











Afin de classifier nos itemsets, on a utilisé le Package NbClust. Ce dernier a proposé un
nombre optimal de 3 classes, ce qui est conforme a la structure de notre document qui contient
bel et bien 3 thématiques différentes (Voir figure 26).
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Figure 26 - Choix Optimal du nombre de classes du package NbClust

A T'étape de classification, nous avons utilis¢ K-Médoides. La figure 27 illustre les classes
obtenues. On remarque que la classe | regroupe uniquement les paragraphes | a 4, qui
couvrent le sujet de « Michael Jordan ». La classe 2 contient les paragraphes 5 a 8 relatifs a
I’informatique « Microsoft ». Finalement, la classe 3 contient les paragraphes 9 a 22, qui
traitent le sujet de musique « Mozart ». La classification ascendante hiérarchique confirme les

résultats obtenus (Voir figure 28).
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Figure 27 - Classification des [temsets avec K-Médoides
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Figure 28 - Classification des Itemsets avec CAH

5.2.2. Mots comme descripteurs

Nous utiliserons le méme document traité et nettoyé pour extraire les mots. IDETEX a pu
geénérer 659 mots comme descripteurs du texte. La classification par K-Méloidés avec K =3
(Figure 29) donne des classes hétérogenes. En effet, la classe 1 qui contient la majorité des
paragraphes combine les sujets qui traitent aussi bien le sport, I'informatique et la musique. Ce

méme constat a été observé par la CAH tel que spécifié dans la figure 30.
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Figure 29 - Classification des mots avec K-Médoides
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Figure 30 - Classification des mots uniques avec CAH

L’utilisation des itemsets fréquents comme descripteurs du texte permet de réduire
significativement la taille de la matrice a classifier (66 itemsets fréquents comparés a 659 mots
uniques). Le résultat donne une classification homogene, vu qu’on sait au préalable que notre

document contient 3 thématiques différentes.

5.3. Deuxié¢me expérimentation

La seconde expérimentation concerne un document plus volumineux et complexe dont
le but est de démontrer la pertinence de I’utilisation d’itemsets fréquents comme

descripteurs.
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L’expérimentation a été réalisée sur le livre « La civilisation des Arabes » écrit en frangais
(Gustave Le Bon, 1884). Le document comporte 6 chapitres. La segmentation de ces chapitres
est effectuée en découpant le texte en 6 chapitres :
e Chapitre 1 et 2 contiennent les segments de | a 6 qui couvrent respectivement les
sujets « L’arabie » et « Les arabes »
e Chapitre 3 contient les segments 7 & 16 qui traitent le sujet « Les Arabes avant
Mahomet »
o Chapitre 4 contient les segments |7 a 27 qui racontent |’histoire de « Mahomet.
Naissance de I'empire arabe »
e Chapitre 5 contient les segments 28 a 32 qui parlent du « Le Coran »

e Chapitre 6 contient les segments 33 a 42 qui parlent de « Les conquétes des Arabes »

En utilisant notre méthodologie mentionnée dans le chapitre 4, nous avons prétraité le
document en suivant la méme procédure appliquée dans la premiére expérimentation.
Nous avons aussi considéré les mémes parameétres d’extraction des itemsets ou le
support minimum est égal a 12% et le nombre des items dans un itemsets a 4. [DETEX
a généré 43 itemsets. La grande similarité thématique fait de ce document une
expérimentation complexe. La discrimination des classes indépendantes n’est pas un
processus facile a définir méme si notre approche montre une énorme capacité a

déterminer des classes homogenes, comme le montre la figure 31.
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Figure 31 - Classification des [temsets avec K-Médoides
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La classe 1 contient les segments 1, 2, 3 et 4 qui traitent les sujets « L’arabie » et
« L’arabe ». On constate que le segment 9 qui se positionne tout pres de la classe 2
dont le sujet est «les arabes avant mahomet » a des points en commun avec les

segments de la classe |, ce qui justifie sa présence dans cette derniére.

