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KDE-CSSA, a tree structure based algorithm
for the prediction of protein function

Chen Yiming, He Xiping, Qiao Bo

(College of Information Science and Technology, Hunan Agricultural University, Changsha 410128, China)

Abstract: KDE-CSSD, an tree structure algorithm was proposed for the prediction of protein function based on class hierarchy to
solve the issues of high computational cost on label classes through direct learning classification model and of train data skew on
class hierarchy among middle or lower level nodes. The algorithm firstly projected label vector onto principle components of label
kernel by means of learning less regression models, then, the predicted numeric vector were back projected onto their original
vector space, finally, the predicted 0 or 1 label vector meeting tree hierarchy constraint were obtained using compressed sort and
selection algorithm. The experiments, adopted precise rate and recall rate as criterion on 12 genomic benchmark data sets, proved
that the KDE-CSSA algorithm outperformed the outstanding CLUS-HMC algorithm.

Keywords: protein; function prediction; principle component analysis; kernel dependency estimation(KDE); compressed
sort and select algorithm(CSSA)
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Fig. 1 Two hierarchy structures of protein function
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Table 1 The summary of yeast data set used in the experiment
FunCat
Seq 1692 876 1332 478 500
Phenol 653 352 581 69 456
Struc 1659 859 1306 19 629 500
Hom 1661 876 1309 47 035 500
Cellcycle 1625 848 1278 77 500
Church 1627 844 1278 27 500
Derisi 1605 842 1272 63 500
Eisen 1055 528 835 79 462
Gaschl 1631 846 1281 173 500
Gasch2 1635 849 1288 52 500
Spo 1597 837 1263 80 500
expr 1636 849 1288 551 500
32 MEEEE AUPRC 2
2 AUPRC
Prec Rec
KDE-CSSA 12
©® (@
P CLUS-HMC
Prec = ——— 6 e g ;
TP+FP ©) F2 1 BEHURE LMNAAUPRCE
TP Table 2 Comparison the predicted AUPRC between KDE-CSSA
Rec = TP + EN (7) and CLUS-HMC using yeast data sets
AUPRC
TP FPFN KDE-CSSA CLUS-HMC
TP; FP; FN; Seq 0.228 0.216
. Phenol 0.182 0.167
' Struc 0.195 0.187
8 (9 Hom 0.261 0.252
ZT P Cellcycle 0.195 0.181
- ! Church 0.189 0.175
Pre¢ = ————— (8) Derisi 0.196 0.182
ZTPi +Z FR Eisen 0.224 0.215
i i Gaschl 0.226 0.212
TR Gasch2 0.228 0.201
Rec = i 9 Spo 0.218 0.194
ZTPi JFZ“FNi ®) expr 0.226 0.214
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