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Abstract: The time performance of ant colony clustering seriously restricts its application for functional
module. A fast ant colony clustering for functional module detection ( FACCFMD) algorithm which
considerably speeded up the original ACCHMD algorithm was developed. The similarity between each
protein and core protein group was computed by the FACCFMD then clustered by the pick-up and drop—
down model. The similarity between the functional modules by clustering was small. Thus FACC-+MD
eliminated the need for the merge operation and filter operation in ant colony cluster and shorten the
running time. At the same time the essential of protein was computed and was used to constraint the
times of pick-up and drop-down. Experiments on multiple PPl networks show that the FACCHMD
algorithm can greatly improve the time performance of ant colony clustering for functional module
detection with satisfactory quality. Moreover compared with classical algorithms in recent years the
FACCHMD also has advantages in performance indicators.
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Table 2 Effects of two strategies on running time
/s /s /s
ACCH+MD 26.075 170. 539 196. 614
45.334 3.025 48.359
DiPCore 10.932 21.533 32. 465
FACC+MD 26.719 26.719
ACCH+MD 469. 699 17 156. 081 17 625. 780
671.132 311. 265 982. 397
DiPFul 150. 447 530. 517 680. 964
FACC+MD 769. 418 769. 418
ACCHMD 132. 015 389. 765 521.780
236. 556 31.59%4 268. 150
MIPS 80. 850 109. 572 190. 422
FACC+MD 120. 513 120. 513
3~5 2
ACCHMD FACCHMD
ACC+MD 3.3.2
FACCH+MD
MCODE.JERARCA.MCL  COACH
PPI
. 3 3
FACC+MD 3~
ACCHMD. 3.5
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3 DIPCore 2

Fig.3 Comparative result of algorithms for DIPCore data

4  DIPFull 2
Fig.4 Comparative result of algorithms for DIPFull data

5 MIPS 2

Fig.5 Comparative result of algorithms for MIPS data
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Table 3 Experimental results of five algorithms

in DIPCore data sets

Ne Na,

FACC+MD 500 9. 06 311 216

MCODE 107 5.52 67 107

JERARACA 160 4.57 248 266

MCL 527 4. 65 171 252

COACH 350 7.33 199 213
4 5 DIPFull

Table 4 Experimental results of five algorithms
in DIPFull data sets

No Na,

FACC+MD 790 30. 87 244 154

MCODE 70 13.11 20 36

JERARACA 1386 3.68 152 225

MCL 1204 4.24 196 248

COACH 1289 26. 68 142 120
55 MIPS

Table 5 Experimental results of five algorithms in
MIPS data sets

N, N,
FACC+MD 507 45.17 115 92
MCODE 63 8.33 25 46
JERARACA 1012 4.49 102 139
MCL 593 6. 16 92 138
COACH 1387 17.14 289 156
FACCF+MD
FACC-
FMD
5 2 6~8
DIPCore FACCH+MD F
FACCHMD 63.2% MCODE.
JEARARCA. MCL COACH 0.6% «
33.4% ~ 30. 8% 6.3%; F 55.7%
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