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Abstract— In vector space model (VSM), textual documents tf.idf, binary, tf and their variants, belong to the unsuper-
are represented as vectors in the term space. Therefore, ther vised term weighting methods. In recent years, researchers

are two issues in this representation, i.e. (1) what should a term 14ve 150 introduced several new supervised term weighting
be and (2) how to weight a term. This paper examined ways

to represent text from the above two aspects to improve the metr_]OdS (1], 12], [3] and [4])- . .
performance of text categorization. Different representatiors With an overwhelming amount of textual information
have been evaluated using SVM on three biomedical corpora. in biology and biomedicine, the needs for automatically
The controlled experim_ents showed t_hat the straightforward extracting information, eg, protein protein interactidrgm
usage of named entities as terms in VSM does not show s medical documents increase. For this purpose, first of
performance improvements over the bag-of-words representa .
tion. On the other hand, the term weighting method slightly all, we must _clgssﬁy w_hether the documents are relevant to
improved the performance. However, to further improve the Protein protein interaction.
performance of text categorization, more advanced techniques  We thus investigate biomedical text classification through
and more effective usages of natural language processing for the two text representation issues mentioned above, which
text representations appear needed. have not been explored so far. We explore the named entity
representation in this study. Since we have earlier prapose
a new term weighting methotf.rf in [1] and it has been
Text categorization is an important task for informatiorconfirmed to perform better than other methods through
management which automatically classifies unlabelled docuross-classifier validation on Reuters corpus and 20 News-
ments into a predefined set of categories. In the vector spag®up corpus, we further applf.rf to biomedical domain.
model (VSM), the documend is usually represented as aSpecifically, in this study, we adopted three biomedical
vector in the term space] = (w1, ...,w), wherek is the corpora, i.e. Ohsumed corpus, BioCreAtlvE Il corpus and
size of the set of termddature§. The type of and the value 18 Journals corpus.
of w; are two key issues for text representation, that is, (1) The rest of this paper is structured as follows. In Section
what should a term be and (2) how to weight a term. Il, we survey the existing text representations for text cat
As the basic indexing unit, the term type can be at differerdgorization from the term type and term weighting aspects.
levels, such as sub-word level (syllables), word leveldl&in In Section Ill, we describe the methodology in this study
token), multi-word level (phrases, sentences), etc. Amorigcluding text representation methods adopted in this pape
them, the word level representation, i.e. the bag-of-wordsarning algorithm, benchmark corpora and performance
approach is the most widely-used one. In recent decad®aluation. In Section IV, we report results and discussion
researchers tried various alternative term types to reptes The conclusions are in Section V.
text from semantic and syntactic aspects, such as phrases,
word meaning, topics, semantic and syntactic relatiosship ~ |l- RELATED WORK ON TEXT REPRESENTATION
etc. However, the experimental results found to date have Even though text is already stored in machine readable
not shown that these high level representations performésrm, such as HTML, PDF, DOC, Postscript and etc, it is
significantly better than the simple bag-of-words approachgenerally not directly suitable for most learning algamith
Different terms have different importance in a text andefore we apply one machine learning method to text catego-
thus an important indicatotv; represents how much the rization, the content of a textual document must be congerte
ith term contributes to the semantics of document for texto a compact representation in order to be recognized and
categorization. Our previous work in [1] classified the terntategorized by classifiers in a computer. Therefore, in VSM,
weighting methods intsupervised term weighting methodsthere are two issues involved for text representationteéren
and unsupervised term weighting methodshe traditional type and term weight.
methods borrowed from information retrieval field, such as
A. Term Types
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advantage of this approach is simplicity as only the fregyen confidence intervals. The experimental results showed that
of a word in a document is recorded, while all the structur€onfWeightgenerally outperformedf.idf andgain ratio on
and the ordering of the words is left out. However, due tthree benchmark data collections.
this simplicity characteristic, it has often been critemizfor
its disregard of semantic relationships between words lwhic
are thought to be crucial to human understanding. A. Text Representations in This Study

