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Abstract

The self-organizing map algorithm has been used successfully in document organization. We now propose using the same algorithm for
document retrieval. Moreover, we test the performance of the self-organizing map by replacing the linear Least Mean Squares adaptation rule
with the marginal median. We present two implementations of the latter variant of the self-organizing map by either quantizing the real
valued feature vectors to integer valued ones or not. Experiments performed using both implementations demonstrate a superior performance
against the self-organizing map based method in terms of the number of training iterations needed so that the mean square error (i.e. the
average distortion) drops to the ¢! = 36.788% of its initial value. Furthermore, the performance of a document organization and retrieval
system employing the self-organizing map architecture and its variant is assessed using the average recall —precision curves evaluated on two
corpora; the first comprises of manually selected web pages over the Internet having touristic content and the second one is the Reuters-

21578, Distribution 1.0.
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1. Introduction

Due to their wide range of applications, artificial neural
networks (ANN) have been an active research area for the
past three decades (Haykin, 1999). A large variety of
learning algorithms (i.e. error-correction, memory-based,
Hebbian, Boltzmann machines, supervised or unsupervised)
have been evolved and being employed in ANNs. A further
categorization divides the network architectures into three
distinct categories: feedforward, feedbackward, and com-
petitive (Haykin, 1999).

The self-organizing maps (SOMs) or Kohonen’s feature
maps are feedforward, competitive ANN that employ a
layer of input neurons and a single computational layer
(Kohonen, 1990, 1997). The neurons on the computational
layer are fully connected to the input layer and are arranged
on a N-dimensional lattice. Low-dimensional grids, usually
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two dimensional (2D) or 3D, have prominent visualization
properties, and therefore, are employed on the visualization
of high-dimensional data. In this paper, we shall use the
SOM algorithm to cluster contextually similar documents
into classes. Therefore, we shall focus on the 2D lattice in
order to visualize the resulting classes on the plane. For the
2D lattice, the computational layer can have either a
hexagonal or orthogonal topology. In hexagonal lattices,
each neuron has six equal-distant neighbors, whereas
orthogonal lattices can be either four- or eight-connected.
As for the competitive nature of the algorithm, this is
expressed by the fact that only the neuron which is ‘closer’
to the input feature vector with respect to a given metric as
well as its neighbors are updated every time a new feature is
presented to the ANN.

The SOMs are capable of forming a nonlinear trans-
formation or mapping from an arbitrary dimensional data
manifold, the so-called input space, onto the low-dimen-
sional lattice (Haykin, 1999; Kohonen, 1997). The algor-
ithm takes into consideration the relations between the input
feature vectors and computes a set of reference vectors in
the output space that provide an efficient vector quantization
of the input space. Moreover, the density of neurons, i.e. the
number of neurons in a small volume of the input space
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matches the probability density function (pdf) of the feature
vectors. Generally, the approximation error is measured by
the Mean Square Error (MSE). In doing so, the algorithm
employs a linear Least Mean Square adaptation rule for
updating the reference vector of each neuron. When the
training procedure is led to equilibrium it results to a
partition of the domain of the vector-valued observations
called Voronoi tessellation (Kohonen, 1997; Ritter &
Schulten, 1988). The convergence properties of SOMs are
studied in Erwin, Obermayer, and Schulten (1992) and
Ritter and Schulten (1988).

A complete and thorough investigation regarding the
available variants of the SOM algorithm can be found in
Kangas, Kohonen, and Laaksonen (1990) and Kohonen
(1997). One such frequently used variant is the batch-map.
The batch-map estimates the sample mean of the feature
vectors that are assigned to each reference vector and
subsequently smooths the sample mean to yield an updated
reference vector. A trade off is made between the speed and
degradation of the clustering accuracy (Fort, Letremy, &
Cottrell, 2002). The batch-map is faster than the on-line
SOM algorithm. However, it produces unbalanced classes
of inferior quality than those produced by on-line SOM
algorithm. In the experiments reported in Section 5, the
precision rate of the batch SOM algorithm is always less
than that of the on-line SOM for all recall rates.

The ability of the SOM algorithm to produce spatially
organized representations of the input space can be utilized
in document organization, where organization refers to the
representation and storage of the available data. In this
paper, we exploit this algorithm also for document retrieval.
Retrieval refers to the exploration of the organized
document repository through specific user-defined queries
(Yates & Neto, 1999).

Prior to the document indexing, due to the nature of the
SOM algorithm the available textual data have to be
transcribed into a numerical form. Among the three widely
accepted encoding models that are used by the information
retrieval (IR) community (Yates & Neto, 1999), namely the
boolean, the probabilistic, and the vector space model, the
latter model is the most appropriate for the SOM algorithm.
In the vector space model, the documents and the queries
used in the training and the retrieval phase are represented
by high-dimensional vectors. Each vector component
corresponds to a different word type (i.e. a distinct word
appearance) in the document collection (also called corpus).
Subsequently, the documents can be easily clustered into
contextually related collections by using any distance
metric, such as the Euclidean, the Mahalanobis, the city-
block, etc. Such a clustering is based on the assumption that
the contextual correlation between the documents continues
to exist in their vectorial representation. The degree of
similarity between a given query and the documents is
measured using the same distance metric and the documents
marked as being relevant to the query can be ranked in

a decreasing order of similarity according to this distance
metric (Yates & Neto, 1999).

An architecture based on the SOM algorithm that is
capable of clustering documents according to their semantic
similarities is the so-called WEBSOM architecture (Koho-
nen, 1998; Kohonen et al., 1999, 2000). The WEBSOM
consists of two distinct layers where the SOM algorithm is
applied. The first layer is used to cluster the words found in
the available training documents into semantically related
collections. The second layer, which is activated after the
completion of the first layer, clusters the available
documents into classes that with high probability contain
relevant documents with respect to their semantic content
(i.e. context). Due to that, the WEBSOM architecture is
regarded as a prominent candidate for document organiz-
ation and retrieval.

