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Abstract

In order to aid the user for searching text information, we propose a method for
organizing a collection of text documents using Self-Organizing Map (SOM), which
is a kind of a neural network. We perform preprocessing on documents to remove
unnecessary information. The actual process is then carried out in two phases: first
forming the Word Category Map (WCM), which shows the clustering of words of
similar meanings; and then forming the Document Map (DM), which shows the clus-
tering of the documents of similar topic. Results of this technique are justified with
Category Maps, and by using degree of membership concept. Some new documents
are successfully tested for their categorization on the trained DM.
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1 Introduction

During the last decade we have seen the World Wide Web revolutionizing the way
people access information. The Web has opened up new possibilities in areas such as
digital libraries, education, commerce, entertainment, government, and health care.
The amount of publicly available information on the Web is increasing rapidly [8]
and the Web has become a gigantic digital library, a searchable 15 billion words
encyclopedia [1]. These new developments are not limited to the Web, and can
enhance access to virtually all forms of digital libraries.

The revolution the Web has brought to information access is not so much due
to the availability of information, but rather the increased efficiency of accessing
information [9]. However, with drastically increasing data, number of sources (news-
groups, news articles, digital books, source codes), and nature of usages (searching
for retrieval, for relevance, for viewing); retrieval of the relevant information has been
a major problem. Generally we use some keywords and simple search expressions for
finding some documents on the Web. However, formulating a “good” query is diffi-
cult and thus, most of the time we get a long list of search results with no apparent
meaningful order, scanning through which would be very tiresome.

It would be of great help if the documents of these large databases can be organized
in such a way that exploring the information in them can become easy and effective.
There are some facilities on Internet, like YAHOO! that organize the documents in
categories with great labor. This certainly improves the performance of retrieval, but
it is obviously expected that it should be done automatically. In the present paper,
we have tried to address this problem using Self-Organizing Map (SOM [5]).

2 Basics of SOM

Self-Organizing Map (SOM) falls under a special class of neural networks based on
competitive learning [2]. In such neural networks, output neurons of the network
compete among themselves to be activated or fired, with the result that only one
output neuron, or one neuron per group, is on at any one time. An output neuron
that wins the competition is called a winner-takes-all neuron or simply a winning
neuron (see Figure 1).

In a SOM, the neurons are placed at the nodes of a lattice that is usually one-
or two-dimensional. The neurons become selectively tuned to various input patterns
or classes of input patterns in the course of a competitive learning process. The
locations of the neurons so tuned (i.e. the winning neurons) become ordered with
respect to each other in such a way that a meaningful coordinate system for different
input features is created over the lattice. A SOM is therefore characterized by the
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formation of a topological map of the input patterns in which the spatial locations
(i.e., coordinates) of the neurons in the lattice are indicative of intrinsic statistical
features contained in the input patterns, hence the name Self-Organizing Map [2].

Winning

O Two-dimensiona array
of postsynaptic neurons

Bundle of synaptic
connections

Input

Figure 1: Self-Organizing Map - as a neural network

3 SOM Algorithm

SOM has its own algorithm for training based on competitive learning. This algorithm
is given below [2].

Let m be the dimension of input patterns, and N be the total number of input
patterns. Let [ be the number of neurons in the output layer. Each component of
input pattern is connected to each neuron of output layer with weighted connection.
In other words, there are [ weight vectors of m dimensions each connecting input
space to output space. Vector w; refers to a weight vector from input space to neuron
number j in the output space, where 7 =1,2,...,[.

1. Initialization. Choose random values for the initial weight vectors w,;(0). The
only restriction here is that the w;(0) be different for j = 1,2,...,{, where [ is
the number of neurons in the lattice. It may be desirable to keep the magnitude
of the weights small.

Another way of initializing the algorithm is to select the weight vectors {w;(0)}}_,
from the available set of input vectors {X;}Y  in a random manner.



