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Abstract

Visual clutter denotesa disorderedcollection of graphical ertities in information
visualization. It can obscurethe structure presen in the data. Evenin a small
dataset, visual clutter makesit hard for the viewer to nd patterns, relationships
and structure.

In this thesis, | study visual clutter with four distinct visualization techniques,
and presenm the concept and framework of Clutter-Based Dimension Reordering
(CBDR). Dimension order is an attribute that can signi cantly a ect a visualiza-
tion's expressieness.By varying the dimensionorder in a display, it is possibleto
reduceclutter without reducingdata cortent or modifying the data in any way.

Clutter reduction is a display-dependert task. In this thesis,| apply the CBDR
framework to four dierent visualization techniques. For eat display technique,
| determine what constitutes clutter in terms of display properties, then designa
metric to measurevisual clutter in this display. Finally | seard for an order that
minimizesthe clutter in adisplay. Di erent algorithms for the searting processare
discussedn this thesisaswell.

In order to gather users' responsestoward the clutter measuresused in the
Clutter-Based Dimension Reorderingprocessand validate the usefulnesof CBDR,
| also conductedan evaluation with two groups of users. The study result proves
that users nd our approad to be helpful for visually exploring datasets. The users
also had many commens and suggestionsfor the CBDR approad as well as for
visual clutter reduction in general. The cortent and result of the user study are

included in this thesis.
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Chapter 1

In tro duction

1.1 Exploratory Data Analysis and Data Visual-
ization

A picture is worth a thousandwords.

- Chineseproverb

Exploratory data analysis (EDA), as opposedto conrmatory data analysis
(CDA), was rst de ned by John Tukey [2, 3], with the goalto maximize the ana-
lyst's insight into a data set and into the underlying structure of a data set, while
providing all of the speci c items that an analyst would want to extract from a
data set [4]. In EDA, the role of the researber is to explore the data in as many
ways as possibleuntil a plausible\story" of the data emerges.As [4] summarized,
this approad/philosophy for data analysisemploys a variety of techniques(mostly

graphical) to:
maximize insight into a data set;

uncover underlying structure;



extract important variables;
detect outliers and anomalies;
test underlying assumptions;
dewelop parsimoniousmodels; and

determine optimal factor settings.

Many EDA techniques are graphical in nature, with a few quartitativ e tech-
nigues. They are often referredto as Data Visualization, which is a basic elemen

in exploratory data analysis[4].

1.2 Multi-Dimensional Data Visualization

Multi-dimensional visualization is onesub- eld of data visualization that focuseson
multi-dimensional (multiv ariate) datasets. Multi-dimensional data canbe de ned as
asetof ertities E, wherethe ith elemen e consistsof a vector with n variables,( X,
Xi2, ..., Xin ). Eadh variable (dimension) may be independen of or interdependen
with one or more of the other variables. Variablesmay be discreteor cortinuousin
nature, or take on synbolic (nominal) values. Applications sud ascensusessurveys
and simulations are someof the most commonsourcesof multi-dimensional data.
Visual exploration of multi-dimensional data is of greatinterestin Statistics and
Information Visualization. It helpsthe user nd trends and relationships among
dimensions. When visualizing multi-dimensional data, ead variable may map to
somegraphical ertity or attribute. According to the di erent ways for dimension-

ality manipulation, we can broadly categorizethe display techniquesas:

Axis recon guration techniques,sud as parallel coordinates|[5, 6] and glyphs

[7, 8,9, 10, 11].



Dimensional enbedding techniques, sud as dimensional stacking [12] and

worlds within worlds [13].
Dimensional subsetting, sud as scatterplot matrices[14].

Dimensional reduction techniques, sud as multi-dimensional scaling [15, 16,

17], principal componert analysis[18], and self-organizingmaps[19].

1.3 Visual Clutter Reduction in Multi-Dimensional
Data Visualization

A good visualization clearly revealsstructure within the data and thus can help the
viewer to better identify patterns and detect outliers. Visual clutter, on the other
hand, is characterized by crowded and disorderedvisual entities that obscurethe
structure in visual displays. In other words, visual clutter is the opposite of visual
structure; it correspndsto all the factors that interfere with the processof nding

structures. Clutter is certainly undesirablesinceit hinders viewers' understanding
of the content of the displays. Howewer, when the number of dimensionsor data
items grows high, it is inevitable for displays to exhibit someclutter, no matter

what visualization method is used. For example, Figure 1.1 denotesthe parallel
coordinates visualization of the Iris dataset (4 dimensions, 150 data items), and
Figure 1.2represets the AAUP salarydataset(14 dimensions,1161data items). For
the Iris dataset,ead individual greenline is well separatedand easyto identify, while
for the AAUP dataset, the number of data items and dimensionality both exceed
those in the Iris dataset, resulting in more axesand polylines on the screenand
cluttering the display. It is much moredi cult for the viewer to identify individual

data items or nd patterns in the AAUP dataset.
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Figure 1.1: Iris dataset (4 dimen-  Figure 1.2: AAUP salary dataset (14 di-
sions,150data items) in Parallel Co-  mensions,1161data items) in Parallel Co-
ordinates. ordinates.

Clutter reduction in data visualization is not a simple problemwith onesolution
or onetype of solution, due to the variety of visualization techniquesand analysis
goals. As stated before, the crowded and disorderedvisual ertities are the compo-
nerts of visual clutter in a display. Obviously, visual ertities vary from onetype of
visualization to another, and thus sodo the de nitions of \structure" and \pattern".
As a result, there is no one\magic" solution to addressthe clutter reduction prob-
lem as a whole; instead, various distinct approateshave beenproposedto address
this problem from di erent perspectives. Someof thesetarget reducingthe density
of visual ertities, sud as lines, dots and shapes, while others try to organizethe
ertities in a certain way to enhancethe structure in a display sothat it canbe better
interpreted.

In multi-dimensional data visualization, the clutter reduction problem hasbeen
widely discussed. Typical approadesinclude multi-resolution techniques|[20, 21,
22], dimensionality reduction [18 15, 17, 19|, and distortion [23 24]. These ap-
proadies attack this problem focusing on di erent aspects of the dataset and dis-

play, andthusmakeit possibleto reduceclutter underdi erent conditions. Howe\er,



eah approad hasits own advantagesand disadwantages, working well with some
displays and tasks, but performing poorly with others. What is more, to sene the
purposeof clutter reduction, these solutions chooseto sacri ce someinformation
that's considered\unimp ortant”. They either sacri ce the integrity of the data or
fail to generatean unbiasedrepresetation of the data. Under somecircumstances,
this is acceptableand even desirable,especially when the userwants to obtain an
overall image of the data and doesnot care very much about the details and pre-
cision. Howe\er, there are also caseswhere the user wants to reduceclutter in a
display as much as possiblewithout losing any information or getting any incor-
rect information. The current approades,unfortunately, don't cope well with these
goals. In orderto complemen theseapproadesby reducingclutter in visualization
techniqueswhile retaining the information in the display, | have deweloped a clutter

reduction technique using dimensionreordering.

1.4 Dimension Reordering in Multi-Dimensional
Data Visualization

In many multivariate visualization techniques, sud as parallel coordinates [5, 6],
glyphs|7, 8,9, 10, 11], scatterplot matrices[14] and pixel-orierted methods [25], di-
mensionsare positionedin someone-or two-dimensionalarrangemem on the screen
[26]. Given the 2-D nature of this medium, someorder or organization of the di-
mensionsmust be assumed. This organization can have a major impact on the
expressienessof the visualization. Di erent ordersof dimensionscan reveal di er-

ernt aspectsof the data and a ect the perceiwed clutter and structure in the display,
causingcompletely di erent conclusionsto be drawn basedon ead display. Unfor-

tunately, in many existing visualization systemsthat encompasghesetechniques,



dimensionsare usually ordered without much care. In fact, dimensionsare often
displayed by the default order in the original dataset. Realizing the importance of
dimensionorder in a multi-dimensional visualization, we chooseit to be our object
to work on for clutter reduction.

Manual dimensionreorderingis available in somesystems.For example,Polaris
[27] allows usersto manually selectand order the dimensionsto be mapped to
the display. Similarly, in XmdvTool [26], userscan manually changethe order of
dimensionsfrom a recon gurable list of dimensions.Howeer, the exhaustive seart
for the bestorder is tedious even for a modest number of dimensions.Also, the user
will have di cult y remenbering all the views and correspnding dimensionorders
she hastraversed. Therefore, we are in needof a way to automatically seart for

the best dimensionorder in a display.

1.5 Goals of This Thesis

Visual clutter reductionis a visualization-dependen task becausevisualization tech-
niguesvary largely from oneto another. Howewer, by experimerting with a few pre-
vailing visualization techniques, we can demonstratethe importance of dimension
order in terms of clutter reduction and acquireguidelinesthat are alsoapplicablein
other visualization techniques.

The basicgoal of this thesisis to:

presen the conceptof Clutter-Based Dimension Reordering(CBDR),

sketch a general framework for performing the clutter-reduction task using

dimensionreordering,

designclutter measuringand reducingapproatesfor seeral of the most pop-



ular multiv ariate data visualization techniques.

The Clutter-Based DimensionReorderingapproad hastwo primary advantages:
(1) the display retains all the information in the data after clutter reduction; (2) the
optimal dimensionorder is derived automatically, so asto lessenthe burden from
the user'sside. Hopefully this solution will remedythe shortcomingsof the current
toolsin someway, and this generalframework will be of usefor clutter reduction in

other multi-dimensional visualization techniques.

