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Abstract

This article describes a method of finding the contextual relationships among different terms in a
database. First, the vector model is used to represent the terms as vectors according to which
documents they appear in. Second, these vectors are used as the input to a Kohonen network, which
organizes them topologically. This organization, in turn, generates term clusters arranged on a grid, so
that each term is not only related to the others in its own cluster but also to those of neighboring
clusters. © 2002 Elsevier Science Inc. All rights reserved.

The exponential growth of information has been a topic of concern and interest for more
than 25 years (Price, 1973). The availability of electronic information and the process of
digitalization have contributed in large part to this growth, with the transformation of
documents “based on atoms to ones based on bits” (Negroponte, 1995). Computer use is,
of course, not restricted to editorial production; it is present in all aspects of life— from the
workplace, where there is often one computer per person, each of whom is generating new
documents, to the home, where, increasingly, people not only have a computer but multimedia
equipment as well. There is also the distribution of information via the so-called information
highway and the effect of the increasingly lower cost of storage media. One is thus in the midst
of a developing environment of electronic information that can be accessed automatically.
Another consideration is the diversification of media, which has the collateral effect of
producing a greater amount of nonnormalized information (e.g., images, sound, and text).
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There is a need for automatic procedures that allow such an immense quantity of
information to be processed. One of these procedures is the automatic classification of the
terms that are present in a database. This type of automatically generated thesaurus or
“concept space approach” (Chen, Ng, Martinez, & Schatz, 1997) is in great demand for
databases with very specific scientific content, as an aid to searching, browsing, or simply
representing the contents of a document database, or of results. There are two ways to put this
procedure into practice:

Independently of the corpus: These relationships depend on the language in which the
documents are written. There have been studies ranging from the construction of a
thesaurus to the processing of natural language. Vocabulary networks (WordNet) have also
been used to form a database (Miller et al., 1990; Voorhees, 1993). With respect to
performance, however, the results have not been as expected. As with artificial
intelligence, specific relationships are required for the domain of the database.

With the aid of the corpus: In this case, the relationships are developed from the
information contained in the database. The result will be specific relationships in the
domain of the corpus. This can be carried out by evaluating the following:

The lexical similarity of the words, employing techniques of: stemming (words with the
same stem are considered to be related), suffix elimination (words are related after
eliminating suffixes or prefixes), or n-grams (relating words with similar pieces). This type of
technique gives good results if the terms in the corpus have a strong lexical relationship (e.g.,
those relating to chemistry and pharmaceutical products; Oakes & Taylor, 1999).

The semantic similarity, which can only be done using co-occurrence studies. The bases for
the technique are described in Van Rijsbergen (1977) and Peat and Willett (1991). Natural-
language processing techniques have been used in some cases (Strzalkowski, 1995), and
neural networks have begun to be used (Chen, Houston, Sewell, & Schatz, 1998; Honkela,
Pulkki, & Kohonen, 1995; Kaski, 1999; Kohonen et al., 1999; Lagus, Honkela, Kaski, &
Kohonen, 1996; Lagus & Kaski, 1999; Lagus, Kaski, Honkela, & Kohonen, 1999; Lin,
1997; Moya-Anegon et al.,, 1999; Moya-Anegon, Herrero-Solana, & Guerrero, 1998;
Muiioz Garcia, 1994; Orwig, Chen, & Nunamaker, 1997; White, Lin, & McCain, 1998;
Wong, Cai, & Yao, 1993).

This article describes an automatic procedure that uses a document corpus and allows one
to find the contextual semantic relationships between the terms. These relationships will only
be valid for that corpus.

1. Method

The study method is divided into two parts: First, the classification is made by clustering
technique, whether hierarchical or heuristic (Moya-Anegon, 1994; Salton & McGill, 1983).
Second, the objects to classify need to have a vector representation, or, similarly, a
representation as lists of characteristics.
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Artificial neural networks are currently attracting particular interest as mechanisms for
performing certain basic intellectual tasks. These networks were designed to emulate how the
brain functions, learning to assign multidimensional outputs to multidimensional inputs,
which they do with a great capacity for generalization.

