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Exploration and Analysis of Information Visualization Techniques

Applied to the TeachEngineering Digital Library

INTRODUCTION

The rapid development of computing technologie®aent decades has allowed
for data to be generated at unprecedented ratd=edn attempting to comb through the
vast volumes of information has become an increhgidifficult and unmanageable task.
As a result, users are faced with the challendanding the precise information they are
looking for. To assist users in their efforts, imf@tion visualization techniques can aid
in the effective presentation of data and may raptify additional information that is
likely to be of interest.

Information Visualization is by no means a nevidfievith implementations far
predating modern technology. Scottish engineereamotiomist William Playfair
pioneered the field of information visualization@vhhe developed the line graph and bar
chart in 1786 and pie chart and circle graph inl1@@iendly, 2008, p. 13-14). Other
early examples of information in visual form canfbend in cartography; perhaps the
most famous example would be the graphic develbydeérench engineer Charles
Joseph Minard, which depicted Napoleon’s disastRwssian campaign. In it, Minard
combines “statistical information (troop numbersl &mperature variations) and
topographical data (direction, distance and locati@Mijksenaar, 1997, p. 30). Another
more recent example includes Henry Beck’s 1933gaefsir the diagrammatic map of

the London Underground system (Friendly, 2008,9; although not topographically



accurate, it is a highly effective map that hasegmas a model for subway systems
across the globe (Mijksenaar, 1997, p. 5).

It is clear that the visual display of informatioan benefit the understanding of
data. “Yet despite what many people think, gradhigaresentations are less suitable for
inexperienced readers. The fact is that they requulegree of intellectual training.
Pictorial representations are not necessarily éeasather, they are more concise, more
compact, clearer and, when well-done, more comqggliiMijksenaar, 1997, p. 30).
Tufte uses the termgraphical excellencé describe the well-designed presentation of
interesting data through use of substance, statiahid design; furthegraphical
excellenceconsists of complex ideas, nearly always multatarin nature, communicated
with clarity, precision, and efficiency (Tufte, 138. 51).

The information age of the last fifty years, dhd rapid generation of data
associated with it, has created the necessitytafmaning. In attempting to analyze
complex datasets, one of the significant problemslves finding useful ways to
simultaneously visualize multiple dimensions. Wiealing with only two or three
variables, displaying information is a fairly sghatforward task; more than that, and
things can get messy. Much research has been tedlitcadetermining feasible and
context-specific solutions to the questitidpw do we visualize our datasets?This
paper is no different, and in it | attempt to paevinsight to the useful development of
graphic visualization tools for the TeachEnginegulmgital library repository.

This paper will be presented as follows: Sectiowill introduce the
TeachEngineering project, identify the problem, egmbgnize preliminary

considerations. Section Il will survey numerousudlization techniques and tools that



have been developed to aid end-user visualizaBieation IV will consist of an
exploration towards the development of informatisualization techniques for
TeachEngineering; methods of visualization willdpecifically analyzed and evaluated
for their potential use in the TeachEngineeringgub Section V will provide a

conclusion and recommendations for future action.



TEACH ENGINEERING

TeachEngineering exists as “a searchable, weldlmiggal library collection
populated with standards-based engineering cuaituluse by K-12 teachers and
engineering faculty to make applied science andrtatgineering) come alive in K-12
settings” (“TeachEngineering”). The goal of this®m is to provide teachers with easy
access to high-quality lesson plans that meet matiand state-specific educational
standards. Supported financially by the NSF Nati@teence Digital Library, this
project is a collaborative effort between the Aroan Society for Engineering Education
and the faculty and students associated with fiveausities.

TeachEngineering was created to address the pndialeing K-12 educators of
how to find well-designed lesson plans. Designediese users, TeachEngineering
represents a collection of peer-reviewed and aedtiesson plans that educators can
utilize to promote engineering-related disciplimeshe classroom. The aim of
TeachEngineering is to allow usersetplorethe available documents and find lesson
plans that are of interest; regardless if the hasra specific or general idea of what they
are looking for, they can use TeachEngineeringni lesson plans that meet educational
standards. Thus, TeachEngineering can be an extedlgource to help educators in
developing curriculum. With the focus on designiihg document repository for the
users’ benefit, we can approach the task of agtiralplementing such a system.

In order to develop a useful digital library systéhat can help educators obtain
lesson plans, there are two main issues that neuatiiressed. First, a method of

information retrieval, involving determining whictocuments to return to the user and



how to order them, must be established. As a remuléffective relevance metric must be
developed to demonstrate associations betweenhsparameters and the documents
within the database. In particular, there is theceon of how to map the state-specific
certifications of these lessons plans for use leolocations. Educational standards vary
between states; what might be appropriate d5grd&de math lesson in one state could be
used as % grade curriculum in another. Simply because alegtan was designed for
use in a different state is no reason to excludgtssibility of its use. When searching,
not only should documents that perfectly fit thiecia be returned, but also documents
that match close enough that they ought to be dereil. The objective is, “given a
collection of objects each described by the vaassociated with a set of attributes, find
the most acceptable such object or, perhaps, d somaber of candidate objects worthy
of more detailed consideration” (Spence, 2001,7p. This problem, although

significant, is beyond the scope of this paper.

The second issue involves identifying and desigmifiective methods to display
the retrieved search results, using informationaligation tools and techniques. The
method of presenting this data to users is critcwdheir ability to efficiently and
intuitively discover the most relevant lesson plaos the digital library. Regardless of
the specific results returned from the search qubry information can be visualized and
interpreted in multiple formats, significantly imgang the ability of the user to identify
useful documents.

My research has focused on addressing the seddhdse raised issues, with
particular regards to identifying the optimal s@utto visualizing multivariable search

results in a graphical user interface. Drawingietd$ of human-computer interaction,



design, information visualization and others, |daurveyed the available techniques,
applications and methods to visualize such data.prbblem of how to visualize digital
libraries, in this case specifically the TeachEegmng system, is complex and without a
clear-cut, definitive solution. There are numereissialization techniques, each with
various strengths and limitations; although therea single technique that definitively
solves this problem, there are several methodst@hze the data that deserve further

consideration.

General Considerations & Limitations

Because TeachEngineering is a web-based tool,lizatians need to be capable
of rendering quickly in various web browsers, whichy exclude certain techniques
from being applied. An important considerationakéep the search result interface
intuitive, in the sense that it can be clearly ustteod by users without specific training.
Furthermore, it is important that the visualizattenhnique can handle multiple

variables, depending on the number of user spdaitfiguts.

Database Size

As of August 8 2008, there are 436 activities and 240 lessagsnized into 36
curricular units and covering 13 main subject arksted for public review from the
TeachEngineering database. It is fair to expestdmount to continue to increase over
time to perhaps upwards of 10,000 documents or .nioseunlikely, however, for the
database to become so large that query perforn{apeed) issues become a concern

from a visualization standpoint. Regardless ofdherall number of documents in the



database, only the queried subset of relevant dentss significant from a visualization
standpoint. Visualizations of the collection aslaole may also be of some use, but will

not be the focus of this paper.

Quantity of Search Results

In order to determine the finest graphical inteefar visualization techniques, an
important consideration i%Vhat is a reasonable number of search resultsitie
process of visualizing 15 relevant search ressltifferent than doing so for 150. Having
an idea of how many search results must be visdiga key concern in finding good
design solutions. Unfortunately, what constitutesasonablenumber of search results
must be left ambiguous here, as the number ofteethdt can be effectively displayed is
directly related to the graphical technique beiagdi Some techniques may only
simultaneously display a dozen documents well, edeothers may handle hundreds. It
would be unreasonable to limit or exclude visudimamethods based on the number of
search results they can handle; however, the yhilihandle small or large search result
sets will factor into the analysis and recommermtatif visualization techniques.
Flexibility is beneficial, and information regardithe different visualization applications

can be found in Section IlI.

Document Visualization vs. Information Retrieval Tehniques
One important issue has to do with the differenetsvben document visualization
and information retrieval techniques. As Robertriggesuccinctly notes, “... a user may

be unable to say exactly what they are lookingrfa collection of documents because



they may noknowexactly what they are looking for. They may wantitecoveroughly
what is available in the collection and then, bglexation, gradually refine their
inquiry.” (Spence, 2001, p. 179).

