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Abstract

The classification of documents from a bibliographic database is a task that is linked to processes of
information retrieval based on partial matching. A method is described of vectorizing reference documents
from LISA which permits their topological organization using Kohonen’s algorithm. As an example a map
is generated of 202 documents from LISA, and an analysis is made of the possibilities of this type of neural
network with respect to the development of information retrieval systems based on graphical brows-
ing. © 2001 Elsevier Science Ltd. All rights reserved.
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1. Introduction

As is now well-known, the first information retrieval systems were based on uniterms and exact
matches. One of the problems that this involved was that the retrieval depended on whether one
or various exact terms existed in the query. When users require information, however, they are
looking for concepts rather than terms. With the techniques of partial matching there has been
some progress in the direction of conceptual searches, although the basis has been metric rather
than cognitive. When one considers the amount of electronic information available world-wide, it
is clear that information retrieval needs to overcome these problems to improve the users’ access
to that information.

Current technology with its sequential algorithms has far surpassed humans in tasks such as
mathematical operations. There are other tasks, however, which are easy for humans but very
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difficult to solve using these classical methods. Examples are optical character recognition, image
processing, speech, etc.

The current progress in the treatment of images has been achieved mainly by emulating the
characteristics of the human process. For instance, it is known that the human eye responds
instantaneously to the characteristics of the image (Julesz, 1991). This emulation has involved the
development of high-order algorithms which have sometimes been based on neural networks
(Garcia del Valle Alfageme, 1996). In this sense, pattern recognition is presently reasonably de-
veloped, and from pattern recognition the recognition of characters and images which appear to
be crucial for the development of the basic recognition routines to facilitate image retrieval (Myler
& Weeks, 1993).

Likewise one also foresees the development of similar routines for the recognition of a concept
in a text (Kantor, 1994). This development will at least have to involve studies of language and of
psychology. In this sense, it seems suggestive that the form in which a document is left after pre-
processing (removing the stop words, and unifying the different morphological variants) is much
like the language used by children who are beginning to speak. It is thus a matter of imitating
human reasoning capacities with the corresponding advantages and disadvantages.

Neural networks are designed to simply emulate the internal functioning of the brain, and they
have been at the base of most successes achieved in image processing. We therefore believe that
these methods may lead to progress in information retrieval, and allow some of the problems
currently being tackled to be solved.

These networks perform thousands of processing steps of local information at each element.
Their sum gives rise to the overall intelligent behaviour of the network (Doszkocs, Reggia, & Lin,
1990). The said forms of processing are found to be best suited to tasks with a great degree of
complexity, but not to traditional mathematical operations or similar tasks. In light of the
problems that they are able to solve, some researchers have seen them as a new paradigm of
artificial intelligence. Recent studies, however, show that their current citation environment is
quite distinct from that of artificial intelligence (Van der Besselaar & Leydesdorff, 1996).

Neural networks can learn to assign multidimensional outputs to multidimensional inputs, and
they do so while maintaining a great capacity for generalization. This is because they first perform
a phase of training or learning, which in most networks is done offline. There is thus a differ-
entiation between the production phase and the training phase in almost all neural network ar-
chitectures. This division is due to the difficulty in keeping a network sufficiently plastic for it to be
able to continue learning, and sufficiently stable for it not to forget what it has learnt. Indeed, this
is known as the stability—plasticity dilemma. There also exist other types of neural network such
as those corresponding to Adaptive Resonance Theory which are able to overcome this dilemma
and continue learning while they are in production.

As mentioned above, in the first stage the networks learn to assign outputs to the inputs. This
training may be supervised or unsupervised. In supervised training, one uses a set of input—output
pairs so that the network progressively adapts towards the desired outputs on the basis of the
errors that it makes. In unsupervised training, only the inputs are presented to the network
(without their corresponding outputs) — hence the name. The network, in most of these training
methods, forms clusters with the said inputs. One might therefore say that the first potential
application of this type of algorithm with document input would be simply clustering. What the
training phase really does that gives rise to these clusters is, however, to enable the network to find
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the closest cluster to a document vector, whether it belongs to the training set or not. This means
that it can find the cluster that corresponds to a document or to a request for information (which
can be transformed into a document vector).

