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Abstract

In this paper, we propose a method to raise the
accuracy of text classification based on latent
topics, reconsidering the techniques necessary
for good classification — for example, to de-
cide important sentences in a document, the
sentences with important words are usually re-
garded as important sentences. In this case,
tf.idf is often used to decide important words.
On the other hand, we apply the PageRank al-
gorithm to rank important words in each doc-
ument. Furthermore, before clustering docu-
ments, we refine the target documents by rep-
resenting them as a collection of important
sentences in each document. We then clas-
sify the documents based on latent informa-
tion in the documents. As a clustering method,
we employ the k-means algorithm and inves-
tigate how our proposed method works for
good clustering. We conduct experiments with
Reuters-21578 corpus under various condi-
tions of important sentence extraction, using
latent and surface information for clustering,
and have confirmed that our proposed method
provides better result among various condi-
tions for clustering.

Introduction

}@is.ocha.ac.jp

— to decide important words in documents is a cru-
cial issue for text classificatioff,idf is often used to
decide them. Whereas, we apply the PageRank al-
gorithm (Brin et al., 1998) for the issue, because the
algorithm scores the centrality of a node in a graph,
and important words should be regarded as having
the centrality (Hassan et al., 2007). Besides, the al-
gorithm can detect centrality in any kind of graph,
so we can find important words for any purposes.
In our study, we express the relation of word co-
occurrence in the form of a graph. This is because
we use latent information to classify documents, and
documents with high topic coherence tend to have
high PMI of words in the documents (Newman et
al., 2010). So, we construct a graph from a view-
point of text classification based on latent topics. 2)
Refinement of the original documents — we recom-
pile the original documents with a collection of the
extracted important sentences in order to refine the
original documents for more sensitive to be classi-
fied. 3) Information used for classification — we
use latent information estimated by latent Dirichlet
allocation (LDA) (Blei et al., 2003) to classify doc-
uments, and compare the results of the cases using
both surface and latent information. We experiment
text classification with Reuters-21578 corpus; evalu-

Text classification is an essential issue in the fielate the result of our method with the results of those

of natural language processing and many techniqug@('j(:hhhavfhva”mfIomer sfettlngs for CIZSSIfI(;ﬁtISn;
using latent topics have so far been proposed aftfd Show the usetuiness of our proposed method.

used under many purposes. In this paper, we ai@ Related studies

to raise the accuracy of text classification using la-

tent information by reconsidering elemental techMany studies have proposed to improve the accu-
niques necessary for good classification in the fokacy of text classification. In particular, in terms
lowing three points: 1) important words extractionof improving a way of weighting terms in a docu-
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ment for text classification, there are many studiegroposed (2005; Hassan et al., 2007). In particular,
which use the PageRank algorithm. In (Hassan ¢Hassan et al., 2007) shows that the PageRank score
al., 2007), they have applied a random-walk modes more clear to rank important words rather than
on a graph constructed based on the words whichidf. In this study, we refer to their method and use
co-occur within a given window size, e.g., 2,4,6,8ageRank algorithm to decide important words.
words in their experiments, and confirmed that the The PageRank algorithm was developed by (Brin
windows of size 2 and 4 supplied the most signifet al., 1998). The algorithm has been used as the
icant results across the multiple data set they usebasic algorithm of Google search engine, and also
Zaiane et al. (2002) and Wang et al. (2005) havased for many application to rank target information
introduced association rule mining to decide imporbased on the centrality of information represented in
tant words for text classification. In particular, Wanghe form of a graph.
et al. have used a PageRank-style algorithm to rank In this study, the important words are selected
words and shown their method is useful for text clashbased on PageRank score of a graph which repre-
sification. Scheible et al. (2012) have proposed sents the relation among words. In other words, in
method for bootstrapping a sentiment classifier fromarder to obtain good important sentences for classi-
a seed lexicon. They apply topic-specific PageRarfication, it is of crucial to have a good graph (Zhu
to a graph of both words and documents, and iret al., 2005) because the result will be considerably
troduce Polarity PageRank, a new semi-supervisethanged depending on what kind of a graph we will
sentiment classifier that integrates lexicon inductiohave for important words. In this study, since we
with document classification. As a study related taise latent information for text classification, there-
topic detection by important words obtained by thdore, we construct a graph representing the relation
PageRank algorithm, Kubek et al. (2011) has desf words from a viewpoint topic coherence. Ac-
tected topics in a document by constructing a graptording to (Newman et al., 2010), topic coherence
of word co-occurrence and applied the PageRank db related to word co-occurrence. Referring to their
gorithm on it. idea, we construct a graph over words in the follow-
To weight words is not the issue for only text clasing manner: each word is a node in the graph, and
sification, but also an important issue for text sumthere is an undirected edge between every pair of
marization, Erkan et al. (2004) and Mihlcea et alwords that appear within a three-sentence window —
(2004b; 20044a) have proposed multi-document sunte take account of contextual information for words,
marization methods using the PageRank algorithnive set a three-sentence window. We then apply the
called LexRank and TextRank, respectively. TheyageRank algorithm to this graph to obtain a score
use PageRank scores to extract sentences whifch every word which is a measurement of its cen-
have centrality among other sentences for generdtality — the centrality of a word corresponds to the
ing a summary from multi-documents. importance of a word. A small portion of a graph
On the other hand, since our method is to clasnight look like the graph in Figure 1.
sify texts based on latent information. The graph _
used in our method is constructed based on word cg:2 Refinement of target documents
occurrence so that important words which are semfter selecting important words, the important sen-
sitive to latent information can be extracted by théences are extracted until a predefined ratio of whole
PageRank algorithm. At this point, our attempt difsentences in each document based on the selected

