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3
2 precision:lel/lPl recall = IN, 1/ | BI
f-score = (2 X precision X recall) / ( precision + recall) .
.2
overlap( C; C;) > 0. 8(
0.10.2 --0.9 9 F
0. 8)
2 C, Ci~
C~C,3 . MIPS
0.772
overlap( C, C) =1C,NC1/1C,UC1.  (2) L. F
2 2.2
2.1
( precision) . (recall) \F ( sensitivi—
ty) . ( PPY) ( accuracy) .
p b NA(p b) >0.25 (1) 3
p 1 ( 1 )
b A 1
V, 1
P
b
> (1)
NA(p b) =1V,OV, 12/ (1V, I x1V,1).
( 2.1
accuracy
F f-score
- IN, I 1
N, | Jf=score)
. P
B
2
N,={plpeP JbeB NA(p b) =0.25}
N,={blbeB dpeP NA(p b) =0.25}
1 N
num precision recall f-score sensitivity PPV accuracy
789 0.471 5 0.422 1 0.445 4 0.402 4 0.677 2 0.522 1
861 0.623 7 0.476 8 0.540 4 0.472 9 0.714 7 0.581 4
848 0.641 5 0.4850 0.552 4 0.4377 0.740 1 0.569 1
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DIP
2 DIP
DIP
>7 2282
2

num precision recall Jf-score sensitivity PPV accuracy

848 0.6415 0.4850 0.5524 0.4377 0.7401 0.569 1

>4 845 0.6166 0.5014 0.5530 0.4902 0.7206  0.594 3

>5 822 0.6338 0.5082 0.5641 0.4847 0.7302 0.5949

>6 844 0.6540 0.5027 0.5685 0.4567 0.7298  0.5773

>7 872 0.6548 0.5055 0.5705 0.4609 0.7293 0.579 8

>8 863 0.6512 0.4809 0.5532 0.4531 0.7307 0.5754

>9 838 0.6432 0.4863 0.5539 0.4590 0.7280  0.578 1
3

3 . CDdis—
DIP « Krogan tance . FSWeight AdjustCD
" . Gavin " 3
4 3
3

num precision recall Jf-score sensitivity PPV accuracy
DIP 848 0.641 5 0.4850 0.552 4 0.437 7 0.740 1 0.569 1
Ours Krogan 293 0.716 7 0.4533 0.5553 0.496 5 0.739 8 0.606 1
Gavin 336 0.761 9 0.5137 0.613 7 0.5317 0.714 6 0.616 4
DIP 806 0.416 9 0.390 7 0.403 4 0.447 6 0.642 1 0.536 1
CDdistance Krogan 306 0.542°5 0.379 2 0.446 4 0.464 8 0.708 4 0.573 8
Gavin 332 0.5723 0.416 1 0.481 9 0.576 4 0.675 1 0.623 8
DIP 816 0.414 2 0.389 3 0.401 4 0.447 4 0.641 7 0.5358
FSWeight Krogan 309 0.530 7 0.382 7 0.444 7 0.466 3 0.708 4 0.574 7
Gavin 337 0.560 8 0.414 4 0.476 6 0.5827 0.680 8 0.629 8
DIP 810 0.434 6 0.3825 0.406 9 0.449 1 0.640 9 0.536 5
AdjustCD Krogan 297 0.5320 0.377 4 0.441 6 0.467 0 0.705 0 0.573 8
Gavin 334 0.5719 0.416 1 0.481 7 0.5759 0.676 7 0.624 3
DIP 784 0.390 3 0.340 2 0.3635 0.5557 0.6550 0.603 3
Krogan 288 0.534 7 0.3739 0.440 1 0.5219 0.696 4 0.602 9
Gavin 329 0.522 8 0.4229 0.467 6 0.657 5 0.703 0 0.679 9
DIP 815 0.4712 0.405 7 0.436 0 0.500 3 0.659 8 0.574 5
Krogan 303 0.580 9 0.409 2 0.480 1 0.492 2 0.716 8 0.594 0
Gavin 323 0.569 7 0.436 6 0.494 4 0.613 8 0.691 7 0.651 6
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4

DIP 1428 17 201 732 425 2 000

Krogan 2 675 7 080 567 141 1 600

Gavin 1430 6 531 584 86 1 600
. 732 5

{¢ G G ¢ G} 5
G. Bader 0 4
MCODE ( ) G. Liu
CMC ( (NA) >0.9
) Xiaoli COACH(
“o— ” ) ( overlap) >0.6
5 5
MCODE.CMC.COACH .5
MCODE.CMC.COACH
5
5

num precision recall Jf-score sensitivity PPV accuracy
Ours 572 0.629 4 0.489 1 0.550 4 0.436 5 0.736 4 0.567 0
MCODE 59 0.542 4 0.088 8 0.152 6 0.2351 0.637 2 0.387 1
CMC 173 0.630 1 0.312 8 0.418 1 0.349 9 0.7223 0.502 7
COACH 747 0.431 1 0.468 6 0.449 0 0.4327 0.692 2 0.547 3
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Complex Extraction from the Weighted Network Based on

Topological and Biological Characteristics

YU Feng-ying YANG Zhi-hao™ LIN Hongfei

( School of Computer Science and Technology Dalian University of Technology Dalian Liaoning 116024 China)

Abstract: The weight setting of protein interaction network has a great effect on protein complex identification. A

better strategy which considers both topological characteristics and biological characteristics of protein interaction

network has been provided. Furthermore some credible interactions have been added into the original network.

Then the updated protein interaction network has been used for complex identification based on a supervised meth—
od. F-score reached 0.570 5 in the DIP dataset.

Key words: weighted network; weight setting; protein interaction; protein complex; supervised learning



