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A visual term discrimination value analysis method is
introduced using a document density space within a
distance–angle-based visual information retrieval envi-
ronment. The term discrimination capacity is analyzed
using the comparison of the distance and angle-based
visual representations with and without a specified term,
thereby allowing the user to see the impact of the term
on individual documents within the density space. Next,
the concept of a “term density space” is introduced for
term discrimination analysis. Using this concept, a term
discrimination capacity for distinguishing one term from
others in the space can also be visualized within the
visual space. Applications of these methods facilitate
more effective assignment of term weights to index
terms within documents and may assist searchers in the
selection of search terms.

Introduction

Information visualization has become an important area
of investigation within anumber of disciplines in the phys-
ical and social sciences. Visualization borrows from many
areas of study such as psychology, human–computer inter-
action, data mining, imaging, and graphic design. Research
in information visualization focuses on helping people to
visualize abstract or conceptual information by reducing its
complexity. Fundamental problems for visualization re-
search include the discovery of special presentation ap-
proaches for displaying hidden information and the under-
standing of how visual presentations are interpretable and
meaningful for special analytical tasks confronted in every-
day life. Due to the intangible characteristics of abstract
information, people cannot observe, perceive, and analyze
information as atangible object with obvious physical rep-
resentation.

Visualization techniques have also been applied to the
information retrieval environment where documents and
their relationships may be considered an abstract informa-
tion space. This space may potentially contain thousands of

documents. It is clear that there exist relationships among
these documents or even indexing terms in the document
collection, but they are invisible because of the high data-
base dimensionality.

Visualization of information transforms the unseen in-
ternal semantic representations of information retrieval sys-
tems into visible geometric displays, and demonstrates in-
ternal processes for users. Simply put, visualization offers a
method for seeing the unseen. Visualization provides a
number of benefits (Zhang, 1999): (1) The understanding of
internal relationshipsamong documentshelpsusers to make
decisions in judging relevant documents in a search; (2) a
transparent processmakesthesearch and analysiseasier and
more effective; (3) a visual environment presents richer
information for users; (4) visualization has the potential to
provide new methods of information processing; (5) visu-
alization brings the recognition capacities of human beings
to bear in either the discovery or display of information. In
short, information visualization in this domain can enable
users to understand information better, to get information
more quickly, and to make more reasonable decisions about
document relevance.

How and what are visualized in avisualization space are
fundamental and crucial questions that system designers
must confront. Answers to these questions wil l determine
the features and functions of an information visualization
tool. Some attributes of an object, such as adocument, can
be extracted to build a visual space, which is akey part of
an information visualization tool. Visualized objects in a
visual space can be documents such as full texts (Fekete &
Dufournaud, 2000; Hearst, 1995; Helfman, 1994), docu-
ment flows (Young & Shneiderman, 1993), document sets
(Borner, 2000; Brooks& Campbell, 1999; Furnas& Rauch,
1998; Michard, 1982; Shneiderman, Feldman, Rose, &
Grau, 2000), simple document icons (Heath et al., 1995;
Kim & Korfhage, 1994; Nuchprayoon & Korfhage, 1994;
Olsen & Korfhage, 1994; Wise, 1999; Zhang & Korfhage,
1999); document citations (Small, 1999); and subjects or
subject terms presenting documents (Fowler, Fowler, &
Wilson, 1991; Lin, 1993).
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Term discrimination analysis has been an important area
in information retrieval research for several decades. Its
primary application has been for automatic indexing of
documents. Term discrimination addresses the capacity that
allows a document to distinguish itself from others in a
document collection. van Rijsbergen (1979) shows that
there are two distinct ways to characterize a document: (a)
representation without discrimination, and (b) discrimina-
tion without representation. Representation without dis-
crimination characterizes a document just from its contents,
ignoring the impact of other documents in the document
collection. Discrimination without representation character-
izes a document only from the perspective that it discrimi-
nates itself from other documents in the collection, regard-
less of its contents. Because each document in a document
collection is not independent of other documents, and they
share the same topics or related topics, the mutual impacts
among the documents should be taken into consideration for
this characterization. From this it is clear that neither should
be ignored. Basically, computation of the discrimination
capacity of a term involves determining an average similar-
ity for all documents in the document collection by consid-
ering each pair of documents in that collection. Such a
computation is an O(N2) process and, therefore, quite time
consuming for a large document collection (Korfhage,
1997).

