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Protein subcellular localization prediction based on reduced representation of

amino acid and statistical characteristic
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Abstract ; The protein subcellular localization prediction is important to study the protein function, protein interaction
and their regulation mechanism. In this paper, based on four amino acids physicochemical properties and structural
properties, We describe the local and global information of sequence by ‘ component’, ¢ transition’ and
“ distribution”’ . Using the numerical statistical characteristic of hydrophobic/hydrophilic amino acid, we proposed a
new protein feature representation. We compare the prediction results between the proposed methods and fusion
method with the classification algorithm KNN, SVM and BP. The results show that fusion method with SVM can get
better prediction accuracies. Meantime, we also discuss the effects of different parameters on the experimental results.

The detailed experimental and comparison results show the effectiveness of the proposed method.

Keywords : Subcellular localization; Physicochemical properties; Support vector machine (SVM)
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Table 1 Amino acid attribute and feature dimension of each attribute

ERAE A A A
PR ——— AH 951 2H () 92 () 55 3 H(BAKME)
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Hyrophobicity 3] 33 15 2l R,K,E,D,Q,N G,A,S,T,P,H,Y C,V,L,I,M,F,W

Normalized van der

3 3 15 21
Waals volume! ")

0-2.78G,A,S,C,T,P,D

2.95-4.0N,V,E,Q,I,L  4.43-8.08M,H,K,F,R,Y,W

Polarity"* 3 3 15 21 4.9-6.2L,1,F,W,C,M,V,Y 8.0-9.2P,A,T,G,S 10.4-13.0H,Q,R,K,N,E,D
0-0.108 0.128-0.186 0.219-0.409
Polarizability*’ 3 3 15 21
G,A,S,D,T C,P,N,V,E,Q,I,L K,M,H,F,R,Y,W
A,R,D,C,Q,E,H,I,G,N,
Amino acid composition**] 20 — — 20

NSBH(u=2) — 9

L,K,M,F,P,S,T,W,Y,V
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Fig.1 The results comparison of different u values with SVM on each dataset
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Table 2 The results comparison of different feature extraction methods with SVM for each dataset ( %)
RH997 RH2427 Plant Gram—p Gram—n Virus Eukaryotic Human

Hyrophobicity 82.0 71.2 34.8 68.5 64.6 38.9 36.5 35.3
Normalized van 76.3 68.4 32.3 47.0 46.2 34.1 31.5 28.9
Polarity 79.6 70.5 35.3 66.7 62.5 43.7 37.2 35.3
Polarizability 77.1 64.9 29.6 48.6 44.0 32.9 31.5 29.3
AAC 91.3 79.1 38.8 71.1 71.1 44.4 39.6 38.3
NSBH (u=2) 74.6 61.6 32.0 62.5 57.6 46.4 33.8 31.9
fusion all 91.6 84.4 399 72.7 71.9 40.1 40.5 38.6
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Fig.2 The results comparison of different types of KNN classifier for fusion model
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Table 3 The prediction accuracy comparison of KNN, SVM and BP for fusion model

RH997 RH2427 Plant Gram—p Gram—n Virus Eukaryotic Human
KNN 85.2(k=1) 79.4(k =1) 34.2(k =29) 66.5(k =18) 65.7(k =18) 40.5(k =15) 34.6(k =24) 33.2(k =28)
SVM 91.6 84.4 39.9 72.7 71.9 40.1 40.5 38.6
BP 85.8 66.6 32.2 68.5 62.1 43.3 30.6 30.5

AFE 3 AT LABA G A TR R AR 4 BP (T
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Table 4 The prediction results of different models on RH997 dataset

Accuracy (%)

Predictor Overall accuracy (%)
Cytoplasm Extracellular Periplasm

Niu et al.[*! 98.8 73.8 77.2 91.8
Hua and Sun'*! 97.5 76.6 78.2 91.4
Yuan! 4 93.6 77.6 79.7 89.1
Chou and Elrod[*”) 91.6 80.4 72.3 86.5
Chou and Cail*® N/A N/A N/A 94.7
This work N/A N/A N/A 91.6
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Table 5 The prediction results of different models on RH2427 dataset

Accuracy (%)

Predictor Overall accuracy (%)
Cytoplasm Extracellular Mitochondria Nuclear
Niu et al.[*] 84.5 76.3 49.2 89.2 80.8
Hua and Sun'*! 76.9 80.0 56.7 87.4 79.4
Yuan! ] 78.1 62.2 69.2 74.1 73.0
Chou and Cai'* N/A N/A N/A N/A 92.9
This work N/A N/A N/A N/A 84.4
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