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ABSTRACT also in their vectorial representationTherefore, it can

. . o be assessed by the use of any vector metric. Moreover,
In this paper a variant of the well-known self-organizing the documents marked as being similar or relevant to each
map algorithm is exploited for document organization and other can also be ranked in a decreasing similarity order
retrieval. An ensemble of self-organizing maps are em- yjith the help of a vector metric.
ployed in an effort to boost the performance of the stan-  gypsequently, the numerically encoded documents can
dard algorithm. In doing so, the feature space is uniformly e organized using any clustering algorithm. One well-
sampled and the bootstrapped sets that are created are SUpnown document organization method, capable of creat-
plied to each of the constituent members of the ensem-j,q semantically related document collections is the WEB-
ble. The proposed variant along with the standard self- gop [5] - [8]. The WEBSOM is based on tigelf-Organi-
organizing map algorithm are used to partition the docu- zing Map(SOM) or Kohonen maps [9]. The SOMs are
ment repository into clusters of semantically related doc- capaple of forming a nonlinear mapping from an arbi-
uments. The quality of clustering offered by the proposed trary high-dimensional data manifold, the so-calieput
variant is accessed quantitatively via information retrieval space onto a low-dimensional lattice. Low dimensional
experiments using a set of test documents to query the tex{yyigs, usually 2D or 3D have prominent visualization prop-
clusters created by the proposed algorithm. The same exgties and, therefore, are employed to visualize the high-
periment is repeated for the standard self-organizing algo-gimensional data. An extensive review of the literature on
rithm. An improved performance with respect to the av- he SOM algorithm, containing nearyl00 works, can be

erage recall-precision curves is achieved by the proposedqnd in [10, 11]. Other SOM applications to document
variant compared to the standard algorithm. clustering are reported in [12, 13].

In this paper, we propose a modification of the SOM
1. INTRODUCTION algorithm witch is based on bootstrapping. In doing so,
the SOM algorithm is trained with slightly different ver-

Document organization and retrieval has been an active . .
sions of the feature space. Then, after the completion of
research and development area for the past 30 years. A - :
he training phase, the resulted mappings of the feature

integral component in document organization is documentSpace on the SOM are merged together into one and fi-

Iunriz)r(lltr; g[all]éol rllr?gv(\:/l:g]rt 'Sg?é('ggég;ﬁ tc))cs)gz; (i)r]:ttcr)]?e?r?w(;- nal map. This is done in order to benefit from the fact that
(index t,erms) that are uszd as indicatcf)rs of the documentensemble methods lead to higher classification accuracies.
In what follows, Section 2 contains a brief description

contents. A fundamental problem in the aforementioned fth dard SOM algorith h h Secti

task is the evaluation of the contextual similarity between oft e_stan ar ag_ont m, W ?reas" e next Section

documents. describes the SOM variant which is based on bootstrap
aggregation. Subsection 3.1 describes the procedure of

In this paper, we are interested n the so-calied- merging the constituent SOM maps and Subsection 3.2
tor spacemodel [2, 3], where the available textual data of . e .
describes the process of aligning individual neurons in

the training documents as well as the query-documents are . . )
. : each of the constituent maps in order to generate the fi-

encoded into numerical vectors. Each vector element cor-

responds to a differenword type that is, a distinct word 1Treating the documents as a bag-of-words is not the ideal method

appearance in the corpus [4] It is generally agreed UPONof preserving the content, currently this is the universally accepted ap-
that the contextual similarity between documents exists proach.