In the present study, the authors deal with an application
of the traditional vector space model used in information
retrieval. The concept of a “space density” for a document
collection, introduced by Salton (1989), is used to describe
the relationships among documents. Term discrimination
values can be computed as the difference of the document
space densities before and after a term assignment to a
document collection. The space density can be obtained by
employing the average similarity between all term pairs in
the collection. Approaches to the similarity measures can be
distance based or angle based. Other methods may also be
used. Computational complexity of the approach is a major
concern. To reduce computational complexity, the centroid
of all terms in the document collection, representing the
geographic center of all terms in the document space, re-
places the average pairwise similarity between all term
pairs. The computation for this strategy is reduced to an
O(N) process. Other related research on improving these
algorithms has been undertaken by Willett (1985), El-Ham-
douchi and Willett (1988), and Biru, El-Hamdouchi, and
Rees (1989).

After the discrimination value of a term is determined, it
is usually used to modify the term weight to make it more
reasonable, sound, and accurate, which is the primary mo-
tivation for term discrimination analysis. It has also been
used to improve access efficiency to signature files (Chang,
Lee, & Lee, 1989).

It is apparent that the weaknesses of the traditional ap-
proach to term discrimination value determinations are that:
the procedures are complicated, making the corresponding
term discrimination value computation timing consuming;

the difference of the document space densities before and
after a term assignment cannot be perceived by users; and,
the overall change of the space densities is expressed only
by a single term discrimination value.

Note that the document density space is an abstract
concept that exists in the document collection but is invis-
ible. Application of visualization techniques to term dis-
crimination analysis may shed light on this issue. A visual
display of the space densities rather than a single difference
value would help users to understand the nature of the
density space and their differences, presenting richer infor-
mation for decision making in a visual environment. Al-
though visualized objects in some visual tools discussed
earlier are subjects or subject terms, there is no visual tool
for term discrimination analysis, let alone one using the
distance–angle-based approach to analyze the term discrim-
inative capacity visually.

The purpose of this article is to demonstrate the appli-
cation of the distance–angle-based visual tool to visualize
the document (and term) density space changes in a docu-
ment collection to facilitate selection of discriminating
terms. Both document density space and indexing term
density space are visualized for term discrimination capac-
ity analysis. Traditionally, this has been done by analyzing
term discrimination capacity via the document density
spaces before and after a term assignment to a document
collection. In addition to this traditional approach, we in-
vestigate the impact before and after an indexing term
assignment to a document collection on the indexing term
density space. Within the term density visual environment,
relationships among terms are demonstrated, the two term
distributions before and after a term assignment to the
collection are compared, and ultimately the term discrimi-
native capacity is analyzed based on the two density spaces.

The unique contributions of this study are that (a) the
visualization technique is employed to analyze the docu-
ment density space change, (b) a new concept called “term
density space” is introduced and the corresponding space is
visualized, and (c) the relationships between the document
density space and the indexing term density space before
and after a term assignment to a document collection are
made. Visualization for term discriminative capacity anal-
ysis will not only enrich information visualization research,
but also presents a unique way to perform term discrimina-
tion research. The present study represents the first part of a
multistage investigation of applications of visualization for
the design of more effective vector-based IR systems. These
applications will allow more informed decisions to be made
in indexing IR system contents, and ultimately provide
searchers additional decision support in the selection of
search terms during query formulation.

The Distance–Angle-Based Visual Tool

The distance–angle-based visual toolDARE (Distance
Angle Retrieval Environment)(Zhang & Korfhage, 1999), is
a two-dimensional visual retrieval tool, consisting of a
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graphical representation of the visual distance and the visual
angle as theX-axis andY-axis, respectively. Suppose there
are two special points in a document vector space repre-
sented as pointI and pointII . These points constitute the
transformation of a query submitted by the searcher. Using
these points, the visual distance and the visual angle of a
document (D) in a document vector space can be defined as
the distance (d) from point I to the document (D), and the
angle (a) formed by the document (D) and the pointII
against the pointI respectively (see Fig. 1). Here, the points
I and II are called the major reference point and minor
reference point, respectively.