With the development of computational linguistic tools, In this study, we examined two ways to represent bio-
large quantity of text can be analyzed efficiently with retpe medical text from term type and term weighting aspects as
to their syntactic structure. Some researchers have usetlows.
phrases and multiple words rather than individual words 1) Named Entity:Recognizing named entities like gene,
as indexing terms (see [6], [7], [8], [9], [10]). Moreover, protein and virus, is quite important for biomedical infa@m
to get rid of the problem of synonym in natural languagetion retrieval and information extraction. It is a challéamy
researchers also tried to useord meanings11] or term task because there is no standard naming conventions of
clustering [12] to represent text. Furthermore, in order tonamed entities in the biomedical domain, being much more
capture the semantic relationships between words ignoreifficult than the one in the news domain. For example,
by using the bag-of-words representation, in [9], the atthomany biomedical entity names are descriptive and have many
also included a hypernym-based representations by viftue words and numbers. One biomedical entity name may be
WordNet. with various spelling forms with capitalization or hyphen

However, so far the experimental results showed that nog even various irregular abbreviations. In [5], the aushor
of these new high level representations based on semangiesented a HMM-based named entity recognition system
and syntactic relationships performed significantly beétian  called PowerBioNE by exploring more evidential features
the bag-of-words representation. Even though the simpte deal with various complex naming conventions in the
bag-of-words approach performs well in practice in mosbiomedical domain.
cases, it is still too early to draw a definite conclusion that In this study, we adopted named entity as term type to
the bag-of-words approach is better than the complicatedpresent text based on the consideration that using named
representations. The current obstacle that hinders furthentities as features would capture some of the information
research comes from the small annotated data corpora dsft out from the bag-of-words representation. Due to lack
the effective representations to preserve the informdgéin of enough annotated training corpus, in this study, we only
out from the bag-of-words approach. use PowerBioNE to extract protein names. Therefore, we
B. Term Weighting Method oply investigated the nam(_ed entity-based represen_tatithei _

. BioCreAtIvE Il corpus which are relevant to protein protein

No matter which te_rm type we adopt to represent thteraction documents.
dpcumeqt, each term in a docu_ment vector mu_st t_)e asso-z) Term Weighting MethodsTerm weighting methods
ciated with a value (weight) which denotes their differentgqion appropriate weights to terms to improve the perfor-
importance in a text and contributions to text categorati 0 ce of text categorization. We have earlier proposed a

task. " o .__nhew effective supervised term weighting methtbgf [1].
The traditional term weighting methods for text categofizarpe it i method has been confirmed to perform significantly

tion are usually borrowed from information retrieval fiellda  poitar than other methods on two widely-used newswire
belong to the unsupervised term weighting methods, Such g8, .hmark corpora, i.e. Reuters corpus and 20 Newsgroups
tr.idf [13], binary, tf and their different variants. corpus, cross different learning methods. Therefore, is th
Rec?”t'y’ researchers proposed §ew_=.ral Sup_erwsed @y biomedical domain, we would like to see the results of
weighting method; _by using the prior mformatlon on thﬁf.rf method. To examine the performance of different term
membership of training documents in predefined Catego”?\?‘eighting methods and make the comparison meaningful, we

in the fo!lowing ways. Ong approa.ch is to weig'ht M350 included other widely-used term weighting methods as
by adopting feature selection metrics, such y&s infor- baseline, i.etf.idf, binary andterm frequency
mation gain gain ratio, odds ratio and so on ([2] and

