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Abstract. New methods that are user-friendly and efficient are needed for guidance
among the masses of textual information available in the Internet and the World
Wide Web. We have developed a method and a tool called the WEBSOM which
utilizes the self-organizing map algorithm (SOM) for organizing large collections
of text documents onto visual document maps. The approach to processing text
is statistically oriented, computationally feasible, and scalable—over a million text
documents have been ordered on a single map. In the article we consider different
kinds of information needs and tasks regarding organizing, visualizing, searching,
categorizing and filtering textual data. Furthermore, we discuss and illustrate with
examples how document maps can aid in these situations. An example is presented
where a document map is utilized as a tool for visualizing and filtering a stream of
incoming electronic mail messages.

Keywords: data mining, document filtering, exploratory data analysis, information
retrieval, self-organizing map, SOM, text document collection, WEBSOM

1. Introduction

With the advent of the Internet and the World Wide Web endless
opportunities have opened for spreading and accumulating informa-
tion. However, simultaneously this poses a challenge to all information
management methods and pushes them beyond their limits. There is
a lack of sufficient tools for dealing with the overwhelming flood of
information. Information-related stress has been reported in the media,
and many have noticed that even reading through their daily incoming
emails may take up a large part of the day. Searching for relevant
information from the WWW is no less time-consuming: search engines,
although fast and comprehensive, still present their results as lists of
hits that the user must go through to distinguish the rare relevant items
from the garbage. New methods are needed to bring order to the current
chaos.
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2 K. LAGUS ET AL.
1.1. NEEDS AND MOTIVES CONCERING INFORMATION

It may be useful to make a distinction between different needs and
motives regarding information: (1) the explicit search for information
on a specific topic, (2) the explorative attitude of finding out what
is “out there”, and (3) the somewhat more passive role of a receiver of,
say, a flood of email where the initiative to pass the piece of information
comes from elsewhere. These different cases are matched with different
requirements for tools: search engines specialize in the first case, the
interlinked web of HTML pages tries to serve in the second case, and
“push™like technology, including email lists, are being used in the last
case.

1.2. REASONS THAT LED TO THE DEVELOPMENT OF THE
WEBSOM METHOD

1.2.1. Limitations of data mining by search engines

One of the oldest methods for finding information is to index a docu-
ment collection and to use search words or more complex search expres-
sions in Boolean logic in order to find documents matching the criteria.
The following three fundamental problems in applying Boolean logic to
text retrieval (see e.g. Salton, 1989) make it an unsatisfactory solution.
(1) Recall of retrieval is sensitive to small changes in the formulation of
a query, and there is no simple way of controlling the size of the output
of Boolean queries. The result may as well contain zero or one thousand
hits. Moreover, the output is not ranked in the order of relevancy, which
is a problem especially when the result set is large. (2) The results of
a query give no indication on how many valuable documents were not
retrieved, for instance, due to some relevant terms missing from the
search expression. (3) If the domain of the query is not known well it is
difficult to formulate the query, for example, to select the appropriate
query words. These problems are alleviated somewhat in more recent
search engines which accept more flexible queries and produce ranked
lists of documents as their output. Even the most sophisticated search
engines can, however, help in fulfilling only one of the three kinds of
information needs discussed in section 1.1.

1.2.2. Multiple sources and formats of information

A particular problem regarding information on the Web derives from
one of the main strengths of the Web: practically anyone can become
an information provider, and therefore few common assumptions can
be made regarding either the format or the style of the documents.
Standards such as the HTML are helpful, but the fact that a document
is written in HTML does not guarantee that the structures defined in
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the standard are used as intended, i.e., to encode the content-related
roles between different parts of text. And when it comes to emails and
Usenet discussion articles, even the appealing rule of thumb “Subject
line tells what a message is about” cannot be trusted. In a series of
replies people seldom bother to change the “Subject:” header although
the actual topic of discussion has changed long ago. Furthermore, one
cannot even expect to know the whole vocabulary in advance, and even
less the meanings of words. New special terms, slang words, and incor-
rect spellings appear, spread, and die at a speed that no dictionaries or
thesauri can keep up with.

