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Abstract. Free access to scientific papers in major digital libraries and
other web repositories is limited to only their abstracts. Current keyword-
based techniques fail on narrow domain-oriented libraries, e.g., those con-
taining only documents on high energy physics like those of the hep-ex
collection of CERN. We propose a simple procedure to cluster abstracts
which consists in applying the transition point technique during the term
selection process. This technique uses the mid-frequency terms to index
the documents due to the fact that they have a high semantic content. In
the experiments we have carried out, the transition point approach has
been compared with well known unsupervised term selection techniques.
Transition point technique shown that it is possible to obtain a better per-
formance than traditional methods. Moreover, we propose an approach to
analyse the stability of transition point term selection method.

1 Introduction

Nowadays, very short text clustering on narrow domains has not received too
much attention by the computational linguistic community. This is derived from
the high challenge that this problem implies, since the obtained results are very
unstable or imprecise when clustering abstracts of scientific papers, technical
reports, patents, etc. But, as we can see, most digital libraries and other web-
based repositories of scientific and technical information nowadays provide free
access only to abstracts and not to the full texts of the documents. Moreover,
some institutions, like the well known CERN1, receive hundreds of publications
every day that must be categorized on some specific domain with an unknown
number of categories. This led to construct novel methods for treating this real
problem.
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Clustering of very short texts implies to deal with very low frequencies; more-
over, if this kind of texts belong to scientific papers, the difficulty increases, due
to the continue use of some words like, for instance: “in this paper we present...”,
etc.; as a matter of fact, in [1], it is said that:

When we deal with documents from one given domain, the situation is
cardinally different. All clusters to be revealed have strong intersections
of their vocabularies and the difference between them consists not in the
set of index keywords but in their proportion. This causes very unstable
and thus very imprecise results when one works with short documents,
because of very low absolute frequency of occurrence of the keywords in
the texts. Usually only 10% or 20% of the keywords from the complete
keyword list occur in every document and their absolute frequency usu-
ally is 1 or 2, sometimes 3 or 4. In this situation, changing a keywords
frequency by 1 can significantly change the clustering results.

Some related work was presented in [9], where simple procedures in order to
improve results by an adequate selection of keywords and a better evaluation of
document similarity was proposed. The authors used as corpora two collections
retrieved from the Web. The first collection was composed by a set of 48 abstracts
(40 Kb) from the CICLing 2002 conference; the second collection was composed
by 200 abstracts (215 Kb) from the IFCS-20002 conference. The main goal in
this paper was to stabilize results in this kind of task; a 10% of differences
among different clustering methods were obtained, taking into account different
broadness of the domain and combined measures.

In [1] an approach for clustering abstracts in a narrow domain using Stein’s
MajorClust Method for clustering both keywords and documents was presented.
Here, Alexandrov et al. used the criterion introduced in [8] in order to perform
the word selection process. The authors based their experiments on the first CI-
CLing collection used by Makagonov et al. [9], and they succeeded in improving
those results. In the final discussion, Alexandrov et al. stated that abstracts can-
not be clustered with the same quality as full texts, though the achieved quality
is adequate for many applications; moreover, they suggested that, for an open
access via Internet, digital libraries should provide document images of full texts
for the papers and not only abstracts.

More recently, in [6] a third experiment with the CICLing collection was car-
ried out. In this paper, a novel method for keyword selection was proposed, claim-
ing improving results on clustering abstracts for that collection. Jiménez-Salazar
et al. based their comparisons with different mechanisms of term selection by
using the evaluation of feature selection employed in the text categorization
task [7].

After reviewing these works, we have observed that the feature selection
process is the key of the clustering of abstracts task for narrow domains. More-
over, a bigger collection of abstracts is needed in order to confirm previously

2 International Federation of Classification Societies; http://www.Classification-
Society.org
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obtained results. In the following Section we present a brief description of the
Transition Point technique. The third Section describes the term selection meth-
ods used in the experiments we carried out. The fourth Section shows the data
set and the performance measure formulas used. A comparison of the results
obtained is presented in Section five. Finally, the conclusions of our experiments
are given.

2 The Transition Point Technique

The Transition Point (TP) is a frequency value that splits the vocabulary of
a document into two sets of terms (low and high frequency). This technique is
based on the Zipf Law of Word Ocurrences [22] and also on the refined studies of
Booth [2], as well as Urbizagástegui [20]. These studies are meant to demonstrate
that terms of medium frequency are closely related to the conceptual content of
a document. Therefore, it is possible to form the hypothesis that terms whose
frequency is closer to TP can be used as indexes of a document. A typical formula
used to obtain this value is given in equation 1:

TPV =
√

8 ∗ I1 + 1 − 1
2

, (1)

where I1 represents the number of words with frequency equal to 1 in the text T

[15] [20]. Alternatively, TPV can be localized by identifying the lowest frequency
(from the highest frequencies) that it is not repeated; this characteristic comes
from the properties of Booth’s law for low frequency words [2].