These two parameters are indispensable and fundamental
for building the visual space. Based on the two parameters
of a document, it can be accurately mapped onto a two-
dimensional visual space whoseX-axis andY-axis are de-
fined as the visual angle and visual distance, respectively. In
other words, any document can be positioned in the visual
space if the two reference points are selected and its two
parameters are measured. TheX-axis range of the visual
area is defined from zero top due to the symmetry of the
visual angle against the reference axis (RA) generated by the
two reference points and the simplicity of the visual space
display. Because there is no limitation on a visual distance
of a document, theY-axis ranges from zero to infinity. The
analysis suggests that the document projection area is an
open rectangle area in the first quadrant of the visual space.
Figures 1 and 2 show the case of a documentD in a
vector-based document space and its projected position in
the distance–angle-based visual space, respectively.

The major and minor reference points can also be pro-
jected onto the visual space. Their positions are fixed rela-
tive to a document. The major reference point is always
situated on the origin of the visual space due to the fact that
its visual distance and visual angle are both always equal to
zero. The minor reference point is always mapped onto the
Y-axis due to the fact that its visual angle is equal to zero
and the visual distance is the distance from the major
reference point to the minor reference point.

Now let us address basic characteristics of the visual
space and the document projection. A document distribution
in the visual space is relative. In theDAREvisual space the
whole document distribution in the visual space is deter-
mined via the two reference points. It implies that changing

the major and/or minor reference point(s) will result in a
change to the document distribution in the visual space even
if the real relationships among all documents in the docu-
ment vector space stays the same. A document may be
assigned to different visual angles and visual distances if the
reference points for the projection change. It is obvious that
the major reference point determines both the visual dis-
tance and the visual angle of a document while the minor
reference point only affects its visual angle.

There are two basic document projection modes: one is
the origin-based mode in which the origin of the document
vector space is always assigned as the major reference point,
while the other is the nonorigin-based mode in which the
major reference point can be any other point in a document
space but the origin.

Within the visual space, document icons near theX-axis
are considered more relevant to the reference points in terms
of the distance-based similarity measure, while those near
the Y-axis are regarded as more relevant to the reference
points in terms of the angle-based similarity measure. Doc-
ument icons located around the origin of the visual space are
relevant in terms of both similarity measures.

DARE was initially developed for visualization of doc-
ument spaces for information retrieval. Several information
retrieval models may be visualized and interpreted within
DARE(e.g., Conjunction model, Disjunction model, Ellipse
model). A sample interface ofDARE appears in Figure 3.
DAREcan visualize not only the document density space, as
discussed above, but also the indexing term density space.
The difference between these two visualizations resides
primarily in their database structures: the former employs a
document-term vector as its primary data structure, while
the latter utilizes a term-document vector. Both spaces are
high dimensional, and objects in both are not easily visual-
ized. The two vectors can be transformed from one to the
other via a vector-reversing operation. The projection algo-
rithm for both the document density visual space and the
indexing term density visual space is the same. However,
the visualized objects in the two visual density spaces are
totally different. The visualized objects in the document
visual space are documents, while the visualized objects in
the indexing term visual space are indexing terms.

FIG. 2. A document in the visual space.

FIG. 1. A document in a document space.
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Visualization of Term Discrimination

Document Density Space Analysis

Traditional term discrimination analysis is based on a
document-term vector, where the document density space is
computed and generated. The document-term vectorV is
defined in Equation (1).

V 5 5
t11 t12 · · · t1n

t21 t22 · · · t2n

· · · · · · · · · · · ·
tm1 tm2 · · · tmn

6 (1)

The columns of the vectorV are indexing terms in a docu-
ment collection,. The rows of the vector are documents that
are indexed by the indexing terms. The number of different
indexing terms in the collection isn and the number of
documents ism.

The discrimination value of a term refers to the degree to
which the term can distinguish documents in a document
collection. The degree is obviously affected by not only the
term itself but also other terms in the collection.

