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Abstract
In this paper we consider a peculiar lexical table having as general term the number

of times the forms of two different vocabularies, collected on the same units, are simultaneously
present. On this peculiar matrix we apply, first of all, a factorial data analysis method for
visualizing and extracting keywords and successively, by means of a co-clustering technique,
we identify classes of keywords for the two different corpora.

The main results of this strategy are shown by an application on two corpora defined
by the language used by a set of firms on their official web sites for describing their core
mission and the language they use in searching new employers.
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1. INTRODUCTION

The typical frequency matrix considered in Textual Data Analysis consists in
a matrix T (words x documents) whose general element is given by the occurrences
of each word in each document, according with the Bag-of-Words scheme in which
documents are transformed into document vectors.

For visualizing and describing the information collected in this matrix,
different kinds of approaches have been used. In a Multidimensional Data Analysis
framework, Correspondence Analysis (CA, Benzécri, 1973) has been applied on T
with the aim of synthesizing and visualizing on factorial planes the relationship of
interdependence between words and documents. A non symmetrical scheme
(NSCA, Lauro and D’Ambra, 1984) has been proposed by Balbi (1995) as a more
suitable alternative when it is supposed that variables play different roles, in the
viewpoint of a precedence/consequence relationship.

The two approaches are based on different metrics. In particular, words and
documents in CA are represented by considering a Chi-square metric, while in
NSCA we consider an Euclidean metric for documents and a weighted Euclidean
metric for words (Balbi and Misuraca, 2005).

In a classification framework, the most used algorithms proposed for clustering
rows and columns of T consider only one-way at a time, i.e. one dimension of the
table with respect to similarities along the second dimension.
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The element fij represents the co-presence of the i-th term of a 
vocabulary with the j-th term of the other one. The marginal distribution fi. is 
the sum of all the combinations of the i-th term with the q terms of the other 
vocabulary. Analogously, f.j is the sum of the combinations of the j-th term with 
the p terms of the other vocabulary. 

                                                 
1 The corpora are normalized, lexicalized and a quite deep stemming is performed. For 
a more detailed explanation see par. 5 

2. THE CO-PRESENCE MATRIX

For example documents may be classified by using clusters based on the 
distribution of words. A different algorithm has been proposed for co-clustering 
simultaneously rows and columns of a contingency table in order to obtain a 
“hard-clustering” of both, so that the loss in “mutual information” in the T 
matrix is minimized (Dhillon et al., 2003). 

In this paper we propose to jointly use a factorial and a co-clustering 
approach with the aim of extracting and classifying keywords starting from the 
data collected in a particular matrix  (words × words) called “co-presence 
matrix” (Grassia et al., 2004). 

Let us consider the nYq, and nZp matrices as lexical tables containing two 
different pre-processed sets of p and q words1 referred to the same set of  n 
individuals. 

In order to construct the co-presence matrix, we transform the nYq and 

nZp, in and , indicator matrices having, as generic element the 

presence/absence of the different words listed in the vocabularies used by 
individuals. The internal product between these matrices determines the co-
presence matrix 

Yn q Zn p

pFq (Fig. 1). 

Fig. 1: The Co-presence matrix
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3. REPRESENTING AND SYNTHESIZING INFORMATION IN THE
CO-PRESENCE MATRIX

By analysing the matrix F it is possible to study the relationships 
between words belonging to two different corpora but referred to the same set 
of units, e.g. the languages used in a sample survey used by the same 
individuals in open questions before and after a particular event, or the 
languages adopted by the same individuals for describing themselves and their 
aims, attitudes, habits. 

Multivariate descriptive analyses are classical statistical tools for dealing with 
survey data collected in a simple (or multiple) contingency table. In textual 
statistics, the peculiar contingency table crossing words and a partition of the 
observations induced by the levels of a categorical variable are generally 
investigated with Correspondence Analysis (Lebart et al., 1998).  