2. Sampling. Draw a sample X from the input space with a certain probability.
3. Similarity Matching. Find the best-matching (winning) neuron i(X) at time

step n by using the minimum-distance Euclidean criterion:

i(X) = arg(mjinHX(n) —wjll), j=12,..,1 (1)

4. Updating. Adjust the synaptic weight vectors of all neurons by using the update
formula

wj(n +1) = wj(n) +1(n)hjix) () (X (n) —w;(n)) (2)

where 7(n) is the learning-rate parameter, and h;;x)(n) is the neighborhood
function centered around the winning neuron i(X); both n(n) and h;;x)(n) are
varied dynamically during learning for the best results.

5. Continuation. Continue with step 2 until no noticeable changes in the feature
map are observed.

6. Calibration. Input the samples X; once again to the trained map and label the
best-matching nodes according to the symbols associated with Xj;.

4 Design of the System for Organizing Text Doc-
uments

There is a famous application of SOM for organizing text documents called WEBSOM
[3, 4, 6, 7]. We followed this method to design our system for organizing news articles
collected from the Web. This design is shown in Figure 2.

5 Implementation of the System

Following the design shown in Figure 2, we implemented each stage of the system,
often differing from the original WEBSOM method. The following subsections provide
details of this implementation with corresponding results.



Text documents
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Figure 2: Design of the system to organized text documents

5.1 Data Collection

As the first step of this application, we started collecting data, which were news arti-
cles taken from the Web. To be precise, we collected such documents from REDIFF?
news archives for seven categories as shown in Table 1. These articles were collected
manually (copied from HTML pages and saved as text files) and put in appropriate
categories.

Category Number of documents
Politics 126

Economics 100

Events 50

Sports 105
Technology 20

Terrorism 34
Entertainment 100

Total 535

Table 1: Collected data

2www.rediff.com



5.2 Preprocessing

The data collected, as described above, was raw text, which was not ready for pro-
cessing. There were lots of unwanted symbols and words in this text. We made the
documents ready for processing by doing preprocessing on them. Following are the
major reasons for doing this preprocessing:

1. These text documents were derived from web pages, which were HTML docu-
ments; and thus there were some impurities. For example, 7’ was often replaced
by ’7.

2. The text contained lots of punctuation marks and other symbols, which were
not required for further processing.

3. There were many stop words and common words, which were not useful for
retrieval purpose.

4. Removing unnecessary words from the point of view of retrieval makes time and
space complexity very less.

The scheme for preprocessing the collected documents is shown in Figure 3.

Remove Removal of
——— | Impurities |~ | punctuation marks
ﬁ and other symbols
A
Original Knowledge about
docdqments impurities Symbol database
Removal of Removal of Removal of
spurious words common words stop words
and characters
Preprocessed ﬁ . —
dggumems Knowledge about Dictionary of Dictionary of
spurious words and common words stop words
characters

Figure 3: Preprocessing of the text documents



5.2.1 Using Inverse Document Frequency (IDF) for Creating Word Dic-
tionary

The dictionaries of unwanted symbols, stop words, and common words were created
manually after analyzing some typical text and also from our knowledge about such
text database. But this was not sufficient, as there were many words or symbols in
the collection of text documents that were not really important. Finding such terms
manually would require a great effort, and the system would not be scalable. One of
the ways to automate this task is the use of Inverse Document Frequency (IDF) [12]
as a measure to find not useful words. It is defined as following:

IDF(w) = log(Nﬁ) (3)

w

where,

IDF(w) = IDF of word "w’

N = total number of documents

N, = number of documents in which word ’w’is occurring

The interpretation of IDF can be given as follows. The greater the value of IDF
for a word, the lesser the number of the documents in which it is occurring, and vice
versa. Now, a word which occurs in many documents (with less IDF score), is not
useful as it is very unlikely to distinguish documents of different categories. On the
other hand, if a word is occurring in very few number of documents (with more IDF
score), is also not useful as it fails to give better idea about its context. Thus, words
with IDF scores higher or lower than certain values can be eliminated. These upper
and lower bounds are generally decided empirically.