[4]). However, these methods have not been shown to hale Learning Algorithm

a consistent superiority over the most widely-usgftidf In this paper, linear SVM serves as benchmark learning
method. Another approach is to weight terms in the interagigorithm due to its superior performance among these
tion with a text classifier. Since the text classifier seld¢iots a|gorithms in previous studies (See [15], [16] and [17])eTh

positive documents from negative documents by assigningy/m software we used is LIBSVM-2.8 [18].
different scores to the documents, these scores are ketlieve

to be effective in weighting terms for text categorizationC: Corpora

for example, in [14] terms are weighted using an iterative 1) Ohsumed Data CorpusThe OHSUMED collection is
approach involving thekNN text classifier at each step.a clinically-oriented MEDLINE subset from year 1987 to
Most recently, the author in [3] introduced a new ternyear 1991, consisting of 348, 566 references covering &ll re
weighting method calle€onfWeight based on statistical erences from 270 medical journals. The OHSUMED in year
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TABLE |
STATISTICAL INFORMATION OF THE 18 JOURNALS CORPUS

1991 includes 74337 documents but only 50216 of which
having abstracts. Joachims [16] selected the first 10000

documents for training and the second 10000 documents for Abbreviated Journal Title # of Articles
testing from those with abstracts. In this study, we used the Q”?Ua' feV&e,V\' of biochemistry 77783
Ohsumed corpus adopted by Joachims as the comparison | oo/ [c e g
makes sense based on a benchmark data collection. Molecular cell 688
2) BioCreAtlvE Il Corpus: The second BioCre- Trends in biochemical sciences 229
. . PLoS biology 525
AtIVE .chaIIenge evaluation in year 2006-2007 Annual review of biophysics 40

(http://BioCreAtlvE.sourceforge.net/biocreati2ehtm) & biomolecular structure _

is a community-wide effort for evaluating text mining and gﬁﬁ‘r‘éitsgg%ura! gén olecular biolog) fe?gle
information extraction systems applied to the biological The Plant Ceﬁ]y' 571
domain. One of the three tracks in BioCreAtIvE Il is to The EMBO journal 915
i ; i in i ; i ; Genome research 501
identify protein protgln mterqcuqns from b|olpgy liteume. Cytokine & growth factor reviews o8
The study of protein protein interactions is one of the Current opinion in structural biology 184
most pressing biological problems since characterizing Progress in lipid research 39
protein interaction partners is crucial to understandiog n Advances in microbial physiology 11
. e . Current opinion in chemical biology 183
only the functional role of individual proteins but also Cell death and differentiation 337

the organization of entire biological processes. Due to the
rapid growth of the biomedical literature and the incregsin

number of newly discovered proteins, it is becoming difficuleach of which has at leasb articles. For each category, the
for the interaction database curators to keep up with thgst half of documents are used to train the text classifier
literature by manually detecting and curating protein @t mode| and the last half of documents are used to test as
interaction information. In practice, before detectingtem  ynlabelled samples. After removing the3 stop words, the
to select those articles which contain relevant informmatio Generally, compared with the two previous corpora which
relative to proteir_1 p_rotein in_teractions_. Thus the first-m involved domain experts in grouping the documents into
of protein protein interaction track is concerned with thggtain categories, the documents in ttieJournals corpus
classification of whether a given article contains proteigq grouped based on the indexed MeSH keywords. In some
interaction information. _ _ ~ sense, thag Journals corpus is more difficult than the two
The training corpus of the first sub-task is a collection oprevious corpora because the data are more “noisy”. That is,
PubMed article abstracts which contains a true pOSitiVe Sme Word/category Correspondences are more “fuzzy” in the
of 3536 documents (64.3%) which are relevant for proteifig journals corpus. Consequently, the categorization for the

protein interaction curation and a true negative set of 1958 journals corpus will be more difficult than those for the
documents (35.7%) which are not relevant for protein proteitwo previous corpora.

interaction curation from the two protein protein interawt
databases, i.e. IntAct and MINT. D. Performance Evaluation