CA is a factorial technique with the aim of analyzing the association 
between qualitative variables, by identifying a latent structure. The core 
analysis consists of factorial displays in a peculiar Euclidean distance, based on 
Chi-square, with some good properties. Particularly, it gives the same attention 
to the behaviour of frequent and infrequent elements. Therefore it is useful in 
underlining the keywords in a base document, as most frequent words or most 
characteristic terms.  

For applying CA on the pFq co-presence matrix we consider the 
matrices pDp diag (fi.) and qD q diag (f.j) respectively as weights and metric of 
the subspace in which p words are represented (the opposite in the subspace of 
q terms). 

From a mathematical point of view, the principal factorial axes of CA 
are obtained by the generalized Singular Value Decomposition of the matrix 

pFq: 
 

T  =    VF Up q p k k k k q  (1) 

 
with the following ortho-normalized constraints:  
 

T . 1 T . 1
U D U = V D V = Ik p p p p k k q q q q k k k  (2) 

 

The matrix k k  of the k singular values has, as generic element, the 
square root of the eigenvalues , belonging to the matrix pFq qFp

T. The 
coordinates of the points on the th  factorial axis are, respectively: 
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1/ 2
.=i i if u  (3) 

1/ 2
.=j j jf v  (4) 

Let us note that the metric used in both subspaces is the Chi-square 
metric, therefore the words in each subspace have the same importance, i.e. the 
same attention is given to the frequent and infrequent elements. 

CA assumes a symmetrical association between the different sets of 
words collected in pFq. On the contrary, Non Symmetrical Correspondence 
Analysis is a more suitable approach for analysing the co-presence matrix if a 
non-symmetric relation can be supposed, such as dependence of a vocabulary 
from the other one (Grassia et al., 2004).  

3.1 GEOMETRICAL REPRESENTATION AND KEYWORD SELECTION 

In textual data literature the use of keywords is generally introduced for 
representing documents as vectors of keywords. Therefore keywords are often 
chosen as the most representative words by taking into account the frequency of 
each word in a document.  

In this paper we propose to select keywords for synthesizing and 
representing a corpus, by considering the results of the CA on the co-presence 
matrix. In particular, the results of CA on pFq are graphically represented on 
factorial maps drawn by considering pairs of principal axes. 

Some interpretation rules have to be taken into account in reading these 
representations: 
- the clouds of words belonging respectively to the two vocabularies have the 
same origin; 
- the scattering of the points around the origin visualizes the association 
structure between the words of the two vocabularies; 
- if two words of one vocabulary are close, they are used in a similar way with 
respect to the words of the other vocabulary; 
- the relative position of a word of one vocabulary and a word of the other one 
can be evaluated only with respect to the whole cloud of points; 
- the importance of each point in determining and explaining each factorial axis 
is calculated in terms of its absolute contribution. Particularly, it is calculated 
as the weighted squared coordinate of the j-th word on the -th principal axis: 
 

2
.ca ( )

jjj f=  (5) 
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4. THE CO-CLUSTERING METHOD

 
in the other subspace as : 
 

2
.ca ( )

iii f=  (6) 
 
the weighted square coordinates of the i-th word. 

Therefore, the absolute contribution is a measure of the role played by 
each point in determining the -th principal axis. This measure becomes very 
important in our strategy because we consider it for extracting the meaningful 
information of each corpus. In particular, we decide to synthetize the 
information in the co-presence matrix with the most representative words and 
we choose, as keywords, the words with the highest absolute contribution on 
the principal axes (obtained by the CA results). 

Because of the absence of objective rules in determining how many 
axes we consider, a reasonable way is to take, as a criterion, the percentage of 
explained inertia with respect to the total inertia.  

With the aim of classifying keywords we introduce the co-clustering method. 
Two-way classification techniques allow to obtain at the same time clusters of 
rows and columns of a data matrix, both in case of quantitative and qualitative 
data (Castillo and Trejos, 2002; Bock 2003a,b). The co-clustering technique 
consists in a simultaneous clustering of rows and columns of a contingency 
table for obtaining row-clusters and column-clusters simultaneously.  