Etant donné que notre représentation graphique est faite sur un plan a deux
dimensions, la classe 4 semble en fait étre incluse dans la classe 1. Toutefois, apres
vérification de nos données d'entrée, nous nous rendons compte que les segments 33,
34 et 35 qui traitent le sujet « Les conquétes des Arabes » sont des aspects plus précis

de la grande classe 1.

La classe 2 contient la plus grande majorité des segments qui traitent tous les sujets
suivants : « Les Arabes avant Mahomet », « Mahomet. Naissance de |’empire arabe »
et « le Coran » en plus de quelques segments qui proviennent d’autres chapitres.

La classe 3 englobe les segments du chapitre 6 qui, quant a eux parlent de « Les

Conquétes des Arabes ».
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Figure 32 - Classification des mots uniques avec K-Médoides

La figure 32 montre d’une part I’inconvénient de classifier les données en ne se basant que
sur les mots uniques d’autre part, elle prouve la pertinence d’utiliser les itemsets fréquents

comme descripteurs du texte.
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CHAPITRE 6 CONCLUSION ET
PERSPECTIVES

Nous nous sommes intéressés dans ce travail a ’amélioration de la qualité des résultats
issus d’un processus de classification. Traditionnellement celui-ci repose sur
I’utilisation des mots, de N-Gram de caractéres comme descripteur d’un document
textuel. Bien que les résultats aient été encouragent, des limitations présentent. Nous
citerons, entre autres, la taille du lexique et les différents aménagements pour la
diminuer. Notre défi dans ce travail était de montrer que [’utilisation des itemsets
fréquents permettait de contourner ce type de problématique. De plus, nous avons
considéré des classifieurs non-supervisés a savoir la méthode des K-Médoides et la

classification ascendante hiérarchique.

Nos expérimentations ont confirmé I’importance d’utiliser les régles d’association
pour des fins d’extraction de ['information pertinente et de qualité que ['on peut
retrouver dans les données textuelles. Les résultats obtenus, lorsqu’on utilise les
itemsets comme descripteurs du texte, montrent une classification plus homogene que

dans le cas ou les mots sont les descripteurs.

Bien que les résultats obtenus soient bons, on constate que le choix des seuils (support
minimum, nombre d’items dans un itemset) est une étape extrémement importante.
Lors de I’extraction des itemsets, le choix du support minimum ne devrait pas étre

arbitraire vu qu’il joue un réle important sur la qualité des itemsets extraits.

Les perspectives a court terme de ce travail seront consacrées & poursuivre notre

réflexion et, plus particulierement, & développer :

e Une intégration d’un outil qui sera en mesure de proposer un seuil minimal
optimal.

e D’autres méthodes de classification pour pouvoir comparer les résultats
obtenus.

e Une généralisation de notre approche afin de I’élargir @ d’autres textes et

d’autres langues.
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Abstract

The analysis of numerical data, whether structured, semi-structured, or raw, is of paramount
importance in many sectors of economic, scientific, or simply social activity. the process of extraction
of association rules is based on the lexical quality of the text and on the minimum support set by the
user. In this paper, we propose to use frequent itemsets as descriptors and classifying them by using K-
Medoids algorithm and Hierarchical cluster. We present how they can be identified and used to define
a level of similarity between several segments. The experiments conducted demonstrate the potential of
the proposed approach for defining similarity between segments.

Keywords: Clustering, Frequent Itemsets, Descriptor, Segment, Text, K-Medoids, Ascending
hierarchical cluster.

Introduction

The digitization of documents facilitated the dissemination of information. As soon as an event occurs
multiple articles are written and broadcast on different digital platforms. Several textual documents
distributed on the web are composed of only a few hundred words. It is by consulting various
documents that a rich description can be obtained. Different documents may address the same subject
and each of these documents may contain additional information. However, the quantity of data
available and their lack of structure limit our ability to capture this information, hence the need to use
tools that facilitate access to information. Automatic classification is one of the strategies applied to the
problem of organizing information. A classificatory process applied to textual documents, whether
automated or not, organizes documents so that those who share similarities are clustered together. The
resulting organization can be used to guide, for example, information retrieval, knowledge extraction,
summary help, etc.