In this paper, we test the performance of the
SOM algorithm by replacing the linear Least Mean Squares
adaptation rule with the marginal median for document
organization and retrieval. The proposed algorithm has
similarities with the batch-map because both of them use the
Voronoi sets, that is, the set of feature vectors that have been
assigned to each neuron, in order to update the reference
vector of the neuron. Its difference lies in the replacement of
the averaging procedure employed in the batch-map by the
marginal median operator in the proposed variant. However,
the proposed algorithm remains an on-line algorithm.

The outline of the paper is as follows: Section 2 provides
a brief description of the basic SOM algorithm, its
mathematical foundations as well as a brief summary of
the algorithm’s native drawbacks. Section 3 describes the
proposed variant with respect to the updating procedure of
the reference vectors, which is based on marginal data
ordering. It also contains a description of the two distinct
implementations of the proposed algorithm. Section 4 is
divided into three subsections: Section 4.1 covers the
formation of the two corpora employed in our study and the
preprocessing steps taken in order to remove any unwanted
information from them. Section 4.2 describes the language
model employed to encode the textual data into numerical
vectors and Section 4.3 is devoted to word and document
clustering. In Section 5, we assess the experimental results
by using the MSE curves during the training phase of the
proposed algorithm and the basic SOM method and
the average recall—precision curves obtained by querying
the information organization obtained in the training phase
of both systems.

2. Self-organizing maps

Let us denote by 2 the set of vector-valued observations,
_ Ny lo — T .
X = {X] e RM |X] = (xlj,xzj, ...,)CNMI‘) , J= 1, 2, ...,N},
where N, corresponds to the dimensionality of the
vectors that encode the N available observations. Let also
¥ denote the set of reference vectors of the neurons, that is,
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W= {wik) € RM | = 1,2,...,L}, where the parameter k
denotes discrete time and L is the number of neurons on the
lattice. Finally, let w;(0) be located on a regular lattice that
lies on the hyperplane which is determined by the two
eigenvectors that correspond to the largest eigenvalues of
the covariance matrix of x; € 2" (linear initialization)
(Kohonen, 1997).

There are two kinds of vector-valued observations that
we are interested in: the word vectors and the document
vectors. A detailed description of the formation of these
vectors can be found in Section 4.2.

Due to its competitive nature, the SOM algorithm
identifies the best-matching, winning reference vector
w,(k) (or winner for short), to a specific feature vector x;
with respect to a certain distance metric. The index s of the
winning reference vector is given by:

L
s =arg rlrlj{l||xj — w, k), (1)

where Il denotes the Euclidean distance.

The reference vector of the winner as well as the
reference vectors of the neurons in its neighborhood are
modified toward x; using:

{m®+wmﬁm®]WEms
wik+1) = ' @)
w;(k) Vig N,

where a(k) is the learning rate and /", denotes the
neighborhood of the winner. A neighborhood updating,
especially in the early iterations, is performed in order to
achieve a global ordering of the input space onto the lattice,
which is crucial for the good resolution of the map
(Kohonen, 1997). The term basic SOM will henceforth
denote the on-line algorithm proposed by Kohonen (1997)
without any modifications or speed-up techniques.
Eq. (2) can be rewritten as follows:

wik + 1) = w;(k) + a(k)c;(K)[x; — wi(k)], 3)

where c;;(k) = 1 if the jth feature vector is assigned to the ith
neuron during the kth iteration, otherwise c;(k) = 0.The
reference vector of any neuron at the end of the (k 4 1)th
iteration of the training phase is a linear combination of the
input vectors assigned to it during all the previous iterations:

k+1

k k
wilk+D=w O] [11 —amec;m1¥+> [l —am+ e,
n=1

v=1n=vy

N
X(n+ 1)1N[a<N> >i- a(v)cij<v>]N“’c,-b(v>xb]
b=1
N
+atk+1) > [1=atk+Dey+ DIV
b=1

XClb(k+ l)X/, (4)

Eq. (4) is proven in Appendix A.
Let us denote by fi(x), i=1,2,...,L, the pdfs of the
various data classes. If sample data from these classes are

mixed to form the sample set with a priori probabilities g;,
i=1,2,...,L, such that Z,-Lzl g; = 1, the sample set
distribution has the form

L

f®) = efi(x). (5)

i=1

For the sake of the discussion simplicity, let us assume a
mixture of two 1D Gaussian pdfs, f;(x). An important goal is
to decompose such a mixture (Eq. (5)) into two Gaussian-
like distributions. Nearest mean reclassification algorithms,
such as the K-means may have a serious shortcoming,
particularly when a mixture distribution consists of several
overlapping distributions (Fukunaga, 1990). An important
goal is to decompose a mixture into several Gaussian-like
distributions. However, the clustering procedures decom-
pose the mixture by using a properly defined threshold. As a
result, the distribution of class 1 includes the tail of the
distribution of class 2 and does not include the tail of the
distribution of class 1. Accordingly, the estimated mean
values from the ‘truncated’ distributions could be signifi-
cantly different from the true ones. The same applies for the
SOM whose threshold is simply the midpoint between the
stationary weight vectors given by the conditional means
(Ritter & Schulten, 1988):

J _ xf(x)dx
Xi(W)

l J i f(x)dx’ (6)
Xi(W)

W
i=1,2,...,L, W= wil-IwhHT,

where X;(W) is the Voronoi neighborhood of the ith neuron.
Obviously, the samples from the tail of the distribution of
class 2 are outliers, when the reference vector for class 1 is
computed. Despite the nonlinear weights c;(k), SOM
employs a linear estimation of location. Accordingly, its
robustness properties are poor in the presence of outliers
(Huber, 1981; Lehmann, 1983). To overcome these
problems and to enhance the performance of the basic
SOM method, a variant of the SOM algorithm is studied that
employs multivariate order statistics (Barnett, 1976). The
inherited robustness properties of the order statistics allow
this variant to treat efficiently the presence of outliers in the
data set, as has been demonstrated in (Pitas, Kotropoulos,
Nikolaidis, Yang, & Gabbouj, 1996).