nal SOM map. Moreover, Section 4 describes the usagea number of bootstrap samples of the feature space. Each
of the SOM algorithm and its variant for information re- of these applications yields a clustering or classification.
trieval purposes and finally Section 5 provides the experi- The resulting ensemble of classifiers is combined by tak-
mental results regarding the comparison between the proing a uniform linear combination of all the constructed
posed variant and the standard SOM algorithm. classifiers.
Bootstrapping is a simple but also effective approach
2. SELF-ORGANIZING MAPS of estimating the statistics of the feature space. The method
Let us denote byk' the set of vector-valued observations, consists of creating a number of data subsets,
1=1,2,..., D, by sampling from the set’ with uniform
: i ) probability with replacement of each santple
..., N}, whereN,, corresponds to thg dimensionality of Each instance of the standard SOM algorittigthen
the feature \(ectors that encode fii@vailable documents. trained separately on its respective data subset and then
The sett will be addressed aeature spacéienceforth. e resyited networks are fused together in a process which
Let alsoyV ‘?'e”Ote the set of refertjavnce vectors of the neu- i pe explained in the following Subsections. Due to the
rons, that is, W = {w(t) € R, 0=1,2,..., L}, fact that the SOM networks are trained on slightly differ-
where the parametérdenotes discrete time andis the ot jnstances of the feature space (the density functions
number of neurons on the lattice. o of the subsetst; are expected to be different), then, with
_ Duetoits competitive nature, the SOM algorithmiden- g hrobability we expect to get slightly different resulted
tifies the best-matching, winning reference veokas(t) networks.
(or winner for short), to a specific feature vector with Petrakievaet. al. in [18] are outlining the problems
respect to a certain distance metric. The indexf the ¢ arise with the SOM algorithm when the reference vec-
winning reference vector is given by: tors of the neurons are randomly initialized. Namely, the
resulted network topologies, even in the case of using the

X = {Xj S ]RN‘”|X]' = (I’lj,.fgj,...,ZCij)T,j = 172,

L
s = arg Ilrlj{l lIx; —wi (o), Q) same feature space, are not completely identical. Since
- the SOM algorithm performs a dimensionality reduction
where|| - || denotes the Euclidean distance. through the mapping of the feature space on the 2D lattice,

The reference vector of the winner as well as the refer- the maps are free to twist in any direction which oftenly

ence vectors of the neurons in its neighborhood are modi-offers local minimizations.
fied towardx; using: In contrast to the training process proposed in [18], the

present paper suggests the following procedure:

) e Creation of theY;,i = 1,2, ..., D data subsets.

w; (t) = {Wi (t) +a(t) [x; —w; ()] VieN,

e Random initialization of the reference vectors for
wherea(t) is the learning rate and/; denotes the neigh- all the standard SOM algorithms.
borhood of the winner and the transition between the time
instantst and¢ + 1 is achieved whenever the entire feature ~ ® Training of the networks (either batch training or
space has been presented to the network. online).

A neighborhood updating, especially in the early iter-
ations, 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 [9]. The term standard SOM 3 1 Network fusion
will henceforth denote the on-line algorithm proposed by

T. Kohonen without any modifications or speed-up tech- Let w? denote theith neuron corresponding to thih
niques [9]. SOM map after the completion of the training phase for

all the networks. Leil;; denote the set of feature vec-
3. BAGGING SOM tors that are assigned to the above neuron. The first step
¢Which generally admittedly is the most difficult one is the
combination of the outputs of the several SOM networks
towards the formation of one final SOM map, that is to
find the associations between the neurerisvi, ;.
For example, let suppose that there are only three SOM
neurons comprising the lattice. networks and that they are designated to extract five clgs—
Recently a number of ways of combining predictors ters each from the feature space. The goal is tq combine
the networks in a way that features to be placed in a same

have been developed [14, 15, 16]. Perhaps the simples . § ! i
approach is to bag predictors. This paper proposes a varineuron of the final map if and only if they were assigned

ant of the standard SOM algorithm which relieshag- 2Each feature point has a probability G¥=1)Nw = 0.3679 of
ging, that is, on an ensemble or combination of predic- ot appearing in each bootstrap sample mfw

tors. Bagging works by applying a learning algorithm on  3in total we are training> independent SOM networks.

¢ Merging of the resulted maps. This step is described
in depth in Subsections 3.1 and 3.2.