1.6 Overview of The Approac h

Gestalt Laws [28] are robust rules of pattern perception. These laws emphasize
that we perceiwe objects aswell-organizedpatterns rather than separatecomponert
parts. Accordingto [29], the focal point of Gestalt theory is the idea of "grouping,”
or how we tend to interpret a visual eld or problem in a certain way. The main

factors that determine grouping are:

proximity - how elemens tend to be grouped together depending on their

closeness.
similarity - how itemsthat aresimilar in someway tend to be groupedtogether.
closure- how items are grouped together if they tend to completea pattern.

simplicity - how items are organizedinto gures accordingto symmetry, reg-

ularity, and smoothness.

We usetheselaws as our guidelinesfor de ning visual clutter and structure. In
the following chapters, the de nition and measurefor speci ¢ visualizationswill be

discussedespectively, following the Gestalt laws.

7



| implemerted the work in the cortext of the XmdvT ool [26, 30] project, a public
domain visualization systemthat integrates multiple techniquesfor displaying and
visually exploring multi-dimensional data. Among these,parallel coordinates|[5, 6],
scatterplot matrices[14], star glyphs[9] and dimensionalstading [12]arethe focused
visualization techniques.

In order to automate the dimensionreordering processfor a visualization gener-

ated by XmdvTool, we are concernedwith three issues:

1. determining the way clutter manifestsitself in the display,
2. designinga metric to measurevisual clutter, and

3. arranging the dimensionsfor the purposeof clutter reduction.

| will discussthe CBDR processapplied to four visualization techniques sepa-
rately, one per chapter. | follow the sameframework in all of them. Within ead
chapter, | rst determine the visual characteristics that would be labeled as clut-
ter, and then carefully de ne a metric for measuringclutter. The clutter analyses
and measuresl provide are speci cally tuned to ead individual technique, which
are quite di erent due to the diversity of the four techniques. At the end of eah
chapter, | apply an optimal ordering algorithm to arrangethe dimensionsto achieve
the best order under our clutter measure.Heuristic reordering algorithms that can

signi cantly reduceprocessingtime are discussedn a separatechapter.

1.7 Organization

This thesisis organizedas follows. Chapter 2 provides a review of related work
in current clutter reduction and dimension reordering techniquesin data visual-

ization. Chapter 3 gives an overview of the XmdvTool system. Chapters4, 5, 6

8



and 7 descrile the Clutter-Based Dimension Reordering framework for four di er-

ent visualization techniquesrespectively. In Chapter 8, algorithms for dimension
reorderingare discussed.Chapter 9 presetts the resultsfrom an evaluation targeted
at the users'ability to distinguish the improved visualizationsfrom the original one.

Chapter 10 concludesthe thesisand points out directions for future work.



Chapter 2

Related W ork

2.1 Clutter Reduction Techniques

Many approadieshave beenproposedto overcomethe clutter problemin data visual-
ization from various perspectives. We can classifythe strategiesinto two categories:
View Related and Data Related.

In view related approades, the spatial characteristics of graphical ertities are
modi ed to addressthe clutter problem. Tedniquessud asdistortion and zooming
are view related techniques. Data related approahesreducethe datasetitself by
clustering, samplingand ltering, resulting in a view with fewer graphical ertities,
thereby reducing the clutter in a view. Both the data volume and dimensionality

can be reducedin multi-dimensional datasets.

2.1.1 View Related Approac hes
Zoom/Seman tic Zoom Techniques

Zooming is an intuitiv e method to facilitate the userin retrieving information in

a densedisplay. It allows the userto zoom in and out on the interesting objects.

10



Most visualization systemssupport zoom infout; Treemap[31], Xgobi [32], DataS-
pace[33], and XmdvTool [26, 30] are amongthosethat support this functionality.
Zooming helpsto remove unnecessaryinformation from the display and make the
interesting objects easierto examine. Howewer, dueto this very nature, the usercan
only explore one part of the data at a time, and thus can losetrack of the global
cortext.

In systemsthat involve a spatial metaphor,a commontechnique is to automat-
ically changethe represetation of objects asthe userzooms. This functionality is
descriked as semattic zooming [34, 35, 1]. Pad [34] and Pad++ [35]are two graph-
ical interfacesintended to be alternatives to traditional windows and icon-based
approadesto interfacedesign. Objects in thesesystems(such asa text le, a clock
program, or a personalcalendar)canbe represeted di erently asthe userzoomsin
and out on them. For example,whena text documert is small on the screenthe user
may only want to seeits title. As the object is zoomedin, this may be augmerned
by a short summary or outline. At somepoint the ertire text is revealed. Woodru
et al. [1] applied the cartographic Principle of Constart Information Density in in-
teractive visualizations of cartographic and non-cartographicdata. They supported
two density metrics, number of objects and number of vertices. As the userzooms
in or out, the shape and size of displayed objects will changeaccordinglyto keep
the information density constart. Figure 2.1is an exampleof semartic zooming in
DataSplash[36], a databasevisualization system. Thesetechniqueswill reducethe

clutter only when the objects have multiple spatial metaphors.

Distortion Techniques

Distortion is a widely usedtechnique for visually exploring denseinformation dis-

plays. Distortion-oriented techniquesallow the userto examinea local areain detail

11
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Figure 2.1: Visualizations of housing cost (x axis) and income (y axis) of states
in the United States before and after semaric zooming accordingto information
density. Figure taken from [1]

on a sectionof the screen,and at the sametime presen a global view of the spaceto
provide an overall cortext to facilitate navigation [24]. By intentionally disregarding
somedetailsin the uninteresting area,distortion techniquescansigni cantly unclut-
ter the view so that the interesting area can take up more spaceand be carefully
examined.

Focus+Context techniques are applied in many multi-resolution visualization
systems,including Radial, Space-Filling(RSF) hierarchy visualizations[37, 38, 39].
Andrews and Heidegger'snformation slicestechnique [37]usestwo semi-circularar-
easto represemh a le system.By selectinga focus (typically small) directory in an
overview window and displaying that directory and its descendan le/directories in
the other view, they provide a form of two-lewel \overview and detail” information
visualization. Staslo et al. proposedanother le systemexaminationtool, Surburst
[38], that employs three major techniquesto show the focus+cortext of the hierar-

chy, namely the Angular Detail method, the Detail Outside method and the Detail

12



Inside method. The Angular Detail method rst shrinks the overview hierarchy
and movesit to the boundary of the window, then expandsthe selecteditem and
its children radially outward to occupy a larger display area. The Detail Outside
method rst shrinksthe ertire hierarchy to the certer of the window, and then ex-
pandsthe selecteditem and its children to be a new completecircular ring-shaped
region around the overview. The Detail Inside method works similarly to Detail
Outside, exceptthat it pushesthe overview outward to take a large ring shape and
expandsradially the selecteditem aswell asits children to occupy the certer of the
display. Figure 2.2illustrates an exampleof Focus+Context visualization using the
Surburst system. Yang et al. visualized hierarchies of dimensionsusing a system
called InterRing [39]. This systemallows the userto distort a node both circularly
and radially. The circular distortion of a node and its children is doneby increasing
or decreasinghe sizesof its siblings, but the sizeof the selectednode can't exceed
that of its parert. The radial distortion can increaseor decreasethe thicknessof

the selectedlayer by changingthose of the other layers.

Figure 2.2: Directory visualization using Surburst system. Figure taken from
http://www.cc.gatec h.edu/gvul/ii/sun burst/

The Fisheye View conceptwas originally proposedby Furnas [40] as a presena-
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tion strategy with the motivation of providing a balanceof local detail and global
cortext. The essenceof this technique is called thresholding. Ead information
elemen in a hierarchical structure is assigneda number basedon its relevance (a
priori importance or API) and a secondnumber basedon the distance betweenthe
information elemen under considerationand the point of focusin the structure. A
threshold value is then selectedand comparedwith a function of thesetwo numbers
to determine what information is to be presenied or suppressed Consequetly, the
more relevant information will be presened in great detail, and the lessrelevant
information presened as an abstraction, basedon a threshold value. The Fisheye
View is a great technique for navigating densecharts, graphsand maps, wherethe
useris concernedwith graphical details and hopesto retain the global view at the
sametime.

The distortion techniques discussedabove changethe spatial relationship be-
tweengraphical ertities, which is intentional in somevisualizations but not proper
for more accurate quartitativ e data exploration and analysis. What is more, in
many visualizations, the user focusesnot on the local details but on the overall
trends and patterns in the dataset or relationships between dimensions;distortion

is not su cient to sene this purpose.

2.1.2 Data Related Approac hes

In recen years, many techniques have been proposedto reducethe dataset size
while preservingsigni cant features. Someof thesefocus on reducing the number

of data items to be visualized,and the others deal with high dimensionality.
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Reducing Data Volume

There are many approatestowards reducingthe sizeof a datasetfor visualization.
Somecommononesare brie y descriked below.

Wavelets are mathematical functions that can be usedto approximate data and
analyzethem at multiple scales. Wong and Bergeron[20] descrited the construc-
tion of a multi-resolution display using wavelet approximations. They reducedthe
data volume through repeatedly merging neighooring points. The wavelet trans-
forms idertify averagesand details presen at ead level of compression.They also
incorporated the brushing functionality into their model and the brusheddata are
displayed at a higher resolution than the non-brushedones. Howeer, the wavelet
transform requires data to be ordered, making it useful only for datasetswith a
natural ordering along one dimension,sud astime-seriesdata.

