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Abstract

My thesis presents a new rendering infrastructure for information visualization ap-

plications that usethe accordion drawing navigation metaphor. Accordion drawing

techniquesuserubber-sheetnavigation methods, with the borderstacked down, and

provide guaranteed visibilit y for marked areasof interest.

Our accordion drawing algorithms are based on screen-spacepartitioning,

which eliminates overculling and tightly bounds overdrawing. By eliminating the

overculling e�ects of rendering denseregionsof data, we guarantee a correct visual

representation of any dataset. Also, our pixel-baseddrawing infrastructure improves

the rendering performanceof densedataset regionswith strict drawing constraints,

which are basedon application-speci�c drawing requirements. The generic infras-

tructure provides an interface to numerically stable navigation of datasets,with full

support for multiple concurrent regionsof navigation motion.

To evaluate our generic infrastructure, I benchmark our tree comparison

application with the performanceof TreeJuxtaposer,a previous accordion drawing

application with identical features. I describeour tree traversalalgorithms, which we

usefor e�cien t rendering,culling, and layout of tree datasets. I alsodiscusstree node

marking techniques, which o�er several improvements over previous range storage

and retrieval techniques, reducing memory requirements and increasing rendering

speed. Finally, I evaluate tree-speci�c navigation techniquesfrom our winning entry

in the InfoVis 2003contest, with TreeJuxtaposersupported by an incremental search

feature and an improved user interface.
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Notation

In this document I use the �rst personwhen referring to work done either entirely

or primarily by myself, and the third person when referring to collaborative work

with colleagues.

Also, this thesis usesseveral di�eren t typeface conventions that are used

to convey meaning, when applicable. No type-facesare combined since each type

convention may only apply to at most onespecial word. Each type is listed here for

convenience:

� An occurrenceof a glossary entry is in Roman, uprigh t, bold type. The

glossary will only contain a page referenceto either the �rst use of an entry

or to a meaningful place where the entry is de�ned in a meaningful context,

and that occurrencewill be in this t yp e.

� The namesof dataset namesare in sansserif, upright, mediumtype. Dataset

namesused for the InfoVis 2003 contest are de�ned in Section A.1. Similar

datasets, such as animaliaA and animaliaB, are di�eren tiated by lowered type

from animalia, which refers to the datasets in a comparisonenvironment.

� The speci�c namesof dataset nodesare in Roman, italic, medium type. Nodes

may be: scienti�c, Latin speciesnames,such as marmota; common, English

speciesnames,such as marmots; or �le system names,such as iv03contest.

� The descriptive names of components of TreeJuxtaposer applications are in

typewriter, upright, mediumtype. The components are the menu options

and panels of TreeJuxtaposer; panels, such as Settings can be used by ac-

cessingthem through the menu options, such as Tools . Other named options

within panelsare also in this type .
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Chapter 1

In tro duction

My thesis presents two key contributions to the �eld of information visualization: a

genericinfrastructure for accordiondrawing asa malleabletwo-dimensionalsurface;

and new rendering techniques for tree visualization on accordion drawing surfaces.

Our generic accordion drawing infrastructure accommodates any dataset that can

be laid out and meaningfully partitioned into smaller objects on a grid structure,

such as the rectilinear, right-aligned tree shown in Figure 1.1. Applications pro-

vide the bidirectional mapping from a grid surface to objects in the dataset, and

our infrastructure supports the key operations of rendering, mouse-over picking, and

navigation, while guaranteeing the visibilit y of marked data. My tree renderingalgo-

rithms for accordiondrawing surfacesinvolve operations which perform accordingto

the number of pixels usedto display a scene,not on the input dataset. With support

from the generic rendering infrastructure, I provide e�cien t tree-basedalgorithms

for: tree-to-grid mapping, tree-rendering traversal, node marking with guaranteed

visibilit y, and accurate picking on the tree.

1.1 Motiv ation

Visualization of datasetswith moredata than available on-screenpixels is a challeng-

ing problem. Without information visualization techniques,the number of on-screen

pixels limits the amount of displayable data. For example, recent advancesin phy-

1
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Figure 1.1: A rectilinear, right-aligned tree layout descendsa tree dataset topology
horizontally and aligns all terminal nodes, or leaves, to the right boundary. Our
generic accordion drawing infrastructure supports this orthogonal grid-based tree
layout.

logenetics,the study of evolutionary relationships betweenorganisms,producevery

large tree dataset topologieswith a set of organismsat the terminal nodes. Since

any two methods of constructing phylogenetic trees may produce two structurally

di�eren t topologiesfor the sameset of organisms,evolutionary biologists usemany

techniques to investigate structural similarities betweenpairs of tree datasets. The

primary focus of my thesis investigatesour interactive visualization infrastructure

for stable accordion drawing navigation, with an example application capable of

comparing large tree datasets,such as phylogenetic trees, of up to two million tree

nodes.

TreeJuxtap oser (TJ1) [24] is an information visualization application used

to navigate and compare several rectilinear trees, such as the pair of trees in Fig-

ure 1.2, by using two important properties: rubber-sheetnavigation and guaranteed

visibilit y. Rubber-sheetnavigation is the metaphor we use to describe how users

2
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Figure 1.2: TreeJuxtaposeris capableof comparing two trees,side-by-side asshown
in this �gure. Regionsof structural di�erence are marked in red and other marks,
such as the blue subtree, are user-de�ned.

interact with the data. Users stretch and shrink regions of accordion dra wing

(AD) surfaces,the subclassof rubber-sheetnavigation upon which TJ1 is built,

much like the trees are drawn on a malleable rubber-sheet,as shown in Figure 1.3.

The AD rubber-sheet has its borders tacked down so the entire dataset remains

visible at potentially many di�eren t levels of magni�cation.

Guaranteed visibilit y is another necessaryproperty of AD surfacesthat en-

suresimportant data will remain visible at all times on its malleablesurface. Marked

objects on AD surfacesmove with other objects when the surfaceundergoesmove-

ments and may besquishedand stretched like any other dataset object. Guaranteed

visibilit y implies that marked objects never shrink out of sight.

TJ1 introducesAD surfaces,but its implementation of AD is only for datasets

that are tree-speci�c, hasnavigation stabilit y problemsfor complexmovements, and

doesnot allow other application domains to useits AD infrastructure. The primary

3



Figure 1.3: Accordion navigation works by distorting a two-dimensionalsurface,by
stretching and shrinking regions,to allocate morescreenspacefor regionsof interest.
In the left image, a small tree appearsundistorted, with no regionsstretched. The
right image shows the sametree topology with a stretched region, which squishes
other regionssuch as the greensubtree.

goal of this thesis is to introduce a new type of AD infrastructure that allows any

new application domain to render a sceneusing a more e�cien t, stable approach to

rubber-sheetnavigation. Furthermore, this thesisdescribesseveral new tree-speci�c

functions to support TJ1 functionalit y on a genericAD surface, including: correct

tree rendering, e�cien t marking with guaranteed visibilit y properties, e�cien t node

layout on a partitioned grid structure, and accurate picking of tree nodes on the

grid. This thesis presents several techniques for improving the rendering quality,

rendering speed,and memory usageof TJ1 with TJ2 , our new AD application that

is functionally, visibly equivalent to TJ1.

Although current graphical processorsarecapableof renderingbillions of pix-

elsper second,a standard-sizedmonitor with a commodit y video card is not capable

of refreshing the display during animated transitions with a brute-force method of

drawing every node.Our new infrastructure provides a rendering framework with

an e�ciency that does not depend on the size or structure of the dataset, but on

the number of pixels on-screen. Application-speci�c algorithms interface with our
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AD infrastructure, which abstracts away the details of partitioning, grid structure,

and navigation, to allow development of new AD applications that accessthe infras-

tructure with generic grid algorithms. With support for dataset sizesbeyond the

number of pixels available on-screen,AD techniques allow for rapid-protot yping of

new applications that render datasets of well over one million items with smooth

animated transitions.

1.2 Information visualization techniques

In my thesis, I employ several information visualization techniques, including: guar-

anteed visibilit y, Focus+Context, and progressive rendering. These techniques al-

low usersof TreeJuxtaposer,or accordion drawing (AD) applications in general, to

better understand large and complex datasets, locate important information, and

smoothly navigate largeamounts of information without getting lost. In this section,

I discussthe properties of guaranteed visibilit y in Section 1.2.1, Focus+Context in

Section 1.2.2, and progressive rendering in Section 1.2.3.

1.2.1 Guaran teed visibilit y

Guaran teed visibilit y is a property, �rst introducedby TreeJuxtaposer[24], used

by information visualizations to ensureimportant data is always visible. Applica-

tions developed with our AD infrastructure have two classesof data: normal and

mark ed. We mark data that we consider important with object marking, either

through direct interactive selectionsor results from computed functions. Other nor-

mal data objects provide context and overall datasetstructure. Guaranteedvisibilit y

of marked data meansthat marked objects always take precedenceover normal ob-

jects when rendering views of datasets,meaning that marks are always guaranteed

to be visible, at the expenseof unmarked regionsof data, if needbe.

AD applications provide two variations of guaranteed visibilit y: static and

progressiv e. The former is usedto display renderedsceneswith guaranteed display
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Figure 1.4: The user-selecteddata in this TreeJuxtaposer �gure, sargocentron di-
ademaand myripristis australis are marked in blue. However, the locations of these
tree nodes are not understood without the location of many other nodes, such as
sargocentron spiniferum, which provide context for the guaranteed visible, marked
data.

of all marks, and the latter guaranteesmarks appear �rst during transitional frames

of an animation. Static guaranteed visibilit y is a property of an application that is

capableof displaying marked data with a higher priorit y than normal data. Static

visibilit y properties are essential when visualizing a large dataset, where marked

data might be occluded by surrounding data in a rendered scene. However, the

surrounding data is still important enoughto considerdrawing; guaranteeingto show

marked data within the context of un-occluded,peripheral data provides important

visual landmarks. For example,in Figure 1.4, wemark speciessargocentron diadema
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and myripristis australis as important tree nodes. TreeJuxtaposer may still draw

speciessargocentron spiniferum, which should be closeto sargocentron diadema.

AD applications cull regionsof datasetswhen a region is shrunk smaller than

the size of a drawable unit, typically a hardware monitor pixel. To draw in dense

regionsof objects, the application determineswhat to draw using either object ag-

gregation or object selection,from a set of culling objects. For large dataset visual-

izations on high-resolution monitors, such asthe IBM T221 with over 200pixels per

inch, a pixel-sized feature is sometimestoo small to be useful. Our AD infrastruc-

ture provides novel methods of producing a lower resolution visualization, using our

culling techniques. If we cull regions at larger than pixel sizes,we e�ectiv ely draw

lessinformation on the display, but may reveal patterns with aggregationmethods;

high-level dataset features may be clearer with a larger minimum feature size. We

call the minimum feature sizedcells for an application blo cks, where feature sizes

are integer multiples of a pixel.

To solve static view visibilit y problems, AD rendering methods must exam-

ine an application-speci�c culled region for marks that we guarantee to be visible.

Accordingly, marked data points must be stored such that regions of the dataset

topology can be examined quickly during a rendering step. Section 3.3 provides

more details about the compact representation and storagemethods of the dataset

topology as rangesof nodesfor TJ2.

Guaranteedvisibilit y is alsoimportant to considerduring the renderingphase

of animated transitions. Progressive guaranteed visibilit y is a component of progres-

sive rendering, discussedin Section1.2.3, that rendersthe most important interest-

ing nodesbeforerendering the rest of the dataset. This type of guaranteed visibilit y

usesa drawing order that favors marked data over all other data, providing land-

marks when rendering navigation and animation frames for large visualizations.

As an exampleof progressive guaranteed visibilit y, considermarked nodesin

TJ2. For the �rst frame in its scenerendering phase,TJ2 draws the roots of marked
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subtrees, the path from that subtree to the root of the tree, and a path from the

subtreeroot to oneof its leaves. Renderingan overview of the dataset that is formed

by this �rst rendering step, which producesa skeleton of useful topological features,

is exponentially faster, in the common case, than methods in TJ1 that rendered

entire marked subtrees. This progressive guaranteed visibilit y is useful in TJ2 since

the location of marked subtreesis quickly represented and the marks are visible as

landmarks during animated transitions.

1.2.2 Focus+Con text

Focus+Con text is a technique information visualization systemsuse to display

areas of interest as focus regions, while still displaying the rest of the dataset in

lessdetail, which presents context for the focus regions. Many of theseapproaches

magnify the areas of interest and concurrently minify other regions, which leads

to visual distortion of the original dataset topology. The usageof Focus+Context

distortion techniques in visualization applications may causesomedisorientation if

visual aids such as landmarks or topological featuresare not present. Additionally ,

the user may be confused if the application does not provide smooth transitions

from one view to the next.

TreeJuxtaposerusesFocus+Context e�ectiv ely sincethe tree layout is visu-

alized as a hierarchical structure, where the location of the root and direction of

growth is known to the user, even after repeated navigations. The tree structure is

able to convey relative node density and the path from any node to the root is well

known by manually following the node ancestorpath. Along with node labels and

smooth animated transitions, navigations in TreeJuxtaposerprevent the user from

losing orientation. However, AD itself does not provide topological referencefor

navigation and requiresdevelopersof applications to include navigational semantics

basedon their particular application-domain requirements.

As an aid to automated movements, smooth transitions help Focus+Context
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applications both during navigation and in the resulting static views. When an area

is stretched, a smooth transition provides a correspondencebetween the original

state and the �nal transition state. Progressive guaranteed visibilit y also aids in

making transitions easyto follow, sincethe interaction box or set of marked nodes

are rendered�rst. Finally, the static view is easierto comprehendafter following a

smooth transition rather than after direct jump cuts [30].

1.2.3 Progressiv e rendering

Progressiv e rendering is a graphics technique for displaying a meaningful, par-

tial scenein systems,allowing real-time user interaction, even for scenesthat render

slower than the time available to draw a transitional frame. When a user demands

a responsefrom the system, the appropriate action must be performed and scenes

that render slowly must respond to the user actions with no noticeable delay. Sim-

ple sceneswith a few thousand nodes in TreeJuxtaposer, for example, may render

fast enoughsuch that checking for user action during a rendering is not necessary.

However, to scale to millions of nodes, progressive rendering approaches allow for

smooth navigation and keeprendering from being a bottleneck that prevents imme-

diate system feedback to user demands.

Although rendering fewer nodesand guaranteeing that the number of nodes

rendereddependson the number of screenpixels allows scenesto be drawn faster,

progressive rendering is still necessaryfor many large datasets due to increased

time for handling larger datasets. However, progressive rendering overhead can

potentially negatively impact the performanceof applications that use progressive

rendering. Therefore,systemsthat provide progressive renderingshould allow either

automated or manual control over the usageof progressive rendering of scenesthat

do not require several frames.
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1.3 Thesis contributions

This sectiondetails the contributions of my thesis,presented in order of importance

by chapter. Results for each performanceclaim are presented in Chapter 5. The

conclusionsfor my thesis contributions are given in the �nal chapter, along with

somerecommendationsfor future work.

1.3.1 Accordion dra wing contributions

� We developed a generalizedinfrastructure for accordion drawing applications

that doesnot depend on extra spatial subdivision layers, but usesan inherent

dataset topology, when available.

� We re�ned our genericgenericrendering infrastructure by formalizing a three-

step rendering process,which includes: partitioning in O(b) time; seedingin

O(b + m) time; and rendering in O(b + m) time, where b is the number of

on-screenblocks and m is the number of marked groups.

� We created a numerically stable AD navigation algorithm that is capable of

resizing many AD split lines concurrently. This meansthat we do not move

a split line in our resizing algorithm more than onceper scene,unlike AD for

TJ1.

1.3.2 TJ2 contributions

� We developed new algorithms for topological tree rendering in our new AD

infrastructure, in comparison to TJ1 quadtree-basedAD methods. TJ2 ren-

dering is pixel basedand rendersa scene�v e times faster than TJ1.

� We optimized storage and retrieval of rangesof marked data, which we use

to perform marking operations on tree datasets in TJ2. Marking is eight

times faster when marking a full 190; 265node tree being comparedto another
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198; 623 node tree, and rendering the fully marked tree is still faster in TJ2,

without the caching techniques used in TJ1.

� We created a new TJ2 tree layout technique for our AD infrastructure. Com-

pared to TJ1, TJ2 preprocessingis ten times faster, and overall memory usage

is �v e times more e�cien t.

� We replacedspatial subdivision picking, usedin TJ1, with topological picking

that is nearly as time e�cien t with most tree topologiesand is able to pick

tree nodesin regionsof datasetswhere TJ1 is known to fail.

1.3.3 TreeJuxtap oser Evaluation from InfoVis 2003 Con test entry

� We analyseda modi�ed version of TJ1, TJ1-contest, with a standardized set

of real tasks. This analysis helps understand the strengths and weaknessesof

our AD approach to investigating tree-baseddataset queries.

� Weaddedan incremental search function to TJ1, which allows a userto quickly

identify similarly named nodes. When a small number of search results are

selected,our algorithm automatically marks their location in the tree topology

with guaranteed visibilit y.

1.4 Thesis Organization

This thesis is organized as follows: Chapter 1 presents motivation, contributions,

and organization; Chapter 2 includes relevant previous work; Chapter 3 discusses

our new tree navigation application, TJ2; Chapter 4 discussesour genericaccordion

drawing infrastructure, AD; Chapter 5 presents analysis of TJ2 and comparesthe

performanceof TJ2 with TreeJuxtaposer;and Chapter 6 concludesmy thesis.
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Chapter 2

Related Work

Navigating large datasetshas long beenrecognizedas an important problem in the

information visualization communit y. AD navigation is in a class of information

visualization techniques with an interesting, evolving history in human-computer

interaction, computer graphics,and other �elds of study. Treevisualization alsohas

a past in information visualization, and there are several systemscreatedspeci�cally

for biologists that continue to in
uence our development of TreeJuxtaposerfeatures.

Previouswork related to my main thesiscontributions is presented asfollows:

Section 2.1 includes information visualization and other human-computer interac-

tion and perception work; and Section 2.2 describes some common phylogenetic

evaluation software as well as other tree-speci�c work in information visualization

systems.

2.1 Visualization, in teraction, and perception

Visualization of datasetswith more data than available on-screenpixels is a prob-

lem sincethe sizeof datasets increasesfaster than the resolution of monitors. Fur-

thermore, human perception limits the feasibleamount of information that can be

displayed even with in�nitesimally small pixels. Obviously, there is very little ad-

vantage to monitors with pixels at the microscopicscale. An excellent resourcefor

generic methods of graph visualization and navigation is a survey by Herman et
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Figure 2.1: The SeeSoft[1] software analysis tool provides an overview of large
software structure with meaningful color-encodings. The entire structure is visible
and usersmay zoom into regionsof interest to investigate details.

al [13].

Approaches such as the pixel-based software analysis tool SeeSoft [1], as

shown in Figure 2.1, display an overview of an entire dataset with millions of items,

and usersmay enlargeregionsof interest to view details. The number of displayable

items is impressive and gives insight into the global structure, which is especially

useful when meaningful color codings are used. However, small details may be

overlooked and culled out of view by the rendering processwhen datasets become

larger than the number of pixels, or when the feature size is too small to perceive

di�erences betweenadjacent pixels.

Applications that attempt to render extremely large datasetsof thousandsof

items are usually either non-interactive, or require acceptablerendering techniques

for displaying important details �rst, such as progressive rendering introduced by
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Bergman [6]. For 3D scenes,this approach displays vertices,edges,and other higher

level surface features in order. Since an overview of the dataset may be available

with visualization of only the vertex positions, interactive techniques,such ascamera

positioning, can be usedwith a simple rendering, and details can be �lled in when

interaction stops. Other progressive rendering approachesmay render landmarks or

other important features �rst if such a scenedecomposition is not available or does

not provide visual bene�ts during interaction.

Magni�cation techniques, such as the �sh-eye lens [7, 11] and related non-

linear magni�cation �elds [18], can be usedto view local detail for data too densely

packed to be clearly represented in full detail. A �sh-eye lens usesthe idea of a

simple magnifying lens, but, unlike a conventional physical lens, uses distortion

around the center of focus in place of an occluding boundary. This meansthe lens

is used to distort some context around the magni�ed focus region and not hide

useful contextual details. We usethe term Focus+Context to refer the visualization

technique where the focus is shown within surrounding context.

A related magni�cation technique is the document lens [31], shown in Fig-

ure 2.2, where a full text document is shown arranged in a grid, with each page

in a di�eren t cell. An overview of the entire document is available but the text is

too small to read all at once. Userscan select a rectangular magni�cation region,

approximately the sizeof a pageof text, and the remaining document is drawn as

it would appear on the sides of a truncated, skewed pyramid with the magni�ed

region as the frustum. This approach requires lesscomputation than the �sh-eye

lens,and is more suitable for viewing full pagesof documents undistorted, practical

for reading text. Text down the sides of the pyramid is also legible close to the

magni�ed frustum region.

Hyperbolic geometry [19, 22, 23] visualizations remove the traditional Carte-

sian two dimensionalcontext and use�sh-eye visualization techniques for the entire

scene. Users perform navigation through the hierarchy by changing the node in
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Figure 2.2: The document lens visualization tool [31] shows a page of undistorted
text from a largedocument, and appliesdistortion to the remainderof the document.
Distorted text near the undistorted region is legible.

focus; usersmay step through each level of the hierarchy or jump to any other vis-

ible node and the visualization responds with smooth animated transitions. This

classof distortion-based visualizations is limited to tree hierarchy visualizations or

other connectedgraphs, however, sinceusersrequire structural, visual cueslike the

edgesof a tree structure for navigation. Generic visualization of text objects, like

the document lens, or side-by-side cells in a grid structure would not be visually

pleasing with these techniques. In Figure 2.3, I show the H3Viewer visualization

application rendering of a tree structured dataset.

Several systemsusesemantic zooming, which is basedon genericlevel of de-

tail (LOD) methods. Semantic zooming aggregatesminor featuresinto larger struc-

tures to reduceclutter from global overviews,and replaceslarger featureswith their

component minor featureswhenfocusingin on regionsof interest. The Pad++ [4, 27]

system,asshown in Figure 2.4, rendersobjects with in�nite precisionin an abstract,
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Figure 2.3: H3Viewer [23] is a hyperbolic geometry visualization application for
navigating connectedgraph datasets. Hyperbolic distortions allow any data point,
even far away from the focus, to be visible and have relative position with respect
to other data.

semantic zooming world. Items are assigneda minimum and maximum visible size

and smooth animation provides transitions betweenlevelsof detail. Semantic zoom-

ing has also beeninvestigated in space-scalevisualizations [12], where panning and

zooming are used to give intuitiv e animated transitions. As the viewpoint zooms

out, semantic zooming while panning allows a user to track global landmarks, so

certain familiar features give much needednavigational context.

A closelyrelated hierarchical zooming method is multiscale visualization [37].

This method presents aggregation,or selection,of underlying data instead of feature

�ltering approaches used in traditional semantic zooming applications. Multiscale

visualization assignsimplicit semantic representation to zoomed-out data, which

either may be useful if the underlying data is similar, or may be detrimental if the
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Figure 2.4: The in�nite-precision world-spacefor objects in Pad++ [4] allows de-
velopment of zooming features at several scalesof magni�cation. This �gure, from
left to right, top to bottom, shows an example of repeated zooming on features.
Semantic zooming also allows Pad++ to restrict visibilit y of rendered objects at
user-speci�ed magni�cation scales.

aggregationtechniques hide data regionswith high variabilit y.

Degreeof Interest (DOI) systemslike continuous zoom [2] o�er another type

of semantic zooming. Groups of objects are assigneda percentage of the screen,so

that when one object is focusedon with a �sh-eye magni�cation lens, other objects

in the samegroup are shrunk at the samemagnitude, to preserve the screenarea

devoted to the group insteadof the entire context shrinking uniformly. The semantic

zooming aspect arisesfrom when objects reach an assignedthreshold size,and with

somecases,multiple foci are possibleasgroupsof objects \op en," and display more
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detail.

Rubber-sheetnavigational metaphors [34] introduce orthogonal, and polyg-

onal convex hull, distortions where objects drawn on a two dimensional grid can be

stretched as if they were drawn on a rubber-sheet.Areas of interest on the rubber-

sheet can be stretched out, essentially magnifying them without the occlusionsof

traditional magnifying lens e�ects. Navigation with a rubber sheetis typically user

directed with continuous zooming capabilities, as userspull de�ned region bound-

aries to increasethe spaceallocated to an object. The borders of the rubber-sheet

are tacked down, meaningthat the context regionsare squishedto small regionsbut

always visible, although compressedsimilar to [2]. With no semantic zoom, regions

of the context needto be culled, or otherwise aggregated,as they are shrunk.

Landmarks, or regions of interest, in semantic zooming applications may

not be visible while at extremely zoomed-out views. It may be desirable that cer-

tain characteristic objects never disappear from displays where the entire dataset

is always visible. Implementations of critical zones[17] extend in�nite precision vi-

sualization systems,such as Pad++, with methods of guaranteeing certain objects

will always be visible at any level of magni�cation.

TreeJuxtaposer [24] (TJ1), shown in Figure 1.4, introducesaccordion draw-

ing, which combines rubber-sheetnavigation with conceptsof guaranteed visibilit y

for select regions of data. TJ1 provides a scalablealternative to side-by-side anal-

ysis of trees, previously done by hand on paper printouts. The layout of TJ1 is

quadtree based,and usesaccordion drawing techniques derived from rubber sheet

navigation. When the objects in context areshrunk or culled, highlighted landmarks

are given rendering priorit y, by drawing above every other node in their context,

with minimal feature size as spacepermits with other landmarks. Context nodes

are given second-classtreatment and not limited to how small they can be drawn;

rangesof context nodesare consideredlandmarks in themselves,however, and can-

not be squishedcompletely out of sight. TJ1 scalesto over 500; 000 nodes[24], and
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Figure 2.5: SequenceJuxtaposer [35] is an aligned sequencevisualization tool that
usesaccordion drawing navigation. Each sequenceis drawn horizontally and base
pairs of each aligned sequencecreate visible vertical columns when there are no
di�erences. Simple di�erence heuristics appear as red guaranteed visibilit y marks.

animated transitions are necessaryto maintain context during continuous zooming.