Average similarities of all documents both with and
without a specified indexing term are compared to get its
discrimination value. A more efficient document space den-
sity computation is based on the use of a dummy document,
called the document centroid. The document centroid is
defined as the average document situated in the center of the

document space. In this case, the document centroid can be
expressed as:

Dc 5 ~c1, c2, . . . , cn! (2)

where

ci 5

O
j51

m

tji

k
, ~i 5 1, . . . , n!, (3)

Here,n is the number of all terms in the collection, andk is
the number of nonzero elements in

O
j51

m

tji

The document centroid without termti can be expressed in
Equation (4).

Dci 5 ~c1, c2, . . . , ci21, 0, ci11, . . . , cn! (4)

Because termti is extracted from the document vector, its
corresponding value in the centroidDci is set to zero.

The discrimination value of termti is defined as:

FIG. 3. The DARE interface.
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n i 5 ax S O
k51

n

Similarity ~Dk, Dci! 2 O
k51

n

Similarity ~Dk, Dc!D
(5)

In Equation (5), Similarity (X, Y) stands for the similarity
between documentX and documentY. The similarity mea-
sure can be either the distance-based or angle-based mea-
sure. The parametera is a suitable constant. The discrimi-
nation value is equal to the difference between the average
similarities without termti and with termti.

The vi in Equation (5) has three possible meaningful
interpretations: (1) termti is a good discriminator whenvi is
positive and large. This suggests that the introduction of
term ti decreases the document space density; (2) termti is
a poor discriminator whenvi is negative and large. This
suggests that the introduction of termti increases the doc-
ument space density; (3) termti is an indifferent discrimi-
nator whenvi is near zero or equal to zero. This suggests
that the introduction of termti has little (or no) impact on
the document space density.

To make a visual judgment about a term discrimination
value within the distance–angle-based visual environment,
two visual displays of two document density spaces before
and after that term assignment to the document collection
must be produced, then the two visual displays are com-
pared.

The following analysis is based on the distance-based
similarity measure. That is, the similarity value between two
documents in the collection is determined primarily by the
distance between them in the document vector space. The
nearer two documents are to one another, the more closely
related they are.

The visual display of the document space density before
term ti assignment to the document collection is generated
when the origin of the document vector space is selected as
the minor reference point and the document centroidDc is
selected as the major reference point for the projection. In
this case, theY-axis value of a document in the visual space
is defined as the distance from the document to the docu-
ment centroidDc, and theX-axis value of the document is
the angle formed by the document and document centroid
Dc against the origin in the document vector space. The
document centroid is always projected onto the origin of the
visual space in this projection mode. It is clear that the
distribution of all documents along theY-axis in the visual
space reflects the document space density with termti.

The visual display of the document density space without
term ti is yielded when the origin of the document vector
space and the document centroidDci [see Equation (4)] are
assigned as the minor reference point and the major refer-
ence point for the projection, respectively. Note that termti
should be removed from the document vectorV [see Equa-
tion (1)] before the projection. In other words,V is modified
as:

Vi 5 5
t11 t12 . . . t1i21 0 t1i11 . . . t1n

t21 t22 . . . t2i21 0 t2i11 · · ·
· · · · · · · · · · · ·
tm1 tm2 . . . tmi21 0 tmi11 tmn

6
(6)

The distribution of all documents along theY-axis in the
visual space reflects the document space density without the
term ti.

After the two pictures are compared, the decision on the
term discrimination capacity is made. Take, for example,
the possible outcomes if termti is eliminated from the
database and is then compared to the cluster distribution that
containsti. If the document clusters (C in Fig. 4) in the
visual space shift higher along theY-axis (orSN in Fig. 4),
this suggests that the space density has decreased. There-
fore, termti is a poor discriminator for the documents in the
collection. If the document clusters move down along the
Y-axis (orNS in Fig. 4) the space density has increased, so
the termti is a good discriminator. If the document clusters
in the visual space remain largely the same, removal of the
termti does not have a large impact on the space density and
is, therefore, an indifferent discriminator.

To facilitate the visual judgment, we can change the
color of the document icons depending on the direction of
the shift. For instance, document icons are colored red when
they shift up; the document icons are colored blue when
they shift down in the visual space; or, the document icons
keep their original color when they do not shift or shift little
after termti is removed from the database. In this way, the
colors of the document icons, the number of color-changed
document icons, plus the positions of these document icons
in the visual space give a clear overall picture of document
density space changes.