3) 18 Journals Corpusfrom the digital library center in  cjassification effectiveness is usually measured by using
National University of Singapore, we choge journals with  hrecision (P) and recall (R). Precision is the proportion
the top largest impact factor in the subject categorieBiof  of tryly positive examples labelled positive by the system
chemistry and Molecular BiologyDue to access limitation, that were truly positive andecall is the proportion of truly
two journals are not accessibl@ _he resulting data collection positive examples that were labelled positive by the system
namedi8 Journals Corpus consists 0f903 documents from - ysyally, a classifier should thus be evaluated by means of a
year 2004 to year2005 of 18 journals in PubMed. Table | measure which combingsecisionandrecall. The two most

lists the statistical information of thests journals. After \idely-used measures adopted by text categorizatiorfare
deleting the duplicates and removing the documents Witfynction andbreakeven point

blank abstract and/or blank MeSH keywords, the ultimate

corpus ha$, 417 documents and33 MeSH keywords. Each IV. RESULTS ANDDISCUSSION
of the 933 MeSH keywords is viewed as a category label
and a document belongs to a category if it is indexed with %Ie
least one such keyword from the$@3 keywords. Due to the
large number of category labels (i.e. MeSH keywords), m
categories contain only—2 documents. Then we selet21
document and category pairs from the tbp2 categories

In this study, we conducted two series of experiments un-
r different experimental circumstances. The purposbef t
O;irst series of experiments is to investigate the perforraanc
otf four different term weighting methods, i.leinary, tf, tf.idf
and tf.rf, based on bag-of-words approach on these three
corpora. The second series of experiments is to examine the
17h . - o . . performance of protein named entity-based representftion
e two inaccessible journals afiochimica ET Biophysica ACTA- o . .. .
text categorization on the protein protein interactionpcsy,

Reviews On Canceand Reviews Of Physiology Biochemistry And Phar- )
macology i.e. BioCreAtIvE Il corpus.



A. Performance of Different Term Weighting Methods for « The performances off.idf in two experiments are
Text Categorization almost identical, i.e65.78% for our linear SVM and

1) Results on the Ohsumed Corpusigure 1 shows the 66.1% for his radial basis function SVM. This differ-
micro-averaged breakeven results of the four term weightin ~ €Nce is not significant.

methods on the Ohsumed corpus. Table Il summarizes thee Last but not least;f.rf performs significantly the best
among these four methods in our experiment. Moreover,

it outperformst f.idf in Joachims’ experiments whether

Ohsumed Collection using linear SVM or non-linear SVMs.

oo b R _ Note that although our experiments use the same corpus
PR B e and same evaluation measure as Joachims’, there are minor
£ om S B et differences in data preparation, such as stemming, stop
;f 0834 words lists and feature selection measures. Joachims used
5 oodbe information gain for feature selection, while we useg?
°> 0% " instead. The difference is not significant thus the comparis
§ os 1’ T between the two experiments is reasonable.
O B 2) Results on the BioCreAtIVE Il Corpudhe result on

0.55(') 2(;00 40‘00 6(;00 80‘00 10(‘)00 12(‘)00 14600 16600 18(‘)00 20600 the BIOCI’eAUVE ” Corpus IS Slmllar tO that Of Ohsumed

Number of Features corpus. Table lll depicts the results of four term weighting

methods on the BioCreAtlvE 1l training corpus using 5-

folder cross validation. Againf.r f is the best term weight-
Fig. 1. Results of the four term weighting methods on the Ohsubega

Collection. TABLE I
RESULTS OF THE FOUR TERM WEIGHTING SCHEMES ON THE

best results of four different schemes on the Ohsumed cprpus BIOCREATIVE Il CORPUS

where the best micro- and mackg- scores are shown in

bold font. Note that the micro-averagpdecisionand micro- Scheme|  Micro-P Micro-R Micro-F1

averagedwecall score in this table are almost equal to each S}nary Si'gii?gé gi-ggiégg ggﬁi M;
ot_her, thus_ the micro-averagdd valu_e actually coincides tfidf | 9219+ 1.01 | 9448 £3.69 | 93.28 + 1.64
with the micro-averagetreakeven point tf.rf 92.234+1.24 | 95.114+2.79 | 93.63 +1.23