In the document retrieval stage, it is thus imparta distinguish between
filtering the database and returning only a sutisstperfectly matches the search
parameters, as opposed to providing documentsthat close match to the search
parameters and have a high relevance rankinglyftoa perfect search matches are
returned, and if that is all the user is interestedhen there would likely not be many
documents to show. Specifying multiple parametarsquickly lead to only a small
number of compatible documents, if any at all, drese limited results could be
visualized via a simple list. However, following&je’s line of reasoning, we assume
that the users may be interested in search rakaktsary from their exact search
parameters. Although not required for every segrry, the existence and inclusion of
a relevance metric is important as it will allow fadditional forms of visualization that
may provide user insight as to which documentsagadlable and relevant.

Regardless of the specific document retrieval nettheing used, the visualization
step merely projects the list of relevant documertts one form or another such that they
can be interpreted. Many searches, regardles®afumber of input parameters, simply
result in a list that displays the results, rankgdelevance. In many cases this may be
appropriate and perhaps the best feasible methdipfaying results; however, in the
process it abstracts much of the information awamfthe user. Other visualization

techniques can provide more information about #aech results and display identified



documents in a way that allows the user to detezrfanthemselves which are the best
search results.

There is a level of complexity related to the iptay between document retrieval
and the resulting visualization. For example, a us&y wish to search via one
parameter, but show the results by comparing atigbutes. Although this contrast
between which attributes aselectedn andvisualizedby is not common, it is still worth
consideration. In the analysis of various visugiaratechniques, examples of potential
user inputs will be used to demonstrate how thealzation technique might display the

search results.

Variables

The TeachEngineering site breaks down its searehatipn into three different
types: Simple, Advanced, and Educational Contesmicgirds. The Simple search consists
of a single, general search parameter; if the weofdund anywhere in a lesson plan or
activity, the document will be returned. The adwhsearch consists of several
parameters including: Keywords, Words in Title, \W®m Summary, Words in
Engineering Connection, Grade Level (range) andeTiRaquired (range); additionally,
activities can be searched upon based on Group(igizge) and Cost per group (range).
It should be noted that the parameters of wordgl& summary, or engineering
connection are strict; any document not complyinidy these criteria will not be
returned, regardless of how well it fits the otharameters. Lastly, the Educational
Content Standards Search can be based on the doic8om@&ce, Subject, Topic,

Number/Version, and Grade Level (range). Basedesd criteria, an individual search
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may currently contain as many as eight differemapeeters, and thus potentially
requiring visualization techniques that can hangli¢o this many different dimensions.

Although not a direct, user-inputted parametex,dbmputed document relevance
represents a search results dimension that casdekta sort, organize and visualize the
list of returned documents. This relevance scamneg oontinuous scale from zero to one,
could be in relation to how well a TeachEngineedogument matches the user-inputted
keywords or educational standards. The use ofd¢leyance metric in visualizing search
results is a common technique that will be expldtether in Section IV.

For the sake of our investigation and analysisywlieattempt to demonstrate the
use and visualization of the following variablesa@e Level, Cost, Group Size, Time
Required, Relevance (to a keyword or educatioadstrd) and State Source. The search
parameters that strictly filter data (such as WandEitle) will not be addressed, as they
merely limit the overall subset of data to be netiat and there is no need to visualize
these parameters. Looking at our list of varialtas,of note that both continuous and
discrete data are being represented. The relevaate is continuous, as values may
range anywhere from zero to one. The other vasatdpresent discrete data that are
often represented via a category value (statedraye of integers (time, cost, grade and
group size); in each case, there are a limited murabvalues that can be selected.
Despite cost and time actually representing cootiswdata, they will be treated as
discrete and only nonnegative integer values veilabcepted for their representation. For
example, it would not be practical to have a valfi&rade 5.7”; other factors such as
time and cost will also be represented with whalkies to reduce complexity and allow

for clear graphical representations.
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VISUALIZATION TECHNIQUES

In order to visualize multivariate datasets, tremeetwo main approaches that are
used. In the first approach, data is reduced toamtbree dimensions through projection
—in these low dimensions, a basic scatterplotogansed. In some cases, a matrix of
scatterplots can be used to provide additional siefxcomplex datasets. The second
approach is to use some technique in which a lawgeber of variables can be presented
in a low-dimensional display format. Well-known b@oques of this form include
rearranging axes to be nonorthogonal (paralleldioates and star plots); hierarchical
approaches (tree structures and worlds within vedrbd screen-based techniques (pixel-
oriented techniques and themescapes). Both thelsadalitional techniques have shown
to be successful in presenting multivariate dataéotain situations. Through an
examination of these different visualization tecjug@s and how they can be applied to
TeachEngineering, we can gain insight and prowegemmendations on how best to

visualize search query results.

Scatterplot

The scatterplot is the conventional and most comynased approach to the
visualization and interpretation of bivariate d@faigt, 2002). It consists of a two-
dimensional plot, with each individual record i tiiataset being drawn as a point in the
Cartesian coordinate system (Spence, 2001, pS88jterplots are particularly adept at
showing correlation and relationships between taables, and clusters of similar data

points can be seen (Chiricota, 2004).
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Indeed, when feasible, there are several advasitagesing the scatterplot
approach. Because the technique is so common, fusgthiem intuitive and will not
require any sort of specialized training. Furthemma@ompared to more graphically and
computationally complex visualization techniquestgerplots generally render fast,
making them ideal for interactive use via the In&r(Van Wijk & Van Liere, 1993, p.
120).

In situations where data can be reduced to a lawban of dimensions (two or
three), scatterplots are the preferred techniquagfy/2002). In addition to representing
two-dimensional data, as is usually the case, eddits can be extended to encapsulate
additional dimensions of data through the use aime, size, icon shape and color.
However, it should be noted that adding additi@a@ments to the scatterplot raises its
complexity and makes user interpretation morediffi When using color in a
scatterplot, it is suggested to use the axis coatds to display the more important,
primary variables, and other elements such as tolmdicate secondary ones (Card,
1999, p. 30).

The main limitation of this technique rests onidifftly to display more than the
two dimensions governed by the axes (Thai, 20082p). Although additional variables
can be mapped into the two-dimensional space,sb@limore than three variables
makes the graphic significantly more difficult tuerpret, even for users with training. In
some multidimensional situations it can make sémsise dimensional reduction
techniques to view slices of the data in two-din@mal space, such as with the
scatterplot matrix and Hyperslice methods. Anotiwarcern with scatterplots is the issue

of over-plotting, where there are so many pointshaengrid that they overlap and cannot
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easily be individually identified; the use of cokmmd translucence can help to limit this
problem, usually associated with large datasetsoagh it cannot completely eliminate it
(Andrienko, 2004, p. 96).

Regardless, for low-dimensional situations, itleac that scatterplots are
considered a favorable technique to visualize médion, and as a result this has caused

for its adaptation into numerous visualization sool

Scatterplot Matrix

Extending the concept of the scatterplot, scatberplatrices allow for the
displaying of more than two variables at a timeiff,a2002). Assuming an N-
dimensional data set, a scatterplot matrix is aangement of (R— N)/2 pairs of two-
dimensional plots in which row and columns of thatmx share common variables.
Relationships between individual variables can liieoved by scanning a row (or
column) and analyzing how one variable is plottgdimst all others.

Scatterplot matrices provide simple representatfamstructured data. “An
advantage is that the different dimensions aregddeigentically, no more or less arbitrary
decision is expected from the user how the data bristructured for presentation

purposes” (Van Wijk & Van Liere, 1993, p. 120).
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The scatterplot matrix allows for individual retatships between two variables to
be seen in a multivariate dataset. However, it doeprovide as a means for visualizing
more than the normal two dimensions. Furthermoneesthe matrix contains as many
scatterplots as there are pairs of parameteranibecome unwieldy for more than about
five parameters (Spence, 2001, p. 42). Other inu#gre reviews have found that
scatterplot matrices do not scale well to high-disenal datasets, as they suffer from
display level clutter (Yang, 2004, p. 73).