Therefore it is necessary to have available systems that make as few
assumptions as possible regarding the form, content, style, and vocab-
ulary of the input. This is in contrast with some formal AI approaches
which have been ambitious in representing knowledge accurately and
have not considered the general applicability of the method to be as
important. Such methods are, of course, useful only if their assumptions
are met by the data.

1.2.3. Measuring similarities often suffices

A useful tool that helps the user to cope with the information flood need
not fully understand the messages. Nor does it necessarily need to be
able to represent the entire meaning of a document. It is sufficient if the
tool serves to direct the user’s attention towards relevant information,
or if it provides easily comprehensible overviews and visualizations from
which the user can make the final judgement on what to read. In fact,
in many cases it suffices to find those documents most similar to a given
document and to do this efficiently. Then similar items can be organized
close to each other, for example when categorizing email messages into
folders or relevance classes such as “trash”, “really interesting”, and “read
when plenty of time”.

Many of the questions regarding the information flood problem can
in fact be rephrased in terms of how to find similar documents. The
“search” situation becomes “When we have a piece of interesting infor-
mation how can we find pieces of similar and probably more interesting
information?” The “filtering” and “automatic folder assignment” prob-
lem can be reformulated as “Can we organize text automatically so
that nearby locations contain similar texts?” Even in exploration the
similarity is of use: it would be advantageous to have an organization
of the collection where similar documents are found near each other
so that when we find an interesting document we probably find many
more related documents nearby. This is exactly the approach taken by
the WEBSOM system.
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4 K. LAGUS ET AL.
1.3. THE WEBSOM-—A NEW TOOL FOR ORGANIZING TEXT

We have introduced a method called the WEBSOM (Honkela et al.,
1996; Kaski et al., 1996; Kaski et al., 1998; Kohonen et al., 1996b; La-
gus et al., 1996) which has shown to be able to cope with many of
the different needs (discussed in section 1.1) that are typical of in-
formation processing situations. Our aim has been to avoid some of
the limitations of the existing approaches. The WEBSOM method can
be used to organize collections of text documents onto a visual map
display where similar documents are found near each other. This or-
ganization is achieved automatically using a neural network algorithm
called the self-organizing map (SOM; Kohonen, 1982). We have also
designed a user interface consisting of HTML pages and CGI scripts
which offers an overview of the document collection and enables its
convenient exploration with any graphical WWW browser. The method
is scalable—over a million documents have been organized on a single
document map—and computationally feasible.

The providers of large document collections would often be the natu-
ral parties to apply the WEBSOM method. For example, news agencies
or patent offices with large archives, who would like to open their
archives on-line to the public might use the method to provide a conve-
nient and intuitive means of exploring the archive. Also individual users
will in time have constructed their own databases by storing personal
email messages and other files, and thus they also become candidates
for applying the method. In section 4 we discuss how the WEBSOM
can be of help in these various situations, and illustrate its use.

2. SOM for data mining and information retrieval

2.1. SELF-ORGANIZING MAP (SOM) ALGORITHM

The self-organizing map (SOM) (Kohonen, 1982; Kohonen, 1995; Ko-
honen et al., 1996a) is a means for automatically arranging high-
dimensional statistical data so that alike inputs are in general mapped
close to each other. The resulting map avails itself readily to visualiza-
tion, and thus the distance relations between different data items can
be illustrated in an intuitive manner.

The following line of thought may help in gaining an intuitive un-
derstanding of how the self-organizing map algorithm works. Consider
an information processing system that must learn to carry out various
tasks. Let us assume that the system may assign different tasks to
different sub-units that learn from experience. Each new task is assigned
to the unit that can best complete the task. Since the units receive
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tasks that they already can do well and since they learn from them
they become even more competent in those tasks. This is a model of
specialization by competitive learning. Furthermore, if the units are
interconnected in such a way that also the (predefined) neighbors of the
unit carrying out a task are allowed to learn some of the task, slowly
the system becomes ordered: nearby units have similar abilities and
the abilities change slowly and smoothly over the whole system. This
is the general principle of the self-organizing map (SOM). The system
is called a map and the task is to imitate, i.e., represent the input.
The representations become ordered according to their similarity in an
unsupervised learning process. This property makes the SOM useful
for organizing large collections of data in general, including document
collections.
The iterative SOM algorithm may be expressed as follows:

1. Initialize the models (in practice usually with methods such as the
PCA that provide a rough initial ordering of the models).