3. Marginal median SOM

Order statistics have played an important role in the
statistical data analysis and especially in the robust analysis
of data contaminated with outlying observations (Pitas &
Venetasanopoulos, 1990). The lack of any obvious and
unambiguous extension of ordering multivariate obser-
vations has led to several sub-ordering methods such as
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Fig. 1. The components of the feature vectors are column-wise sorted (each dimension independently). To the left, the vector components are not-ordered. To

the right, the vector components are ordered along each of the N,,-dimensions.

marginal ordering, reduced (aggregate) ordering, partial
ordering and conditional (sequential) ordering. A discus-
sion on these principles can be found in Barnett (1976).

The SOM variant used in this paper relies on the concept
of marginal ordering. The marginal ordering of N feature
vectors, Xj,...,Xy, where x; = (xlj,xz_,-,...,wa_j) € R, is
performed by ordering the vector components indepen-
dently along each of the N, -dimensions:

q=12,...,N,, @)

Xg1) = Xq2) = 710 = Xy

with g denoting the index of a component inside the feature
vector. In Eq. (7) x,; is the so-called jth order statistic. The
component-wise ordering is depicted in Fig. 1. Then, the
marginal median, X4, of N feature vectors is defined by

Xmeq =Marginal_median{x;,X,,...,Xy } £

T
(xl(v+1)’x2(v+1)’-~-’wa(V+l)) fOrN:2V+1
wtaesn o twen\ e S
3 yeeesy 3
(®)

The concept of the marginal median is applied to the basic
SOM algorithm in the following way. Let X;(k— 1) denote
the ith Voronoi set, i=1,2,...,L, until the (k— 1)th iteration.
That is,

(€))
I=1,2,.i— Lit1,....L}UX,(k—2),

under the condition X;(0)=(.

At the kth iteration, the winning reference neuron, w,(k),
corresponding to a given feature vector x; is identified by
using Eq. (1). The winner is then updated by

w,(k + 1) = marginal_median{x; U X (k — 1)}, (10)

where the marginal median operator is given by Eq. (8).
Thus all the previously assigned feature vectors to the
winner neuron as well as the current feature vector x;
are used in the computation of the marginal median.

Accordingly, all past class assignment sets X;(k), i =
1,2,..., L, are needed.
The neighboring neurons, i € A" ((k), are updated using

w;(k + 1) = marginal_median{a(k)x; U X;(k — 1)}, (11)

in order to achieve global ordering. The parameter a(k) in
Eq. (11) admits a value in (0, 1) and has the following effect:
at the beginning of the training phase the parameter is
significantly larger than zero and allows to the feature vector
x; to participate in the updating of the neighboring neurons.
In the lapse of time, a(k) tends toward zero and a(k)x; no
longer affects the reference vector of the neighboring
classes. Table 1 summarizes the proposed Marginal Median
SOM (MMSOM) variant.

For relatively large data collections, a drawback of the
MMSOM is the computational complexity with respect to
the identification of the marginal median vector in Eq. (8)
and the updating of both the winner neuron and its
neighbors. To overcome this problem, two alternative
shortcuts are proposed. In the first shortcut, the real-valued
data are being quantized into 256 quantization levels.
Subsequently, a modification of the running median
algorithm is employed (Hung et al.,, 1979; Pitas et al.,
1996). The algorithm uses the histogram of past feature
vector assignment to each neuron for each data dimension.
The histograms are being constantly updated as new feature
vectors are assigned to each neuron. The main advantage of
this approach is the computational savings at the cost of

Table 1
Overview of the marginal median SOM

Linear initialization of the reference vectors w;(0), i = 1,2,...,L
Initialize the Voronoi set of each reference vector, that is, X;(0) = &
For each iteration, k = 1,2, ...
For each feature vector x; :

Find the winning reference vector according to Eq. (1)

Update the winning reference vector according to Eq. (9)

Update the winning reference vector using Eq. (10)

Update also the reference vectors of the neighboring neurons, i €
N (k), according to Eq. (11)
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w,(k+1) reference vector

Prior to updating After updating
x, feature vector
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Fig. 2. For each component of an ‘unseen’ feature vector x; the correct position is identified using binary search and the component is inserted to the appropriate

position.

quantization errors. This variant shall be referred to as the
Marginal Median Quantized SOM (MMQ-SOM).

The second shortcut avoids any quantization. Each
neuron is equipped with a dynamically expanding matrix
that stores the feature vectors assigned to it. In this matrix,
the number of rows equals the dimensionality of the input
patterns and the number of its columns equals the number of
feature vectors assigned to the neuron since the beginning of
the training phase. Each row (dimension) is sorted into
ascending order. When a new feature vector is assigned to a
particular class, for each vector component, the ‘correct’
position inside the row is located using binary search
according to Eq. (7), and the component is inserted at this
particular position. The sole drawback of this approach is
the memory required to store all the available training
‘history’ for each neuron. The aforementioned shortcut will
be termed as the Marginal Median Without Quantization
SOM (MMWQ-SOM). Fig. 2 briefly depicts the just
described procedure.

