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Table 1 Six groups of fold features extracted from protein

sequence
Symbol Feature Dim
C Amino acid composition 20
P Polarity 21
A Polarizability 21
v Normalized Van Der Waals volume 21
H Hydrophobicity 21
S Predicted secondary structure 21

Symbol: Short name of feature group; Feature: Full name of feature

group; Dim: Dimension of feature vector.
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Fig. 1 The architecture of support vector machines fusion

network
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Table 2 The comparison of SFN, BAYESPROT and Ding in the independent test

Fold Oracle SFN BAYESPROT Ding
Index Class Q;/% Q% mcc Q' % Mmcc Q' %
a
1 1 83.33 83.33 0.829 83.33 0.829 83.3
3 2 100.00 100.00 0.901 88.89 0.837 77.8
4 3 65.00 45.00 0.554 65.00 0.618 35.0
7 4 100.00 62.50 0.612 62.50 0.713 50.0
9 5 100.00 100.00 0.825 100.00 0.654 100.0
11 6 66.67 66.67 0.513 2222 0.278 66.7
B
20 7 77.27 68.18 0.608 77.27 0.644 71.6
23 8 41.67 3333 0.384 8.33 0.146 16.7
26 9 92.31 69.23 0.705 69.23 0.543 50.0
30 10 33.33 33.33 0.462 33.33 0.462 333
31 11 75.00 37.50 0.417 50.00 0.623 50.0
32 12 42.11 42.11 0.350 31.58 0.379 26.3
33 13 75.00 50.00 0.571 50.00 0.396 50.0
35 14 50.00 50.00 0.364 25.00 0.278 25.0
39 15 85.71 71.43 0.618 57.14 0.606 57.1
o/
46 16 83.33 77.08 0.698 87.50 0.589 77.1
47 17 75.00 66.67 0.809 58.33 0.659 58.3
48 18 46.15 38.46 0.389 30.77 0.396 48.7
51 19 44.44 37.04 0.339 37.04 0.454 61.1
54 20 58.33 58.33 0.430 33.33 0.298 36.1
57 21 62.50 62.50 0.714 37.50 0.519 50.0
59 22 71.43 64.29 0.576 50.00 0.513 35.7
62 23 85.71 85.71 0.591 28.57 0.289 71.4
69 24 25.00 25.00 0.278 25.00 0.237 25.0
a+f3
72 25 37.50 37.50 0.417 25.00 0.267 12.5
87 26 48.15 37.04 0.351 40.74 0.338 37.0
110 27 100.00 96.30 0.920 96.30 0.938 83.3
Q/% 69.35 61.04 — 58.18 — 56.0

Index: Fold index in original dataset, Class: Class ID of all folds, Oracle: Oracle result of our approach,
SFN: Result of our approach, BAYESPROT: Result of BAYESPROTF], Ding: Best result of Ding'¥, and
CHS features are used, () /%: Overall accuracy (in percent) for 27-class folds, (), /%: Accuracy (in
percent) for each class, MCC: Matthews correlation coefficient for each class.
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Fig. 2 The difference of accuracy for each class between

SFN and Ding Fig. 3 The difference of accuracy for each class between
SFN and BAYESPROT
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Table 3 The overall accuracy of 16 fusion schemes in independent test

Scheme C P A Vv H S Q/%
1 N N 57.40
2 v N N 58.18
3 N N N 57.14
4 N N N 57.40
5 N N N 58.18
6 N N N N 58.70
7 N N N N 57.92
8 N N N N 57.66
9 N N N N 56.62
10 N N N N 58.44
11 N N N N 58.96
12 v N N N N 58.44
13 N N N N N 58.44
14 N N N N N 59.22
15 N N N N N 58.70
16 N N N N N N 58.18

Scheme: ID of fusion schemes, C, P, Z, V, H, S: Six groups of feature, see also table 1, () / %: Overall

accuracy (in percent) of each fusion scheme for 27-class folds, \ : The feature group used in fusion

scheme.
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Abstract  One of the important approaches to structure analysis is protein fold recognition, which is often
applied when there is no significant sequence similarity between structurally similar proteins. A framework with a
three-layer support vector machines fusion network (SFN) is presented. The framework is applied to 27-class
protein fold recognition from primary structure of proteins. SFN uses support vector machines as member
classifiers, and adopts All-Versus-All as multi-class categorization. Six groups of features are divided into major
and minor ones by SFN, and several diversity fusion schemes are correspondingly built. The final decision is made
by dynamic selection of the results of all fusion schemes. When it is still difficult to know what kind of fusion of
feature groups can achieve good prediction, SFN is a dependable solution by selecting the optimal fusion of
feature groups automatically, which can ensure the best recognition. Overall recognition system achieves 61.04%
fold prediction accuracy on the independent test dataset. The results and the comparison with other approaches
demonstrate the effectiveness of SEN, and thus encourage its further exploration.
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