It should be noted that the scatterplot matrixudels redundant information,

which can be reduced. “All off-diagonal sliceg &e the same as slicgg, otated over
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90 degrees” (Van Wijk & Van Liere, 1993,

EIGI
p.121). Regardless of the overall dimensions
o e
being visualized, there are only N(N-1)/2 pd'!'j Petall
G
unique scatterplot combinations in the matrix; -s-‘_’
ﬁg% R E -' & i | SepalW
the plots along the matrix diagonal have the y i
same variable on both axes, and are &E f?'ffﬂ § ﬁ ﬁ s

insignificant (Voigt, 2002). In most cases, the .
# !
redundant and unvalued diagonal plots in the
matrix can be omitted; in this case the visual@ais called a triangular matrix.
The primary problem with scatterplot matrices iatttine overall relationship of
the entire dataset is not easily visible, and difcult to see patterns that are present
only when three or more dimensions are taken iotoant (Voigt, 2002). As with

traditional scatterplots, possible solutions toaghieg additional dimensions within a

single plot include the use of color, icons, armbsi

Hyperslice

A technique very similar in design to the scattetrjphatrix, Hyperslice is a
method developed for the visualization of multidmei®nal functions into two-
dimensional slices (Van Wijk & Van Liere, 1993, p9). However, unlike the
scatterplot matrix, Hyperslice is not designeduse with unstructured data but for the
visualization of multivariable scalar functions.H& use of two-dimensional slices allows
for faster rendering, and more important, easyautgon via direct manipulation” (Van

Wijk & Van Liere, 1993, p. 120). Wong, Crabb and@&ron suggest modifying this
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technique to avoid the duplicate mirror images #pgiear in this matrix-based visual

representation (1996, p. 75).
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Parallel Coordinates

The concept of parallel coordinates has becomalaspread technique used to
visualize high-dimensional geometry and analyzetivariate data. Originally invented
in the late-nineteenth century, it was rediscovexed popularized by Al Inselberg in
1959 (Voigt, 2002). The technique of parallel conates is realized by reconfiguring the
coordinate axes to be non-orthogonal and situatiag side-by-side, in parallel to each
other, with line segments running between the é&é&gen, 2001, p. 111). Dataset
variables are mapped to each axis on a one-toaaonship, and thus there are as

many axes as dimensions required; there is no forihe number of dimensions that can
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be projected into two-dimensional space, and aveslthe user to “see more than four

dimensions” (Jianxin, 2007, p. 322).
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Parallel coordinates are useful for demonstratatgtionships between two
dimensions, particularly when the axes are adjaime@ach other. Although in theory

parallel coordinates can support a limitless nunabelimensions or data items, different
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authors have suggested appropriate limitationsaimtain usability of the technique.
Chen and Wang argue that parallel coordinateslenéed to data sets that have only a
few more dimensions than 3D” (2001, p. 111). VéR102) suggests the limit of
dimensions to be about a dozen, and Inselberg demabes the technique using twenty
or more dimensions in his examples (Inselberg, 1p9213). If more than a limited
number of dimensions are displayed using paratietdinates, then the visualization gets
crowded. Similar logic is also applied to the 2f¢he dataset that can be effectively
visualized on the set of parallel axes. Recommaeémiaafor the number of data items that
can be simultaneously viewed range from severatmdaz a few hundred, depending on
the screen size and implementation used. If theeqpadf lines running across the axes
becomes too crowded and dense, it becomes impessibiace any individual line
visually and thereby understand the characterisfiessingle item. The technique of
brushingthe parallel-coordinate plot with color can hedgéduce this problem, as it aids
in the clustering of similar items and presentsaaifted graphic. Inselberg is more
optimistic regarding the flexibility of the pardlleoordinates technique, and says:
Without the proper geometrical understanding aretigs, the effective
use of parallel-coordinates becomes limited to bdshsets. But contrast,
skillful application of the methodology’s strengtiisables the analysis of
datasets consisting of thousands of points andriedsdf variables. The
intent here, is not to elaborate on the designimupdementation criteria
but rather to provide some insights on the ‘discpygocess’. (Inselberg,

1999, p.108)
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In addition to the potential problems of displayiog many dimensions or too
large of a dataset, there are a few other congidasaof note. Because parallel
coordinates is based in part on the linear comiginatf consecutive variables, each
dimensional axis must share a similar common stlaile may limit the ability to drill-
down into more informative views of the data (Maiat 2006). In addition, although all
of the axes are lined up in parallel, research ssigghat the “ease of interpretation can
be strongly influenced by the ordering of the ax&gjence, 2001, p. 47). Regardless,
parallel coordinate plots treat all variables etyyabhich is a significant advantage of the
technique, and “experts in the interpretation obflal coordinate plots can derive a great
deal of understanding from these plots” (Spenc812p. 47).

In an empirical experiment to test the usefulndésbe parallel-coordinates
technique, 90.9% of the participants stated they there able to get information from the
visualization at first glance; this statistic mayibfluenced by the fact that 36.4% of
participants had some level of previous familiavityh parallel coordinates
(Lazenberger, 2005, p. 118). The results of thdysshowed that while not ideal for
generating insights or conducting extended datéysisathe parallel coordinates

technique is effective in quickly providing infortian to the user.

Andrews Plot
An extension of the parallel coordinates plot, Aewis’'curves represents a

Fourier transformation of the dataset. “Andrewsvas plot each N-dimensional point as

a curved line using the function =

“(Kromesch. 2005, p. 9). The advantage of thifimégue is that it can

represent an unlimited amount of dimensions, aralitsh the nature of the formula,



20

cluster similar values. The first variables entargd the equation carry significantly
more weight than the later variables, which cowddcbnsidered an advantage or
disadvantage with regards to what data Andrews'gesuis applied to (“Statistics
Toolbox”). An undeniable disadvantage is the corapanal time to display each n-
dimensional point, especially in large datasetstienmore, Andrews’ plots can be

difficult to interpret without familiarity of theeichnique

Parallel Coordinates Box-and-Whisker Plot

Although not typically associated with multidimensal visualization, | propose
the idea of combining a box-and-whisker plot witirgdlel coordinates to provide
additional insight into the average values of aslat. Although it could be utilized in
small datasets, this would specifically help towlotustering and data ranges in large

datasets. By superimposing a box-and-whisker pitd the parallel coordinate axes, the

median values for each variable can be Farallel Coordinates Box-and-Whisker Flot

seen, which may help identify data items
with strong scores across all variables.

The top quartile of values for a given axis **
will be located above the box, and the 04

lowest quartile below it. Essentially, this

addition would help to give the user a

Hzlzvance Relevancs Grade Lavel Cast Time Required  Group Sue

quick way to compare where a single data
line stands in comparison to the other
values in the plot. In Figure 6 we see an individisa item that fits the midrange of all

variables. Figure 7 presents additional data linetemonstrate how they might interact
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with the box and whiskers. To my knowledge, th@hteque has not been applied to

parallel coordinates, and is merely a suggestiofutoire parallel coordinate research.

Parallel Coordinates Box-and-wWhisker Plot

Star Plot

Also referred to as circular parallel coordinatea® star glyphs, the star plot is
similar to the parallel coordinates technique,@ltjh with an arrangement of radial axes.
Similar to parallel coordinates, the star coordesadllow for lossless projection for each
dimension of n-dimensional space (Tominski, 2004242). These star plots range the
axes on a two-dimensional circle with the origirtheg center and the axes being radiated
outward, usually separated by equal angles. Somle &s been done, however, where
the axes are not equally separated; this is oftémghlight a dimension of importance or
cluster similar variables that contain a strongtiehship (Liu, 2007, p. 109). “The data
length of a spoke is proportional to the magnitafithe variable for the data point

relative to the maximum magnitude of the varialdeas all data points. A line is drawn
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connecting the data values for each spoke. Thissgive plot a star-like appearance and

the origin of the name of this plot” (“EngineeriSgatistics Handbook,” 2006).
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Similar to the parallel coordinates technique,dtas plot is limited by the fact
that the arrangement of axes plays a significdetirobeing able to interpret information,
such as variable relationships. Further, if theecewen a moderately high number of
dimensions or data lines being represented, ibeadhifficult to follow individual line
segments; as a result, color brushing techniques b@en developed to help ease this
concern (Tominski, 2004, p. 1244). In practice Uguanly a single data point is graphed
onto a star plot (“Engineering Statistics Handbbd@K06). In this case, star plots are
limited to datasets containing a few hundred plati®r which they tend to be
overwhelming; it becomes too difficult to comparelanterpret multiple star glyphs
simultaneously (Fanea, 2005, p. 149). In an expartal study, Pillat, Valiati and Freitas
found that in relation to parallel coordinatesy gflats “has a more difficult layout for
interpreting generic datasets. The values predisatification is not possible in this

technique when only the mapping of items is coneidie(2005, p. 28). In a separate
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study, Lee, Reilly and Butavicius found that stigpy visualization led to slow,
inaccurate responses to questions, with the paats reporting low confidence, in
contrast to spatial visualizations resembling scptots (2003, p.7).