TJ1 usesa best corresponding node (BCN) criteria [39] to correlate matching nodes

from pairs of treesunder analysis,soselectingonenode alsoselectsrelatively similar

corresponding nodesin other trees under comparison.

More scalable tree analysis with TJC [5], is capable of rendering up to 15

million node trees in under onesecond.TJC removesthe quadtree hierarchy, usesa

simple grid-basedstructure, and optimizes data structures to dramatically increase

memory performance. TJC also renders denseregions of trees without gaps and

eliminates many of the rendering ine�ciencies of TJ1.

Beyond TreeJuxtaposer, there have been several accordion drawing appli-

cations: SequenceJuxtaposer [35], shown in Figure 2.5, and PowerSetViewer [25],

shown in Figure 2.6, which render rectangular regions of color to represent their
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Figure 2.6: The PowerSetViewer application [25] is a visualization system for pow-
ersets. Powersets are drawn as a single enumerated sequenceof nodes. Power-
SetViewer line-wraps the world-spaceat the end of each column and visually sepa-
rates cardinalities by alternating the background color.

data. Becausethey layout datasets on simple grid structures rather than trees,

theseapplications imposea hierarchy on their datasets. SequenceJuxtaposeraligns

its input data vertically, since it assumessequencesthat are drawn horizontally to

be somewhataligned vertically, in a large stretchable grid.

PowerSetViewer is a grid-structured accordion drawing application that dis-

plays powersets,or the set of all possiblesetsof nodes,as a singleenumeration [25].

An interesting aspect of PowerSetViewer is its abilit y to add or delete data from

the grid over time, and modify the grid accordingly. Furthermore, PowerSetViewer

does not require allocation of a grid large enough for all addressablespacein the

powerset. Instead, it builds a su�cien tly large grid to draw a sparselydistributed

set of sets,on the order of up to two million, into the powerset domain.
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2.2 Ph ylogenetic to ols and tree visualization

Although not constrained to tree topology datasetsof a biological nature, TreeJux-

taposer is designedwith many desirable features for phylogenetic research, which

are brie
y described in Section 1.1. However, since several tree analysis systems

are usedto investigate phylogenetics,the evolutionary history and relationships be-

tween organisms, it is important to describe a few of the most in
uen tial systems

here.

Currently, in the �eld of evolutionary biology, e�orts are underway to cat-

egorizeevery organism with a single tree called the Tree of Life [9], which shows

hypothesizedrelationships between existing organismsand their proposed,or oth-

erwise extinct, ancestors. The research e�ort is broken into small pieces, such

as fungi [14], and further by research lab, such as the Hibbett lab that studies

homobasidiomycetes[15], the mushroom-forming fungi. Oncedata is collectedfrom

each group, small trees are combined into supertrees [33], which would culminate

with a hypothetical set of trees of all known organisms.

Sincemethods of determining the organismrelationships are subject to error

for several biological reasons,evolutionary biologists useseveral statistical modelsto

reconstruct evolutionary trees,the most commonbeingparsimony or Bayesianinfer-

encesin relationships. Parsimony-based tree reconstruction [38] relies on minimal

characteristic changesbetween speciesidentifying close ancestors,while Bayesian

techniques [16] use Markov Chain Monte Carlo simulation techniques to estimate

tree topologies. Both of thesemethods are statistical inferencesand are subject to

error, which therefore require humans to analyzeand add their professionalknowl-

edgeto the results.

Manual investigation of data is time-consuming and understandably com-

plex, so several software packagesare available to visually investigate the results

from evolutionary tree construction software. MacClade [20], and more recently

Mesquite [21], are two well-known and useful software packagesbuilt by evolution-
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Figure 2.7: TreeWiz [32] is a scalablephylogenetic tree visualization systemcapable
of supporting 50; 000 nodes. Each viewpoint change for navigation opens a new
display window.

ary biologists. They o�er a set of useful editing and analysis functionalit y, but lack

in scalability. Someof the more interesting features of MacClade are the abilit y to

annotate and edit the properties of tree data. A simple panning canvas is used to

display a visual representation of a tree of several nodesat a time, which is su�cien t

for many tasks.

A more scalablesystemcalled TreeWiz [32] supports up to 50; 000 leaf nodes

in a Java application. Subtreesthat do not �t onto the visualization are collapsed

into their parent nodes and assigneda color from a density map. However, nav-

igation is limited since each change of viewpoint creates a new display window.

Aggregation of subtrees into parent nodes is also a feature of the SpaceTree [29]

browser, which supports automated subtree collapsing and several other pan and

zoom type modesfor navigation in collapsedtrees.

Cheops[3] is another scalablesystem capableof browsing tree structures of
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up to onebillion nodes,and while suitable for a conciseindex, it is not well-suited for

displaying details of the topological structure. For deepsubtrees,Cheopsoccludes

information from sibling subtreesto show one region of focus, typically as a path

from the root to a target node.

Alternativ e marking techniques have also been introduced. Carrizo [8] in-

troducesa color-�lling approach to tree annotations. Instead of coloring tree edges,

Carrizo colors the regionsunder subtreesto provide much larger colored regionsto

indicate the properties of a subtree.
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Chapter 3

TJ2

We made several signi�cant changesto TreeJuxtaposerto make TJ2 work with our

fast, generalAD infrastructure. The most signi�cant changeswere in the TJ2 ren-

dering process,wherewedeveloped new algorithms for laying out nodes,placing tree

edges,and performing gaplessrendering with smaller rendering queues.Our render-

ing algorithms are now pixel-based,with a rendering time complexity of O(p) where

p is the number of vertical pixels, rather than O(n log(n)) where n is the number

of nodes in the topology. This meansour rendering is more scalable,sincedataset

topology does not a�ect our rendering performance. We characterize three cases

of potential rendering gapsin ascent-based rendering, and our algorithm minimizes

the amount of drawing required to �x those gaps.

The marked rangesimprovements for TJ2 allow for much faster color lookup

for marked nodes,as well as deciding when nodesare not marked, by using a tree-

basedrange lookup instead of linear searches through all marked rangesfor every

node being drawn. Collapsing the rangese�cien tly was also an improvement for

storing and retrieving large numbers of node di�erences when comparing trees. Al-

though nodes are stored more than once, looking up node colors quickly is not

possibleunlesseach marked node is stored; color lookup time is O(m log(r )), where

m is the number of marked groupsand r is the total number of nodesrangesstored

by any particular group. Our localized algorithm for �nding all indirectly marked
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nodesis su�cien tly fast and we no longer require node color caching, which allows us

to load larger tree datasets. The e�ciency of marking dependson the dataset, but

we achieve an averagemarking speedO(k), wherek is the total number of nodesin

the rangemarked by the user. Marking the entire InfoVis 2003Contest [28] dataset

animaliaA tree of 190; 265 nodeswhile comparing with animaliaB takeslessthan two

secondsto process,as discussedin Section 5.4.

TJ2 also introduces topological picking to TreeJuxtaposer, which allows a

user to pick nodesin sparsetopological regionsof a tree. Although the picking algo-

rithm is O(h), where h is the topological height of the tree, we �nd it is su�cien tly

fast for the deepest trees TJ2 can currently load; picking is interactive with trees

taller than 1000nodes.

In this chapter, I present the major improvements of TJ2 over previous ver-

sions. In Section 3.1, I describe our node layout algorithm. I discuss our tree

rendering algorithms in Section 3.2, which follow the tree topology. In Section 3.3,

I discussour marked range improvements. Finally, in Section 3.4, I describe our

topological picking methods.

3.1 No de layout

TJ2 incorporates signi�cant changesto the tree layout algorithms from TJ1-based

TreeJuxtaposer applications. Trees in TJ2 are still drawn right-aligned, meaning

that leaf nodesare found on the right-hand-side of the tree with the root on the left-

hand-side. Due to this orientation, in this section, I will introduce our conventions

to describe TJ2 layout algorithms and rendering techniques. In TreeJuxtaposer,

the width of the tree is the total number of leaves and the height of the tree is the

longest branch length. Horizontal node edgesare the height component for each

non-root node and vertical edgesare the width component for each internal node

with two or more child nodes. Refer to Figure 3.1 for a pictorial description of these

terms.
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Figure 3.1: The naming conventions used in this thesis. The root node, in blue, is
drawn with no horizontal edge. The internal node is marked in green and red for
horizontal and vertical edgesand the leaf nodeshave no vertical edges.The width
of the tree is the number of leaf nodesand the height is the longest path from the
root to a leaf.

TJ1 algorithms for rendering and node layout create a hierarchical spatial

quadtree layout, described in Section 4.1, which is ine�cien t for trees since most

trees have many more leaves than height. The quadtree is built on a base grid of

uniformly sizedbase grid cells , as shown in Figure 4.1. A basegrid cell contains

a referenceto a node of the topological tree, and a quadtreecell points to up to four

children cells, which could be either basegrid cells or interior quadtree cells.

TJ1 quadtree subdivisions are built on the basegrid to facilitate traversal,

so partitions divide the number of grid cells in half in both directions for each layer

of the quadtree. This partitioning is ine�cien t for most casessincethe basegrid is

often not closeto squaresince the width of the topological tree tends to be much

greater than the height. The interior quadtree cells are most e�cien t in the few

caseswhere the topological tree height is almost equal to the tree width, which

happensto be the casein pectinate trees, also known as \comb-shaped" trees, that

occur in somebiological contexts.

However, as introduced in TJC [5], a more e�cien t technique to store tree

nodes in a grid is possiblewith separatehorizontal and vertical binary trees. TJ2

usesthe basic idea of separatestructures in TJC, but is quite di�eren t in all tree

26



doGridding Function
input: set of nodesN from tree T, in post-order list

grid G large enoughto layout T
output: nodesN assignedto rectangle of coordinates in G

y  0
while N 6= ;

n  N :pop
if isLeaf(n)

n:maxX  G:maxX
n:minY  y
y++
n:maxY  y

else
n:maxX  getMinX( n:Chil dren)
stretchMinX( n:maxX , n:Chil dren)
n:minY  getMinY( n:Chil dren)
n:maxY  getMaxY(n:Chil dren)

end if
n:minX  n:maxX � 1

end while

Figure 3.2: doGridding function assignsa grid position in G to each node in T.
Leavesare positioned on the right side of G, internal nodesspan their children and
are as wide as the sum of their child widths, and all nodes initially are in cells one
basegrid cell high. Cells are stretched for each child of parent that doesnot have
a minX value equal to parent:maxX .

layout, rendering, and culling algorithms. In the remainderof this section,I describe

how nodesare mapped to grid coordinates in Section3.1.1. Then, in Section3.1.2, I

discussa necessarymodi�cation for placing horizontal node edgesduring rendering

in TJ2 that is not required by TJ1 node mapping.

3.1.1 Mapping nodes to grid

Node layout in TJ2 is quite di�eren t from layout in TJ1, but both TreeJuxtaposer

applications create very similar-looking tree visualizations with the samebasegrid
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Figure 3.3: A small subtree for our gridding example. The nodes in are added in
post-order.
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Figure 3.4: The nodes of Figure 3.3 added to the grid. Our tree layout partitions
screen-spaceinto a fully covered grid cell layout, as shown.

size. Instead of using a spatial subdivision method, TJ2 partitions the basegrid into

rectangular regionsfor each tree node; we call the partitioning processgridding .

Topological tree nodesare assignedto cells using an algorithm basedon the

pseudocode for doGridding in Figure 3.2. The cells form the boundary around tree

edgesfor a tree node and distort with respect to the Accordion Drawing methods on

the basegrid. Each internal nodein the topological tree is drawn with two tree edges,

onehorizontal connectionto its parent and onevertical connectingits children. Leaf

nodesand the root node are special cases:leaveshave only a horizontal edgeand the

root hasonly a vertical edge. Cells for each node in both TJ1 and TJ2 are bounded

by four accordion split lines, which are movable grid lines described in Chapter 4,

each with minimum and maximum lines in the left-to-righ t X and top-to-bottom Y

directions. In TJ2, the leaf-to-root node placement and initialization algorithm is

linear in the number of nodes in the dataset.

We must haveenoughbasegrid cellsin height to support the deepestnodesof
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the topological tree, which is the equal to the height of the tree. Sinceall leavesare

of the samevertical weight, we must have enoughbasegrid cellsto placeevery leaf in

an individual cell, which is exactly the number of leaves. Therefore, the dimensions

of the grid are known after parsing the input dataset and TJ2 can initialize the

Accordion Drawer split line structures, creating the basegrid.

As an exampleof the gridding processin Figure 3.2, consider the small tree

in Figure 3.3, where nodes are placed in this post-order traversal: A, B , a, C, b.

The leaves A and B are: placed in the grid one cell tall and wide; adjacent to each

other; and aligned with the rightmost split line in G, asshown in Figure 3.4. Leaf C

is placednext to B , but is two cells tall sinceit must match the height of internal a,

which was placedon the other two leaves. Both C and a are attached to internal b,

and the internal nodesa and bare aswide asthe sum of their child nodewidths. The

time complexity of the insertion per node is on the order of the number of children,

since the str etchM inX function processesall children; leaves have no children but

require constant time to initialize. Therefore, the complexity of the entire insertion

processis O(n), for a tree topology of n nodes.

3.1.2 Placing horizon tal node edges

This section deals with positioning the horizontal node edgesin TJ2, necessary

with the partitioning processfrom gridding in Section 3.1.1. All edgepositions are

calculated relative to the width of their subtrees;leaf edgesare placed in the center

of their cell and internal node positions depend on the positions of their children.

In an orthogonal tree layout, the density of horizontal tree edgesshow the width

of subtreesand the height of child nodes,and the positions of someof those edges

determine the length of parent node vertical edges.

The placement of horizontal node edgesis slightly more complicated in TJ2

than in TJ1, sinceTJ2 partitions the entire basegrid for node domains. TJ1 node

to cell mapping places nodes in the base grid, but the nodes are given o�sets to
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Figure 3.5: The balancedtree on the right placesthe horizontal edgeof its root in
the center of its cell width, but the pectinate tree on the left placesthe sameedge
much more toward the top of the root cell. The horizontal edgeposition for any
tree node may move anywhere within the cell and, unlike TJ1, cannot be a constant
o�set sincenode cells span the entire width of its descendant node cells.

a single base grid cell at the minimum height of all child nodes and somewhere

close to the center child position. This mapping di�ers from TJ2, which maps a

tree node to a cell that is as wide as the sum of its children widths. When a

node is rendered in TJ1, the horizontal edgeposition is simply calculated with the

o�set and grid cell position. We want the same performance and correctnessfor

horizontal edgeposition computations in TJ2 as in TJ1: computable in constant

time and guaranteed to attach to the vertical tree edgethat stretchesfrom the �rst

to last child horizontal edgepositions.

The horizontal edgeposition for a subtree may be anywhere in its bounding

cell. To understand how a horizontal edgecan change according to the underlying

subtree structure, consider Figure 3.5. With the classof subtreescalled pectinate

trees, similar to the tree shown on the left of the �gure, we can generateexamples

of horizontal edgesplaced anywhere vertically within their cell.

We cannot compute the horizontal edgeposition in TJ2 with a set o�set; if

we attempt to useTJ1 methods in TJ2, we quickly seewhy we needto calculate the
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Figure 3.6: The relative position of the horizontal nodeedgefor an internal tree node
depends on the position of its inner children cells. This �gure shows why resizing
where the edgein the blue cell cannot usean o�set similar to TJ1 horizontal edge
position computations. On the left is a small subtree with the parent horizontal
edgein the blue cell calculated from an o�set; all other nodessubA through subH
are subtreeswith the horizonal edgeof subH positioned closeto its boundary with
subG. If subH is vertically grown without moving the outer boundary for the blue
cell, as shown in the right �gure, the relative positions for all subA through subH
remain the sameand move sincetheir cellschangein size. However, the node in the
blue cell remainsat its initial position sinceits sizehasnot changed. The horizontal
edgefor subH is drawn on the wrong position relative to its parent and our small
exampleshows a broken subtree.

horizontal edgepositions di�eren tly. Take for example the small tree in Figure 3.6,

where subA to subH are subtreesof a common parent in the blue cell. If we set

the internal node in the blue cell where it is, as a vertical o�set in the blue region,

the node doesnot move vertically when the top and bottom cell boundariesdo not

move. However, if we resizethe cell with subtree subH towards subA to be nearly

the samewidth as the blue cell, it is possible for the horizontal edgeof subH to

be on the wrong side of the blue cell horizontal edge. This is possiblesince if the

horizontal edgefor subH is closeenoughto the subG cell boundary, then as subH
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gets wider, it will eventually passits parent horizontal edge.

The horizontal edgepositions in TJ2 are computedby determining the center

of the vertical edgethat we know to be drawn. In Figure 3.6 on the left, we seethat

the vertical edgefor the internal node in the blue grid cell is drawn from subA to

subH. But, if we useboth subA and subH edgepositions to calculate the horizontal

edgeposition of their parent, we seethat this becomesrecursive when we needthe

horizontal edge positions of the children of subA and subH, with an exponential

cost of O(2h) where h is the height of the edgewe wish to compute.

Sincethe vertical edgeis only de�nitely drawn acrossthe cells from subB to

subG, the greencellsin Figure 3.6,wenotice that it is possibleto placethe horizontal

edgeof the blue cell using only the width of the greencells. Therefore, ignoring the

positions of horizontal edgessubA and subH, we are left with the remainder of the

cells to calculate the horizontal edge position. There are many possible ways to

compute a horizontal edgeposition, but we choosea simple mid-point of the central

children cell boundaries, the child cells that are neither �rst nor last, for example

the nodeshighlighted in greenin the �gure.

The length of the vertical edgemust usethe positions of the horizontal edges

for the �rst and last child, to connectall children to the horizontal edgeof the parent.

However, this is alsoa constant time calculation sinceno recursion is required, each

horizontal edgecalculation is constant, and only two such calculations are required.

To reduce calculations of horizontal edgesto only require what is visible, we also

cache the results of previous horizontal edgepositions, by storing the frame number

for each calculation, while no movements have occurred.

In the degeneratecaseof a node with only one child, the horizontal edge

of the parent node is aligned with the child node horizontal edge;no vertical edge

is drawn but recursion is necessaryto �nd either the �rst descendant with more

than one child node, or a leaf. Nodeswith two children are not a degeneratecase,

but are simply casesof Figure 3.6 that do not have green internal cells; the grid
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line between the red outer cells would be the only location suitable for the blue

cell horizontal edge, in this case. The worst caseof a horizontal edgeplacement

for a totally degeneratetree, with N nodes and a height of N , where every node

has a single child and the tree is a single line, is O(N ). However, in practice, the

degeneratecaseis rare; that is, few nodeshave single children. The complexity for

this typical, non-degeneratecaseis O(1) per edge,the sameas TJ1.

3.2 Rendering trees

Rendering a minimal number of tree edgesfor any tree topology depends on the

minimum feature size of a tree node: the edge width. Since \pixels" are really

artifacts of the hardware restrictions of physical monitor pixels, we chooseto usethe

terminology \blo ck" to refer to the smallestvisible featuresof our drawing objects.

Blocks are always integer multiples of pixels, and are by de�nition pixel aligned;

blocks are simply a coarser screen representation than pixels. This terminology

becomesuseful when using thicker tree edgesthan minimal one pixel-wide lines;

high-resolution monitors capable of 200 DPI, such as the IBM T221, make single

pixel-wide lines hard to see.

As described in Section 4.2, the generalizedrendering infrastructure of AD

follows the genericthree-step pattern of: partition an application-speci�c basegrid

into pieces smaller than the minimal feature size, following the hierarchical AD

structure; seedthe application-speci�c dataset nodes that correspond to the parti-

tions; and draw the seedednodes and other necessary\attac hed" nodes, again in

an application-speci�c manner. Of the steps listed for this pattern, partitioning is

described in detail in Section4.2.1. Seedingand drawing are optimized accordingto

the dataset topology and are discussedin this chapter: I describe how TJ2 performs

leaf-rangeseedingin Section 3.2.1; and how TJ2 draws nodes, beginning with the

seededleaf-rangesand ending at the root node, in Section 3.2.2.
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3.2.1 No de seeding

Before rendering starts, we prioritize the order of node and subtree rendering in a

rendering queue, with a seeding algorithm. The order of rendering is important

for large datasets that cannot be completely drawn during animated transitions

and rely on progressive rendering techniques to prevent disorientation. Progressive

rendering draws piecesof the tree in several frames instead of the whole sceneat

once, if rendering the scenetakes longer than 1=20 of a second. While rendering a

small fraction of the tree does not give a user the entire picture, we try to render

the most important parts of the sceneduring the �rst frame. The important parts

of the tree visualization scenesare the marked nodes, mentioned in more detail in

Section 3.3, the interaction box being draggedby the user, and, to a lesserextent,

the upper sectionsof the tree.

The seedingprocessstarts by adding the roots of marked subtrees,or other-

wiseindividual markednodes,to the renderingqueue. We rendersubtreesof marked

nodesby drawing the subtree root �rst, then rendering both up to the topological

root and down to someleaf in the subtree. This bidirectional rendering of marked

nodesallows the renderingprocessto draw the most important marked node subtree

roots �rst, as visual landmarks, along with the context of root and leaf node paths.

We do not require the leaf node paths to be marked similarly, but it is typical for

an entire subtree to be marked in one color, especially if a user manually marks

subtrees. The cost of rendering this path from root to leaf is O(h), where h is the

height of the tree, but we also cache whether nodeshave beenrenderedfor a scene,

which somewhat reducesthe drawing e�ort. Marked regions are stored as ranges,

which may represent a forest of subtrees,so the seedingprocessbreakseach marked

range into subtree components and adds the root of each subtree to the queue. I

describe marked regions in more detail in Section 3.3.

After seedingthe marked node subtree roots, we add the remainder of the

topology with leaf ranges. The entire tree is subdivided with a binary processuntil
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either one leaf remains in a range, or the leaves in a range are smaller than some

standard size called a segment . Section 3.2.2 discussessegments in more detail,

but for the purposesof our TJ2 seedingdiscussion,segments are typically smaller

than a visible, on-screenpixel.

Sincewemay haveseveral leavesin a segment, the seedingsubdivision process

is responsible for partitioning the entire set of leaves,knowing the dimensionsof the

rendering canvas, so the drawing processdoesnot needto do any partitioning. The

drawing processis given each pieceof the tree and rendersonly oneleaf-to-root path

per segment, which is discussedin Section 3.2.2. When adding leaf rangesto the

rendering queue, the seedingprocessplacesany rangesthat are inside the current

interaction box at the front of the queueso the drawing processcan prioritize these

regions.

Unlike previous versionsof TreeJuxtaposerthat seedrendering with the top

cell of a quadtree hierarchy, TJ2 beginsto draw the scenewith a drawing queueof

a certain size, and this size only decreasesas the scene�lls with rendered nodes.

In TJ1, the drawing queuestarts with the largest, top quadtree cell and grows the

drawing queue by repeatedly adding necessary, monotonically deeper cells of the

quadtree hierarchy, which puts stresson the data structures usedto store, remove,

and order that queue information. TJ2 usesa simple list as its queue,so removal

operations are constant, where TJ1 operations are all logarithmic since it usesa

binary tree dataset for its drawing queue. The TJ2 rendering results with our new

seeding,discussedwith details in Chapter 5, show that we can reduce the number

of nodes rendered with software and our methods require only a small increasein

time to draw per node.

3.2.2 Dra wing trees

Tree rendering in TJ2 is basedon the tree topology and spatial position of nodes

from gridding. This section focuseson turning the input, a list of leaf rangesfrom
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the seedingprocess,into a fully rendered tree visualization by drawing a minimal

set of tree edges. Each leaf range contains either a single leaf, or several leaves in

a small vertical range; we guarantee that only one leaf in each range, plus the path

from that leaf to the root, will be drawn by the rendering process. Furthermore,

the leaf rangespartition the set of all leaves, so there are no gaps in the set of all

initially seededleaf ranges.

In our rendering process,we do not force alignment of leaf rangesto discrete

regions of the screen,such as pixel alignment, and we do not force leaf ranges to

follow topological features of an input dataset. Either restriction would complicate

our seedingsubdivision process,which needsto be fast to avoid extra computational

overhead from our software solution; our leaf range subdivisions are done with the

fast, genericaccordion drawing code, discussedin Section 4.2.1.

During the drawing of leaf-to-root paths, we make sure the time spent draw-

ing the frame does not violate our per-frame progressive rendering restrictions, if

progressive rendering is enabled. Every 1=20 of a second,the rendering algorithm


ushes the current drawing results to display the current, partial tree output and

the system checks for grid movements from user interactions. The drawing queue

clears and restarts the rendering processeither if any user action is detected, or if

the current drawing is still undergoing an animated transition. It is worth men-

tioning here that new user actions force the previous user action to jump cut to its

�nal position beforeprocessingnew movements. TJ1 animation is not robust in this

way, which causesseveral grid positioning problems from propagation of numerical

errors, as I mention in Section 4.3.2.

In order to discussthe issues,the rendering is presented in several sections:

choosinga segmentation width in Section3:2:2:1; ascent rendering in Section3:2:2:2;

and choosing the termination for ascent in Section 3:2:2:3.
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3.2.2.1 Cho osing a segmentation width

The stopping criteria for the subdivision component of the seedingprocessis an

issuementioned in Section 3.2.1. Sincewe want to eliminate drawing gapsin dense

regionsbut not draw too much, TJ2 seedsrangesof leaves that are smaller than a

vertical block, if leaf density is greater than one leaf per block, to ensure that at

most one leaf is drawn for each range. However, choosing a segment width , our

partitioning stopping criteria for leaf ranges,of less than one blo ck, meaningthat

rangeslarger than one block are subdivided, is not su�cien t.

Becausewe do not know the alignment of blocks to leaf rangesin our �nal

set of seededranges,and do not know which leaf in the range will be rendered,we

cannot be sure that rendering leaves for adjacent leaf rangeswill cover all blocks.

Section 3:2:2:2 describeswhy choosing a leaf to render basedon block alignment is

not su�cien t for solving this problem. Referring to Figure 3.7, knowing that leaf

rangescontain many candidate leavesto render, a leaf rangeL k may render its single

block-wide leaf in block row Rm� 1 while adjacent leaf range L k+1 rendersits single

block-wide leaf in block row Rm+1 , leaving a gap in block row Rm .

