

there is no right or wrong: it is how people malase of
something they interact with. Since it is theiriéglit is not
susceptible to rigorous tests. The capturing adidlating of

mental models is a difficult task. In addition, i a

controversial one: Rogers et al [8] have prover tharely
trying to make people talk about their mental moaely in

fact affect and change these models, proving iticaty. In

order for users to create mental images of the domvhilst

interacting with an InfoVis system, they engageinumber
of activities such as: interpretation of the visoaés, building
associations, identifying similarities, etc. Ind&@n, users
rely on the models they build of the system’s ifaee in

order to interact with the InfoVis. Whilst in thisteraction
process they are engaged in the process of buildimgain
related models. Interaction models and the buildihgental
images of the domain are interrelated and hence ke
part in the evaluation process of InfoVis tools.edtly,

interaction models should not interfere with theldog of

domain related mental images; on the contrary, steyuld
complement it. Users face challenges when intergatith

InfoVis tools which rely on the fact that informai cannot be
seen: it is interpreted by users from the represedata.

4. EVALUATING INFOVISTOOLS

In InfoVis the raw data itself is not the goal, i the
information it conveys. It is important to note tlrgformation
and data are not equivalent. Information is derifredn the
data as Spence [9] indicates. By looking at theuallg
represented data, in other words browsing throulgé
representation, interesting information is revealéthis
exploration results in gaining higher levels of Wwhedge at
the semantic level. However, before such knowleckye be
gained users must interact with the interface alymstactic
level through a set of visual tasks, such as: itieng

individual entities, categorizing entities, idewiify clusters,
etc. In order to evaluate InfoVis tools we shoultget
knowledge at both the syntactic and semantic lebetaigh a
set of low and high level tasks. Usability in gexiés not a
standard practice when it comes to designing arittlibg

InfoVis tools. Of the studies that do exist we gatize them
according to the level of knowledge that they tgrge other
words, whether they target knowledge at the syiatéetel or
the semantic level.

4.1. Syntactic-Knowledge: L ow-level tasks

Low-level tasks represent the tasks performed leysuat the
syntactic level of the InfoVis user experience. Thwe-level
tasks evaluate whether or not the user understéedsyntax
of the visual language. Zhou and Feiner [11] id&di a
visual task taxonomy from which domain independestial
tasks were identified. Examples of these tasks idemtify,
locate, rank, generalize, correlate, etc. Morsaldb] used

—

these low-level tasks to devise specialized tashielwwere
used to evaluate visualisations at the syntactielleof
knowledge.

4.2. Semantic-Knowledge: High-level tasks
The high-level tasks correspond to the tasks usezl/aluate
the visualisation at the semantic level. They dghtly
coupled with the visualized domain, unlike the Imwel
tasks. Evaluating the visualisation using theskstassists in
determining whether the visualisation design cquoesls to
the requirements of the tool. However, unlike tber-level
tasks, where the primary tasks are generated fegardf the
represented domain, the high level tasks are geefeom
user requirements. Kobsa [5] argues that simplingiusers
low-level tasks, such as searching for a specifititye or
performing counting tasks makes it easier to idgnthe
usability issues, since tasks such as these asly rexecuted
by users in a real InfoVis experience situation.eWlt comes
to InfoVis systems there is more than one way @takng a
task; as a result they emphasize that testing igin-level
tasks is of great importance. We completely agréh this
argument, as we discuss next. However, we strobeligve
that both the low-level tasks and the high-levedk¢a are
interconnected, since in order for users to exetiwehigh
level tasks they must go through a set of low-letaalks.
Tasks at both of these levels represent activitiastake part
in the building of domain related mental imageseyth
however do not target interaction related knowledge

5. THE ACADEMIC LITERATURE
VISUALISATION TOOL

The challenge of evaluating an information viswalen has
been made concrete for us by our work in visualisin
academic literature [2]. This domain consists & literature
data within an academic context. It includes infation such
as: authors, papers, citations, journals, etc. $Jsdr such
information are mainly researchers in an acadereid §ince
it is important for them to keep track of the laerme. In
addition, they also need to create a complete donbab
understanding of the community. Literature dat@asmplex
due to its size and interrelations that appear &etwthe
entities, e.g.: citation trails where a paper cdasther paper
which in turn cites another, etc. Researchers woaled to
keep track of thousands of literature items randiogn the
authors of the publications to the detailed ide@sented in
each publication. The diversity and individualisfraoademic
literature users formed one of the main challengeshe
design and evaluation of the associated visuatisdtiol.