Despite these limitations, star plots contain saivedrthe favorable attributes of
the parallel coordinates technique, and are coreildeffective for providing quick
impressions of data. Advanced techniques baseti®@ftar plot include thearallel star

glyphandData Meadow.

Parallel Star Glyph

Originally created as a method to address the pnolaf overlapping data lines in
parallel coordinates, the parallel glyphs techniatgrates parallel coordinates with
star glyphs by extending parallel coordinates Bilospace and unfolding them around a
pivot axis” (Fanea). Each data line, from the gataoordinates, becomes an individual
dimension on the pivot axes of the star glyphs tlointradicts previous interpretations of
star plots, and the authors provide explanation:

Traditionally, Parallel Coordinates have one agrsefach dimension of
the data set. Consequently, the Star Glyphs engengiour visualization
have on glyph per dimension, each spike correspgrdi one data item.
This is not the conventional way to map the dat&tar Glyphs: most
related literature shows each glyph representihgimensions of a single
item. In fact, our visualization can generate tRjgresentation as well by
merely switching the way the data is read fromdata table: changing

from columns over rows to rows over columns or wieesa. This also
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results in a modified Parallel Coordinates repregen that shows
dimensions as polylines and objects as axes. (F2064a, p. 151)
In the article, the authors are mainly concerneti Wie representation where
each glyph represents a dimension, and the spekessents the magnitude of the data

line running through it, as seen in Figure 10:

Although perhaps useful in some situations, | lveli is still difficult, perhaps
even more so than in regular parallel coordindtesack a single data item, across
multiple dimensions. Rather, | find the idea ofteling the way the data is read, as
described in the previous quotation, to be a nawmdl exciting approach when applied in
a digital library setting. As seen in Figure 11ckeatar glyph represents one object as

opposed to one dimension, as shown in Figure 10.
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With regards to utilizing this representation f@aEhEngineering, consider each
individual glyph as a document returned from a gu8ince each radial axis is mapped
to a dimension, and the magnitude of the spike shmpvery relevance for that parameter,
the largest glyphs in the visualization represbatdocuments that best match the search
results. Glyphs could be ordered by some metrihpagh it certainly is not necessary as
it is easy to relate and compare glyph size indhiangement. Although color can be
used to represent variable information in somealigation techniques, in the parallel
glyphs technique it is used only to increase tlaglability of the graphic; with the glyphs
so spatially close to each other, color become®itapt in differentiating objects on the

screen.

Data Meadow
Designed to manage and present large, high-dimesisiatasets, the Data

Meadow represents a powerful method for interagtsedecting, filtering and combining)
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with data (EImqvist, 2008). The main visual elemisrthe Data Rose, a parallel
coordinate star plot that displays the selectedhlbes. In contrast to typical starplot
implementations, the Data Rose contains an engitasdt, which may contain hundreds
or thousands of items, on a single plot. The staigtes are equally separated and their
relative location to each other impacts the totdativeness; it may be useful to employ
axes reordering techniques to ensure optimal argexi variables. The data can be
represented visually in three different ways: cdligtogram mode, opacity band mode,
and standard parallel coordinates mode. For aktimethods, “a single black polyline is
used to show averages for each dimension. Low salteeclose to the origin, high

values reside on the outer radius” (Elmqgvist, 2@07,92).
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The main advantage of the Data Meadow technidiesren its high level of user
interactivity. Data sliders are positioned on eaxis that allows for dynamic filtering via
the data rose, and advanced queries are represeititetiultiple data roses on the
screen. Although there are more advanced featditbe @ata Rose that are not being
described here, its main purpose is to analyzelsrancomplete datasets and not

identification of a single item.
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TileBar

In typical information retrieval systems, queries eeturned in a ranked order and
visualized as a standard list; the document rankifigough controlled by some
algorithm or function, is opaque and the end uaanot see why one document has a
greater relevance than another (Hearst, 1996, p.38¢ TileBar scheme was developed
to combat this issue. This technique accepts nielkpyword topics from the user, each
individually called aermset and visually shows where the relevant terms yoosyms)
are located in a given document. For each searchdpecified, the TileBar method
searches through the document and identifies eealrr@nce of keywords; each
document is sliced via a statistical segmentatigaraghm calledTextTiling “Rectangles
correspond to documents, squares correspond tgggrtents, [and] the darkness of a
square indicates the frequency of terms in a segfr@n the corresponding Term Set”

(Hearst, 1995).

User query

Osteoporosis

Search Terms { Prevention

Research
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It particular, this method helps to show where cgleéerms are located in the
document. Indeed, merely glancing at the TileBauaiization provides insight as to not

only what documents are relevant, but what sectdé@sdocument contain the queried
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search terms. Sliders can be used to indicatenthertance that the user assigns to each

search term, and the results will adjust and bka@mccordingly.

TieBars: Term Distribution in Information Access
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This technique appears to be quite effective, las fépresentation simultaneously
and compactly indicates relative document lengtierg term frequency, and query term
distribution” (Hearst, 1995). However, in order fors method to be effective, the entire

text must be electronically available, not only #iestract or partial sections. Its use then,
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seems particularly suited for digital library adijnal article database situations.
Although the visualization technique is straightfard and easy to interpret, the system
may require some minimal training and understanbefgre it can be effectively used.

Although the TileBar method was originally proposed 995, not much
additional research could be found regarding modeptementations. The issues of
system performance and scalability are not addddsseare of particular concern;
searching through large databases and long docaméhtmpact the speed of the
information retrieval.

A related technique to the TileBar approach isGhielVis system, which uses a
similar visualization scheme to identify metadateation within a document; instead of
using this technique to provide a relevance sumrfmargeveral documents, GridVis
focuses on analyzing a single document, and fintiegnost relevant sections within
(Weiss-Lijn, 2002, p.50). The main importance a$ tiool, however, is that the authors
have created a “servlet [that] will produce an HTMdrsion of the document in which
every paragraph tagged with the selected metaslaiighlighted using a bold font. The
browser will display the paragraph selected; thgbering details on demand” (Weiss-

Lijn, 2002, p.53).

Tree Structures

A large part of the world’s information, includiigrary cataloging schemes, are
hierarchically structured and thus can be visudlizeing tree structures (Card, 1999,
p.149). As a result, we will explore related viszation techniques such as cone maps,
tree maps, and the hyperbolic browser. Informatimmstructs in the tree are represented

as nodes, which connect to each other throughenpahild relationship. The base node,
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representing the highest level
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root, and all other information

is derived from this general
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Leaf nodes

generationsTree " 6 ( |
representations are very good at displaying déaisaships; “most people come to
understand the content and organization of thegetates easily if they are small, but

have great difficulty if the structures are larg@dhnson & Shneiderman. 1991, p.152).

Cone Tree
Tree graphs projected into three-dimensional spae&nown as cone trees due to
the shape that emerges from the visualization;dhres are arranged around a series of
circles, as illustrated in Figure 16. “The
inventors of the cone tree claim that as many
as 1000 nodes may be displayable without
visual clutter using cone trees—clearly more

than could be contained in a 2D layout.
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However, 3D cone trees require more complex ugerdntions to access some of the
information than are necessary for 2D layouts” (C4099, p. 284). Due to the three-
dimensional nature, some information nodes mayaaasily visible; thus, user
manipulation of the cone tree, such as througtingtat on its axis or other distortion
techniques, must be applied to be able to sed #ieadata. It has been suggested that
3D hierarchical structures are easier for usermtagate and promote stronger

information recall than other methods do (Cali2Q2, p. 60)

Tree Maps

An alternative representation of a tree is the Me@ (Johnson & Shneiderman,
1991). The inventors were happy with using tradiicree drawing layouts, particularly
with small datasets, but wanted to improve thecedficy of using the screen space. “In a
typical tree drawing more than 50% of the pixels ased as background. For small tree

diagrams this poor use of space is acceptable,

The tree
and traditional layout methods produce
excellent results. But for large trees, traditional
node and link diagrams cannot be drawn Formation of tha
Tree Map

adequately in a limited display space”

(Johnson & Shneiderman, 1991, p. 153).
Building the tree map is a straightforward
process: beginning with the root node, a

rectangle is drawn that utilizes the full

available screen space (Spence, 2001, p. 151
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Inside this rectangle are several other rectangbas) representing a subordinate, child
node. This process is then repeated until all nbdes been drawn. On the tree map, the
size of the rectangles is weighted to indicateréhative size or importance of the nodes.
Color can also be used to denote attributes. Tharadge of this method, compared to
traditional tree views, is that the amount of imi@tion on each branch of the tree can
easily be visualized; further, thousands of brasadwild be shown (Ware, 2004, p. 217).
However, typically tree maps are more difficultréad because the hierarchical structure
is not as clear as in other approaches. Figureg&sents a more complex, albeit

realistic use of a tree map, where it is displaywsgter information for teams in the NBA.
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Hyperbolic Browser

Another method used to visualize large hierarcarebgraphs that have been
converted into trees, the Hyperbolic Browser teghaiuses fisheye distortion to display
all nodes on the hyperbolic plane.