4. Marginal median SOM application to document
retrieval

The performance evaluation of the proposed variant
against the basic SOM method is described here for
document retrieval. The training has been performed on
two corpora, namely the Hypergeo corpus (described
subsequently) and the Reuters-21578 corpus (Lewis,
1997). The objective is to divide the corpora into
contextually related document classes and then query
these classes using sample query-documents, to find the
closest document class. The major advantage of the SOM
approach is that it can handle both keyword- as well as
document-based queries since both of them can be
represented by a vector that has to be assigned to a class
formed during the training phase. In Section 4.1 we briefly
describe the corpora and quote some statistics related to
them. In Section 4.2 the vector space model encoding of the
word stems into feature vectors is presented. These vectors
are clustered using both the basic SOM and the proposed

variant to construct classes of semantically related words.
Finally, in Section 4.3 the resulted word classes are
exploited in order to encode the documents with numerical
vectors and both algorithms are used to cluster them into
contextually related classes.

4.1. Corpus description and preprocessing steps

The Hypergeo corpus comprises 606 HTML files
manually collected over the Internet. These files are web
pages of touristic content mostly from Greece, Spain,
Germany, and France. They were collected during the
European Union funded project HYPERGEO. The selected
files are annotated by dividing them into 18 categories related
to tourism, such as accommodation, history, geography, etc.,
so that a ground truth is incorporated into the files.

The second corpus, is the Distribution 1.0 of the Reuters-
21578 text categorization collection compiled by Lewis
(1997). It consists of 21578 documents which appeared on
the Reuters newswire in 1987. The documents are marked
up using SGML tags and are manually annotated according
to their content into 135 topic categories. Fig. 3 depicts

Reuters-21578 topic frequencies
3000 T T T T

earn
2500 -

2000 +

1500 t acq

Frequency

1000

500 i money-fx
rain -
9 trade

0 aln IJI. || Ll
0 20 40 60 80 100 120 140

Index number of topic

Fig. 3. The frequencies of the topics in the Reuters-21578.
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the topic frequencies, with the topics being arranged into
lexicographical order.

Due to the nature of the SOM algorithm, a series of actions
are taken in order to encode the words into numerical vectors.
During the first step, the HTML and SGML tags and entities
are removed. Subsequently, plain text cleaning is performed.
Text cleaning refers to the removal of URLs, email
addresses, numbers, and punctuation marks. The sole
punctuation mark left intact is the full stop which is preserved
in order to provide a sentence delimiter. This is done because
the context for a given word is confined by the limits of the
sentence. Furthermore, the collocations (i.e. expressions
consisting of two or more words) are meaningful only within
the limits of a sentence (Manning & Schiite, 1999). Stopping
is also performed so that some common English words such
as articles, determiners, prepositions, pronouns, conjunc-
tions, complementizers, abbreviations and some frequent
non-English terms are removed.

Subsequently, stemming is performed. Stemming refers to
the elimination of word suffixes, to shrink the vocabulary
without significantly altering the context. It can be
considered as an elementary clustering technique, with the
word roots (stems) forming distinct classes. The underlying
assumption for the successful usage of a stemming program,
called stemmer, is that the morphological variants of words
are semantically related (Frakes & Baeza-Yates, 1992). The
commonly used Porter stemmer was applied to both corpora
(Porter, 1980).

Finally, prior to encoding the word stems into vectors, the
stems, whose frequency was below a certain threshold were
eliminated. For both corpora the threshold was set to 20.
Table 2 depicts their statistics. The third column of Table 2
contains the number of documents that were used after the
completion of all the aforementioned preprocessing steps. It
must be noted that the number of retained documents in the
Reuters-21578 corpus is nearly 12% lower than its initial
value. This is due to the fact that some documents did not
contain textual information to start with or lost all their textual
information due to the preprocessing and the thresholding
steps. Furthermore, the resulting Reuters-21578 corpus was
partitioned into two distinct sets, a training set and a test set,
according to the recommended Modified Apte split of the
collection (Lewis, 1997). The first set was used for document
clustering during the training phase of the algorithms, whereas
the second one was used to assess the quality of document
clustering through retrieval experiments that employ its
documents as query-documents during the test phase.

Table 2
Corpora statistics

4.2. Feature vector construction

When encoding the textual data into numerical vectors
one must take into account for every encoded word its
preceding and the following words. This is the well known
n-gram modeling, where the notion n denotes the number of
preceding and succeeding words taken into consideration
when encoding a specific word. When this model is used,
the contextual statistics for every word stem in the corpus
must be computed. For this purpose, the second version of
the CMU-Cambridge Statistical Language Modeling
Toolkit was used (Clarkson & Rosenfeld, 1997). In a first
attempt, the following maximum likelihood estimates of
conditional probabilities can be used to encode the jth word
stem in the vocabulary:
xy= 2 =1,2,...N, (12)

N
where n;; is the number of times the pair (jth word stem, /th
word stem) occurred in the corpus, N; is the number of times
the jth word stem occurred in the corpus, and N is the
number of word stems in the vocabulary. Let e; denote the
(N X 1) unit vector having one in the jth position and zero
elsewhere. By using Eq. (12), the following word vectors,

X;, can be computed:
— N —
D e
=1
1]
.1
J
N
Z jm€m
m=1
| m#j _

The upper vector part in Eq. (13) encodes the ‘average’
context prior to the ith word (history), whereas the lower
vector part encodes the ‘average’ context after the jth word.
Furthermore, 3 is a small scaling factor (8 = 0.2).

Due to the high-dimensional nature of the textual data,
the vectors derived from Eq. (13) have exceptionally high
dimensionality (3N — 2 dimensions). This problem must be
tackled by dimensionality reduction to N,, (N,, < 3N — 2),
which can be achieved by the linear projection x; = ®@X;.
Kaski et al. suggested a suboptimal approach to the previous
problem using a random matrix @ that has the following
properties (Kaski, 1998):

Corpus Number of original documents Number of retained documents Word tokens Stem types

Before thresholding After thresholding
Hypergeo 606 606 290,973 16,397 1524
Reuters-21578 21,578 19,043 2,642,893 28,670 4671
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1. The components in each column are chosen to be
independent, identically distributed Gaussian variables
with zero mean and unit variance.