5.1. TheDesign

Prior to designing the literature visualisation Itowe
conducted a qualitative study [2] to capture usexgeriences
whilst interacting with academic literature. Theatjative
study revealed the subjectivity of the literatu@éin. The
participants’ literature knowledge depended heawitytheir
background, knowledge and goals at the time ofracteng
with their academic literature. Hence, the goaloigive the
user the freedom to explore and manipulate thealigation
through multiple interactive activities. In addiiousers need
to be given the ability to personalize their expeces. We
developed a preliminary prototype of a literatummain [3]
(Figure 1). The data we visualized was the datased for the
InfoVis'04 contest which includes the complete ndeta of 8
years for all InfoVis conference [4]. The data layand
interactive activities were based on users’ litg&t
experiences.
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Figure 1. Prototype of the literature visualisation tool

5.2. TheEvaluation

As discussed earlier, we believe that InfoVis towiast be
evaluated at the syntactic level before they caavaduated at
the semantic level through a set of low-level tatbleg target
the visual syntax. The generated low-level tasksstrfii
within the context of the interface, since it israiagh
interacting with the interface that any InfoVis kvledge can
be learned. Therefore, we took a similar approacklarse et
al [6], where we devised tasks based on Zhou amkeFE 1]
visual taxonomies.

Table 1 Difficulty level and its associated visual task
Visual Task

Difficulty

Primitive Locate, identify, associate

Intermediate| Categorise/rank, compare/distinguig
reveal, cluster, Correlate

Complex Generalise

Based on our system’s design rationale we decitiatl the
following low-level tasks best represented our sedocate,
identify, associate, categorise, rank, comparetingisish,
reveal, cluster, correlate and generalize. Unlikersd el al
[6], we ranked these tasks into three levels dfadilty (Table
1). The difficulty levels we identified were bases the
primitiveness of the actions that the users haehtgage with
in order to accomplish the specific task, whichum related
to the complexity of the visual language syntaxe Thason
for doing so is that we are interested in identifyusability
problems which are related with the visual syntaxaddition
to the user’s interaction model. For each of th&oas we
devised a set of tasks. These tasks were basédw aadults of
the qualitative study we conducted [2].

Primitive tasks
We identified the following actions as primitive:

Locate tasks: assist us in determining whetherobrttme user
understands the visual data layout since it isr¢igdehat they
are able to locate specific entities. For examplecate
[author_name]’s 2001 paper, what are its keywords?

Identify tasks: assist us in determining whetheruker is able
to understand the visual encodings, such as shagpedor,
which are used to encode the data. For Exampleth©f

=

papers that have been published by [author_namihwias
been cited the most?

Associate tasks: assists us in determining whetieruser
understands the relationships between the varidgsalv
entities. For example: Which research interesissociated
with more authors?

Intermediate Tasks

From these primitive actions more complex actionsrew
identified based on Zhou and Feiner [11] visuabteomies:
categorize/rank, compare/distinguish, reveal, elusand
compare. We base our categorization on the fattinharder
for the user to be able to accomplish any of tteed®ns one
or more of the primitive action must be executedr F
example: The 1996 [paper_title] by [author_namefesci
another paper by [author_name], who does the |athper
cite? This is an intermediate revelation task silhde made
out of various primitive actions, which ardocate and
identify. In order for the user to accomplish this taskuker
must first locate the particular authoridentify the specific
paper and then reveal its citation information.

Complex

Complex tasks lean more towards the high-levelstasice
they are based on users’ exploration of the visattin and
not on specifics. They are less controlling compa the
primitive or the intermediate tasks in terms of #utions that
the user must execute, and the answers they pra@aaplex
tasks are related to thgeéneralize’visual tasks since users
reach generalized conclusions on the entities bexpdored.
An example of a complex task: What is the relatigms
between the following authors [author_name] and
[author_name]? In this task the users are giverréezlom to
explore the visualisation to identify the relatibips
Comparing this task with an intermediate task suach
[author_name] cites [author_name], how many pamkds
they co-author? In this task the users are resttict the way
they would explore the visualisation since the gasiof the
relationship are specified. However, with the cosmptasks
different users can reach different results in a@siways. A
few users identified a relationship between th&aust that we
had not previously come across despite extensioevietge
of the dataset.