The clusters that are produced by an application of neural networks have certain highly de-
sirable traits from the perspective of document clustering. One is that they are adaptive, i.e., they
do not have to be provided with parameters of size, overlap, etc., but to a great degree adapt to
the database in question. One could say that they learn from the documents they have to deal
with. One consequence is that the clusters are closer together where there are more documents.
Thus, the zone a cluster covers may shrink or grow according to this density of documents. To this
end, the vectors are subjected to an overall comparison which is able to include in a cluster
documents that do not have exactly the same terms. This can allow a query to be answered with
documents that do not include the term in question but are, nevertheless, closely related, i.e., while
the response is the cluster that is closest to the query, this cluster contains documents that are
included because of their overall similarity with the rest although they do not contain the terms of
the said query.

We focused on one of these algorithms — Kohonen’s model. This not only clusters the inputs,
but also organizes the resulting clusters topologically. In the present work, we study specifically
the latter process. We shall first describe the model, then the generation of the database for the
experiment, and finally comment on the results that we obtained.

2. Materials and methods

Despite the enormous complexity of the cerebral cortex microscopically, macroscopically its
structure is uniform, even from one brain to another. The centres corresponding to specific ac-
tivities such as thinking, vision, hearing, motor functions, etc., are located in specific regions of the
cortex with a determined spatial relationship between them. One example is the so-called tono-
topic map of the auditive regions, in which neurons which are close to each other respond to
similar sound frequencies. Another is the somatotopic map whose artistic representation is the
well-known homunculus.

The cortex is an extensive (approximately 1 m~ surface area) thin (between 2 and 4 mm
thickness) layer consisting in turn of six layers of different types of neurons. Its folds maximize the
area that fits inside the cranium. For our purposes, however, we shall treat it as simply a surface.

It may well be that this map is to a great degree foreordained by genetics. Nevertheless, Ko-
honen’s interest in discovering how an organization of this type might arise led him to investigate
the subject (Kohonen, 1982, 1989, 1990, 1995). The product of those researches was the network
model that bears his name, and which is capable of performing a topological organization of the
inputs presented to it.

This type of network has recently been used in documentation for the analysis of domains
(White, Lin, & McCain, 1998), for textual data mining (Lagus, Honkela, Kaski, & Kohonen,
1999), to extract semantic relationships between words from their contexts (Honkela, Pulkki, &
Kohonen, 1995; Ritter & Kohonen, 1989), and in particular to generate topological maps of sets
of documents, even labeling the zones of influence of each word or term (Kohonen et al., 1999a;
Kaski, 1999; Lagus & Kaski, 1999; Moya, Herrero, & Guerrero, 1998; Moya Anegon et al., 1999;
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Chen, Houston, Sewell, & Schatz, 1998; Lin, 1997; Guerrero Bote, 1997; Orwig, Chen, &
Nunamaker, 1997; Lin, Soergei, & Marchionini, 1991).

The present work was designed to test the capacities of this algorithm under conditions as close
as possible to reality, as well as to study a reliable process for the generation of document vectors
from the database. Strictly for experimental purposes, we created a test-bed database from records
of the LISA bibliographic database, so that we could later compare the organization that we
obtained with that resulting from the descriptors assigned to the said records. We took each of the
abstracts contained in the records to be independent documents. Of the remaining fields, we only
took the descriptors into account for purposes of the subsequent comparison. To achieve as much
generality as possible, instead of retrieving documents by topic, we chose the last 954 records of
LISA (Summer 96 version), these being the records with Accession Number greater than or equal
to 9605000. This led to the database that we created containing the aforementioned 954 records,
with a total of 7758 different words.

2.1. Document vectorization

The next step following the creation of the document database was to transform these docu-
ments into vectors to use as inputs to our algorithms or networks. To this end, we applied the
vector space model which transforms each document into a vector. First, each term in each
document was assigned a corresponding weight. Then a set of terms was determined which we
could use to describe all the documents of the database.

We chose a weighting scheme very close to the classical IDF which was found to be one of those
that gave the best results in the study by Noreault, McGill, and Koll (1981). Each component’s
weight is given by

a t;ilo il

ij ij gﬁﬂ

where a;; is the weight assigned to the term ¢; in document D;, ; the frequency of appearance of

the term ¢; in document D;, f; the frequency of appearance of the term ¢, in the whole database and
F is the total number of words (repeated or not, tokens) in the whole database.