The training of the neural networks may be supervised or unsupervised (according to the
type of network). For the supervised training, one uses a series of pairs formed by an input
and its corresponding output, so that the network gradually adapts to the desired outputs on
the basis of the mistakes that it makes. In unsupervised training, however, only the inputs
are presented (without their corresponding outputs) for the network to cluster. These
clusters have certain advantages over their classic counterparts. For example, they are
adaptive—they do not have to be provided with parameters of size or overlap, but, to a
great degree, they adapt to the database in question. The neural networks therefore learn
from the objects they have to process. One consequence of this is that the clusters are
closer together where there is a greater density of terms. In addition, the zone that a cluster
covers may expand or contract according to this density. To this end, the vectors are
compared globally to allow terms to be included in a cluster, even though they do not
exactly appear in the same documents.

One of the models that has been used for the classification of terms is the Hopfield (1982)
network. This model is designed to assist the user by memorizing or generating thesauri or
heading lists, so as to subsequently suggest alternative terms and expand or repose the query
(Chen, 1995; Chen & Lynch, 1992; Chen, Lynch, Basu, & Ng, 1993; Chen & Ng, 1995;
Chen, Schatz, Yim, & Fye, 1995; Chen et al., 1997).

Teuvo Kohonen introduced the Kohonen model for the classification of terms according to
their syntactic function in texts (Honkela et al., 1995; Kaski, 1999; Kohonen et al., 1999;
Lagus et al., 1996, 1999; Lagus & Kaski, 1999; Ritter & Kohonen, 1989) by using the
information derived from the previous and the following terms. This model has also been
used for the classification of a database’s keywords (Moya-Anegon et al., 1998, 1999). The
Kohonen model allows both clustering and topological classification (Guerrero, Moya-
Anegon, & Herrero-Solana, 2002; White et al., 1998). It can be applied to the semantic
classification of terms, for which purpose it is necessary to study a procedure to select
representative terms of the database and their vectorial representation.

Recently, Kohonen networks have been used to generate topological maps of a set of
documents, even labeling the zones of influence of each word or term (Chen et al., 1998;
Honkela et al., 1995; Kaski, 1999; Kohonen et al., 1999; Lagus et al., 1996, 1999; Lagus &
Kaski, 1999; Lin, 1997; Lin, Soergei, & Marchionini, 1991), and have also been used in
automated domain analysis (White et al., 1998).

1.1. Selection and representation of terms

This study’s objective is not to test the Kohonen algorithm, which has been used for
similar purposes on other occasions, but to study a general process with bases that are
closer to those that have been used in information retrieval and which therefore results in
semantic classifications.
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To test the capacities of this algorithm under conditions as general and close to reality as
possible, the authors generated a test-bed database; they chose an English-language database
because there is no broadly accepted stemming algorithm in Spanish. The authors therefore
decided to use records from the bibliographic database Library and Information Science
Abstracts (LISA) to form their test bed. Each of the summaries in the records were treated as
independent documents; the remaining fields were ignored. To maintain as great a generality as
possible, instead of performing a retrieval by topic, the authors selected the last 954 records of
LISA. The retrieval was then performed by selecting the references that had an accession
number greater than or equal to 9,605,000. The database generated then consisted of the
previous 954 records, which contained 7,758 different words. This number of terms in the
database was unmanageable for the later stage of representation and study, so the authors had to
reduce the number until they could be satisfied that they had the most representative terms of the
database. For this purpose, they used the Salton discrimination value (Salton & McGill, 1983).

After creating the document database, the next step was to transform the documents into
vectors to calculate the cited discrimination value of the terms. The authors applied the Vector
Space Model, which transforms each document into a vector.

The authors chose a weighting scheme that is very close to the classic Inverse Document
Frequency (IDF) method (denoted #f - idf'), and which was among those weighting schemes
that gave the best results in Noreault, McGill, and Koll’s (1981) study. The weight of each
component is as follows:

aij = tij log —
fi
where

a; = weight assigned to the term #; in document D,
t;; = number of times that the term ¢; appears in document D;
J; = number of times that the term #; appears in the entire database

F = total number of words (whether repeated or not, tokens) of the whole database.