By referring to word x document matrices, Dhillon et al. (2003) propose 
a co-clustering algorithm which monotonically decreases the loss in mutual 
information. The starting hypothesis of this approach, named “Information 
Theoretic Co-clustering”, is: the initial frequency table is considered as an 
empirical joint probability distribution of two discrete random variables.  

Let Y and Z be two discrete random variables taking values in {y1,…,yp} 
and {z1,…, zq}, cross-tabulated in a contingency table on rows and columns 
respectively. Furthermore, let p(Y,Z) denote the joint probability distribution of 
Y and Z. If p(Y,Z) is unknown, it may be estimated on the basis of the observed 
values in the contingency table.  

The co-clustering algorithm simultaneously classifies Y into (at most) k 
disjoint clusters and Z into (at most) h disjoint clusters. Let the k clusters of Y 
be written as: }ˆ,,ˆ{ 1 pyy and the h clusters of Z be written as: }ˆ,,ˆ{ 1 qzz . We 
are interested in finding maps CY and CZ : 
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CY: {y1,…,yp} }ˆ,,ˆ{ 1 pyy  (7) 

CZ: {z1,…, zq} 1̂ ˆ{ , , }qz z  (8) 

In the following we use Y  for Cˆ
Y(Y) and Ẑ  for CZ(Z),  and Ŷ Ẑ  are 

random variables that are deterministic function of  Y and Z, respectively. Let’s 
observe that Y and Z are separately clustered, but the partition functions depend 
upon the entire joint distribution p(Y,Z). 

The clustering criterion2 minimised by the proposed algorithm is the 
loss in mutual information: 

)),(*p||),D(p()ˆ,ˆI(),I( ZYZYZYZY  (9) 

where I(Y,Z) denotes the mutual information between Y and Z,  denotes 
the mutual information between Y  and 

 )ˆ,ˆI( ZY
ˆ Ẑ , and D( || ) denotes the Kullback-

Leibler divergence, also known as “relative entropy”. 
The  distribution is an approximation distribution that is close 

to p(Y,Z) in the Kullback-Leibler divergence and it has the following form: 
ZY ,*p

* ˆ ˆˆ ˆp ( ) p( ) p( | ) p( | )=y, z y, z y y z z           where zzyy ˆ,ˆ  
  

(10) 

The algorithm terminates in a finite number of steps when  the loss in 
mutual information cannot be decreased by a reassignment of an existing 
distribution to a different cluster distribution or by defining a new distribution 
for any of the exiting clusters. 

It is interesting to underline that the results of this algorithm, as the 
results of the major part of the non-hierarchical clustering algorithms, directly 
depend from the initial choice of the number of clusters of row and column. 

4.1 CO-CLUSTERING  FOR CLASSIFYING KEYWORDS 

In our strategy we use the co-clustering algorithm on a reduced matrix derived 
from the original co-presence matrix pFq.  

In particular, on the basis of CA results (see par. 3.1), we select p* and 
q* keywords among the words of each corpus respectively. Successively, the 

                                                 
2 The two-way clustering algorithm proposed by Bock (2003a,b) uses a more general 
clustering criterion ( -divergence) 
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starting matrix pFq is transformed (Fig. 2) into a reduced matrix (keywords 

×keywords)  *
* *Fp q

Fig.2: The reduced ( keywords x keywords)  co-presence matrix.

 

The selection of the keywords is, in our strategy, the initial step for 
characterizing and synthesizing the considered corpora. Therefore, it allows 
both to reduce the high dimensionality of the textual data matrix and to identify 
the words characterizing the documents. 

With the aim of obtaining groups of keywords, we apply the co-
clustering algorithm on the matrix . In this way, we obtain different 
clusters for the keywords belonging to one corpus and for the keywords 
belonging to the other one. These clusters are distinct but we known that, in 
each step of the algorithm, the row-cluster prototypes incorporate column 
clustering information and vice versa. This is very important in our framework, 
because the different vocabularies are referred to the same set of units. 
Therefore, when we derive groups of keywords we are describing the units with 
respect to the two used vocabularies. 