We decided to use this scheme instead of the classical IDF because the latter assigns the greatest
weights to the terms that appear in a single document since it uses #;, the number of documents
that appear in the term, instead of f}, the frequency of appearance of the term t; in the whole
database. Since we wish to perform a clustering procedure, however, these terms which appear in
only one document are translated into differences between their corresponding document and the
rest, and are of no use in forming clusters.

The number of terms in the database was 7758. This was computationally unfeasible for us, so
that it became necessary to determine a set of terms that we could use to describe all the docu-
ments of the database, and then assign them the corresponding weights in each document.

We think that the ideal way to reduce the said number of terms is to use the discrimination
value (Salton & McGill, 1983) calculated with the cosine function as the measure of similarity.
This leads to an angle comparison which is desirable in similarity functions according to the study
of Noreault et al. (1981). Ranking the calculated discrimination values for all the terms in de-
creasing order, we found that in the top ranked there was a drastic reduction in the number of
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terms of frequency one (we found none in the first 100). There was also a marked reduction in

those that appeared in only one document (but not as large as for the frequency-one case). These

findings confirm the results of studies on the value of discrimination (Salton & McGill, 1983;

Moya Anegoén, 1994) and are encouraging pointers that this indeed must be the ideal way to

reduce the number of terms. In line with those studies, one may expect that the results will im-

prove as the database increases in size.

The entire process carried out on the terms can be summed up in three phases:

e FElimination of stop words. This first phase deals with eliminating functional words of the lan-
guage which have no meaning. Since the language was English, we used the frequency dictio-
nary of Kucera and Francis (1967), with which we generated a list of 200 stop words
corresponding to the most frequent words of that language. This reduced the number of differ-
ent terms in the database from 7758 to 7577.

o Stemming. We used the Porter Stemmer which is the most commonly used stemmer in English
(Porter, 1980; Frakes & Baeza-Yates, 1992). This reduced the number of terms to 5052.

o Extraction of the terms with the greatest discrimination value. We calculated the discrimination
values, and extracted the 1200 words with the greatest value.

After this process, there were only 10% left of the words that appear in only one document. Given
the generality of the procedure, there will be a corresponding reduction in the computational burden.

In the study of Noreault et al. (1981), the best similarity measures were those that made angular
comparisons. We therefore next normalized the resulting vectors by dividing them by their Eu-
clidean norm.

As we noted above, the intention of the present study was to test the topological organizations
that can be obtained with this algorithm. For this purpose, we have to simulate a network with
more hidden neurons than input patterns. In view of the results of experiments carried out pre-
viously (Guerrero Bote, 1997), these 954 documents would be suitably classified using a network
with 1500 neurons in the hidden layer. Given the dimension (1200) and number (954) of the
vectors, however, such a high number of clusters would make the process unfeasible in terms of
computation time. There is the additional difficulty that one would have in subsequently con-
trasting the results with the complete trial database. We therefore decided to reduce the number of
vectors to be processed. This lessens both the computation times and the difficulty in examining
the results. It does not lead to any loss in generality, however, since in obtaining the said vectors
we used all the documents and hence all the terms that they contributed.

We excluded therefore those documents that contained none of the descriptors listed in Table 1.
This table also gives the number of documents in which each descriptor appears.

Table 1
Descriptors used to reduce the document set and the number of documents in which each descriptor appears
Acquisitions 37
Artificial Intelligence 28
Business Management 20
Computerized Information Storage and Retrieval 23
Conferences 20
Periodicals 22

World Wide Web 58
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We were finally left with 202 documents with which to generate our database. This number is
not the simple sum of the above figures because there were documents containing more than one
of the descriptors.

3. Results

We made two trials using networks of different dimensions. Firstly we used a 20 x 20 network,
i.e., one with 400 neurons. The result is shown in Fig. 1. We have marked the nodes where the
documents were classified with (redundantly) both a colour and a letter associated to the de-
scriptor assigned to the documents, and with the number of documents classified at the said node.
At node (19,19) for instance, there were two documents classified which had the descriptor
Business Management assigned them. One sees in the figure how nodes with documents containing
the same descriptors cluster together.

