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ABSTRACT

This paper proposes an HCI approach to supporting interactive
document retrieval in unorganized open information space.
On the assumption that taxonomical thought are one of the most
important and skilled operations for us when we organize or
store information, we may discuss that clustering or classifica-
tion techniques are applied to interactive interface. The proposed
system, therefore, provides two-dimensional space to visualize
categories of document icons for interactive interface. The fea-
tures of the proposed approach are (1) visualization of document
categories for interaction, (2) initialization of categories by hi-
erarchical clustering method, (3) customization of categories by
support vector machine techniques, (4) user-depend additional
attributes for individual implicit, and (5) cognitive aspects inte-
gration of these techniques for IR interface.
We made a preliminary experiment on text categorization for
customization, using two test collections to estimate practica-
bility.
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1. INTRODUCTION

Human-computer interaction (HCI) has become one of the key
issues for information retrieval (IR) systems. Many of existing
IR systems require its user’s declaration of keywords related to
his/her information needs or the range of attribute values to sup-
port the user to access the required information. However, it
is difficult to externalize users’ requirement with necessary and
sufficient words. In addition, it is not easy to recognize or eval-
uate the answered results. Usually there is a gap of recognition
between information providers, such authors or database design-
ers, and the users.
In recent years, on the other hand, information space which
we can access via Internet has been getting bigger and bigger.
The augmentation has brought to us a new problem, information
flood; how to know where what I want exists. Recently numer-
ous studies have been made on mediating between information
sources.
This paper proposes an HCI methodology to supporting interac-
tive document retrieval in unorganized open information space.
The features of the proposed methodology are as follows:

1. visualization of document categories for interaction

2. initialization of categories by a hierarchical clustering
method

3. customization of categories by the support vector machine
technique

4. user-depend additional attributes for individual implicit
cognitive aspects

5. integration of these techniques for IR interface.

Section 2 describes background of this paper. Section 3 illus-
trates our basic idea and scenario of our system usage. Section 4
explains our user feedback approach. Section 5 shows a prelim-
inary experiment. At last, Section 6 summarizes this paper.

2. BACKGROUND

Studies on data mining and knowledge discovery from databases
approach information flood problem from information sources’
side [12, 9]. In these studies, implemented systems try to extract
data ordinalities or relativities. Recently numerous studies have
been made on mediating between information sources. Agent-
based approach [4, 22], integration of schemes of databases [14]
are currently hot issues.
Studies on HCI for IR approach from the users’ side. Visual-
ization of information space helps users to recognize features of
information or relations among objects. Many studies focus on
visualization from geometrical aspects [6], for example, visual-
ization of hyperlink structure or history of the users’ references
of World Wide Web (WWW) as a graph [15]. However, it should
be noticed that we have to consider what and how to visualize so
that IR system become effective for the user. Some studies deal
with content-depend visualization [16, 11, 7, 10, 24]. In these
visualization approaches, a target of document set gets restricted
at first. Then a system tries to let its users notice effective terms
through a cycle of visualizing icons of the documents, definition
of region of the target documents, or selection of terms. We,
however, cannot believe that a directly application of this ap-
proach to large-scale document sets would be effective.
Information filtering or social filtering studies are application
techniques to select preferable information from information
flow[13, 17, 20]. These studies attempt to apply user preferences
or community factor to IR techniques.
Text categorization studies are getting more important recently
because WWW has let us notice the necessity and interest of
global analysis. Many categorization methods have been pro-
posed: Rocchio, naive Bayes, latent semantic indexing, decision
theory, nearest neighbor, neural net, or SVM [27, 19]. These
studies are facilitated by using recent rich computational re-
sources and test collections provided for research purpose.