fers from the other approaches. important words, and then we reproduce refined
documents with a collection of extracted important
3 Techniques for text classification sentences. An important sentence is decided by how

many important words are included in the sentence.
The refined documents are composed of the impor-
To decide important worddf.idf is often adopted, tant sentences extracted from a viewpoint of latent
whereas, another methods expressing various relaformation, i.e., word co-occurrence, so they are
tion among words in a form of a graph have beeproper to be classified based on latent information.

3.1 Extraction of important words
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Figure 1: A graph of word cooccurrence

3.3 Clustering based on latent topics

After obtaining a collection of refined documents for

1.5 step.3Clustering based on latent topics

As for the refined document obtained in step
2, the latent topics are estimated by means of
LDA. Here, we decide the number of latent top-
ics k in the target documents by measuring the
value of perplexityP(w) shown in equation
(). The similarity of documents are measured
by the Jenshen-Shannon divergence shown in
equation (2).

P(w) = exp(—% Z ZOQ(Z Omz®zwmn)

(1)
Here,N is the number of all words in the target
documentsw,,,, is then-th word in them-th
documenty is the topic probabilistic distribu-
tion for the documents, anglis the word prob-
abilistic distribution for every topic.

classification, we adopt LDA to estimate the latent Dys(P||Q)
topic probabilistic distributions over the target doc- 1 P(x) Q(x)
uments and use them for clustering. In this study, =50 P(x)logR(l-) * z:logl%(x))
we use the topic probability distribution over docu- ‘ sz;z;) Q@)
ments to make a topic vector for each document, and where, R(z) = — 2
then calculate the similarity among documents.
3.4 Clustering algorithm 4 Experiment
step.1limportant words determination We evaluate our proposed method by comparing

The important words are decided basedfadf  the accuracy of document clustering between our

or PageRank scores. As for the words decideghethod and the method usitfgdf for extracting im-
based on PageRank scores, we firstly have {sortant words.

make a graph on which the PargeRank algo-

rithm is applied. In our study, we construct a®-1 Experimental settings

graph based on word co-occurrence. So, imAs the documents for experiments, we use Reuters-
portant words are selected based on the wor@3578 datasétcollected from the Reuters newswire
which have centrality in terms of word co-in 1987.In our proposed method, the refined doc-
occurrence. In particular, in our study we seuments consisting of important sentences extracted
lect co-occurred words in each three sentencégm the original documents are classified, there-
in a document, taking account of the influencéore, if there are not many sentences in a document,
of contextual information. we will not be able to verify the usefulness of our
proposed method. So, we use the documents which

step.2Refinement of the target documents have more than 5 sentences in themselves. Of the

After selecting the important words, we selecil 35 potential topic categories in Reuters-21578, re-
the sentences with at least one of the wordf€ring to other clustering study (Erkan, 2006; 2005;
within the top 3 PageRank score as importan$ubramanya et al., 2008), we also use the most fre-
sentences in each document, and then we rguent 10 categories: i.eearn, acqg, grain, wheat,
produce refined documents with a collection offoney, crude, trade, interest, ship, corrin the

