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Abstract

Automatic classification of documents is an important area
of research with many applications in the fields of document
searching, forensics and others. Methods to perform classifi-
cation of text rely on the existence of a sample of documents
whose class labels are known. However, in many situations,
obtaining this sample may not be an easy (or even possible)
task. Consider for instance, a set of documents that is re-
turned as a result of a query. If we want to separate the
documents that are truly relevant to the query from those
that are not, it is unlikely that we will have at hand la-
belled documents to train classification models to perform
this task. In this paper we focus on the classification of an
unlabelled set of documents into two classes: relevant and
irrelevant, given a topic of interest. By dividing the set of
documents into buckets (for instance, answers returned by
different search engines), and using association rule mining
to find common sets of words among the buckets, we can
efficiently obtain a sample of documents that has a large
percentage of relevant ones. (L.e., a high “purity”.) This
sample can be used to train models to classify the entire
set of documents. We prove, via experimentation, that our
method is capable of filtering relevant documents even in
adverse conditions where the percentage of irrelevant docu-
ments in the buckets is relatively high.

Keywords: Document classification, frequent itemsets,
support vector machines, partially supervised classifica-
tion.

1 Introduction

In information retrieval, such as content-based image
retrieval, web-page classification, or document retrieval,
we face an asymmetry between positive and negative
examples [23, 5]. Suppose, for example, we submit a
query to multiple search engines. Each engine retrieves
a collection of documents in response to our query.
Such collections include, in general, both relevant and
irrelevant documents. Suppose we want to discriminate
the relevant documents from the irrelevant ones. The
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set of all relevant documents in all retrieved collections
represent a sample of the positive class, drawn from an
underlying unknown distribution. On the other hand,
the irrelevant documents may come from an unknown
number of different “negative” classes. In general, we
cannot approximate the distributions of the negative
classes, as we may have too few representatives for
each of them. Hence, we are facing a problem with
an unknown number of classes, with the user interested
in only one of them.

Modelling the above problem as a two-class prob-
lem, may impose misleading requirements, that can
yield poor results. For example, lets assume for a mo-
ment that the positive and negative labels are available,
and all negatives are “alike”. We can apply Fisher dis-
criminant analysis, and therefore project the data onto a
subspace in which the ratio of the between-class scatter
over the within-class scatter is maximized [8]. By doing
so we require that the negative examples, as well as the
positives, shall cluster in the discriminating subspace.
This is an unnecessary requirement that can damage
the accuracy of the resulting model. In fact, most likely
negative examples belong to different classes, and the
few examples available per class cannot be representa-
tive of the underlying distributions.

As such, a two-class model may not reflect the
actual nature of the data. We are definitely better off
focusing on the class of interest, as positive examples in
this scenario have a more compact support, that reflects
the correlations among their feature values.

Moreover, more often than not, the class labels of
the data are unknown, either because the data is too
large for an expert to label it, or because no such expert
exists. In this work we eliminate the assumption of
having even partially labelled data.

In this work we focus on document retrieval, and
develop a technique to mining relevant text from un-
labelled documents. Specifically, our objective is to
separate a set of unlabelled documents in two classes:
positive (relevant) and negative (irrelevant) documents.
Our approach reflects the asymmetry between positive
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and negative data, and does not make any particular
and unnecessary assumption on the negative examples.
We do not assume that the positive examples form a
majority.

2 Related Work

In [10] the authors discuss a hierarchical document
clustering approach using frequent set of words. Their
objective is to construct a hierarchy of documents for
browsing at increasing levels of specificity of topics.
The algorithm starts constructing, for each frequent
itemset (i.e., set of words) in the whole document set,
an initial cluster of all the documents that contain this
itemset. Then, it proceeds making the clusters disjoint.
To this extent a measure of goodness of a cluster for a
document is used: a cluster is “good” for a document
if there are many frequent items (with respect to the
whole document set) in the document that are also
frequent within the cluster. Hence, each document is
removed from all the initial clusters but the one that
maximizes this measure of goodness. This stage gives
a disjoint set of clusters, that is used to construct a
tree of groups of documents. The tree is built bottom-
up by choosing for each cluster C; at a given level
the unique parent (cluster) with the largest similarity
score. By merging all documents in C} into a single
conceptual document, the similarity score between Cy
and its candidate parents is measured using a criterion
similar to the measure of goodness of a cluster for a
document.