TABLE Il
THE BEST RESULTS OF FOUR TERM WEIGHTING METHODS ON THE
OHSUMED CORPUS

ing method among all these methods akgary is the
worst method. The difference betweef andtf.idf is not

significant.
Scheme| micro-R | micro-P | micro-F1 | macro-F1 Based on this result, we adopted thfer f method on the
i’}"”y 8-2‘5)% 8-2(;22 g-gg;"z‘ 8-2;% test corpus in this BioCreAtlvE Il competition. The recent
tfidf | 06567 | 0.6588 | 0.6578 | 0.6407 released preliminary result shows that our method performs
tf.rf 0.6810 | 0.6800 | 0.6805 | 0.6604 rather encouraging. We will report the detailed resultrlate

3) Results on the 18 Journals Corpufigure 2 shows
It is clear to find thattf.r f performs consistently and the micro-averaged”; scores of the four methods on the
significantly better than other term weighting methods &s thop 10 categories. The result with respect to micro-averaged
feature set size increases and it achieves the best perfoema
in all experiments in terms of micro-averaged breakeven

point, i.e. 0.6805. On the other handpinary performs 18 Journal Collection
consistently the worst among these four term weighting 036 "

methods. The f andtf.idf method perform comparable to 035 ¥ /i*\“ T
each other and better th&mary all along. 034 S

Since Joachims [16] conducted experiments on the same
corpus by using f.idf and SVM in terms of micro-averaged
breakeven point, it is easy to compare the two results. Based
on the comparison between Joachims’ results and our study,
several observations are worth discussion.

e Our linear SVM gives a68.05% micro-averaged
breakeven point v$0.7% for Joachims’ linear SVM 0 100 a0 3°'°°N :fgzr;’rjzatﬁfsz 70008000 5000
and 66.1% for his radial basis function withy = 0.8.

The observation that linear SVM outperforms other

non-linear SVMs has already been supported by maryy. 2. F1 value of the four term weighting methods in the togatgories
researchers [15], [17] and our previous studies. in 18 Journals corpus

Micro-averaged F1




breakeven point on th&8 Journals corpus is consistent within the corpus. For example, 25740 named entities (83.7%)
those on the two previous corpora. Agdifir f is the best occur only once in the corpus. 2529 named entities (8.2%)
term weighting method among these four methods. Agaioccur more than three times and only 380 named entities
binary is the worst method. Howevet,f performs better (1.2%) occur more than ten times in the whole corpus. This
than tf.idf and but still worse thartf.rf with respect to sparse distribution problem make the indexing of documents
micro-averaged breakeven point. These methods have shodifficult since many documents will be represented as null
consistent performance with respect to each other as thectors when the number of named entities used for indexing
feature set size increases. is quite small. Based on this consideration, we selected

Moreover, we explored the performance of these termifferent number of named entities from positive and negati
weighting methods on three different sizes of subset$8of category. Specifically, the selected named entities octur a
Journals corpus as shown in Figure 3. Although the absolulgast ten times in the positive category and at least sixgime
in the negative category.

Furthermore, we also combined named entity-based repre-

18 Journal Collection sentation with the bag-of-words approach based on differen
o term weighting methods. Table IV shows the results of these
0351 & = inary combined different representations, where NE denotes dame
. = a i entity and BOW means the bag-of-words approach.
) —e—tf.
02 TABLE IV

RESULTS OF DIFFERENT COMBINED REPRESENTS ON THE
BIOCREATIVE Il CORPUS

Micro-averaged F1

H/:o

0.20

Scheme Micro-P Micro-R Micro-F1
, NE@f) 68.03£0.81 | 92.98£2.76 | 78.56 = 1.28
b A cmegorij;’ 1% NE+BOW(@inary) | 91.51 £0.94 | 92.98 +£4.05 | 92.20 £ 1.77
NE+BOW( f) 91.90 £1.19 | 94.744+2.76 | 93.27+1.35
NE+BOW( f.7 f) 91.97+1.19 | 95.16 +2.76 | 93.52 4 1.35