For a lower bound of IDF, we decided that a word that occurs in more than 10%
of the documents is not useful. IDF of such words can be calculated as follows:

N
IDF, = log(m) = log(10) = 2.30258 (4)

We have also decided that a word occurring in less than 2% of the documents is
not useful as well. IDF for such words can be calculated as follows:

N
IDF, = log(m) = log(50) = 3.91202 (5)

Thus we eliminated words for which IDF ¢ (2.30258, 3.91202).

Table 2 shows the size of our dictionaries for “useless” symbols and words.



Dictionary Number
Useless symbols 51
Useless words selected manually 524
Useless words selected using IDF | 16,142
Total useless words 16,666

Table 2: Size of various dictionaries
5.3 Encoding the Words

Once the documents were preprocessed, we found the unique words from them. Now,
according to the WEBSOM method, each such “useful” word need to be represented
uniquely. This is done by encoding each word in a vector, whose components are
some real random numbers. The question is what should be the size of this vector.
Generally, the larger the size, the better, as this makes the chances of having unique
vector for each word more. But at the same time large size will increase the com-
putational effort. There is no theoretical accepted value for the size of this vector.
It is decided based on some practical experience. We did experiments with different
dimensions for encoding. Here we are showing our results with 50-dimensional word
encoding.

5.4 Forming Short Context

To capture some semantic information among the words, the short context for each
word can be used while training a SOM. This can be achieved as following. The
i*" word in the sequence of words is represented by a n-dimensional real vector z;
with random-number components. As described above, n (size of the vector) can
be anything as long as each word can be represented uniquely. The average context
vector of this word would be

E{Ii_l |.’C«L}
X(i) = Ex; (6)
E{Ziy1|vi}

where F denotes the estimate of the expected value evaluated over the text corpus,
and ¢ is a small scalar number. Now X (i) € R*" constitutes the input vector to the
SOM, forming Self-Organizing Semantic Map [10] or Contextual Map at the end of
training [11].

Table 3 summarizes the size of database at different stages. As shown in this table,
after forming short context, we had 32,087 total number of patterns each of dimension
150 (due to 50-dimensional word encoding). There were 1,164 unique patterns, which



we used for training the SOM of first phase, called Word Category Map (WCM).

Stage Number of units
Original text 200,973 words
After removing symbols 193,006 words
After removing useless words 33,157 words
Unique words 1,164 words
Triplets (Patterns) 32,087 triplets (patterns)

Table 3: Size of the database at different stages

5.5 Forming Word Category Map (WCM)

We followed the SOM algorithm given in Section 3 to form the Word Category Map
(WCM). The details of various stages of this formation are given below.

5.5.1 Initialization of WCM

We chose the output layer of size 5x5 neurons. The network was initialized using
some input patterns drawn from the input space, assigned to the weight vectors. Half
of the values of these vectors were negated randomly. Thus resulting initial map is
shown in Figure 4.

Figure 4: Initial condition of the WCM

The above figure provides a graphical visualization of the codebook vectors. The
shades in gray scale can be interpreted as follows. If the average distance of neighbor-
ing vectors is small, a light shade is used; and vice versa, dark shades represent large
distances [5]. After training this initial map, we expect to get a “cluster landscape”
formed over the SOM to show some kind of order or organization.



5.5.2 Ordering Phase of Training the WCM

The map is trained by the Self-Organizing Map algorithm [5]. Training is done in two
phases. The first phase is the ordering phase during which the reference vectors are
ordered topologically. We chose the number of epochs equal to 1,000. The learning
rate was determined from the following equation:

a(t) = a(0)(1.0 —t/r) (7)

where,

o = learning rate

t = discrete time

r; = running length or number of epochs

For this phase, «(0) was chosen as 0.5.

