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Abstract with the highest TF-IDF measure (Salton et al.,
1975).
This paper describes the design of a sys- The paper describes a hew keyphrase extraction
tem for extracting keyphrases from a sin-  algorithm from a single document. We show that
gle document The principle of the algo- our system performs well without the need for a
rithm is to cluster sentences of the doc-  corpus.
uments in order to highlight parts of text The paper is organized as follows. The next sec-

that are semantically related. The clusters tion describes the principles of our keyphrase ex-
of sentences, that reflect the themes of the  traction system. We present the main parts of the
document, are then analyzed to find the  algorithm in section 3, we detail the methods in

main topics of the text. Finally, the most  section 4 and we conclude the paper.

important words, or groups of words, from o

these topics are proposed as keyphrases. 2 Principles

_ When authors write documents, they have to think
1 Introduction first at the way they will present their ideas. Most

of the time, they establish content summaries that

Keyphrases are words, or groups of words, thaﬁighlight the main topics of their texts. Then, they

capture the key ideas of a document. They "ePrSrite the content of the documents by carefully

sent important information. concerning adocumemselecting the most appropriate words to describe
and con§t|tutg an alterqatlve, or a complement, t%ach topic. In this paper, we make the assumption
full-text indexing. Pertinent keyphrases are alSQchat the words, or the set of words, that are repre-

usefu! to potential readers who can have a quICl§entative of each topic constitute the keyphrases of
overview of the content of a document and can S€ihe document. In the following of this paper, we
lect easily which document to read. callterms the components of a document that con-
~ Currently, the most powerful keyphrases extraCit te the vocabulary (see the detail of the identi-
tion algorithms are based on supervised learmings-tion of terms in subsection 4.3).

These methods address the problem of associat- |, statistical natural language processing, one

ing keyphrases to documents as a classificatiof,mmon way of modeling the contributions of dif-
task. However, the fact that this approach requirege e topics to a document is to treat each topic as
a corpus of similar documents, which is not al-, 5 ,papility distribution over words. Therefore, a
ways readily available, constitutes a major draw-o.ment is considered as a probabilistic mixture

back. For e>§amplle, if one e”C‘?“”tefS a ngw Wetﬁ)f these topics (Griffiths and Steyvers, 2004).
page, one might like to know quickly the main top- Generative models can be used to relate a set of

ics addressed, I_n this case, a doma_ln—mdep@de%sew&tions (in our case, the terms used in a doc-
keyword extraction system that applies to a S‘mgleument) to a set of latent variables (the topics). A

document is needed. particular generative model, which is well suited

Several methods have been proposed for ey the modeling of text, is called Latent Dirichlet
tracting keywords from a single document (Mat-
suo and Ishizuka, 2004; Palshikar, 2007). The re- "The TF-IDF weight gives the degree of importance of a
. . ord in a collection of documents. The importance increases
ported performances were slightly higher than thaﬁlthe word is frequently used in the set of documents but
obtained using a corpus and selecting the wordsecreases if it is used by too many documents.
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Allocation (LDA) (Blei et al., 2003). Given a set 4.1 Abbreviation Expansion

of documents,_ the algorithmg describes each do_G]-he progranExtractAbbreSchwartz and Hearst,

ument as a mixture over topics, where each opiGg3) js used to identify abbreviations (short

is characterized by a distribution over words.  ¢,:116y and their corresponding definitions (long
The idea is to perform first a clustering of the ¢, \q) - Once abbreviations have been identified,

sentences of the document based on their semantic, ., ‘short form is replaced by its corresponding
similarity. Intuitively, one can see each cluster aslong form in the processed document
a part of the text dealing with semantically related

content. Therefore, the initial document is divided4.2 Sentence Detection
into a set of clusters and LDA can then be applie

on this new representation dSplitting the content of a document into sentences

is an important step of the method. To per-

3 Algorithm form this task, we used the OpenNLP’s sentence
' ' detector modulehttp://opennlp.sourceforge.ngt/
The algorithm is composed of 8 steps: trained on a corpus of general English texts.

1. Identification and expansion of abbrevia-
tions.

4.3 Term ldentification

Word categories are identified by using the Ling-
2. Splitting the content of the document into  Pipe’s general English part-of-speech (POS) tag-
sentences. ger trained on the Brown Corpust{p://alias-
i.com/lingpipe). We leverage POS information to
collect, for each sentence, nominal groups that are
potential keyphrases.