An Application of Visual Term Discrimination Analysis

A full-text database from anAssociated Press (AP)news
file was utilized. The database consisted of 450 news reports
dating from 1989. Forty-four distinct indexing terms were
used to index the records.

Figure 5 shows the visual display of all documents with
a specified term in the distance–angle-based visual space. In

FIG. 4. Cluster movement along NS.
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this case, no term was extracted from the database. This plot
is used as the baseline against which other plots without a
specified termti are compared.

Figure 6 displays the document distribution without a
specified termti; in this case, the term is “Yeltsin.” Observe
that the document clusters move lower along theY-axis.
This implies that the term “Yeltsin” is a good discriminator
for differentiating documents in this database. In other
words, elimination of “Yeltsin” from the database has a
visually significant impact on the document distribution.

In Figure 7, a document distribution is illustrated where
the term that has been removed (“communist”) is an indif-

ferent discriminator. The document distribution within the
visual space is almost the same as the baseline distribution.

Recall that theDARE visual space consists of two im-
portant parameters: visual distance and visual angle. We
have demonstrated two examples using the distance-based
measure [see Equation (7)]. Now let us also demonstrate
how the discriminative capacity for the angle-based mea-
sure may be applied. To build the document density space
using the angle-based similarity measure—the Cosine mea-
sure, for instance—the projection must change to the origin-
based mode. According to the definition of the Cosine
similarity measure, the origin of the document vector space

FIG. 5. Display of all documents with all terms against the distance-based similarity measure.

FIG. 6. Display of all documents without the specified term “Yeltsin” against the distance-based similarity measure.
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must be assigned as the major reference point against which
the visual angle of a document is measured. The minor
reference point will be the document centroid. Because the
reference points change, the document distribution in the
visual space also changes. The way we judge the change of
the document density spaces with and without a specified
term will change accordingly. When document clusters in a
document density distribution that exclude a specific term
are shifted to the left, right, or remain unchanged within the
visual document density space, the term is considered to be
a good, poor, or indifferent discriminator, respectively.
Only movement of document clusters along theX-axis in
the visual space affects the term discriminative capacity for
the angle-based similarity measure. The distances the doc-
ument clusters move along theX-axis (EWor WE in Fig. 8)
in the visual space reflect the extent to which the term serves
as a discriminator to distinguish one term from another.

S~d! 5
1

kd (7)

In Equation (7),d is the distance between the object and the
major reference point,k is a positive constant, andS(d)is its
similarity value.

Figure 9 exhibits the visual document display with a
specified term against the angle-based similarity measure.
The document distribution is obviously different from that
in Figure 5. The differences in the two pictures result from
the exchange of the two reference points in the projection.

Note that the document density spaces under the dis-
tance-based similarity measure and the angle-based similar-
ity measure should be measured and visualized in the two
different projection modes. It is clear that term discrimina-
tion analysis under two different similarity measures needs

four projections for all documents: two for the distance-
based and two for angle-based measures. For efficiency, the
document distribution changes for both measures may be
integrated into a single plot. If the visual distance and visual
angle of a document are redefined, the impacts of the two
similarity measures on the term discrimination values can
be illustrated in a same visual display. TheDARE visual
space does not currently support such a display, but it may
be described conceptually here.

Toward this aim, the visual angle of a document is the
same as its previous definition, and the visual distance is
redefined as the distance from the document to the minor
reference point rather than to the previous major reference
point. In addition, the origin of the document vector space is
assigned as the major reference point and the document
centroid as the minor reference point in the projection. The
impact of the document clusters in the newly proposed
visual space on the term discriminative capacity may now
be addressed.

FIG. 8. Cluster movement along EW.

FIG. 7. Display of all documents without the specified term “communist” against the distance-based similarity measure.
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Possible movements in the document cluster based on
differences in the distance and angle measures appear in
Figure 10, whereC is a document cluster anddi ( i 5 0, 1,
2, . . ., 8) refers to the movement direction. In the case ofd0,
the cluster remains unchanged after the removal of a term.
The impact of changes in the measures on the term discrim-
ination value appears in Table 1. The “1” and “2” symbols
represent the positive and the negative effect, respectively,
on the discriminatory impact of a term. For example, when
the cluster moves in the directiond4, the specified term is
considered to be a good discriminator for both the distance-
based and the angle-based similarity measure.