2. Each column is normalized to unit norm.

4.3. Clustering

After the preprocessing phase and the construction of the
word feature vectors, X;, we perform training for both the
basic SOM method and the two proposed implementations
of the MMSOM variant. In each case, the feature vectors are
presented iteratively an adequate number of times to the
neural networks which perform clustering in an effort to
build word classes containing semantically related words.
This is based on empirical and theoretical observations that
semantically related words have more or less the same
preceding and succeeding words.

The above process yields the so-called word categories
map (WCM) (Kohonen, 1998). The WCMs computed using
MMWQ-SOM can be seen in Fig. 4 for the Hypergeo corpus
and in Fig. 5 for the Reuters-21578 corpus. Each hexagon on
these maps corresponds to one word class. The grey levels

(3,2) node

on the maps correspond to different word densities.
Hexagons with grey levels near 255 (white color) imply
that fewer word stems have been assigned to these neurons,
whereas, grey levels near O (black color) imply larger
densities. The word categories of some characteristic nodes
can also be seen on the maps. For instance, classes
containing words related to ‘accommodation’ and ‘sightsee-
ing’ are highlighted in Fig. 4. In Fig. 5, the highlighted
nodes correspond to classes related to ‘finance’, ‘oil’, and
‘energy’.

Subsequently, for each document in the corpus, a
histogram of word classes is computed to form the so-
called document vector a;. The histogram is calculated as
follows. For each word stem in a document, the WCM
neuron is found where it was classified to. The histogram
value is increased by one for this word class. An example is
shown in Fig. 6.

After the computation of the document vectors the basic
SOM method as well as its MMSOM variants are used to
cluster them. The document vectors substitute the feature
vectors in both algorithms, i.e. X; = a;.

] (1,8) node
altar altar altars
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Fig. 4. Word categories map using the MMWQ-SOM for the Hypergeo corpus on a 11 X 11 neural network. The highlighted neurons correspond to word

categories related to ‘accommodation’ (left) and ‘sightseeing’ (middle and right).
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Fig. 5. Word categories map using the MMWQ-SOM for the Reuters-21578 corpus on a 15 X 15 neural network. The highlighted neurons correspond to word

classes related to ‘finance’ (top left), ‘oil’ and ‘energy’ (bottom right).

It is expected that the constructed document classes
contain contextually similar documents. The resulting map
is called document map (DM) (Kohonen, 1998). The DM
computed by the MMWQ-SOM for the Reuters-21578
corpus is depicted in Fig. 7 and the corresponding one for
the Hypergeo corpus can be seen in Fig. 8. The
highlighted nodes in the Reuters’ DM correspond to
classes containing documents related to ‘debts’ and
‘economic revenues’. In the DM corresponding to the
Hypergeo corpus, the highlighted neurons associated to
clusters of web pages related to ‘sightseeing in Dresden’
and ‘mountains’.

The computed DM is the output of the training phase. An
important advantage regarding such a system is the inherent
ability for handling document-based queries. During the
recall phase document-based queries are tested. That is,
instead of using keywords as input to the retrieval system
one can use full-text documents. The sample document used
in a query undergoes all the preprocessing steps and then,
with the help of the WCM computed during the training
phase, the corresponding document vector a; is computed.

The document vector corresponds to the feature vector in
Eq. (1). The neuron whose reference vector minimizes Eq.
(1) represents with high probability the class which contains
the most relevant documents to the query document in the
corpus.

5. Experimental results

The performance of the MMSOM against the basic SOM
method is measured using the MSE between the reference
vectors and the document vectors assigned to each neuron in
the training phase. Furthermore, the recall—precision
performance is measured using query-documents from the
test set during the recall phase is used as an indirect measure
of the quality of document organization provided by both
algorithms. Fig. 9 depicts the MSE curves during the
formation of the WCM using the basic SOM architecture
and the marginal median variant without quantization for
the Hypergeo corpus. Similar MSE curves are plotted in
Fig. 10 that correspond to the training phase of both
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Original document

BAHIA COCOA FEVIEW

Shovers continued throughout the week in the Bahie cocos zone, ellevisting
the deought since early January and improving prospects for the coming
temporaa, although normal humidity levels have not been restored,
Comiszaaria Smith said in 1ts weekly review.

The dry peciod means the tempoteo will be late this year. Arrivals for
the wesk ended Pabruary i wete 155,221 bags of 60 Kiloa making & cumulative
total for the seasan of 5.3) min sgeinst 5.81 at the same stege last year.
Again 1T geens that corom d4elivered eariier om CONSIgREENt vaX included in
the arrivals figures.

Comissatia Smith said thete i3 still seme doubt a3 Lo how wuch 0ld crop
cocos 13 =till availsble s harvesting has practicslly come to an end. With
total Bahia ciop eatimates around §.4 min bugs and zales standing at almosc
6.2 uln there ate & fev hundred theusand bags still in the hands of farsers,
middlesen, eXporters and processors.

There are doubts ss to how much of this cocos would be fiE for export as
Shippers are noW eXperiencing dificultiea 1n abtaining +Bahis JUPerior+
certificares. 40

Histogram of word categories

In view o2 the lover quality over recent weeks farmers have sold a good
part of their cocoa held on consignasnt,

Comizsaria Sxith sald spot besn prices rose To 350 to 350 cruzados pec
arrobs of 15 kilas.

Bean shappers were reluctant to offer nearby shipaent and only limited
sales ware booked for Macch shipment at 1,750 to 1,760 dlrs pec tonne to
ports to be named.

New crop sales were slso light and all to open pocts with June/July
going at 1,850 and 1,660 dirs and at 35 and 45 dizs wnder New York july, 30
Aug/Sepc st 1,870, 1,675 and 1,800 dlrs per conne OB,

Routine sales of bucter were aade. March/Apral sold at 4,340, 4,345 and
4,350 dirs.