The neighborhood also varies with time. In the beginning the neighborhood radius
is taken almost equal to the diameter of the map and decreases to one during training,
while the learning rate decreases to zero. The “effective width” o of the topological
neighborhood is calculated as the following:

o(n) = aoe:rp(—g) n=0,1,2,.., (8)

where,

0¢ = initial value of o

n = discrete time

o(n) = value of o at time n
7 = time constant

The initial width of the neighboring function was taken as 10. The topological

neighborhood as a function of time is calculated using the following equation.

2,
hjix)(n) = 69619(—20%@) n=0,2,3,.. 9)

where,
d;; = lateral distance between winning neuron ¢ and excited neuron j

5.5.3 Fine Tuning Phase of Training the WCM

During the second phase of training the values of the reference vectors are fine-tuned.
In this phase the reference vectors in each unit converge to their “correct” values.



Figure 5: Ordering phase of training the WCM

This phase is usually longer than the first one. The learning rate is thereby smaller.
The neighborhood radius is also smaller. We chose number of epochs equal to 10,000
and the initial width of the neighboring function as 2 in Equation (8). For this phase,
a(0) was chosen as 0.2 in Equation (7).

Figure 6: Fine tuning phase of training the WCM

5.5.4 Calibration of WCM

After the map was constructed, we applied each unique pattern once again to the
network. The winning neuron on the map was labeled by the corresponding word
of that pattern. Many nodes got labeled with more than one words, often similar
in meaning or context. Instead of labeling a node with more than one labels in any
order, we calculated the distance between each label’s vector and the weight vector of
that node, and used this distance to put the labels in order (ascending order according
to distances) for that node. The resulting map with one label only per node is shown
in Figure 7.

5.6 Formation of Document Map (DM)

WCM exhibits the ordering or grouping of interrelated words, which is used for form-
ing the Document Map (DM) as follows. After completion of WCM, we mapped
each word of each document to the WCM. In other words, we found winning neuron

10
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Figure 7: WCM after the calibration
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for each word using its corrsponding pattern. Doing this for each word of a given
documnt gave some “hits” on their respecting units of the map. Using these “hits”,
we created a vector of the size of the number of the units on WCM for each document.
These vectors were used for training the DM.

5.6.1 Imnitialization of DM

Figure 8: Initial condition of the DM
As in the case of WCM, a network of 20x20 neurons was initialized using some
input patterns drawn from the input space, assigned to the weight vectors. Half of the

values of these vectors were negated randomly. Thus resulting initial map is shown
in Figure 8.

5.6.2 Ordering Phase of Training the DM

The map is trained by the Self-Organizing Map algorithm [5]. Training is done in two
phases. The first phase is the ordering phase during which the reference vectors are

11



Figure 9: Ordering phase of training the DM

rate decreases to zero. We chose number of epochs equal to 1,000 and initial width

of the neighboring function as 40 in Equation (8). For this phase, «(0) was chosen as

to the diameter of the map and decreases to one during training, while the learning
0.5 Equation (7).

ordered topologically. In the beginning the neighborhood radius is taken almost equal

5.6.3 Fine Tuning Phase of Training the DM

Figure 10: Fine tuning phase of training the DM

During the second phase of training the values of the reference vectors are fine-
tuned. In this phase the reference vectors in each unit converge to their “correct”

values. This phase is usually longer than the first one. The learning rate is thereby
smaller. The neighborhood radius is also smaller. We chose number of epochs equal

12



to 10,000 and the initial width of the neighboring function as 8 in Equation (8). For
this phase, a(0) was chosen as 0.2 in Equation (7).

5.6.4 Calibration of DM

After the map was constructed, we applied each pattern once again to the network.
The winning neuron on the map was labeled by the corresponding file name of that
pattern. But this is of no practical use, as the users search by some keywords and
not by file names. Therefore, we converted these file names to corresponding words
using labels from WCM.

Figure 11: DM after the calibration

We not only label the DM with words, but also create submaps to be used for
the second level of DM. Since the labels on WCM are arranged according to their
“nearness” to the node, it justifies our reason of labeling the node of DM using the
first of those labels (the rest of the labels along with this first label are used to create
submap for that node). The resulting map is shown in Figure 11. For better viewing,
we have filled it with pseudo-colors.