We should first clarify that there are a number of neurons which are winners for more than one
descriptor. Some of these cases are due to the existence of documents that have two or more
descriptors. When we eliminate these, in which the confusion was inevitable, the following cases of
confusion remain:

e (8,0) Periodicals/World Wide Web;
e (8,15) Periodicals/Adquisitions;
e (4,15), (7,8), (7,10), (15,15) Conferences/Periodicals;

. Acquisitions
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Fig. 1. Document Organization of a 20 x 20 network. The nodes where the documents were classified have been
marked with (redundantly) both shading and a letter associated to the descriptor assigned to the documents, and with
the number of documents classified at the said node.
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0) Conferences/Computerized Information Storage and Retrieval;
5) Adquisitions/World Wide Web;

), (13, 11) Business Management/World Wide Web;

11), (13,5) World Wide Web/Computerized Information Storage and Retrieval;

(14,2) Artificial Intelligence/Computerized Information Storage and Retrieval.

On careful observation, one finds that a great many of these cases are caused by the descriptors
Conferences and Periodicals, which are in turn the descriptors that are the most spread out over
the map and most coincide with each other (they participate in seven coincidences, of which they
occur together in four). The explanation might be that they are both descriptors of form, so that it
would be natural to expect a topical dispersion of the documents that contain them.

Looking at the above theoretically confused documents in more detail, such as for instance
those corresponding to the node (8,0) (Accession Numbers 9605017 and 9605899), one finds that
they share the descriptor “Hypertext”. The network, however, classified them according to the
terms contained in the abstracts which are apparently not closely related to the descriptor.

One can thus see that when there is apparent confusion, and two descriptors win at the same
node, the documents are usually related. It is not limited to this, however, since, as was to be
expected, the documents of bordering clusters are also related.

Simple observation shows that the zone assigned to Acquisitions is split into two. When one
examines the documents of the two zones (such as, for example, those whose Accession Numbers
are 9605223 and 9605247), one finds that the upper zone (that of document 9605247) is mainly
based on topics that are economic, budgetary, technological, etc., while the lower zone (corre-
sponding to 9605223) is based on aspects relating to the development of a library’s collection.

Another noteworthy aspect is the placement of the different descriptors winning zones on the
map. For example, the zones corresponding to the descriptors World Wide Web, Computerized
Information Storage and Retrieval, and Artificial Intelligence, which are the most technology
related, border each other. Also that order seems to be the most logical, since one may say that the
WWW is related to Information Retrieval given the importance that information seeking systems
are gaining on the Web. Also, Information Retrieval is related to Artificial Intelligence, and after
all the present work is an artificial intelligence technique applied to information retrieval. In the
zone bordering Artificial Intelligence there happens to appear a zone dedicated to Business
Management which expands inwards to the centre, touching all the other zones.

There exist many other interesting questions in the organization, some of which also seem
inexplicable. The intention of the present study, however, was not to make an exhaustive study
(which will be the subject of later work), but to perform a trial and calculate the possibilities
offered by this type of network.

The second trial was to classify the same database using a 30 x 30 neuron network. The result is
shown in Fig. 2.

One sees that the general behaviour is very similar to the previous case. As the dimension is
greater, however, the documents are spread out over the whole map, and no white zones are
generated that might indicate the distances between the different topics. This is caused by the
“conscience” with which the units were endowed (a mechanism which reduces the probability that
a neuron will win a competition as the number of competitions that it has already won rises, which
is sometimes used to avoid the problem of the stuck vector (Freeman & Skapura, 1991; Munoz
Garcia, 1994)), which ensures that the competition, and therefore the effort, is shared out over the
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Fig. 2. Document Organization of a 30 x 30 network. The nodes where the documents were classified have been
marked with (redundantly) both shading and a letter associated to the descriptor assigned to the documents, and with
the number of documents classified at the said node.

whole network. Unlike the previous case, now no node wins more than one competition, so that
the only descriptor confusions are those due to documents that have more than one descriptor.