From section 2 and Eqg. (2) is evident that the standar
SOM algorithm is performing a prediction or even bet-
ter an approximation of the probability distribution func-
tion (pdf) of the feature space. This approximation can
be viewed in the updating of the reference vectors of the




to a same neuron in both of the networks. This task is therefore these three neurons are grouped together. After
not trivial because there is no guarantee thatithelus- the last network has been merged with the previous two
ter in the first network corresponds to tik clusterinthe  maps we need to “build” the final network (see Figure 2).
second network. So, the networks must be aligned beforeln doing so the reference vector of each neuron is the aver-
they can be merged. It should be noted here that we are in-age vector of the neurons grouped together in the previous
terested in finding the groups of features that are commonstep.

among various neurons; we are not interested in isolated  The last step towards the formation of the final map
features. is the creation of the sef; t;,,; Which is the set of docu-

In this paper, the neurons are aligned according to thements assigned to thgh neuron of the final map. These
assumption that neurons that are “similar” should be closesets are the unions of the sets corresponding to the clus-
to each other also in th&™« hyper-sphere which con- ters of neurons formed in the previous step. [fgtde-
tains the feature space. Actually, the order is reversed;note frequency of thgth document in the sef; fipna;. If
neurons that are close to each other in A&~ should the frequency is close to the valdg then more neurons
be similar. That is, letsv’2 and w% be the neurons in the constituent networks had that particular neuron as-
whose sets?2 and £} respectively contain more com-  signed to them during the training phase. Therefore, the
mon features than any other neuron couple. Then, themore frequent a document is the higher its importance to
reference vectors corresponding to these neurons will bethe particular neuron of the final map. That is, the doc-
with higher probability, closer to each other than another uments assigned to a particular neuron are ordered into
possible neuron combination under the Euclidean distancedescending order of appearance.

In allgnmg thg petworks one should partition tb@_ 4. APPLICATION TO INFORMATION
neurons inta disjoint clusters. There are two constraints RETRIEVAL
though that both has to be met at the same time:

: . 4.1. Corpus description
e Each cluster will contain only) neurons.

. _ The Distribution 1.0 of the Reuters-21578 text categoriza-
e Each cluster will contain only one neuron from each tion corpus compiled by David Lewis [19] has been used
of the D networks. to test the proposed SOM variant. It consist20f578
) ) documents which appeared on the Reuters newswire in

The cons_tralns S|mply ;tate that each neuron of the 0Ut-1 987 and were originally collected by tarnegiegroup.
put map is the union of just one neuron from each o_f th(_a The documents are marked up usBGMLtags and are
D _constltuent SOM maps. Under the above cons_trgms 'Smanually annotated usingg5 topic categories according
evident that a brute force approach to the global minimiza- to their content
i ! D . . . .
tion problem has complexity) (L ) which obviously is Since our approach is clearly a vector space approach

unacceptable even for small values of the paraméter [2], a series of actions were taken in order to encode the

whereqs the §ubopt|mal sqlunon descr!bed n SUbseCt'ontextual data into numerical vectors. During the first step,
3.2, which reI|e520n dynamic programming, has complex- o gGML tags and entities in the collections were re-
ity O ((D —1) L?). Figure 1 clearly depicts the dramatic e Subsequently, numbers and punctuation marks
gap between the two alternatives mentioned above. were removed. The sole punctuation mark left intact was
the full stop in order to provide a rough sentence delim-
iter. Another reason that justifies the preservation of the
In this paper the neurons are aligned according to theirfull stop is that collocations, that is, expressions consist-
paired distance in th&"« hyper-sphere. That is, if we ing of two or more than two words are meaningful only
were to merge just two networks then each neuron from within the scope of a sentence. Text cleaning was also
the hypothetical network A would be matched with the applied in order to remove some common English words
neuron from the network B that would have been closer. such as articles, determiners, prepositions, pronouns, con-

Figure 2 depicts the example mentioned in the secondjunctions, complementizers, abbreviations. Non-English
paragraph of subsection 3.1. The first step in the dynamicfrequent terms were also removed by applying stopping.
programming approach is to merge networks A and B. In Subsequently, stemming was performed. Stemming refers
doing so we must compute the distance between all theto the elimination of the word suffixes so that the vocabu-
pairs of neurons from map A to map B. In Figure 2 it can lary shrinks, although it keeps the informative context of
be seen that the neuromi is closer tow3 and further  the text. It can be considered as an elementary clustering
more w3 is closer tow? and so on. The average vector technique, with the word roots (stems) forming distinct
between each pair of neurons will be used afterwards in clusters. The underlying assumption is that morphologi-
the second level to merge the third map (network C) into cal variants of words are semantically related [20]. The
the previous two networks. commonly used Porter stemmer was applied [21].