*
* *Fp q

By using the same strategy, but starting from a different matrix, it is 
possible to simultaneously derive clusters of units and clusters of keywords. 

In the first step, we consider the initial lexical tables nYq and nZp, and 
we apply the CA on each of these tables. Furthermore, we construct the 
juxtaposed matrix n(Y||Z)p+q. This matrix has the units as rows and the words of 
the two vocabularies as columns. On the basis of the absolute contribution 
derived by CA, we can select  two sets of keywords p* and q*. Then, the 
reduced juxtaposed matrix n(Y*||Z*)p*+q*  is derived (Fig. 3). 

words x words keywords x keywords
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5. CHI SIAMO,  CHI CERCHIAMO: AN ANALYSIS ON FIRMS
OFFICIAL WEBSITE

 

By applying a co-clustering algorithm, groups of units and groups of 
keywords, belonging to two corpora, can be obtained. This strategy with respect 
to the first one (on ) allows to directly consider the information referred to 
the units and to use it for deriving groups of words. 

*
* *Fp q

In the following, we present an application on the languages used by 
firms in their website. Particularly a strategy on the keywords x keywords 
matrix is focused.  

In order to analyse the language used by firms to look for new employees by 
ads in the web, data have been collected from the portal www.carrierain.it, a 
website created by Mercurius Association (Italy) for helping freshly graduated 
and high school graduated people to find a job. 

The Mercurius Network includes five portals dealing with training, 
temporary job, and job searching. The “company profile” section in the job 
searching portal lists 282 different companies. Personnel selection companies 
and provisional work agencies have been barred from the dataset we 
considered, because they use a peculiar and very standardized language related 
to their intermediary role. Therefore only 167 firms performing in different 
business sectors have been considered. 
 Two different corpora have been collected, one including general 
information about firms, their history, structure and activity (namely “chi 
siamo”, About Us), and the other one including specific information about job 
vacancies (namely “chi cerchiamo”, Careers). The documents have been 
normalized by automatic procedures in order to reduce the possibility of data 
splitting, e.g. by converting all the capital letters to the lower case or by 

Fig. 3: The reduced (units x keywords||keywords) juxtaposed matrix

units x (words || words) units x (keywords || keywords)
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conforming the notations for acronyms or dates. Through a compounding 
process, minimal sense units such as multiwords and polywords, are selected 
and lexicalised, in order to avoid trivial cases of ambiguity. 

After creating the vocabularies, a filter on word occurrences has been 
introduced and an internal stemming has been performed (Lebart et al., 1998). 
We consider two lexical tables including, for each firm, 375 words related to 
About Us and 530 words related to Careers respectively. The co-presence 
matrix obtained by crossing the transformed lexical tables has 530 rows and 
375 columns. 

For visualizing the general information contained in each vocabulary, 
the (530 × 375) matrix has been analysed by CA. In terms of explained inertia, 
the first two factors calculated by CA explain about 11% of total inertia. This 
value is deemed to be significant by us since we consider that every term 
provides a 0.003% contribution. In Fig. 4 the first factorial plane is represented, 
by simultaneously projecting words belonging to the two vocabularies3. For 
better readability only the most meaningful words are visualized. 

Dealing with an explorative viewpoint, we identify on the map three 
interesting groups of words. On the top-left side there are words related to firms 
operating in the field of new technology (c_information technology, 
c_automazione, c_networking, etc.). For defining “who we are searching for” 
these firms use words proper of informatics (programmatore, analista, 
sistemista, javascript). On the top-right side there are the multinational 
companies (c_leader, c_paesi, c_produzione) searching for chemical engineers 
and marketing experts (marketing, ingegneria chimica). Finally on the bottom 
side there are the traditional firms (c_formazione professionale, c_fiscale, 
c_missione) oriented to customer satisfaction (c_satisfaction). These enterprises 
search for candidates on national territory for managerial and executive 
positions (territorio nazionale, direzione, manager). 