Wills [41] descrilked a visualization technique for hierardhical clusters. He built
his work upon the tree-map idea [31] by recursiwely subdividing the tree basedon
a similarity measure. Wills usedthe similarity measureas a value to conrol the
clustering granularity. For instance, with a small value, fewer clusters with more
elemeits could be shovn. This measurealso acted as a level-of-detail cortrol for
smaoth transitions acrosstree-mapsof di erent granularity. Their main purposewas
to display the clustering results, and in particular, the data partitions at a given
similarity value. Hence,the N-dimensionalcharacteristics of the clusteringssud as
the meanor exterts information were not displayed along with the tree-map.

Fuaetal. [21]reduceddata density by taking a hierardiical approad to structure
the data. The data weredisplayed at a certain level of abstraction at any onetime.
The work wasbasedon the XmdvT ool [26] visualization system,and utilized varying
translucency and a proximity-basedcoloring schemethat visually segregatesiata

elemens basedon similarities. The population and exterts of clusterswere shovn
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with bandsof varying translucency resulting in a lesscluttered view than that with

all the data items being showvn on the screen.

Reducing Dimensionalit y

High dimensionality is another sourceof clutter. Most traditional multi-dimensional
visualizations becomecluttered when the dimensionality of a dataset grows high.
Many approadesexist for handling high-dimensionaldatasets.

Principal Componert Analysis [18], Multi-dimensional Scaling[15, 16, 17], and
SelfOrganizing Maps [19] are three major dimensionality reduction techniquesused
in data and information visualization. Principle Componernt Analysis (PCA) [18]
attempts to project data down to a few dimensionsthat accourt for most vari-
ancewithin the data. Multidimensional Scaling (MDS) [15, 16, 17] is an iterative
non-linear optimization algorithm for projecting multi-dimensional data down to a
reducednumber of dimensions. Kohonen's Self Organizing Map (SOM) [19, 42] is
an unsupervised learning method to reduce multi-dimensional data to 2D feature
maps[43].

Many new dimensionality reduction techniquesalso have beenproposedto han-
dle this problem. For example, Random Mapping [44] used a random transform
matrix to project the high dimensional data to a lower dimensional space. [44]
presented a casestudy of a dimensionreduction from a 5781-dimensionakpaceto
a 90-dimensionalone with Random Mapping. In [45, 46], an algorithm called An-
choredLeast Stressis dewloped to handlevery large datasetswhen MDS alonedoes
not su ce. This algorithm combinesPCA and MDS and makesuseof the result of
data clustering in the high dimensionalspace. Yang et al. [47] proposeda visual
hierarchical dimensionreduction technique that groupsdimensionsinto a hierarchy

and constructs lower dimensionalspacesusing clusters of the hierarchy. This tech-
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nique generateslower dimensional spacesmeaningful to users,and it allows user

interactions in most stepsof the process.

Thesedata-relatedapproadesreducethe number of data items or the dimension-
ality and map the lower data and dimensionspaceto the screenfor a lesscluttered
view. The major concernof theseapproadesis the data integrity. In orderto cope
with the clutter problem, these approadiesunavoidably sacri ce someinformation

in the original datasetduring the clustering, samplingor ltering process.

2.2 Reordering Techniques in Data Visualization

2.2.1 Reordering in General

In information visualization, the order of visual enities can greatly impact the
quality of a display. In somecasesgrtities have a natural order for all presenation
goals. But in other cases,where they do not have an obvious order, they can be
arrangedcarefully to enhancethe displays.

Friendly et al. [48 designeda generalframework for ordering information in
visual displays according to the desired e ects or trends, and preserted se\eral
techniquesfor ordering items basedon somedesiredcriterion in di erent displays.
Their idea,termede ect-ordered data displays, canbe appliedto the arrangemen of
unorderedfactors for quartitativ e data and frequencydata, and to the arrangemen
of variablesand obsenations in multi-dimensional displays.

Ma et al. [49] orderedcategoricalvaluesby: (1) constructing natural clustersof
categoricalvaluesbasedon domainsemartics; (2) orderingvaluesin the clusters;and
(3) ordering the categoricalvalueswithin ead cluster. Rosarioet al. [50 proposed

a Distance-Quani cation-Classing (DQC) approad for visualizing nominal values.
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They transform the data and seart for a set of independert dimensionsthat can
be usedto calculate the distance betweennominal values. This distanceis based
on ead value's distribution acrossseeral other nominal variables. Basedon the
distanceinformation, order and spacingcan be assignedamongthe nominal values.

In hierarchical clusteranalysis,the terminal nodesof atree canbearrangedbased
on somecriteria to best reveal the relationship betweenthe nodesand enhancethe
visual display. Gruvaeusand Wainer [51] presetied an algorithm that applied a
seriesof tests for locally orienting the nodes so that objects displayed on the left
and right edgesof eat cluster are adjacen to those objects outside the cluster to
which they are most similar. Dueto the large number of applicationsthat construct
treesfor analyzing datasets,many di erent heuristics have beensuggestedo solwe
the problem of ordering the leaves of a binary hierarchical clustering tree [52, 53].
Particularly, it is intensely discussedn bioinformatics literature to better display

genemicroarrays [53, 54,55, 56, 57].

2.2.2 Dimension Reordering

Dimension order is an important issuein visualization. Bertin [58 gave someex-
amplesillustrating that permutations of dimensionsand data items reveal patterns
and improve the comprehensiorof visualizations.

Ankerst et al. [59 pointed out the importance of dimension arrangemen for
order-sensitive multidimensional visualization techniques. They de ned the concept
of similarity between dimensionsand discussedse\eral similarity measures,and
proposeda method to arrange dimensionsaccordingto their similarities so that
similar onesare adjacen to ead other. They proved that their problemis an NP-
complete problem by equatingit to the Traveling SalesmanProblem, and usedan

automatic heuristic approad to generatea solution.
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Yanget al. [60]imposeda hierarchical structure over the dimensionsthemseles,
grouping a large number of dimensionsinto a hierarchy so that the complexity of
the ordering problem is reduced. They rst order ead cluster in the dimension
hierarchy. For a non-leafnode, they useits represetativ e dimensionin the ordering
of its parert node. Then, the order of the dimensionsis decidedby the order of the
dimensionsin a depth- rst traversal of the dimension hierarchy. User interactions
are then supported to make it practical for usersto actively decideon dimension
reduction and ordering in the visualization process.

In thesetwo approadies, dimensionsare reorderedaccordingto similarities be-
tween dimensions. This is the proper thing to do when relationships between di-
mensionsare the major concernof the user. Although their work is not directly
related to the results of this thesis, the idea of using dimensionordering to improve
dimensionsimilarities inspired the technique of this thesis, ordering dimensionsto

reducevisual clutter in multi-dimensional data visualization.
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Chapter 3

XmdvT ool

XmdvTool is a multiv ariate visualization systemdeweloped by Ward et al. [26, 30]
that integratesse\eral techniquesfor displaying and visually exploring multiv ariate
data. It is available on all UNIX platforms that support XR4 or higher. Xmdv-
Tool 4.0 and later versionsare also available on Windows95/98/NT platforms, and
are basedon OpenGL and Tcl/Tk. The current releasedversion, XmdvTool 6.0
Alpha, supports four methods for displaying multi-dimensional data in both at
(non-hierardical) and hierarchical form. The four techniquesare scatterplot matri-
ces[14], parallel coordinates|5, 6], star glyphs[9] and dimensionalstadking [12]. By
combining thesedi erent techniqueswithin one system,XmdvTool enablesusersto
explore their data in various views. The userscan easily switch betweenthe four
viewsto discover trends and patterns, reveal relationships betweendimensionsand
nd outliers.

In addition, XmdvT ool alsosupports a variety of interaction toolsto assistusers
in navigating their data. For at visualizations, the N-dimensional brush [30, 61]
allows the userto interactively select subsetsof the data by painting over them

with a mousesothat they may be highlighted, deletedor masked. For hierarchical
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visualizations, the structure-basedbrush [62, 63]is available to allow usersto select
subsetsof data by specifying focal regionswithin the data hierarchy as well as a
level-of-detail. Other major interaction tools include zooming/panning, interactive
dimensionreduction/distortion, and color shemeselection.

In the following sectionswe provide a brief introduction to the four visualization
techniquesavailable in XmdvTool. More detailed information about this tool can

be obtained from [26].

3.1 Parallel Coordinates

ft_police unemp manu_wrkrs handgun_lcs gov_wrkrs cleared homicides
96.68 11.39 f21.40 1179.95 235.75 86.18 54.52

253.86 2.81 447.60 107.67 129.05 57.13 6.33

Figure 3.1: Parallel Coordinates visualization of Detroit crime dataset (7 dimen-
sions, 13 data items).

Parallel coordinates visualization [5, 6] is a technique pioneeredin the 1980's
that hasbeenapplied to a diverseset of multidimensional analysis problems. Be-
sidesXmdvTool, it hasbeenincorporated into many commercialand public-domain
systems,sud asWinViz [64] and SPSSDiamond [65].

In this method, ead dimension correspnds to an axis, and the N axes are

organizedas uniformly spacedvertical or horizontal lines. A data elemen in an
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N-dimensional spacemanifestsitself as a polyline that traversesacrossall of the
axes,crossingead axis at a position proportional to its value for that dimension.
Figure 3.1 shows a parallel coordinates display of the Detroit crime dataset,
which has 7 dimensions(depicted by the vertical axes) and 13 data items (eath
depicted by a seriesof lines acrossthe axes). The nameof eat dimensionis shovn
on the top of ead axis. The minimum and maximum valuesof ead dimensionare

indicated at the two endsof eat axis.

