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Abstract. We extend the Forward Search approach for robust data analysis
to address problems in text mining. In this domain, datasets are collections of
an arbitrary number of documents, which are represented as vectors of thou-
sands of elements according to the vector space model. When the number of
variables v is so large and the dataset size n is smaller by order of magnitudes,
the traditional Mahalanobis metric cannot be used as a similarity distance
between documents. We show that by monitoring the cosine (dis)similarity
measure with the Forward Search approach it is possible to perform robust
estimation for a document collection and order the documents so that the
most dissimilar (possibly outliers, for that collection) are left at the end. We
also show that the presence of more groups of documents in the collection is
clearly detected with multiple starts of the Forward Search.
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1 Introduction

In text mining, where large collections of textual documents are analyzed by
automatic tools such as document classifiers or indexers to help human beings
to better understand their contents, the most used document representation
schema is the vector space model (VSM), introduced by [11] in information
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retrieval. This model transforms a text in a machine readable vector assign-
ing words to numeric vector components. Datasets are collections with an
arbitrary, sometimes large, number of units n (the documents) and each unit
is identified by dozens of thousands of VSM variables (the v document word
identifiers). In several text mining applications there is the need of estimating
a centroid for a given document collection, and to define an ordering of the
documents with respect to the centroid, from the most to the least repre-
sentative one. This ordering can be used to identify documents which have a
weak semantic relation with the dominant subject(s) in the collection.

Outlying documents are likely to be present in most text mining applica-
tions, either because they correspond to documents which are inconsistent
with the rest of the collection, or because of human mistakes in document la-
beling. Three popular strategies for robust estimation in presence of outliers
are the following (see, e.g. [7] for a review):

1. Use a reduced number of units in order to exclude outliers from the esti-
mation process;

2. Down-weight each unit according to its deviation from the centroid;

3. Optimize a robust objective function.

Disadvantages of these approaches are the fact that the percentage of units
to be discarded needs to be fixed in advance (strategy 1), that there is no
universally accepted way to down-weight observations (strategy 2) and that
optimization of complex functions may cause severe computational problems
(strategy 3). In addition, these strategies cannot be easily extended to het-
erogeneous datasets, with the purpose of identifying subgroups of similar
documents in the collection. A different approach is followed by a fourth ro-
bust strategy, the Forward Search (FS) [1, 3]: instead of choosing just one
subsample, a sequence of subsets of increasing size is fit and a problem-specific
diagnostic is monitored in order to reveal if a new observation is in agreement
with those previously included. Outliers are left at the end of the subset se-
quence and the effect of each unit, once it is introduced into the subset, can
be measured and appraised.

With VSM, where the number of variables v is so large and the dataset
size n is perhaps smaller by order of magnitudes, none of the above strategies
can use traditional metrics such as the Mahalanobis distance to measure
the similarity between docurments, as well as the distance from an estimated
centroid of the collection and any of the documents. The same drawback
also affects other robust distance-based methods for cluster analysis, like
TCLUST [5]. In this work, we extend the FS method to VSMs by adopting
the cosine similarity [14], a metric widely used in text mining. This metric is
the cosine of the angle between two vectors, which is therefore non-negative
and bounded between 0 and 1. It is also independent of the vector length.
More precisely, we propose to monitor the progression of the complement
to one of the minimum value of the cosine similarity between the subset
centroid and all units outside the subset. We will refer to this diagnostic as
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to the minimum cosine dissimilarity. Documents will be ordered with the FS
in such a way that the most dissimilar (possibly outliers, for that collection)
are left at the end of sequence. We will see that the extended FS algorithm
preserves the good properties shown by the FS in more traditional statistical
domains, such as regression [1], multivariate analysis and clustering [3].

The paper is structured as follows. Section 2 introduces the practical mo-
tivations for the work and gives details of the data. For our demonstrations,
we have used documents from a very rich source: the EuroVoc corpus. Then,
since the work relies on two choices, the VSM to represent documents and
the cosine similarity to measure their distance, Sect. 3 describes such choices
and some related work. Section 4 provides the results and shows the poten-
tial of the FS for text mining applications. In particular, Sect. 4.1 contex-
tualises the FS approach to text mining. All computations and simulations
have been performed by extending the robust routines included in the FSDA
toolbox of Matlab, downloadable from http://www.riani.it/matlab.htm
and http://fsda.jrc.ec.europa.eu [10].