the extracted important sentences. http:/iwww.daviddlewis.com/resources/testcollections/reuters21578/
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sequel, we use 792 documents whose number fifr the data set and averaged the results. Here, in the
words is 15,835 for experiments — the 792 docuease of clustering the documents based on the topic
ments are the all documents which have more than@obabilistic distribution by LDA, the topic distribu-
sentences in themselves in the corpus. For each ddion over document$ is changed in every estima-
ument, stemming and stop-word removal processéisn. Therefore, we estimateétfor 8 times and then
are adopted. Furthermore, the hyper-parameters fapplied the k-means clustering algorithm with each
topic probability distribution and word probability 6 for 10 times. We averaged the results of the 10
distribution in LDA area=0.5 and3=0.5, respec- trials and finally evaluated it. The number of latent
tively. We use Gibbs sampling and the number ofopics was estimated as 11 by perplexity. We used it
iteration is 200. The number of latent topics is dein the experiments. To measure the latent similarity
cided by perplexity, and we decide the optimal numamong documents, we construct topic vectors with
ber of topics by the minimum value of the average othe topic probabilistic distribution, and then adopt
10 times trial, changing the number of topics rangthe Jensen-Shannon divergence to measures it, on
ing from 1 to 30. the other hand, in the case of using document vec-
As the first step for clustering with our method,tors we adopt cosine similarity.
in this study we employ the k-means clustering al- Table 1 and Table 2 show the cases of with and
gorithm because it is a representative and a simplgthout refining the original documents by recom-
clustering algorithm. piling the original documents with the important
sentences.
4.2 Evaluation method
For evaluation, we use both accuracy and F-value,

referring to the methods used in (Erkan, 2006). As Table 1: Extracting important sentences

for a documentl;, [; is the label provided ta; by I?l’\/laztglg:ik Jenxzi?gLZnnonA%?ggcy F(;Yfgée
the clustering algorithm, and; is the correct label Cosine similarity| 0.287 | 0.291
for d;. The accuracy is expressed in equation (3). tf.idf Jenshen-Shannoh 0.550 | 0.435

Cosine similarity| 0.275 0.270

> iy 0 (map (I;) , ;)

n

®3)

Accuracy =

Table 2: Without extracting important sentences

6 (z,y) is 1if z = y, otherwise 0.map (I;) is the Similarity measurd Accuracy| F-value
label provided tal; by the k-means clustering algo- Jenshen-Shannod  0.518 0.426
rithm. For evaluation, the F-value of each category Cosine similarity | 0.288 0.305

is computed and then the average of the F-values of
the whole categories, used as an index for evalua-

tion, is computed (see, equation (4)). Table 3, 4 shov_v the number of words _ano_l sen-
tences after applying each method to decide impor-
tant words.
1
F= = > Fle) 4
] ceC Table 3: Change of number of words

As the initial data for the k-means clustering al- Methods | 1 word | 2 words| 3 words | 4 words| 5 words

gorithm, a correct document of each category is ra “PageRank 12,268| 13.141| 13,580| 13.738] 13,895

domly selected and provided. By this, the cater——
i : 2. . tf -id 13,999| 14,573| 14,446| 14,675 14,688
gory of classified data can be identified as in (Erkar; f-idf

2006). Furthermore, Table 5 and 6 show the accuracy and
F-value of both methods, i.e., PageRank scores and
tf.idf, in the case that we use the same number of
To obtain the final result of the experiment, we apsentences in the experiment to experiment under the
plied the k-means clustering algorithm for 10 timesame conditions.

4.3 Experiment results
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Table 4: Change of number of sentences Table 6: F-value to the number of topics

Methods | 1 word | 2words| 3 words| 4 words| 5 words Num. of topics| 8 9 10 11 12
PageRank 1,244 | 1392 | 1470 | 1512 | 1535 PageRank | 0.431| 0.431 | 0.467 | 0.460| 0.434
tf-idf | 1,462 | 1,586 | 1,621 | 1,643 | 1,647 tf.idf 0.466 | 0.430| 0.461| 0.435| 0.445
Table 5: Accuracy to the number of topics tends to be higher for the words which often ap-
Num. of topics| 8 9 10 11 12 ] bear in a particular document. Therefore, the ex-

PageRank | 0.525| 0.535| 0.566 | 0.553| 0.524 traction of sentences including the words with high
thidf 0.556| 0.525| 0.557| 0.550| 0.541| tf.idf value may naturally lead to the extraction of
many sentences.

The reason for low accuracy in the case of us-

4.4 Discussion ing cosine similarity for clustering is that it was ob-
We see from the experiment results that as for thseerVEd. that the range of sirn_ilarity'bet_ween (_jocu—
measures based on the Jenshen-Shannon diverger%%?ts IS S”?a”’ therefore, the identification of_dlffer-
both accuracy and F-value of the case where refinédl t categorized documents was not well achieved.
documents are clustered is better than the case wher JTable 5 and Table 6 show the accuracy and F-

the original documents are clustered. We have coffdue to the number of latent topics, respectively.