3.2 Scatterplot Matrix

sepal_length sepal_width petal_length petal_width

@se—t —woan

~a—g —woon

~a-g —wm~0D @30— —m~0D

Figure 3.2: Scatterplot Matrices visualization of Iris dataset(4 dimensions,150data
items).

Scatterplots [14] are one of the oldest and most commonly used methods to
project high dimensional data to 2-dimensions. Two data variables are used to
specify the location of a dot or other marker on the plot. In a scatterplot matrix
visualization of an N-dimensionaldataset, N ? two-dimensionalscatterplots are gen-
erated, eat giving the viewer a generalimpressionregarding relationships within

the data betweenpairs of dimensions.The plots are arrangedin a grid structure to
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help the userremenber the dimensionsassaiated with ead projection. Figure 3.2

is a scatterplot matrix visualization of Iris dataset.

3.3 Star Glyphs

Figure 3.3: Star Glyphs visualization of Detroit crime dataset (7 dimensions, 13
data items).

A glyph [7, 8, 10, 11]is a represetation of a data elemen that mapsdata values
to various geometricand color attributes of graphical primitiv esor synbols. A Star
glyph [9] is one type of glyph visualization. In this technique, ead data elemen
occupiesone portion of the display window. Data valuescortrol the length of rays
emanatingfrom a certral point. The raysarethen joined by a polyline drawn around
the outside of the rays to form a closedpolygon. Figure 3.3 represets the Detroit
crime dataset. The 13 data items are displayed with 13 glyphs, and the lengths of

rays are proportional to the data valueson the correspnding dimensions.
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Figure 3.4: Dimensional Stacking visualization of Iris dataset (4 dimensions,150
data items).

3.4 Dimensional Stacking

The dimensionalstadking technique is a recursive projection method deweloped by
LeBlanc et al. [12]. It displays an N dimensional dataset by recursiwely embed-
ding pairs of dimensionswithin ead other. Each dimensionof the datasetis rst
discretizedinto a user-spgeci ed number of bins, which is termedthe dimensioncardi-
nality. Then two dimensionsare de ned asthe horizontal and vertical axes,creating
a grid onthe display. Within ead box of this grid this processs applied againwith
the next two dimensions. This processcortinuesuntil all dimensionsare assigned.
Ead data point mapsto a unique bin basedon its valuesin ead dimension,which
in turn mapsto a unique location in the resulting image (SeeFigure 3.4). In Xmdv-
Tool, the dimensionsare mapped to horizorntal and vertical axesalternatively, from

outer-most (slowest) to inner-most (fastest), basedon their order in the input le.
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Chapter 4

Clutter-Based Dimension

Reordering in Parallel Coordinates

4.1 Clutter Analysis of Parallel Coordinates

In the parallel coordinates display, asthe axesorder is changed,the polylines rep-
resening data points take on very distinct shapes. In Figures4.1 and 4.2, the two
displays depict the samedataset with di erent dimensionorders. As can be seen
in the gures, a parallel coordinates display makes inter-dimensional relationships
between neighboring dimensionseasyto see,but does not discloserelationships
between non-adjacen dimensions. Therefore, our hope is that by changing the
dimensionorders, the inter-dimensional relationships of the dataset can be better
revealedto the user.

According to the Gestalt Laws [28], userstend to perceiwe objects in groupsand
considerthesegroupsto be morewell-organizedthan separatecomponerts. Bearing
this in mind, in parallel coordinatesvisualization, we conjecturethat more clustered

polylines between dimensionsmake pattern recognition easierfor the user. In a
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Figure 4.1: Parallel coordinates visualization of Cars dataset. Outliers are high-
lighted in (b).

Figure 4.2: Parallel coordinates visualization of Cars dataset after clutter-based
dimensionreordering. Outliers are highlighted in (b).

display of parallel coordinates without data-related clutter reduction approades,
sudh as sampling, Itering or multi-resolution processing,if polylines betweentwo
dimensionscan be naturally grouped into a set of clusters, we assumethe user
will likely nd it easierto comprehendthe relationship betweenthem. Instead, if

there are many lines that don't belongto any cluster, the spacebetweenthe two
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dimensionscan be very cluttered. These polylines make it hard for the viewer to
nd patterns and discover relationships; we refer to them as outliers. According to

[4], the de nition of outlier is:

De nition 1 An outlier is an observationthat lies an abnormaldistanae from other

valuesin a random samplefrom a population.

For clutter reductionin parallel coordinatesvisualization, we deweloped our own

formal de nition for an outlier in a dataset:

De nition 2 Let D be a dataset,and let i, j be two variables. A data point d is an
outlier for i and| if d's Euclidean distance to any of the other data points is greater

than a de ned numter, t, in the two-dimensionalspace formed by i andj.

It is true that one of the strengths of parallel coordinates visualization is to
help nd outliers, but in our case,a lot of outliers betweena pair of dimensions
often indicates that there is little relationship betweenthem. Sinceour goal is to
disclosemore relationshipsand patterns betweendimensions,we want to minimize
the impact from outliers; in other words, we carefully order the dimensionsto avoid

them.

4.2 Clutter Measure in Parallel Coordinates

4.2.1 Dening and Computing Clutter

With our conjecture discussedin the last section, we can de ne a visual clutter
measurein parallel coordinates visualization. Due to the fact that outliers often
obscurestructure and thus confusethe user, clutter in parallel coordinates can be

de ned asthe proportion of outliers againstthe total number of data points.
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To reduce clutter in this technique, our task is to rearrangethe dimensions
to minimize the outliers between neighboring dimensions. In order to calculate
the scorefor a given dimensionorder, we rst court the total number of outliers
betweenneighboring dimensions,Syyyier . If there are n dimensions,the number of
neighboring pairs for a given orderis n 1. The averageoutlier number between
dimensionsis de ned to be Sy = Sourier =(N 1). Let Siora denotethe total number
of data points. The clutter C, the proportion of outliers, can then be de ned as
follows:

Soutlier

C= Savg:S(otaI = Snt ll (4.1)
ota

Sincen 1 and Sy are both xed for a given dataset, dimensionorders that
reducethe total number of outliers also reduceclutter in the display accordingto
our notion of clutter.

Now we are faced with the problem of how to decideif a data item is within
a cluster or is an outlier. Since we have restricted the notion of clutter to the
number of outliers within neighboring pairs of dimensionswe canusethe normalized
Euclideandistancesbetweendata points to measuretheir closenesslf a data point
doesnot have any neighbor whosedistanceto it is lessthan threshold t, we treat
it as an outlier. In this way, we are able to nd all the data points that don't
have any neighbors within the distancet in the speci ed two-dimensionalspace. If
the number of data points is m, this can be donein O(m?) time. We do this for
ewery pair of the n dimensionsand store the outlier numbersin a outlier matrix M.
The total time for building this matrix is O(m?n?). Given a dimensionorder, we
can then decidethe clutter in the display by adding up outlier numbers between
neighboring dimensions.

Instead of letting the userspecify the threshold, we could have let it be basedon
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the dataset, or dewelop algorithms that don't involve thresholds. Howewer, sincewe
want to give the usermore exibilit y and interaction whenordering the dimensions,
we beliewe that allowing the userto decidethe thresholds for cluster distance is
preferable. Thus the threshold here and those in the following chapters all can be

user-de ned, though eat hasa xed default value.

4.2.2 Deciding Dimension Order

In a given dimension order, we can add up outlier numbers between neighboring
dimensionsin the display. This takesO(n) time. The optimal dimensionorder is
decided by selectingthe one dimension order that minimizes this number. This

exhaustive seard takesO(n!) time.

4.3 Example

Figures 4.1 and 4.2 both represen the Cars dataset. In Figure 4.1 the data is
displayed with the default dimensionordering. Figure 4.2 displays the data after
being processedwith clutter-basedordering. In the rightmost imagein ead gure,

polylines highlighted in red are outliers accordingto our clutter metric. With a
glimpsewe canidentify moreoutliers in the original visualization than the improved
one,which suggestghe neighboring dimensionsin the latter visualization are more
closelyrelated to ead other. From our ewaluations, we discovered that most users
found that data points were better separatedin the improved view and they could

identify patterns and outliers more easily with this view.
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Chapter 5

Clutter-Based Dimension
Reordering in Scatterplot

Matrices

5.1 Clutter Analysis in Scatterplot Matrices

In clutter reduction for scatterplot matrices, we focuson nding structure in plots
rather than outliers, becausehe overall shape and tendencyof data points in a plot
canreveal a lot of information. Somework has beendonein nding structuresin
scatterplot visualizations. PRIM-9 [6€] is a systemthat makesuseof scatterplots. In
this systemdata is projected onto a two-dimensionalsubspacede ned by any pair of
dimensions. Thus the usercan navigate all the projections and seart for the most
interesting ones. Automatic projection pursuit techniques[67] utilize algorithms to
detect structure in projections basedon the density of clusters and separation of
data points in the projection spaceto aid in nding the most interesting plots.