Let us consider a frequency-sorted vocabulary of a text T; i.e.,

V = [(t1, f1), ..., (tn, fn)],

with fi ≥ fi−1, then TPV = fi−1, iif fi = fi+1. The most important words are
those that obtain the closest frequency values to TP, i.e.,

VTP = {ti|(ti, fi) ∈ V, U1 ≤ fi ≤ U2}, (2)

where U1 is a lower threshold obtained by a given neighbourhood value of the
TP, thus, U1 = (1−NTP ) ∗TPV (NTP ∈ [0, 1]). U2 is the upper threshold and
it is calculated in a similar way (U2 = (1 + NTP ) ∗ TPV ).

The TP technique has been used in different areas of Natural Language
Processing (NLP) like: clustering of short texts [5], categorization of texts [12]
[13], keyphrases extraction [14] [19], summarization [3], and weighting models
for information retrieval systems [4]. Thus, we believe that there exists enough
evidence to use this technique as a term selection process.

3 Term Selection Methods

Up to now, different term selection methods have been used in the clustering
task; however, as we mentioned in Section 1, clustering abstracts for a narrow
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domain implies the well known problem of the unidentified number of categories
to be used in the clustering process. This led us to use unsupervised methods
instead of supervised ones, as well as the identification of new categories, which
is very usual in the domain of digital libraries. In this section we will describe
the unsupervised term selection methods used in our experiments.

1. Document Frequency (DF): This method assigns the value dft to each term
t, where dft means the number of texts, in a collection, where t ocurrs.
This method assumes that low frequency terms will rarely appear in other
documents, and therefore, they will not have significance on the prediction
of the class for this text.

2. Term Strength (TS): The weight given to each term t is defined by the
following equation:

tst = Pr(t ∈ Ti|t ∈ Tj), with i �= j,

where sim(Ti, Tj) ≥ β, and β is a threshold that must be tuned by reviewing
the similarity matrix. A high value of tst means that the term t contributes
to the texts Ti and Tj to be more similar than β. A more detailed description
can be found in [21].

3. Transition Point (TP): A higher value of weight is given to each term t,
as its frequency is closer to the TP frequency, named TPV . The following
equation shows how to calculate this value:

idtp(t, T ) =
1

|TPV − freq(t, T )| + 1
,

where freq(t, T ) is the frequency of the term t in the document T .

The unsupervised methods presented here are the most succesful in the clus-
tering area. Particulary, DF is an effective and simple method, and it is known
that this method obtains comparable results to the classical supervised methods
like χ2 (CHI) and Information Gain (IG) [17]. TP also has a simple calculation
procedure, and as it was seen in Section 2, it can be used in different areas of
NLP. The DF and TP methods have a temporal linear complexity with respect
to the number of terms of the data set. On the other hand, TS is computationally
more expensive than DF and TP, because it requires to calculate a similarity
matrix of texts, which implies this method to be in O(n2), where n is the number
of texts in the data set.

4 Clustering of Abstracts in a Narrow Domain

As was mentioned in Section 1, previous works for clustering abstracts in a
narrow domain (see [9], [1], and [6]) used a very small collection (only 48 abstracts
and 6 categories). Therefore, there exists a need of a bigger sized real corpus in
order to verify the results obtained. Following, we introduce hep-ex collection, a
real corpus obtained from the CERN.
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4.1 Data Set

In our experiments we used two corpora based on the collection of abstracts
compiled and provided to us by the University of Jaén, Spain [11], named hep-
ex. The first corpus was built by extracting a subset of documents from the full
collection. We used the full collection as a second corpus, which is composed
by 2,922 abstracts from the Physics domain originally stored in CERN3. The
distribution obtained for both corpora is shown in Table 1. The distribution of
the categories for each corpus is better described in Table 2.

We have preprocessed these collections by eliminating stopwords and by ap-
plying the Porter stemmer. Due to their average size per abstract (aprox. 47
words), the preprocessed collections are suitable for our experiments.

Table 1. Collections (preprocessed) features

Feature Subset of hep-ex Full collection hep-ex
Size of the corpus (bytes) 165,349 962,802
Number of categories 7 9
Number of abstracts 500 2,922
Total number of terms 23,500 135,969
Vocabulary size (terms) 2,430 6,150
Term average per abstract 47 46.53

Table 2. Categories in corpora

Number Subset of Full
Category of texts hep-ex collection
Information Transfer and Management 1 NO YES
Particle Physics - Phenomenology 3 YES YES
Particle Physics - Experimental Results 2,623 YES YES
XX 1 YES YES
Nonlinear Systems 1 YES YES
Accelerators and Storage Rings 18 YES YES
Astrophysics and Astronomy 3 YES YES
Other Fields of Physics 1 NO YES
Detectors and Experimental Techniques 271 YES YES

4.2 Performance Measurement

We used F -measure (commonly used in information retrieval [16]) in order to
determine which method obtains the best performance. Given a set of clusters
{G1, . . . , Gm} and a set of classes {C1, . . . , Cn}, the F -measure between a cluster
i and a class j is given by the following formula.