[3] considers the problem of enhancing the perfor-
mance of a learning algorithm allowing a set of un-
labelled data augment a small set of labelled exam-
ples. The driving application is the classification of Web
pages. Although similar to our scenario, the technique
depends on the existence of labelled data to begin with.
(This technique could be readily used after ours to learn
a good classifier.)

Similarly, the work in [16] makes use of unlabelled
documents to construct classifiers with enhanced per-
formance. It is assumed that a set of (labelled) posi-
tive documents is given, and a (larger) set of unlabelled
documents is available. The technique initially consid-
ers the unlabelled data as negatives. It then applies
an iterative naive Bayes classifier, combined with the
EM algorithm to re-estimate class posterior probabili-
ties. Positive documents (called “spy”) are introduced
in the set of unlabeled data to estimate which docu-
ments are most likely the actual negatives.

The authors in [12] exploit semantic similarity be-
tween terms and documents in an unsupervised fashion.
Documents that share terms that are different, but se-
mantically related, will be considered as unrelated when
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text documents are represented as a bag of words. The
purpose of the work in [12] is to overcome this limita-
tion by learning a semantic proximity matriz [7] from a
given corpus of documents by taking into consideration
high order correlations. Two methods (both yielding
to the definition of a kernel function) are discussed. In
particular, in one model, documents with highly cor-
related words are considered as having similar content.
Similarly, words contained in correlated documents are
viewed as semantically related.

The work we present here serves a similar purpose,
by using association rule mining. The search for fre-
quent set of words, in a segmented corpus of exam-
ples, allows the selection of documents that share co-
occurrent terms, thereby considered to have a similar
content. Our method views documents as bags of words,
for the purpose of mining frequent itemsets, and, at the
same time, views itemsets (i.e., set of words) as bags of
documents (i.e., the documents that contain them), for
the purpose of retrieving the texts that have such words
expressed within. An analog duality is also observed in
Kandola et al. (2002).

3 The DocMine Algorithm

Given a document, it is possible to associate with
it a bag of words (Joachims, 1998; Dumais et al.,
1997; Leopold & Kindermann, 2002). Specifically, we
represent a document as a binary vector d € R, in
which each entry records if a particular word stem
occurs in the text. The dimensionality n of d is
determined by the number of different terms in the
corpus of documents (size of the dictionary), and each
entry is indexed by a specific term.

While many documents retrieved by a specific
search engine (a bad one) might be irrelevant, the rele-
vant ones are expected to be more frequent in the ma-
jority of buckets. In addition, since we can assume that
positive documents are drawn from a single underlying
distribution, a compact support unifies them across all
buckets. On the other hand, the negatives manifest a
large variation. We make use of these characteristics to
develop a technique that discriminates relevant docu-
ments from the irrelevant ones. In details, we proceed
as follows.

We mine each bucket to find the frequent itemsets
that satisfy a given support level. Each resulting itemset
is a set of words. The result of this process is a collection
of sets of itemsets, one set for each bucket. Now we
compute all itemsets that are frequent in m buckets

In our experiments we set m = s since we consider
a limited number of buckets (s = 5), driven by the
number of available documents per topic. We wish now
to retrieve the documents that support the itemsets that
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are frequent in m buckets. Then, for each frequent
itemset , we select the documents that have the itemset
expressed within. The resulting collection of documents
P represent the presumed positive documents, relevant
to our query. The algorithm, which we call DocMine
(Document Mining) is fully described in [1] along
with preliminary results on the purity of the sample of
positives obtained.

It is important to remark here that the DocMine
algorithm can be tuned to ignore small size itemsets
(i.e., sets of less than ¢ items). The reason for this is that
some words (or even small combinations of words) may
be common across documents of many different topics
(they would not discriminate). Our experience tells us
that, for instance, combinations of two frequent words
(itemsets of size two) are not sufficient to discriminate
among different topics.