Several automatic classifiers have been published. Comparing these classifiers to determine their
performance is a complex task and, above all, subjective. A classifier can perform with a particular set
of data and generate noisy classes with another set. The relevance of a classification is assessed
according to the homogeneity of the resulting classes. This criterion is however relative. The evaluation
of a cluster is based on interveners' research objectives and their knowledge of the subject area. The
quality sought for an automated classification system is to be able to target the relevant information
within the targeted segments and determine how this information can be used to establish a level of
similarity between these segments.

The numerical classification is based on the identification and evaluation of descriptors that
differentiate one class from another. the choice of a descriptor instead of another is to take a position on
the nature of the results generated. It influences the classifier's behavior because of the presence or
absence of a descriptor is an index to target the class to which a document belongs.

For textual classification, the word is often used as a discriminating descriptor (McCallum and
Nigam, 1998). When several words appear at comparable frequencies in two segments then these
segments are considered to be similar. However, it is common for segments to share a large number of
words, even if these segments deal with different subjects. The mere presence of these words,
therefore, is sparsely informative and its utility in establishing the level of similarity between segments
is limited. Nevertheless, the relationship between these words and others can highlight specific
peculiarities of certain segments. These relationships can be used to establish the level of similarity
between segments.



Association rules

Association rule mining is a technique to uncover the relationship between various items, elements, or
various variables in a very large database. It is also at a basic level, involves the use of machine
learning models to analyze data for patterns, or co-occurrence, in a database. It identifies frequent if-
then associations, which are called association rules. For example, customers who buy items X and Y
also purchase item Z, in this case the association rule takes the following form: (X ,Y) - Z Where the
set (X, Y) is the antecedent, and Z: the consequent. Since then, the approach has been transposed to
other domains, the association rules can be applied to various domains in that the concept of transaction
can be defined.

Let T be a set of transactions such as: T= {t1, t2, t3..., tn}, the elements that make up the
transactions ti € T are called items. An item is a datum whose nature depends on the area covered. For
example, the items may correspond to descriptors extracted from a music (Rompré et al.,, 2017), to
descriptors extracted from an image (Alghamdi et al., 2014) or simply to words extracted from a text
(Zaiane and Antoine, 2002). Thus, a transaction can be defined simply as a subset of descriptors.

Let [ = {il, i2, i3, ..., id} be a set of distinct d items, each subset that can be generated from items
(i€T is called an itemsets. For a set | of size d, the number of possible itemsets is 2d (Tan et al., 2002).
The number of potential itemsets is exponential, depending on the size of I. The objective to be reached
during the process of extracting association rules is to discover hidden relationships, there is no index
to target the items to consider. Thus, the search space is equivalent to all possible itemsets. Although it
is theoretically possible to create 2d itemsets from a set of size d, in practice several combinations
appear little or just not in transactions. Therefore, these combinations can be ignored. The support is a
measure that allows to target the itemsets to ignore. The support of an itemsets X represents the
percentage of transactions of T that contain X. It is denoted S(X) and given by the equation (I.1) where
n equals to the total number of transactions contained in T and o(X) to the support count. The support
count of an itemsets X represents the number of transactions of T that contain X. It is given by the
equation (1.2)

SX)=o0()/n (.0
cX)=|{t; | XS t, t; €T} (L.2)

An itemsets X is considered frequent when its support is greater than or equal to a predetermined
threshold. Let X and Y be two frequent itemsets such that X 1Y = @, an association rule denoted X —
Y expresses a co-occurrence relation between these itemsets. By convention, the first term is called the
antecedent while the second is called the consequent. An association rule is considered quality
according to a measure m and a previously fixed threshold. Thus, an association rule X — Y is judged
of quality if (X — Y) > threshold.