The authors decided to use this scheme instead of the IDF method because the latter
assigns the greatest weights to those terms that appear in a single document. Because the aim
is to perform a classification and a topological organization that will show the semantic
relationships existing between all the terms, those which appear in only one document are
related to those of the same document, so that neither a classification nor a topological
organization seems necessary. Hence, if the said discrimination values of all the terms are
calculated and ranked in decreasing order, among the top values classified there will be a
sharp reduction in terms of frequency 1 (among the first 100, there were none). There will
also be a great reduction in those terms that appear in a single document (though not as great
as that for those of frequency 1).
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The entire procedure of creating the representation of the terms to be used as input to
Kohonen’s neural network can be summarized in four phases: elimination of stopwords,
stemming, selection of words, and vectorization. These are described as follows:

Elimination of stopwords: This first phase is aimed at eliminating the functional words of
the language that have no meaning. Because the language was English, the authors used
the frequency dictionary of Kucera and Francis (1967), with which they generated a list of
200 stopwords corresponding to the words of greatest frequency in that language. The
authors thereby reduced the number of different terms in the database from 7,758 to 7,577.
Stemming: The authors used the Porter Stemmer, which is the most-used stemming
algorithm in English (Frakes, 1992; Porter, 1980). The number of terms is reduced
to 5,052.

Extraction of those terms of greatest discrimination value: The authors calculated the
discrimination value of all the terms, and extracted those 1,200 with the greatest value.

In the resulting database, the authors were left with 10% of the words appearing in a single
document only. They took this as an acceptable extra computational load, given the generality
of the procedure that had been carried out.

Creation of the vector representation vectorial of the terms: If one writes the vectors as
horizontal arrays, and stacks them vertically, the rows of the resulting matrix each
correspond to the same document, and the columns to the same term (i.e., each element
indicates the weight of the term corresponding to its column within the document
corresponding to the row). Thus, although the rows represent the document vectors by
construction, the columns can also represent term vectors.

If the initial document vectors are binary, the term vectors thus generated would also be
binary. In the # - idf weighting, each component consists of two parts: one local, which
indicates the importance of the term in each document (and which would vary with the
frequency in each document) and the other global, which indicates the importance of the term
in the entire database (and which would be the same for all the coordinates of a term). The
study of Noreault et al. (1981) showed that the best similarity functions are those that use
angular measures, so that the global component of # - idf is of no use (it only modifies the
modulus of the vector), and one would therefore be in a situation equivalent to using the
frequency in the document for each component.

For this reason, similarly to what was done in the document vectors for the terms, one can
generate different document weights, based for instance on the number of terms that they
contain (Kantor, 1994). Logically, those vectors containing many terms have less weight than
those that contain few terms. One can therefore use a weighting scheme similar to the # - idf
for the terms

D
aij = ll'leg W
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where
a; = weight assigned to document D; in term

t;j = number of times that term #; appears in document D;
ND; = number of terms that appear in document D;

D = total number of terms in the database

Once the terms have been represented as vectors, analogously to how similarities between
documents were calculated using functions defined for that purpose, the similarities between
terms using the same functions can be calculated.

1.2. The Kohonen algorithm

Despite the enormous complexity of the cerebral cortex under the microscope, macro-
scopically it has a uniform structure, even when comparing one brain with another. The
centers corresponding to specific activities, such as thought, vision, hearing, or motor
functions, are located in specific zones of the cortex, and each of these zones has a particular
placement with respect to the others. An example is the tonotopic map of the auditory
regions, in which neurons that are close to each other respond to similar sound frequencies.

This map may, to a great degree, be predestined by genetics. Nonetheless, it was his
interest in looking at how organization of this type might come about that led Kohonen (1982,
1989, 1995) to investigate the subject. The result of these investigations was the neural
network model that bears his name. Such networks are capable of topologically organizing
their inputs.

The Kohonen model is a competitive model in which the influence of each neuron on the
other neurons of its layer will be a function of the distance between them (i.e., each neuron will
have a positive influence on itself and on neurons which are topologically close). This influence
will decrease as the distance between the neurons increases, reaching negative values, but then
will increase again so that finally there is a positive influence on the most distant neurons.

In addition, the Kohenen model has a biological foundation; it has been found that in
certain primates there occur lateral interactions between neurons that are excitatory within a
radius of 50 to 100 pm, inhibitory within a circular corona of a 150- to 400-pm thickness
around the previous circle, and very weakly excitatory, or practically null, from that point out
to a distance of several cm (Hilera & Martinez, 1995). There is therefore a bubble of activity
in the layer, formed by all the units that are close to the winner and that participate in the
reinforcement corresponding to learning.

The simulation hardware involves creating a competitive layer of a certain complexity.
Nevertheless, the process that it performs during learning each time that it is presented with a
vector can be summarized in the following steps:

Select as the winning node (each node of the network represented by a different weight
vector of the same dimension as the input vectors) that which is closest (typically using the
Euclidean distance) to the presented input vector.
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Fig. 2. Enlargement of the lower right corner of the topological organization from Figure 1.