4 Document Classification

Given the set P of (presumed) positives computed by
the DocMine algorithm, we can proceed towards the
definition, and training of a classifier. We wish to make
use not only of P, but also of the original whole set of
documents, with the objective of bootstrapping negative
documents as well.

We need to find a suitable representation of the
documents for the purpose of classifying them. The set
P contains the documents that support the collection
of frequent itemsets I,,. Such itemsets contain the
words of the dictionary that allowed the discrimination
of P, and discriminant features is what is needed for
classification. Hence, we can consider the union of
the words (i.e., frequent items) in I,,, and represent
a document in P as a bag of frequent itemsets. That
is: each entry of d € P is indexed by a word in
I,,. The actual value of the entry is the frequency of
the corresponing word in the document. This gives a
suitable representation since it is compact, and captures
the distinctive characteristic of the documents in P.
In this respect, the DocMine algorithm can be seen
as a dimensionality reduction and feature eztraction
procedure for the target class (or topic of interest). The
dimensionality of d is determined by the number of
frequent items in I,,,. In our experiments it varies from
40 to 60.

To select a set of likely negative documents from
the buckets we derive a data-driven threshold value.
We make use of the fact that the average number of
(distinct) frequent items is expected to be larger in
positive documents rather than in negatives. Let P be
the set of positives given in output by the DocMine
algorithm. We denote with A the set of all the
documents in the buckets. Note that all the documents
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share the same bag of frequent itemsets representation.
For each document d in P, we count the number Ng of
non-zero entries (i.e., number of distinct frequent items
in d). We then consider the inverse 1/Ng, and compute
the average Avep = 1/|P| )" 5(1/Nq) for all documents
in P. We proceed similarly for the documents in
A, and obtain the corresponding average value Avey.
Since we are averaging over the inverse of numbers
of non zero entries in documents, Aves will be larger
than Avep. We derive an estimate of the expected
average value Avey for the negatives from the equation:
Avey = (Avep + Avey)/2. (In reality this equation
may not hold, as the distribution of the positives and
negatives is not likely to be the same.) Thus we set
Aveny = 2Aves — Avep. We then consider as negatives
the documents d € (A — P) satisfying 1/Ng > Avey.

5 Experimental Results

To test the feasibility of our approach we use the
Reuters-21578 text categorization collection [14], omit-
ting empty documents and those without labels. Com-
mon and rare words are removed, and the vocabulary
is stemmed with the Porter Stemmer [18]. After stem-
ming, the vocabulary size is 12113. We also combine
the result provided by the DocMine algorithm with sev-
eral classification approaches, and compare the obtained
accuracy levels.

In our experiments, we consider five buckets of doc-
uments (s = 5), and vary the percentage R of relevant
documents (i.e., concerning the topic of interest) in each
bucket from 50% to 80%. As topics of interest, we select
the topics with the largest number of documents avail-
able in the data set. Once we have identified a topic, the
non relevant documents are randomly selected from the
remaining topics. We observe that some documents in
the Reuters data have multiple topics associated (e.g.,
grain and crops). In our experiments, a document is
considered positive if it has the topic of interest among
its associated topics. For each topic examined, we test
three different values of the minimum support (10%,
5%, 3%).

We have also investigated different threshold values
(from 2 to 5) for the cardinality of the frequent itemsets.
Only frequent itemsets of size above (or equal to) the
threshold are considered for the retrieval of relevant
documents. The rationale beyond this test is that if an
item is too common across different documents, then it
would have little discriminating power. The setting of a
proper threshold for this allows to discard frequently
used words (not removed during preprocessing) that
are not discriminating. Our experiments show that
threshold values of 4 or 5 (depending on the value of
the minimum support) give good results.
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Figure 1: Classification performance for topic earn with
One-class SVM. The x-axis corresponds to the R values.