For applying the second step of our strategy the meaningful 
information of each corpus is filtered by defining as keywords the words with 
the highest absolute contribution to the axes. 

In particular, we consider the word contributions to the first 10 axes 
(35% of total inertia). In fact, in the successive ones the words provide 
contributions approximate equal to 0. 

                                                 
3 In the following we identify words related to About Us by pre-appending the tag “c_” 
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Fig.4: The first factorial plane: joint display of both vocabularies.

 

The reduced matrix of keywords, ,  has, in this case study, 197 
rows and 167 columns. On this matrix we have applied the co-clustering 
algorithm by considering 6 classes for the rows (About Us) and 6 classes for the 
columns (Careers). 

*
* *Fp q

The results of the co-clustering on the keywords matrix can be 
synthesized as follows. Let us remember that the classes are defined on the 
basis of the keywords with the highest mutual information (in parenthesis), and 
even if the classes are constituted only by words, the units are the same hence 
the two languages allow us to describe firms and the candidates they ask for. 

As regards to the rows, the first class is characterized by the 
multinational firms with an international and global market (mondiale, 
internazionale, globale). The second class consists in consulting firms, 
consumer oriented (società di consulenza, servizi, clienti, soluzione). The third 
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one represents certification firms characterized by ICT (iso9001, certificazione, 
communication technology, informazione). Firms oriented to energetic and 
chemical production with a national market belong to the fourth class (energie, 
petrolchimica, raffinazione, gas naturale, nazionale). In the fifth class there are 
innovative software houses, production oriented (software houses, programmi, 
qualità). Finally, the sixth class is characterized by ISP firms (servizi internet, 
e- commerce, giovane). 

As regards to the columns, the first class is defined by words describing 
as candidates young people with managerial capacity and organizational ability 
(giovane, competenza, manageriale, organizzativa). The second class is 
characterized by a wide importance given to the information system 
management (gestione, sistemi, informativi, automazione) and to outsourcing. 
In the third class there are words describing mechanical and chemical engineers 
(ingegneria meccanica, chimica, installazione) for high-qualified jobs. The 
fourth class describes people with a dynamic attitude (dinamismo, incontri). 
The fifth class describes people able to improve chances in a stimulating 
environment(stimuli, opportunità di crescita, motivato). Team work capacity 
and individual creativity are also required. The sixth and last class is constituted 
by high school graduated junior analyst (junior, diploma, windows). 
 

SOME REMARKS 

The proposed strategy, based on the joint use of a multidimensional data 
analysis method and a peculiar co-clustering algorithm, furnishes  interesting 
tools for the visualisation and the classification of textual data. 

The co-clustering algorithm could be proper applied also on the results 
of a non symmetrical correspondence analysis. In this case it can be interesting 
to define the “mutual information” by taking into account the dependence 
relationship. Furthermore, it could be necessary to introduce in the co-
clustering algorithm, a less subjective criterion for initially defining the number 
of clusters. 
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UNA STRATEGIA PER VISUALIZZARE, SELEZIONARE E 

CLASSIFICARE KEYWORDS NELL’AMBITO DELL’ANALISI 

DEI DATI TESTUALI 
Sommario 

In questo lavoro viene presentata una strategia per l’identificazione e la 
classificazione di parole-chiave come sintesi di dati testuali.  In particolare , si 
costruisce  una particolare matrice di dati testuali, chiamata matrice di co-presenza, il 
cui elemento generico rappresenta il numero di volte in cui le parole appartenenti a 
due vocabolari diversi sono utilizzate dalla stessa unità statistica. Tale matrice viene 
analizzata con l’Analisi delle Corrispondenze Multiple e viene ridotta a una matrice di 
keywords appartenenti a due vocabolari differenti. A partire da questa nuova matrice, 
attraverso un metodo di co-clustering, si definiscono gruppi di keywords. Nel lavoro è 
presentata un’applicazione sul linguaggio utilizzato dalle imprese nel descrivere se 
stesse e le caratteristiche delle persone da assumere . 