In merging the third map onto the previous two, we Finally, prior to encoding the documents into vectors,
have to compute the distances between the average vectorthe stems whose frequency was below a certain thresh-
from the previous level and the reference vectors from net-old were eliminated. Table 1 depicts the statistics of the
work C. In that case the pafiw{, w3 } is closer tow? and corpus. The last column of Table 1 contains the number of

3.2. Neuron alignment
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Figure 1. The computational complexity between the brute force (left) and the dynamic programming approach (right).
The X-axis corresponds to the number of constituent SOM networks and the Y-axis corresponds to the number of the
neurons in each individual network.

Table 1. Corpus statistics.
Word Stem types (Cut-off) ~ Number
Corpus tokens | Before After of documents
Reuters-21578 2.642.893| 28.670 4671 19.043

documents that was used after the completion of the afore-4.2. Language Modeling
mentioned preprocessing steps. The number of remain-
ing documents in the corpus after preprocessing is nearly
12% lower than the initial value. This is due to the fact

From a statistical point of view, the contextual similarities
between documents can be evaluated using the frequency

that some documents did not contain any textual informa- ©f @Ppearance of the word types. Unfortunately, a simple

tion either from the beginning of the process or they have count of the_ word types is not gnoggh. I.n f[he majority
lost all their textual information due to preprocessing and ©f the techniques that are exploited in statistical language

thresholding steps. Such documents were rejected. The"odeling [3], for every word type that is being encoded,
resulting corpus was partitioned into two distinct sets, a ''S Precedingword types in the sentenkis(ory) are taken

training and atestingset, according to the recommended into consideration. LeV = {w, ws,... ’wl\{w} denote
Modified Aptesplit of the collection [19]. the set of word types (vocabulary) found in the corpus,
where N,, = |V| denotes the vocabulary size. The

priori probability P(wiw3 ... w},) of the word sequence
wiws ... w}), With w! € V can be expressed as the prod-
uct of conditional probabilities:

Due to the recommended splitting of the corpus some m
documents are not assigned to any one of the two sets. P(wiw .. wk) = H P(w*|hy) (3)
The first set, the training corpus, contai®§62 docu-
ments and it is used during the training phase of the al-
gorithms. The second set contaih809 documents andit ~ whereh, = {w;jwj...w;_,} denotes the history of the
is used during the recall phase of both the standard SOMrth word. A widely used language model based on Eg. (3)
algorithm and the SOM variant. is then-gram wheren denotes the number of preceding

r=1
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Figure 2. The alignment of three networks and the subsequent merging into one final map.

words taken into consideration [3]. In this paper, we adopt

thebigrammodel where only one preceding word is used
to encode each worige.:

n (wr—la wr)

P (wy|hy) ~ P (wp|w,—1) = 7 (w1

(4

with 7 (w,—1, w,.) andn (w,_1) denoting the number of
observed bigraméw, 1, w,) and word typesv,_i, re-
spectively, in the training corpus. In the following, the
discussion will be based on the conditional probabilities
(4) computed for the generic observed word bigtam=

(wi, Wp).