Adjust the weight vectors of the winning node and the nodes corresponding to its
neighborhood by adjusting them toward the input vector values (in some cases the
reinforcement is the same for the whole neighborhood and in others it falls off with
distance from the winner).

During this phase, the training vectors are presented repeatedly to the network at
random, simultaneously with a gradual reduction of the neighborhood and of the
learning rate to force the network’s stability. After this phase, the configuration is one
in which the neurons that are topologically close in the network (arranged as a two-
dimensional lattice) are winners with respect to clusters of vectors that are close to each
other in the input space. Occasionally, as in the present case, the neurons are endowed
with a “conscience.” This is a mechanism that reduces the probability that a neuron
will win a competition as the number of competitions that it has already won rises, and
which is sometimes used to avoid the problem of the stuck vector (Freeman &
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Fig. 3. Enlargement of the lower left corner of the topological organization from Figure 1.



V.P. Guerrero et al. / Library & Information Science Research 24 (2002) 235-250 243

Skapura, 1991; Guerrero, Moya-Anegén, & Herrero-Solana, 2002; Guerrero & Moya-
Anegoén, 2001; Mufioz Garcia, 1994), allowing the victories to be shared out over the
whole network.

Because of this topological organization, at times the only item of interest is the clustering
carried out by the hidden layer, and one selects the whole set of vectors for training for the
sole purpose of seeing the resulting topological organization. In this last application, there
exist two possibilities: if there are more hidden units than training vectors, one obtains an
optimal projection on the chosen topology, or, if the number of units is less than the number
of vectors, one obtains a layer that performs the clustering and orders each cluster
topologically. The resulting number of clusters will be equal to the number of neurons
making up the hidden layer.

Thus, one achieves, in an iterative but straightforward manner, not only a good cluster
analysis but also a good topological organization. As with other algorithms, however, there
are certain characteristics that are somewhat unsatisfactory mathematically: the termination
is forced by the number of iterations, there is no guarantee of convergence, there is
dependency on the order in which the data are input, stability is attained at the cost of
slower learning, or a classic instead of a fuzzy partition is generated. There have been
attempts at improvement and at "fuzzification" (see, e.g.,Bezdek, Chen-Kuo Tsao, & Pal,
1992) where the aim was to incorporate some of the characteristics of the c-mean method,
which yields a fuzzy output. Although all of these proposals lead to certain improvements,
they all tend to have the common denominator of the loss of the topological organization
that characterizes this algorithm.

The authors chose to link in an output fuzzification module that allows each input to have a
certain degree of membership in each cluster. The algorithm then functions during learning
according to Kohonen’s original picture. It varies only in the production phase, where, instead
of providing the winning cluster (the closest), it generates a fuzzy output, which indicates the
input’s degree of membership to each cluster. This fuzzy output is calculated in the same way
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Fig. 4. Enlargement of a zone of the topological organization from Figure 1 containing political-religious terms.
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Fig. 5. Enlargement of a zone of the topological organization from Figure 1 related to the capitalist economy and
to democratic countries.
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as with the c-mean algorithm (Bezdek, 1981) in the iterative process for m =1. In a
summarized form,

1
=
>~ (Dyi/Dy)

k=1
where
u;j, 1s the degree of membership of the term # to the cluster i
Dj; is the distance between the vector corresponding to the term j and the weight

vector of the neuron i (which is simply the centroid of the cluster that it gives rise to)

As in the previous algorithm, in case a term vector coincides with the centroid (the
neuron’s weight vector) of a cluster, the degree of membership to this cluster is set to unity
and the rest to zero.

In the present study, the vectors described previously were applied as the input to this type
of network and grouped into clusters according to the winning neuron. This type of cluster
has the advantage compared with those arising from other algorithms of being topologically
organized on the grid produced by the network (Guerrero et al., 2002). In addition, the fuzzy
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Fig. 6. Enlargement of a zone of the topological organization from Figure 1 related to information science.
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Fig. 7. Enlargement of a zone of a topological organization performed by a 30 x 30 node network related to
medicine and health care.

partition that results from the fuzzification module allows the terms belonging to each cluster
to be ranked according to their degree of membership.