3. ldentification of then unigque terms in the
document that are potential keyphrases.

4. Creation of am x n sentence-term matrix : ,
. . 4.4 Matrix Creation
X to identify the occurrences of theterms
within a collection ofm sentences. Let D = {d,ds,...,dn} be the complete vo-
cabulary set of the document identified in subsec-

5. Dimensionality reduction to transform data in tion 4.3 above. We build & x n matrix X = [2;;]

the high-dimensional matriX to a space of wherem is the number of sentences in the doc-

fewer dimensions. ument, n is the number of terms and;; is the
weight of thej;, term in thei, sentence. The

6. Data clustering performed in the reducedweight of a term in a sentence is the product of a

space. The result of the clustering is used tq_ " 4 global weight given by;; — L;; x g;
build a new representation of the source doc- Y A

L . herel;; is the local weight of termy within sen-
ument, which is now considered as a set ot Y ) 9 = .
tencei, andg; is the global weight of termy in

clusters, with each cluster consisting of a bag[he document. The local weighting function mea-
of terms. ) o
sures the importance of a term within a sentence
7. Execution of LDA on the new document rep- and the global weighting function measures the
resentation. importance of a term across the entire document.
Three local weighting functions were investigated:
8. Selection of best keyphrases by analyzingerm frequency, log of term frequency and binary.
LDAS resullts. Five global weighting functions were also inves-
tigated: Normal, GIDF (Global frequencyx In-
4 Methods verse document frequency# (Inverse document
Our implementation is build on UIMA (Un- frequency), Entropy and none (details of calcula-
structured Information Management Architecture)tion can be found in Dumais (1991) paper).
(http://incubator.apache.org/uim@/ a robust and
flexible framework that facilitates interoperability
between tools dedicated to unstructured informaThe matrix.X is a representation of a document in
tion processsing. The method processes one doe-high-dimensional space. Singular Value Decom-
ument at a time by performing the steps describegbosition (SVD) (Forsythe et al., 1977) and Non-
below. Negative Matrix Factorization (NMF) (Lee and

4.5 Dimensionality Reduction
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Seung, 1999) are two matrix decomposition techierms.  The terms associated with a clus-
niques that can be used to transform data in théer ¢; is the sum of the terms belonging to
high-dimensional space to a space of fewer dimenall the sentences in the cluster. JGibbLDA
sions. (http://jgibblda.sourceforge.nét/is used to exe-
With SVD, the original matrixX is decom- cute LDA on the new dataset. We tried to ex-
posed as a factor of three other matri¢s> and tract different numbers of topic$ (with ¢t <
V such as: {2,5,10,20,50,100}) and we choose the Dirich-
X =UxvT let hyperparameters such as= 0.1 and 3 =
50/t. LDA inferences a topic model by estimating

ngrzigv:fha:gﬁfaﬁsglféi Lsu?nn;;rz S:??hoengila the cluster-topic distributio® and the topic-word
9 Y distribution ® (Blei et al., 2003).

onal, and’'” denotes the transpose 6f ann x n
matrix. Itis often useful to approximat¥ using 4.8 Term Ranking and Keyphrase Selection
only r singular values (withr < min(m,n)), So
that we haveX = U,%,V.I + E, whereFE is an
error or residual matrix[J,. is anm x r matrix,
Y is ak x r diagonal matrix, and/,. is ann x r

We assume that topics covering a significant por-
tion of the document content are more important
than those covering little content. To reflect this
. assumption, we calculate the importance of a term
matrix. : ) ) .
. , L , in the document (its score) with a function that
NMF is a matrix factorization algorithm that . L .
L > takes into account the distribution of topics over

decomposes a matrix with only positive elements . o
. " ) . clusters given by, the distribution of terms over
into two positive elements matrices, witk = topics given by and the clusters’ size
W H+ E. Usually, onlyr components are fit, sb '
is an error or residual matriX}’ is a non-negative c
m x r matrix andH is a non-negative x n ma- score(i) = jel?laxn}(q’ji (©k;jp(s(k)))
trix. There are several ways in whidlv and H k=1
may be found. In our system, we use Lee and Sei/'vherescore(z‘)

L represents the score of terinand
ung’s multiplicative update method (Lee and Se—S(k)

is the size of the clustek. We tested three
ung, 1999). different functions forp: the constant function
p(i) = 1, the linear functionp(i) = ¢ and the

_ , _ exponential functiop(i) = i2.