Figure 1: Arrangement of Documents in 2-dimensional Space and Hierarchical Categories

3. METHODOLOGY

Basic Idea
When information systems attempt to support its users to get
information about their needs, there can be the following two
aspects:

Unification of Information Space construction of global
scheme and common terminology, or ontology, and
instruction of them to all users

User-centered Information Access extracting users’ informa-
tion needs through interaction with information space and
providing information according to users’ implicit dimen-
sions

This paper focuses mainly on the latter one.
We suppose that it is effective that the system let users recog-
nize the information space inclusively and an effective interac-
tion system should have the following features:

� visualization for users’ easy and intuitive recognition of in-
formation

� customizability through natural interaction (without many
examinations of initial retrieval)

These features must be needed for usability related to users’ load
and effectivity for their primary retrieval purpose.
We have studied human-computer interaction to access informa-
tion sources . Our research has been focused on categorizing
documents for visualization, and it is related to the former fea-
ture.
User relevance feedback, on the other hand, is the most popular
approach to help users to formulate queries to retrieve expected
information for each user through interaction between him/her
and the system. Although this approach deals with the latter

feature, a great deal of proposed methodologies make its user
examine ranked documents in every retrieval task. We should
discuss another approach which needs less examination load for
users.
We guess that taxonomical thought are one of the most important
and skilled operations for us when we organize or store informa-
tion. The way of classification may change dynamically accord-
ing to one’s mental and physical situation. On that assumption,
we may discuss that clustering or classification techniques are
applied to interactive interface.
The proposed system, therefore, provides two-dimensional
space to visualize information space. Information objects, such
documents, are placed in the space as icon.
In addition, the system also manages the hierarchy of categories.
Hiearchical categories can keep the number of items or concepts
which users must handle at once small.
Figure 1 illustrates categorization of documents and an hierar-
chical categories of documents of our approach. The system
shows a rectangle area (represented by “Window displayed to
users” in the figure) of the information space including all docu-
ments at a height level specified by the user. The arrangement of
icons are computed based on a kind of multi-dimensional scal-
ing method as “similar” documents should be placed close in the
space.

Interactive Scenario
In this section, we show an interactive scenario of the proposed
system. Figure 2 illustrates the system architecture.
At first, the system stores “the document-term matrix” which
has entries a weight f(i; j) of term j for document i from a
collection.
Then the system produces initial categories of documents, “Cat-
egory Information”, by a clustering method.
Next, the system shows document icons in two-dimensional



Figure 2: System Architecture

space as shown in Figure 1. Arrangement of icons are computed
using similarities of documents.
When a user views this arrangement of documents, he/she may
recognize an structure of the information space, relation among
documents, or any features of documents. He/she may find out
his/her well-known documents. The user may also predict the
content of a document which placed proximal zone of such well-
known documents.
From previous researches, we know that the user cannot agree
the shown categories. When the user has an unagreeableness in
his/her mind, he/she often tries to modify such visualized infor-
mation as he/she likes. We suppose that that action must include
the user’s implicit cognition, such an intent which cannot be ver-
balized by him/herself. The system, therefore, can exploit such
actions as the feedback information which is stored in “User In-
formation” of Figure 2.
For customization, user feedback is applied to categorization of
documents and their arrangement. Thus user feedback informa-
tion is stored for each user and the system gets customized.
When its user wants to retrieve information or browse the in-
formation space, he/she can use his/her this own customized IR
interface. If a user inputs an query by keywords or an example
document, its query vector or the example document would be
mapped into an appropriate category. Of course the user can also
browse the documents without query.
Besides, newcoming documents will be classified into an appro-
priate category. This approach, therefore, can be used for infor-
mation filtering system.

4. User Feedback

The system can be customized in user feedback process. The
feedback will be given by users’ modification of categories
which shown in the system (Figure 3).
If document d, such “Document 4” in Figure 3, (or cluster of

Figure 3: User Feedback in Modification of Categories

documents) in cluster A is moved into cluster B by a user, the
system appends a new attribute for the user. In our research[2]
or many relevance feedback studies, systems usually process
feedback in given dimensions. We, however, suppose that such
original dimensions couldn’t represent the user’s feedback well
enough. For extrapolation of insufficient dimension related to
users’ cognitive factor, the system appends user attributes.
In fact, categories of documents and arrangement of icons in the
2D space are customized in feedback process. Customization
processes are presented in the sections below.