2 The EuroVoc Cbrpus

This research is driven by a real need in the development of the JRC Eu-
roVoc Indexer (JEX) [13], a freely available multi-label categorization tool®.
JEX is a system which automatically assigns a set of category labels from a
thesaurus to a textual document. This software is based on the supervised
profile ranking algorithm proposed by [9], which uses the EuroVoc thesaurus.

The EuroVoc thesaurus? is a multilingual, multidisciplinary thesaurus with
currently about 6800 categories, covering all activities of the European Union
(EU). EuroVoc’s category labels have been translated one-to-one into cur-
rently 27 languages. It was developed for the purpose of manual (human) cate-
gorisation of all important documents in order to allow multilingual and cross-
lingual search and retrieval in potentially very large document collections. As
EuroVoc has been used to classify legal documents manually for many years,
there are now tens of thousands of manually labelled documents per language
that can be used to train automatic categorisation systems [9]. This collection
of documents is available for download at http://eur-lex.europa.eu/.

The number of documents inside each category is highly unbalanced and
follows the Zipf’s law distribution: few categories contain more than 3000
documents, and a large number of categories has few documents. Categories
belong to different domains and they can be very specific (e.g. Fishery Man-
agement) or very generic (e.g. Radioactivity). In both cases, we cannot ex-
clude the presence of groups in the documents.

! http://langtech. jrc.ec.europa.eu/JRC_Resources.html
2 http://Eurovoc. europa. eu/
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Fach English document of the corpus has to be preprocessed with an or-
dered series of operations. These include lowercasing each word (e.g. “The
White House, the” — “the white house, the”), tokenizing the text (“the white
house, the” — “the white house , the”) and removing high frequent words
(stopwords) using an external list of more than 2500 words ( “the white house
, the” — “white house”). This process reduces the vocabulary size and the
sparseness in the data. Then we translate the documents into their VSM
representations. For this purpose we count all the words in the full collection
after pre-processing and we keep a variable for each corpus term, including
those with zero frequency. The pre-processing work for the EuroVoc corpus
thus results in a VSM vector of 119, 112 variables, which is still sparse.

Models for thousands of categories are trained using only human labelled
samples for each category. The training process consists in identifying a list of
representative terms and associating to each of them a log-likelihood weight,
with the training set used as the reference corpus. A new document is repre-
sented as a vector of terms with their frequency in the document. The most
appropriate categories for the new document are found by ranking the cate-
gory vector representations (called profiles), according to their similarity to
the vector representation of the new document.

Despite the good performance provided by JEX, human label documents
are affected by the presence of outliers: documents which are either wrongly
assigned to a category or weakly correlated to the other documents into the
category. The main motivation of the proposed extension of the FS is the
automatic detection of these outliers, which have to be removed from the
training data used by JEX.

3 Similarity in the Vector Space Model

In information retrieval the VSM was proposed to automatically retrieve doc-
uments which are similar to an input query [11]. In the VSM, a document
d is represented in a high-dimensional space, in which each dimension cor-
responds to a term in the document. Formally, a document is a vector of v
components d = (t1,%2,...,%,). A component, called term weight, measures
how a term is important and representative. In general, v can be the vo-
cabulary containing all terms of a natural language or all specific terms in
a collection of documents. This representation produces very sparse vectors,
which have only few non-zero terms.

Different options for the term weight are possible, most of which are dis-
cussed in [12]. The most used is the frequency count of a term in a doc-
ument (term frequency). The higher the count the more likely it is that
the term is a good descriptor of the content of the document. Other, more
complex, approaches exist that take into account the distribution of a term
in all the available documents. However, despite its limitations, the term
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frequency measure is easy to compute and is still the most popular choice
in text mining applications. Therefore, we restrict ourselves to a VSM where
each component of d is defined as a frequency count. Similarly, in this work
we do not explore possible extensions of the basic model, such as the Phrase-
based VSM [8], or the Context VSM [4].