2. Present the samples (tasks) to the system in random order until a
given number of steps has passed; in most cases each sample will
be presented several times:

a) search for the model that is most similar to the sample,

b) update the most similar model and its neighbors so that they
become even more similar to the sample, and

c) decrease the range of the neighborhood and the value of the
learning rate a little.

2.2. APPLICATIONS OF THE SOM

The SOM is one of the most widely used neural network algorithms.
Studies in which the SOM has been used or analyzed have been reported
in over 3000 scientific articles (Kangas and Kaski, 1998). Most of the
early applications were in the fields of engineering (e.g. in visualization
of process states: Goser et al., 1989; Kohonen et al., 1996¢c; Simula
et al., 1997) but nowadays a very diverse range of applications is
covered, from medicine and biology to economics. Overviews of the
applications are given in (Kohonen, 1995; Kohonen et al., 1996c¢).
A collection of recent works has been published in the proceedings
of a conference devoted to the theory and applications of the SOM
(WSOM’97, 1997; see also http://www.cis.hut.fi/wsom97/).

The usefulness of the SOM stems from its two properties: (1) It
creates models or abstractions of different types of data in the data
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set it describes, and (2) it organizes the abstractions onto a usually
two-dimensional lattice which can be used to generate an illustrative
graphical display of the data set. Especially the latter property—the
ability to organize data and models—distinguishes the SOM from other
neural network algorithms as well as from classical statistical clustering
algorithms (Anderberg, 1973; Hartigan, 1975; Jain and Dubes, 1988;
Jardine and Sibson, 1971; Tryon and Bailey, 1973).

The ability to construct illustrative displays of essential properties
of data sets makes the SOM especially suitable for data exploration
(data mining). Some examples of such applications of the SOM include
construction of overviews of socio-economic data sets (Kaski and Koho-
nen, 1996) and financial analyses (Deboeck and Kohonen, 1998). Most
relevant to the topic of this article are the applications of the SOM in
information retrieval; one of these applications is the WEBSOM method
described in the next section.

3. WEBSOM method

3.1. BACKGROUND

The dominant approach in computerized language processing has been
to determine and code linguistic categories and rules “by hand”. The
computations have been based on symbol-manipulation techniques. The
statistical approaches to natural language processing which use for ex-
ample artificial neural network techniques try to infer the necessary
structures statistically from text corpora. When the self-organizing map
is used for this task, categories emerge in the self-organizing learn-
ing process based on information of the categories that is implicitly
available in the text (Honkela et al., 1995; Honkela, 1997; Ritter and
Kohonen, 1989). These emergent categories may then be used in natu-
ral language processing systems. Similarly, emergent categorization of
documents can also be achieved using the self-organizing map.

In an early study a small SOM of scientific documents was formed
based on the words that occurred in the titles of the documents (Lin
et al., 1991; Lin, 1992). Later the method has been extended to full-text
documents (Lin, 1997). Scholtes has developed, based on the SOM, a
neural filter and a neural interest map for information retrieval (Scholtes,
1993). In addition to encoding the documents based on their words
Scholtes has used character n-grams in the encoding. This approach has
also been adopted in (Hyotyniemi, 1996). Merkl (Merkl, 1993; Merkl,
1995; Merkl, 1997) has used the SOM to cluster textual descriptions
of software library components based on similar principles. Document
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maps have also been considered in (Zavrel, 1996). The SOM has been
used in the ET-Map system in categorizing the content of Internet
documents to aid in searching and exploration (Chen et al., 1996; Orwig
et al., 1997).

3.2. OVERVIEW

In a nutshell the WEBSOM method aims at reducing the information
overload associated with managing large document collections. The
method constructs illustrative displays of document collections that can
be utilized for exploring the collection, for information retrieval, and for
filtering a stream of incoming messages. Detailed examples of various
ways of using the WEBSOM are presented in section 4.