Support Vector Machine
This section illustrates support vector machine (SVM) [5] which
is the key technology of customization of categories.
SVM is a classifier for multi-dimensional data to determine a
boundary curve between two classes. The boundary can be de-
termined only with vectors in boundary region (so-called “mar-
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Figure 4: Support Vector Machine (from [5])

gin”) of two classes (so-called “support vectors”) in a training
examples. SVM, therefore, need to be re-learned only when vec-
tors in boundary change.
From the training examples SVM finds the parameters of the
decision function D(�!x ) which can classify two classes A and
B and maximize margin during a learning phase. After learning,
the classification of unknown patterns is predicted according to
the following rule:

�!x 2 A if D(�!x ) > 0
�!x 2 B otherwise

Figure 4 illustrates SVM. The gray levels encode the abso-
lute value of the decision function (solid black corresponds to
D(�!x ) = 0). The numbers indicate the supporting vectors.
SVM has the following advantages:

� the solution is unique

� the boundary can be determined only by its support vectors,
namely SVM is robust against changes of all vectors but its
support vectors

� SVM is insensitive to small changes of the parameters

� different SV classifiers constructed by using different ker-
nels (polynomial, RBF, neural net) extract the same support
vectors[23]

The second advantage is very important for a large-scale and
open document collection which change constantly.
Strategies based on reference vector which is produced from all
vectors categorized to a class, such an average vector, need to
re-compute the reference vector when a vector which belongs to
the class changes. In general, reference vector strategy should
be sensitive to changes of vectors. Figure 5 illustrates bound-
aries of both strategies. The left figure shows an example of ref-
erence vector strategies, and the other indicates one of support
vector strategy. If a vector changes, reference vectors (desig-
nated by crosses in the left figure) which contain the changed
vector would change and that cause the change of boundaries.
On the other hand, SVM need to re-learn only when support
vectors (designated by crosses in the right figure) changes.
For multi-class classification, we use as many SVMs as the num-
ber of classes because SVM classifies vectors into two classes.
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Figure 6: An Example of an Hierarchical Clustering of Docu-
ments (technical papers and articles of Journal of Japanese Soci-
ety for Artificial Intelligence)

Initial Categories by Clustering

The proposed IR interface shows document categories to users.
We expect that visualized document categories can help users to
recognize the shown information space regardless of its user’s
familiarity of the domain of the information.

Initial categories can be obtained by clustering.

Many clustering methods, such hierarchical clustering, graph
based clustering, or neural network based clustering, have been
proposed. Willet reviewed clustering methods in IR studies [26].

We use a hierarchical clustering and the complete link algorithm.
A hierarchical clustering can divide all documents into some
sub-clusters according to its dendrogram and sub-cluster can be
represented as reference documents. The complete link algo-
rithm computes an inter-cluster similarity as the minimum of the
similarities between all pairs of inter-cluster documents. The al-
gorithm merges the pair of clusters with the highest inter-cluster
similarity. It, therefore, can produce small and tight clusters.

Figure 6 shows a dendrogram of hierarchical clustering. This
hierarchy consists of text corpus of technical papers and articles
of Journal of Japanese Society for Artificial Intelligence. This
corpus consists of 674 documents published from 1986 to 1995.

We have to discuss further on which clustering method is the
most effective or useful.

Customization of Categories by SVM

After a user modifies categories, the system re-learns the new
boundary of cluster B, B-against-the-rest boundary, by SVM
with the incoming documents and support vectors.

As mentioned above, the system appends user attribute after
modification. For learning of SVM, the system sets 1 to the
value of the attribute of moved document d (or documents which
belong to the moved category). This attribute can be used for
distinguishing between the moved documents and ones in the
previous category. It might be difficult to classify them without
this appended attribute. And SVM learns the ordinality from the
original attributes within the new category.