[12] arguments that the similarity between two documents may be ob-
tained, as a first approximation, by applying the standard dot product
formula on the boolean vector representation of the two documents. This
representation would measure the number of terms that jointly appear in the
two documents. In practice, it is preferable to use weights lying in the range
[0,1], in order to provide a more refined discrimination among terms, with
weights closer to 1 for the more important (frequent) terms. This naturally
vields to take as a similarity measure the cosine of the angle between two
VSM vectors:

S, diid@)
VEL BV, B0

Index (1) is called the cosine similarity between dy and dy, while 1 —
cos(dy, ds) represents the cosine dissimilarity. The value of cos(dy,dsz) is O
if the two vectors are orthogonal, and 1 if they are identical. By definition,
the numerator takes into account only the non-zero terms of both vectors,
while the denominator is affected by all components of the vectors. Note that
the cosine similarity between large documents in general results in small val-
ues, because they have poor similarity values (a small scalar product and a
large dimensionality).

Since its introduction, the cosine similarity has been the dominant docu-
ment similarity measure in information retrieval and text mining (see e.g. [6]).
A key factor for its success is its capacity of working with high-dimensional
vectors, as it projects the vectors into the first quadrant of the circle of radius
one. This goes at the expenses of the information lost in the drastic reduc-
tion of dimensionality. A potential drawback of working with the pairwise
measure (1) is its lack of invariance under different correlation models for
the v term frequencies appearing in d; and ds. However, a Mahalanobis-type
approach is unfeasible in text mining applications, except in very particular
situations. This is the price to pay when we work with v > n.

cos(dy,dg) = 1)

4 Data Analysis with the Forward Search

4.1 Steps of Forward Search for Text Mining

The FS builds subsets of increasing size m, starting from a small number of
units (the VSM vectors), e.g. mg = 5, until all units are included. The subsets
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are built using this ordering criterion: at step m, compute the centroid of the
m units in the subset and select for the next subset the m + 1 units with
smaller cosine dissimilarity from the centroid. Then, as m goes from mg to
n, we monitor the evolution of the minimum cosine dissimilarity. In absence
of outliers we expect a rather constant or smoothly increasing statistic pro-
gression. On the contrary the entry of outliers, which by construction will
happen in the last subsets, will be revealed by appreciable changes of the
minimum cosine dissimilarity trajectory. A similar behaviour is observed in
presence of different groups when we look at the data from the perspective
of a centroid fitted to one group. While for outlier detection a single forward
search from a good starting subset is sufficient to reveal possible isolated out-
liers, for cluster identification many searches are needed. Those starting in a
same group, will reveal the group presence in the form of converging group
trajectories, such as those highlighted in Fig. 2. The precise identification
of outliers and groups, with given statistical significance, is possible using
confidence envelopes for the cosine dissimilarity, that can be found along the
lines of [2]. Refer to [2] also for details on the key concepts recalled in this
section.

4.2 Synthetic Data

The distribution of the terms in a corpus, which typically follows a power
law (Zipf’s distribution), can be easily estimated once the documents are
translated into their VSM representation. Based on the estimated distribu-
tion parameters of the EuroVoc corpus, we have built synthetic datasets of
100 units and 119112 variables having cosine similarity for each pair of vec-
tors around 0.8. Such synthetic datasets are used to study the properties of
the proposed statistical analysis for a collection of documents with features
mimicking those of the EuroVoc corpus.

The left panel of Fig. 1 shows the monitoring of the minimum cosine dis-
similarity trajectories of 500 randomly started forward searches, for one of
these synthetic datasets. A prototype trajectory is displayed by a black solid
line. It is uneventful and well included within the bootstrap bands obtained
by random selection of the starting point. Therefore, this plot provides ev-
idence of what we can expect from the FS under the null hypothesis of an
homogeneous collection of documents.