Fig. 3. Micro-averaged; value of different number of categories in 18
Journals Data Collection Based on the results from Table Il and Table IV, we

can find that named entity-based representation was the most
performance levels are not significant, their difference islisappointing. It only achieve®8.56% F; score. When com-
since this is somehow indicative of the relative “hardnesdiined with bag-of-words approach based on different term
of these subsets, and allows us to compare these temweighting methods, the named entity-based representation
weighting methods on different subsets. The fact that theas not increased the performance of text categorization.
subset consisting of the tof categories turns out to be the The performance of the named entity-based representation
easiest subset is quite obvious, given that its categories also supports the conclusions of most past research that
the ones with the highest number of positive samples. Witbhrases do not add much classification power. On the other
the increase of “hardness” of subsets, the micro-aver&ged hand, the bag-of-words approach alone performs signifi-
performance is decreasing. Howevef,r f consistently has cantly better than named entity-based representatiorealon
the best performance and also performs rather well. The This once again supports the superiority of bag-of-words
performance obinary andtf.idf is the worst all along and approach. These findings are consistent with the previous
the difference between them is not significant as the numbweiork reviewed in Section II.
of categories increases.

V. CONCLUDING REMARKS

B. Performance of Named Entity-based Representation for ;g paper examined different representations for bio-

Text Categorization medical text categorization from the term type and term
Based on the consideration that protein named entity-basegighting aspects.
representation may capture more information left out from The term weighting methods result in the improvement
the bag-of-words approach, we conducted experiment usingthe classification performance. Specifically, our praubs
alternative term type on the BioCreAtIvE Il corpus. tf.rf method once again shows classification power in
The noticing phenomena of these extracted named entitib®medical domain in this study and in newswire domain.
are sparse and skewed distribution in the corpus. Firstt mos On the other hand, named entity-based representations
of the named entities are in the positive category (76.7%) arfmave no improvement over the bag-of-words approach. This
only 23.3% are in the negative category. This is reasonaldeipports the general conclusion that simple NLP-base@epr
since the positive documents are relevant to protein protesentations do not improve the performance of text classifier
interaction articles and thus they must contain more pnoteiAs the researchers [19] believed that significant advances
named entities than those in the negative category. Secomnalist be made before NLP techniques can be used to improve
most of the named entities occur only once or few timegext classification.



We should point out that the observations above arne2] David D. Lewis. An evaluation of phrasal and clusteregresentations

made based on the controlled experiments. The accuracy of" a text categorization task. BIGIR '92: Proceedings of the 15th an-
d d L. | h f | . nual international ACM SIGIR conference on Research aneldement
extracted named entities also have an efiect on text ¢ aSSlkin information retrieval pages 37-50, New York, NY, USA, 1992. ACM

fication. Incorporating named entities with higher accyrac  Press.

much more categories and more sophisticated usage midhtl Salton, G., and Buckley, C. 1988. Term-weighting apphes in
b ble to i the effectiveness. We still believe th automatic text retrievallnf. Process. Manage24(5):513-523.

; e able 10 1improve : ! 314] Eui-Hong Han, George Karypis, and Vipin Kumar. Text gatezation
it is worth to try more advanced NLP techniques and ad- using weight adjusted k-nearest neighbor classificatiorPAKDD *01:

vanced ways of incorporating NLP output to further improve Proceedings of the 5th Pacific-Asia Conference on Knowl@igeovery
. . and Data Mining pages 53-65, London, UK, 2001. Springer-Verlag.
the performance of text categorization, for example, h|gh5] Dumais, S.: Platt, J.- Heckerman, D. and Sahami. M. 1988udtive

performance coreference resolution to normalize the prote learning algorithms and representations for text categda. In

names through different variations. nominal or pronominal Proceedings of the seventh international conference oorimition and
' knowledge managemerit48-155. ACM Press.

expressions could generate more occurrences of the Samﬁ Joachims, T. 1998. Text categorization with supporteemachines:

protein names to facilitate the further text classification learning with many relevant features. Iredlellec, C., and Rouveirol, C.,
eds.,Proceedings of ECML-98, 10th European Conference on Machin
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