Term Density Space Analysis

A term discriminative capacity should include two per-
spectives: to distinguish one document from other docu-
ments in the document density space, and to discern one

indexing term from other terms in the term density space.
Most research on term discrimination has only focused on
the former. Term discrimination values for distinguishing
one term from other terms can be used for term cluster
analysis in a document collection.

A term density space can be built upon a term-document
vectorV9 in Equation (8), representing the reversed vector
of Equation (1).

V9 5 5
t11 t21 · · · tm1

t12 t22 · · · tm2

· · · · · · · · · · · ·
t1n t2n · · · tmn

6 (8)

Two visual term density spaces, with and without a
specified term, are created within the distance–angle-based
visual environment so that the term discrimination value for
distinguishing one term from others can be judged visually.
The procedures for creating the two visual term density

FIG. 9. Display of all documents with all terms against the angle-based similarity measure.

FIG. 10. Movement of a cluster in the modified visual space.

TABLE 1. Impact of the cluster movement on the discrimination in the
modified visual space.

Direc-
tions

Impact of the distance-based
measure on the discrimination

Impact of the angle-based
measure on the discrimination

d1 2
d2 1 2
d3 1
d4 1 1
d5 1
d6 2 1
d7 2
d8 2 2
d0
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spaces (with and without a term) are the same as those for
the document density spaces. The only difference between
them is that the visualized objects in the two visual spaces
are different. The objects in the term density space are terms
while the objects in the document density space are docu-
ments. The analysis can also be made against both the
distance-based similarity measure and the angle-based sim-
ilarity measure in the distance–angle-based visual space.

Figures 11 and 12 represent the visual term density
displays with a specified term against the distance-based
similarity and angle-based similarity measure, respectively.

Figure 13 displays the distribution of terms without the
term “quake” against the distance-based similarity measure.

It is concluded that the term “quake” is a good discriminator
after the resulting distribution is compared with the standard
display in Figure 11.

Unlike the document cluster movement in Figure 6, the
term clusters in the visual space do not move downward
evenly. The clusters near theY-axis shift down more (that is,
these clusters move closer to the centroid in the document
collection, making a larger contribution to the term discrim-
inative capacity), while clusters far from theY-axis remain
unchanged. This phenomenon can only be observed with
the visual environment. Furthermore, from the plot, users
can tell which terms in the density space are impacted and
which are not by removal of a specified term. The traditional

FIG. 11. Display of all documents with a specified term against the distance-based similarity measure.

FIG. 12. Display of all documents with a specified term against the angle-based similarity measure.
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approach for term discrimination analysis cannot provide
users with this kind of information.

The overall results of this study for theAP database
appear in Table 2, whereGD, PD, and ID stand for good
discriminator, poor discriminator, and indifferent discrimi-
nator, respectively.

The findings suggest that most of the terms in this dataset
are indifferent discriminators. A good (poor) discriminator
against one similarity measure within a document (term)
density space does not necessarily correspond to a good
(poor) discriminator against the other similarity measure
within the same space. This is understandable because the
similarity criteria for the distance-based measure are differ-
ent from those of the angle-based measure, and sometimes
they are not compatible. A good (poor) document discrim-
inator against one similarity measure within a density space
(for instance, the document density space) does not neces-
sarily correspond to a good (poor) term discriminator
against the same similarity measure within the other density
space (the term density space). This indicates that the term
density space has different characteristics from those of the
document density space.

Discussion

The findings have applications for the development of
more effective information retrieval systems and implica-
tions for both document indexing and system usage. Knowl-
edge of term discrimination values can be useful in assign-
ing weights to index terms in automatic indexing environ-
ments, where terms with the highest discrimination values
receive the highest weights. Access to term discrimination
values may also benefit searchers. The frequency of occur-
rence of index terms, commonly reported in information
retrieval systems, does not provide a comprehensive picture
of the potential usefulness of a specific term. By revealing

the discriminatory characteristics of specific index terms,
users will be able to make more informed decisions when
selecting terms for query formulation.