The solution to this poor choice of segment width is to restrict the width

of a segment to less than one-half blo ck. A tighter restriction with smaller leaf

rangesadds more leaf paths to render, but doesnot add computational complexity

with approximately twice the rendering. The bene�ts of sub-half-block segments

include a simple �x to the alignment problems seenwith larger segments, and we

still do not require direct computations of block alignment and leaf range position.

We choosethe half-block segment width from observing, in Figure 3.8, that of the

partitioned adjacent leaf rangessmaller than a half-block, there is at least one full

leaf range in every block. However, the half-block segment width only eliminates

drawing gapsat the leaf level, so we must re�ne the traversal processto eliminate

other drawing problems.
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Figure 3.7: Restricting the leaf range width to less than the block width is not
su�cien t to render in every block at the leaf level. L k and L k+1 are adjacent leaf
ranges, both of which may contain several leaves to render, but we only want to
render a single leaf in each range. The local blocks rows are Rm� 1, Rm , and Rm+1 ,
we assumea denseleaf layout, and are attempting to draw at least oneleaf into each
block. Since L k overlaps with Rm� 1 and L k+1 overlaps with Rm+1 , it is possible
that a leaf will not render into Rm from either leaf range. We cannot shift the leaf
rangesup or down to align with the blocks sincewe usea partitioning processfrom
generic accordion drawing functionalit y. Therefore, the maximum width for leaf
rangesis too large for the leaf partitioning process.

3.2.2.2 Ascen t rendering

A second rendering problem occurs with our bottom-up rendering technique, as

shown in Figure 3.9. When ascent rendering , rendering a path from the leaf

nodes to the root node, we notice that there may be horizon tal gaps from na•�ve

path choices. For example,a sub-block subtreeattached to a node closeto the root

of the hierarchy, wheredrawing is sparse,may not be drawn if its leaf is not chosen.

This wasnot a problem with descent, or root-to-leaf, basedmethods in TJ1 sinceall

such sub-block subtreesattached in a sparseregion of the topology would be drawn.

However, TJ1 rendering performanceindicates that its methods over-render nodes

deepin the hierarchy, exactly what TJ2 attempts to eliminate by ascent rendering.

For densetopological regions,paths from leaf nodesto internal nodescan be
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Figure 3.8: Restricting the leaf range width to less than half the block width is
su�cien t to render in every block at the leaf level. L k and L k+1 are adjacent leaf
ranges, both of which may contain several leaves to render, but we only want to
render a single leaf in each range. The �gure shows both leaf rangesclearly inside
block row Rm , but we notice that shifting the leaf rangesup or down soeither L k or
L k+1 are partially in Rm� 1 or Rm+1 are exclusive events; one of L k or L k+1 would
still be in Rm . We cannot shift the leaf blocks in any way to excludeat least onefull
leaf range inside any block row. The maximum width for leaf rangesto guarantee
rendering leaves in every block, therefore, is slightly less than half the width of a
block.

culled into single horizontal lines instead of drawing the complete subtreesunder

all internal nodes,until paths connect to subtreeslarger than the block size. When

we assumethe rendering paths of a leaf rangeare singlehorizontal lines from culled

subtrees,our horizontal line rendering gapsoccur when we do not draw the spatially

highest culled subtree in a leaf range. Since every path of a leaf range under our

assumption renders into the sameblock row, we only need to render the path in a

subtree that is not covered by any other subtree. Therefore, our leaf selection in

ascent rendering depends on �nding the highest subtree possible from any leaf in

the range,with a restriction that the subtreewidth is lessthan the width of a block.

Finding the highest subtree in a leaf range is not an expensive process.We

do not needto examineeach leaf in the range; the number of leaves to examineper

range is constant, and dependson our ascent checking width. The ascent width
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Figure 3.9: Our rendering choices for denseleaf rangesin ascent rendering a�ects
the rendering output for horizontal edgesin sparseregions. Given the two subtrees
A and B from the �gure, both of which are contained in the leaf range highlighted
in blue, we need to chooseone horizontal line path from someleaf to the root to
represent both subtrees. Furthermore, the parents of A and B are large enoughto
terminate ascent searching sincethey cannot berepresented with the samehorizontal
line path. If we chooseeither leaf in A, we render two nodeshigh, while rendering
any of the four leaves of B , we render three nodes high. However, rendering A
would prevent us from rendering B , so the line segment marked in red would not
be drawn if we make the poor choice of rendering A. Our ascent rendering process
must ascendall possiblesubtreesrepresentable with horizontal line paths to render
the spatially tallest subtree, in this caseB .

is further discussedin Section3:2:2:3, which includeschoosingan appropriate value

for segment and ascent widths.

Without lossof generality, assumethat the leavesin rangeL are enumerated

from lowest to highest in somevertical direction, from L s to L k , as in Figure 3.10.

We begin by following the path from L s to node A, which is the �rst node that is

wider than the ascent width; B is the child of A along the path to L s. We store B

as the highest subtree, H , for the leaf range, so far, and continue searching L for

higher subtrees.

Each internal node storesthe widest leavesunder its subtree, so we can �nd

L i , the maximum leaf under A, in constant time. Furthermore, we can �nd the
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Figure 3.10: Finding the highest subtree in a leaf range,with leavesL s to L k , which
are not aswide asthe segment width shown asthe greenbackground. Starting from
L s, we ascendthe topological tree until we get to the �rst subtree wider than the
ascent width. In the �gure, A is the �rst subtree wider than the ascent width and
B is the child of A along the path to L s; I do not draw the entire tree in the �gure,
only the traversedpaths. We �nd L i , the maximum leaf under A, with a constant
time operation, and continue the processwith its neighboring leaf, L i +1 , which is
under C. L i +1 is still in the leaf range, so we ascendagain, this time �nding C as
the �rst node that is not as wide as the ascent width. C is spatially lower in the
tree than B , so B is still the node we render for the leaf range. The parent of C has
its maximal leaf outside of the leaf range, so the processis �nished; we render from
L s to the root of the topological tree.
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Ascen tRender Function
input: L = sub-segment leaf range [with leaves L s; L s+1 ; : : : L k ]
output: path P renderedfrom L to tree root

H  L s

n  L s

while n 2 L
p  getParent( n)
while subtreeWidth(p) < ascentWidth

n  p
p  getParent( n)

end while
if nodeHeight( n) > nodeHeight( H )

H  n
end if
n  getNextLeaf(p)

end while
renderToRoot(getLeafIn(H ; L ))

Figure 3.11: ascentRender ascendsa range of leaves L to determine the highest
subtree node H that is not as wide as ascentWidth . Once H is found, a path from
L that is in the subtree under H is rendered towards the root, rendering H along
the path. Here is a description of all variablesand functions used: ascentWidth is a
global variable, as discussedin Section 3:2:2:3; subtreeWidth(N ) returns the width
of the subtree under node N ; nodeHeight( N ) returns the basegrid line coordinate
of N closestto the root; getNextLeaf(N ) returns the leaf adjacent to the maximum
leaf in the subtreeunder N ; getLeafIn(N , L ) returns someleaf L i 2 L that is under
the subtree of N ; and renderToRoot(L i ) rendersfrom leaf L i to the root.

adjacent leaf in the next subtree, L i +1 , to start ascendingfrom next, by using a

constant time operation from L i . If L i +1 is not in L , then we are done searching

sinceA covers L and the leaf range adjacent to L . Otherwise, we follow L i +1 much

like we followed L s, updating H if necessary.

Once we �nd H , we render from any L under H to the root, stopping when

we arrive at a previously drawn node. Figure 3.11 gives pseudocode for our ascent

rendering function.
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3.2.2.3 Ascen t termination width

In the previous sections,we identify segment and ascent widths as important tree

ascent rendering values. The segment width determineshow many leaf rangesmust

be made for a given number of vertical blocks and the ascent width determineshow

to search for subtreesof a certain threshold width to produce a correct rendering

for horizontal edges.Although we may chooseany value lessthan one-half block for

a segment width, we have identi�ed neither the limitations for an ascent width, nor

the e�ect of ascent width on our previous segment width restriction. This section

identi�es onelast rendering problem for denseregionsand how appropriate segment

and ascent widths eliminate those drawing gaps.

In Section 3:2:2:1, we noted that segment widths must be smaller than one-

half block to ensure no visible gaps occur in leaves. In Section 3:2:2:2, we use a

rendering function that assumesrendering paths from leaf segments render into the

samerow of blocks as the leaf segment. However, upward paths in a subtreeare not

straight lines but, depending on the topology, may be very erratic. Similar to our

reasonsfor segment widths boundedby one-half block, we do not know the position

of subtreesascendedby our ascentRender function relative to on-screenblocks. If

an ascent occurs closeto a block boundary, there is the possibility of visible gaps

in denseregions,as shown in Figure 3.12. We notice that this problem may occur

when the sum of segment and ascent widths is larger than one-halfblock, for exactly

the samereasonsgiven for our original choice of segment width in Section 3:2:2:1.

When the sum of these widths is less than one-half block, we guarantee gap-less

rendering of paths in every block row.

One restriction to the ascent width is that the ascent width a must be at

least as large as the segment width s, as shown in Equation 3.1. If the ascent

width is smaller than the segment width, it is possibleto miss the highest subtree

node rooted in the leaf range, as shown in Figure 3.13. We want to maximize

the segment width since larger leaf ranges result in fewer leaf ranges to process.
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Figure 3.12: Illustration of ascent-related gapsfor segment widths of lessthan one-
half block. The blue region represents a block row, green squaresrepresent the
position and vertical width of two hypothetical adjacent leaf ranges, black lines
represent drawn edges,and the red line represents an edgenot chosenfor drawing
in the corresponding leaf range. If we chooseto render leavesA and B , as shown in
the �gure, there will be no gaps at the leaf level for the blue block row. However,
higher in the subtree at internal nodesA0 and B 0, there is a drawing gap, where it
would have beenpossibleto draw internal node C0. This gap is possibleeven when
A0 and B 0 are not as wide as the segment width.

Adding the restrictions of Equation 3.1 and Equation 3.2, which states that the

sum of the two widths is lessthan one-half block, we solve for the segment width

s, in Equation 3.3, with respect to the block width b. To solve for the ascent width

restriction a in Equation 3.4, we needto usethe maximal value of s, b=4, with both

Equations 3.1 and 3.2; a is exactly b=4. We arrive at an optimal solution of both

segment and ascent width equal to one-quarter of the block width b:

a � s ! a � s � 0 (3.1)

s + a < b=2 ! b=2 � s � a > 0 (3.2)

b=2 � 2s > 0 ! s < b=4 (3.3)

maximiz e s ! s = b=4 ! a = b=4 (3.4)

Again, similar to restrictions from Section3:2:2:1, we do not have an increase
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Figure 3.13: If the ascent width is less than the segment width, we may not �nd
the correct horizontal edge in a leaf range. Using the �gure, we ascendsubtrees
under nodes A and B in the leaf range highlighted in blue. If we ascendsubtree
A using the ascent width, given as the brown line on the left side of the �gure, we
terminate on the red line at the root of A; we may assumethe parent vertical line
of A is very long. Ascending B in the same manner, we �nd two more possible
paths, alsomarked in red; the ascendrendering algorithm would �nd oneof theseto
render sincethe root of subtreeB is the �rst node in B that is wider than the ascent
width. Our algorithm would chooseamongall red nodesto render, all equally likely
depending on the traversal and layout methods used. However, we know that the
root of B is not covered by subtree A, so we would seea horizontal gap where we
would expect the root of B to be drawn. Therefore, the ascent width must be wider
than the segment width, which would de�nitely selectthe highest subtree B that is
contained in the leaf range.

in computational complexity by rendering twice as many leaves. Our pixel-based

resulting rendering performancewith quarter-block segment and ascent widths ren-

dersseven times fewer nodesthan TJ1 for the large, non-binary animal ia treesfrom

the InfoVis 2003 Contest datasets [28], with only a small increasein the per node

rendering time, as shown in Section 5.2.
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Figure 3.14: A samplenodekey assignment for a small tree. Wecanstore the subtree
under key 1 as the range [1; 7] in a RangeI nT r ee, or an individual node such as 2
in [2; 2]. Storing a range such as [1; 8] is also valid and represents the subtree range
[1; 7] combined with node range [8; 8]. In TJ2 RangeList collection objects, which
store several RangeI nT r ee objects, RangeI nT r ee objects are neither allowed to
overlap nor be adjacent to other RangeI nT r ee objects in the samecollection; we
collapsepairs of such rangesinto single rangeswhen possible.

3.3 Mark ed ranges

In TreeJuxtaposer,mark ed ranges are necessaryto de�ne regionsof interest such

as computed di�erences, search results, user marked groups, and even mouse-over

highlighted nodes. This section describesthe methods usedto store marked ranges

for e�cien t performanceof updates when marks change and e�cien t lookup tech-

niqueswhen marked nodesare drawn.

Nodes in TreeJuxtaposer are enumerated with node keys: pre-order, con-

secutive, monotonically increasing integers. This means that for every subtree in

TreeJuxtaposer, the subtree root node key is smaller than every other node key in

the subtree, and the entire subtree can be represented by a single range of integers,

from the value of the root node key to the value of one of the leaf nodes in the

hierarchy. An example subtree is shown in Figure 3.14. This numbering scheme

allows us to e�cien tly store large subtreesasa pair of integers,in an object that we

call a RangeI nT r ee. A collection of RangeI nT r eeobjects is a RangeList and sev-

eral RangeList objects are used in TreeJuxtaposer for operations such as marking,
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resizing, and comparing.

For each RangeI nT r ee object, nodes are stored either as a subtree or as

single nodes with consecutive node key values. This method of compressingthe

amount of information, necessaryto store common topological structures such as

large subtrees, is also e�cien t for range checking operations such as concurrently

deciding the color of several nodes. However, the node key assignment is permanent

and doesnot allow keys to changeafter the initialization step. If a single leaf node

is added or deleted, for example, too many nodes would have to be updated to

be e�cien t. Future TreeJuxtaposer versions,which may support tree editing, will

require new storagetechniques that do not rely on the current node key values.

Each RangeList is initially assignedto a marking color, which canbechanged

with color selectionpanel, shown as small color swatches in Figure A.3. RangeList

objects appear as marked with their assignedcolor in the tree topology; techniques

such as guaranteed visibilit y, progressive rendering and label placement are used

to ensure visibilit y of marked ranges as a priorit y over the normal nodes in the

topology. Highlighted node colors are also priorit y based,which meansmouse-over

highlighted nodes are visible over user marked groups that are visible over search

results that are visible over automatically calculated di�erences. When rendering

trees, rangesof nodes to be drawn are searched for in each RangeList collection.

Sincethe lookup processfor determining node colors is common with a potentially

large amount of data, storage and recovery of marked ranges for random sets of

nodesmust be optimal. This section will examinehow rangeswere handled in TJ1

in Section3.3.1,and the changesto handling marked rangesin TJ2 in Section3.3.2.

3.3.1 Mark ed ranges in TJ1

There are several ine�cien t techniques used to store marked rangesin TJ1. Since

the TJ2 rendering processdependson e�cien t color lookup methods for all nodes

being rendered, these techniques are no longer used in TJ2; I identify them here
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to clarify the contributions of TJ2. The most notable techniques from TJ1 that

we found to be ine�cien t were: RangeLists not combining adjacent or overlapping

RangeI nT r eeobjects for automatically-marked node di�erences; RangeLists stor-

ing RangeI nT r ee objects in lists; and RangeLists not storing nodes for implicitly

user-marked nodes.

Ov erlapping and adjacen t RangeI nT r ee ob jects

If the RangeList collections were sorted lists, it would be possibleto perform color

lookup operations in time logarithmic to the number of items in the list with a

simple binary search. However, sorting ranges that may overlap in a list is not

trivial. One technique that would allow for easiersorting would be to combine all

pairs of overlapping rangesinto one single range; adjacent rangessuch as [1; 3] and

[4; 5] would alsobeconsideredoverlapping and can becombined into the range[1; 5].

It is trivial to seethe spacee�ciency of storing one range instead of several ranges

for long lists of adjacent nodes,or removing non-unique ranges,but we would also

becomemore time e�cien t in both searching a sorted list and searching for elements

in a combined range.

Unoptimized RangeList collections

In TJ1, RangeList objects weresimple lists of RangeI nT r eeobjects. Sincethe lists

are not sorted, the color lookup operation, required for each node, has to search the

entire list for an overlapping region. Although it is particularly expensive to look

up a color for nodes known to be marked, unmarked nodes that are drawn also

require color lookups for correctness.The ine�cien t methods of storage,which lead

to ine�cien t color lookups, do cache color information for any node examined,while

the user does not change any marks. However, due to the costs of color updates,

this marking scheme does not scalebeyond tens of thousands of nodes with many

marked regions.
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Figure 3.15: TJ1 only storesdirectly marked nodesto reducethe storagerequired.
In the example, a user has marked the f ast subtree on the left, and on the right
the indirectly marked nodesappear. TJ1 storesonly the subtree f ast and doesnot
store the additional two subtreesmouse and f eline from the right tree, but requires
its color lookup code, which refreshescached valuesafter any marks have changed,
to determine the colors of all nodes by searching for the corresponding nodes for
each tree in each list of colors. TJ2 stores all three subtreesso determining colors
in this way is not necessary. TJ2 color lookup methods are su�cien tly fast during
the rendering that per-node color caching is no longer necessary.

RangeList collections store only explicit marks

TJ1 only stores marked rangesthat are explicitly marked. This meansthat for a

two tree comparison, shown in Figure 3.15, if a user marks the f ast subtree on

the left tree, only that subtree is stored in the RangeList . The f eline subtree

and all other nodes marked in the right tree are not stored in a RangeList . TJ1

determines the marking color for each node when the node is rendered, using the

best corresponding node for that node in every tree. Finding the marking color for

nodes,after any marks have changed,is a slow operation that must perform a lookup

for each node being drawn, but TJ1 cachesnode colors to prevent subsequent slow

operations betweenmarking. Although individual node marking for large numbers

of nodes is not a common operation, automated marking that frequently changes

the marked nodes,such as tree di�erences and search results, do not allow for rapid

updates of marked regionsfor large trees.
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3.3.2 Mark ed ranges in TJ2

There were several changesmade to improve on the performanceof the implemen-

tation of marked rangesin TJ1, most notably using a binary tree to sort and store

RangeI nT r eeobjects. TJ2 no longercachesresults for each node, sincecolor lookup

for rangesof nodes is su�cien tly fast; we improve scalability by not caching colors

for each tree node. The e�ciency issuesmentioned in Section3.3.1are dealt with in

the following topics: RangeLists combining adjacent or overlapping RangeI nT r ee

objects; storing RangeI nT r eeobjects in binary trees; and RangeList storing nodes

for implicitly user-marked nodes.

Com bining adjacen t RangeI nT r ee ob jects

Automated marking from operations like computed di�erences and search results

often return several adjacent, non-unique, or overlapping RangeI nT r eeobjects, all

of which we refer to asoverlapping ranges. TJ2 combinesRangeI nT r eeobjects by

searching the RangeList binary tree for overlapping ranges,combining any overlap-

ping rangeswith the RangeI nT r ee, repeating the processuntil no more overlapping

rangesare found, and �nally adding the new non-overlapping RangeI nT r ee to the

RangeList . This repeated searching is necessarywith the data structures we use

for our binary tree implementation, namely the Java Tr eeSet, which cannot return

the entire set of overlapping rangesin a single function call.

RangeList collections as binary trees

We sort the RangeI nT r ee objects in a binary tree by their minimum node key

values; the sorting criteria could actually useany node key in the range sincethere

are no overlapping ranges in RangeList binary trees. Since each RangeI nT r ee

is accessiblein time logarithmic to the number of marked items, the performance

improvement is a dramatic improvement for large numbers of marked items, often

resulting from hundreds of either di�erences or search results.
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Another drawback to using the Java Tr eeSet classis there is no direct access

function to retrievemembersof the tree, sowedevelopeda workaround built into the

RangeI nT r ee comparator function. We useone static RangeI nT r ee object in the

RangeList class, called matchRange. The comparison function for RangeI nT r ee,

compareTo(Object), stores the value of any overlapping range found in the binary

tree by setting the value of matchRangeto the node passedto the compareTo

function, beforereturning true to the calling function. By accessingthe matchRange

object, we can get the �rst overlapping rangefrom the binary tree for removing and

further processing,as described in the previous section. This work-around allows

us to usethe built-in Java Tr eeSet data structures so we do not have to create our

own binary tree implementation. Furthermore, we use this work-around in many

placeswherebinary treesare usedin TJ2 and genericaccordiondrawing, saving the

e�ort of having to repeatedly re-engineerbinary trees.

RangeList collections store all marks

When a user marks a node or subtree, we call that a directly mark ed node or

subtree, and the tree that this occurs in is the directly marked tree. An indirectly

mark ed node is also possiblewhen we comparewith more than one tree, which oc-

curs in all treesnot directly marked, the indirectly marked trees. TJ1 doesnot store

the indirectly marked nodesto attempt to save time performing bookkeeping,so it

must recompute the indirect marks for each node after any marking changesoccur,

even if the marking doesnot a�ect the user marks. For TJ2, we perform the book-

keeping and attempt to store all marks, direct and indirect, to avoid unnecessary

recalculations of node marks for RangeList collections.

After changing marks with multiple trees, TJ1 recomputesthe cached colors

for all nodes drawn in every tree; indirectly marked nodes are no exception. The

colors for indirectly marked nodesare determined from their best corresp onding

nodes (BCN) in the directly marked nodes, stored in RangeList collections; the
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Figure 3.16: The best corresponding node (BCN) relationship between subtreesis
not always one-to-one.To compute the BCN for a node from the left tree in the right
tree, we needto �nd the node in the right tree that maximizes the value of number
of similar leaves divided by the number of the union of leaves [24]. As an example,
considerthe �gure with subtreesA, B , and C conserved betweenthe two trees. The
BCN for each of these subtreeson the left is always the corresponding subtree on
the right; each BCN value is maximum at 1.0 since the set of similar leaves is the
sameas the union of leaves. The sameis true of the roots of these trees, � and �
sinceboth treescontain the entire set f A, B , Cg. However, the BCN for � may not
be � but could be C if the sizeof A, B , and C are certain values. For the BCN of
� to be � , � � = jCj=(jf A; B ; Cgj) has to be greater than � C = jCj=(jf B ; Cgj), the
BCN value of � for C. Setting jAj = 1, jB j = 3, and jCj = 1, these calculations
become� � = 1=5 and � C = 1=4, meaning that the BCN of � is C on the right-hand
tree. Therefore, directly marking C on the right-hand tree indirectly marks � as
well as C on the left hand tree.

single color that appears for a given node is found by prioritizing the RangeList

collections. This meansthat when TJ1 draws a node, it checks the BCN for each

tree for a mark; we assert that there is either a single BCN or no corresponding

node for each tree.

A simple, but incorrect, approach would be to �nd each BCN in the indirect

trees for each node marked in the directly marked tree, and proactively mark those

corresponding nodesprior to rendering. This method doesnot mark all nodesin the

indirectly marked trees, as shown in Figure 3.16. Directly marking node C on the

left tree should indirectly mark both the identical node C and its parent � on the
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Figure 3.17: When comparing two trees with the same set of leaves, a directly
marked single node may have a BCN in the secondtree, but that secondtree may
not have any node that has the directly marked node as a BCN. For example, if
we mark node � in the �gure, its BCN in the right-hand tree is node � (� � =
jf B ; Cgj=jf A; B ; Cgj). However, � has a BCN in the left-hand tree of � (� � = 1:0
and � � = � � ). This meansthat for the implementation of marks in TJ1, we would
have not marked any node in the right-hand tree if � was marked. In TJ2, we
perform a back-check from the BCN of � , which is � , by determining if the BCN of
� , which is � , is marked in the left-hand tree. Since� is not marked, TJ2 doesnot
mark � ; both TJ1 and TJ2 follow the samemarking rules.

right tree. The BCN criteria is not one-to-one,so TJ2 requires a slightly di�eren t

approach to mark the correct set of nodes.

Sincethe BCN relationship is not a one-to-onerelationship, each potentially

marked node must be examinedin the indirectly marked trees for a correspondence

to the directly marked nodes. We can avoid checking every node of all indirectly

marked trees, by searching the neighborhood around the BCN for directly marked

nodesin every tree. If we examinethe BCN for all directly marked nodes,we expect

to get a closecorrespondenceto the set of indirectly marked nodes. However, there

are caseswhen a directly marked node is not the BCN of any node from another

tree, even with identical leaf sets,as shown in Figure 3.17. This meansthat when

we examinethe BCN of all directly marked nodes,we must back-check the potential

indirectly marked nodesto somedirectly marked node.

The TJ2 marking processsuccessfully�nds all indirectly marked nodeswith
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an algorithm that performs back-checks on the BCN of all directly marked nodes.

If an indirectly marked node is found in this way, the parents and children of that

node are also examined recursively for BCN correspondences;indirectly marked

nodes that are already marked are not processedfurther. The local checks are

necessarydue to the nature of the BCN method used. We notice that indirectly

marked nodes are typically in the neighborhood of other indirectly marked nodes,

sincethe BCN doesnot changedramatically in localized regionsof a tree structure.

An explanation of why the BCN is well conserved in localized regions is that the

leaf set in a parent node includes the leaf set in all of its child nodes. Therefore,

the BCN of a directly marked node is typically topologically closeto a su�cien tly

related neighborhood of nodes, which simply means the BCN value of a directly

marked node is never zero. When a node in the indirectly marked tree is found to

not correspond with any directly marked nodes,such as the examplein Figure 3.17,

we do not processthe parent or child nodesof the BCN.

Note that it is alsopossibleto mark a singlenode on onetree, and have more

than one indirectly marked node appear on a secondtree. Referring to Figure 3.16

with the subtreesA, B , and C the samesizeas in the original example, if we mark

node C on the left, C and � on the right are marked. This behavior is correct

given our de�nitions, although it may appear confusing when this is not expected,

especially to those who do not know the subtleties of our BCN algorithm. This

behavior never appearedin TJ1 due to faulty marking in the color caching process

that showed computed di�erences over all marked nodes,and no colorsfor indirectly

marked nodeswhen di�erences were turned o�.