2. Results

The term vectors were applied to two networks. The first test used a network of dimension
20 x 20 nodes of hidden-layer neurons and, hence, clusters. Figure 1 shows the results
showing each cluster as a cell in which the corresponding terms have been included (these are
the terms that are closer to the corresponding centroid than to the others). Within a given
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Fig. 8. Enlargement of a zone of the topological organization performed by a 30 x 30 node network related to the
World Wide Web.
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cluster, the terms have been ordered according to their degree of membership to that cluster as
returned by the fuzzification module. It would actually be more correct to speak of word-
stems rather than terms, since stemming was carried out before applying the network.
Because there are many cells and terms, just those parts of the classification that seem most
representative will be commented on. First, in the lower right-hand corner of Figure 2, in the
cluster of position (19,19), and in some of those nearby (19,18), (18,19), there appear terms
(or word-stems) related to medicine: physician, patient, clinic, medic, biomed, care, and
health. There also appear other words, such as informat, which is relatively logical since the
instrumental nature of informatics may appear here and anywhere else that it is used.
Another part of the grid, which is quite different, is shown in Figure 3, where many terms
appear that are related to the World Wide Web, such as java, hotjava, sun, browser, client,
mosaic, html, markup, hypertext, map, hypermedia, navig, interact, sgml, webmap, or server;
Here again there appear other words with a secondary and quite circumstantial relationship.
Close to this zone (see Figure 4), there exist some cells that contain political-religious terms
related to Asia. This is not necessarily the zone exclusively containing terms of this type.
There exists a nearby zone, which is apparently related to the capitalist economy and to
democratic countries, in which there appear terms related to China, as shown in Figure 5. Last,
Figure 6 shows an area in which there appear terms related to library and information science.
The second test is exactly the same but uses a network with a 30 x 30 hidden-layer
neurons. The result is very similar to that obtained in the former test, although because there
are more cells (900 vs. 400), these contain fewer terms and more gaps. Nonetheless, one can
locate zones that are similar to the previous cases. Figure 7, for instance, shows the zone
relating to medicine, and which has a greater number of cells compared with Figure 2.
Figure 8 shows the zone corresponding to the Web. The rest of the zones commented on
before behave similarly.

3. Conclusion

The extraction of relationships between terms has been a long-sought goal. When the
attempts were general in scope, covering an entire language, the desired results were not
obtained. The demand, therefore, is always for application to particular specialized databases.

This study’s procedure proved useful, because it uncovered quite a few semantic relation-
ships between terms. It did this on the basis of the information present in the database itself,
so that the results are especially suited to the corpus corresponding to that database. At the
same time, given that the network performs a kind of co-occurrence analysis (although
different in detail), the authors came across a number of anomalous relationships mainly due
to the small size of their database. This problem will diminish as the database grows (as with
other methods that use co-occurrence).

This procedure was aided by the Kohonen algorithm. The Kohonen algorithm is not only
abler to cluster nearby terms but also provides a topological organization of the clusters that it
creates, and therefore has many potential uses in information science: for example, a search
query can be expanded by including the terms of the corresponding cluster, orof a whole zone;
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and, in browsing, the algorithm gives a concrete representation of the content of the database,
so that training will not have to be carried out online but could be done periodically offline.

Also important is the result of the fuzzification module. Although it was used in the present
study only to rank the terms of each cluster, it gives the same number of values of degrees of
membership for each term as there are clusters. These values can thus be used to represent the
terms, thereby reducing the dimension for subsequent calculations (Guerrero & Moya-
Anegon, 2001).

Although the response times that were obtained were fairly long, with the rapid increase
in calculation speed and memory capacity of computers, these times will be considerably
reduced. Also, one of the characteristics of these algorithms is that they can be run in
parallel on some of the already not-too-expensive neurocomputers that are currently
available on the market. The present study used a small database. An application to a
larger database would be influenced by an increase in the number of terms, which would
only be reflected proportionally in the term selection phase, and by an increase in the
number of documents whose consequence would be a corresponding increase in the
dimension of the vectors representing the terms affecting proportionally both the selection
and the network training phases.

In this study, the terms of a database were represented using Salton’s vector space
model. These terms were then applied to a Kohonen’s feature map, which performed a
topological organization yielding clusters and groups of neighboring clusters with related
terms. Also, the fuzzification module gave a fuzzy partition, which allows one to obtain
the same number of degrees of membership for each term as the number of clusters that
have been generated, without losing the topological organization.
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