We have observed that the most important measure
of the effectiveness of this step is the precision obtained
in the sample. The reason is that precision quantifies
the “purity” of the sample, whose documents we intend
to label as relevant to the topic at hand. We have
considered three different topics in our experiments:
earn, acq, and grain. The data set contains 3776
documents of topic earn, 2210 of topic acg, and 570
of topic grain. In each experiment, we distribute all
the available positives among the buckets, and adjust
the number of negatives accordingly to the R value
considered. For reasons of space, we only report here
the precision values for one topic. Further results can
be seen in [1] and in the longer version of this paper [2].

We compare the classification results of a num-
ber of different approaches (after applying DocMine),
namely: One-class SVM [20, 21]; Two-class SVM [22, 6]
(with bootstrapped negatives as described in Section
4); (SPY, SVM) [16, 17]; (SPY, EM) [16, 17]; (Rocchio,
SVM) [19, 17]; (Rocchio, EM) [19, 17].

LIBSVM [4] is used to build the SVM classifiers.
We used a Gaussian kernel K (x;,x) = 6_7“""_"”2, with
v set to the inverse of the number of input features.
We test the sensitivity of the classification accuracy
for different values of the soft-margin parameter. The
techniques SPY, SVM, Rocchio, and EM were tested
using the classification system LPU [17]. The method
SPY or Rocchio is used to identifying a set of negative
documents from the unlabeled set (documents in our
buckets). SVM or EM is then used to build and select
a classifier [15]. We emphasize that all the techniques
in [15, 17] assume the existence of a set of (labeled)
positive documents. Thus, we first apply our DocMine
algorithm to obtain such a collection of positives.

Classification results for the topics earn for values
of Supmin = 3% and minimum cardinality 5, are shown
in Figures 1-2. (Different settings were tested, and re-
ported in [2].) Accuracy is tested on the whole set of
documents in our buckets. Labels of documents are used
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only to test accuracy, and never during training. Fig-
ure 1 shows the precision values of a one-class SVM
trained with the set P computed by DocMine. The
results for different tested values of the soft margin pa-
rameter “nu” are reported. Figure 2 shows the precision
values of a two-class SVM trained with the set P com-
puted by DocMine, and the set of negatives obtained via
the technique described in Section 4. Here also, we show
the results for different tested values of the soft mar-
gin parameter “nu”. The two-class SVM, in general, is
able to achieve higher levels of accuracy, indicating that
our technique to bootstrapping negatives has the poten-
tial of enhancing classification performance. Although
we cannot show all the results, for a variety of combi-
nations of values of Supm:, and ¢, the two-class SVM
gives excellent performance, especially in adverse con-
ditions where the percentage of negatives in the buckets
is high. Robustness across different “nu” values is also
high. Figure 3 shows the precision values of different
combinations of techniques ((SPY, SVM), (SPY, EM),
(Rocchio, SVM), (Rocchio, EM)) applied using the set
P computed by DocMine. As also pointed out in [17],
the performance achieved by these methods at conver-
gence may often be considerably worst than the one
achieved at an intermediate step. Here we report the
best precision value (hand picked) achieved by any of
the steps (intermediate or at convergence). For the topic
earn the combination (Rocchio, EM) gives the best per-
formance across all conditions (Figure 3). As expected,
different methods may be well suited for different data
sets. Nevertheless, our techniques to bootstrap positives
and negatives, combined with two-class SVMs, show a
robust behavior across the conditions and data tested
(for values of “nu” in the range 0.15-0.20). This is a
very promising and encouraging result for the construc-
tion of accurate classifiers without using any labels for
training.
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Figure 2: Classification performance for topic earn with
Two-class SVM. The x-axis corresponds to the R values.
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Conclusions

have introduced a new algorithm, based on associ-

ation rule mining, to select a representative sample of
positive examples from a given set of unlabelled docu-
ments. Our experiments show that our method is capa-
ble of selecting sets of documents with precision above
90% in most cases, when frequent itemsets of cardinal-
ity 4 or 5 are considered. We emphasize that, in all
cases, the precision tends to reach high levels, as the
cardinality of the common itemsets grows, regardless of

the

value of the support, or the percentage of relevant

documents in the original buckets.
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Figure 3: Classification performance for topic earn with
(SPY, SVM), (SPY, EM), (Rocchio, SVM), (Rocchio,
EM). The x-axis corresponds to the R values.
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