ducted t-test to confirm whether or not there is sig\—/\f/e see tt;at b;th iccuracy and tl): -:/talutehof tthhe casef
nificant difference between the cases: with and withe' US'N9 Fageérank scores are betier than those o

out extracting important sentences. As a result, the}ge case of usingf.idf in the case of the number

is significant difference with 5 % and 1 % level forOf tOp'_CS is 9,10.and 11. In particular, _the_hlghest
the accuracy and F-value, respectively. score is made when the number of topics is 10 for

When extracting important sentences, althougROth evaluation measures — we think the reason for

. ) this is because we used document sets of 10 cate-
the size of the document set to be clustered is smaller ", S .
ries, therefore, it is natural to make the highest

than the original set, the accuracy increases. So,qP L
9 . y! .'score when the number of topics is 10. So, we had
can be said that necessary information for clusteri

is adequately extracted from the original documerrﬁ('}tter_IOO_k atthe score of the case yvhere the nu_mber
of topics is 10 to compare the ability of clustering.

set. By the result, we can say that PageRank is better in
From this, we have confirmed that the documentsy ’ y 9

. . . refining the documents so as they suit to be classified

are well refined for better clustering by recompil- . .
) o ased on latent information.
ing the documents with important sentences. We
think the reason for 'Fhls is because only importar  ~ynclusions
sentences representing the contents of a document
are remained by refining the original documents anih this study, we have proposed a method of text
then it would become easier to measure the diffeclustering based on latent topics of important sen-
ence between probabilistic distributions of topics inences in a document. The important sentences are
a document. Moreover, as for extracting importangxtracted through important words decided by the
sentences, we confirmed that the accuracy of ttiageRank algorithm. In order to verify the useful-
case of using PageRank scores is better than the cagss of our proposed method, we have conducted
of usingtf.idf. By this, constructing a graph basecdtext clustering experiments with Reuters-21578 cor-
on word co-occurrence of each 3 sentences in a dogus under various conditions — we have adopted ei-
ument works well to rank important words, takingther PageRank scores tridf to decide important
account of the context of the word. words for important sentence extraction, and then

We see from Table 3, 4 that the number of wordadopted the k-means clustering algorithm for the
and sentences decreases when applying PageRaokcuments recompiled with the extracted important
scores. In the case of applyitigdf, thetf.idf value sentences based on either latent or surface informa-
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tion. We see from the results of the experiments that ACL 2004 on Interactive poster and demonstration
the clustering based on latent information is gener- sessions Article No. 20.
ally better than that based on surface information iffada Mihalcea and Paul Tarau 200PextRank: Bring-
terms of clustering accuracy. Furthermore, deciding mdg le'\ler 'mol IEXtS Conff;ence on Empirical Meth-
important words with PageRank scores is better thaDn ods In Natural Language Processing. .

. s e . avid Newman, Jey Han Lau, Karl Grieser, and Timo-
that withtf.idf in terms of clustering accuracy. Com-

o thy Baldwin, 2010.Automatic evaluation of topic co-
pared to the number of the extracted words in impor- perence Human Language Technologies: The 2010

tant sentences between PageRank scoresfaaiil Annual Conference of the North Ametican Chapter of
we see that the number of sentences extracted basethe Association for Computational Linguistics, pages.
on PageRank scores is smaller than that based on100-108, Los Angeles.

tf.idf, therefore, it can be thought that more contextChristian Scheible, Hinrich Shutze. 201Rootstrapping

sensitive sentences are extracted by adopting PageRSentiment Labels For Unannotated Documents With
ank scores to decide important words Polarity PageRankProceedings of the Eight Interna-

. . . tional Conference on Language Resources and Evalu-
As future work, since clustering accuracy will be ation

changed by how many sentences are compiled iNgnamag subramanya, Jeff Bilmes.  2008.Soft-
refined document set, therefore, we will consider a gypervised Learning for Text Classificatidtroceed-

more sophisticated way of selecting proper impor- ings of the 2008 Conference on Empirical Methods in
tant sentences. Or, to avoid the problem of selecting Natural Language Processing, pages.1090-1099, Hon-
sentences, we will also directly use the words ex- olulu.

tracted as important words for clustering. MoreoveNVei Wang, Diep Bich Do, and Xuemin Lin. 2003erm

at this moment, we use only k-means clustering al- Graph Model for Text ClassificationSpringer-Verlag

. . Berlin Heidelberg 2005, pages.19-30.
gorithm, so we will adopt our proposed method toOsmar R. Zaiane and Maria-luiza Antonie. 20@as-

other various clustering methods to confirm the use- sifying Text Documents by Associating Terms with Text

fulness of our method. Categories In Proc. of the Thirteenth Australasian
Database Conference (ADC’02), pages.215-222,

X Zhu. 2005. Semi-supervised learning with Graphs
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