3.4 Topological picking

Users perform navigation in TreeJuxtaposer using a mouse, so when the cursor

is close enough to a tree node, we want to indicate to users that the node has

been selected,or picked. We treat node picking as a simple caseof node marking
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by highlighting all BCNs of a selectednode when we compare trees; unlike real

marking, we do not perform the back-checking operations, described in Section 3.3.

Since a tree node may be drawn as a single pixel, in either horizontal or vertical

directions, weallow picking to bewithin a margin of error, which wecall the pic king

fuzz . The picking fuzz deals with the speed versus accuracy tradeo�s associated

with the exact aiming a pointer at a target, which is known as Fitts' law [10], after

the famousstudy by Paul Fitts.

We allow the user to be within a distance of �v e pixels from a selectable

target with our picking fuzz, but also understand that it may not be possible to

disambiguate an intended target in regionswheremany possibleselectionsare valid.

Therefore, we rely on a user to stretch the region of interest if a desirednode is not

pickable with our technique. Our main concern is that usersshould always be able

to pick a node if there is a single,de�nitiv e choicefor selectionwhena mousepointer

is in a screenlocation closeenoughto pick it.

TJ1 is able to pick most nodesof trees, using quadtree structures, but could

get stuck trying to pick certain sub-pixel tree nodes [5]. These nodes, often in

vertically very small grid cells,are usually adjacent to a cell of the quadtreethat was

descendedbut wasnot able to pick a node. Quadtreecellsthat aredescendedare the

most likely candidatessincethe current mouselocation is in the correct quadtreecell

quadrant, but no tree edgesare in that quadrant within the picking fuzz distanceto

the mouselocation. However, the non-descendednodesin an adjacent quadtree cell

could have beennear enoughto the mouse,but thesenodeswerealready discounted

by the quadtree picking algorithm. The quadtree picking algorithm lacks back-

tracking capabilities to search other quadtree cell candidates.

An important designconceptis that picking algorithms shouldbestructurally

similar to rendering algorithms. The similarit y assistsin providing intuitiv e picking

with visible objects: visible objects can bepicked and all pickable objects are visible.

As shown in our picking algorithm in Figure 3.18,TJ2 usesthe cell layout described

55



Pic king Function
input: mousescreenposition M = (X ; Y )

root TreeNode T = (kids; cell ) where
kids = f T0; T1; : : : ; Tn� 1g
cell = (X min ; X max ; Ymin ; Ymax )

output: picked TreeNode T(X ;Y ) , a node closeto (X ; Y )

stack S  ;
S.push T
while S 6= ;

N  S.pop
if (X ; Y ) over edgeof N

then return Nend if
xM in  N :cell :X min

if N :isLeaf () or N :cell :bounds(Y ) or xM in > X
contin ue end if

k  BinarySearch( N :kids, Y )
if k > 0

S.push Nk� 1 end if
if k < n � 1

S.push Nk+1 end if
S.push Nk

end while
return ;

Figure 3.18: Picking function that descendstree T from the topological root node
of T until a tree edgecloseenoughto mousecoordinates (X ; Y ) is found. A stack
S is used for backtracking if a descent is unable to �nd a tree edge; at each step
of the descent, the siblings to the immediate left and right of the next node to
be checked are pushed onto S. We use binary search to select the next node for
descent, if appropriate, using N :kids, the children of the current cell, and the mouse
Y coordinate. For every function that we use for distance comparisons,including:
BinarySearch; Y within the cell of N ; and mouseover edgeof N , we apply a picking
fuzz, to satisfy Fitts' law.
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in Section3.1.1 to descendthe cell structure until it �nds the cell that contains the

mousepointer. However, as the algorithm descendsin the tree hierarchy, it adds

the immediate left and right siblings to a stack. If the algorithm is unable to �nd

a node in the hierarchy after descending,it pops a node o� the stack and continues

descent searching with that node. Somesubtleties of this algorithm are the stopping

criteria, how child nodesare selectedfor descent, and how the picking fuzz is used

to allow descent on siblings that are closeenoughto the mousepointer.

The algorithm works by checking the bounds of the current grid cell with

the mouse pointer coordinates. If the vertical range of the current cell contains

the mousepointer, then we know that a potential selectednode is in one of three

places: an ancestorof the current cell, the current cell itself, or a descendant of the

current cell. Since we start descendingfrom the root cell, we know that once we

processa parent cell and determine that the horizontal mousecoordinate is spatially

lower in the topological tree hierarchy, the selectedcell is either the current cell or

somedescendant. Finally, if the current cell doesnot contain the horizontal mouse

pointer, we know that a descent is necessary. Our stopping criteria for picking would

therefore be that there are no pickable nodes in the cell that the mousepointer is

found in after a su�cien t horizontal descent; the algorithm would then usethe stack

to continue searching.

TJ2 is able to deal with n-ary trees, so picking a child to descendis not

trivially \left or right" as it would be in a binary tree. We know that the current

node being examinedhas somedescendant node that has a cell which contains the

mousepointer. To �nd the appropriate child to descend,we perform a binary search

on the child nodes, using the mousepointer location as our searching value. Once

we select the child node for descending,we push its immediate siblings onto the

back-tracking stack.

We use the picking fuzz to descendsiblings that do not exactly bound the

mouse coordinate with their vertical cell range. We know, when descendingthe
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topology, that if we do not �nd an appropriate node for picking when we reach the

end of our criteria, we need to search with the back-tracking stack. It is su�cien t

to place only one sibling in each direction for a descent since the adjacent cells are

not empty and the adjacent edgesare either within the picking fuzz or too far to

pick. Finally, a node will only be pushedonto the stack at most once;back-tracking

would follow a di�eren t path that could not possibly re-selectnodes from previous

descent attempts.

Our picking algorithm requires time linear in the height of the tree. This

time complexity is not a problem for most tree types,and picking has beenshown

to be su�cien tly fast on the deepest trees TJ2 is currently able to support, which

are over 1000nodes deep. One important note about picking in deep trees is that

recursive picking methods quickly run out of stack-frame memory, which is why our

methods usea Java-basedstack that we can placeon the heap. Other methods that

userecursionon the height of the dataset topology, such as the tree parsing library,

should also be written without recursion, and are currently the limitation to the

depth of trees we would otherwise be capableof loading.
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Chapter 4

Accordion Dra wing

This chapter describesthe advantagesof using an Accordion Drawing (AD) infras-

tructure to develop new information visualization applications. AD applications

have features such as guaranteed visibilit y, global Focus+Context, and progressive

rendering, which all aid in the understanding and analysisof many di�eren t dataset

types. We can easily develop new AD applications with these key information

visualization features with a minimal amount of work in non-application speci�c

functionalit y.

In this chapter, I focus on our improved motion algorithm for AD grids,

which is numerically stable and correct over large amounts of grid movement. I

also describe the split line hierarchy in detail, as well as how we use the hierarchy

to e�cien tly perform generic operations used by applications such as TJ2. I then

present the details for a singlesplit line motion in our grid hierarchy, which is shown

to be capableof several key features to ensureorder, stabilit y, and e�ciency in our

split line hierarchy. Finally, I present our algorithm that allows for concurrent

motion of several split lines with minimal split line hierarchy updates. Our new

algorithm is just as e�cien t as TJ1 motion, and ensuresthat TJ2 motions do not

causeordering inconsistenciesin our split line hierarchy, which are present in TJ1

methods from lack of numerical precision.

In the remainder of this section, I details the AD mechanics from TJ1. Then
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in Section 4.1, I describe our reshapablesplit line infrastructure. Section 4.2 de-

scribesour genericrenderinginfrastructure for pixel-basedrendering,and Section4.3

describesnumerically stable AD navigation.

General accordion dra wing mechanics

I beginby discussingthe generalmechanicsof AD that persist betweenTJ1 and TJ2

implementations. Although both applications considertree topologiesfor rendering,

this section focuseson a more generalapproach of a reshapablegrid.

We grow and shrink areason rendereddatasetsusing movable lines in a two

dimensional plane, which has a growing e�ect for one region while shrinking the

region on the other side of the moving line; the horizontal and vertical lines are

independently movable boundaries of in teraction boxes. Growing or shrinking

is performed on the basegrid of such lines, the set of all lines that form the grid,

called split lines . When we grow or shrink an interaction box region between a

pair of split lines, the AD infrastructure grows or shrinks the areasof cells between

each pair of split lines in the region with equal ratios. This equal ratio can be seen

in Figure 4.2, where a split line has vertically squishedthe region below a moving

split line while vertically stretching the region of interest inside the interaction box.

Interaction boxes themselves are a rectangular arrangement of a set of base grid

cells, which are the smallest individual regions of spaceon the basegrid bounded

by four split lines.

Figure 4.1 shows a uniform split line grid of basegrid cells, the typical initial

state of an AD application, with an interaction box that I have selected. There

are no restrictions on the initial properties or distribution of split lines for appli-

cations; developers of applications are responsible for de�ning their own split line

arrangements if a uniform grid is not desired. After the basegrid is created with

application-speci�c dimensions,applications typically lay out and draw a canonical,

uniformly scaledview of their datasetson the grid. Typically, the split lines them-
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Figure 4.1: An initial uniform split line layout for AD applications, which appears
as a grid of basegrid cells separatedby split lines. I have selectedan interaction
box, shown in grey in the upper left corner of the grid with a dot marking the center
of the box, which is shown stretched in Figures 4.2 and 4.3.

selves are not drawn as shown in the �gure, and application-speci�c nodes appear

within regionsof basegrid cells.

Figures 4.2 and 4.3 show the interaction box from in Figure 4.1 stretched

in the vertical direction and stretched in both directions, respectively. When we

shrink an area of basegrid cells, data in that areamay be compressedto a sizethat

is smaller a block, the smallest feature sizefor drawable elements. AD applications

handle over-compressionof drawable data with culling, or choosinga representation

of the data for that compressedregion. The AD framework conveys information to

the application-speci�c drawing proceduresabout the position and sizeof basegrid
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Figure 4.2: The interaction box in the grid of Figure 4.1 stretched vertically towards
the bottom of the display. This stretching: doesnot a�ect above the interaction box;
stretchesbetweenthe top and bottom edgesof the interaction box; and compresses
below the interaction box. All stretching is uniform over each of the distorted
regions.

cells, and the application determines how to draw in the current state of the base

grid.

4.1 Split line infrastructure

In TJ1, a versionof TreeJuxtaposerthat featured the original implementation of AD,

spatial subdivisions of the navigation spaceare created from a quadtree structure.

Each TJ1 quadtree cell, a quad-cell, stores a pair of split values used to allocate
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Figure 4.3: The interaction box from Figures 4.1 and 4.2 stretched both vertically
and horizontally towards the bottom-right of the display. Notice the stretching does
not a�ect the grid in the section above and to the left of the interaction box, but
hasbeenstretched and shrunk in other regionsof the display adjacent to, and inside
of, the interaction box.

spaceto child quad-cell nodes; one value is for a horizontal split line, the other

for a vertical counterpart, as shown in Figure 4.4. The split values, between 0

and 1, are a relative o�set with respect to the quad-cell boundaries. Split lines

are global grid divisions as shown in Figure 4.1, and quad-cells referencethe split

lines for their boundariesand their movable split line. Several quad-cellsreference

the samesplit line sincemany parts of the quad-cell hierarchy descendinto similar

regions. For example,the quad-cellsthat divide the leaf nodesall referencethe split

line that de�nes the right edgecommon to all leaves. However, TJ1 only caches
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Figure 4.4: A quad-cell structure from implementation of AD in TJ1. Left : the
split lines x and y, along with the boundariesof this cell, de�ne the boundariesfor
the four child quad-cellsof this cell. The split lines are movable and each quad-cell
maintains the location of its two component split lines with a relative split value;
the split value is a normalized ratio between zero and one. The split value for the
horizontal subdivision in a quad-cell, for example, is the value of (x � x 0)=(x1 � x0),
which is the relative distance between the split line and the minimum boundary
with respect to the sizeof the cell. The relative split valuesare usedto compute the
absolute location of split lines during rendering. Middle : the recursive structure of
quad-cellsmeansthat the quadrants of any quad-cell can hold one quad-cell each.
The bottom right cell has been subdivided, producing four new quad-cells out of
one larger quad-cell. The new quad-cellsuse x, x1, y, and y1 as their boundaries.
Righ t : all four quadrants subdivided. Notice how the bottom right and top right
subdivisions sharethe position of a vertical subdivision. Quadtreesare lesse�cien t
for AD than a simple grid becauseof theseredundancies.

split line positions for grid quadtree cells and doesnot cache the positions for split

lines themselves; any split line that is referencedby more than one quadtree cell is

updated with the samevalue for each reference.

Another quadtree ine�ciency , described by Beermannet al. [5] for trees but

applicable to any AD application, is that each quad-cell wastessubstantial memory

becausethey are all identical structures, with four pointers to child quad-cells. They

point out that quad-cellsare usedunnecessarilyat the leaf tree node level; leavesare

the lowest quad-cells, do not have children, and are the majorit y of all tree nodes

in a typical dataset. Creating a new type of quad-cell for those tree nodes saves

memory in their implementation of quadtree-basedTJC.

However, Beermannet al. alsopresent a secondapproach that usesa simple

grid layout for spatial subdivisions. Their grid method extracts the split lines from
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the quad-cellsand removes quadtreesentirely with grid-cell objects, tree nodes in

TreeJuxtaposer, de�ned by their bounding split lines in the grid. The use of a

regular grid layout for spatial subdivision, which is shown to load trees that are

three times larger in an equal amount of memory, provides a convincing argument

for not using quadtreesfor AD in general.

We generalizedthe AD infrastructure from TJ1, and TJ2 is built using this

generic API, as discussedin Chapter 3. Our infrastructure improvements are de-

tailed in this section: abstracting the split lines from application speci�c topological

layouts in Section 4.1.1; generalizing horizontal and vertical split line components

providing a 
exible API for new AD applications in Section 4.1.2; and storing the

split lines in a tree hierarchy for e�cien t updates in Section 4.1.3.

4.1.1 Abstracting split lines

In order to usea grid-basedgenericnavigation infrastructure, we needto ensureap-

plications are capableof performing critical tasks such as layout, rendering, culling,

and picking. All of thesefour tasks have application-speci�c components, but since

each task dependson location of data in our grid structure, we must provide support

each task with our AD infrastructure.

Dataset nodes, entities of datasets that provide the lowest-level dataset de-

tails, are assignedto a grid cell, which is a rectangledescribed by four split lines for

the top, bottom, left, and right sides. Each node of a dataset is typically assigned

to a grid cell when the dataset is initially loaded; this is not a requirement and the

dynamic assignment of dataset nodes to grid cells is an interesting area of future

work. In my thesis,we will restrict node layout in AD by only permitting layouts on

grids with known dimensions;the parsing processfor TreeJuxtaposercan determine

how many horizontal and vertical split lines are necessary. When laying out data

in AD, we place nodes in the grid where necessary, as described in Section 3.1.1,

by partitioning the grid in a much more 
exible manner than the methods in TJ1.
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Other AD data mapping techniquesusedby PowerSetViewer, presented in [25], are

capableof dynamic layouts of data, but this topic is beyond the scope of my thesis.

Rendering a dataset and culling data elements are related tasks sinceculling

is a function of the renderingprocess;all renderingrequiresknowledgeof the location

of a speci�c item in a particular region of screenspace. Our rendering approaches

in TJ2 are topology-based,but the dataset-speci�c rendering functions collect in-

formation about screenposition and node sizeusing the cell layout. As mentioned

in the TJ2 rendering section, Section 3.2, a node is rendered only if the cell in

which it renders in is larger than a culling limit. The AD infrastructure assists

the application-speci�c topology-basedrendering and �nds the culling limitations

for rangesof nodes stored in rangesof split lines. For example, the infrastructure

providesTJ2 with the desiredsegmentation-width partition of grid cellsusedto cull

leaf rangesinto single leaf renderings.

Picking is topology-basedfor TJ2, asshown in Section3.4,but for application

datasets that may lack an inherent topology, we want to use the infrastructure of

split lines to pick dataset objects. Section 4.1.3 describesa hierarchy that we may

usefor genericpicking when datasetsare unstructured.

4.1.2 Separate horizon tal and vertical split lines

Quadtree-basedAD applications, such asTJ1, combine horizontal and vertical com-

ponents in onedata structure. QuadtreeAD makesdevelopment of applications that

either only require one-dimensionalAD, or commonly have datasetswith very mis-

matched quantities of horizontal and vertical split lines, di�cult or ine�cien t to

implement. Figure 4.5 shows how two one-dimensionalarrays of split lines con-

tribute to the two-dimensionalgrid structure of AD applications such as TJ2.

The quad-cellstructures usedby TJ1 may bemodi�ed to useone-dimensional

accordions,but wereoptimized for two-dimensional,planar AD. Beermannet al. [5]

show that there are several advantagesto using one-dimensionaldata structures for
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y0
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Figure 4.5: The combination of the horizontal x split line set with four movable
split lines and the vertical y split line set with two movable split lines forms a
grid of �fteen split line cells. The grid formed is the spatial subdivision used in
TJ2; compare this grid with the subdivision method of quadtree cells in TJ1, in
Figure 4.4.

split line storage with two TreeJuxtaposer reimplemented applications called TJC

and TJC-Q. Their most substantial results in memory reduction werein TJC, which

distinguished the horizontal and vertical split lines asseparateentities. TJC is three

times more memory e�cien t than TJC-Q, their versionof TreeJuxtaposerthat uses

quadtree structures.
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Figure 4.6: The split lines x0 through x6 are stored in a balanced binary tree
hierarchy; the boundary split lines xmin and xmax are not stored in the hierarchy.
This storage is analogousto the quadtree hierarchy in TJ1 where each cell of the
quadtree stored a pair of relative split positions. The one-dimensionalstorage of
split lines in TJ2 is more 
exible than quadtree storage,allowing applications to be
created that only require one-dimensionalaccordions.

4.1.3 Tree hierarc hy for split lines

Split lines are stored in a balancedtree hierarchy. Upon determining the number of

split lines necessaryfor a particular accordion direction, horizontal or vertical, we

create a binary tree, as shown in Figure 4.6. The binary tree is organizedwith the

center split line, the split line with half the number of total split lines on either side,

as the root. Recursively, the tree represents progressively smaller regions to either

side of a central split line.

The split line tree operates hierarchically much like the quadtree structure

in TJ1. With this structure, split lines can be interpreted as either lines or regions,

as shown in Figure 4.7. D is free to move inside the largest red box, since it is

bounded to movements within the boundariesof the entire visualization. The two

child split lines, B and E, split the regionsleft and right of D , and other split lines

further split those regions. Movements of a B are bounded by its parent; it is free

to move only in its brown box, which is always bounded on the right by D , and on
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C
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Figure 4.7: The split line boundariesfor a simple seven split line exampleshow how
split lines can be represented by lines in a hierarchy or recursive-bounding regions.
Each split line is color coded, bounded by a region of the samecolor, can move left
and right in its box, and cannot leave its region. Moving a split line in the lowest
levelsof the hierarchy, A, C, or F , doesnot a�ect the absolutepositionsof any other
split lines. Moving B , however, a�ects the absoluteposition of A and C, which share
B asa boundary; when B moves,the relative position of A and C in their respective
regions does not change, but the size of the regions change with B . Furthermore,
moving D a�ects all split line absolute positions, even A and F , which do not have
D asa boundary. The raw movements of split lines, asdescribed, are transparent to
applications, which only request legal split line movements in absolute [0; 1] screen
coordinates.

the left by the boundary split line. C, the right child of B , is bounded by both D

and B , and so on. Neither B nor C may crossover each other, and neither may

crossover D ; split lines always remain ordered and never leave their boundaries.

As lines, split lines are orderedin the hierarchy betweentheir adjacent neigh-

bors and can be indexed as such; the ordering of split lines never changesafter

initialization. As regions,split line domains, halving for each layer in the hierarchy

with the root representing the entire domain, represent their region of movement

for both the split line contained within and, recursively, the domains of their de-

scendants. The split line hierarchy is a critical structure for the contained lines and

regions since the hierarchy is used to both calculate the absolute position of lines

for cell positions and control the navigation.

Each split line storesa relativeposition betweenits boundaries,in its domain.

To compute an absolute screenposition, the relative positions of all ancestorsof a

split line are required; the absolute value is cached and only computed on demand
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AbsoluteP osition Function
input: split line S
output: screenposition in [0,1]

pos  S:getRelPos()
while S 6= r oot

P  S:getParent()
if P:isC hil dLef t(S)

pos pos� P:getRelPos()
else

pos (pos� (1 � P:getRelPos())) + P:getRelPos()
end if
S  P

end while
return pos

Figure 4.8: AbsolutePosition function that ascendsthe split line hierarchy from
split line S to determine the position of S relative to the visualization bound-
aries. The function getRelPos() returns the relative position of a split line and
P:isC hil dLef t(S) returns true if S is the left child of P in the split line hierarchy.
In practice, this function is recursive and the absolute positions of all split lines are
cached as they are computed.

when split lines have moved. The recursive calculation of the absolute location of a

split line is shown in Figure 4.8.

4.2 Generic AD rendering infrastructure

Rendering in AD applications is a discretization processthat maps the in�nite-

precisiondrawing of an object to block-level precision. The corerendering algorithm

is linear in the number of blocks, unlike AD in TJ1, which was more dependent on

the sizeand structure of the dataset. More speci�cally , genericAD methods perform

TJ2 tree rendering with a time complexity of O(bv � d), where bv is the number of

vertical blocks and d is the maximum depth of the tree topology.

AD rendering mechanicsoperatewith a three-stagestructure: partitioning ,

discussedin Section 4.2.1, where an application-speci�c set of split lines is divided
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into renderable ranges;seeding , discussedin Section 4.2.2, where the partitioned

split line rangesand markedrangesarearrangedin an order appropriate for drawing;

and dra wing , discussedin Section4.2.3,wherea set of nodesis drawn for both the

marked rangesand each partitioned, seededsplit line range. Although seedingand

drawing are more application-speci�c than partitioning, the generalstructure of all

three stagesfollow a set of basic functional constraints for each AD application.

4.2.1 Partitioning stage

Each AD application that usestwo independent sets of split lines to form a grid,

like the horizontal and vertical split line sets used in TJ2, must decide which set

to partition. For tree drawing applications, it is only possible to partition in the

direction of the leaves since leaves may be followed to their set of ancestors,or an-

cestors to their descendants. The orthogonal direction in TJ2, in the direction of

the topological height, hasno linked structure analogousto topological associations.

Other AD applications, that do not render a tree structure, such as SequenceJux-

taposer [35], would of coursefollow any imposedhierarchy or useknowledgeof the

application domain to determine which split line set to partition; determining the

most appropriate set to partition is beyond the scope of my thesis.

Also associated with the application domain is the maximum partition size,

also known as the segment size, often associated with the block size, which is the

minimum feature size for application drawing. In the speci�c case of TJ2 tree

rendering, for example, a segment size of one-quarter the block size is required for

gaplessrendering, as discussedin Section 3.2.2.

Oncean application requeststhe partition of a split line with a segment size,

AD beginsa processthat recursively descendsthe split line hierarchy until the split

line domain width is smaller than the segment size;the �rst partitions smaller than

the segment sizeare stored in a partition list. If a descent in the split line hierarchy

reaches the leaves of the split line hierarchy without �nding a split line domain
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smaller than the segment size, the single split line leaf is enqueuedin the partition

list.

4.2.2 Seeding stage

Seedingthe partitioned list of split line rangesinto the rendering queueis the second

stage of AD rendering. The seeding processis the key component of AD that

provides progressive rendering support. Drawing important objects �rst, which is

customizablefor di�ering application domains,shows landmarks in the visualization

and allows user-directed interaction on partial scenerenderings. Applications that

do not useprogressive rendering techniquesfor interaction, or render the entire scene

in a single frame, do not require an explicit drawing order but are seededsimilarly.

The seedingprocessis an O(bv + m) processwherebv is the number of blocks in the

partition and m is the number of marked groups.

Prior to rendering a scene,the rendering queue is initially populated with

the set of marked nodes. Next, the application adds each of the partitioned ranges

in order. If a user interaction box is present, the application prioritizes the parti-

tioned rangescorresponding to that region by placing them beforeall other ranges

in the rendering queue. Although our na•�ve seedingmethod iterates through each

of the partitioned rangesto add them to the rendering queuefor this process,this

does not add a large time overhead; non-progressive rendering should not perform

the iteration and could gain performance increases,but non-progressive rendering

optimizations are an area of future work and not analyzedhere. This seedingorder

is expected by the next stagein AD rendering: the drawing process.

4.2.3 Dra wing stage

Drawing is the �nal stage in our generic AD rendering infrastructure. Using the

seededqueue from the previous stage, each marked range, described for TJ2 in

Section3.3, is renderedimmediately. Sincefast renderingtechniques,such asmarked

72



range skeletons for TJ2, or simple aggregationsfor contiguous marked rangesare

used,AD attempts to draw each marked range in a single frame.

For a large number of marked ranges,the brute-force marked range render-

ing techniques may take too long to render, but adding progressive rendering time

checks may impede this rendering too much. As shown in Section 5.4, marking a

whole 190; 265 node tree while comparedto a 198; 623 node tree in TJ2 with many

di�erences adds about 200 millisecondsto the rendering time for both trees. With-

out adding progressive rendering to marked region drawing, we could seedfewer

marked ranges,like TJ1, but this is another area of future work.

After marks are drawn according to the seedingqueue, AD drawing draws

the dataset nodes, one set of nodes per range of split lines, in the seededorder.

Drawing from a one-dimensionalsplit line range into a two-dimensionalgrid is an-

other application-speci�c process.The node drawing for TJ2 is described in detail

in Section 3.2, which describeshow tree rendering starts from rangesof leaves and

renderstowards the root node.

Applications that do not render trees may use one split line range as an

outer-loop and the secondsplit line rangeasan inner-loop for an iterativ e rendering

processover the basegrid surface. By partitioning along both sets of split lines,

such applications may aggregatetheir datasetsinto a coarsegrid of blocks that can

be rendered in O(bv � bh) time, for a horizontal number of blocks bh and vertical

number of blocks bv . Identifying other interesting topological structures for drawing

in new AD applications, such asapplications like SequenceJuxtaposer[35], is left to

future work.