Let 2, = P (wp|wy), I,m = 1,2,..., N,, denote
the conditional probability of the bigram,, over the en-
tire corpus. In encoding th#h document of the training
corpus we will employ the conditional probabilities for

5. EXPERIMENTAL RESULTS

In evaluating the document organization through retrieval,
both algorithms exploit the document clusters formed dur-
ing the training phase. The query-documents undergo all
the preprocessing steps described earlier and are encoded
into feature and indicator vectors. These vectors substitute
the vectorsin Eq. (1). For each query, the algorithms iden-
tify the winning neuron on the map and retrieve the train-
ing documents associated with the winner. The winner
neuron in both algorithms corresponds, with high proba-
bility, to the cluster which contains the most relevant doc-
uments in the training corpus with respect to the document-
query. The retrieved documents are then ranked accord-
ing to their distance from the query-document using the
Euclidean distance. Finally, the retrieved documents are
labeled as either relevant or not to the query-document,
with respect to the annotation category they bear. For each

each of the bigrams found in the corpus. Let us constructguery, this classification leads to a different partition of the

the (N2 x 1) vector that holds the conditional probabili-
ties of the bigrams found in thih document of the train-
ing corpus:

y T

611(1)z11,

b12(1) 212,
V] Ny s
5 1)

X = Z Z TimC€im = 1N“’( ) 1N (5)
=1 =1 . .' .y
m (SNwl(’L)wal,

.

ON, N, (DTN, N,

wheree,,, denotes th¢ N2 x 1) unit vector having one in
the (I x N,, + m)th entry and zero elsewhere, afg, (¢)
denotes the delta function that equalg the bigramb;,,,
is present in théth document and is zero otherwise.

training set according to the retrieval volumes. Table 2 is
the2 x 2 contingency table which shows how the collec-
tion of the documents is divided. In the contingency table,
ny corresponds to the total number of relevant documents
in the corpus and, denotes the number of retrieved doc-
uments [1]. The effectiveness of the proposed algorithm
against the standard SOM is measured usingtaeision

and therecall ratios [1, 22]. Precision is defined as the
proportion of retrieved documents that are relevant,

(6)

r

P=—

no

whereas, recall is the proportion of relevant documents
that are retrieved,

R=_. @)
ni

As the volume of retrieved documents increases the
above ratios are expected to change. The sequence of



Table 2. Contingency table for evaluating retrieval.
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Figure 3. The average recall-precision curves of the standard SOM and the proposed variant for.a@ tleategory
and (b) the &arn " category.

(recall, precision) pairs obtained yields the so-called der slightly modified version of the feature space. The
recall-precision curveAn average over all the curves cor- ensemble of classifiers that were gathered after the train-
responding to the same topic that were obtained from theing phase of the standard SOM algorithm were merged
test set produces the average recall-precision curve [1].into one final SOM network. The proposed SOM vari-

In order to evaluate the performance of the algorithms we ant was compared against the standard SOM, when both
have chosen thedtq ” and “earn "categories. Figures 3a  algorithms were applied for document organization using
and 3b depict the average recall-precision curves for thethe Reuters-21578 corpus. It has been demonstrated that
standard SOM and the proposed variant for the two topicsthe performance of the proposed SOM, with respect to the
with the highest frequencies. The first one corresponds toaverage recall-precision curves is superior to the standard
the “acq ” topic and the second to thearn " topic. For SOM algorithm.
small recall volumes the standard SOM performs sightly

better than the proposed variant in tteet] ” category but

this is temporarily since when the recall volume gets big- [1] R. R. Korfhage,Information Storage and Retrieval
ger the performance of the standard algorithm degrades New York: J. Wiley, 1997.

faster. On the other hand, for thedrn ” category the re- . .
) . 2] G. Salton and M. J. McGill|ntroduction to Modern
sults are more clear; the proposed variant outperforms the [ . ; .
prop P Information Retrieval McGraw Hill, 1983.

standard SOM in almost every recall volume.
[3] D.Manning and H. Sdlitze, Foundations of Statisti-
cal Natural Language Processingambridge, MA:

One problem that the proposed SOM variant faces is the ~ MIT Press, 1999.

total destruction of the topological correlation for adjacent 41 R. B. Yates and B. R. NetoModern Information
neurons on the final map. Being aware of the fact that Retrieval] ACM Press, 1999.

the SOM algorithm is a prime candidate for visual explo-

ration of any short of information repository, it becomes [5] S. Kaski, T. Honkela, K. Lagus, and T. Kohonen,
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