April/Fay bucter went at .27 times New Yark Bay, June/July at 4,400 and
4,415 dies, Aug/3spt st 4,351 to 4,450 dirs and at 2,27 and Z.23 times New
Yorx Sepc and Oct/Gec ot 4,430 dlca and 2,27 tames Hew York Dec, Comissaria
Saith said.

Destinaticns were che U.d., Covercible currency ateas, Drugusy and open
porte.

Cake sales were registered at 785 to 995 dirs for Rarchspril, 785 dirs
Lor May, 753 dlcs for Aug and 0.39 vimes Nev York Dec for Oct/Dec.

Buyers vere the U.5., Argentina, Urugusy and conwvertible currency areas.

Liguar sales were Linited vith Harch/ApELl selling &t 2,325 nd 2,380
dirs, dume/luly at 2,375 dita and ac 1.25 tizes New York July, Aug/Sept ac
2,400 dlts snd et 1,25 tives Hew York Sept and Oct/Dec at 1.25 tines Hew
York Dec, Comissaria Smith said,

Total Bshia sales sre currently estimated at 6.13 aln bage agsinst the
1986/87 crop and 1,06 Bln bags againat the 1987/88 crop.

Fimal figuzes far che period to Februscy 28 aze expected to be published
by the Brazilian Cocon Trade Commizsion after carnival shach ends midday on
Februsty 21,

Reuter
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Fig. 6. The three distinct steps in the formation of the document vector a;. From the raw textual data (top left) to the stemmed document (bottom left) and the

histogram of the word categories (middle right).

algorithm when the Reuters-21578 corpus is used. Both
algorithms were initialized in the same way. It must be
noted that even from the beginning of the training phase, the
marginal median SOM outperforms the basic SOM
algorithm. This can be explained by the presence of many
outliers in the early iterations of the training procedure. The
outlier rejection of the marginal median operator reduces
quickly the initial MSE which is the same for both
algorithms. During the formation of the WCM, the number
of training iterations needed by the basic SOM so that the
MSE drops to the ¢! of its initial value was nearly 15%
higher than the MMWQ-SOM. Regarding the execution
time for the completion of the training phase, the basic
SOM completed the process nearly 22% faster than the
proposed variant due to the computational cost of the
marginal median operator.

Aiming at assessing the retrieval performance of the
MMWQ-SOM against that of the basic SOM two retrieval
systems were trained using the available corpora. For
comparison purposes, we also trained a system using
the batch SOM algorithm (Kohonen, 1997). Afterwards,

the systems were queried using the same query-documents
for each corpus. For each document-based query, the system
retrieves those training documents that are represented by
the best matching neuron of the DM. Subsequently, the
training documents retrieved are ranked according to their
Euclidean distance from the test document. Finally, the
retrieved documents are classified as being either relevant or
not to the query-document with respect to the annotation
category they bear. Table 3 is the 2 X 2 contingency table
which shows how the collection of retrieved documents is
divided (Korfthage, 1997). In Table 3, n; denotes the total
number of relevant documents in the training corpus, n, is
the number of retrieved training documents, and r
corresponds to the number of relevant documents that are
retrieved.

To measure the effectiveness of a retrieval system two
widely used ratios are employed: the precision and the
recall (Korfhage, 1997). Precision is defined as the
proportion of retrieved documents that are relevant:

p=", (14)
ny
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HASSACHUSETTS INVESTORS GROWTE STOCK FUND PAYOUT
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FRANKLIN HIGH-YIELD TAX-FREE SETS PAYOUT

ESQUIRE RADIO AND ELECTRONICS INC <EE> 4TH QTR
IDB COMMUNICATIONS GROUP INC <IDBX> YEAR NET
GLAMIS GOLD LTD <GLGVF> SIX HMTHS DEC 31 NET
CARME INC <CAME> 2ND QTR JAN 31 NET

<TIVERTON PETROLEUMS LTD> NINE MTHS DEC 31 NET
<CHAUVCO RESOURCES LTD> YEAR NET

SWIFT ENERGY CO <SFY> 4TH QTR NET

<HIRTONE INTERNATIONAL INC> 1ST QTR DEC 31 NET
SYSTEM SOFTWARE ASSOCIATES <SSAX> 1ST QTR NET
<KELTIC INC> YEAR NET

COPLEY PROPERTIES INC <COP> 4TH QTR NET
ELECTRO-SENSORS INC <ELSE> YEAR OPER NET
SILVER STATE MINING CORP <SSHC> 4TH QTR NET
INLAND VACUUM INDUSTRIES INC <IVAC> 1ST QTR NET
TELEPHONE SUPPORT SYSTEMS INC <TSSI> 3RD QTR
NETWORE VIDEO INC <NVID> 3RD QTR FEB 28 NET
BEN AND JERRY'S HOMEMADE INC <BJIC> 4TH QTR NET
ENGINEERING MEASUREMENTS CO <EHMCO> 3RD QTR NET
CORRECTED-NETWORK VIDEO INC <NVID> 3RD QTR
SEAL INC <SINC> 18T QTR JAN 31 NET
DATAMETRICS CORP <DMCZ> 15T QTR JAN 31 NET
BEAUTICONTROL COSMETICS INC <BUTI> 1ST QTR NET
THERHWOOD CORP <THM> 2ND QTR JAN 31 NET

EATON VANCE CORP <EAVN> 1ST QTR JAN 31 NET
HEHOTEC INC <HEMO> 4TH QTR NET

NATIONAL ENTERTAINMENT CORP <NENT> 3RD OTR NET
<TRANSIT FINANCIAL HOLDINGS INC> 4TH QTR NET
STEPHAN CO <FTC> YEAR NET

<AUTREX INC> 1ST QTR JANUARY 31 NET

MCCORMICK AND CO INC <MCCRK> 1ST QTR NET
DIGITECH INC <DGTC> 13T QTR JAN 31 NET

CABOT MEDICAL CORP <CBOT> 13T QTR JAN 31 NET
SCIENCE ACCESSORIES CORP <SEAS> 13T QTR NET
202 DATA SYSTEHS INC <TOOT> 1ST QTR JAN 31 NET