13



After completion of Document Map, the system has got four levels, which are
shown in Figure 12.

1. Document Map (DM)

[N)

. Submap (when the used clicks on a node of DM)

w

. List of documents (when the user clicks on some subnode of submap)

W

. Actual document (when the user clicks on a document name in the list)

Figure 12: Various levels of document retrieval

5. nterpreting the esults

The final Document Map is labeled with words. Careful analysis of this map shows
that the words with similar meaning or context occur “near” to each other on the
map. However, it becomes difficult to justify the results from this map. We, therefore,

14



provide some alternative methods for viewing and analyzing the results in next couple
of subsections.

Since we inverted the gray level before filling the map with pseudo-colors, the
meaning of shades in gray level is reversed in this map. If the average distance of
neighboring code vectors is small, a dark shade is used; and vice versa, light shades
represent large distances.

5. ustification of esults ith Category Map

To justify the results of the technique and to compare them, we generated a special
kind of maps called Category Map, which is done as following.

The nodes of the final map (Document Map) are generally labeled with words.
For forming Category Map, we followed the following scheme for labeling. We find
the corresponding documents for each node that has got at least one label. We have
already categorized these documents manually in seven different categories. Now, for
each node, the category to which the highest numbers of documents belong, we label
that node with that category.

Figure 13: Category Map

A sample Category Map for word encoding of 50-dimensions, WCM size 5x5 and

15



DM size 20x20 is shown in Figure 13. Here also we have filled the map with pseudo-
colors for better viewing. The legends are given in Table 4.

Label | Category
pol | Politics
eco Economics
evn | Events
spo | Sports
tec | Technology
ter Terrorism
ent Entertainment

Table 4: Legends for the Category Map

It can be seen from the category maps of Figure 13 that the documents belonging
to the same category tend to form clusters. This easily justifies our method because
we are able to show the category-wise organization of documents on this map. One
more observation is that we could not get clusters for "Technology’ and "Terrorism’
categories. The reason was obvious: the data for these two categories were not enough
to dominate any part of the map.

5. Categorization ith Degree of Membership

Category Map shows the crisp categories, but strictly speaking, no document can be
classified in only one category. Almost each document, especially news article, will
have components of all the categories in more or less extend. This motivated us to
introduce the degree of membership concept. It is implemented as the following.

For each node on DM, we find the corresponding labels from WCM. We then
prepare a list of files in which any of these words is occurring. Since we have al-
ready categorized the collected documents in categories, we can use this list to find
the portion of each category. In fact, we label a node in Category Map using this
information only. (The category with the highest portion becomes the label on that
node of Category Map) This way, every labeled node on the DM is assigned degree
of membership in various categories.

Providing such degree of membership for each node also helps us in justifying our
results. It can be seen that “nearer” nodes have similar degree of membership in
respective categories.

We can also use this concept in classifying any new document that is not used in
training. Instead of classifying it in a crisp category, we can provide the information
about its degree of membership in various categories. Such experiments are described
in Section 7.

16



5.1 Aiding in Searching ith Organized Map of nformation

One of the goals of organizing text documents in categories is to improve the retrieval
of information by refined searching. By refined searching we mean the searching
performed on a particular group of documents instead of the entire database. Such
searching can be easily facilitated here as we already have different groups of docu-
ments organized in three levels:

1. The entire map: Providing searching at this level is equivalent to normal
full-text searching, which we have not implemented.

2. At a particular node of the map: This level comes when the user selects
any particular node (by clicking on it) and a submap is displayed. This submap
shows some subnodes labeled with some words. Searching at this level is done
only through those documents in which any of these words is occurring.

3. At a particular subnode of the submap: This level comes when the user
selects any particular subnode (by clicking on it) and a subsubmap is displayed.
This subsubmap shows the list of documents in which that particular word with
which the subsubnode is labeled is occurring. Searching at this level is done
only through these listed documents.