4.3 AD navigation

This sectiondescribesthe user-drivendistortion-basednavigation of AD. The generic

basegrid structure undergoes distortions similar to the methods used in TJ1 AD,

but our methods are more numerically stable. In this section, I �rst describe how
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a single split line can move in the split line hierarchy. The techniques for moving

the line are discussed,with emphasison how the movement transaction achieves

numerical stabilit y and its correct movement position. I then describe an extension

that allows multiple simultaneous split line motion in AD, again with correctness

and stabilit y analysis.

4.3.1 Mo ving one split line

We accomplish navigation and zooming in AD applications by repositioning split

lines in such a way that the cells on one side of the split line appear to stretch,

while cells on the other side are squished.We perform the stretching and squishing

actions according to our hierarchical split line tree, which provides an algorithm

for motion that performs with time complexity of O(log(n)), where n is the total

number of split lines. The caseof moving one split line, the target, from an initial

position to a �nal position within the rangeof the split line boundaries,is the basis

for all navigation in AD applications.

Unlike TJ1, our algorithm descendsthe split line hierarchy tree towards the

target split line insteadof ascendingtowards the root, moving each split line encoun-

tered to its �nal position. The �nal relative local position of each of the O(log(n))

split lines in the path is calculated in O(1) time with linear interpolation between

the target and an ancestorsplit line, wheren is the total number of split lines in the

hierarchy. Onceour algorithm reachesthe target split line in the hierarchy, we move

it to its �nal position and the recursionstops. The algorithm, moveSing leSplitLine ,

is shown in Figure 4.9.

In order to show genericmovement in AD works, we show that the following

four properties hold for the motion of a split line, when we move a singletarget split

line to some�nal position:

1. a target split line can be moved anywhere in the bounds of the window;

2. all split lines remain ordered during a transition;
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moveSingleSplitLine Function
input: split line S, at its initial position S:i
output: S moved to S:f , the �nal position of S

L  minB oundary
R  maxB oundary
C  getCenterSplit (L; R)
while S 6= C

if C:isC hil dLef t(S)

C:f  
�

C:i � S:i
R:i � S:i

�
� (R:f � S:f ) + S:f

R  C
else

C:f  
�

C:i � L:i
S:i � L:i

�
� (S:f � L:f ) + L:f

L  C
end if
C:moveFr omTo(C:i; C:f )
C  getCenterSplit (L; R)

end while
S:moveFr omTo(S:i; S:f )

Figure 4.9: moveSing leSplitLine function that descendsthe split line hierarchy
from the domain between the minB oundary and maxB oundary split lines, where
the root split line is bounded,to the target split line S. At each step, the center C is
found in its domain [L , R]. If C is the target S, we move S to its �nal position with
moveFr omTo. Otherwise, the �nal position for C, C:f , is calculated depending on
the location of S relative to C. C is then moved from C:i to C:f , a new boundary
[L , R] is created with C, and the processcontinuesuntil S is found. All positions i
and f are global, relative to minB oundary = 0, and maxB oundary = 1.

3. each motion step positions half of the remaining split lines;

4. cells may becomestretched when they should be squishedduring a transition,

but they are in the correct �nal position when the algorithm is �nished.

Prop ert y 1: Target split line can move anywhere in visualization

A user must be able to move any split line from any starting location to any ending

location within the domain of the entire visualization. We must ensure that the

split lines are movable enough,without breaking our ordering restriction. Suppose
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xCxL xS xR

squish regionstretch region

Figure 4.10: The absolute distancesbetweensplit lines in a region being stretched
grow with respect to the distance that split line moves away, but the relative dis-
tances between all split lines in [xL , xC ] do not change when split line xC moves
towards xR . As xC moves, xS moves away from xL sincexS is in a stretch region,
but xS � xL

xC � xL
remains constant. Sincethe resizing of cells, causedby movement of x S,

is uniform on both sides,moveSing leSplitLine from Figure 4.9 can complete half
of the split line movements for [xL , xR ] in each step of its outer loop.

a split line, xS, moved from near xL to near xR , in Figure 4.10. We seethat this is

possibleby moving the ancestorsof xS all towards xR , which drags xS towards xR .

This extreme action also conserves the relative distancesamong all nodeson either

side of xS, so if we drag xS back to where it was initially , there are no distortions

in the nodesbetweeneither xS and xR , or xL and xS.

Prop ert y 2: Split lines remain ordered

Observing Figure 4.7, we note that the red central split line D is capable of mov-

ing in its own domain, and every other split line under D in the hierarchy is ei-

ther squished or stretched in its respective half of the domain of D . Since the

moveSing leSplitLine algorithm in Figure 4.9 only moves either S or C in its do-

main, it is not possiblefor those movements to exit their boundariesor causeother

split lines to becomedisordered. The recursive division step of using C to form the

new boundary is further protection from moving split lines out of order.

Care must still be taken in practice, however, sincenumerical roundo� errors

have beenobserved with deeprecursion into in�nitesimally small cells. We do not

have stopping criterion for preventing numerical errors, but have eliminated errors

76



with our densestdatasetsby imposing a limit on squishing the cells. Currently, we

prevent a user from squishingany region of the visualization beyond one percent of

the width or height of the drawing canvas,soregionscannot besquishedout of view,

which provides a minimum rendering size and guaranteed visibilit y of all regions.

One positive side e�ect of the minimum rendering size prevents numerical errors

that might occur when regionsare squishedto in�nitesimally small sizes.However,

we realize that constraint does not stop numerical errors with su�cien t squishing

e�ort. Using a stopping criteria on recursion in moveSing leSplitLine to limit the

smallestcell width to someprecisionmay work in theory, but it hasyet to be tested.

Prop ert y 3: Each motion step positions half of the remaining split lines

This property is more of a statement of e�ciency than of correctness: we move a

minimal number of split lines with simple calculations in each step of our motion

algorithm. We achieve logarithmic performancebecausethe absolute, rendereddis-

tancesbetweenall split lines on either side of a cental split line changewith respect

to the movement of that split line. Sincemoving the target split line conceptually

resizescells uniformly on either side, either by squishing or shrinking, the central

split line is able to move to its �nal position, and in doing so, half of the cells are

resized with each step in moveSing leSplitLine in Figure 4.9. Referring to Fig-

ure 4.10, we seethat the region [xC , xR ], the half of [xL , xR ] without target xS,

can all be resizedand ignored oncexC has beenmoved. Our calculation of C:f in

moveSing leSplitLine determines the �nal position of xC with a simple rescaling

with respect to initial and �nal positions of xS in [xL , xR ].

Prop ert y 4: Cells may stretc h before they shrink

Before the algorithm starts an iteration, we can look at the current state of the

motion to seehow someregionscan be moved several times and still approach their

intended �nal distortion from the original. Consider the state of the split lines in
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Figure 4.11: A user has moved split line xS to the right, and the current state
of running moveSing leSplitLine from Figure 4.9 has calculated that x C should
move to the right. RegionsR0, R1, and R2 are labeled sectionsof interest for this
movement. R0 is the region [xC , xR ] that is deformed, in this casesquished,but
not recursed through. R1 is stretched when xC moves toward xR , but should be
stretched more before the algorithm �nishes. R2 is also stretched when xC moves
toward xR , but should be squishedbeforealgorithm �nishes.

Figure 4.11, where xS is the target split line we wish to move towards xR , which is

the right boundary for xC , the current center split line.

The motion algorithm, moveSing leSplitLine , determines that x C should

move toward xR . We know that of the regions R0, R1, and R2, the movement of

xS should causeR1 to grow and the other two regions to shrink uniformly. Our

algorithm then shrinks all split lines in R0 sincexS is left of xC , and at this point,

all split lines in [xC , xR ] are resizedand in their correct �nal absolute positions.

However, that rightward move of xC stretches R2 and does not stretch R1 enough

becausexS is not moved to its �nal correct place in [xL , xC ]. Can we be certain

that subsequent iterations are su�cien t to correct this \mistak e" and resizeR1 and

R2 properly?

We can look at R1 and R2 concurrently and seethat although cells in both

regions have been resized insu�cien tly, we are indeed approaching the intended

outcome. The location of split lines in R1 and R2 are still in the region that has

yet to be �nalized, so we need to examine the e�ects of several iterations through

moveSing leSplitLine , down the hierarchy. If running the algorithm is only able to

resizeregionsuniformly betweenxS and the immediately following iteration bound-
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aries, then our algorithm performs properly with subsequent uniform movements

using the center split lines.

We know R0, the half of the hierarchy that doesnot get descended,is always

correctly rescaledto its �nal size, through a uniform rescaling. Similarly, the side

that our algorithm descendsis uniformly scaledwhen xC moves. Becauseprevious

resizings of R1 and R2 have been resized identically since they are in the same

domain descendedby our algorithm, the �nal split line movement of target x S will

ultimately correct the insu�cien t movements noticed in the intermediate stagesof

the recursion. This means that although the intermediate movements of R1 and

R2 do not seemcorrect, the combined region is scaleduniformly and subsequently

descended,which guaranteesthe next iterations will properly scalethe areason both

sidesof its center split line.

4.3.2 Mo ving several split lines

Unlike TJ1, TJ2 usesan algorithm capableof moving several split lines simultane-

ously. Motion in TJ1 consistsof an algorithm that moveseach split line in turn by

performing operations similar to the TJ2 moveSing leSplitLine algorithm. The TJ1

algorithm starts at a split line, moves it a small fraction in its movement domain,

then ascendsto its parent to move it, and soon. This algorithm doesnot scalewell:

it movessplit lines high in the quadtree hierarchy several times, oncefor every split

line descendant being moved. These repeated adjustments high in the hierarchy

lead to numerical instabilit y.

For k moving split lines in n total split lines, although TJ1 only moves

O(k log(n)) split lines, it movesthe root of the hierarchy k times. In TJ2, we have

developed an algorithm capableof moving with the sametime complexity, but only

moving the root and any other split line at most once, producing a numerically

stable motion solution capable of moving more split lines accurately. Instead of

ascendingthe hierarchy, TJ2 descends,moving each split line as it progresses,much
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like the single split line movement moveSing leSplitLine from Figure 4.9.

Both TJ1 and TJ2 must compute the initial and �nal positions of the split

lines being moved; thesesplit lines are not the only split lines being moved but are

the split lines speci�ed by the resizing action. Assuming that we have a subset N

of split lines, with initial positions N :i , that move in the set A of all split lines, an

application-speci�c resizing function determineswhich regionsbetweensplit lines in

N either grow or shrink. AD functions provide assistanceto the growing process

by determining the new sizesfor a set of regions, given a speci�ed region growth

rate; the shrinking function also usesgrowing functions, after inverting the set of

regions. After computing the new sizesfor each region in N , we determine the �nal

locations of all split lines, N :f , by placing the regions in order starting from the

minB oundary until the last region is placed at the maxB oundary.

The reconstruction processfor calculating N :f also ensuresminimum region

sizes,for guaranteed visibilit y, are adheredto by not shrinking regionssmaller than

the minimum context size. For operations that wish to shrink regionssmaller than

the minimum context size, either the growing processdoes not proceed,or a lim-

ited amount of growing that does not violate the minimum size is allowed. The

moveSplitLineS et algorithm in Figure 4.12 starts after calculating N :f .

Three interesting casesin moveSplitLineS et are shown in Figure 4.13. The

termination casefor recursion is shown as the left �gure; there are no movable split

lines from N in region [A[star t]; A[end]], so recursion stops: the region in question

has already been resized. The center �gure shows the casewhere there are split

lines in [A[star t]; A[end]] and the center line C is in the set of movable split lines

N . Similar to moving a single split line, we know that C is somesplit line in N

and therefore, the �nal position C:f has already beencomputed during the region

preprocessingand is stored as n:f for somen 2 N . However, unlike the single split

line case,which would terminate after this case,recursion continues on both sides

of C. Finally, in the right image when C =2 N , we �nd L 2 N and R 2 N , the two
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moveSplitLineSet function
input: N � A = list of split lines to move

where A is the set of all split lines
A:i initial positions, N :f �nal positions are known

star t = index into A, initially 0
end = index into A, initially A:siz e

output: A moved to �nal positions A:f

C  A[d(star t + end)=2e]
if N :nodesIn(star t + 1; end � 1) = ;

return
else if C =2 N

(L; R)  N :neighbors(C)
C:f  

�
C:i � L:i
R:i � L:i

�
� (R:f � L:f ) + L:f

end if
C:moveFr omTo(C:i; C:f )
moveSplitLineS et(N ; star t; C:index)
moveSplitLineS et(N ; C:index; end)

Figure 4.12: moveSplitLineS et function that descendsthe split line hierarchy and
recursively moves the set of all split lines A to their �nal absolute positions. star t
and end are two indices into A that allow descent into the binary hierarchy tree
coded into A; the two split lines at theseindices are initially the minB oundary (0)
and maxB oundary (A:siz e) split lines, and are immovable for the current iteration
of this function. If there are no split lines in N , the set of target split lines, that
are betweenstar t and end, the recursion terminates. Otherwise, if the center split
line C is not in N , the �nal position C:f for C must be calculated, similar to the
calculation in moveSing leSplitLine . L and R are neighbors of C in N , the closest
nodes to C on both sides, in the range [A[star t]; A[end]]. If either L or R is not
in that range, we use L = A[star t] or R = A[end] as appropriate. Finally, after C
has been moved, we recurseboth directions in the split line hierarchy. Note that
moveSing leSplitLine is a special caseof this algorithm where N = f Sg, where S
is the single target split line.
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A[start] A[end]C A[start] A[end]C   N A[start] A[end]CL RÎ

Figure 4.13: The three casesof function moveSplitLineS et are shown. Left : if N
hasno split lines to move between[A[star t]; A[end]], the algorithm terminates since
nodes in [A[star t]; A[end]] have been resized. Middle : if C 2 N , the algorithm
moves C from C:i to C:f and recurseson the left and right sidesof C. Righ t : if
C =2 N , the algorithm �nds the nodes L; R 2 N that are closest to C to compute
C:f . After computing, the algorithm movesC:i to C:f and recurses.

closestsplit lines on the left and right sidesof C, to calculate C:f , then continue

the recursion on both sidesof C. These movements resizeregions to the left and

right of the center split line uniformly, and arguments made for repeated recursions

in our single split line movements also apply to moving a set of split lines.
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Chapter 5

Evaluation and Discussion

In this chapter, I comparethe relative performanceof TJ2, with respect to the per-

formanceof similar TJ1 actions, discussfuture work directions for AD applications,

and concludemy thesis.

All performancetests were done on a machine with a 3:0 GHz Pentium IV

processor,J ava 1:4:2 04-b05 HotSpot runtime environment with a maximum of 1:8

gigabytes allocated for of heap, and nVidia Quadro FX 3000video chipset, running

twm in XFree86version4:3:99:902with no additional processesrunning. The canvas

resolution for TJ1 and TJ2 wasset to 640pixels wide by 480pixels high and timing

and node counts were output by TreeJuxtaposer, averaged from several manually

prompted redrawings of each tested dataset. Since datasets that could be loaded

by either version of TreeJuxtaposerare required for comparison,I choseto compare

with two classesof treesand the largest contest trees from the InfoVis 2003Contest

dataset [28], described in Appendix A. I also compare larger datasetswith TJ2 to

get a better idea of non-synthetic dataset performanceby using the directory tree

structure from the Open Directory project [26], a large online browsable catalog

of several billion websites. The directory categorization tree structures I use are

from March and June 2004, with shortened names of 03=04 and 06=04, and are

approximately 500 million nodeseach with many structural di�erences.

The version of TJ1 that I use is from before the TJ1-contest, and I found
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I was able to compare the two largest contest datasets, of animaliaa and animaliab.

This pair of datasetsdo not load with TJ1-contest, and while I was evaluating TJ1

with this data, the memory consumption while doing this was near the maximum

heap size, but no garbage collection occurred to skew the timing results. Also,

several treeswould load but not render in TJ1 due to a programming error. I found

that by removing a single node, this error was eliminated.

The simple synthetic tree classesI choseto represent are the canonical bal-

anced binary trees and star trees. Balanced binary trees were chosen since they

have beenusedalmost exclusively in TJC published results on rendering large trees

in accordiondrawing grids [5]; they are a good exampleof a well-known predictable

structure. Star trees,simply oneroot nodeattached to many leaf nodes,werechosen

basedon my observations made of rendering traversal algorithms used in TJ1 and

TJC; both render binary treeswell, but may have problemswith higher degreeinter-

nal nodesthat would be exacerbatedby a node with an extremenumber of children.

A more in-depth tree classi�cation system with many real tree datasets would be

more complete, but I believe that the tree classesI test are simple to classify, show

interesting progressive trends, and reveal a measureof e�cacy of TJ2 versusTJ1.

Furthermore, I show how the synthetic datasets lead to interesting curves through

the spaceof all possibletree permutations, while real data validates my choice of

synthetic datasets.

Each of the following comparisonsbetween TJ1 and TJ2 are investigated:

preprocessing,including layout time and the initial di�erence calculations, in Sec-

tion 5.1; number of nodesrenderedand how long to render a scene,in Section 5.2;

memory consumption, in Section 5.3; and marking e�ciency , in Section 5.4. When

available, I alsocompareTJ2 with published results from TJC, investigating poten-

tial advantages of either method when rendering large trees of unknown topology.

A summary of the results is given in Section 5.5.
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5.1 Prepro cessing

The time to load a single tree is the time neededto parse a dataset, construct

the necessarysplit line grid, perform the gridding described in Section 3.1.1, and

calculate the BCN valuesto perform associated di�erence marking. Loading several

trees for comparison always involves the computation of di�erences between each

pair of trees, which of course adds marking time for each of the di�erences on

rendering as well; marking is covered in Section5.4. Also, sinceparsing the dataset

for a pair of trees is exactly the sameas loading each tree sequentially , I will only

investigate the parsing processfor single trees, keepingeach investigation as simple

aspossible;the more interesting preprocessingfor multiple treesoccursafter parsing.

Parsing

The dataset parsing time, shown in Figure 5.1, for TJ1 and TJ2 seemsto be quite

di�eren t, although they both useidentical parsing libraries. An explanation for the

di�erences in parsing time could be due to small changesin object constructors used

in parsing; the changeis simply the initialization of the BCN scoreof each node to 0

in TJ2. However, thesedi�erences are only a small constant factor to the linear time

complexity for parsing and is not as much a factor as the dataset size increases.It

is likely that small changes,magni�ed over millions of instances,would add asmuch

to the parsing function in TJ2 as they would add to later preprocessingfunctions

in TJ1.

TJ1 and TJ2 parsing functions are both linear with respect to the number of

nodesread from the dataset �le; there is no appreciabledi�erence betweenparsing

binary and star datasetclassesin either TJ1 or TJ2. Published results from TJC [5],

which usesa parser built from standard parsing libraries, indicate that parsing a

two million node binary tree takes ten seconds,about one quarter the time of TJ2;

parsing is still linear in TJC, albeit with a smaller constant factor than either TJ1

or TJ2.
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Figure 5.1: The parsing times for TJ1 and TJ2 with binary and star synthetic
trees, and single contest and Open Directory real trees. All parsingsare done with
the same library, but TJ2 is slightly slower with a small change in its tree node
constructor. The Open Directory tree takesmuch longer to load when comparedto
synthetic trees of the samesizedue to its structural complexity and non-synthetic
node names.

Gridding

Preprocessingtime, which is primarily gridding in TJ2 and the quadtree layout

methods of TJ1, is substantially di�eren t betweenTJ1 and TJ2, even after account-

ing for the aforementioned di�erences in parsing. As shown in Figure 5.2, both TJ1

and TJ2 preprocessingare linear in time with respect to the number of nodesplaced,

but TJ2 is at least ten times faster than TJ1, due to construction of the quadtree

structures in TJ1. The simplicit y of TJ2, which has a low gridding constant and

simple partitioning scheme as mentioned in Section 3.1.1, allows balanced binary

trees with two million nodes to be loaded in under 15 seconds. Most of the extra

time spent by TJ2 with the star trees, comparedto binary trees, is maintaining the

list of leaves,which is two times larger for star trees than for binary trees.

Finally, notice that the real-world contest and OpenDirectory datasetsshown
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Figure 5.2: Preprocessingtime for TJ1 and TJ2, which includes gridding and other
initialization tasks. TJ2 is ten times faster than TJ1 for the largest trees loadable
by TJ1. The contest and Open Directory datasetsprocessin time similar to a star
tree of the samesize due to high branching factor, limited depth, and other node
processingfactors.

in Figure 5.2 for both TJ1 and TJ2 appear closeto the respective synthetic star tree

classdataset of similar size. A small amount of extra time is spent on sorting of

real node names,but thesedatasetsare particularly densemostly at the leaf level,

when considering preprocessingtime. The ratio of leaves to internal nodes for the

contest dataset is 154922: 190265,or 81%leaves;there are many internal nodesthat

have many children, but it is di�cult to determine a preciseimpact of the internal

19% of the tree. It is too di�cult to determine how relatively e�cien t TJC would

preprocessstar trees from the published results [5]. The closenessof the contest

dataset to the star tree of the samesizedoes indicate that the family of star trees

used in my evaluation is not entirely irrelevant.
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Computing Di�erences

Adding another tree a�ects the preprocessingby including the di�erence computa-

tions after each subsequent tree is added. The time to processdi�erences in TJ1 for

the contest dataset is approximately 50 seconds,while TJ2 takesapproximately 12:5

seconds.This time di�erence is not related to the di�erence computation, sincethe

computation is unchangedbetweenthe applications, but the way marks are stored,

which is investigated further in Section 5.4. The linked list of marked di�erences in

TJ1 is implicitly sorted by the iteration processthat addseach di�eren t node to the

group of marked di�erences, but it contains a list of every marked node, and does

not collect nodeswith adjacent node key valuesinto ranges. This meansthat for the

�rst marking action of di�erences, and each subsequent changein the node marking,

TJ1 must processthe entire list of di�erences for each node range consideredfor

drawing.

5.2 Scene rendering

There are two telling benchmarks involved in the complexity of rendering a scene:

the time it takes to render a sceneand the number of nodes rendered for a scene.

Also, the time complexity per node is important to considersincethere is no bene�t

to rendering fewer nodes if the time to processeach node is substantially slower

than alternative, more brute force, methods.

Scene rendering time

Assuming that a su�cien t number of nodesare renderedto give an accurate repre-

sentation of a dataset, a useful metric is the wall-clock rendering time for a dataset.

Figure 5.3 shows the rendering time performanceof TJ2 with the binary and star

tree datasets,again with the contest dataset shown. As expected, the datasetsare

correlated to the number of nodes rendered, in Figure 5.4, but are not as smooth
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Figure 5.3: Rendering time for TJ2 is constant beyond datasetsof a threshold for
both binary and star trees. TJ1 rendersbinary trees slightly slower than TJ2, but
star trees are much slower. Although TJ1 aimed for performancesimilar to TJ2,
someclassesof trees causeTJ1 to render slowly. The rendering time performances
of TJ1 and TJ2 are closely related to the number of nodes rendered, as shown in
Figure 5.4. Figure 5.5 shows another view of this relationship as the rendering time
per node.

due to the timing accuracy. The correlations are similar for each of the datasets

tested, so rather than analyze the rendering times for each pairing, I will compare

the rendering speedper node renderedbetweeneach dataset.

Num ber of nodes dra wn per scene

In Figure 5.4, we seethat for TJ2, the number of nodes rendered for star trees is

a constant after a certain number of nodes. This number represents the saturation

of leaves under a subtree in TJ2, where once the maximum number of leaves per

vertical height is reached, a subtree will not render any more; this is the result of

our pixel-bounded rendering of leaves.

Similarly, but not as abrupt, is the seriesof binary trees. For each new layer
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Figure 5.4: TJ1 is unable to cull nodesfor my star tree synthetic datasetsand draws
every node, shown in the top graph; this performanceis obviously not scalable.The
bottom graph shows a more detailed view of TJ1 binary tree performancecompared
to TJ2 performance. In TJ2, star trees render a constant number of nodes and
binary trees render an additional constant number of leaves for each doubling of
nodes. The contest and Open Directory real-world datasetsrender betweenthe star
and binary tree examplessincethey have complicated internal node structures, but
are not deep trees. TJ1 binary tree performance appears relatively close to TJ2
performance, but overculls dense regions since it does not properly render some
datasetswith its culling criteria.
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of leavesadded after a certain point, where a layer of leaves is the samesizeas the

previous half-sized tree, there is a limit to the amount of rendering in that level,

again dependant on the number of pixels. For trees larger than the �rst tree that

maximizes the number of leaves rendered, the tree twice the size takes the same

amount of time more to render. In the test case,where the screenis 480pixels high,

we render at most 2048 leaves and each progressively larger binary tree renders

exactly 2048more nodesthan the previous. The limit in the binary tree casewould

be visible in the graph only if horizontal culling is used,but we do not cull in that

direction.

For TJ2, the contest dataset renders fewer nodes than the binary tree of

similar sizesimply becauseit is not as tall as that binary tree and has many more

leaves. Of coursethe contest dataset cannot render as few nodesas the simple star

tree of any sizesincethe star tree has no interesting internal structure. Conversely

for TJ1, also shown in Figure 5.4 the contest dataset renders fewer nodes than the

star tree. The star tree in TJ1 is one of the worst caserendering examplessince

every node is rendered, and this leads to poor rendering for many trees with high

branching factors. Binary trees are much more e�cien t than star trees for TJ1.

Also shown in Figure 5.4, the binary trees that rendered properly with TJ1 show

performance characteristics similar to TJ2. Unfortunately, TJ1 rendering quality

for such large trees su�ers from overculling e�ects and does not render sometrees

properly.