BANKS EXPRESS GRAVE CONCERN ON BRAZIL DEBT MOVES
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NO BUNDESBANK POLICY CHANGES EXPECTED THURSDAY
FED ADDS RESERVES VIA CUSTOHER REPURCHASES

FED EXPECTED TO ADD TEMPORARY RESERVES

NO BUNDESBANK POLICY CHANGES EXPECTED THURSDAY
GERHAN BANKS SEEK GREATER BRAZIL LINK WITH INMF
BANK OF ENGLAND RESISTS PRESSURE FOR RATE CUT
FED EXPECTED TO TAKE NO HMONEY MARKET ACTION
LEAR SIEGLER DEBT RATINGS WITHDRAWN BY S/P
WHITE HOUSE SAYS INTEREST RATES REFLECT MAREKET
FED SETS TWO-DAY SYSTEM REPURCHASES

U.S. CENTRAL BANKER OPPOSES FURTHER DOLLAR FALL
SIGN OF SLOWING IN GERMAN MONEY GROWTH -BUNDESBANK
GERMAN CALL HONEY EASES AFTER LIQUIDITY INJECTION
BANK OF ENGLAND DOES NOT INTERVENE IN MONEY MARKET
FED'S CORRIGAN OPPOSES FURTHER DOLLAR FALL

GERHAN MONEY SUPPLY GROWTH SLOWS IN FEBRUARY
UNIQUE EXPORT FINANCING BEING ARRANGED FOR MEXICO
BRAZIL SEEKS TO REASSURE BANKS ON DEBT SUSPENSION
BRAZIL SEEKS TO REASSURE BANKS ON DEBT SUSPENSION

! PORE OUIP0 N LOWER == USDX
INDONESIAN SUGAR OUTPUT SEEN SHORT OF TARGET
IZVESTIA SAYS SOVIET WINTER CROPS NEED RESEEDING
IVENEZUELA WILL REPROGRAM SIX BILLION DLRS IN DEET
BENEFICIAL CORP <BNL> DEBT RATINGS CUT BY S/P
HOME SHOPPING <HSN> FILES 400 MLN DEBT OFFERING
RESORTS INTL <RT.A> DEBT RATINGS AFFIRMED BY S/P
DUFF/PHELPS CHANGES BAKER<BKO>, HUGHES<HT> DEBT
MOODY'S MAY DOWNGRADE HOME SHOPPING <HSN> DEBT
UNION CARBIDE <UK> DEBT UPGRADED BY S/P

S/P DOWNGRADES MICHIGAN GENERAL <MGL> DEBT
|SALANT <QSLT> FILES REORGANIZATICON PLAN

HECHINGER <HECHA> DEBT UPGRADED BY MOODY'S
WESTCORP <WCRP> UNIT SELLS CAR LOAN BACKED BCNDS
ATARI <ATC> TO SELL CONVERTIBLE DEBENTURES

THERMO ELECTRON <TMO> TO SELL CONVERTIELE DEBT
REVLON <REV> BUYS BEECHAM'S COMSHMETICS UNIT
CONSUMERS POWER <CMS> DEBT RAISED BY S/P

DANA CORP <DCN> DEBT LOWERED BY S/P

MOODY'S DOWNGRADES ZENITH ELECTRONICS <ZE> DEBT
[ANADARKO <APC> FILES TO OFFER CONVERTIELE DEET
UNION ELECTRIC SEEKS 150 MLN DLR LOAN FACILITY
ISLAMIC BANKS ESTABELISH SO HLN DLR TRADE PORTFOLIQ
[BOLT BERANEK <BEBN> FILES FOR DEBENTURE OFFERING
INTERLINK SAYS NOT PLANNING EID FOR PUROLATOR
[ACTON <ATN> TO SELL UNIT FOR GAIN

UARDIAN ROYAL SEES EXPANSION IN LIFE ASSURANCE
U.S. HOUSE PANEL APPROVES AID FOR FSLIC

IMOBIL <MOB> RAISES WEST COAST CRUDE POSTINGS
JPHILIPPINES SAYS DEBT PACT "BETTER THAN MEXICO'S'
IBC REGISTERS 1.4 MLN BAGS OF EXPORT SALES

IBC CLOSES EXPORT REGISTRATIONS - EXPORTERS
INDIAN BORROWING FROM ADB SEEN RISING

Fig. 7. The document map constructed for the Reuters-21578 corpus for a 9 X 9 neural network using the MMWQ-SOM. The document titles are listed for each

document class.

Recall is the proportion of relevant documents that are
retrieved:

R= —. (15)

As the volume of retrieved documents increases the
above ratios are expected to change. The sequence of
(recall, precision) pairs obtained yields the so-called
recall-precision curve. Each query-document in the test
set produces one recall—precision curve. An average over
all the curves corresponding to query documents of the
same topic obtained from the test set produces the
average recall-precision curve (Korthage, 1997). If
the recall level does not equal one we proceed with the
second best winner neuron and repeat the same
procedure and so on. The comparison of the effectiveness
between the retrieval system utilizes the above-mentioned
curve. Fig. lla and b depicts the average recall—
precision curves for the basic SOM, the batch SOM,
and the MMWQ-SOM architecture for ‘Mergers and

Acquisitions (ACQ)’ and ‘Earnings and Earnings Fore-
casts (EARN)’ topics from Reuters corpus. It can be seen
that the marginal median variant performs better than
the basic and batch SOM for a wide range of recall
volumes. More specifically, the performance of the
marginal median is superior to the basic SOM as well
as the batch SOM in small recall volumes (R < 0.2),
which is extremely important given the fact that an
average user is interested in high precisions ratios even
from the beginning of the list of returned relevant
documents.

