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tionThe largest amounts of information 
hara
teristi
 of the post-genomi
 era make the annotation of genes more andmore important. Some proje
ts have been laun
hed to perform high-s
ale annotation using 
ontrolled vo
abularies,su
h as the Gene Ontology Proje
t[4℄. However, these are 
onstru
ted manually, whi
h is very time 
onsuming.Moreover, the stru
ture of vo
abularies evolves, and maintenan
e is thus very demanding. Inferring annotationautomati
ally 
an greatly simplify this task. Ray
haudhuri et al.[2℄ proposed su
h a method.Their method 
lassi�es do
uments about genes using supervised learning and statisti
al Natural LanguagePro
essing (NLP) te
hniques. The gene 
ategory is then dedu
ed from the 
ategory of the do
uments usinga voting s
heme. However, this method only determines the ranking of the 
ategories, not the appli
ability.Additionally, the authors did not use information about already annotated genes, whi
h 
an be very informative.We propose a method to 
lassify genes into multiple gene ontology (GO) 
ategories using supervised learningand NLP. We use the 
ategories of annotated genes to label the training data.Result and Dis
ussionWe represented ea
h gene as a ve
tor of weighted term frequen
ies 
al
ulated from the set of do
uments referringto it. The weighting is determined by the tf�idf[3℄, whi
h is 
ommonly used in NLP. We 
lassi�ed genes using twodo
ument 
lassi�ers. The Support Ve
tor Ma
hines (SVM)[5℄, whi
h determine the hyperplane maximizing themargin between two groups, and the k-Nearest Neighbors (k-NN), whi
h use the nearest known items to infer the
lass of a tested item.As a gene 
an be 
lassi�ed into more than one 
ategory, we used binary 
lassi�ers. There are as many 
lassi�ersas 
ategories, and ea
h 
lassi�er determines if the gene �ts a 
ategory or not.We applied our method to the 
lassi�
ation of yeast genes registered in the Sa

haromy
es Gene Database(SGD; http://genome-www.stanford.edu/Sa

haromy
es/)[1℄. Most of these genes are already annotated with GO
odes, and have referen
es to PubMed abstra
ts.We sele
ted genes whose GO 
ategory is one of the 11 
ategories also used by Ray
haudhuri et al.[2℄: \Biogen-esis", "Cell Cy
le", \Homeostasis", \Intra
ellular", \Invasive", \Meiosis", \Metabolism", \Signal Transdu
tion",\Sporulation", \Stress Response" and \Transport" (\Cell Fusion" is now depre
ated). Sin
e the GO is a hierar-
hi
al set of terms, we 
onsidered the \
hildren" as part of the \parent" 
ategory. We ignored genes with less thanthree or more than 25 abstra
ts.We downloaded the sele
ted abstra
ts and represented genes as ve
tors of terms, inserting all the terms presentfor more than �ve genes and less than 1,500. Finally, we obtained 1,969 ve
tors of 11,701 dimensions.



Table 1. Five-fold cross validation of GO categories predictionGO 
ategories SVM k-NN GO 
ategories SVM k-NN(num of genes) Poly1 Poly2 k = 1 k = 5 (num of genes) Poly1 Poly2 k = 1 k = 5Biogenesis P 0.7811 0.8210 0.7616 0.7523 Metabolism P 0.9069 0.8913 0.9153 0.8929(562) R 0.7379 0.6808 0.7593 0.7351 (1527) R 0.9313 0.9338 0.9195 0.9281Cell Cy
le P 0.7451 0.7220 0.7052 0.7714 Signal Transdu
tion P 0.7832 0.7171 0.7689 0.7617(226) R 0.7043 0.6050 0.7291 0.6311 (66) R 0.7038 0.6271 0.6786 0.5067Homeostasis P 0.7125 0.6421 0.5861 0.6706 Sporulation P 0.5429 0.4567 0.3333 0.6333(55) R 0.5264 0.4799 0.5058 0.4183 (33) R 0.4111 0.3444 0.3806 0.2389Intra
ellular P 0.7798 0.7244 0.7188 0.7466 Stress Response P 0.5778 0.5043 0.6002 0.5738(188) R 0.6668 0.6642 0.7406 0.6711 (111) R 0.4414 0.3608 0.5316 0.2714Invasive P 0.6000 0.6000 0.5 0 Transport P 0.8158 0.7957 0.7542 0.7775(7) R 0.5000 0.5000 0.6 0 (414) R 0.7722 0.6799 0.7959 0.7358Meiosis P 0.5463 0.6040 0.4564 0.8191(43) R 0.5400 0.4667 0.5311 0.4822We evaluated the performan
e of the proposed method by �ve-fold 
ross validation. Table 1 shows the resultsfor the di�erent 
lassi�ers. For ea
h 
ategory, we 
al
ulated the Pre
ision (P) and the Re
all (R). We used twodi�erent kernels for the SVM 
lassi�er: a linear kernel (Poly1) and a 2nd-degree polynomial kernel (Poly2). Inthis study, the linear kernel tends to produ
e better results. For the k-NN, we 
al
ulated distan
es beetween theve
tors, using the 
osine distan
e measure. Table 1 shows the results for k = 1 and k = 5.From the results of SVM (Poly1) and k-NN, the four 
ategories represented by more than 200 genes have bothpre
ision and re
all higher than 70%. On the other side, the two 
ategories with less than 50 genes 
orrespond tolow re
all and pre
ision. It therefore seems that the size of the training set is very important for the quality of theresults. k-NN gives better results than SVM for 
lasses with lots of genes, whereas SVM is more robust in the 
aseof 
lasses with few genes.These results 
annot be 
ompared dire
tly with Ray
haudhuri et al.'s results, be
ause when they developedtheir method, the SGD database 
ontained fewer genes than it does now, so they tested it on a smaller sample.Additionally, their method only outputs rankings, so their method 
annot be evaluated by the same re
all andpre
ision metri
s as ours. They used two other ways to evaluate the eÆ
ien
y of their method. For ea
h 
ategory,the \Exa
t Mat
h" is the per
entage of 
orre
tly assigned genes. The \Partial Mat
h" 
orresponds to the \Exa
tMat
h" plus the per
entage of genes assigned to any other 
orre
t 
ategories, in the 
ase of multiple 
orre
t
ategories. The \Exa
t Mat
h" is stri
ter than our method, while the \Partial Mat
h" is less stri
t. Our methodprodu
ed better results than the \Exa
t Mat
h" for nine 
ategories with SVM (Poly1), ten with k-NN/k=1 andeight with k-NN/k=5. Furthermore, SVM, k-NN/k=1 and k-NN/k=5 gave better results than their \PartialMat
h" for �ve, six and four 
ategories respe
tively.With SVM (Poly1), for 91.73% of the genes, at least one of the 
orre
t 
ategories was predi
ted. For 64.55%, allof the 
orre
t 
ategories were predi
ted exa
tly. k-NN/k=1 predi
ts 92.03% and 65.31%, and k-NN/k=5 predi
ts90.91% and 62.37%, respe
tively for all 
orre
t 
ategories and for any 
orre
t 
ategory.These results suggest that the method 
an eÆ
iently help 
urators annotate genes. Further development 
oulduse our method on spe
ies other than yeast and for the predi
tive annotation of unknown genes.Referen
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