The result of conventional term discrimination analysis
is a single value. The discrimination value of a term does
not show the impact of its discriminative capacity on an
individual document or document cluster in the document
collection. Therefore, a user is unaware of the impact of a
given term on parts of the document collection because
these differences are not revealed within a single value. In
comparison to the conventional approach, the visual ap-
proach has the following added advantages:

(1) The newly developed visual approach reveals charac-
teristics of the document space that are normally hid-
den. The document collection is no longer a “black box”
for users (i.e., indexers and searchers). Document clus-
ter movement before and after a specified term is pulled
out from the document collection can be visualized in a
two dimensional space. As indicated earlier, these
changes in document position may be highlighted
through the use of different colors for document icons
to indicate the direction of the change. This will facil-
itate the identification of subtle movement of document
clusters.

TABLE 2. Results of the term discrimination analysis.

Distance-based
similarity

Angle-based
similarity

GD PD ID GD PD ID

Term density space 2 2 40 0 0 44
Percentage 4.5% 4.5% 91% 0% 0% 100%
Document density space 1 0 43 4 0 40
Percentage 2.3% 0% 97.7% 9.1% 0% 90.9%

FIG. 13. Display of all documents without the term “quake” against the distance-based similarity measure.
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(2) The impact of a term discrimination capacity on a
specified document cluster in the document collection
can be visually identified. Suppose there are two terms
with the same discrimination value in a document col-
lection. The discriminative impacts of the two terms on
the document collection may be significantly different.
Discriminative capacity can impact all documents
evenly or it can have a strong impact on only parts of
document collection. These differences can be effec-
tively demonstrated in the visual space. For instance, if
all document icons move down (up) evenly along the
Y-axis after a term is pulled out, it indicates that the
discriminative capacity of the term impacts all docu-
ments evenly with respect to the distance-based simi-
larity measure. If only parts of document clusters move
along theY-axis and the rest of the documents are
unaffected, this implies that the term discriminative
capacity impacts only the vertically moving document
clusters with respect to the distance-based similarity
measure. From this observation it can be concluded that
if documents from the moving document clusters are
indexed with a specific term in which this behavior is
observed, these documents should be assigned different
discrimination values (based on the degree and the
direction of the document cluster movement) from
those that do not move. However, in the conventional
approach, all documents are treated equally. That is,
each document is assigned the same discrimination
value regardless of whether or not it makes a contribu-
tion to the discriminative capacity. Another example
also demonstrates the weakness of the traditional ap-
proach. Due to the removal of a term from the document
collection, some documents move toward the centroid
and some move away from the centroid. The combina-
tion of the document movements may result in a dis-
crimination value of zero. The effects of opposite doc-
ument movement directions cancel each other out. On
the other hand, it is clear that if there is no document
cluster movement without considering the term, then its
discrimination value is zero as well. Within the visual
environment, the two situations are clearly distin-
guished. Therefore, the term is recognized as a good/
poor discriminator based on the document cluster
movement in the opposite directions along theY-axis
respectively. Unfortunately, the term, which is recog-
nized as an indifferent discriminator for all documents
in the conventional approach, cannot discriminate these
two situations simply because they have the same dis-
crimination value (zero). Within the visual environ-
ment, users can also examine the discriminative impact
of a term on a specified document cluster in the docu-
ment collection by displaying only the movement of
this document cluster without that term. It gives more
flexibility for term discrimination analysis. It is appar-
ent that the traditional approach cannot make such a
“local discrimination analysis” due to the fact that doc-
ument clusters cannot be identified directly in a high
dimensional document space. These features illustrate
the uniqueness of the visual approach.

(3) It is widely recognized that the distance-based similar-
ity measure and the angle-based similarity measure
have distinct characteristics. In other words, each has

its own strength for information retrieval. The conven-
tional term discrimination approach provides users with
term discrimination values against only one similarity
measure. In this case, the visual tool has the potential to
allow users to make the decision about the term dis-
criminative capacity against the two similarity mea-
sures.