With a matrix of scatterplots, usersare not only ableto nd plots with struc-
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ture, but also can view and comparethe relationships betweentheseplots. Since
all orthogonal projections are displayed on the screen,changing the dimensionor-
der doesnot result in di erent projections, but rather a di erent placemen of the
pairwise plots. According to the Gestalt Laws [28], proximity is a factor which
will a ect the user's perception of groupings. The conjecture with the scatterplot
matrices visualization technique is that similar plots should be placed near eah
other. Speci cally, we assumethe userwould nd it bene cial to have projections
that disclosea related structure to be placed next or closeto ead other in order
to reveal important dimensionrelationshipsin the data. To make this possible,we
have de ned a clutter measurefor scatterplot matrices. The main ideais to nd

the structure in all 2-dimensionalprojections and useit to determine the position
of dimensionsso that plots displaying a similar structure are positioned near eah
other.

Figure 5.1 givestwo views of a scatterplot matrix visualization. In this type of
visualization, we can separatethe dimensionsinto two categories:high-cardinality
dimensionsand low-cardinality dimensions. In high-cardinality dimensions,data
values are often cortinuous, sud as height or weight, and can take on any real
number within the range. In low-cardinality dimensions,data valuesare often dis-
crete, sud asgender,type, and year. Thesedata points often take a small number
of possiblevalues. It is often perceived that plots involving only high-cardinality
dimensionswill placedots in a irregular cloud-like shape, while plots involving low-
cardinality dimensionswill placedots in straight lines becausea lot of data points
sharethe samevalue on this dimension. In this thesis, we determineif a dimension
is high or low-cardinality depending on the ratio of its cardinality and the pixel
number of the scatterplots' sides. If it exceedsthe speci ed threshold, then the

dimensionis consideredhigh-cardinality, otherwiselow-cardinality.
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Figure 5.1: Scatterplot matrices visualization of Cars dataset. In (a) dimensions
are randomly positioned. After clutter reduction (b) is generated. The rst four
dimensionsare ordered with the high-cardinality dimension reordering approad,
and the other three dimensionsare orderedwith the low-cardinality approad.

We will treat high-cardinality and low-cardinality dimensionsseparatelybecause

they generatedi erent plot shapes. The clutter de nition and clutter computation

algorithms for thesetwo classeof dimensionswill di er from ead other.

5.2 High-Cardinalit y Clutter Measure in Scatter-

plot Matrices

5.2.1 Dening and Computing Clutter

The correlation betweentwo variablesre ects the degreeto which the variablesare
assaiated. The most common measureof correlation is the PearsonCorrelation

Coe cient [68], which can be calculated as:

" Xm)(Yi  Ym)

r= & 1P
i(Xi Xm)2 i(yi Ym)2

(5.1)

wherex; andy; are the valuesof the ith data point on the two dimensions,and
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Xm andyy, represemn the meanvalue of the two dimensions.

Sinceplots similarly correlatedwill likely display a similar pattern and tendency
we can calculate the correlations for all the two-dimensionalplots (in fact half of
them becausethe matrix is symmetric alongthe diagonal), and reorder the dimen-
sionssothat plots whosecorrelation di erences are within thresholdt are displayed
ascloseto eadh other aspossible. To achieve this goal, we de ne the sum of the dis-
tancesbetweensimilar plots to be the clutter measure.In our implemertation, we

de ne the plot sidelength to be 1 and calculate the distance betweenplots X and

q
Y using (Rowx Row )2+ (Columny Columny)2. For example,in Figure
p_
2.

q
5.2, the distancebetweensimilar plots A and B will be (1 0)2+ (1 0)2=
Larger distancesum meanssimilar plots are more scatteredin the display, thus the

view is more cluttered.

Figure 5.2: lllustration of distancecalculation in scatterplot matrices.

In the high-cardinality dimensionspace,our approad to calculatetotal clutter
for a certain dimensionordering is as follows. Let p; be the ith plot we visit. Let
thresholdt be the maximum correlation di erence betweenplots that canbe called
"similar". Note that we are only concernedwith the lower-left half of the plots,

becausethe plots are symmetric along the diagonal. The plots along the diagonal
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will not be consideredbecausehey only disclosethe correlationsof dimensionswith
themseles. This is always 1.

In a xed matrix con guration, we do the following to computethe clutter of the
display. First, a correlation matrix M [n][n] is generatedfor all n high-cardinality
dimensions.M [i][j ] represets the Pearsoncorrelation coe cien t for the plot on the
ith row and jth column. If data number is m, the complexity of building up this
matrix is O(m n?). Then, for any plot p;, we nd all the plots that have a similar
correlation with it, i.e, the di erences betweentheir Pearsoncorrelation coe cien ts
with pi's are within a user-de ned threshold t. This processwill take O(n3). We

store this information sowe only have to do it once.

5.2.2 Deciding Dimension Order

For any scatterplot matrix display, we canget a total distancebetweensimilar plots.
With this measure,comparisonsbetweendi erent displays of the samedata can be
made. Unlike the one-dimensionabarallel coordinatesdisplay, we have to calculate
distancesfor ewery pair of plots. If a pair of plots has similar correlation, their
distance is added to the total clutter measureof the display. This is an O(n?)
process. An optimal dimensionorder can be achieved by an exhaustive seard for

the smallesttotal distancewith complexity O(n!).
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5.3 Low-Cardinalit y Clutter Measure in Scatter-

plot Matrices

5.3.1 Dening and Computing Clutter

In low-cardinality dimensions,we alsowant to placesimilar plots together. But we
usea di erent clutter measurethan for high-cardinality dimensions.

For plots with low-cardinality dimensions,the higher the cardinality, the more
crowded the plot seemsto be. Therefore, instead of navigating all dimension or-
ders and searding for the best one, we will order these dimensionsaccordingto
their cardinalities. Dimensionswith higher cardinality are positioned before lower-
cardinality dimensions.In this way, plots with similar density are placednear eah
other. This satis es our purposefor clutter reduction. The dot density of plots will
appear to decreaseggradually, resulting in lessclutter, or more perceived order, in

the view.

5.3.2 Deciding Dimension Order

With low-cardinality dimensions,the dimensionreordering can be ervisioned as a
sorting problem. With a quicksort algorithm, we can achieve the desireddimension

order for low-cardinality dimensionswithin an averageof O(n logn) time.

5.4 Example

From Figure 5.1 we notice that plots generatedby two high-cardinality dimensions
are very di erent in pattern than plots involving oneor two low-cardinality dimen-

sions. We beliewe that separatingthe high and low-cardinality dimensionsfrom ead
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other is usefulin identifying similar low-cardinality dimensionsand nding similar

plots in the high-cardinality dimensionsubspace.
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Chapter 6

Clutter-Based Dimension

Reordering in Star Glyphs

6.1 Clutter Analysis in Star Glyphs

In star glyph visualization, eat glyph represets a dierent data point. With

dimensionsordered di erently, the glyph's shape varies. Gestalt Laws [28] state
that the simplicity of shapes,for example,symmetry, regularity, or smoothness,can
determine groupingsof objects. Therefore,our clutter measurein this visualization
technique is related to the simplicity of glyph shapesin a view. We conjecture
that reducing clutter here meansmaking the shape of glyphs seemmore regular
and smooth. Our clutter measureis de ned accordingto this conjecture. We call
a glyph well structured if its rays are arrangedso that they have similar length to
their neighbors and are well balancedalong someaxis. In our approad, we de ne
monotonicity and symmetry as our measuref structure for glyphs. In a perfectly

structured glyph:

Neighboring rays have similar lengths.

37



The lengths of rays are orderedin a monotonically increasingor decreasing

manner on both sidesof an axis.

Rays of similar lengths are positioned symmetrically along either a horizontal

or vertical axis.

The perfectly structured star glyph is thus a teardrop shape. With sud shapes
in glyphs, the userwill nd it easierto identify relative value di erences between
dimensions,and can better discernrays and the bounding polylines. For instance,
the data points shavn in Figure 6.1 presen very dierent shapes with dierent
dimension order. The original order in Figure 6.1-(a) makes them look irregular
and display a concae shape, while the dimension order in Figure 6.1-(b) makes

them more symmetric and easyto interpret.

Figure 6.1: The two glyphs in (a) represeh the samedata points as (b), with a
di erent dimensionorder.

6.2 Clutter Measure in Star Glyphs

6.2.1 Dening and Computing Clutter

To reducethe clutter for the whole display, we seekto reorder the dimensionsto
minimize the total occurrenceof unstructured rays in glyphs. Therefore,we de ne

clutter asthe total number of non-monotonicand non-symmetric occurrences.We
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beliewe that with more rays in data points displaying a monotonic and symmetric
shape, the structure in the visualization will be easierto perceie.

In orderto calculateclutter in onedisplay, we test every glyph for its monotonic-
ity and symmetry. Supposethe userchoosedoth monotonicity and symmetry asthe
structure measure and speci es the rst half of the dimensionsbeing monotonically
increasingand the secondhalf of the dimensionsbeing monotonically decreasing.
The user can then choosea threshold t1 for chedking monotonicity, and a thresh-
old t2 for chedking symmetry. t1 and t2 are measuredor normalized numbers and
thus can take any number from O to 1. Supposea point has normalized values
on two neighboring dimensions(dimension, ; and dimensiony are not considered
neighbors), p; and p;+1. If the two valuesdon't violate the user's speci cation for
monotonicity, nothing happens. Howeer, if the two valuesviolate the user'sspeci -
cation for monotonicity, we will ched their di erence and decideif they clutter the
view or not. For instance,if pi.+; islessthan p; while dimension; and dimension;.
are amongthe rst half of the dimensions,it is a violation of the monotonicity rule.
We will seeif p pi+1 is lessthan threshold t1 or not. If so, we consider this
non-monotonicity occurrenceastolerable. If not, we will add this occurrenceto our
measurecourt of unstructuredness.Similarly, for two dimensionsthat are symmet-
rically positioned along the horizontal axis, if their di erence is within threshold
t2, they are consideredsymmetric to eat other. Otherwisethe total occurrenceof

unstructurednessis incremeried.

