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Abstract:

This contributions deals with the problem of documents classification. The proposed
approach is probabilistic and it is based on a mixture of a Dirichlet and Multinomial dis-
tribution. Our aim is to build a classifier able, not only to take into account the words
frequency, but also the latent topics contained within available corpora. This new model,
called sb − DCM , allows us to insert directly the number of topics (known or unknown)
that compound the document, without losing the ”burstiness” phenomenon and the clas-
sification performance. The distribution is implemented and tested according to two dif-
ferent contexts: on one hand, the number of latent topics is defined by experts in advance
and, on the other hand, such number is unknown.
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1. Introduction

In the Dirichelet Compound Multinomial (or DCM) distribution (see Minka 03, Madsen
05) the Dirichlet random variable is devoted to model the Multinomial word parameters
θ (the whole set of words as bag-of-bags) and the Multinomial variable models the word
count vectors (x̄ as bag-of-words) for each document. The distribution function of the
DCM mixture model is:

p(x̄|α) =
∫

θ
p(x̄|θ)p(θ|α)dθ, (1)

where the p(x̄|θ) is the Multinomial distribution and p(θ|α) is the Dirichlet distribution.
From another point of view, each Multinomial is linked to specific sub-topics and makes,
for a specific document, the emission of some words more likely than others. Instead
the Dirichlet represents a general topic that compounds the set of documents and thus the
DCM could be also described as “bag-of-scaled-documents”.
The added value of the DCM approach consists in the ability to handle the “burstiness”
of a rare word without introducing heuristics. In fact, if a rare word appears once along a
text, it is much more likely to appear again.

2. A Semantic-Based DCM

In the DCM we have a coefficient (αw) for each word compounding the vocabulary of the
set of documents which is called “corpus”. The DCM model can be seen as a “bag-of-
scaled-documents” where the Dirichlet takes into account a general topic and the Multi-
nomial some specific sub-topics.

1This work has been supported by MUSING 2006 contract number 027097, 2006-2010.
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Our aim in this contribution is to build a framework that allows us to insert specifically
the topics (known or latent) that compound the document, without losing the “burstiness”
phenomenon and the classification performance. Thus we introduce a method to link the
α coefficients to the hypothetic topics, indicated with β = {βj}, by means of a function
α = F(β) which must be positive in β since the Dirichlet coefficients are positive. Note
that usually dim(β) << dim(α) and, therefore, our proposed approach is parsimonious.
See Bonafede Cerchiello Giudici ’09 for more details.
Substituting the new function into the integral in (1), the new model is:

p(x̄|β) =
∫

θ
p(x̄|θ)p(θ|F(β))dθ. (2)

By substituting this linear combination into integral (2), we obtain:

p(x̄|β) =
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; (3)

This model is a modified version of the DCM, henceforth semantic-based DCM (sbDCM ).
An important aspect of the proposed approach is represented by the number R of topics
to be inserted into the semantic-based DCM. R can be:

1. a priori known (i.e. fixed by field experts);
2. unknown, so to be estimated on the basis of the available data.

We treat both the cases, reporting empirical results produced on the basis of real data.

3. Semantic-Based DCM with R unknown

Since it is not always possible to known in advance the number of latent topics present
in a corpora, it becomes very useful to arrange a statistical methodology for discovering
efficiently and consistently a suitable number of topics.
In our context we tackle the problem as follows: in order to generate the splitted coef-
ficients contained within the matrix D we have used a segmentation procedure to group
the words. The idea is to create groups of words sharing common characteristics that can
be considered latent topics. Such objective can be accomplished by applying a grouping
analysis on the correlation matrix calculated on the complete set of words count. Later on,
once completed the analysis by choosing the best number of groups, the cluster distance
matrix is used to set the membership percentage (dwt) of each word to each latent topic.
Two kinds of matrixes have been used in the grouping procedure. One matrix contains
the correlations among words (C) in the vocabulary and another one (G) is constructed
by calculating the Kruskal-Wallis index on the count matrix among words. The training
dataset contains 2051 documents with a vocabulary of 4096 words for both approaches.
The evaluation dataset (again the same for both models) contains 1686 documents which
are distributed over 46 classes. In Tables 1 and 2 we report the results from the two
tests obtained respectively by matrixes C and G and by varying the number of groups in
the cluster. In the tables we indicate with LLin the log-likelihood before the parameters
updating and with LLout after the iteration procedure which is stopped when the error
ε 10−10 is reached. The same with AICcin and AICcout that is the corrected Akaike
Information Criterion (AICc) before and after the uploading.
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Table 1:
Classification results by varying cluster numbers and using matrix (C)