Di erence Bet een Other Statistical Methods
and SOM

One can argue that the similar results can be obtained by using some other statistical
methods. One can perform some statistical analysis over a large amount of data and
use it to classify documents. But we would like to make it clear that SOM captures
much more information than just word frequencies. Apart from statistical analysis,
SOM has some added advantages listed below.

1. SOM not only re ects the variations in the statistics of the input distribution, it
also selects a set of best features for approximating the underlying distribution.

2. Since we are using some knowledge of context while forming the map, it cap-
tures implicit relationship among the words. This is surely more effective for
categorization rather than depending upon only word frequencies.

3. One way of looking at SOM is a vector quantizer. SOM maps the higher dimen-
sional data to very low dimension making it possible to visualize them using
conventional means like computer screen or paper.

17



Testing e Documents for Categories

It is very obvious to ask if a new document (which is not used for training) can be
classified properly using this trained Document Map. This is also important to show
the correctness of the technique. This section describes experiments done to test some
new documents for their categories. The overall scheme for testing a new document
is shown in Figure 14.

Figure 14: Stages of testing for category of a new document

We collected 40 new documents for testing; 10 each for ’Politics’, "Economics’,
‘Sports’, and ’Entertainment’. These documents were then processed as per the
scheme proposed in the previous sections. Since the Document Map does not show
crisp categorization, no document could be classified as exactly belonging to a par-
ticular category. Therefore, instead of providing one category, we provide degree of
membership to a particular category.

Each document is tested for its degree of membership in each category. Strictly
speaking, no document can be said to be of one category only, as each document may
have more or less component from all the categories. However, we have also assigned
a crisp category to each document, which is determined as following. The document
which gets mapped to a labeled node, we categorize it with the category to which
the document has got the highest degree of membership. In case the document is
mapped to an unlabeled node, we categorize it with the cluster to which that node
belongs in the Category Map. The results are given in Table 5.

It can be seen from the above table that documents of "Politics’, "Economics’,
and ’Entertainment’ were classified with high accuracy, whereas in case of ’Sports’

18



Category Number of documents | Number of correctly
classi ed documents
Politics 10 9
Economics 10 7
Entertainment 10 7
Sports 10 1

Table 5: Results of testing for categorization

category, we got poor performance. The reason of this can be given as the following.
In case of the first three categories, there were almost fixed set of words defining
those categories. In case of 'Sports’ category, the words had lot of variations. It was
because there were many kinds of sports described in a limited number of documents
that we collected. This resulted in failure of capturing proper contextual information
for ’Sports’ category, and thus the poor results.

Conclusion

In this paper we presented our efforts to address the problem of automatically or-
ganizing text information. We selected SOM as the method and categorizing news
articles collected from the Web as an application. We manually collected data and
performed preprocessing on them in order to remove unwanted material from the
text. We encoded the remaining “useful” words in real random vectors, and found
their average short context. Thus created patterns were used to form the Word Cat-
egory Map, using which we formed the Document Map. The former map showed the
grouping of the words of similar meaning, and the latter one showed the grouping of
the documents of similar topic.

From the results, we could show that this technique provides a good organization
of text documents in categories. It became clear that providing categorized repre-
sentation of the data helps immensely in focusing the searching to a particular set of
documents improving the performance of the retrieval. The justification of the results
was given using Category Map, which clearly showed the clustering of related docu-
ments. Since in strict sense, no document can be classified in only one category, we
introduced the concept of degree of membership. We also tested the system for clas-
sifying some new documents in categories. It was shown that most of the documents
were reasonably well classified.

We have done experiments on a limited amount of data, but it can be extended
to work on larger databases. In such case, the performance should improve as it
can facilitate better statistical analysis. We do not propose this method to replace
traditional searching. This method can rather enhance searching being an additional
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tool that can provide a good representation of the underlying information.
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