The clustering of sentences is performed in the When a score is attributed to each term of
reduced space by using the cosine similarity befhe vocabulary, our system simply selects the top

tvyeen sentence ve'ctors.' Several clustering techg, < \ith the highest score and proposes them as
niques have been investigated: k-means C|USteT<'eyphrases

ing, Markov Cluster Process (MCL) (Dongen,

2008) and ClassDens (Guénoche, 2004). 4.9 Setting Tuning Parameters
The latent semantic space derived by SVD doe?\lumerous parameters have
not provide a direct indication of the data par-
titions. However, with NMF, the cluster mem-
bership of each document can be easily identi

fied directly using thé? matrix (Xu et al., 2003).
Each valuew;; of matrix W, indicates, indeed, to
which degree sentenceis associated with clus- |,eq.
ter j. If NMF was calculated with the rank,

X The parameter that most affects the perfor-
thenr clusters are represented on the matrix. W& ance is the method used to perform the dimen-

use a simple rule to determine the content of eacgion reduction. In all cases, whatever the other

cluster: sentence belongs to clustey if wi; > 5 ameters, NMF performs better than SVD. We
a max w;. Inour system, we fixed = 0.1.

4.6 Sentence Clustering

influence on the
method: the weighting of the terms in the doc-
ument matrix, the dimension reduction method
used, the number of dimension retained, the clus-
tering algorithm, the number of topics used to ex-
ecute LDA and the way best keyphrases are se-

ke{l..m} found that using only 10 components for the fac-
_ - _ torization is sufficient. There was no significant
4.7 Applying Latent Dirichlet Allocation performance increase by using more factors.

By using the result of the clustering, the source The second most important parameter is the
document is now represented lyclusters of clustering method used. When NMF is used, the
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best results were achieved by retrieving clustersises only the information available from a single
from the W matrix. With SVD, ClassDens gets document. Compared to a selection of keywords
the best results. We tested the performance of kbased on TF-IDF, which is often used as a refer-
means clustering by specifying a number of clus-ence, our system provides a notable improvement.
ters varying from 5 to 100. The best performancesTherefore, the algorithm described here is aninter-
were achieved with a number of clusters 20.  esting alternative to supervised learning methods
However, k-means scores a little bit below Classwhen no corpus of similar documents is available.
Dens and MCL is found to be the worst method.

The choice of the global weighting function is
also important. In our experiments, the use of |
and no global weighting gave the worst results.David M. Blei, Andrew Y. Ng, and Michael I. Jordan.
Entropy and normal weighting gave the best re- é%(')jé.lg_g;e_nltodzgchlet allocationJ. Mach. Learn.
sults but, on average, entropy performs a little bet- T '
ter than normal weight. In the final version, the Stijn Van Dongen. 2008. Graph clustering via a dis-
global weighting function used is entropy. Zrete uncogpllng process.SIAM J. Matrix Anal.

RS ppl, 30(1):121-141.
The last parameter that has a visible influence

on the quality of extracted keyphrases is the selec2tSan T. Dumais. 1991. Improving the retrieval of in-
formation from external source8ehavior Research

tloq of keyphrases from 'LDA’s rgsults. In our ex- Methods, Instruments, & Com23(2):229-236.
periments, the exponential function performs best. c he. Michael Malcol 4 Cleve Mol
- eorge Forsythe, Michael Malcolm, and Cleve Moler.
. The remaining parameters do not have notablé; 1977. Computer Methods for Mathematical Com-
influence on the results. As already stated by Lee ptations Englewood Cliffs, NJ: Prentice Hall.

et al. (2005), the choice of local weighting func- Thomas L. Griffiths and Mark Stevvers. 2004. Find

. . : . e . Griffi yvers. . Find-

tion makes relatlvgly little difference. Slmllar!y, ing scientific topics. Proceedings of the National

the number of topics used for LDA has little in-  academy of Science01:5228-5235.

fluence. In our implementation we used term fre- = i . .
local weighting and executed LDA WithAla_un Guénoche. 2004. C!usterlng by_ vertex density

guency as 9 g' in a graph. InClassification, Clustering and Data

a number of expected topics of 10. Mining, D. Banks et al. (Eds.), Springer, 15-23.
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