The map display of a document collection is constructed using the
SOM algorithm (see section 2.1). The display becomes organized so
that nearby locations contain similar documents. The aim is neither
to represent nor to analyze the contents of the documents as faithfully
as possible; that would be a much too computationally intensive or
even an intractable task. We only need a description of the contents
of documents that can be used for judging the similarity of the doc-
uments. In fact, one of the most important objectives in designing
the WEBSOM method is that it be scalable for use with very large
document collections. A scalable method cannot afford to waste too
much resources on single special cases; the most important issue is to
build a useful overall display. We have demonstrated the scalability of
the WEBSOM method by organizing a collection of over 1,000,000 doc-
uments (Kohonen, 1997; Kaski et al., 1998). With the present methods
the organization of a small collection (about 10,000 documents) takes
a few hours on a workstation, whereas construction of the largest maps
may take several weeks and the required amount of computer memory
during construction of the map may be some hundreds of megabytes.

3.3. DOCUMENT ENCODING

Although we do not aim at representing all of the semantical subtleties
in the documents we do need some representations of their contents for
building a display of the collection. Due to computational reasons we
consider the documents as collections of words and neglect the order
of the words. This is a traditional approach in information retrieval.
We then compute certain statistical indicators of these sets of words
and collect the indicators into numerical vectors, one vector for each
document (called the document vector in Fig. 1 a). The frequency of
occurrence of a given word in the document is perhaps the simplest
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Figure 1. The basic building blocks of the WEBSOM system. (a) First the document
is encoded into a numerical vector. The dimensionality of the vector can be reduced
for computational reasons. (b) The numerical representation of the document is
mapped onto a display of the document collection that has been generated using
the SOM algorithm.

type of indicator. The constructed vector will then be used for further
processing.

3.3.1. Preprocessing

Before encoding the documents it is useful to preprocess them by re-
moving the parts that are not considered relevant for the organization.
Examples include message headers (address, date, etc.) and signatures.
Filters that are specific to the format of the documents are utilized
to perform this task. Even if such filters cannot be constructed it is
nevertheless possible to organize the documents. Then, however, the
non-relevant information in the documents also contributes to the or-
ganization. For example the common headers in letters from a certain
company could cause the letters to be grouped together. In addition,
rare words (occurring fewer than, say, 50 times) are often discarded
from the documents for computational reasons.
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3.3.2. Vector space model

In a traditional document encoding method in information retrieval the
frequency of occurrence of each word in a document is computed and all
the frequencies are collected into a vector. The vector can be addition-
ally normalized to reduce the effect of differing document lengths. This
method, called Salton’s vector space model (Salton and McGill, 1983),
has produced good results in document retrieval. The effectiveness of
the method can be increased if the importance of the words is taken
into account by weighting the frequencies of occurrence. We have used
for example entropy-based weighting introduced in (Kohonen et al.,
1996b) which gives larger weight to words that distinguish well be-
tween different topic areas. Entropy-based weights can be computed
automatically if the document collection can be divided into subparts
addressing different topics: each word is weighted by (the maximal en-
tropy minus) the Shannon entropy of the distribution of its occurrences
in the subparts. When class information is not available the words can
be weighted, e.g., using the inverse document frequency (IDF), where
words that occur in few documents obtain larger weights. Automatic
term weighting methods have been discussed in depth in (Salton and
Buckley, 1987).

3.3.3. Semantic relations

The vector space model as such does not take into account semantic
relations of the words. There exist methods which can be used to first
encode the words in a manner where similar words attain similar codes.
For example, in LSI (Deerwester et al., 1990) two words are encoded
similarly if they co-occur often, whereas in MatchPlus (Gallant et al.,
1992) words that occur generally in similar contexts are encoded simi-
larly. In both the abovementioned methods documents are then encoded
as sums of the representations of their words. When documents are
encoded in this manner their similarity does not depend merely on
which words appear in the document but also on whether the documents
contain similar words. In our earlier studies with the WEBSOM we
have first clustered the words based on their contexts. The clustering
is performed using the so-called self-organizing semantic maps (Ritter
and Kohonen, 1989), which cluster words into categories based on the
similarities of the averaged textual contexts of each word. After the
words have been clustered words belonging to the same category will
be treated identically.