To effectively display a large number of document icons
in a limited screen area is a common and universal problem
for all visual tools, including this visual term discrimination
analysis tool. There are several possible solutions to this
problem. One solution is to use a zoom mechanism to
distinguish overcrowded document icons. In our case, to
reduce the number of projected documents in the visual
space, the system can display the documents whose posi-
tions change after the term is pulled out from the document
collection, and filter out the documents that do not move.

The visual term discrimination analysis interface is com-
pletely compatible with the visual information retrieval
interface. It can be easily integrated into the visual infor-
mation retrieval interface (DARE) as an additional feature.

Although primarily intended for indexing IR system con-
tents, the application of visual term discrimination analysis
techniques may extend to the search environment, where
visualization of term clusters may be useful in identifying
additional relevant terms during query formulation. Within
the same environment, if searchers submit queries instead of
the term centroids, the system would generate a document
distribution based on the queries. Users can then search
relevant documents via different information retrieval mod-
els within the visual environment. They may also browse
documents or analyze document clusters.

Conclusion

DARE, a visual information retrieval tool, has been em-
ployed to visualize the document density space with and
without a specified term. The document distribution
changes before and after a term assignment provide users
with overall pictures for the term discrimination capacity.
Using different document projection modes (the origin-
based or nonorigin-based), the discrimination values of a
term against the different similarity measures (the distance-
based similarity measure or angle-based similarity measure)
can be analyzed visually within the distance–angle-based
visual information environment. To date, no visual infor-
mation tool has been designed for term discrimination anal-
ysis. Term discrimination analysis research has concen-
trated on its application for algorithm efficiency improve-
ment. The introduction of visualization techniques to the
area of term discrimination analysis opens a new and un-
explored area of study.

A possible improvement for the visualization of term
discrimination analysis has been discussed, where the visual
distance of a projected document in the document vector
space is redefined as the distance from the measured docu-
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ment to the minor reference point. The benefit of this
modification is that term discrimination analyses against
both the distance-based similarity measure and the angle-
based similarity measure may be visualized in a single
visual space. In addition, the combination offers even richer
information for users.

The authors have demonstrated that the term density
space for a document collection can also be visually dem-
onstrated withinDARE’s visual space. Following the same
procedures as in the document density space analysis, the
term discrimination capacity analysis can also be visualized.
A term discrimination capacity analysis from both the doc-
ument density space and the term density space perspectives
provides a more objective and complete understanding of
the nature of the interrelationships among terms and docu-
ments.

The study shows that most of the terms in the employed
dataset are indifferent discriminators. A good (poor) dis-
criminator against one similarity measure within a density
space does not necessarily correspond to a good (poor)
discriminator against the other similarity measure within the
same density space. Similarly, a good (poor) document
discriminator against one similarity measure within a den-
sity space does not necessarily correspond to a good (poor)
term discriminator against the same similarity measure
within the other density space. Within the visual document
(term) density space, users cannot only tell whether a spec-
ified term is a good, poor, or indifferent discriminator, but
also can tell which documents (terms) are impacted by the
term, which are not impacted, and the degree to which the
documents (terms) are impacted. Visualization is a conve-
nient, effective, and efficient way for the term discrimina-
tion analysis.

The authors are cautious about drawing general conclu-
sions regarding the distribution of discrimination values
within databases. The primary objective of this study was to
determine whether or not the visualization approach is tech-
nically feasible for term discrimination analysis. The test
collection used consisted of a relatively small number of
records of news-related full-text documents with a small
number of index terms. The distribution of discrimination
values may well vary with the size and coverage of the
database as well as the indexing exhaustivity, which may
impact the ultimate utility of these methods. Further testing
on a broad range of collections is needed. Future research
will investigate the application of the methods discussed
using larger and more diverse data sets. The next phase of
this research will investigate document collections contain-
ing a larger number of index terms with different term
distribution and exhaustivity characteristics to determine the
impact of these factors on term discriminative capacity. The
visualization methods for cluster movement will also be
integrated into theDAREenvironment. Additional methods
for visualization and metrics for the summarization of term
discrimination value distributions will also be developed.
Following more rigorous investigation of visualization of
term discriminative capacity, a user study will be carried out

to gauge indexer and searcher affective response to the use
of visualization methods for this purpose.
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