The hyperbolic browser initially displays a trediwits root at the center,
but the display can be smoothly transformed toghather nodes into
focus. In all cases, the amount of space availabdéenode falls off as a
continuous function of its distance in the trearfrthe node in focus. Thus
the context always includes several generatioqpgnts, siblings, and
children making it easier for the user to expldre hierarchy without

getting lost. (Lamping & Rao, 1995, p. 389).

The authors indicate that due to the context-fowufsheye distortion, the
hyperbolic browser can display ten times as mardes@s traditional tree visualizations
in a similar space. When a new section of theig¢e be explored, simply clicking on or
dragging a node to the center of the display resnlthe tree dynamically updating. The
process behind implementing this technique invothiesuse of hyperbolic geometry.

The hyperbolic display appears to be an effecteinique for projecting large
tree hierarchies into two-dimensional space. Itlmamore intuitive to navigate than cone
trees, and does not lose hierarchical focus sutteasnaps. Although performance
issues are of concern, particularly during animaiede-focusing transitions, Lamping

and Rao suggest several techniques to reduce theutational strain of the hyperbolic
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approach (Lamping & Rao, 1996, p. 2). The largeatiblock to using the hyperbolic

tree, however, is clearly due to Xerox having pegérthe software. As a result, it is
illegal to use this visualization technique with&ioensing the technology from Inxight
(an SAP company, sold off from Xerox) which hasataipwards of $25,000. Perhaps
the fee can be waived for use in an educationakesehrch setting, such as for

TeachEngineering; regardless, this still posemddtion on the use of this method.

Brushing
Brushing generally refers to the use of color capbics that allows subsets of

data elements to be interactively highlighted (Beck987). In this situation the color is

not used to encode an additional
® ®
variable, but rather is used to assist in
Price ® ®
the understanding of the data. This is
©) @
particularly useful when displaying a nd *
Time
large dataset that could become very ®
confusing without color-clustering Time :
o
approach. Used to enhance the work ®
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of scatterplot matrices and parallel coordinatessiing involves selecting a subset of
data items and highlighting them; the user can th#ttrer delete the subset from the view
or zoom in on it. In scatterplot matrices, indivadiplots are linked together to relate
where data subsets exist in different views. Bmugls often used to cluster large
datasets visualized with parallel coordinates,damt also be used to color individual data
lines. Wegman (1990, p.10) suggests the use ofdestfive and fifteen colors and the
use of gradients in parallel coordinates. Heavibttpd areas can be blended with color

mixes and transparencies of colored clusters.
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After reviewing the available literature on visualiion techniques, we can now

focus on how they might be applied specificallgite TeachEngineering digital library.

First, we will summarize the information visualiwat techniques in the following table:

(o)

Technique Dimensions Advantages & Limitations

Scatterplot 2 Familiar, but difficulty displayingare than 3D.

Scatterplot Matrix 5 Directly compares all variabbgainst each other,
but can be difficult to read and interpret.

Parallel Coordinate 20 All dimensions are treateilgame. Requires units
to have a similar scale. Studies have shown users
quickly obtain data from it.

Star Plot 8 Radial version of parallel coordinatas,in a more
familiar layout. Quickly becomes cluttered with pnl
a few data lines.

Parallel Star Glyph 6 Similar to parallel coordemtbut each glyph
represents a data item, while spokes represent
dimensions. Users likely not familiar.

TileBar 3 Identifies the location and concentratidmmultiple
keywords within a document. TeachEngineering
users likely are not looking for instances of a
specific word.

Cone Tree 4 Represents multiple dimensions, but quickly take
up screen space.

TreeMaps 10 Takes up all available screen space to map as many

variables as possible. May be difficult to readessl
user has limited understanding. Similar to a Venn
diagram.

Hyperbolic Browser

Scales well to show multiple dimensions. May have
trouble indicating the notion of relevance. Thislfo
like ordinary library catalog systems, is hieracathi
in nature.
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In theDimensionscolumn, the value indicates the largest numbaadables
represented by the specific technique in exampten the literature. Furthermore, the
dimensionsiumber does not take into account the use of elemseich as color, size, or
shape which could be used in various ways, suth escode additional dimensions or to
increase visualization readability.

In applying these different methods of visualizatio TeachEngineering, we will
utilize the following variables as potential seacciterion: relevance (to an educational
standard or keyword), grade level, time requiredt,cgroup size, and state source. Using
these variables, the goal is to represent docunfiemsthe TeachEngineering database

that are either an exact or close match to theifspesearch parameters.

Scatterplot

The scatterplot is a straightforward technique thatsed to compare and contrast
values along two orthogonal dimensions. Users tiredvisualization intuitive and
familiar, as it is identical to the x-y graphs usedasic mathematics. Indeed, when only
using two variables, the scatterplot can be usafféxtively demonstrate which
documents fit search criteria, as we will demornstveth examples. In Figure 21, the
user has created a theoretical query looking flw@iment using the keywolarth’

and the grade range of five to six:
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Keyword Relevance vs. Grade Level
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Here, we see a graphical layout representing bathnpeters of interest that the
user specified. Documents designed for gradesafivkesix are highlighted, as they fall
within the bounds; documents with the greatesvezlee scores for the keywordrth”
are located at the top of the chart. Thus, we earttsat from our graphic example that
there are two documents which fit the criteria. ldoer, let’'s assume the search returned

a plot that instead looked like this:
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Keyword Relevance vs. Grade Level
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In this scenario, there is only one document disgadan the specified grade
range, but its relevance to the keyword is low. ldeer, from our visual, we see that
there are documents designed for both fourth anelnle grade that have a very strong
relevance to our keyword. Although they are outsidespecified age range, these
documents represent lesson plans that may beeawésitto the user, perhaps more so than
the document that matched our criteria, despitaai relevance score. Other methods of
displaying search results would not provide thesghts as to documents that are close,
but not perfect fits. Assuming they even appeanedl traditional list, they would likely
be ranked near the bottom, despite being whatdbemay really be looking for.

Extending our previous example, let us assumethieatiser now wishes to search
against keyword relevance, grade level, and tirgaired. In order to encode this
additional variable, we will use color to indicale value of time required for each
document. This graph, although similar to Figureriw uses color (as specified in the

legend) to indicate the approximate amount of tileeactivity will take.
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Although more complex, the scatterplot still apgeaable as a method to
visualize three variables fairly effectively. Canting this trend, let's assume that in
addition to previous parameters, the user alsaddedo search by group size, which will

be represented by icon shape.
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At this point, the graphic becomes increasinglyiclift to read, having to
interpret color, shape, and location along two disiens. For a graphic consisting of
only a few data points, such as above, this maypresent a problem; however, if the

graphic contains more symbols, then it may be ulalyie

Although this 4-dimensional scatterplot does endatt@mation for all four of
the variables searched upon, it is awkward andcdiffto read. One suggestion is to
include a method to filter which icons are visiblethe screen. In Figure 26 we see an
implementation of this idea, where only resultsehatg the checked criteria (minutes,

group size) are visible. As a result, the grapsimuch easier to read.
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For the sake of exploration, we can attempt toafifth dimension, state source,
to the graphic. In order to represent all of theadaowever, we will replace keyword
relevance with state source along the y-axis, aptesent our relevance metric using the

visual size of the icon on the screen.
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Clearly, as can be seen in the Figures 21 and®®ugh the scatterplot is
effective for displaying two or three variablesh&comes significantly worse for
displaying more information than this. In additit@nthe sheer busyness of the
scatterplots, there are some additional concermenénly displaying two variables,
each is assigned to an axis, and there is no proltle®wever, when additional variables
are introduced, only two of them can be represewigethe axes; choosing which to
represent via the axis is not a trivial task. Aswtened by Card (1999), the axes should
represent thenost importanvariables; the question then arises, of whichaldess is the
user most interested in? Users may differ concgrthis issue, but it would be difficult
and perhaps really unnecessary to provide themanmitimteractive way of manipulating
which variables are represented via an axis andhwthirough size, shape or color.