6.2.2 Deciding Dimension Order

The calculation for a singleglyph involvesgoingthrough n 1 pairs of neighboring
dimensionsto ched for monotonicity and n=2 pairs of dimensionssymmetric along

the axis. Therefore,for a datasetwith m data points, the calculationtakesO(n m).
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With the exhaustivwe seart for best ordering, the computational complexity for

dimensionalreorderingin star glyphsis O(n m n!).

6.3 Example

For ead ordering we can court the unstructurednessoccurrenceso nd the order
that minimizesthis measure. Figure 6.2 displays the Coal Disaster dataset before
and after clutter reduction. In Figure 6.2-(a), many glyphsaredisplayedin a concare
manner,andit's hard to tell the dimensionsfrom bounding polylines. This situation

is improved in Figure 6.2-(b) with clutter-baseddimensionreordering.

40



Figure 6.2: Star glyph visualizations of Coal Disaster dataset. (a) represeis the
data with original dimensionorder, having a clutter court of 488,and (b) shavsthe
data after clutter is reduced,clutter court is 190. The shapeson (b) should mostly

appear simpler.
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Chapter 7

Clutter-Based Dimension
Reordering in Dimensional

Stacking

7.1 Clutter Analysis in Dimensional Stacking

Figure 7.1-(a) illustrates the lIris dataset with the original dimension order, i.e.,
dimensionsin the order: sepallength, sepalwidth, petal length and petal width,
represeted in this display as\outer horizontal”, \outer vertical”, \inner horizonal"
and \inner vertical" respectively. Each of the four dimensionsis divided into v e
bins (rangesof values).

In this technique, the dimension order determinesthe oriertation of axesand
the number of cellswithin a grid. The inner-mostdimensionsare namedthe fastest
dimensionsbecausealongthesedimensionstwo small bins immediately next to ead
other represem two di erent rangesof the dimensions.In cornrast, the outer-most

dimensionshave the slowest value changing speed, meaningmany neighboring bins
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Figure 7.1: Dimensional stacking visualization for Iris dataset. (a) represets the
data with original dataset, and b) shows the data with clutter reduced.

on these dimensionsare within the samevalue range. Therefore, in dimensional
staking, the order of dimensionshas a huge impact on the visual display.

For dimensional staking, the bins within which data points fall are shovn as
lled squares. Thesebins naturally form groupsin the display. Gestalt Laws [28]
can be applied hereaswell. We hypothesizethat a userwill considera dimensional
stadking visualization as highly structured if it displays these squaresmostly in
groups. Comparedto a display with mainly randomly scattered lled bins, those
that cortain a small number of groups appear to have more structure and thus
can be better interpreted. The data points within a group sharesimilar attributes
in many aspects. Thus this view will help the userto seart for groupingsin the
datasetaswell asto detect subtle varianceswithin ead group of data points. The
other data points that are consideredoutliers may alsobe readily perceiwved if most

data falls within a small number of groups.
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7.2 Clutter Measure in Dimensional Stacking

7.2.1 Dening and Computing Cluttern

According to our conjecture, we de ne the clutter measureas the proportion of
occupied bins aggregatedwith ead other versussmall isolated \islands”, namely
the lled bins without any neighbors around them. A measureof clutter might then

number of isolated filled bins ; : P . .
be irber of tofl acoupied bins - The dimensionorder that minimizes this number will

then be consideredthe best order. The usercan de ne how large a cluster should
be for its member bins to be considered\clustered" or \isolated". Besidesthat, we
needto alsode ne which bins are consideredheighoors. The choicesare 4-connected
bins and 8-connectedbins. 4-connectivity and 8-connectivity are terms from image
science,which help to de ne neighbors of pixels. Sincewe are dealing with bins
in grids that are quite similar to pixels in images,we employ the concept here.
Two bins are 4-connectedif they lie next to eat other horizontally or vertically,
while they are 8-connectedif they lie next to one another horizontally, vertically,
or diagonally With 4-connectivity being used, the adjacert bins would sharethe
samedata range on all but one dimension, while the 8-connectivity bins may fall
into di erent data rangeson at most two dimensions.

Given a dimension order, our approat will seart for all lled bins that are
connectedto neighborsand calculateclutter accordingto the above clutter measure.

The dimensionorder that minimizesthis number is consideredthe best ordering.

7.2.2 Deciding Dimension Order

This algorithm is similar to that usedwith high-cardinality dimensionsin scatterplot
matrices. However we are comparing the position of bins instead of plots. It takes

O(m?) to seekall the neighbors for onedimensionorder. With an exhaustive seart
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for the leastisolatedbins, it would thustake O(m? n!) to nd the optimal dimension

order.

7.3 Example

An exampleof clutter reduction in dimensionalstading is givenin Figure 7.1. We
use 8-adjacen neighbors in our calculation. Figure 7.1-(a), denoting the original
data order, is composed of many \islands", namely the lled bins without any
occupiedneighbors. In Figure 7.1-(b), the display hasthe optimal ordering: petal
length, petal width, sepallength, sepalwidth. We candiscover that there are fewer
\islands", and the lled bins are more concetrated. This helps us to seegroups
better than in the original order. In addition, the bins are distributed closelyalong
the diagonal, which implies a tight correlation betweenthe rst two dimensions:

petal length and petal width.

45



Chapter

38

Analysis of Reordering Algorithms

As stated previously the clutter measuring algorithms for the four visualization

techniquestake di erent amourt of time to complete. Experimerts were indispens-

able to gaugethe performancesof thesealgorithms. Let m denote the data size,

and n denotethe dimensionality. The computational complexity of using dimension

reorderingto reducevisual clutter in the four techniquesis preseried in Table 8.1.

The experimerts were run on a Windows PC with Intel Celeron1.2GHz CPU and

256M memory

Exhaustive searth would guarartee the best dimensionorder that minimizesthe

total clutter in the display. However, in [59], Ankerst et al. proved that computing

Table 8.1: Table of computation times using optimal ordering algorithm

| Visualization | Alg. Complexity | Dataset [ DataNo.| Dim. No. | Time |
Parallel Coordinates O(n!) AAUP-Part 1161 9 3 sec.
Cereal-Part 77 10 23 sec.
Voy-Part 744 11 4:02 min.
Scatterplot Matrices O(n!) Voy-Part 744 11(5 high-card) 5 sec.
AAUP-Part 1161 9(8 high-card) | 3:13min.
Star Glyphs O(m n!) Cars 392 7 18 sec.
Dimensional Stacking Oo(m? nl) Coal Disaster 191 5 10 sec.
Detroit 13 7 5 sec.
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the bestdimensionorder is an NP-completeproblem, equivalert to the Brute-Force
solution to Traveling SalesmanProblem. Therefore, we can do the optimal seart
with only low dimensionality datasets. To get a quartitativ e understanding of this
issue,we performed a few experimerts for di erent visualizations, and the results
obtained are presened in Table 8.1 aswell. We realizedthat evenin a low dimen-
sional data space- around 10 dimensions- the computational overhead could be
signi cant. If the dimensionnumber exceedgshat, we needto resortto heuristic ap-
proades. For example,nearest-neigbor, greedyalgorithms and random swapping
have beenimplemerted and tested.

The nearest-neigbor algorithm starts with aninitial dimension, nds the nearest
neighbor of it, and adds the new dimensioninto the tour. Then, it setsthe new
dimensionto be the current dimensionfor searting neighbors. We cortinue doing
it until all the dimensionshave beenaddedinto the tour. The greedyalgorithm [69]
keepsadding the nearestpossiblepairs of dimensions,until all the dimensionsarein
the tour. Thesetwo algorithms are very time-e cien t and always try to maximize
the relationship betweenneighboring dimensions.

The nearest-neighor and greedyalgorithms are good for parallel coordinatesand
scatterplot matrices displays. In those displays, there is someoverall relationship
betweendimensionsthat can be calculated, sud asthe number of outliers between
dimensionsand correlation betweendimensions.Howe\er, in the star glyph and di-
mensionalstadking visualizations, we calculatethe clutter of a display under certain
dimensionarrangemets, instead of de ning a relationship betweenead two dimen-
sions. Thus these algorithms are not very amenableto the latter two techniques.
In addition, they are apt to causethe problem of \lo cal optimum”, where a better
global arrangemem can only be achieved by separatingsomevery closely related

dimensionsfrom ead other.
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Table 8.2: Table of computation times using heuristic algorithms

| Visualization | Dataset | Data No. | Dim No. | Alg | Time |
Parallel Coordinates | Census-Income 200 42 Nearest-Neigtbor Algorithm | 2 sec.
Greedy Algorithm 3 sec.
Random Swapping 2 sec.
AAUP 1161 14 Nearest-Neigtbor Algorithm | 7 sec.
Greedy Algorithm 9 sec.
Random Swapping 6 sec.
Scatterplot Matrices | Census-Income 200 42 Nearest-Neigtbor Algorithm | 2 sec.
Greedy Algorithm 3 sec.
Random Swapping 2 sec.
AAUP 1161 14 Nearest-Neigtbor Algorithm | 8 sec.
Greedy Algorithm 8 sec.
Random Swapping 7 sec.
Star Glyphs Census-Income 200 42 Random Swapping 2 sec.
AAUP 1161 14 Random Swapping 7 sec.
Dimensional Stacking Those datasetsare too big for dimensional stacking visualization.