If we attempt to render a star tree with TJC, using its renderingalgorithm as

described in [5], it would have the samepoor rendering count asTJ1, alsorendering

every node. This is re
ected in the published TJC results for the contest dataset

of 190; 265 nodes, where TJC renders 51; 255 nodes, compared to an 8; 388; 607

node balanced binary tree, where TJC renders 50; 356 nodes. TJC rendering uses

an algorithm that considers rendering a subtree as a single horizontal line if its

extremal leavessubtend the samepixel, and doesnot partition the children of nodes
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Figure 5.5: The relationship betweenthe number of nodesrenderedand the amount
of processingrequired per node is important in understanding the tradeo�s of ren-
dering fewer nodes for complex structures. This �gure shows TJ2 rendering per-
formance for star trees is three times slower than all other performanceratios, but
the dataset rendersscenesfaster than TJ1 sinceTJ2 aggressively culls this dataset
and TJ1 draws every node. Similarly for binary trees and the real-world contest
datasets, TJ1 renders nodes faster on average,but TJ2 renders many times fewer
nodes per scene,as shown in Figure 5.4. Note that for real-world datasets with
very di�eren t sizesand structures, TJ2 renders nodes from the contest and Open
Directory datasetswith similar e�ciency .

with high branching factors. This meansthat any node with leaves that subtend

more than the pixel-basedculling criteria of TJC will causeTJC to draw at least a

path from each child nodeto a leaf. Therefore,although TJC hasbeenshown to scale

well with large balancedbinary trees, algorithmic improvements that considertrees

with higher branching factors would probably be necessaryto scale its rendering

performancewith larger n-ary trees.
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Av erage time to render a node

Figure 5.5shows the per-noderenderingperformanceof TJ1 and TJ2. As shown, the

averagetime required to draw a node in a star tree for TJ2 is three times greater than

for nodesin the samedataset for TJ1. But, even though TJ1 rendersnodeseach at

a speedof about 10 microsecondsper node and TJ2 needs30 microsecondsper node,

TJ2 renders a much smaller number of nodes for that dataset class. In fact, TJ1

renders every node of the star tree datasets and TJ2 renders a constant number

of nodes after a large enough dataset size, as shown in Figure 5.4. Interestingly,

TJ2 draws binary tree nodeson averagefaster than TJ1, the opposite result of the

star tree case,which means that although they render similar numbers of nodes,

TJ2 renders binary trees faster than TJ1. Averagenode drawing performancefor

the contest dataset is close,with the TJ1 rendering cost approximately 25% lower

than TJ2; the Open Directory dataset has similar per-node rendering performance.

However, sinceTJ1 rendersseven times the number of nodes that TJ2 renders for

that dataset, the time is 0:3 secondsfor TJ2 versus1:4 secondsfor TJ1, as shown

in Figure 5.3.

5.3 Memory usage

The two classesof results to considerfor memory usageinclude single treesand tree

comparisons. I attempt to remove the minimal memory required to store namesof

nodes from each dataset by �rst subtracting the size of each dataset �le from the

raw memory results. This is simply to investigate the structural memory usagefor

TJ1 and TJ2, and should not in
uence the overall results, but does in
uence the

raw memory usageratios betweeneach version of TreeJuxtaposer.

Using a simple grid structure to position dataset topology in place of the

quadtreehierarchy has improved the memory performance,and thereforemaximum

sizesof datasets. Shown in Figure 5.6, memory usagein TJ2 is �v e times more
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Figure 5.6: Memory performancefor binary and star tree with TJ1 and TJ2. Mem-
ory usagein TJ2 is �v e times more e�cien t than TJ1 for identical datasets. Also
shown are the contest dataset comparisons,which suggeststhat structural di�erence
storage in TJ1 is poor compared to TJ2. The Open Directory dataset comparison
uses more memory to store many structural di�erences and fully quali�ed node
names,which are used to di�eren tiate identical leaf namesand provide a more ac-
curate pair-wise node correspondencebetweenthe trees.

e�cien t than TJ1 since it either allows trees �v e times larger to be loaded, or uses

one �fth the memory of TJ1. For smaller datasets,this ratio is slightly smaller, but

still considerable.

Since the marked node storagehas beenimproved in TJ2, much larger tree

comparisonswith full di�erence marking have been possible. Also shown in Fig-

ure 5.6 are the largest tree datasetsfrom the InfoVis 2003Contest, comparedusing

TJ1 and TJ2. Clearly, the amount of memory to store the di�erences between the

datasetsimpacts the TJ1 contest by more than a factor of �v e, sincethe comparison

in TJ2 usesnearly the sameamount of memory asthe star tree dataset in TJ2, while

the comparison in TJ1 is comparable to a star tree dataset with 50% more nodes

using TJ1.
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Application TJ1 TJ2
First SceneUnmarked 115 0.3
Subsequent ScenesUnmarked 1.5 0.3
First SceneMarked 130 2.5
Subsequent ScenesMarked 1.5 0.5

Figure 5.7: This table shows the marking performanceof TJ1 comparedto TJ2, in
seconds. When comparing two datasets of over 190; 000 nodes each, the �rst row
shows the time to render the �rst scene,which includes the set of automatically
marked di�erences. The secondrow shows time to render subsequent scenes;note
that TJ1 caches results from the �rst scene,dramatically reducing its color lookup
for each node while TJ2 performs the samee�cien t color lookup in both cases.The
third and fourth rows show results of marking an entire dataset in both applications,
which marks BCNs of marked nodeson the indirectly marked tree. The performance
of TJ1 again is poor on the �rst scene,but aided by caching in subsequent scenes.
TJ2 is slightly slower than an unmarked scene,and requires sometime to compute
the set of indirect marks immediately after the tree is marked.

5.4 Marking e�ciency

Finally, I will show the tradeo�s in marking e�ciency for TJ1 and TJ2. After mark-

ing an entire single tree in TJ1, each node caches the marking color for subsequent

scenerenderings, so marking takes time linear in the number of nodes in the tree

once, then time similar to unmarked rendering for each additional scene. Similar

marking in TJ2 traversesnode structures in the indirectly marked tree, asdescribed

in Section3.3, which incurs a worst-casemarking penalty in TJ2 that is O(n), where

n is the sizeof the topological tree. Sincemarking single trees in TJ1 and TJ2 are

very similar to their individual scenerendering performances,it is more interesting

to consider marking an entire tree while two topologically di�eren t trees, such as

the large contest trees, are loaded.

After marking one contest tree in TJ1, it takes approximately 130 seconds

to render the �rst sceneafterwards, which is approximately 15 secondslonger than

the �rst scenerendered. The �rst scenetakes 115 secondssimply becauseof the

di�erence marks on both treesmust be cached for every node. More time is required
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after marking one tree becausethat single user-de�ned mark adds one more range

that must be consideredduring the color caching process. Normally, these two

trees render in under 1:5 seconds,and this time doesnot changeconsiderablyafter

marking.

After similar marking in TJ2, a delay of lessthan two secondsis required to

traverse the directly marked subtree and compute the list of marked nodes in the

indirectly marked tree, as described in Section 3.3. For TJ2 performancein scenes

beforemarking, the averagerendering time for both trees is 0:3 seconds,while after

marking takes0:5 seconds,becauseTJ2 doesnot cache the marking results per node

and must lookup the color for every node rendered. The tradeo� of nearly doubling

the TJ2 rendering time is mostly related to overdrawing marks in regions. Although

marked region drawing is handled more e�cien tly in TJ2 than in TJ1, it would be

an interesting area of future work to improve this drawing algorithm, perhaps by

culling in areasof many marked regions.

5.5 Evaluation summary

TJ2, built on our new genericAD infrastructure, yields far better performancethan

TJ1 in every category that I measured:preprocessingtime, rendering time, marking

time, node drawing count, and memory consumption. Preprocessingtimes for TJ2

and TJ1 are both linear in the number of nodes,but TJ2 is typically ten times faster

after the datasets have been loaded. TJ2 limits overdrawing and is able to render

a constant number of nodesfor my synthetic star tree examples,while rendering a

fewer number of nodesthan TJ1 for binary trees. For trees with complex structure

that require TJ2 to spend more processingtime per node than TJ1, TJ2 rendersa

much smaller number of nodes,and renders the entire sceneup to �v e times faster

than TJ1. The partitioned grid usedby TJ2 for layout is also�v etimes moree�cien t

than TJ1, allowing much larger datasets to be loaded with lessmemory resources.

Finally, my example of worst-casemarking of the contest dataset comparison for
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TJ2 is an order of magnitude faster than TJ1 for the �rst sceneand three times

faster for subsequent scenes.Moreover, TJ2 achieves its marking time performance

without using up memory to cache marking results, allowing larger datasets to be

loaded.
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Chapter 6

Future Work and Conclusions

6.1 Future work

Mentioned throughout my thesis are several areasof interest that are either simple

additions or more powerful features that would require modi�cations to the accor-

dion drawing infrastructure.

Although we are interested in several di�eren t directions with our generic

infrastructure, we will probably focus on several high-demand areasof TJ2, which

include: editing a tree structure, saving changesto a tree, saving the state of a tree,

replaying a transaction log recorded while navigation a tree, undoing navigations,

and storing a meaningful representation of a transaction history in a human-readable

format. Most of thesemodi�cations will make useof a sophisticated logging struc-

ture. The addition of thesefeatureswould make TJ2 a much more powerful system,

and much more appealing to biologists who need more than just the visualization

system of the current TJ2.

Another area of future work involves adding more attribute capabilities to

TJ2 for operations such as: data �ltering, marking common features, and creating

a true interface to TJ2 that another application can access. By creating an API

for TJ2, we may use a secondapplication to drive the performanceof navigation,

node selection,or editing. TJ2 may act asa navigation component to an application
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that interfaces to a databaseof animal characteristics, for example when selecting

animals that have wings, the animals with wings will be automatically highlighted

when that application sendsthat set of interest to TJ2.

Progressive rendering o�ers two interesting areasof future work. First, we

would like to minimize, or ideally eliminate, the overhead that our infrastructure

incurs when progressive rendering is turned o�, especially when progressive render-

ing is not necessaryand the dataset can be rendered in a single frame. Second,we

would like an automated way to decidewhether progressive rendering should be on

or o�, rather than require manual intervention from the user.

Finally, weenvision the juxtap osition of a phylogenetictree with the sequence

data used to build it by combining TJ2 with SequenceJuxtaposer (SJ) [35]. Since

both TJ2 and SJ use the same AD infrastructure, it would be possible to have

theseapplications sharea set of split lines and for navigation to distort both grids

concurrently. We would also like to investigateadding editing capabilities and more

sophisticated navigation support where collapsing a subtree leads to the display of

an aggregatesequencefor the entire subtree.

6.2 Conclusions

I have presented our accordion drawing infrastructure, which provides rubber-sheet

navigation and guaranteed visibilit y for information visualization applications that

are capable of laying their dataset objects on a grid. Our rubber-sheetnavigation

is numerically stable and provides a scalable, malleable surface for exploration of

large, complex datasets. Accordion drawing also provides an interface to generic

partitioning, seeding,and rendering methods usedto render datasets in time O(p),

where p is the number of pixels on-screen.

Furthermore, my implementation of TreeJuxtaposer on our AD infrastruc-

ture, TJ2, rendersand navigates densetrees correctly with more time e�cien t ren-

dering and layout techniques than its predecessor,TJ1. With compact represen-
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tations of marked nodes, progressive rendering a skeleton of marks instead of an

entire subtree, ascent rendering to guarantee a limit on the number of nodes ren-

dered, �v e times more e�cien t memory performance,accuratepicking, and limiting

the number of nodes rendered for complex trees, TJ2 improvements give users a

more responsive tree rendering with all of the advantagesof TJ1.

Finally, I describe the improvements made for the InfoVis 2003 Contest

on tree comparisons,where TJ1-contest, the improved TJ1 with incremental node

searching and a helpful user interface, won �rst place overall. I present an in-depth

analysis of how TJ1-contest supports many, but not all, of the common functions

usersof tree visualizations require. Our results show that TreeJuxtaposer is a ca-

pable, mature system that supports usersin understanding the complex structures

that exist in real-world datasets.
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Glossary

Accordion Dra wing (AD) : an information visualization navigation paradigm

that supports the stretching metaphor of manipulating data drawn on a mal-

leable surface.,p.2

Focus+Con text : a technique in information visualization systemsusedto display

areasof interest at focal points. The rest of the dataset, the context, is still

displayed in lessdetail. The context provides additional structural semantics

for the focus regions. Global Focus+Context systems,such as AD, show the

entire dataset at all times., p.8

TJ1-con test : an improved implementation of TJ1 with additional user interface

tools, incremental node search capabilities, and other user tools to changethe

appearanceof the tree visualization., p.112

TJ2 : a redesignedimplementation of the capabilities of TJ1 , with improvements

of TJ1-con test , which also usesour new AD infrastructure. Several im-

provements in rendering, marking, and correctnessare described in detail in

Chapter 3., p.4

TreeJuxtap oser (TJ1) : an information visualization application used to navi-

gate and compareseveral rectilinear trees, often phylogenetic trees, as shown

in Figure 1.2. TJ1 is the original implementation of TreeJuxtaposer, as op-

posedto TJ1-contest, my InfoVis 2003Contest submissionversion, and TJ2,

my most recent TreeJuxtaposer implementation., p.2
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ascent rendering : a rendering technique for trees that is topology-basedand

draws nodesalong paths from leavesto the root. We can control the quantit y

of leavesand reducethe number of nodesdrawn per scenefor dense,complex

tree topologies.,p.38

ascent width : the width criteria of subtreesthat we useas a stopping criteria for

ascent rendering . Given as a value relative to block width, a larger ascent

width meansfewer ascents per leaf range, but we are limited to ascent plus

segment width sumsthat are lessthan one-halfblock. With that restriction,

when we �nd a subtree that is wider than the ascent width, we know that it

cannot be drawn as a single horizontal line., p.40

base grid : the lowest quadtree level grid of TJ1, or the grid of split lines of TJ2

that areusedto position topological tree nodeswith the gridding algorithm .,

p.26

best corresp onding node (BCN) : when comparing two or more trees, nodes

are paired up with the most appropriate matching node in every combination

of pairs of trees. This relationship is not always bi-directional and somenodes

do not have a BCN. A BCN value is calculated with the function A\ B
A[ B for leaf

sets A and B under two nodes; the BCN for node N , which is in tree T1, in

tree T2 is the leaf set of the node with a maximal BCN value, in T2, with the

leaf set of N ., p.52

blo ck: the smallestsizeat which a geometricobject is drawn, with the lower limit

of a pixel. This is also known as the minimum feature size, which is equal

to the line width of edgesin TJ2. A block is always someinteger multiple of

pixels and is pixel-aligned., p.33

cell, (base grid) : a region of the base grid , consisting of four lines on the base

grid that form a rectangle,known as: top, bottom, left, and right. The grid cell

102



is used to position a topological tree node for rendering, culling, and picking

in TreeJuxtaposer. Cells for a tree in TJ2 partition the entire basegrid and

do not overlap., p.26

directly mark ed: when comparing two or more trees, a node that a user has

explicitly marked is called directly marked, while a node that is marked in

another tree, as a consequenceof node correspondenceswith directly marked

nodes, is called indirectly mark ed., p.51

dra wing (rendering stage) : third stageof AD renderingassociated with drawing

the seeded marked ranges and split line ranges. The split line ranges are

partitioned according to a previous stage.,p.70

found nodes: nodes that match a searching criteria, such as substring match-

ing in the Found panel, in the incremental search functionalit y of TreeJuxta-

poser. Thesenodesarehighlighted with the highlight color, which is modi�able

through the Group panel., p.120

gridding (algorithm) : the partitioning of a uniform grid usedby TJ2 to assigna

setof grid coordinates, which form a rectangleon the base grid , to topological

tree nodes.,p.28

guaran teed visibilit y : a property information visualization systemsuse to dis-

play important data at the expenseof lessimportant data; important data is

always visible on the screen. TreeJuxtaposer and other AD applications use

both static and progressiv e guaranteed visibilit y paradigms to give users

navigational landmarks in their dataset visualizations., p.5

horizon tal gaps: rendering gaps in ascent rendering that appear if we do not

choose a subtree in a leaf range that horizontally covers all other subtrees.,

p.38
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indirectly mark ed: a node that is not directly mark ed when comparing two

or more trees with user de�ned marks., p.51

in teraction box: a region de�ned by user interaction on an Accordion Drawing

grid, which may be stretched or squishedto reveal more details of datasetsin

regionsof interest., p.60

mark ed data : data that is marked by a user. This data could be user de�ned

with marking or computed using a user-speci�ed function that performs the

marking. For example, when comparing two trees in TJ2, the topological

di�erences are marked data and the unmarked, similar nodes are normal

data ., p.5

mark ed ranges : regionsof interest such as computed di�erences, search results,

user marked groups, and even mouse-over highlighted nodes in TJ2. Ranges

are used to compactly store subtrees and forests of subtrees for quick color

referencingfor nodesduring rendering., p.46

node key: the enumeration value of a particular node in TJ2. We use keys to

identify relationships between nodes by assigningkeys in a pre-order, so the

roots of subtreesare smaller than its descendants, and the entire subtree can

be represented by a single range of integers.,p.46

normal data : data that is not marked but is drawn to provide overall dataset

structure and position of mark ed data ., p.5

overlapping ranges : a pair of node ranges,often with both node rangesmarked,

in TJ2 that are either adjacent, non-unique, or partially overlapping. Two

overlapping rangescan be combined into a single, unique range., p.50

partitioning : �rst stage of AD rendering associated with dividing a split line

range into a set of dra wing ranges. Partitioning precedesseeding ., p.70
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pic king fuzz : a margin of error, which we set to �v e pixels, that allows us to pick

nodes with the mousewithout exact mousepositioning. If a desired node is

in a region where it is not pickable, such as a very denseregion, we expect a

user to stretch its region with accordion drawing to disambiguate unwanted

picking., p.55

progressiv e guaran teed visibilit y : a property of an information visualization

system to use a drawing order that favors mark ed data over normal data

when rendering animation frames. This provides landmarks during naviga-

tion for large visualizations that rely on progressiv e rendering approaches.

Compare with static guaran teed visibilit y ., p.6

progressiv e rendering : is an technique used in several graphics systems that

allow for complex, or otherwise rendering intensive, scenesto be rendered in

several stages. After each stage, the system allows for user interaction or

continues to render the scene.Progressive rendering is necessarywith AD in

TreeJuxtaposersincepartial rendering is fast enoughbut full scenerendering

could take over a second.When an AD application renders,it displays marked

nodes�rst to provide progressiv e guaran teed visibilit y ., p.9

seeding algorithm : the processof enqueuingkey tree nodes, or rangesof tree

nodes, in a drawing priorit y-based,ordered list prior to rendering. Typically,

the list contains enough information to render an entire scene,but rendering

only part of the sceneis also acceptable,especially in progressive rendering

where rendering doesnot dequeueall nodesfrom the list., p.34

seeding : secondstage of AD rendering associated with ordering a partitioned

split line range and any marked rangesprior to dra wing ., p.70

segment width : the partitioning stopping criteria for leaf rangeseeding.Given as

a value relative to blo cks, the larger the segment width, the fewer leaf ranges
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we must processduring rendering. However, if the segment width is too large,

we seegapsin denseregionssincewe only render one leaf per segment ., p.37

segment : a component of a tree partitioning, at the leaf level, which is either the

smallest rendering partition with more than one leaf, or any other rendering

partition with exactly one leaf. We guarantee that only one leaf is drawn per

segment., p.35

split lines : movable lines in an AD visualization application. These lines are

stored in a balanced tree hierarchy, and a�ect regions in their domain by

stretching and squishing their hierarchical children, to reveal areasof interest

while squishing other regions together. The linear order of split lines cannot

be changed and no part of the visualization is ever pushed out of view since

split lines cannot be pushedbeyond their domain boundaries. Split lines are

essential in giving AD applications global Focus+Con text properties., p.60

static guaran teed visibilit y : a property of an information visualization system

to prioritize mark ed data over normal data in single images. This provides

a senseof location for the marked data using the marks as visual landmarks.

Compare with progressiv e guaran teed visibilit y ., p.6
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App endix A

TreeJuxtap oser Task Evaluation

The InfoVis 2003Contest [28] was the inaugural IEEE Symposium on Information

Visualization contest, and wascomposedof several tasks that TJ1 waswell suited to

solve, including its namesake: side-by-side comparisonof trees. Example tasks from

this contest included: detecting structural di�erences betweentrees, characterizing

movements of tree structures, and searching for nodes with given attributes. The

entire list of tasks proposedby this contest are found in the results section of this

appendix, Section A.4.

Three of the major contributions made for TJ1, presented in this appendix,

include: an analysis of the strengths and weaknessesof our TreeJuxtaposer and

Accordion Drawing paradigm for the contest set of tasks; my addition of an in-

cremental search capability for tree node labels; and my addition of an improved

user interface, which greatly improves the usability of TreeJuxtaposer. We call the

version of TJ1 that has search and user interface improvements TJ1-con test [36];

however, this versiondoesnot have the featuresdiscussedin Chapter 3. The results

of the contest were very promising for the future of TreeJuxtaposer: our contest

entry placed �rst overall and gave our work excellent exposure to the information

visualization communit y.

In this appendix, Section A.1 describesthe dataset provided for the contest,

then SectionsA.2 and A.3 describe the interface and search additions made to TJ1
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for the contest, and �nally the analysis for each task in the contest in Section A.4,

as was presented in the contest entry . A summary follows in Section A.5.

A.1 Con test dataset

The contest dataset consistedof three di�eren t typesof trees. The �rst dataset was

a pair of small phylogenetictrees,the seconddatasetwasa pair of largeclassi�cation

trees, and the third dataset was four �le systemtrees.

Phylogenetic treesare constructed from sequencedata and show possibilities

in how each of the speciesrepresented in the leavesare related to each other; ideally

the treesare binary treesbut often are n-ary due to uncertainty in the construction

methods or other biological phenomena. The phylogenetic trees supplied for the

contest werea selectionof bacteria classi�ed with two di�eren t, unspeci�ed methods.

Classi�cation trees are created with a familiar Linn�an, hierarchical struc-

ture where subtreesrepresent groups of similarities in morphologiesof species.The

classi�cation trees in the contest are of the kingdom animalia and are possibly from

two di�eren t sourcesasthey have several di�erences and inconsistencies.Each node

has several attributes, which included Latin names and common, English names;

I generatedtwo classi�cation trees from each classi�cation dataset tree from Latin

and common node names. Becausenot all nodesare supplied with common names,

Latin namesare usedin the commontrees for nodesthat have a Latin namebut no

common name. When I usecommon names,such as mammalinstead of mammalia,

in the results, I am referring to common trees; in most casesLatin treesare usedto

provide solutions for the tasks.

File systemtrees represent the hierarchical structure of a simple �le system.

The four �le systemtreesare snapshotsfrom a university web-siteover a three week

period. Each internal node from this dataset correspondedto a �le systemdirectory

and leavescorresponded to �les in those directories.

The results from the contest in Section A.4 describe analysesof these three
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datasets. When describingeach dataset, phyloA and phyloB are the phylogeny trees,

animaliaA and animaliaA are the classi�cation trees,and logsA , logsB , logsC and logsD

are the �le system trees. However, since the classi�cation and �le system trees are

too large to load simultaneously with interactive rates in TJ1-contest, subtreesare

usedin comparisontasks for those two datasets. The subtreesof classi�cation trees

are mammaliaA and mammaliaB, rooted at class mammalia in the animalia trees,

while the �le system trees are hcilA through hcilD, the human-computer interaction

laboratory web pagesrooted at the hcil directory of the respective logs trees.

A.2 User in terface

Figure A.1 shows the original user interface of TJ1 [24] with the slider, a node

selection box, and buttons to add more trees, toggle di�erences and reset the tree

navigation. All other functionalit y wasaccessedthrough a keyboard-basedinterface,

which required usersto remember keystrokes for most commands. Although some

keyboard actions are essential in TJ1, having usersremember too many keyboard

commandsis cumbersome.Somekeystrokesinvolved advancedtasks that usersnot

familiar with the systemwould not haveunderstood and areonly usedfor debugging;

many mapped keys were not transformed into menu options.

Figure A.2 shows the contest userinterfaceof TJ1-contest with a menu panel.

The most interesting parts of the system included with this panel are Find and

Tools . Find replacesthe drop down box with the Found panel dialog, as seenin

Figure A.6 and is described in Section A.3. Tools contains the two option panels

Groups and Settings . The additions of the two Tools panelsprovides the original

options, somenew options, and state information that was previously hidden and

made TJ1 hard to use.

In Figure A.3, Groups gives the user information about the currently resiz-

ing and marking groups in the top and bottom halves of the panel, respectively.

The radio buttons between the color canvasesand the labels collectively show the
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Figure A.1: TJ1, from [24], beforemodi�cations for the InfoVis 2003Contest.

currently selectedgroup for both actions; the canvasesthemselvescan be clicked to

change the marking color for that group. The buttons Bigger and Smaller allow

the user to resize the resize group and Reset resets all tree views to their initial

state. The radio buttons besidethe options Horizontal , Vertical , and Both allow

the user to choose how the resize group will act when growing bigger or smaller;

Both resizesthe group vertically as well as horizontally.

In Figure A.4 Settings o�ers somemore options. The sliders on the panel

Line Width and Label Density give control over the width of the edgesin the
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Figure A.2: TJ1-contest with title bar modi�cations for the InfoVis 2003Contest.

tree, by default set to one pixel wide, and the density of the labels. At maxi-

mum density towards the left of Label Density , labels are squeezedtogether and

adjusting the slider to the right increasesthe bu�er spacebetween labels, e�ec-

tiv ely decreasingthe label density. Font sizes are also adjustable in this panel,

and TJ1-contest uses the Minimumand Maximumvalues to draw labels as large

as LabelDensity and other screenspacefactors allow. Other check boxes in the

panel include: Linked Navigation for interactively resizing subtreesconcurrently,

ShowDifferences and ShowLabels for selecting features to seeand Dimmingfor

marked and unmarked nodes.
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Figure A.3: The TJ1-contest Groups panel added for the InfoVis 2003Contest.

The toggle buttons and check boxes in the Groups and Settings panelsare

also important for showing state of each of the properties they represent. Versions

of TreeJuxtaposer prior to TJ1-contest, without indications of state, were quite

di�cult to use. State continues to be an issuein the development of new features

and more recent versionsof TreeJuxtaposer,including TJ2, usethe Debugpanel for

displaying critical state information. Future improvements to the user interfacesare

quite likely with the addition of features such as choosing tree orientations.