A second concern in using the scatterplot technigjtiee possibility of
overlapping data points. Even when there are oféwgpoints being displayed, there is a
risk of documents overlapping. If, in our previaxample, two documents for a single
grade had a similar relevance score, their icontdooverlap on the screen, perhaps
completely, making individually identifying them meodifficult. One solution to this
issue is to use columns to represent value rarsgees @s for grade, time, cost, etc.) and
thus documents of similar value can be placed baotaly to each other, rather than

overlapping.
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A third consideration centers around the abilitylisplay data such asurce
stateor educational standardsn the scatterplot graphic. As TeachEngineering is
currently, there are only a few of each categouy this is likely to change as more

lesson plans and activities are added to the dsg¢alide idea of lining up fifty rows or
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columns, to represent every state, on a graphis doemake much sense and would be
cumbersome. Rather, an alternate approach coutul dieplay relevance to a state,
through a mapping scheme.

One additional suggestion regarding the use dfesgdots involves a method to
visually demonstrate the appropriate grealggeof a document; although the lesson
plans usually indicate the grade level it was desigfor, in many cases there is an
additional range of grades that it is appropriate By extendingvhiskersfrom the
document icon, the actual grade range can be wzgdalas opposed to just being
assumed. This technique adds additional informatdhe graphic, and could cause
unnecessary clutter, but does present a methadually indicate that documents not

directly associated with a particular grade levaymstill be extremely relevant.

% B 6 - & C
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Scatterplot Matrix

The advantage that the scatterplot matrix provisiéise ability to simultaneously
display multiple two-dimensional scatterplots at®mmaking it easy to view data
relationships between every combination of varisiplessible. Figure 31 demonstrates

the display of five dimensions in a matrix where thdundant plots have been removed.

% " " 7

Though it is easy to compare any two variabled,thare is a lot of information
available for the user’s interpretation, it islstilmessy graphic that can take time to read.
In fact, there is perhaps too much informationtterapt to sort through. However,
attempting to display five dimensions is a diffictalsk regardless; instead, let’s take a

look at a simpler scenario of three variables.
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Here we see that we are only comparing three agakven in this limited
scenario, the scatterplot matrix provides for aendifficult graphic to read than
encoding a third dimension, such as through theotiselor, onto a regular scatterplot.
Without the use of linking and brushing, the saatte matrix provides much less
information as data items are difficult to compdaiewever, even when using these
techniques, the scatterplot matrix does not sedme tan effective technique to visualize

digital library information

Parallel Coordinates

At first glance, the parallel coordinates visuafian technique appears very
intriguing for the simultaneous display of multiplariables. However, when attempting
to represent the multiple variables from TeachEegimg, a significant problem arises.
As we have dealt with TeachEngineering variablefasove have considered the use of

both continuous (relevance) and discrete (gradal,lewost etc.) data; even thougst
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andtime requiredare actually examples of continuous data, weraegihg them as
discrete by only considering them with integer esluOne component of the parallel
coordinates system is that all axes need to shsiraikar scale. Ignoring this limitation
for now, we can draw what a parallel coordinatesricimight look like, when

implementing both continuous and discrete data.

%% 7 & 6

In Figure 33 different scales are associated thighvarious axes. For example,
theGrade Levehxis ranges from the low value of four to the udpeit of eight. The

data used to generate this graphic can be fouAppendix A. Without proper labeling
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of the axes, this chart is useless; despite cantaenlarge amount of information that the
user may be interested in, it is not easy to rééuen looking for a sixth grade lesson
plan, should the user really need to look for théway point on that particular axis, and
then near the top for the adjacent keyword relesaxts? The reason for parallel
coordinates requiring similar scales on every axés prevent this sort of ambiguity. It
becomes clear that in order to use the parallaldioates system, all of our variables
must be normalized through the use of a relevaocoesFor example, if the user is
searching for sixth grade, then documents for gix#lde have perfect relevance, eighth
grade is decent relevance, and kindergarten ofttwgrlade would present low or no
relevance at all. This relevance computation nhesh be applied to all of our variables,
after which the information can be displayed oraplar coordinates; if this sort of
conversion is not possible, then the parallel coates technique does not represent a
good fit to visualize the data. Assuming that weehaow converted all of our

dimensions to a similar unit (relevance) and saaiecan see what this might look like.
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Based on this visual, we can immediately seettieat is one document that
represents nearly perfect relevance across eveancnmher documents show strong
relevance to several, but not all, of the searclalikes, and yet one line demonstrates
weak relevance across all but one dimension. Withtechnique applied as in the
example, it is easy to identify documents that f@ynteresting from the subset that is
returned. However, there still remains the contleat too many data lines may be

returned, which can turn the parallel coordinatgés a confusing graphic of little value.
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The use of color has been shown as an effectivenigge to aid against the
problem of too many data lines. Representing eaelhwith a different color helps to
distinguish each line from one another and increéise readability of the graphic. User
interaction can help to improve this interactiocht@que even further. For example,
perhaps hovering over a specific data line couddlten it being highlighted and cause a
box to appear and display additional informationuaht.

As suggested by Becker and Cleveland (1987) usamaiction may be used to
select and delete data points from the chart. kamele, if a particular parallel
coordinates graph is overcrowded with lines, atividdal data line could be selected and
deleted, or removed from the graphic, thus allovtimguser to focus on the results that

are of best interest.
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Although the use of the parallel coordinates teghairequires all of the
TeachEngineering variables to be scored via a aeley metric, it is an effective display
technique to quickly visualize how a document ratesording to all of the potential user
variables. If the user only uses two or three \deis, the parallel coordinates technique

can be adjusted to only show those axes.

Starplot

The starplot, which is essentially the same thmgarallel coordinates but
arranged with radial axes, contains the similartétion of requiring each axis to share a
similar scale. Again, this requires the conversibpreviously discrete data (such as
specifying a group size) into a continuous releeasuore that indicates how well the
parameters and document match; if this conversioi possible, then this technique is
not possible. Figure 36 shows the data line ofaudent that perfectly matches all of
our search parameters. Figure 37 is the radialorerd Figure 34 and contains several

data lines that show strong, medium, and weak aelex across different dimensions.
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These starplots provide interesting graphics. @ltfh the information provided is
identical to parallel coordinates, the arrangenaéiaixes around a radius makes this
graphic seem more familiar, as it is similar loakio a normal set of orthogonal axes.

For displaying a single data line, the starplot esafor a useful visualization. However,
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the graphic quickly becomes crowded when additidasd lines are entered on the same

axes.
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Figure 38 contains the same data as Figure 33s bepresented in a radial form.
Since both graphs demonstrate the same informatierghoice of which approach to use
could be considered user preference. However, dttngsize that the parallel coordinates
technique may be easier to read; since each @be are located directly horizontal to
each other, it is easier to follow a data line asrall dimensional axes and compare the
attributes of different documents with each oti@utter quickly becomes a problem
when graphing multiple data lines onto a single gkat.

In identifying ways to apply the starplot, oneadbdat was generated consists of

combining the starplot with the traditional lists#arch results, as seen in Figure 39.
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In this approach, the use of the starplot may geiek heuristic to understand the
attributes of a specific document. However, this retquires the use of the standard list
of search results, and simply displaying the aiteb in a text columns (rather than

visually) may be just as much if not more effective

Parallel Star Glyph

The parallel star glyph, likewise originating frdahe parallel coordinates concept,
also is restricted by the limitation that all axegch share a similar scale. Assuming that
all data variables are converted into a measurelefance, we can essentially project

multiple star plots into three-dimensional spaesutting in a very intriguing graphic. It
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should be noted that color is only being used tp Hestinguish each individual three-

dimensional star glyph from each other, and doésnaiicate any sort of value.

Here we see that each starplot represents a didtieoment in the search results.
Looking at the starplots next to each other, | camelp but draw parallels to the
resemblance of a bookshelf, with the largest stésplkepresenting the documents that
have the highest relevance scores. From this asgtee of the axes are hidden or not
easily viewable; allowing for user interaction tdate the set of starplots around their
radius could address this issue. Further, useractien, as demonstrated in Figure 41,
could be used to select and highlight a single demnt; a box could then appear to

provide specific information about the selectedutoent.
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Although the visualization of the parallel starmhyis quite impressive, there is
one glaring flaw that stands out — what happetiseifdocuments are all pretty similar in
size? Although the color differentiates one glypint the next, if all of the documents
are approximately the same size then that meagsatieeall equally relevant (or
irrelevant) and this visualization technique doeshelp much in finding the documents
the user is likely to be looking for. One potentialy to address this is to combine the
relevance scores from each axis and arrange tpdgin order from most to least
relevant (based on the composite relevance sddoeguments being nearly the same size
may continue to be a concern, but arranging thesolnye measurement of total
relevance helps to identify the results that bieshé search parameters.

