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In recent year, Conditional Random Fields is expected to resolve existent methods show high
performance in field of Natural Language Processing. Support Vector Machine used in field of
prediction of protein function. We predicted cleavage sites of signal peptides with their two
methods. This paper presents that we compared to comparison of Neural Network prediction
performance in the experiment method of precedence research and show that the performance
of CRFs is higher than SVM.
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1 http://www.cbs.dtu.dk/ftp/signalp/
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Eukaryote 1011 820
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2http://chasen.org/~taku/software/yamcha/
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Res
Res Res
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4 CRF Res
lab
five-fold
cross validation(5CV)4
5 CRF SVM
5 1
Accuracy
tp+tn
Accuracy = P )
tp+fp+fn+tn

tp true positive fp  false positive

fn  false negative tn true negative

3http://www.chasen.org/~taku/software/CRF
++/
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Method Cleavage site (Accuracy %)
Euk Gram Gram+
SignalP 1 NN 70.2 79.3 67.9
SignalP 2 NN 72.4 83.4 67.4
SignalP 2 HMM 69.5 81.4 64.5
SignalP 3 NN 79.0 92.5 85.0
SignalP 3 HMM 75.7 90.2 81.6
SVM 71.9 68.6 54.6
CRF 79.1 79.2 67.8
CRF SVM  window
size 5 7
window size 20
+4 11 +3
11 +2
7 Window size (gram negative)
SVM window size
eukaryote + 18 gram positive + 21
gram negative + 24 CRF
window size eukaryote +
6 gram positive gram negative +3
window size 2
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