On the right panel of Fig. 1 five units of the same dataset have been
shuffled. In the VSM this corresponds to considering 5 documents with com-
pletely different cosine similarity values from the rest of the documents in the
collection. Outlyingness of these observations is clearly reflected in the plot
by the large peak at the end of the searches, when the anomalous units enter
into the fitting subset regardless of the actual starting point. It may also oc-
casionally happen that a search is randomly initialised with one of such units,

’
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Fig. 1 500 random start forward searches for a synthetic dataset, homogeneous
(left panel) and with 5 shuffled units (right panel)

but then the algorithm is immediately able to recover and to substitute the
anomalous observations in the fitting subset with uncontaminated ones. In
the parlance of the FS, we say that interchanges have occurred in the first
steps of the algorithm.

4.3 FEuroVoc Data

Figure 2 shows the minimum cosine dissimilarity trajectories of 500 randomly
started forward searches, for two EuroVoc datasets. The left panel is about
category C7, formed by 26 units and 119112 variables. The structure of this
plot is very different from what we have seen in Figure 1, both for the case of

10 15 20 25 0 20 40 60 80

Fig. 2 500 random start forward searches for two EuroVoc datasets, classified by
professional librarians to categories identified with C7 (left panel) and C174 (right
panel)




270 M. Turchi et al.

0.8r

0.67

0.4r

0.2

o 5 10 15 20 25 0 20 40 60 80

Fig. 3 Individual trajectories of the cosine dissimilarity measures for all the docu-
ments from their overall mean in one of the runs that clarifies the group structure
in Figure 2. Left panel: category C7; right panel: category C174.

uncontaminated data and when outliers are present. Specifically, at step 18
there are only three groups of 418, 15 and 67 trajectories (respectively from
the top to the bottom one). Each group is formed by trajectories that, starting
from different initial subsets of documents, converge to the same path. This
behaviour provides clear evidence of a cluster structure, because the searches
that start in individual groups continue to add observations from the group
until all observations in that cluster have been used in estimation. There is
then a sudden change in the cosine dissimilarity measure as units from other
clusters enter the subset used for estimation. We conclude that category C7
of the EuroVoc corpus cannot be considered homogeneous, but displays three
different substructures. This analysis can be supplemented by a forward plot
of the individual trajectories of the cosine dissimilarity measures for all the
documents from their overall mean in one of the runs that clarifies the group
structure in Figure 2. This plot is shown in the left panel of Figure 3. Despite
the reduced sample size, three groups of trajectories with different shapes
emerge, with one of them “crossing” the other two.

Our analysis is repeated for category C174. Here the pictures are even
clearer, thanks to the increased sample size (n = 81 documents, again on
119112 variables) and to the presence of only two groups. These clusters are
identified, at step 40, by two bunches of 39 and 461 trajectories, respectively,
of the minimum cosine dissimilarity in the right panel of Figure 2. They
are also clearly visible in the right panel of Figure 3, where the individual
trajectories from the two groups are well separated.

The practical relevance of these results consists in being able to distinguish
between rather homogeneous sets of documents, possibly contaminated by
isolated outliers, and sets formed by different groups. Depending on the final
application, outliers and subgroups can be treated differently. For instance,
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groups can be used to build a committee of classifiers rather than a single
one for the entire dataset.

5 Summary

In this paper we have extended the Forward Search approach for robust data
analysis to address some relevant issues in text mining, such as the detec-
tion of outlying documents or the identification of possible clusters in the
data. This achievement has been reached by replacing the traditional Maha-
lanobis metric of multivariate analysis, which cannot be applied in situations
where the sample size is smaller by order of magnitudes than the number of
variables, with the cosine dissimilarity measure.

It is well known that when using the VSM, documents can talk about the
same theme even using very different set of terms, resulting in low cosine
similarity. In this case our approach would identify different groups in the set
of documents. This effect can be limited by the adoption of more sophisticated
text representation schemes such as the Concept VSM, where each component
of the numeric vector represents a concept that is identified by a group of
semantically similar terms. As the cosine similarity is a reasonable distance
also for concept vectors, our Forward Search extension to text mining would
be still applicable.
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