The quantity of rules generated, their relevance and utility are highly dependent on the measures and
minimum thresholds set. The evaluation of the interest measures of the association rules has been the
subject of several studies (Le Bras et al., 2010, Geng and Hamilton, 2006 and Tan et al., 2002). Even if
there are several variants, the extraction of association rules is usually done using the Appriori
algorithm (Agrawal and Srikant, 1994) or FP-Growth (Han et al., 2000). Other algorithms are
presented in (Fournier-Viger et al., 2017). The two main difficulties in extracting association rules are
memory management and the computational effort required to search for frequent itemsets. Controlling
the number of items to consider is the best way to deal with these difficulties. For two decades, several
studies have focused on the application of association rules for classification purposes (Liu et al., 1998,
Zatane and Antoine, 2002, Bahri and Lallich, 2010). The different classifiers that result from this work
produce results that are able to compete with those obtained using other approaches such as decision
trees (Mittal et al., 2017).

Segments are considered as transactions while descriptors (Itemset, frequency of appearance of
itemset, etc.). Let a set of descriptors Segments = {itemset!, itemsets2, itemset 3, ..., itemset [}, then a
set of segments can be represented as follows:

Segment, = {itemset,,, itemset,,, itemset,g, itemset,,, itemset;g}
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Segment, = {itemset,,, itemset,,, itemset,,, itemset,,, itemset o}
Segmenty = {itemsety, itemsets, itemsety, itemset,, itemset,}

This segment set allows us to construct a binary matrix where the segments are considered as
vectors and the itemsets as a descriptor, their intersection represents either the existence of the itemsets
as described by 1 or in the opposite case it is considered 0.

The binary matrix is generated based on the results of the completion of the process of itemsets
extraction, following that, the binary matrix is utilized as the input of the classifier. Thus, these
classifiers attempt to encounter the similarity between segments and finally cluster them in separated
classes.

Clustering methods

Unsupervised classification or Clustering as a technique for discovering subgroups within observations
is utilized broadly in applications like market segmentation wherein, we attempt and discover some
structure in the data. In our case we used unsupervised clustering method with textual data, our
experimentation is based on two clustering methods the Hierarchical method and a variant of K-
means named K-medoids clustering.

Dividing around Medoids, the K-medoids algorithm is a partitioning algorithm which is slightly
changed from the K-means algorithm. They both try to limit the squared-error yet the K-medoids
calculation is robust to noise than K-means calculation. In K-means calculation, they pick means as the
centroids however in the K-medoids, data points are chosen to be the medoids. A medoid can be
characterized as that object of a cluster, whose average dissimilarity to all the objects in the cluster is
minimal. The distinction between K-means and K-medoids is similar to the contrast among mean and
median: where mean shows the average value of all data items gathered, while median demonstrates
the incentive around that which all data items are equally distributed around it. The fundamental
thought of this algorithm is to initially process the K representative objects which are called as
medoids. After discovering the set of medoids, each object of the dataset is appointed to the nearest
medoid. The figure | represent and explain the K-medoids algorithm.

Input: Dissimilarity matrix D = {d;;};nxm, number of clusters &

Output: Partition C = {C,, ..., Cx}.
. Select the subset & < {1, ..., m}. lts clements are pointers to examples (prototypes)
2 While (not termination condition) do

3. Assign objects to cluster using the rule

argmind;; if 1 € k
C,-={jek, i=1,.,m
i otherwise

4. Update the examples, that is
ji = argming. ¢ = Z dyr=1,..k

tiCp=r
5. End while

6. Il'the index value remained unchanged afier testing m objects — Stop. Otherwise return to step
i

Fig. 1. Explanation of the K-medoids algorithm.