5.3. Case Study: Test of Evaluation

In order to evaluate our evaluation approach, weduoted a
pilot-study which took the form of a standard H@sk-based
evaluation study which was based on the tasks ei@viEhe

tasks were given by order of difficulty: primitivietermediate
and complex. In total a set of 22 questions wérergto the

participants. During the course of the study tleeaecher was
taking notes in addition to measuring the time ipg&nts

needed to answer each question. Prior to begirthiagtudy
demographic information was gathered in addition to
participants’ knowledge and experiences with Infotdols in
general and literature visualisation tools in mattr. Users’
interaction satisfaction was captured using thesQoenaire
of User Interface Satisfaction (QUIS) [1]. Thereravseven
participants in total. Six of them had at least tywears
experience in doing research. Two of these pasdit® did
not know what InfoVis was. One participant was a&pegt in
the field of InfoVis. None of the participants heder worked
with literature visualisation tools. The questiaite helped
us identify some minor usability issues that needed
improvement.



6. WHAT WE LEARNT

This study did not reflect anything that relatesthe users’
InfoVis experience. This was expected since the airthe
study was to capture the users’ syntactic knowledgd
interaction model. However, a lot was learnt iratiein to the
evaluation of InfoVis tools.

6.1. Low-level Tasks: Usability not

Experience

A controlled task-based usability study assisted ins
evaluating whether or not the system’s interactinndel
fitted the users’ interaction model which, as wecdssed
earlier, is an essential part in evaluating InfoMtols.
However, it said nothing about the visualisation tbe
experience as a wholén fact it seemed to hinder such an
experience. The study revealed that following adzad task-
based evaluation method restricted users’ expergnEor
example, one of the participants commentddliked the
system but | was trying to complete tasks given might
mean more if | used it for research and saw intings
relations in papers that was meaningful to me”

We merely got a glimpse of the users’ experiencith the

visualisation tool through the comments that thersigave
and the observations the researcher captured dimingtudy.
We argue that relying on quantitative measures gitdo be
insufficient. We strongly believe that relying orglher-level

tasks and the combination of qualitative and quainte

analysis will assist us in capturing users’ Infoéigperiences
more effectively.

6.2. Efficiency: Physical Activitiesrather

than Time
Users were timed during the pilot-study as theywaned each
of the questions. After analyzing this data the@swot a
straight correlation between how well the users atd the
time it took them to do it. In fact, it seemed tHa more time
they spent on each of the tasks the better theyHbavever,
due to the number of participants we cannot unempaily
assert the claim. But we can claim that, from dosesvation
of the users’ performances and experiences duhiagtudy,
there was a direct relation between the numberhygipal
activities that they engaged with and their ovesatisfaction,
which reemphasize our argument that the executfothe
interaction model should complement and not interfegith

the creation of the domain related mental imagee W

observed that the more they had to engage with iqddys
activities as: constantly clicking, or zooming indazooming
out to accomplish something specific the more there
frustrated, as observed by the researcher throubh:
comments that they gave, the facial expressiongestures
they performed. They seemed to want to have thregrimdtion
they needed, that related to a specific task, with least
number of physical activities. We hypothesize thatamount
of physical activities users engage with whilstamplishing
a specific task might be a better measure of efiicy rather
than relying on the time it takes users to accoshpdi task.

6.3. Experienceisthe Essence

Interestingly, all complex questions were answearerdectly
by the participants. This might be due to the thett these
tasks come last in the list of questions givenddigipants. In
addition, it might be due to the fact that thesmplex tasks,
as expressed earlier, are less restrictive comp&oethe
primitive and intermediate tasks. As a result these users
the freedom to explore the InfoVis interface, heattewing
for a better experienceThis is not an assertion but a

hypothesis that needs to be further investigatete 6f the
participants commentedlt got easier to use with more
practice, also became more adventurous.Ffom here we
identified interesting questions: What makes imofe
adventurous what makes it a better experience? This is what
we would like to capture and understand.

7. CONCLUSION

Where does HCI lie when it comes to evaluating Wigo
tools? It assisted us in successfully identifyisghility issues
related to the user’s interaction models. Howether,InfoVis

experience is not just made out of the interactimalels but it
also relies on the building of domain related menteges.
Mental images are built as the user interacts wfik

visualisation at the syntactic and semantic levels
knowledge. From our pilot-study we argue that ideorto

evaluate the InfoVis we need to capture the expeeieas a
whole, which remains as a challenge to the fieldH@fl. In

addition, we also demonstrated that efficiencyha infoVis

tool cannot be captured using time and suggestedisk of
physical activities instead.
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