A secondary concern is that there may be too meamgents returned to make

much sense of the glyphs — that they might be ghskeclose together to fit them all on
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the screen, that the visualization becomes ledsluffeghe glyphs were arranged, as
previously suggested, from greatest to smallestativelevance, then perhaps the
visualization could be limited to showing the fitgtenty documents as three-dimensional
glyphs; a button could be used to generate thesebxdf glyphs, which would be slightly
less relevant.

A last concern regards the technical feasibilityngblementing this visualization
technique, as it would need to be generated intid@ and viewable in a web browser to
be a viable option. Regardless, the parallel dtgohgrepresents a unique approach to

representing documents that have relevance tolsedteria.

Hyperbolic Browser

Of all the variations on the hierarchical tre@isture, the hyperbolic tree is the
visualization method that demonstrates the mosh@® for use with the
TeachEngineering system. This technique allowsifoessentially limitless amount of
items to be displayed on the screen simultaneoBsiynteracting with the canvas, items
of interest can be focused on; other items, whilevisible on the screen, shrink in size.
Overall, this allows for data to be focused on withlosing perspective of other parts of
the tree.

In looking to adapt the hyperbolic browser visgafion, the primary issue to
address is how the different variables will be esented within this tree structure. The
hierarchical nature of the tree actually allowsdaronvenient way to map multiple
dimensions — each level of the hierarchy representsw dimension. For all of the

discrete and categorical data types, this usehidrarchical tree works extremely well.
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For example, if our root node wé&gienceit might have child nodes éfhysics,
Chemistry, Biologyall of which represent subject types. Moving dexand through the
hierarchy, we can display other variables. Belospecific subject area a set of nodes
such aseventh gradean be created in the tree; moving through the ke can find the
branch that represents the topic, grade, cost,dimdegroup size that we are looking for.
Ideally there will be documents at the end of thrsnch that match all of our
specifications; if not, then

similar documents to what we

are looking for will be located

in nearby branches. The spatial

layout of the documents in the

hyperbolic tree helps to identify

how they are similar or unlike 1 2 " 7

each other.

However, when attempting to display continuousidsitich as the attribute of
relevancegto a keyword or educational standard), some isatiss. The notion of
relevance cannot easily be mapped into a hierdest®} on the tree, and requires
breaking it down into categories suchs&®ngor weakrelevance. Due to the nature of
the hyperbolic tree, space between nodes dynamidadinges as the user focuses on one
area or another; thus, space cannot in itself bd as a factor in indicating relevance
between a specific document and a topic, keywombarcational standard.

Other approaches to representing relevance onyerliolic tree can be found

through the application of size, shape or coloe Tike of size, however, is discouraged,
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as typically size indicates difference betweenlkewé a hierarchy. It is common for the
size of a parent node to be larger than that diild,onith the root node being the largest;
however in other cases, the size two sibling nddethe same level on the hierarchy)
might have different sizes, representing how marerall nodes descend from them. To
an even further extent, the size of the nodes rhaypge as they come into or out of
focus. Overall, using node size to represent thel lef relevance is not a good solution to
this issue. Using icon shape to indicate a docuiméntel of relevance, although a better
method than using size, is still not ideal; agasing shapes requires categorizing the
notion of relevance into groups suchsé®ng relevance, fair relevancandweak
relevance Color faces the similar limitation that in ordereasily represent continuous
data such as relevance, this data much be gronpedategorical units. In using color,
one approach would be to again categorize the wuelevance (to a keyword or
educational standard) by grouping

documents into colors; for

example, yellow may represent an

excellent fit, whereas blue would

be a poor fit. It should be noted that

any number of colors could be used

to categorize different levels of

relevance. This leads to thoughts of

an alternative approach that could

use some sort of color gradient schem 1% B

to indicate relevance; although this
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might more accurately represent levels of relevatiie would undoubtedly make user
interpretation more difficult.

One advantage of using color with a hyperbolic tsetbat it can be easily seen,
even when a document is out of focus and repreddayta tiny icon. An additional
proposed technique would be to paint the tree lbréines the color of theimost relevant
descendent; this would make sorting through theshyglic tree even easier, as clusters
where lots of relevant documents exist could edmalgpotted. It should be noted that the
use of color and icon shape together may combipeaade even more information to
the reader, or to make the graphic easier to irgerp

Because the hyperbolic tree is hierarchical anédiht dimensions are mapped
to individual levels of the hierarchy, the questarhow to order these dimensions
becomes critical. Some users may consider keywaledance the most important part of
their search, and thus may want that to be reptegdry one of the top nodes in the
hierarchy; another user may have a different opiio how their data is arranged. The
solution then, is to let the user decide how to thase dimensions to the hyperbolic tree
through a simple ranking system. As seen in Figdre situation could be established
where the user orders the way the search variabdeshapped to the hierarchy; if one
dimension is not particularly of concern, it canrbmoved from the search dynamically.
Overall, this approach to interacting with the datathe hyperbolic tree provides a great
level of user interactivity and allows them to yrgkearchthrough the virtual digital

library space.
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In addition to the ability to display informatievell, the hyperbolic tree also
renders extremely fast and can be generated vatlava applet in a web browser. Based
on these observations, it is clear that the hyperb@e browser visualization technique
has considerable merit in the discussion of hodigplay search results from
TeachEngineering. Supporting this idea, it sho@adobted that this technique has been
used before to map the hierarchies of digital hles including the Library of Congress

as seen in Figure 45.
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Additional Approaches

In addition to the previous techniques that haaenbanalyzed with specific
regards to TeachEngineering, there are other visugn methods mentioned throughout
the paper that have not received this level oh#tia. The rationale for this is that they
clearly do not represent ideal methods of visuadja digital library and are better suited,
perhaps even designed, for different tasks. Fomei@, analysis of the Hyperslice
technique was omitted because it was designedspbayi multivariable scalar functions,
and not a collection of data items; additionaltysivery similar in appearance to
scatterplot matrices. Andrews plots were left @utdimilar rationale, and the concept of

using box-plots on parallel coordinates was onlyd@ntification of how these two
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concepts could be combined. The TileBar technigirle extremely insightful, is not
particularly applicable for the TeachEngineeringteyn, as typically users are looking
for subjects as opposed to specific informatiorardong multiple keywords; this
visualization would be greatly suited towards skassults for digital libraries of longer
documents, such as academic journals. Although terse and treemaps did present
ways to visualize multiple variables, the hyperbdiowser was identified as similar but
superior method of visualizing the TeachEngineedata via a hierarchy.

In addition to these methods, there were a fewrottsualization techniques that
were also removed from consideration early on. |[Hdesed approaches for visualizing
data are typically designed for situations of highltidimensionality; in them, each
attribute value is represented by the color ohaglsi pixel on the screen. The worlds-
within-worlds technique explores embedding thremeatisional graphs inside of other
three-dimensional graphs, and doing this as manggias needed to represent all of the
dimensions. Typically this technique holds somealdes constant while manipulating
others, and requires significant data interacti@nawirtual hand; being able to generate
this in an online, real-time manner would likelype difficult, and users would need
training to understand how to manipulate the systE@memescapes, which look like a
map of terrain landscape, work best in clusteriaé&nd allowing the user to drill down
for details; however, many of the advantages pbgdtis technique are limited by the
difficulty of interacting with the system; ironidg) queries occur after a themescape has
already been built, rather than the other way ailq@pence 183). Lastly, Kohonen maps

are another method to cluster data, and bare agstesemblance to tree maps.
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These and even more visualization techniques disoevered and considered
during the course of research, but it was deterdhihat it was best to focus on the
methods that demonstrated the greatest abilitglo bsers identify useful documents in

a digital library system.
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DISCUSSION & RECOMMENDATIONS

Even after an extended analysis attempting tonsitaled various visualization
techniques and how they might be applied to thefEagineering digital library, no
single method has emerged as a clear “solutiorchBathe techniques that were
specifically analyzed for TeachEngineering havertmerits, advantages and
limitations.; they all displayed pretty much thersainformation, albeit differently. In
reality, the challenge of visualizing informatioraynbe partially due to differences
between users. It is a bit ironic that everyone witeracts with a given system is
grouped together as part of the collectigers when individually these people may have
very little in common. One user may know exactlyaivthey are looking for and be
familiar with a lesser-known visualization techrégsuch as the parallel coordinates plot;
another user may have an idea, but be unsure dfténaare looking for and not feel
comfortable with using anything outside of a staddest. This is probably why there is
no definitive solution to the problem.