Fig. 12 depicts the recall-precision curves for the
Hypergeo corpus of the basic SOM, the batch SOM
as well as the MMSOM without quantization variant
(MMWQ-SOM). The MMWQ-SOM architecture is
found again to be superior to the other two
SOM architectures with respect to recall—precision
curves.

Moreover, we have compared the average precision of
the MMSOM to that of the SOM document map imple-
mentation reported for the CISI collection in (Lagus, 2002)
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Fig. 8. The document map constructed for the Hypergeo corpus for a 7 X 7 neural network using the MMWQ-SOM. The document titles as well as their
respective URL addresses are listed for each class.

under the same experimental set-up. A 1.4% higher The corresponding improvements in the average precision
average precision was achieved by the document map of against Salton’s vector space model and the latent semantic
the MMSOM compared to that of the SOM document indexing were 1.6 and 3.2%, respectively, for 50 retrieved
map in Langus (2002) for 50 retrieved documents. documents.

T T T
6.5 T T T T T T T MMWG_SOM — MMWQ-SOM
—_ Basic SOM — Basic SOM
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Mean Squared Error
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Fig. 9. The mean squared error curves for the basic SOM and the MMWQ- Fig. 10. The mean squared error curves for the basic SOM and the MMWQ-

SOM variant in a 11 X 11 neural network using the Hypergeo corpus. SOM variant using a 15 X 15 neural network for the Reuters-21578 corpus.
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Table 3
Contingency table for evaluating retrieval
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Retrieved Not retrieved
Relevant r X n=r+x
Not relevant y z

n,=r+y

"Mergers and Acquisitions’ (ACQ) category

—MMWQ-SOM
0.5+ N e Standard SOM|
- -Batch-SOM

0.55 T T

0.45
0.4
035F

0.3

Precision

0.25

0.2

0.15

0.1

0.05 . . . . . . . .
0 0.1 02 03 04 05

Redal

Precision

’Earnings and Earnings Forcasting’ (EARN) category

0.65 .
—MMWQ-SOM
0.6 | o~ Standard SOM| |
- -Batch-SOM

055
05"
0.45
0.4
0.35
0.3
0.25

0.2

0.15 . . . . . . . .
0 0.1 02 03 04 05 06 07 08 09

Redal

Fig. 11. (a) The average recall—precision curves for the basic SOM, the batch SOM and the MMWQ-SOM variant for the ‘Mergers and Acquisitions (ACQ)’
category of the Reuters-21578 corpus, respectively. (b) The average recall—precision curves for each one of the architectures for the ‘Earnings and Earnings

Forecasts (EARN)’ category of the Reuters-21578 corpus.

6. Conclusions

The inherent drawbacks of the SOM algorithm with
respect to the treatment of data outliers in the input space
and the suboptimal estimation of the class means has given
impetus to the development of a SOM variant that utilizes

’History category
1 T T T T

\ — MMWQ-SOM
M -+-Standard SOM
09F o - -Batch-SOM |

0.8

0.6 A i

Precision
4

051 S R
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0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9
Recall

Fig. 12. The average recall—precision curves for each technique for the
Hypergeo corpus. The sample test document was classified into the
‘history’ category.

the marginal median and is capable to handle these
drawbacks. Two implementations of the SOM variant that
employ the multivariate median operator in order to update
the reference vectors of the neurons have been discussed.
A superior performance of the proposed variant with
respect to the MSE curve related to the training phase of
the algorithm, and the average recall—precision curve
related to the retrieval effectiveness during the test phase
has been demonstrated, when the basic SOM algorithm is
replaced by the proposed MMSOM for document organiz-
ation and retrieval.
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Appendix A

In proving Eq. (4) some modifications are made in the
definition and the notation of the reference vector. That is,
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during the kth iteration of the algorithm, and for the jth
feature vector, the reference vector w;(k) is updated using
the following equation:

wi(k) = w1 (k) + a(k)c;(K)[x; — w; ;1 (k)]
= w;;— 1 (Km(k) + a(k)c;;(k)x;, (A1)

where m(k) = [1 — a(k)c;(k)]. The additional index in the
definition of the reference vector is used to denote the last
feature vector used to update the ith reference vector. For
simplicity reasons we introduce the notation:

N
By(k) = a(k) > m" " (k)c;p(k)x,,. (A2)
b=1

Induction is used to prove Eq. (4). For k = 1 and

j=1: Wi (1) = wi(Dm(1) + a(D)c;; (1)x, (A.3)
j=2:
Wi (1) = wi(Dm(1) + a(Dep(1)x,

Wio(Dm?(1) + a(Dm(Dey (D) + a(l)ep(1)x)

wio(Dm?(1) + By(1) (A4)

j=N: win(1) = wip(Dm" (1) + By(1). (A.5)

In the transition phase of kth iteration to the (k4 1)th
the following boundary condition is applied: wjy(k 4+ 1) =
w,y(k). Furthermore, w;5(1) = w;(0). For k + 1 = 2 and
j = 1 we have

Wi(2) = W(Qm(2) + B1(2) = wiy(hm(2) + B(2)
= (W(Dm" (1) + By(1)m(2) + B, (2)
= wip(m" (Hm2) + By()mQ2) + B1(2), (A.6)
and finally

win(2)=wo(Hm" ()m" (2)+By(Hym" (2)+By(2). (A7)

At the end of the (k4 1)th iteration we get

k+1 k k
win(k+D=w(D[ [m" )+ [ [m" -+ 1)By)
n=1 v=1n=vy
+By(k+1). (A.8)

By substituting m(k) and By(:) into Eq. (A.8) we obtain
Eq. (4).
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