It has been found, however, that relatively little can be gained by
considering word similarities in information retrieval systems (cf. eg.
Salton and Buckley, 1987; we have also made similar observations in
our recent studies). The reason is probably that the contents of many
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documents are redundant enough so that the similarity of the docu-
ments does not depend crucially on the semantic relations of any single
word. Furthermore, since the word clusters do not necessarily contain
synonyms but merely words that have appeared in similar contexts,
they may lead to false hits—especially when very short queries are
used in performing searches on the map. By clustering the words we
gained, however, the additional advantage that the dimensionality of the
document vectors was reduced and the encoding of the documents was
still extremely fast. In the experiments reported in Section 4 we used
a combination of clustering the words followed by a fast dimensionality
reduction method discussed next.

3.3.4. Dimensionality reduction
The vector space model of Salton is very effective for small document
collections and we have used it in some small demonstrations (see e.g.
Lagus, 1997). In large document collections, however, the vocabulary is
very large. Since each word in the vocabulary requires one dimension in
the document vector, the resulting vectors may have hundreds of thou-
sands of dimensions. Computing with large amounts of such vectors is,
of course, not computationally feasible, and therefore the dimensionality
of the document vectors needs to be reduced before further processing.
There exist several dimensionality reduction techniques in the statis-
tical literature (for example singular value decomposition or SVD, see
e.g. Sec. 6.5 of Golub and van Loan, 1983), but unfortunately most, if
not all, of them are computationally intensive when the original dimen-
sionality of the vectors is very large. There exists, however, a very simple
approach called the random mapping method (Kaski, 1998; Ritter and
Kohonen, 1989; Kaski et al., 1998) which has been demonstrated
to produce almost as good results as the original vector space model
(Kaski, 1998). The random mapping consists simply of a multiplication
of the original document vectors with a random matrix that produces
a smaller output dimensionality. As a result each dimension of the
original space becomes replaced by a random direction in the reduced-
dimensional space. The original document vector can be regarded as
a weighted sum of unit vectors and in the random mapping the unit
vectors become replaced by random vectors. One can see an intuitive
reason why the random mapping method functions very well: if the
remaining dimensionality is still large, most of the random directions are
sufficiently different to provide statistically accurate judgements of the
similarity of the documents. When the dimensionality was reduced from
about 6000 to 100 or more, the result was indistinguishable from the
one obtained with PCA, and almost indistinguishable from the original
one.
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3.3.5. Incorporating auziliary knowledge

It would be possible to incorporate various kinds of auxiliary knowledge
in the document encoding process for example by using thesauri to
find semantic relations between words, or by using linguistic algorithms
for finding the stems of the words. We have preferred using automatic
statistical procedures in order to keep the method as general as possible.
We have, however, used manually generated lists of words that are ne-
glected. The lists contain very general words that cannot be considered
to differentiate between topic areas like, for example, words “that”, “is”,
etc. In addition, we have used stemming algorithms when processing
Finnish language in which a single word may have thousands of different
inflected forms.

3.4. DOCUMENT MAP

The SOM algorithm can be used to generate a graphical display of the
document collection after all of the documents have been encoded as
numerical vectors. Different regions of the display represent documents
having different contents and the content changes smoothly on the
display. The speed of change in the content can be visualized as gray
levels or colors using the so-called U-matrix (Ultsch, 1993) method,
where dark colors imply greater distances in the input space between
neighboring map units. After the display has been formed using a repre-
sentative document collection new articles can be automatically mapped
onto the most suitable location on the display (Fig. 1 b). Examples of
the exploration of document collections with the aid of the map display
and of mapping new documents onto the SOM are provided in section 4.

The construction of a large SOM of a large document collection is a
computationally intensive task. There exist, however, efficient compu-
tational shortcuts which can reduce the amount of computation signif-
icantly (Kohonen, 1995; Kohonen, 1996). For example, it is possible to
compute first a smaller SOM and then to estimate a larger one based
on the models of the smaller SOM.

4. Applications

The WEBSOM method has been used for constructing maps of articles
from Usenet discussion groups (Honkela et al., 1996; Kaski et al., 1996;
Kohonen et al., 1996b; Lagus et al., 1996; Kohonen, 1997), scientific
abstracts (Lagus, 1997), and patent abstracts in English, as well as news
bulletins in Finnish. Demonstrations of some of these document maps
can be explored at the WWW address http://websom.hut .fi/websom/.
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The sizes of the document collections have varied from 60 documents
to over a million documents organized on a single document map.