The Hierarchical clustering is an algorithm that cluster similar itemsets into classes. The endpoint is
a set of clusters, where each cluster is distinguished from each other, and the objects within each cluster
are extensively similar.

Hierarchical clustering commences by treating each itemsets as a discrete cluster. Then, it executes
repeatedly the two stages: (1) recognize the two clusters that are closest together, and (2) consolidate
the two most similar clusters. This last unless all the clusters are merged together. And the result is
represented as a dendrogram graph.
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Methodology

Our approach exploits frequent itemsets to describe documents. However, it does not require a training

phase, nor a ready database as word embedding. Frequent itemsets is extracted from each of the

segments and compared. The degree of similarity between two segments is a function of the number of
frequent itemsets they share. The assumption behind this approach is when words co-occur frequently
within sentences that make up a text, then these words are representative of that text. Thus, considering

a few frequent itemsets, it is possible to identify the specific themes covered in the documents. The

proposed approach has 5 steps:

The first step is segmenting the documents to prepare them for the extraction of frequent itemsets. The
documents are treated as sets of transactions where the sentences or subsections constitute the
transactions, and the words are the items. The number of different words likely to appear in a set of
textual documents is theoretically depending on the vocabulary size and the writing language of
documents. The number of words that forms French is estimated more than 500 000 by the Quebec
Office of the French Language. Considering this fact, it is possible to generate 2° % itemsets from
500 000 words, it is necessary to impose certain input text conditions to control the number of
words. The diversity of a lexicon increasing with the size of a text, we must limit the input texts to a
few thousand words.

The second step is dedicated to the reduction of the number of items and therefore of the search space
during the extraction of frequent itemsets. Some words deemed not very informative are removed
from the transactions. A list of 502 stop words is used. Numbers and punctuation characters are also
deleted. in addition, the lemmatization process is applied to unify the lexicon of the text, so the
inflected forms of a word can be analyzed as a single item.

The third step is to extract frequent itemsets. This step is performed using the Apriori algorithm. An
effort is made to identify a small number of frequent itemsets. The search for frequent itemsets is
done iteratively. During the first iteration, the minimum support is set to a high value. When the
number of frequently itemsets is less than 10, then the minimum support is decreased by 0.1. The
process stops when the number of items in the itemsets obtained is greater than a value specified by
the user (e.g. number of items = 3) or the minimum support is less than 0.1.

The fourth step is to establishes the degree of similarity between the segments. The frequent itemsets
used to describe the segments are compared. The greater the number of itemsets shared by two
segments, the most likely are judged similar.

The last step consists of clustering the similarity matrix using both Hierarchical method and K-medoids
clustering. The outputs of those clusters are plotted to visualize the quality of the clustering and
assisting the user to analyze the results.

Experimentation and discussion

In this section, we will be discussing two different experimentation writing in French language, the first
experimentation is well adapted document that possesses few paragraphs, however, the second one
simulates a real-world experimentation that covers a complex document.

In order to evaluate the proposed approach, we developed an application in C# capable to import
documents, pre-processing them and extract itemsets using our above-mentioned methodology, then
using RStudio for clustering and visualizing the resuits.

A well-adapted experimentation

In this experimentation, we worked on a small document consists of 22 paragraphs and covered 3
various subjects where paragraphs {1l to 4} converse on sport particularly “the biography of Michael
Jordan” while paragraphs {5 to 8} cover IT subject on “Microsoft company”, and the last paragraphs
19 to 22} contain only music subject such as “Wolfgang Amadeus Mozart”. Using this simple data as
an input in our approach with their 3 different thematics that specific to each subject provides
assistance in receiving the 3 expected clusters.

During our experiments, we pre-processed the document and extract the itemsets following the steps
mentioned earlier in the methodology section. Thus, we measured the discriminating power of frequent
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itemsets. We compared the clustering produced when the descriptors are the frequent itemsets versus
the clustering produced when the words are the descriptors.