The random swapping algorithm starts with an initial con guration and ran-
domly choosestwo dimensionsto switch their positions. If the new arrangemen
resultsin lessclutter, then this arrangemern is kept and the old oneis rejected; oth-
erwisethe old arrangemet is left intact and another pair of dimensionsare swapped.
We keepdoing this until no better result is generatedfor a certain number of swaps.
This algorithm can be applied to all the visualization techniques. It is simple and
intuitiv e, and in many situations this algorithm resultsin a relatively good dimen-
sion order that reducesclutter signi cantly. Plus, in most casesyrandom swapping
helpsavoiding local optimum by randomly choosingdimensionsto swap. With this
algorithm, howewer, we have to pay attention to the number of swaps, sincewhen
the dimensionality is high, we needto increasethe number of swaps accordingly
otherwisedimensionsdon't get enoughchancesto be swapped.

With theseheuristic algorithms, we perform dimensionreordering for datasets
with much higher dimensionswith relatively good results. Experimertal results are

presented in Table 8.2.
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Chapter 9

User Study

The goal of this thesisis to provide visual clutter reduction approathesto enhance
the quality of visualizations. To verify the improvemen, we needsomekind of eval-
uation. It would be helpful if we have a way to quartitativ ely gaugethe \go odness"
of a visualization, but unfortunately we don't. By nature, visual quality is hard to
measure. Pictures can be interpreted very diversely by di erent usersin di erent
conexts, and the judgmert is tightly relatedto the users'knowledgeabout the data,
the visualization techniquesused,and the tasksto be accomplished.Therefore, vi-
sualization quality shouldbe decidedby the userwho will be usingthe visualizations
to analyzedata. It is apparerily impossibleto make everyone agreethat onecertain
view is better than another. Howewer, by conducting a seriesof userstudies,we can
obsene the reactions of the majority of usersto our clutter reduction approades.
The study's goalis to examineif the CBDR approatescan assistthe userto better

interpret the datasetand accomplishtheir tasks.
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9.1 Testing Pro cedure

We divided the subjectsinto two groups: the XmdvT ool expert usersand non-expert
users. The expert userswere familiar with multi-dimensional visualization notions
and the four visualization techniques, and most importantly, they were clear what
they shouldlook for in a visualization to explorethe dataset. The non-experts didn't
have much knowledgein the visualization eld, and neededto be instructed on it.
Both groups of userswere given somesimple tasks to accomplishwithin a limited
time and were asked to identify the view that was more helpful for the exploration
betweentwo viewsdi ering only in the dimensionorders.

The non-expert userswere rst givenanintroduction of the four multi-dimensional
visualization techniquesthey would work with. They had to be certain that they
understood how the data items and dimensionswere represeted in thesevisualiza-
tions in order to make the judgmens. Next, both groups of userswere introduced
to the generalnotion of visual clutter. Then they were given a survey. In this
survey, a seriesof visualizations of di erent typeswere presened to the user. Each
dataset was represeted in both its original form and the dimension order after
the Clutter-Based Dimension Reorderingprocess.Without knowing which one had
beenprocessedpur subjects wererequestedio perform the task of decidingwhether
order resulted in a better visualization than the other, or there was not much dif-
ferencebetweenthe two. The subjects were given 15 secondgo work on one pair of
visualizations. In addition, we alsorecordedtheir commerns on the visual features

that they thought would be usefulin clutter reduction.
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9.2 Testing Results

We did the evaluation among 13 users. Five of them are expert usersof XmdvT ool
and are very familiar with visual data exploration. The other eight usershad no
knowledgein this eld beforethe study. The number for eat columnin the following
tablescorrespndsto the percerage of userswho preferthat view. The percernages
of userswho picked the processediiew over the original view are shown in bold.
Table 9.1 shows the result we got with the parallel coordinates visualization.
The visualizationsof seven datasetswere demonstratedto the users. From the table
we discoveredthat the usershad a major preferencefor the CBDR processedriews,
whether or not they were expert users. This result suggeststhe users' approval
of our use of grouping level as the clutter measuremen Howeer, there are also
somecaseswhere most usersdid not chooseour desiredview, or did not have any
preferencebetweenthose pairs, sud asin the Detroit Crime Dataset. This might
have happenedbecausethe dataset sizeis very small and the data points not very
clusteredin this dataset, which makesit tough for the userto identify clustersand
outliers. In general,we acieved somesatisfactory results from the user study for

CBDR in parallel coordinates visualization.

Table 9.1: User study result of CBDR in Parallel Coordinates visualization

Dataset Expert Non-Expert
A B No Di erence A B No Di erence

Acorns Dataset 100% 0% 0% 75% 12.5% 12.5%
Cars Dataset 0% | 40% 60% 12.5% | 75% 12.5%
Cereal Dataset 20% | 60% 20% 37.5% | 50% 12.5%

Coal Disaster Dataset | 80% 20% 0% 100% 0% 0%
Detroit Crime Dataset | 40% 0% 60% 12.5% 25% 62.5%
Iris Dataset 0% 80% 20% 37.5% | 50% 12.5%
Rubber Dataset 0% 80% 20% 12.5% | 75% 12.5%

Scatterplot Matrices visualization is the most cortroversial one. Many users

chose\No Di erence" instead of picking one preferred view. We beliewe this also
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has somethingto do with the dots in plots being sparse,which makesthe patterns
hard to see.In addition, correlation is the measureof plot similarity we used, but
it is not the only measure. The usersview the plots in an intuitive way, decided
by their visual perception systems. Howewer, we did nd our approad was helpful
in datasetswith larger number of data items, especially those with both high and

low-cardinality dimensions,sud asthe Cars and Voy dataset.

Table 9.2: User study result of CBDR in Scatterplot Matrices visualization

Dataset Expert Non-Expert
A B No Di erence A B No Di erence
Acorns Dataset 0% 20% 80% 25% | 37.5% 37.5%
Cars Dataset 0% | 100% 0% 12.5% | 50% 37.5%
Cereal Dataset 40% 20% 40% 50% 25% 25%
Coal Disaster Dataset | 0% 20% 80% 12.5% 50% 37.5%
Detroit Crime Dataset | 20% | 20% 60% 12.5% | 50% 37.5%
Iris Dataset 40% | 20% 40% 12.5% | 37.5% 50%
Rubber Dataset 40% 20% 40% 62.5% | 12.5% 25%
Voy Dataset 40% | 60% 0% 25% | 62.5% 12.5%

In the userstudy of CBDR in star glyph visualization, we got somesatisfactory
results. We found the usersdid a better job when most or a major portion of the
glyphs have similar shapes. It is becauseclutter is related to the \unorderedness”
of all the views. When we optimized the order for someglyphs, the other ones
inevitably got lessordered. But when we shoved the usersonly one single glyph,
most of them agreedthe shape generatedwith our optimal dimensionorder is more
regular and preferableto the original order.

As shawvn in table 9.4, most expert userscould tell the di erence between di-
mensionalstadking visualizations beforeand after the CBDR process,and prefered
the processedview. The non-expert usersliked our solution most of the time, but
occasionallysomeof them preferredthe unorderedview becausehe lled bins were
more well scattered and balanced, making the view more aesthetically attractiv e.

From the survey we also found that few \No Di erence" were chosen,becausethe
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Table 9.3: User study result of CBDR in Star Glyph visualization

Dataset Expert Non-Expert
A B No Di erence A B No Di erence
Acorns Dataset 0% 20% 80% 75% | 12.5% 12.5%
Coal Disaster Dataset | 60% | 40% 0% 75% 25% 0%
Detroit Crime Dataset | 80% 0% 20% 75% 25% 0%
Iris Dataset 0% | 100% 0% 50% | 25% 25%
Rubber Dataset 0% | 40% 60% 25% | 62.5% 12.5%

CBDR processgeneratesviews very di erent from the original ones,for better or

worse.

Table 9.4: User study result of CBDR in Dimensional Stacking visualization

Dataset Expert Non-Expert
A B No Di erence A B No Di erence
Acorns Dataset 100% 0% 0% 50% 50% 0%
Coal Disaster Dataset 0% 100% 0% 62.5% | 37.5% 0%
Iris Dataset 100% 0% 0% 87.5% | 12.5% 0%
Rubber Dataset 0% 80% 20% 50% | 37.5% 12.5%

9.3 User Commen ts

We got many commerts and suggestionsrom our users. Hereis a list of things they

mertioned:

Userl: CBDR is very usefulfor scatterplot matricesand dimensionalstacing

visualizations. For glyphs, it makesthem look more beautiful.

User 2: For parallel coordinates and dimensionalstadking, CBDR works well.

Glyph placemen might be a better solution to reducevisual clutter.

User3: The clutter measuredor parallel coordinatesand dimensionalstadking
make sense. Clutter depending upon number of data points and dimensions

scatterplot matrices doesn't seemto make sense.
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User 4: Among the shapesin star glyphs visualization, diamond shape is

preferable.

This user study is substartial becauseit helped us measurethe validity and
usefulnessof our ordering approates. We got a lot of very informative feedba& on
the current solutions aswell as suggestionson other ordering strategiesand clutter
reduction solutions. A lot of thesethoughts have proven to be very insightful and
bene cial to our resear. In our future work, we will try to combine many of their

ideasinto our system.
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Chapter 10

Conclusion and Future Work

10.1 Conclusion

In this thesis, we have proposedthe concept of visual clutter measuremeh and
reduction using dimension reordering in multi-dimensional visualization. We also
proposeda Clutter-Based Dimension Reorderingframework for di erent visualiza-
tions. We studied four rather distinct visualization techniques. For eat of them,
we analyzedits characteristics and then de ned an appropriate measureof visual
clutter. In order to obtain the least clutter, we seartied for a dimensionorder that
minimizesthe clutter in the display.