The document map has many kinds of potential uses in situations
where previously unknown document sets require managing. The maps
can be used for visualizing and exploring an unfamiliar document collec-
tion and for finding documents similar to a given interesting document.
An already familiar document map display can also be used for visu-
alizing the relations between new documents and the collection. For
example, new emails or documents retrieved using a more traditional
search engine could be mapped this way. Furthermore, the familiar
document map can be used to define a filter for keeping, discarding,
or categorizing new information.

In visualization of information something familiar is used to illus-
trate something yet unfamiliar. When the document collection and the
map are unknown the familiar information comes from the label words
positioned on the map. Another possibility is to use familiar documents
as search keys and see where they are positioned on the map display.
Later, when the document map is familiar new unknown information
can be portrayed by visualizing its relationship with the familiar display.

4.1. EXAMPLE: EXPLORATION AND SEARCH OF PATENT ABSTRACTS

To illustrate how a document map can be used to explore an unknown
or only partially known document collection we organized 10,000 patent
abstracts from the European Patent Office’s collection onto a document
map of 28 by 36 units seen in Fig. 2. The patents were taken from
four subcategories related to machines and engines. The vocabulary
after discarding the rarest and some common words was 2,075 words,
and after dimensionality reduction by self-organizing semantic map the
document vectors were 1,250-dimensional. The labels have been auto-
matically selected and positioned on the map so that they (1) occur
often in the documents in the area, and (2) occur relatively more often
in the area than in remote areas on the map.

Exploration of the ordered map would aid a potential patent appli-
cant to form an idea of the already patented technology and innovations
in a certain field. The labels may guide the applicant to interesting map
areas and give an immediate overall idea of what kind of material the
collection contains. Furthermore, when a new patent arrives it can be
placed on the map: the text of the patent is encoded and the map
units most similar to it are searched for. The regions found in this way
might be used as starting points for exploration, e.g., when a patent
engineer tries to find out if there are existing patents that might overlap
with the new one. It is important to note, however, that the document
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WEBSOM map - Patent abstracts Instructions

Describe your area of inferest or paste a whole document:

Click any area on the map to get a zoomed view!
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Figure 2. Exploration of a of 10,000 patent abstracts by mapping a new document
or query to provide starting points for exploration. The user was interested in finding
patents related to oil pressure monitoring. The system encoded this description of
interest as a document and found best matching locations for it on the map, marked
with circles. A detailed closeup of the region was revealed by clicking on the map
and after the second click titles of individual abstracts were shown. An individual
document may be viewed by clicking one of the titles. The labels which have been
automatically selected and positioned on the map help in gaining an overview of the
patent collection and also guide the exploration of the map.

map is neither intended nor suitable for automatically obtaining a
new categorization for patents. There exist many useful visualizations
of a document collection, of which a single document map provides
one. Rather, the document map offers support for exploration of the
collection, and for finding new, related information based on familiar
information.
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4.2. EXAMPLE: DOCUMENT MAP AS A FILTER

A clear advantage of using the same document map display for a longer
time is that as the user grows familiar with the map, the display can be
used as a tool for interpreting new information rapidly by overlaying the
new information on top of familiar structures. Naturally, the document
collection used for organizing the map must be at least somewhat similar
to the incoming data stream. In the extreme case, if there is no common
vocabulary the visualization will not be meaningful at all.

In the following demonstration a user utilizes a familiar document
map both to visualize an incoming data stream—messages from a mail-
ing list—and to filter specific kinds of messages from the stream for im-
mediate reading. The document map used in this example had been cre-
ated earlier based on articles collected from the Usenet discussion group
comp.ai.neural-nets (for technical details on how such maps can be
constructed see, e.g., Honkela et al., 1997, Kaski et al., 1998). The
incoming data stream, an electronic mailing list called connectionists,
discusses neural networks as well, but in a clearly more academic tone.

Being already familiar with the document map the user first selects
three regions of interest to concentrate on reading at the time. The
areas are drawn with white ellipses on the document map of Fig. 3.
The region in the lower right corner contains some interesting articles
on the self-organizing map and on unsupervised learning. The large and
rather unspecific region in the middle left discusses Al and intelligence
in a rather philosophical and leisurely manner. The small region on the
top of the map seems to have specialized particularly in advertisements
of cognitive science vacancies. Let us also imagine that from this region
the user had found an ideal job opportunity but unfortunately the time
to apply for it had already passed.