A.3 Incremen tal search

We determined that when analyzing the contest tasks that an improved searching

tool wasnecessaryfor TJ1-contest. The searching tools are usedto �nd a node with

a particular label; a found node is marked with a highlight color and can be grown

with a typed keyboard command: b for bigger and s for smaller.

TJ1 had only a drop-down selectionbox, as in Figure A.5, which was sorted

alphabetically by node label. Theseearly versionscould only highlight a singlenode

at a time. To �nd a node of interest, the entire list had to be scrolled through, a

time consumingprocess;typing letters while the drop-down box was selectedwould

also jump to the next node in the list starting with that letter but was still not
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Figure A.4: The TJ1-contest Settings panel added for the InfoVis 2003Contest.

e�cien t. Unfortunately, Java implementations of drop-down boxesdo not scalewell

with several thousand nodes. With more than two thousand nodes in TJ1, the

drop-down box is very slow and usestoo much memory; the drop-down box itself is

a major memory bottleneck in scalability.

The sorting and typing methods were also not at all useful for searching for

known strings that did not occur at the start of the node names. There were also

some problems with nodes that are not uniquely named. TJ1 makes the list of

nodes in the drop-down box unique and although it attempts a renaming scheme,

the scheme did not work properly: labels were also changed making navigation

di�cult whereasTJ1-contest distinguished betweennames,in searching, and labels,

in displaying nodes.

We identi�ed the need for an interface where a user could type in their

query and have multiple nodes selected,preferably with performance that would

lead to real-time analysis as usersentered search strings. The searching approach

in TJ1-contest is basedon the kind of incremental search commonly seenin Emacs

or Mozilla. When a user types in a search query in these dynamic searching sys-
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Figure A.5: The TJ1 selection box was a drop-down box. The selection box was
di�cult to useand did not scalewell.

119



tems, partial search results appear highlighted; in Emacsall search results are high-

lighted, while Mozilla highlights only the �rst such match. Sincethe drop-down box

approach was spacelimited, the Found panel, as shown in Figure A.6, was added

to TJ1-contest to keepthe layout around the canvas uncluttered. This detachment

meant that the searching dialog could be extendedto show only the multiple match-

ing results and include a query entry box. Matching results appear as a re�ned list,

sorted alphabetically by name, in the Foundpanel dialog and only nodes that con-

tain the search string appear in the list. Items in the list are by default selected

as the list changeswith the entry of a query. The list selectioncan be changedby

the user using the usual list selection techniques: a click selectsa single item, a

shift-click will select a range of items and a control-click will select multiple items

in the list.

The matching selectedresultsappearashighlighted found nodes if the total

number of selecteditems is lessthan 200; too many matchesare not visually useful

in the tree layout. Searching incrementally would be slow if every letter for a query

entry requiresa new search on the total number of nodes. To make the query entry

processmore interactive, lists of partial search results are cached so searching can

usethe partial results instead of the entire set of nodes.

The caching storesall previoussearchesthat partially match the query string

starting with the �rst letter. New queriesarefound in the cacheby �nding previously

cached results that match the �rst part of the string. If the cache contains results

for the query string except for the letter at the end of the string, then the cached

list is re�ned by the new query and stored in the hash table with a key of the new

query string.

Initially , the cache starts empty. The �rst letter that a user enters cachesall

entries that contain this letter. For example, supposeI want to search for dolphin.

If I enter d, nodessuch as dolphin, duck, dog, bird and armadil lo are selected.Next,

when I enter o, making my search string do, the search will start with the cached
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Figure A.6: The TJ1-contest Foundpanel added for the InfoVis 2003Contest.
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result for d and the nodesduck, bird, and armadil lo will be excludedfrom the cache

for do. The cache for do will contain nodes such as dolphin and dog. Further

re�nements will reducethe search result and useprevious cachesfor a more e�cien t

search time as the search string gets longer.

This approach is reasonablefor progressive searches since the typical use

of this tool is entering queries starting from the �rst letter with possible editing

changesif the search fails. Searches that needto be entirely rebuilt, for example if

dolphin is currently entered and the �rst letter is deleted to search for olphin, are

reasonablyfast as well, but the system is not optimized for those cases.

However, the caching technique usedfor interactive searching doeshave the

drawback of excessive memory consumption over time for the cached results. The

reduction of memory is done with a least recently used(LRU) caching method and

only the last 200search results remain in the cache. Queriesthat do not match any

nodes in the tree and hencewould have an empty list of nodes in the Found panel

are not cached and do not a�ect the LRU cache.

A.4 Con test results

The following gives an overview of the sets of tasks given for the contest and the

results I obtained by using TJ1-contest to solve each of the tasks. The full details

of my investigations, including detailed, higher resolution imagesfor each task and

videos for someof the tasks, are also available [36].

A.4.1 Tasks suited for TJ1-con test

In this sectionof the results, I present the details of contest tasks that I solved with

TJ1-contest. I explain why each task is relevant in the context of how TJ1-contest

is usedto make analytical contributions. I present each task sectionand detail each

task, stating the original task and someexplanation as to the scope of the task for

TJ1-contest related analyses. Sometasks include an ordered list of steps that are
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usedto produce interesting visualization output, where necessary.

� Comparison of multiple trees for top ological changes

In this section, I determine the suitabilit y of TJ1-contest for comparisontasks

for di�erences betweenseveral trees. Thesedi�erences are topological changes:

the topological similarities in internal ordering of subtrees, which nodes are

added, which nodes are deleted, and which nodes move. We consider the

small and large scaledi�erences as equally important sincedetection of small

changeshas implications in many applications of tree comparison.

{ Where doesthe topology change?

This question poseslittle di�cult y for TJ1-contest since the application

is built for this type of analysis. I was able to determine where the

topology of each tree changed and I also investigated regions of change

to determine the scaleof each changerelative to each dataset.

� I expand the visible computed di�erences, which marks changesin

the tree topologies,to view them in greater detail.

� Mouse-over highlighting in TJ1-contest helps me analyze large scale

topology changesas well as individual changes.

� Subtreeswith identical topology are not marked di�eren t, so I can

focus more e�ort on the interesting parts of the trees.

� mammaliaB di�ers from mammaliaA mainly by leaf additions. See

Figure A.7 for the TJ1-contest representation of the datasets.

� hcilA through hcilD do not changemuch topologically. SeeFigure A.8

for the four-way comparison in TJ1-contest.

� phyloA and phyloB have identical leavesbut are topologically di�eren t

in several locations. The topological similarities can also be seenin

Figure A.9 due to the relatively small sizeof this dataset.

{ Which nodesare added, deleted?
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Figure A.7: Contest trees mammaliaA and mammaliaB comparedusing TJ1-contest.
We mark the topological di�erences betweenthesetwo trees in red. The di�erences,
in red, are fewer than in Figure A.26, which usescommon English instead of Latin
names.

TJ1-contest also easily handlesnode additions and deletions. I am able

to determine exactly where nodes are added or removed by examining

the di�erence-marked regions.

� Additions to leavesare marked as di�erences in the secondtree.

� Deletions to leavesare marked as di�erences in the �rst tree.

� Node di�erences propagate to the root if subtree leaves did not

match.

� Wedo not mark the root nodesasdi�eren t if the leavesareconserved,

as in Figure A.9.

� mammaliaB shows more leavesnot in mammaliaA than the converse.

� Figure A.10 shows the additions and deletions in two classi�cation

subtrees: genus pteropus and family pitheciidae.

� hcil tree leaves show mostly additions and somedeletions

� The changesin hcil that are not shown are �le modi�cations, which

are attribute based,but would be more interesting since this action

is probably morecommonthan creating new �les or deleting old �les.
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Figure A.8: Contest trees hcilA, hcilB, hcilC, and hcilD comparedusing TJ1-contest.
We mark the topological di�erences betweenthesefour trees in red. There are few
di�erences among all these trees, which allowed me to manually identify each of
them using TJ1-contest.

Figure A.9: Contest trees phyloA and phyloB compared using TJ1-contest. We
mark the topological di�erences between these two trees in red, which made my
investigation of this relatively small dataset simple. Notice how none of the leaves
are di�eren t, which indicates no leaves are added or deleted from these trees; due
to our comparisonprocess,we do not mark the roots of subtreeswhen only leaves
move topologically.
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Figure A.10: Detailed di�erences of pteropus and callicebinae show additions of
pteropus from mammaliaA to mammaliaB, while callicebinae shows deletions in that
direction.

� In Figure A.11, I show the additions and deletions in two �le system

directories: counterpoint and iv03contest.

� In Figure A.9, no additions or deletions are present in the leaves of

the phylo trees,but the topological structure haschanged. I can also

claim that all leaves in these datasetsare conserved since the roots

of either tree are not marked, which is a property of the comparison

functions usedby TJ1-contest.

{ Did any nodesor subtreesmove? Can movements be characterized?

This section asks the hard question of general structural tree analysis

and classi�cation of those topological changes. Although I was not able

to �nd and categorizeevery seriesof movements for signi�cantly di�eren t,

large datasets, I was able to characterize several movements in each set

of dataset trees, especially for the small but complex phylo datasets.

� I discoveredtopologicalmovements by examining markeddi�erences,

computed by TJ1-contest when the datasetsare initially loaded.

� When a complete, topologically unchanged,subtree moves to a new

parent, I am able to locate the di�erence at the level of the new and
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Figure A.11: Detailed di�erences of directories counterpoint and iv03contest show
additions through the progressionof the �le system over time. The trees are hcilA,
hcilB, hcilC, and hcilD, from left to right. In hcilA and hcilB, the iv03contest directory
doesnot appear since it has yet to be created.

old parents in both trees as marked di�erences.

� There is no automatic characterization of movements in TJ1-contest,

so I had to examineand characterizeall movements found manually.

� I found a few subtreesthat moved in the mammaliadatasets.

� Figure A.12 shows onecomplexmovement I found: pitheciidae splits

into two subtreesand is reparented under cebidae from mammaliaA

to mammaliaB.

� I determined that no nodes move in the four hcil trees, and node

additions and deletions are noticed at the leaf level, although some

structural, �le system subdirectory additions are also made above

the leaf level.

� Most leaves move in phylo trees, only a few small subtrees remain

topologically similar.

� In Figure A.13 I show the most topologically similar subtree,marked

in the phylo trees,which hasseven leaf nodesin an identical topology

but since TJ1-contest does not reorder nodes, they appear as they
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Figure A.12: Movements of cebidaeand pitheciidae from mammaliaA to mammaliaB.
In mammaliaA, the two nodesare roots for two unique subtrees,but in mammaliaB,
pitheciidae becomestwo separatesubtreesrooted under the cebidaesubtree.

appear in the dataset �le.

� General visualization of tree top ology

In this section,we focuson more generalvisualization solutions to understand-

ing the tree topology. I can solve most tasks with single tree visualizations

and require neither tree comparisonsnor speci�c tree datasets.

{ How large is the tree? How many levels deep?

We interpret the sizeof the tree as the set of numbers that characterize

the tree such asfan-out, tree depth, maximum branching factor, and total

number of nodes. We considerexplorations of subtree properties as well

as the entire tree dataset.

� I determined the tree size, which is the total number of nodes in

the dataset, by examining the density of leaf nodes; trees with a

branching factor of at least two have more leaves than total nodes

and each leaf node in TJ1-contest is initially assignedequal vertical

screenspace.

� I estimated the density of leaves by scrolling through one leaf at a
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Figure A.13: I marked the largest subtree that remains structurally intact between
phylogenetic trees phyloA and phyloB. Although the subtrees are not exactly in
order, I usedTJ1-contest to determine that they are still topologically identical.

time, with up and down arrow keys. For large trees,the time to scroll

through the leavesby holding an arrow key down is also e�ectiv e.

� The methods I used to determine tree depth in di�eren t regions of

the trees were not exact. In TJ1-contest, nodesare dimmed relative

to their depth; the root is black and nodes are more dim deeper in

the tree. Regionsof dim nodescorrespond to many adjacent internal

nodes.

� Deeptreesshow a color gradient for depth and becauseof this, deeper

subtreespop out.

{ What is the path of a given node?

This section is also quite straightforward in TJ1-contest. Once I found a

node with the Foundpanel, the path to the root node was followed with

the left arrow key. I marked, or expanded, the path with the standard

marking, or expansion, methods for individual nodes as the path was
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Figure A.14: The path from the root nodeanimalia to the leaf nodehomo sapiensis
shown in tree animaliaA. Although the path is shown expandedhere,the path may be
seenin the sametree with no expansionto understand the overall, unaltered location
of any node path in a complicated, densetree. The path is manually expandedby
following the path towards the root with the left arrow key and vertically stretching
each internal node.

followed.

� I found the ascent path starting from any node to the root interac-

tiv ely with the left arrow key.

� In Figure A.14, I marked and expandedthe path from homo sapiens

to animalia manually.

{ Local relatives: what are the children/siblings/cousins of a node?

This section deals with more complicated structure than the previous
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section. I found the related nodes using the arrow keys to navigate up,

down, and through the breadth of even the densestregions of the tree

datasets.

� I found children by using the right arrow to get the �rst child and

then the down arrow to scroll through siblings.

� I found the siblings using the up and down arrows to scroll through

each child of the common parent.

� Cousinscan be found using the up or down arrows as well. When I

scroll beyond the �rst or last child, spatial cousinsare highlighted;

the actual meaningof cousinsis not well de�ned for this task and spa-

tially adjacent nodesseemedthe most natural approach for cousins.

We de�ne cousinsas the topologically highest node that is spatially,

vertically adjacent to a speci�c node.

{ Which branch has the largest number of nodes?Largest fan-out?

The task of determining the largest number of nodes is also relatively

simple with TJ1-contest. When the largest branch is much larger than

all other branches, I can easily determine which branch is largest since

TJ1-contest initially assignseach leaf node to an equal vertical spaceand

allocatesthe vertical spacefor internal nodesfrom the outer-extreme leaf

nodes.

� The number of leavesdetermineshow vertically large internal nodes

are sinceTJ1-contest initially assignsleaf nodesequal vertical screen

spaceto leaf nodes. Navigation breaksthe equality when onesubtree

is stretched vertically.

� Marked leaves of subtrees can be visually compared; I can mark

subtreesto make estimateson subtreesizerelative to the entire tree.

� In Figure A.15, I highlighted the users group to determine how large

the group is relative to the entire logsA dataset.
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Figure A.15: The subtreeusers, markedblue in the tree logsA , shows the relative size
of the subtreecomparedto the overall tree size. SinceTJ1-contest initially allocates
identical vertical screenspacefor each leaf node, this method of comparing subtree
fan-out can only be demonstrated on a tree that has not beenstretched or shrunk.

� For immediate feedback, I usethe bounding box for a subtree,which

is shown while hovering over the subtree root, to rapidly determine

subtree size in a similar manner.

� General visualization of tree attributes that can be aggregated

This section of results focuseson techniques of understanding tree attributes

with general datasets. Since TJ1-contest could not solve many attribute re-

lated tasks, this section deals mostly with the aggregated analysis of tree

structure, which meanssimple analysis of subtrees. Again, these tasks only
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require singletree visualizations and neither tree comparisonsnor speci�c tree

datasets.

{ What is the number of nodesin a subtree?

TJ1-contest does not fully support this task, but I found an approach

that is su�cien t yet not immediately obvious.

� TJ1-contest doesnot display the number of leaf nodesfor each sub-

tree so I can only determine relative quantities using the tree visual-

ization.

� I can determine the total number of named nodesin a subtree using

the Found panel with a fully quali�ed naming structure, but this

solution is not elegant.

{ Comparison of branchesof the tree: subtreeswith most nodes

This task focuseson determining properties of a subtree that I can use

TJ1-contest to quickly analyze. I can examine several subtreesconcur-

rently to estimate the relative number of nodesis each subtree,but exact

numbers of nodesare beyond the capabilities of TJ1-contest.

� I comparesubtreeswith the Found panel and fully quali�ed names.

I usethe naming structure from the dataset and the results from the

Foundpanel to selectstructure in the dataset visualization.

� I selectnodesstarting with ===animal=mammal to show the number

of mammals.

� By entering mammal into the Found panel for animaliaB, I found

mammal-nest beetles, which are not mammals.

� There are very few non-mammals with mammal in their name; I

deselectedthe non-mammals in the Found panel to �nd the root

of the mammal subtree. I could have arrived at the sameresult by

searching for and selectingthe ===animal=mammal tree directly from
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Figure A.16: mammals and bony �shes marked in animaliaB, which we can use
to determine the relative sizes for these two subtrees. The mammals subtree is
approximately half the size of the bony �shes subtree. The dataset has not been
skewed by navigations so each leaf node is assignedequal vertical screenspace.

the entire dataset, but that is slower than my method of pruning the

tree.

� I could then grow the ===animal=mammal subtree or mark it for

simultaneous visual comparisonswith other interesting subtrees.

� By marking as described, I produceFigure A.16 with mammals and

bony �shes marked in di�eren t colours.

� General visualization of kno wn items

This section deals with visualization of known items in generic datasets. In
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this context, nodesare consideredto be known in the sensethat searching for

a particular node with knowledge of the name or path to the node from an

ancestornode is generalknowledge.

{ Which nodeshave a label containing the string gira�e ?

This task is straightforward with TJ1-contest using the capabilities of

the Foundpanel.

� I type gira�e into the Found panel and all gira�e s are highlighted

with the colour of the Found group.

� I resizethe Foundpanel results for the Found group using the Groups

panel.

� Figure A.17 shows the result I achieved after searching for gira�e in

animaliaB.

{ Locate a node knowing its path.

This task requires the navigation control of TJ1-contest. I browse the

tree, directed by the hierarchical naming structure, using interaction

boxes created with mousecontrols.

� I can either use the Foundpanel to �nd a node of interest if I know

the label or browse through the tree structure from the topological

root if I am interested in a node along a known path.

� If the full path is known, browsing the tree with mouse-over high-

lighting may be faster than searching every leaf node.

� I also reducesearching by starting closer to results using the Found

panel to locate well-known internal nodes.

� The Found panel method is especially helpful with bushy subtrees;

browsing is di�cult when viewing the children of a node with a

branching factor larger than the number of vertical pixels on screen.

{ Go back to a node you have visited before.
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Figure A.17: Result of gira�e search in animaliaB, achieved by searching using the
Foundpanel and growing the results for the Found group in the Groups panel.

This task would have madenavigation in TJ1-contest much easier,but is

left for future work in a more generalapproach to all Accordion Drawing

applications.

� There is no explicit undo feature in TJ1-contest.

� I could return to a subtree after exploring other parts of the tree by

marking interesting subtreesto either remember where I was or use

the Group panel to grow the marked tree.

� General visualization of lab eled items

This section relies on the labeling provided by TJ1-contest to give context of

tree topology as well as readily available information for visible nodes with
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enoughscreenspaceto display a label.

{ Review all the labels in a subtree

This task is not possiblein the visualization of denseareasof a dataset,

but TJ1-contest can extract labels with the Found panel if this is the

case.

� All labels in a subtree can be extracted through the Found panel.

This technique is not necessaryif a subtree is not too densesince

labels that have enoughspaceto draw are shown in the tree visual-

ization.

� TJ1-contest limits results in the Foundpanel to nodesmatching the

keyed-in entry . If I wanted to seeonly nodesin a particular subtree,

such asmore nodesthan the Foundpanel displays with direct match-

ing, I could �nd the subtree with the panel, grow the subtree root

node and then review the labels of the subtree.

� I could examineall labelson the subtreeusing mouse-over highlight-

ing or by su�cien tly decreasingthe node density. We can also lower

the font size or individually stretch sections of the subtree to see

more labels.

� General navigational visualization and bro wsing

This section focuseson the navigation abilities of TJ1-contest. Following a

known path in the dataset with TJ1-contest is powerful when I want to browse

the topology with no prede�ned speciesof interest. We are not limited to

following a naming structure sinceit would also be useful to follow properties

of a tree, should they exist, that are not related to the displayed labels. An

exampleof this directed browsing would be manually exploring the computed

di�erences in a tree.

{ Explore the tree by performing a seriesof up and downs in the tree: you
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are looking for a cute animal. You look into mammals, then primates,

then gorillas, and chimpanzees,but you realize that they are not that

cute. You then go to felines, to tigers and cheetahs.. .

This task is straightforward in TJ1-contest with the mousebrowsing and

navigation tools. Mouse-over highlighting, mouseresizabletrees and the

keyboard interface are all useful tools depending on the user and the

exploration task.

I performed the following to explore the animaliaB dataset:

1. I grew vertebrates, mammals bigger using mouse-over highlighting to

�nd the item, then typed b to make the tree larger, using the Group

panel to �rst ensureI was making the mouse-over group larger.

2. I found primates in mammals, then resized it with the interaction

box growing method, �nding that great apes; goril la and chimpanzee

appear in the great apes subtreewhengrown using the samemethod.

3. I usedthe mouseto highlight primates, then repeatedly pressedthe

up arrow key until carnivores was highlighted since mammals was

too densein the region outside of the grown primates; denseregions

are easyto step through with the keyboard arrows.

4. I then grew the carnivores selection,again with the keyboard, until

it was large enoughto seethe cats subtree.

5. Using the mouse, I grew the felinae subtree enough to seecheetah

and tiger . . .

{ Following those steps, I produced Figure A.18.

� General managemen t of analysis

This section dealswith general techniques that TJ1-contest usesfor analysis.

Namely, this section only deals with marking nodes of interest since other

analysis methods addressedby this section such as editing, saving settings
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Figure A.18: Result of browsing for cute animals in animaliaB. We marked tiger and
cheetah sincethey were the cutest animals. This �gure also shows multiple areasof
focus in TreeJuxtaposer,while still providing context with the squishedregions.

and a history of analysis are tasks that we are unable to complete with TJ1-

contest.

{ Marking nodesof interest

TJ1-contest usesmarking for many di�eren t functions such as resizing

or a pseudo-history of navigation when I proactively mark regions that

are visited. We consider marking to also include computed di�erences,

search results and mouse-over highlighting groups.

� We can mark up to four UserGroups to highlight nodesof interest.

� Our granularit y of marking is either node or subtree.
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� We can mark multiple nodesor subtreesin each group.

� A node may belong to multiple groups simultaneously.

� The last group selectedwill be visible over other marks. The groups

may be cycled through, with the graphical interface or using key g,

to selectthe current marking group and changethe priorit y of marks.

� We mark the best corresponding node on each tree if more than one

tree is loadedand if that node hasa correspondenceto a usermarked

node.

� Application speci�c tasks section with phylogenetic trees

This section dealswith the tasks related to phyloA and phyloB datasets, con-

structed by evaluating genomicproperties of two proteins.

{ Map the similarities between the two tree topologies,which would indi-

cate co-evolution and possibly where two proteins were not co-evolving

This task is one of the strongest abilities of TJ1-contest. Similarities

are instantly visible in these small datasets as the nodes that are not

marked as di�erences. The largest unmarked subtreesare indications of

co-evolution. The following was noticed:

� The leavesin phyloA wereall in phyloB and vice versa. SeeFigure A.9.

� Someleaf nodeshave identical namesin the sametree.

� My analysis of TJ1-contest assumedall leaves have one-to-one re-

lationships using a renaming scheme for identically named nodes.

However, sincethe best corresponding node criteria is only onto, the

renaming processto disambiguate similarly named nodes, namely

appending a number to the node namebut not the node label, might

have a�ected the computed di�erences. The best naming scheme

to produce the fewest di�erences or largest similar subtrees is not

determined.
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Figure A.19: The three most topologically similar subtreesmarked in phyloA and
phyloB. The leaf assignment and renaming is automated and the leaf relationships
cannot be edited for a better matching.

� TJ1-contest is only able to automatically assignbest corresponding

leaves;editing leaf relationships was not possible.

� Di�eren t leaf relationships produce di�eren t tree comparisons.

� A subtree of 7 leaf nodesmatches topologically. SeeFigure A.13 for

this subtree marked, in the phylo trees.

� Another subtreeof 5 leaf nodesnearly matcheswith only oneinternal

node topologically di�eren t.

� A third subtree of 8 nodesnearly matcheswith three internal nodes

topologically di�eren t.

� SeeFigure A.19 which has the three most topologically similar sub-

trees marked in phyloA and phyloB.

� Application speci�c tasks section on classi�cation trees

This section deals with the tasks related to comparisonsof mammaliaA and
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mammaliaB datasets as well as other visualization tasks with animaliaA and

animaliaB. Comparisonsare not donewith the animaliadatasetssincethey are

too large to evaluate with TJ1-contest.

{ To what extent are the di�erences in the classi�cations due to di�erences

in how animals are thought to be related?

{ Are there other kinds of di�erences and can you explain them?

Thesetasks intend to ask generalquestionson typesof di�erences found

during explorations of the mammaliaA and mammaliaB dataset compar-

isons. Although there were many di�erences found with TJ1-contest, I

was able to classify each style of di�erence that I investigated as one of

the following: an addition where nodes, typically leaf nodes but possi-

bly including their ancestorsas well, exist in mammaliaB but are not in

mammaliaA; deletions, which are opposite from additions; and subtree

movements where whole subtreesare re-rooted.

� I determined that the di�erences are mostly due to: additions to

the tree, deletions from the tree, and slight modi�cations such as

splitting where a leaf node in animaliaA becamea subtree with chil-

dren in animaliaB. SeeFigure A.10, which shows leaf additions in the

pteropus subtree and leaf deletions in the callicebussubtree.

� I quantify additions and deletionson the leavesby examination of the

rough quantit y of marked di�erences in the leaf level sincethe leaves

are equally spacedat that level; the amount and location of marked

di�erence indicate the distribution of added nodes. SeeFigure A.7,

which shows the relative number of additions for mammaliaB, on the

right, as large regionsof di�erence while mammaliaA, on the left, has

had a few leaves deleted.

� I highlighted the rodentia subtree, a high-level classi�cation group,

with blue in animaliaA, then the rodentia subtree in animaliaB in
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Figure A.20: rodentia subtree marked in mammaliaA and mammaliaB. The subtree
is �rst marked in mammaliaA in blue and then marked in mammaliaB in green. The
green marking in mammaliaB overwrites the blue in mammaliaA since the green is
currently at a higher priorit y for all dataset views. No blue marks exist outside of
the green marked subtree, which indicates that no rodentia from mammaliaA are
misclassi�ed as something other than rodentia in mammaliaB.

green. After these actions, there were no blue nodes visible in the

mammaliaB greensubtree. This allowed me to visually concludethat

no speciesclassi�ed under rodentia in mammaliaA wasclassi�ed under

anything but rodentia in mammaliaB.