One notable difference is the tendency for the occurrence of microzones where various docu-
ments of one descriptor are clustered in the midst of zones corresponding to other descriptors.
This is the case, for instance, in the zone of (29,24) where there is a cluster of a set of documents
relating to the WWW in the middle of a zone corresponding to Business Management. In the
previous case, the documents corresponding to this latter descriptor clustered in an elongated but
more or less continuous zone that rose from the bottom right-hand corner towards the centre.
Now they have split into two groups, one in the centre and the other in the aforementioned
corner. Also the distances between the two groups of Acquisitions has widened, and so forth. This
is so because of the existence of more gaps, which allows a different form of organization to occur.

A glance through the groups of documents corresponding to the Business Management de-
scriptor shows that they all deal with computer-related applications. Those of the lower left corner
deal with outsourcing, however, while the others do not.
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As in the previous trial, when one looks in detail at documents situated in zones corresponding
to other descriptors, one sees that there indeed exist relationships between the two. For instance,
that corresponding to node (0, 13) of Periodicals which appears in the WWW zone deals with
electronic publications and hypertext, that corresponding to node (8,9) of Conferences which
appears in this same zone corresponds to a congress on the HTTP and HTML standards, etc.

4. Conclusion

A neural network is able to learn to respond to a certain type of input or question on the basis
of a set of training examples. This response capacity is not constrained to the training set examples
but may be generalized for other similar cases or inputs. In the unsupervised learning case, it
achieves a suitable clustering of the inputs. If one applies this process to document vectors, the
result is a fairly good document organization, better than that provided by a descriptor of the
document (with which we contrasted the present results). It even manages to find relationships
between documents without their sharing many terms.

In the learning process, as well as clustering the inputs, the Kohonen network generates a
topological organization of those clusters. When we apply this to documentation the result will be
the creation and organization of clusters in a manner that those which are topically close will also
be close in the network. We may use this to expand the query, or rather the results: once one has
found the cluster that best fits the query, one may extend the activation to those which are to-
pologically close. On occasions, this has come to be used as a sort of system of navigating through
the document database, indicating which zones of our topological organization we are visiting
with the consequent aid to browsing, and even to choose the location and size of the zone of the
database that we wish to visit. Recently, networks similar to these have been used to generate
topological maps of a database (Kohonen et al., 1999a,b; Kaski, 1999; Lagus & Kaski, 1999; Moya
et al., 1998; Moya Anegdn et al., 1999; Chen et al., 1998; Honkela, Kaski, Lagus, & Kohonen,
1996; Kaski, Honkela, Lagus, & Kohonen, 1996; Lagus, Kaski, Honkela, & Kohonen, 1996), of
the results of a search (Lin, 1997), or even of the comments contributed during a brainstorming
session (Orwig et al., 1997). In some of these cases, as well as performing a document classifi-
cation, one determines for each node which unitary term vector produces the greatest activation.
One may thereby generate each term’s zone of influence, providing a graphical view of the dat-
abase on which one could even select the zone that one wants to visit.

In this present work, we used a reduced set of selected documents so as to be able to evaluate
the result more easily, not because more documents cannot be processed. If more documents are
processed with a network of the same dimension, there will be a greater density of documents.
Furthermore, if one does not start with a set of selected documents, the evaluation will become
more difficult, since the network will find relationships which were not determined a priori and
which therefore would have to be studied case-by-case. The network will generally be able to
classify much larger sets than that used here (Kohonen et al., 1999a,b; Kaski, 1999; Lagus &
Kaski, 1999), even using classifications of different levels (Moya et al., 1998; Moya Anegdn et al.,
1999; Chen et al., 1998) to map or access a given document collection.

We have here used networks that yield a two-cal organization. The generalization to three-
dimensionalorganizations is immediate, so that the clusters could be organized three-dimensionally.
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To display that structure, however, 3D or virtual reality systems would be needed. The human
difficulty in comprehending the structure means that there is no sense in opting for a higher
dimension.

Neither should one forget that a network is trained to give responses. In the present case, the
response may be the calculation of the nearest cluster to a document or query.

Lastly, these topological organization processes involve massive calculation. They have the
advantage, however, that these calculations can be performed in parallel. This needs purpose-
designed machines, which, despite their production still not being en masse, are now reasonably
priced. There exist cards for PCs (the machines on which we carried out the trials) which are
moderately priced and achieve increases in speed of the processes of factors of several thousands,
even tens of thousands.
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