We performed an evaluation on users'responseto our view enhancemen using
Clutter-Based Dimension Reordering,and obtained somesatisfactory feedba&. In
addition, we did a quartitativ e comparisonon the reordering algorithms that we
usedin the CBDR process.We comparedthe exhaustive seard algorithm to some

heuristic algorithms in their processingtime with multiple datasets.
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10.2 Future Work

There are many more things that can be done for Clutter-Based Dimension Re-
ordering. We can try various things from all aspectsin this reordering process.

First of all, we can look into dierent clutter measures. Currently we have
one clutter measurefor eat type of visualization technique. Evaluations shaved
satisfactory resultsfor thesemeasures.However, it will be better if we have multiple
clutter measuredor eat technique, and multiple \good orders" generatedfor eah
of them, so that we can give the user the ability to choosetheir desired measure
from a collection of them. They will then be able to comparethe di erent results
generated.In this way we can do a more thorough study of users'notions of visual
clutter.

We can alsoconduct researt on visualization techniquesother than the four we
discussedbefore. In most multi-dimensional visualization techniques, changing the
order of dimensionswill always signi cantly a ect the visual quality and information
that can be extracted from the view.

In this thesiswe only experimerted with an optimal seard algorithm and three
relatively simple heuristics. Our next stepmight beto experimert with more heuris-
tic algorithms for this reordering problem and comparethem in terms of visualiza-
tion quality aswell as speed. The goal would be to nd one or more algorithms
that cangeneratea ne result in most caseswithout taking a signi cant amourt of
computing time.

As dimension reordering does not involve data loss or extra information, the
conbination of dimensionreordering with other clutter reduction approatessud
asdimensionreduction or hierarchical data visualization should be possible.In this

way, we can gaugethe e ectivenessof thesetechniquesin high-dimensionalor high
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data volume datasets.

Another future direction can be to explore clutter reduction strategies other
than dimensionreordering. As mertioned before,there are a great number of visual
aspectsin ewery visualization. Many of them can be studied in terms of clutter re-
duction. For example,dimensionspacing,glyph distances,and many other features

can all be controlled to reducevisual clutter in visualizations.

This thesis just represets a rst step into the researb of automated clutter
reduction using dimensionreordering in multi-dimensional visualization. We have
only looked into four visualization techniques so far. There are de nitely many
morethat we haven't experimerted with yet, and certainly our clutter measuresare
not the only onespossible. Newertheless,our hope is to give usersthe ability to
generateviews of their data that will enablethem to discover structure that they

will otherwisenot nd in a view with the original or a random dimensionorder.
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App endix A

User Study Materials

The following visualizations were generatedfor the evaluation of the Clutter-Based
DimensionReorderingfunctionality in XmdvTool. A setof visualizationsdisplays a
datasetwith the sametechnique, but with di erent dimensionorder. For ead set,
pleasechoosethe view that makesit easierfor you to explore and understand the

dataset.

Figure A.1: Parallel coordinates visualizations of the Acorns Dataset.
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Figure A.2: Parallel coordinates visualizations of the Cars Dataset.

Figure A.3: Parallel coordinates visualizations of the CerealDataset.
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Figure A.4: Parallel coordinates visualizations of the Coal Disaster Dataset.

Figure A.5: Parallel coordinates visualizations of the Detroit Crime Dataset.
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Figure A.6: Parallel coordinates visualizations of the Iris Dataset.

Figure A.7: Parallel coordinates visualizations of the Rubber Dataset.
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Figure A.8: Scatterplot matrix visualizations of the Acorns Dataset.

Figure A.9: Scatterplot matrix visualizations of the Cars Dataset.
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Figure A.10: Scatterplot matrix visualizations of the Cereal Dataset.

Figure A.11: Scatterplot matrix visualizations of the Coal Disaster Dataset.

Figure A.12: Scatterplot matrix visualizations of the Detroit Crime Dataset.
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Figure A.13: Scatterplot matrix visualizationsof the Iris Dataset.

Figure A.14: Scatterplot matrix visualizations of the Rubber Dataset.

Figure A.15: Scatterplot matrix visualizations of the Voy Dataset.
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Figure A.16: Star glyph visualizations of the Acorns Dataset.

Figure A.17: Star glyph visualizations of the Coal Disaster Dataset.
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Figure A.18: Star glyph visualizations of the Detroit Crime Dataset.

Figure A.19: Star glyph visualizations of the Iris Dataset.

Figure A.20: Star glyph visualizations of the Rubber Dataset.
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Figure A.21: Dimensionalstading visualizations of the Acorns Dataset.

Figure A.22: Dimensionalstading visualizations of the Coal Disaster Dataset.
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Figure A.23: Dimensionalstadking visualizations of the Iris Dataset.

Figure A.24: Dimensionalstadking visualizations of the Rubber Dataset.

68



App endix B

User's Man ual

B.1 Running XmdvT ool

To run the Clutter-Based Dimension Reordering functionality in XmdvTool, you

must rst openthe XmdvTool main window and load a dataset for visualization.

Figure B.1: Open XmdvTool and load datasets

With XmdvTool, you can visualize the dataset with the following four visu-
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alization techniques: Parallel Coordinates, Scatterplot Matrix, Star Glyphs, and

Dimensional Stading.

Figure B.2: Parallel Coordinates visualization of Iris dataset.

Figure B.3: Scatterplot Matrix visualization of Iris dataset.
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Figure B.4: Star Glyphs visualization of Iris dataset.

Figure B.5: Dimensional Stadking visualization of Iris dataset.
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B.2 Dimension Reordering Mo dule

Now let's get the Dimension Reorderingmodule running. In order to do that, click

Tools! Dimension Reorder:

Figure B.6: Activate the Dimension Reorderingfunction.

The Dimension Reorderdialog box will pop up. This dialog box allows you to
set the parametersfor reordering dimensionsaccordingto two criteria: dimension
similarities or visual clutter. Similarity-baseddimensionreorderingwasbrie y men-
tioned in Chapter 2. Although it is not the focus of this thesis, we will introduceit

asan integral part of the module newertheless.

B.3 Reordering Parameters

Various parametersand thresholdscan be set by the userto better cortrol the re-
ordering process.In this DimensionReorderdialog box, the usershould rst specify

whether to reorderthe dimensionsusing a similarity measureor a clutter measure.
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Figure B.7: The Dimension Reorderdialog box for similarity-baseddimensionre-
ordering.

| will descrike the parametersusedin both reorderingtechniquesrespectively.

B.3.1 General Reordering Parameters

Reordering Algorithms - The radio buttons allow the userto usefour di erent al-
gorithms to seart for a desireddimensionorder. The optimal algorithm reorders
dimensionsby doing an exhaustive seard. The other three are heuristic algorithms,
namely random swapping, nearestneighbor and greedyalgorithm. A list of available
dimensionsis provided to enablethe userto pick the starting dimensionin nearest

neighbor algorithm.

Brushed Data only - This ched button allows the userto reorder dimensionsac-
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Figure B.8: The DimensionReorderdialog box for clutter-baseddimensionreorder-
ing.

cording to a subset of the data items speci ed by using the manual \Brushing"

functionality provided by XmdvTool.

B.3.2 Similarit y-Based Dimension Reordering Parameters

Similarity Measure - The radio buttons allow the userto usethree di erent similarity

measures.They are:

Euclidean Distance
Pearson'sCorrelation

CosineAngle Correlation
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Eadh similarity measurerevealsdimensionrelationshipsin a di erent way.

Minimize/Maximize Dimension Distance - The radio buttons allow the userto re-
order dimensionsto minimize or maximize total distancesbetweenneighboring di-

mensions.

B.3.3 Clutter-Based Dimension Reordering Parameters

Threshold- The scaleallows the userto specify the thresholdsin the four visualiza-

tion techniques. The de nitions of thresholdsare:

Parallel Coordinates: NormalizedEuclideandistancebetweentwo data points.
If the distancebetweentwo points is lessthan the threshold, they are consid-

ered clustered, otherwisenot.

Scatterplot Matrices: - Threshold 1: The di erence betweenthe PearsonCor-
relation Coe cient of two plots. If the di erence is lessthan the threshold, the
two plots are consideredsimilar, otherwisenot. - Threshold 2: The ratio of a
dimension'scardinality and the pixel number of a plot's short side. If the ratio
is greaterthan the threshold for a dimension,it is consideredhigh-cardinality

dimension, otherwiselow-cardinality.

Star Glyphs: - Threshold 1: The length di erence betweentwo neighooring
rays. If the di erence is lessthan the threshold, the two rays are considered
positioned properly, otherwisenot. - Threshold 2: The length di erence be-
tweentwo symmetric rays. If the di erence is lessthan the threshold, the two

rays are consideredpositioned properly, otherwisenot.

Dimensional Stacking: The number of minimum aggregatedbins. If a cluster

has more bins than the threshold, the points of the cluster are considered

75



\clustered", otherwisethesepoints are consideredisolated outliers.

4-Connected or 8-Connected - The radio buttons allow the userto indicate which

neighbor de nition to usein dimensionalstading visualization.

Minimize/Maximize Clutter - The radio buttons allow the userto reorderdimensions

to minimize or maximize total visual clutter in the display.
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