The green marks did not cover the blue marks in mammaliaA com-

pletely, which indicated that mammaliaA had more species classi-

�ed in the rodentia subtree than mammaliaB; marking rodentia in

animaliaB had the same results in animaliaA. Similar results with

other large subtrees implied that, although not a complete investi-

gation, the mammaliatrees showed mostly di�erences in lower level

nodes;seeFigure A.20 for the result using TJ1-contest.

� Somedi�erences such as the movement of pitheciidae from primates

in animaliaA to cebidaein animaliaB were found through exploration;

the subtree marking capability sped up the exploration process,as

shown in Figure A.12.
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Figure A.21: animaliaA displayed in its entiret y with common names. This tree has
190; 265 total nodes,154; 922 of those nodesare leaves,and has a height of 16.

{ Can you say in how many di�eren t subtreesa particular common name,

such asdolphin or horse, is used?How closelyare theseanimals related?

Thesequestionsare answeredquite easily by TJ1-contest with the Found

panel. Guaranteed visibilit y is able to show how closely the animals are

related and multiple focuspoints allowed me to view all resulting matches

concurrently.

� With animaliaA, asin Figure A.21, using fully quali�ed names:Found

panel returns 53 leaf and non-leaf dolphins, seeFigure A.22.

� Of the 53 positive search results, only myzomelaadolphinae was

probably not namedwith respect to phylogeny or morphology of
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Figure A.22: Result of dolphin search in animaliaA with common node names. 53
leaf and non-leaf dolphins were found using the Foundpanel.

dolphins, sincedolphin only occurs as a substring.

� Many of the search result dolphins were found in the marine

dolphins hierarchy.

� Search for horse: Found panel returns 47 leaf and non-leaf horses,

seeFigure A.23.

� In addition to mammalian horses, horse appears in many dif-

ferent subtrees across di�eren t parts of the classi�cation tree:

arthropods, insects, seahorses, and snails.

� The animal specieswith horse in their names are not closely

related at all.
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Figure A.23: Result of horse search in animaliaA with common node names. 47 leaf
and non-leaf horses were found using the Foundpanel.

� Several horse-named roots of subtrees exist, such as horsehair

worms and horseshoe crabs, which include only speciesthat do

not have horse in their names. These species are all lacking

commonnamesin mammaliaA and are therefore labeledwith the

fallback: Latin names; perhaps their common namesdo/would

include horse.

{ Are common namesa good guide to understanding relationships?

This task concludesthe statements and �ndings from searchesfor dolphin

and horse.

� Common namesare not a good guide to understanding relationships.
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Several common names were investigated and results would indi-

cate that common names are used frequently to describe morpho-

logical featuresof yet unclassi�ed and unnamed classesof speciesor

of speciesthemselves.

� Common nameslack structure and do not have the samesomewhat

hierarchical classi�cation structure as their Latin equivalents. The

Linn�an systemof categorizingspecies,into several layerscommonly

referred to as a classi�cation tree, is also usedto provide a standard

for further classi�cation.

� Common names may have, for example, historical or geographical

in
uences and therefore are most of the time not helpful in under-

standing relationships in all cases.

� One classi�cation may even look di�eren t from an identical classi�-

cation tree if a naming convention is not adheredto: for example, I

found that marmota vancouverensis is vancouver island marmot in

mammaliaA while mammaliaB labeled the samespeciesas vancouver

marmot . SeeFigures A.24 and A.25, which are identical, expanded

sectionsof common and Latin versionsof the mammaliatrees under

the class marmota, but show the many naming di�erences in the

common tree versusthe Latin tree.

� Somecommon namesmay be simple and included in other common

names: horse occurs in seahorse; the Foundpanel was able to focus

in on sections of specieswith user de�ned selections in the search

window.

� For speciessuch asdolphins that arenot expectedto occur frequently

acrossdi�eren t species,it wasinteresting to seenon-mammalsoccur:

a mollusk, two bony �shes, a perching bird; they may either have

dolphin-like morphological properties or dolphin in their name by
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Figure A.24: The classmarmots subtree expansion in mammaliaA and mammaliaB
with commonnames.Note how in this tree vancouver island marmot and vancouver
marmot , the samespecies,is marked as di�eren t sincethesenamesare not unique.
Comparewith Figure A.25 in which this speciesis calledmarmota vancouverensis in
both casesand is therefore not marked as a di�erence. This is a caseagainst using
common names as a classi�cation structure if there is no concensuson a unique
speciesname.

Figure A.25: The classmarmota subtree expansionin mammaliaA and mammaliaB
with Latin names. Note how in these subtrees the species called marmota
vancouverensis is consistent and agreed upon by both datasets. Compare with
Figure A.24 in which this speciesdoesnot have an agreedupon common name and
therefore marked as a di�erence. This is a casefor using Latin namesas a classi�-
cation structure since they are more likely to be unique and agreedupon, at least
in all examplesI found in thesedatasets.
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Figure A.26: Contest treesmammaliaA and mammaliaB comparedusing TJ1-contest.
The topological di�erences between these two trees are marked in red. The di�er-
ences,in red, are more plentiful than in Figure A.7, which usesLatin instead of
common English names.

someother origin such as adolphinae, which I determined to possi-

bly meansomething mountain-related after referring to the common

name found in a web search, from myzomelaadolphinae.

� Common names were useful for providing recognizablenames but

they dramatically impede comparison. Figures A.26 and A.7 show

the largenaming problemsasdi�erences betweenthe respective com-

mon and Latin versionsof the samemammaliatrees.

{ How many speciesare named after biologists named Townsend in both

the Latin and common name trees?

{ Can you look at the pattern of namesto deducewhere in the world or

on what kinds of animals Townsendmight have done research?

This is a more general question of basically determining the usefulness

of Latin trees, or common trees, to deducecertain reasonswhy a species

hasa particular name. In this task, the commonalitiesusedto determine

origin of speciesnamesare biologists named Townsend.

� Latin animaliaA, Figure A.27: 51 leaf and non-leaf Townsendnodes
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Figure A.27: Result of Townsend search in animaliaA, with Latin names. 51 leaf
and non-leaf Townsendnodeswere found. It is evident that the results are not of a
particular classof animals, but spreadout in the animalia kingdom.

were found.

� Common animaliaA, Figure A.28: 45 leaf and non-leaf Townsend

nodes

� SomeLatin namesappear in commontreessincenodeswith no com-

mon name used the Latin name as a label. The only purely com-

mon namesreturned by the search that I recognizedas commonare:

townsend eualid, townsend snapping shrimp, townsend's chipmunk,

townsend'sdwarf gecko, townsend'sground squirrel, townsend'smole,

townsend's pocket gopher and townsend's vole. More of these are

larger species,most in the rodents subtree, which might be indica-
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Figure A.28: Result of Townsendsearch in animaliaA, with common names. 45 leaf
and non-leaf Townsendnodeswere found. It is evident that the results are not of a
particular classof animals, but spreadout in the animalia kingdom.

tiv e that most large speciesaregiven commonnamesfor this dataset,

but that is uncon�rmed.

� Namesreturned in the search did not show a clear pattern that could

be used to deducewhere in the world biologists named Townsend,

or geographicallocations with Townsend in their name, might have

done research. Furthermore, there is no indication that there was

only a single biologist named Townsend.

� Common names give a range of possible geographic locations for

types of chipmunks, shrimp, and bats. It is not possible that all

Townsendanimals werecohabitants of the samegeographiclocation.
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� The search returned quite a rangein the classi�cation tree and, there-

fore, the search highlights were distributed throughout the tree.

{ Spirulida and spirurida are two nodesin two di�eren t subtrees. If a user

types in the wrong one, what kind of feedback is used to alert the user

quickly?

Although the TJ1-contest application doesnot provide feedback for user

errors, such as the search results not returning an expected node for

typographic errors, I was able to quickly �x Found panel typing errors

since the incremental search reacted with each character as I entered

the string. The visual feedback of the tree was also interesting sincean

experienceduserwho knows whereresults shouldappear in a datasetmay

besurprisedto �nd data in other regions,prompting further investigation.

TJ1-contest has an easy to use interface which does not restrict input

and promotes investigations with large datasetssince it is scalablewith

no noticeable decreasein performance.

For example, I performed the following steps:

1. I loaded the Latin tree animaliaA.

2. I intended to search for spirurida and I knew that spirurida is a type

of nemata from my investigationsasa novice roundworm researcher.

I was interested in seeingthe hierarchy around spirurida .

3. Incorrectly, I entered spirul ida in the Foundbox.

4. I grew the results from the Foundpanel and noticed that the wrong

section grew and no speciesof nemata appeared,as in Figure A.29.

5. I read what was typed into the search box, realized the mistake, and

corrected it

� The unexpected results for found nodes did not grow the expected

subtree. This might be the �rst indication that somethingwaswrong
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Figure A.29: After making a typographic error, the spirulida subtree expansionin
animaliaA, with Latin names. Since the result was not a nemata classi�ed species,
this wassu�cien t feedback for me, a novice roundworm researcher, to concludethat
I either made an input error or spirurida was not in the dataset.

if the search results were not looked at carefully; for such a minor

di�erence, this might happen frequently.

� TJ1-contest did not store the rank as an attribute so determining if

both nameshad the samerank was not possibleand probably would

not have helped with this task. Rank in the general casewould be

hard to address.

� The found node was not in the expected topology of the entire clas-

si�cation tree, which was an indication of user error or at least a

warning to examineeither the search results or the dataset contents.
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� Application speci�c tasks section on �le system trees

This section dealswith the tasks related to comparisonsof two full logsA and

logsB datasets as well as other comparison tasks with all four hcilA, hcilB,

hcilC and hcilD datasets in the hcil subtree of the logs datasets. Four-way

comparisonsare not done with the logs datasetssince they were too large to

evaluate with TJ1-contest.

{ Where are the big directories?

{ Can you seedi�eren t patterns in those �les?

These tasks are general visualization questions that TJ1-contest is well

able to display. I had immediate feedback for locating the largest direc-

tories and was shown a generalpattern of personal,project and course-

basedweb pages.

First, I loaded the dataset for tree logsA . The root of the �le system is

called ===since all of the examplesrequired fully quali�ed names: = is

the name of the root directory and = is arbitrarily usedas a separator.

� Big directorieswereimmediately visible from the layout sincethe ver-

tical spaceconsumedby directories indicated how many total leaves

are in the subdirectory structure.

� I found in logsA, shown in Figure A.30, that users and classwerethe

biggest directories linked to the root of the tree.

� Finding the biggest directory in any subtree was done in this way,

as long as no ancestor nodes of the subtree were previously grown

or shrunk in navigations. If necessary, all marked nodescan be ex-

panded at the sametime to preserve marked ratios.

� The leaves/�les are right-aligned that meansthe leaves for interior

nodes,which are the high-level directories containing subdirectories,

are interspersedbetweenthe non-leafchildren of the node. This made
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Figure A.30: The logsA �le systemtree: users and classwere the biggestdirectories
linked to the root of the tree. The users directory is not labeled in this �gure, but
it is the node that is surrounded above and below by whitespace, indicating that
it is large. The directory usershollings is the third largest. This method of �nding
large subtreesworks only if there are a few large subtreesand no navigations were
made.

accurateestimations of the number of immediate �les in higher level

directories impossible.

� I found personal pagesin two locations: in the users subdirectory

such as ===users=hollings and each user also had a personal subdi-

rectory directly attached to the root such as===usershollings. These

directories might be symbolically linked to each other.

� The contents of the two personaldirectories were di�eren t. For ex-
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Figure A.31: The large di�erences in the number of �les in each directory are shown,
with ===users=building and ===usersbuilding marked in green, ===users=shankar
and ===usersshankarmarked in blue. Each directory is grown at a rate proportional
to the leavesso the marked regionsare still comparableto each other.

ample: ===usersshankarhad more leavesthan ===users=shankar but

===users=building had more leaves than ===usersbuilding; not much

can be said about why the directory structure was set up this way

without referring to attributes. Figure A.31 shows the large di�er-

encesin the number of �les in each directory, building marked in

green, shankar marked in blue. Each directory is grown at a rate

proportional to the leavesso the marked regionsare still comparable

to each other.

� The personalpagescomprisedof more than half of the total number
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of leaf nodes in the system.

� Of the 76547 nodes, personal pagesmade up 42877 nodes: 20480

of which were in the ===users=husernamei type personalpagesand

22397in the ===usershusernamei type personalpages.

� The size totals for the user directories are displayed by the Found

panel but there were too many to display on the visualization to be

useful.

� Class pageswere found in the class subtree which broke the years

1997{2003into fall, spring and summer terms, such asfall2002, each

of which contained cmsc coursepages. Figure A.32 shows the class

directory expandedto show the contents.

� There weremany fewer research pages,under ===projects, than there

werepersonalor classpages.Figure A.33 shows project expandedto

show the contents.

� The largest directory in ===projects was hcil . This subtree will be

examined later in the four-way comparisons.

{ Are the newer directories bigger than the older projects?

{ When was the pagegiving directions to the department last updated?

Although I did not usethe attributes provided, the datasetswereknown

to be weekly snapshotsof a web-site, so I determined agecharacteristics

using TJ1-contest comparisonsto locate changesmadeto the �le system.

The datasetswere too large to do four-way comparisonswith the entire

set, so thesetasks were attempted with logsA and logsB.

I loaded trees logsA and logsB to investigate di�erences in the projects

directory as well as the other main directories with di�erences:

� TJ1-contest was not able to determine the ageof a directory unless

the directory had been added between the times which data was
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Figure A.32: class subtreeexpandedin logsA to show details. This subtreecontains
a directory for each school term and the term directories contain coursedirectories
for each class.

collected. This is a restriction from the lack of attribute handling in

TJ1-contest.

� The size, in total number of �les, of the projects subtree was quite

a bit smaller than the users directory; user hollings had about as

many �les as the entire projects directory. Using the Found panel,

===users=hollings had 7194 nodes, both leaves and internal, and

===projects had 8447nodes.

� Finding the page giving directions to the department could not be

done with TJ1-contest since this would have required an attribute

describing the �le contents. If the name of the �le was provided,
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Figure A.33: project subtree expanded in logsA to show the details. This subtree
contains a directory for each project.

TJ1-contest would have beenquite able to �nd the �le.

� Personal pages showed the most diverse and sporadic di�erences.

There appearedto bemany peoplewho added,deleted,or moved �les

in their personaldirectories, as shown in Figure A.34, an expanded

view of the users directory.

� Classpagesshowed small amounts of di�erence, which was expected

sincethese�le systemsnapshotsweremadein summermonths when

most classesare not in session. Also, since classesare sorted into

school terms in this �le system, there are many dormant classesthat

arenot modi�ed several yearsafter they havebeencompleted. There-
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Figure A.34: userssubtreeexpandedin comparisonof logsA and logsB . There appear
to be many peoplewho added, deleted, or moved �les in their personaldirectories
in this one week time period. Di�erences are also seenin the context, indicating
that other �le system changeswere also made in this time.

fore, the only di�erences in the classpageswere between leaves in

fall2002 and spring2003 subdirectories

� Closerexamination of the fall2002 di�erences showed that some�les

weredeleted in the projects directory of cmsc434-0101, as shown by

Figure A.35.

� Examination of the changesin spring2003showedthat cmsc838phad

changed. Those changeswere: one delete,design=openimpl:pdf , and

several additions in multiple subdirectories, shown in Figure A.36.

� spring2003 had several additional subdirectories, possibly re
ecting

these coursesbeginning. Shown in Figure A.37, these coursesin-

cluded: cmsc102, cmsc106, cmsc412-201, cmsc417, cmsc433 and

cmsc733. The cmsc434 directory had been further populated as

well.
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Figure A.35: Di�erences in cmsc434-0101 betweenlogsA and logsB show that some
�les were deleted in the projects directory. Judging by the namesof these �les, it
seemslike theseare several project options that a professormight give his students
but without context, I can not say for certain that this is the case.

Figure A.36: Di�erences in cmsc838pbetween logsA and logsB. The only deletion
was design=openimpl:pdf , not labeled but shown as the red marked expandedleaf
on logsA , and there were several additions; di�erences are shown as red, as usual.
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Figure A.37: Di�erences show new courses added between logsA and logsB .
spring2003 had several additional subdirectories, possibly re
ecting these courses
beginning: cmsc102, cmsc106, cmsc412-201, cmsc417, cmsc433 and cmsc733.
Also, the cmsc434directory had beenfurther populated.

� There were very few changesin the projects pagesin this time pe-

riod. The only leaf modi�cations were in the jazz-chat directory,

where some �les had been added that look like log �les, shown in

Figure A.38. Thesechangesrippled up the tree to the root; the rip-

ples did not re
ect the entire structure changing but were useful in

locating the path from the root to the di�erences.

{ Additionally , examination of the hcil subtree was done with all four logs

loaded: a four-way tree comparison. In this comparison, each node is

assigneda best corresponding node with a node on every tree.

This task was not a part of the contest tasks, but was interesting enough

to mention since it shows that TJ1-contest is not limited to pairwise

comparisontasks.

I loaded trees hcilA, hcilB, hcilC and hcilD:
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Figure A.38: Di�erences in jazz-chat directory between logsA and logsB. These
changesrippled up the tree to the root; the ripples did not re
ect the entire structure
changing but were useful in locating the path from the root to the di�erences.

� In Figure A.39, growing the counterpoint directory, it was clear that

the directory changesonly betweenhcilC and hcilD.

� The iv03contest directory shown expandedin Figure A.40 wasadded

between hcilB and hcilC; between hcilC and hcilD, the directory was

further populated with contest information and all of the contest

datasets,except hcilD, of course.

� In Figure A.41, spacetree and timesearcher also showed someaddi-

tions betweenhcilB and hcilC.

A.4.2 Tasks not suited for TJ1-con test

In this sectionof the results, I present the details of contest tasks that I did not solve

with TJ1-contest. Most of these tasks were not possiblesince TJ1-contest did not

handle attributes. Notice how this section is quite a bit smaller than the previous

section; no tasks are hidden, TJ1-contest was able to solve most problems in the
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Figure A.39: Di�erences in counterpoint among treeshcilA, hcilB, hcilC and hcilD. It
was clear that the directory changesonly betweenhcilC and hcilD.

Figure A.40: Di�erences in iv03contest amongtreeshcilA, hcilB, hcilC and hcilD. The
directory was added betweenhcilB and hcilC. BetweenhcilC and hcilD, the directory
was further populated with contest information and all of the contest datasets,
except hcilD.
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Figure A.41: Di�erences in spacetree and timesearcher amongall hcil trees. spacetree
and timesearcher show someadditions betweenhcilB and hcilC.

contest using our information visualization approaches.

� Comparison of trees for attribute value changes

This sectiondealswith visualization of attributes of datasets. TJ1-contest was

not able to usethe attributes except for the nameof each node, so this section

was mentioned but dismissedas a weaknessfor our application.

{ Global impression: did attributes changea lot or not?

{ What nodesor subtreeschangedthe most?

{ Did the value of attribute XYZ for this node increaseor decrease?In

absolute terms, or relatively to other siblings or other nodes

� TJ1-contest was not able to handle attributes for the contest. Ad-

ditional work on parsing and handling extra attributes is interesting

and may be part of future work for TreeJuxtaposerbeyond TJ2.

� General visualization of tree top ology

This section relies on the visualization of datasets to determine certain prop-

erties of trees. There are several features that TJ2 does not support, since

they are outside our domain of interest in visualization, but the features are
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also possible additions to tools outside the scope of TJ2 that would use a

TreeJuxtaposerAPI to communicate with the visualization components.

{ What is the deepest branch? Doesdepth betweensubtreesvary?

The deepest branch task is quite simple: it is a single number that TJ1-

contest calculates but does not display. Since we are only interested in

visualization and navigation of tree datasets, I focus on that aspect of

analysis.

� Since the tree was right aligned, the deepest path and depth be-

tween subtreeswas not possibleto determine visually. Determining

the depth di�erence betweensubtreesis possibleusing the dimming

values of trees|the deeper the branch the dimmer the node|but

this is not an accurate metric since there may be many gradients of

dimmed nodes. Determining the di�erence betweentwo dimmed val-

ues is impossible,but large scaleestimations are handy, so dimming

doestell me where regionsof deepnodesare in the dataset.

{ Filtering by level: show only top n levels or remove bottom n levels

This task is also unsupported by TJ1-contest and although �ltering is a

part of many visualization packages,we did not implement �ltering. This

task would be simple to implement with sliders to control the depth of

�ltering, but that complication is better left to future work.

� No such �ltering is available in TJ1-contest, but it may becomepart

of TreeJuxtaposer in the future.

� General visualization of tree attributes that can be aggregated

This sectionof results is focusedon techniquesof understandingtree attributes

with general datasets. Since TJ1-contest could not answer many attribute

related questions, this section was also mostly dismissedas possible future

work. These questions could be solved with single tree visualizations and
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require neither tree comparisonsnor speci�c tree datasets, but were simply

not of high enoughimportance in our visualization research at the time.

{ Find high valuesof a numerical attribute

{ Find a given value of a numerical attribute

{ Find nodeswith a certain categorical attribute value

{ Find valuesof a categorical attribute that occurs more often

{ Find nodeswith certain valuesof two or more attributes

Thesetasks are mostly quantitativ e and could be donewith more sliders,

similar to the �ltering approachesin the previous task. Again, this would

add complications and is better left to future work to keep TJ1-contest

simple.

� TJ1-contest was unable to assessattributes of nodes in this way.

Additional search features could be added to assist in performing

these tasks but they are not a priorit y to implement for our current

interests.

� General managemen t of analysis

This section deals with general techniques that TJ1-contest usesfor analy-

sis. This section focuseson editing the dataset, saving views and supporting

history functions. All of these techniques are consideredto be future work

beyond TJ2.

{ Removing special anomalies

{ Saving visualization settings for future reference

{ Keeping the history of analyses: reviewing, replaying with di�eren t pa-

rameters
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These tasks are quite powerful yet they are not implemented in TJ1-

contest due to the code complexity and time constraints. Thesetasks are

mentioned in the future work section, Section 6.1.

� TJ1-contest could not modify the tree, and did not support saving

or history. TJ1 introducedmostly an information visualization tech-

nique, accordiondrawing, that relied on static structures and editing

the structure would be di�cult with the layout mechanisms in that

system. I considerTJ2 to be slightly more adaptable for thesetasks

but more work is required.

� Application speci�c tasks section with phylogenetic trees

This section dealswith the tasks related to phyloA and phyloB datasets, con-

structed by evaluating genomicproperties of two proteins.

{ Low level tasks: interacting with the tree matching processto solve incon-

sistenciesthat can arise, displaying the trees, showing the relationships

and di�erences from a computed or interactively constructed mapping,

and providing ways to permute links and nodes to verify hypothesesin-

teractively

This task is highly related to the lack of editing functionalit y in TJ1-

contest. Modifying the dataset is not possiblein TJ1-contest and these

interactive editing tasks are also consideredfuture work.

� The di�erence marking was provided by the automatic best corre-

sponding node algorithm and relies on the input dataset. The best

corresponding node relationships are only calculated when a tree is

loadedfor the �rst time, which is another bene�t to using only static

datasets.

� Navigating through with mouse-over highlighting and marking sub-

trees with user marking groups allows me to recognizefurther simi-
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larities in the tree, but no modi�cations of the input technology are

possibleto correct the automated matching process.

� Application speci�c tasks section on classi�cation trees

This section deals with the tasks related to comparisonsof mammaliaA and

mammaliaB datasets as well as other visualization tasks with animaliaA and

animaliaB. Comparisons are not done with the animalia datasets since they

were too large to evaluate with TJ1-contest.

{ For the top �v e subtreeswith the most nodes are they likely to have a

parent of a particular rank? Or does this happen in many ranks? Can

you comment on how useful rank is?

This question is rank speci�c but TJ1-contest only quanti�es rank

with dimming. This task is not easy to answer without �ltering

as well, since a subset of the data is required. Besides,the task is

not well thought out: if a subtree has a large number of nodes, the

parent node will contain more nodes,so the top �v e subtrees,where

one large subtree does not contain any other large subtree, when

considering node quantit y are all rooted at the root of the dataset.

Hence, the answer is that all �v e of the largest subtreesare rooted

at animalia.

� I am unable to comment on rank sincerank is an attribute that the

TJ1-contest systemdoesnot handle.

� Application speci�c tasks section on �le system trees

This section deals with investigating the attributes of individual �le system

trees. Attributes that are consideredin this section relate to the usageof the

�le system, as web page hit counts, which would be interesting to visualize

in a tree structure over a period of several weeks,but TJ1-contest does not

handle attributes.
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{ Which are the popular web pages?

{ Are there somelabs more popular than others?

{ Which areasare getting more popular? lesspopular?

{ Are new pagesmore popular that old pages?

{ Which old pageare popular?

{ What proportion of the pagesare never used? seldomused?

The �le system speci�c tasks that I could not answer with TJ1-contest

are attribute based. Again, since TJ1-contest does not handle node at-

tributes, other than a name, thesetasks are not possiblewith our appli-

cation.

� I can not comment on �le usagesince attributes, which include �le

usage,are not handled in TJ1-contest.

A.5 Con test conclusions

Although TJ1-contest was not able to perform all tasks suggestedby the contest

organizers,I was able to show that the application performed well on tasks that it

wasdesignedto solve. TJ1-contest wasjudged to be the bestentry overall at InfoVis

2003 and the entry itself was an excellent motivation to produce many forms of

publicit y such as: a descriptive video, a web-page,an introductory paper, a poster

and a presentation. This contest motivated many interesting additions to TJ1, such

as incremental search and a more advanceduser interface, which made TJ1-contest

a much more powerful tool. Someof the tasks that we did not solve directly were

solvable with workaroundssuch asmarking groupsto return to later instead of undo

functionalit y. The large contest datasetswere too large to load completely and still

be interactive for comparisons,but modi�cations since then have produced much

more scalableversionsof TreeJuxtaposer,such as TJ2, presented in Chapter 3.
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