Frequent Itemsets
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Fig. 2. K-Medoids clustering using Frequent [temsets with K = 3.

Figure 2 illustrates the accuracy obtained by considering frequent itemsets using the K-medoid
algorithm, herewith cluster | combines only the paragraphs {1 to 4} which covers sport, while cluster 2
combines the paragraphs {5 to 8} which is IT subject and the last cluster 3 combines the paragraphs {9
to 22} which is Music. These results are validated by the ascending hierarchical clustering (see Figure
3). We acknowledge the utilization of frequent itemsets as descriptors can be used to describe more

precisely the content of this document.
@ d

Fig. 3. Ascending hierarchical clustering using Frequent Itemsets.
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On the flip side Figure 4 shows a heterogeneous clustering by considering only unique words as
descriptors. We imply that various paragraphs {I.4} “Sport” and {5,6,7 and 8} “IT” are combined in
the same cluster 1 along with “Music”. Almost the same results are confirmed by the ascending
hierarchical clustering shown in Figure 5. While using only unique words as descriptors, we notice that
paragraphs dealing with subjects other than Sport are included into other paragraphs dealing with IT or
Music. It should be noted when frequent itemsets are considered, the similarity classes generated
converged into homogeneous clusters.
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Fig. 4. K-Medoids clustering using Unique Words with K = 3.
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Fig. 5. Ascending hierarchical clustering using Unique Words.

Real-world experimentation

The purpose of this second experiment is to demonstrate the relevance of utilization of
frequent itemsets as a descriptor of document, the experiment was performed on the book « La
civilisation des Arabes » writing in French language. The document contains 6 chapters grouped into 4
parts: part | {chapter | and chapter 2} covers “L’arabie” and “Les arabes”, part 2 {chapter 3} discuss
“Les Arabes avant Mahomet”, part 3 {chapter 4} narrate “Mahomet. Naissance de I'empire arabe”, and
finally part 4 {chapter 5 and chapter 6} talks about “Le Coran” and “Les conquétes des Arabes”. Using
our above mention methodology, we pre-processed the document, and run various experimentations
with different minimum support value ending up with satisfying result of 12% as a minimum support,
the itemset extraction method gives us 43 itemsets.

The high similarity of thematic makes this document a complex experimentation, the discrimination of

independent classes is not an easy process to define, even though our approach shows a huge capacity
to determine homogeneous classes as shown in Figure 6.
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Fig. 6. K-Medoids clustering using Frequent Itemsets with K = 4.

Taking into consideration that our graphic representation is plotted in a two-dimension, actually the
cluster 4 seems to be included into cluster |, however, after checking our input data we figure out that
segments of the cluster 4 are a specification of the big cluster | which both are treating the same

subject just the cluster | is covering general topic and the cluster 4 more specified ideas in the same
topic.
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Fig. 7. K-Medoids clustering using Unique Words for relatively big document with K = 4.

The Figure 7 demonstrates the lack of clustering the data based on unique words as a descriptor, on
the flip side proving the power of using frequent itemsets as a data descriptor for clustering.
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Conclusion and perspectives

We proposed an unsupervised approach to establishing relationships between textual records. The

proposed methodology depends on the utilization of frequent itemsets. These descriptors express the

co-occurrence of words within the sentences that make up a content. Frequent itemsets tend to be more

discriminating than unique words. In this way, they can improve the description of a class. One of the

upsides of the proposed strategy is that the outcomes delivered are easy to interpret. The experiments

carried out suggest that frequent itemsets, as defined, are sufficiently informative to be used to establish

coherent links between segments. Despite the good results obtained, we note that the choice of

thresholds (minimum support) remains a critical and decisive step, for this, and in a perspective of

improving our approach, we propose:

Develop a function using the R package «NbClust» for a dynamic choice and precise thresholds.

Utilize our extracted itemsets with various classification and/or clustering tools to figure out whether
we get the same or better improvement.

To generalize our prototype application in order to test our approach on different languages.
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