Fij =
2 · Pij · Rij

Pij + Rij
, (3)

3 http://library.cern.ch
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where 1 ≤ i ≤ m, 1 ≤ j ≤ n. Pij and Rij are defined as follows:

Pij =
Number of texts from cluster i in class j

Number of texts in cluster i
, (4)

and

Rij =
Number of texts from cluster i in class j

Number of texts in class j
. (5)

The global performance of the clustering is calculated using the values of Fij .
This measure is named F measure and it is shown as follows:

F =
∑

1≤i≤m

|Gi|
|D| max

1≤j≤n
Fij , (6)

where |D| is the number of documents in the collection.

5 Experimental Results

Our main concern was to evaluate the term selection methods described above,
in the clustering of abstracts task, specifically in a narrow domain. Thus, we
have used only one clustering method, k-NN based on Jaccard similarity func-
tion [18], which is consider as unsupervised, and therefore it complies with our
requirements.

5.1 Test over a Subset of hep-ex

In order to obtain a first glance of the behaviour of each term selection method
used in our experiments, we performed a first test over a subset of hep-ex, com-
posed by 500 abstracts taken randomly from the original collection; in the case
of those categories with only one instance, we randomly choose two categories.
The threshold used as the minimum similarity accepted in the k-NN clustering
method was tuned over this collection. The average of similarities was used as a
threshold.

Figure 1 shows F values for every term selection method executed over dif-
ferent percentages of the collection’s vocabulary (from 600 to 2,000 terms).

Given a percentage of the collection vocabulary, DF and TS methods selected
the higher score terms. TP method selected terms in a local fashion; i.e. it
took a given number of terms from each text. Therefore, comparison among
methods must be done through the vocabularies obtained in each selection of
terms carried out by the methods. DF and TS methods used from 2% to 70% of
the vocabulary terms. This range corresponds from 21 to 1,700 of the total terms
in the collection. The TP selection method took from 5 to 30 terms from each
text, given a similar range of total terms. In Fig. 1, the results of these three
methods are shown; the horizontal axis represents the number of terms and the
vertical axis the F values (eq. 6). In order to apply TS method, similarity matrix
was calculated as 3-tuples (Ti, Tj, simij) and sorted according simij , then tst
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Fig. 1. Behaviour of DF, TS and TP methods in a subset of hep-ex

was computed for all terms. Since only 1,349 terms were obtained, threshold β
was fixed to 0.

DF method was very stable but it did not help to the clustering task. From
the beginning, DF included the most frequent terms in the texts, and this con-
tributed to mantain a minimum level of similarity during the clustering task.
Baseline, i.e. the clustering done without term selection (F = 0.5004), indicates
that DF selects terms to represent texts that mantain resemblance with the orig-
inal ones. On the other hand, TS method reached the maximum F value after
700 terms, and after 900 terms it obtained stability as well as the DF method
did.

TP method outperformed the other two methods. The maximum F value
for TP method was 0.6415. This value was reached with a vocabulary size of
1,661 terms which corresponds to only 22 terms per text. The unstability of TP
method is derived from noisy words that are difficult to detect because of their
low frequencies. Next subsection presents an analysis of the TP selection process,
in order to control the unstability.

Analysis of the Unstability of TP: Although the TP method obtained the
high F values, it did not allowed to decide the best quantity of terms to be used in
the clustering task. It would be desirable to determine the best selection through
an indicator based on characteristics of the collection. First of all, clustering
method we have used has shown better performance when the number of clusters
diminishes. This fact may be used in combination with ¯dfVi , which is explained
in the following paragraph.

Let Ci be the text collection composed by the texts whose terms have been
obtained by applying the TP method and by including the i terms with frequency
value closer to TPV from each original text. Let Vi be the vocabulary of Ci and
¯dfVi the average of dft for terms t that belong to Vi but do not belong to Vi−1.
¯dfVi value is linked to the similarity among the texts. Clearly, the lowest value

of ¯dfVi is 1, and it means that the new terms added to Vi−1 are not shared by
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the texts of Ci. In our experiments it was observed that a decreasing in the ¯dfVi

value ( ¯dfVi < ¯dfVi−1) contributed to change instances from an incorrect cluster
to a correct one. Therefore, terms with low ¯dfVi help to distribute texts into the
clusters. Now, we can define an indicator of the goodness of a selection Ci.