Next, over 100 messages were taken from the connectionists mailing
list, encoded as document vectors, and for each email the single best
matching unit was found from the document map. The matches are
marked with small circles in Fig. 3.

4.2.1. Visualizing properties of an incoming document stream

As a first impression of the spread of the emails on the map the user
immediately notices that most of the emails are clustered in the upper
right corner (Fig. 3). This region contains lots of conference calls, FAQ-
lists, and other articles that mention or discuss in depth a variety of
topics dealing with neural networks. To the user who is familiar with
the “meaning” of this region of the map the image immediately reveals
a property of the mailing list: most of its articles are indeed calls for
papers, technical reports, and other elaborate treatments of neural net-
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WEBSOM map - comp.ai.neural-nets

Figure 3. A document map that the user has become familiar with can be used as a
filter and a tool for visualizing new documents. First the user marks the interesting
regions on the map (here with white ellipses). Next the system positions the incoming
stream of documents on the map (small circles). Based on the resulting display the
user may get an idea of what kind of material the new documents contain, and also
which individual documents would be interesting to read. In this case the contents
of over 100 messages from the “connectionists” email list have been visualized on
the “comp.ai.neural-nets” map. Fewer circles appear on the display than there were
emails since often a single unit was the best match for several messages.
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works. It also seems probable that on the mailing list there is not much
discussion on topics such as artificial or natural intelligence—at least
not the philosophical and speculative type of discussion found on the
map region that the user circled. This supports the earlier impression
that the mailing list is more strictly concentrated on scientific discussion
of neural networks than the newsgroup.

WEBSOM map - comp.a.neural-nets . . .
P P Old articles in the map unit

Job Vacancy

New Faculty Position Available

Ph.D program

PhD studies in neural networks & vision at UNC
New Ph.D Prog. in Cog. Sci.

Cognitive Neuroscience Job .

Info Request

New, "filtered" email messages

430: Rutgers Newark Psycholgy——Cognitive Scientist
474: position available/MIT
511: RUTGERS UNIVERSITY (Newark Campus)
Junior Position in Cognitive Science
514: Instructor Position/Brown University
515: COGNITIVE SCIENCE@RUTGERS(Newark Campus)
517: Instructor Position/Brown University
519: RUTGERS UNIVERSITY (Newark Campus)
Junior Position in Cognitive Science
520: COGNITIVE SCIENCE@RUTGERS(Newark Campus)
521: UCSD Cognitive Science - Junior Faculty Position
564: Graduate studies in systems and computational
neuroscience at Johns Hopkins University

Figure 4. Contents of the region containing articles of cognitive science positions: in
the upper box the titles of articles in one map unit and in the lower box the email
messages that arrived on the region.

4.2.2. Filtering a document stream

When viewing closer the regions marked as interesting there seems to
be some messages on each target area. A sample related to the cogni-
tive science opportunity area is presented in Fig. 4. All of the emails
advertise cognitive science opportunities and resemble very much the
newsgroup articles found in the corresponding map units.

Naturally, when this “filter” is used interactively, the white ellipses
need not be considered as strict borders but rather as approxima-
tions of the whereabouts of interesting areas. Since the contents change
smoothly on the map also the borders between interesting and non-
interesting information are fuzzy. For example, seeing now that quite
few emails landed on the region discussing artificial intelligence (the
large circle) the user may proceed to read the emails found on the
closeby regions to see if they nevertheless were interesting.
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5. Conclusions

In this work we have illustrated how a novel method called the WEB-
SOM can be used in organizing collections of documents into maps.
The method performs an automatic and unsupervised full-text analysis
of the document set utilizing the self-organizing map algorithm. The
result of the analysis, an ordered map of the document space, visualizes
the similarity relations of the contents of the documents as distance
relations on the document map display. A browsing interface has been
developed for exploring the maps on the World Wide Web.

In the article we have shown how a document map can be utilized
as a tool for visualizing an unknown data collection, or as an automatic
filter for collecting documents of interest from a data stream such as
incoming electronic mails. Future research may be aimed at improving
the scalability of the WEBSOM method still further as well as applying
the method on texts in various languages.
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