The user-depend weight for categorization fcat(u; i; j) of at-
tribute j of document i for the user u is given by Eq. (1) and



Figure 5: Reference Vector vs. Support Vector

Eq. (2).

fcat(u; i; j) =

8
<
:
f(i; j) (j = 1; 2; :::; m)
Ucat(u; i; k) (j = m+ k;

k = 1; 2; :::; Na(u))
(1)

Ucat(u; i; k) =

8<
:
1 (if i was modified

in k-th action)
0 (otherwise)

(2)

where m stands for the number of terms and Na(u) stands for
the number of feedback actions of the user u. Thus categories
can be customized with user attributes and SVM.
The system needs to re-learn not all SVMs of categories but only
one of the target category when a new attribute is appended. That
is very important advantage of SVM. The advantage enables us
to append attributes in actuality.

Customization of Arrangement
In contrast with learning of SVM, the user-depend weight for
arrangement farr(u; i; j) is given by Eq. (3) and Eq. (4).

farr(u; i; j) =

8<
:
f(i; j) (j = 1; 2; :::; m)
Uarr(u; i; k) (j = m+ k;

k = 1; 2; :::; Na(u))
(3)

Uarr(u; i; k) =

8<
:
1 (if the category of i was

modified in k-th action)
0 (otherwise)

(4)

The system sets 1 to the value of the appended attribute of all
documents which belong to the target category of the moved
document for arrangement of documents. The reason is that doc-
uments which the user regards as similar should be placed close
and the similarity between them must be higher.

5. EXPERIMENTAL RESULTS

We made a preliminary experiment on text categorization for
customization[25]. In this experiment, we used two test col-
lections. One is a subset of NACSIS-IR database which con-
sists of abstracts presented at academic conferences sponsored
by 24 Japanese academic societies 1, which used in the NTCIR
Workshop[21]. This data set consists of 327,880 abstracts. The

1http://www.rd.nacsis.ac.jp/˜ntcadm/index-en.html

Figure 7: Results of Classification by SVM

other is the Reuters-21578 data set2 compiled by David Lewis
and originally collected by the Carnegie group from the Reuters
newswire in 1987, which is one of standard test collections for
text categorization community.
In order to construct feature vectors of articles, 1,000 words are
selected as features based on the information gain criterion. Each
document is represented with a term frequency vector of the se-
lected 1,000 words weighted by tf-idf. We prepared 30 sets of
training data for each size of training data ranging from 400 to
10,000 and a test data containing 10,000 abstracts. We applied
SVM with Gaussian radial basis function kernel to those data
sets. SVMlight 3 was used to obtain SVM classifies.
The results of the experiment are shown in Figure 7. The average
accuracy of SVM classifiers for each training data is over 95%.
We use a Sun UltraSPARC-II of 360MHz with 768MB of RAM,
running Solaris 2.6. Learning of 5,000 training data took up to 10
CPU seconds. We suppose that this duration must be longer as
reaction time at the interactive system but acceptable as a back-
ground process. We, therefore, should implement category cus-
tomization process not as real-time process but as background
one. We believe that SVM is practicable in aspects of accuracy
and process time.

2http://www.research.att.com/˜lewis/reuters21578.html
3http://www-ai.informatik.uni-dortmund.de/SOFTWARE/SVM LIGHT/

svm light.eng.html



6. CONCLUSIONS

This paper introduced an IR interface with user feedback which
visualizes categories of documents and can be customized
through user feedback with intuitive examinations.
The features of the proposed approach are shown as follows:

� Visualization of document categories helps users to recog-
nize information space inclusively.

� The system can be customized in user feedback process
with intuitive examinations.

� Our approach doesn’t make its user examine documents
which are retrieved with his/her initial query, but lets the
user modify the category of some documents of his/her fa-
miliar domain.

� Clustering which is unsupervised learning method is used
only for initial categorization of documents, and that re-
duces the necessity of computational resources for global
analysis.

� SVM is used only for categorization of documents and user
feedback.

� In addition to original features, user-depend attributes are
used for representation of users’ implicit cognitive aspects.

HCI research which should be actually effective for the users
need rich real experiments. Therefore, we should implement a
usable prototype system and make a great deal of experiments.
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