Clussifier Measures sbDCM 5 sbDCM 11 sbDCM 17 sbDCM 23 sbDCM 46 DCM

LLin -282226 -265250 -252197 -247125 -242991 -222385

LLout -205412 -205614 -205601 -205597 -205602 -205286

AICcin 564462 530522 504228 494296 486074 454264

AICcout 410834 411250 411236 411240 411296 420066

NORMAL Ind1 68.13% 68.13% 67.95% 68.19% 68.13% 67.66%

COMP. Ind1 68.19% 68.31% 68.25% 68.37% 68.25% 68.78%

MIXED Ind1 68.07% 68.36% 68.43% 68.37% 68.31% 68.07%

Table 2:
Classification results by varying cluster numbers and using matrix (G)

Classifier Measures sbDCM 5 sbDCM 11 sbDCM 17 sbDCM 23 sbDCM 46 DCM

LLin -291257 -283294 -270360 -266453 -258061 -222385

LLout -205912 -204647 -204600 -204604 -204362 -205286

AICcin 582524 566610 540754 532952 516214 454264

AICcout 411834 409316 409234 409254 408816 420066

NORMAL Ind1 67.83% 67.71% 67.47% 67.42% 67.65% 67.66%

COMP. Ind1 67.95% 68.66% 68.55% 68.72% 68.60% 68.78%

MIXED Ind1 68.07% 68.13% 67.83% 67.71% 67.89% 68.07%

As we can see in the two Tables 1 and 2, the percentages of correct classification (Ind1)
are very close to the original ones with a parameter for each word (4096 parameters).
Of course they depend on the type of classifier employed during the classification step.
Considering both sbDCM and DCM, the differences produced by varying the number of
groups are small. Moreover the AICc is always better in the new approach then consider-
ing each word as a parameter (DCM model).

4. Semantic-Based DCM with R known in advance

A different approach needs to be assessed when the number of available topic R is known
in advance. In fact a text corpora could be enriched by several descriptions of treated
topics according to the experience of the field experts.
In more details, the analysis could be provided with a priori knowledge based on onto-
logical schemas that describe the relations among concepts with regards to the general
class argument of the corpora. For example, if a text set deals with the operational risk
management, we know that some specific sub-topics such as the general schema of possi-
ble operational problems will be almost surely treated in the texts. Thereby, the ontology
structure provides the set of possible relations among the concepts to which can be asso-
ciated, by a field expert(s), a certain number of key words.
In this context we employ the sbDCM to insert directly the R topics. We have used a set of
870 articles about Alitalia, covering a period of one year (sept 07-sept08). The 80% of the
articles are used to train the model and the 20% to validate the process. The objective is to
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classify the articles on the basis of the reputation ontology in order to understand the argu-
ment treated in the articles. The ontology classes used for the classification are: Identity,
Imagination, Integrity, Quality, Reliability, Reputation, Social Responsibility, Technical
Innovation, Value For Money. Those classes defines the concept of reputation of an en-
terprise. To link the ontology classes to the textual analysis we use a set of key words
for each class of the reputation schema. Since the articles are in Italian, the key words
are in Italian as well. For example the concept of Reliability which definition is the abil-
ity of a system to perform/maintain its functions in routine and also in different hostile
or/and unexpected circumstances. It involves customer satisfaction and customer fideliza-
tion, is characterized by the following set of key words: affidabilita, fiducia, consumatori,
risorsa, organizzazione, commerciale, dinamicita, valore, mercato. On the basis of these
key words, we perform a grouping analysis considering the 9 classes. From the clustering,
we derive the matrix D (see Bonafede et al (2009)).
First empirical results show good performance in terms of correct classification rate. We
have that over 171 articles we classify correctly the 68% of them. In figure 1 there is an
example of output of classification with the coefficients α calculated via sbDCM and the
Naive Bayes Classifier.

Figure 1: Example of classification via sbDCM and a Naive Bayes Classifier.
The key words belong to three different classes: technical innovation; quality;
reliabilty.
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