Whenever the number of clusters (Ni) decreases after applying clustering to
Ci, a lower ¯dfVi value means that new terms added to vocabulary Vi will provide
a rising of similarity between texts in Ci. In such conditions ¯dfVi indicates a
good selection. A way to express the above description is by saying that a good
clustering supposes that ¯dfVi should be greater than ¯dfVi−1 and Ni should be
greater than Ni−1. We define the goodness of selection Ci as:

dfNi =
(Ni − Ni−1) × ( ¯dfVi − ¯dfVi−1)

Ni
. (7)

In Table 3 a neighbour of the maximum value of dfNi is shown. Row 1 shows
the i number of terms selected by the TP method; row 2, the size of the vocab-
ulary of Ci; row 3, the normalized values of dfNi; and row 4, the F measure.
As we can see, dfNi obtains the maximum value at i = 22, as also F does.
Thus, independently of unstability of TP method, dfNi can be used in order to
determine what collection Ci must be used in the clustering task.

Table 3. Some normalized values of dfNi

i 20 21 22 23 24
|Vi| 1,572 1,619 1,661 1,706 1,744
dfNi 0.573 0.621 1.027 0.584 0.990
F 0.637 0.6411 0.6415 0.636 0.551

5.2 Test over the Whole hep-ex Collection

An experiment was performed using the entire collection and applying the three
methods described in Section 3. In this case, the noisy words had a notably ef-
fect, mainly in the TP method. Since TP method selects one term per time for
each text, a wrong selection may be crucial in the clustering task. In some cases,
this iterative process includes words that change dramatically the composition
of texts. Thus, a term with very low DF value changes threshold used in the
clustering task. We tried to face this problem with an enrichment of terms se-
lected by TP. It is not possible to solve this task using related terms dictionaries
like WordNet, since the terminology of texts is very specialized (see [6]). The
problem was solved using n-grams as an approximation to related words.

Improving Transition Point Approach: A refined method based on the
Transition Point technique was proposed in order to improve the results ob-
tained over the whole collection of hep-ex. This method was named Transition
Point and Mutual Information (TPMI), and basically uses idtp(t, T ) and mutual
information. Thus TPMI is a refinement of the selection method provided by TP.
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Fig. 2. Behaviour of DF, TS and TPMI term selection methods

Let TPV be the transition point of the text T = [t1, . . . , tk]. We can calculate
MI score of each term ti as MI(TPV , ti). The TPMI will assigns the final score:

tpmi(ti, T ) = idtp(ti, T ) ∗ MI(TPV , ti) (8)

MI(x, y) was computed considering n-grams of x, where y appears at a distance
of 2 words from x, and the frequency of both x and y was greater than 2.

The results obtained by using this refined method are shown in Figure 2.
There we can see that this approach obtains the best value of F measure. Very
similar results of clustering on the whole collection were obtained for DF and
TS methods, with respect to the subset of hep-ex. Anyway, TS method reached
the maximum F value (0.5925) with 43% of terms, which corresponds to a col-
lection vocabulary size of 2,644 terms, and only 3,318 terms hold the threshold
β. Whereas the DF method is very stable, it mantains its F values below of the
baseline (0.5919). TPMI method had a good high peak (F = 0.6206) taking 20
terms, and giving a vocabulary size of 4,268 terms

6 Conclusions

In this paper we have proposed a new use of the Transition Point technique in
the task of clustering of abstracts in a narrow domain. We used as a corpus a set
of documents originally stored at CERN, in the High Energy Physics domain,
which led to experiment with real collections conformed by very short texts
(hep-ex). Findings after the execution of three unsupervised methods (DF, TS
and TP) were that TP outperforms the other two methods over a subset of
hep-ex. However, when the whole collection was used, a new filtering method
had to be developed in order to improve the previous results. This method was
named TPMI, and it used a dictionary of related terms, constructed over the
same collection by using mutual information, since common dictionaries are not
able to solve this case due to the very specialized vocabulary of this particular
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domain. After the calculation of a baseline in both experiments was carried out,
we could verify that this value was outperformed by our approaches.

We observed that there are not methods to determine the number of terms
that a term selection method must obtain, in order to carry out the clustering
task. Due to the unstability of TP, we carried out an analysis for explaining this
behaviour and therefore to be able to determine the number of terms needed in
such task. It is very important to continue with the study of the stability control
for this methods, since, this is in fact the key in the clustering of very short
texts.

Clustering abstracts in a narrow domain has received not too much attention
by the computational linguistic community, and therefore it is very important
to continue with the experiments in this area.
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Proceedings of 2nd. National Conference on Computer Science, México, 2004.
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