Although it has been essentially ignored for alihe previous discussion and
analysis on how to visualize the TeachEngineerigdal library, it is important to note
the idea of visualizing data with a simple listr Bduations where data is univariate this
method is ideal; after all, what exactly is a fter than a one-dimensional, vertical axis
along which search results are sorted by the meaguelevance. In most information
systems, this type of search response is bothefaili and only visualization method
available. Google would be such an example, whreggardless of the query, a list of

results is returned, ranked via relevance. Howarearontrast to Google, with an
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essentially unlimited number of pages to sort thhgwa structured system such as
TeachEngineering has limited and specific infororato return to the user. Because the
type of information is fairly specific (lesson p&nusers interacting and exploring the
data through a more advanced visualization tectennay find answers to questions they
did not know that they had. Regardless, for sormuagons, including the
TeachEngineeringimple searchthe best method of displaying search resultdbean
found in the standard relevance-sorted list.

By no means, however, is this conceding the ndhahthe standard list is the
best way to visualize all data, as that is ceryanat the case. Indeed, for multivariate
search situations, it makes sense to display seesudt manner that is intuitive and fitting
to the number of parameters being searched upenweor three parameters, the use of
a scatterplot to visualize document retrieval appé&abe an effective option. However,
when attempting to visualize four or more variaptag technique appears to lose its
effectiveness and other approaches such as thikepaoordinates plot or hyperbolic tree
may make more sense.

When it comes to having trouble identifying exennplaethods of visualizing
information repositories, | am by no means alongou data repositories, Chen and
Wang (2001) describe “This information is complgtabstract, so the data must be
mapped into a physical space representing theaesdtips contained in the information
as accurately and efficiently as possible. This ¢tdtservers understand, through spatial
relationships, the correlations in the library. Hower, finding a good spatial
representation of the information remains a chgignAlthough not particularly

associated with digital libraries, popular visuatian tools such as InfoVis and Spotfire,
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neither of which are web-based, avoid addressiisggbue and instead visualize multiple
techniques (scatterplots, parallel coordinates) simultaneously.

My exploration of information visualization techoies, and how they might be
applied to the TeachEngineering digital librarys hasulted in finding multiple potential
solutions — specifically scatterplots, parallel @boates, and hyperbolic trees. Each
technique has advantages and weaknesses, andtedesms a situation where it would
be the ideal visualization method; however, alhafse examples were created with
hypothetical data, and may have been unintentipalaibigned to allow a visualization
technique to appear more promising than it actusll

Regardless, scatterplots remain a very strong tgearior displaying the results
of search queries; documents deemed relevant cha sdund within a short spatial
distance from each other. As evidenced in our eXxasnthe use of color and icon shape
can be extremely useful in embedding additionalesigions into the technique, although
attempting to use theon sizehad a less positive outcome. Even limitationshef t
method, such as concerns about the plot becomiegwded, can be reduced via
simple techniques. Despite seeming like a verynangyi, perhaps even boring,
visualization technique, the scatterplot, as weereggwlied it, shows that it can be used to
display search results where there are two or rparameters.

The use of parallel coordinates in its many formsl{ding star plots), although
intriguing, appear to be less effective than sofrtb@se other techniques. Parallel
coordinates are excellent at displaying all ofitifermation on a single plane, in a
readable format. However, attempting to use trawidti parallel coordinates plots, it

becomes clear that even a small number of data tiae make the graphic difficult to
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read and interpret. Star plots fare even worsherptoblem of over-plotting, but do have
a few potential uses, such as displaying the ate®of single documents as was shown
in the mock search results page of Figure 39. Aigioparallel coordinates represent an
excellent way to directly compare different varedbto each other, they are probably best
utilized to compare data trends of an entire dat@se not to pick out a few single,
relevant search results.

If forced to choose one visualization techniquestmdmmend for further
exploration regarding this manner, it would cettale the hyperbolic tree. Not only
does the hyperbolic tree represent hierarchical, deltich library information is typically
represented as, but it has a dynamic and intumitezface. Further, the hyperbolic tree
allows for part of the data to be focused on, wkilk maintaining a view of all the rest
of the data, which makes it less likely that therusill become lost in the data. As Figure
45 demonstrated, | am clearly not the first petsorealize the potential of using the
hyperbolic tree to visualize the structure of diglibraries. However, it should be noted
that my approach, to visualize search results pesgal to the entire library, is unique;
whether this visualization technique holds up uratkranced queries, utilizing multiple
variables, remains a key question.

Although this study attempted to qualitatively cargpthese different techniques,
the use of a quantitative test would help in deteimy the effectiveness of each
visualization technique. Future steps would inclddsigning an experiment that uses
human testers to gauge the effectiveness of eatttoheT his could be accomplished in
several ways. In its simplest form, this could ilweoshowing the user examples of the

visualization outputs and seeing what they are tbigentify. Although there are several
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steps in between, a more complex test could inviedlping the user build a query, and
then having them answer questions; their answerlsl & used to determine if they
actually found thdestsearch results, and the time it takes the useortplete the task
could be recorded. Upon completion, users coulgiben a qualitative test to see how
confident they were in their responses, and if egdao multiple visualization
techniques their preferences can be recorded &sieglending on how the study is
designed, it may be necessary to have some inteatement that mimics the
functionality of a real implementation, particulafbr the hyperbolic tree to be tested.
Further experiments could help to answer whichhesé various visualization techniques
is really the most effective in helping the usefital the search results that they are
seeking.

As has been demonstrated, the challenge of visngldigital libraries is not a
trivial task. Many potential solutions exist, butne have been refined to the point where
they are considered the overwhelmingly superiothimet Much of this may have to do
with the users, who have various needs and expatsah searching for lesson plans.
Regardless, surveying the available visualizatemmniques has led to the identification
of several candidate solutions that demonstratms®in visualizing TeachEngineering
search queries. Although additional empirical rese& needed, the further development
of these methods should result in increasinglyrative and dynamic information
visualization techniques that allow the usersiid the documents that they want and are

looking for.
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APPENDIX: DATA TABLES

The following table contains the data used to gateethe Figure 31 scatterplot matrix.
These values are hypothetical and were createsflext what a subset of

TeachEngineering data might look like. The releeascore was randomly generated:
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coordinates graphic:

The following table consists of the data used tpypate the Figure 33 parallel
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After modifying the values of the non-continuousedtypes (grade level, cost, time

required and group size) to fit the notion of relese and a scale of zero to one, the

following data was used to populate parallel camaite Figures 34 and starplot Figure 37:

! #
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The following table contains the values used toytete parallel coordinate Figure 35

and starplot Figure 38:

! # % #"(
% & % & | % & % &
) 2. )1 * * )2 *
* )+ * )/ ) 1. )0
) .. * )1 )0 ) +. )0
)0 ). )1 ) 0. )1 )0
) .- ) +. ) - ) - ) /. ) -
) 0-),--1,, ) +/1/.*0** ) 0+//*/,,0 ) 21%)+ ) -++,1/0,+ ) -/01.0.
) 104)0+22 ) +201*.+/, |)/+).+0/+0 ) 1+//0 ) 20/.-,*2/ ) 11,1)0-
) 11/--,.2, )1.,0,)+/- ))1+)+21-, ) 00+,1 ) *)-,+,.2/ ) 1..-**1
) .+*.+0)*0 ) o242, ) -.12)0+1/ ) +.+2/ ) KL ) NI+,1
) 1*21)/0-0 ) +***00., | ) +2/**-21- ) 1-.0* ) 11--/,+-* ) 2--/,**
) 2,,-.0,*, ) 1)+0,0-). ) 0.,/)+-,1 ) -, +*2 ) ,-)2+,0+, ) )1)*1-*
) 1110../.2 ) +2)10*-,* | )/0+*2.100 ) )+ ) -/, +2/ ) 1)/1.22
) =)l ) +)0/.1)-* ) .)+-)00.. ) +2+/- ) 00+.+*,.2 ) .,1+0*1
) ,0-0*+1// ) +02212*1* | ),,.01-/1+ ) 010.* ) ++0)02**2 | ) 0*12+)*
) .+01/,,/11 ).*2-022 |),,.1,2,0+ )1)212 | ) .%)-)0%)+ )+




