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An efficient algorithm for counting (p,q) —bicliques
WEI Shuo, DU Ming, ZHOU Junfeng

(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: The bipartite graph can model the relationship between two different types of entities. The clique in a bipartite graph is
called a biclique and is its basic dense substructure. Calculating the number of (p,q) — bicliques in a given bipartite graph is of great
significance. In response to the inefficiency caused by the large input graph size of existing bicliques counting methods, this paper
proposes an optimization method for (p,q) — bicliques counting. This method significantly reduces the input graph size of bicliques
counting methods and improves the efficiency of (p,q) — bicliques counting by constructing the index MBC _I for all non -
intersecting maximum bicliques in the bipartite graph. Afterwards, a degree based overall pruning strategy is proposed, and based on
this, an optimized counting algorithm CNBC _I" is proposed to further improve counting efficiency. Finally, experiments are
conducted on multiple datasets, and the experimental results validate the efficiency of the proposed method.
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Table 2 Datasets
EVEITES eSSl I Ul U 2R VI VR I EI E 257
Youtube Affiliation 94 238 User 30 087 Group 293 360 Membership
Actor—movie Affiliation 127 823 Actor 383 640 Movie 1 470 404 Appearance
Twitter Interaction 175 214 User 530 418 Hashtag 1 890 661 Usage
IMDB Affiliation 685 568 Actor 186 414 Movie 2 715 604 Appearance
Amazon Rating 2 146 057 User 1 230 915 Product 5 743 258 Rate
DBLP Authorship 1 953 085 Author 5624 219 Publication 12 282 059 Authorship
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JEE PR AR Vol SR s, bt 6 T TUARERAE , AR 4Tt
BITRCR,
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Table 3 Running time S

FIEIIE S BCList CNBC_I CNBC_I*
Youtube 29. 442 21.056 20.975
Actor-movie 2.593 1.628 1. 602
Twitter 99. 439 82. 024 80.796
IMDB 23.451 18.244 18.153
Amazon 20. 322 19.431 17. 476
DBLP 5.408 5.382 3.540
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Table 4 Index size and index construction time

R RAME mexs  p | FGHHE
Youtube 70 355 65. 157 4270
Actor—movie 103 270 48.029 23 926
Twitter 177 2 465 111.401 27 310
IMDB 478 585 44.073 137 236
Amazon 210 408 50. 185 100 967
DBLP 2228 336 35.975 61 015
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Fig. 7 Varying values of p and ¢
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Table 6 The number of (p,q) —biclique in DBLP

AT TR (p.q) WK (p,q) Z5MHAK
KT — MU L 3 Y R K p (8,11) 436 498 434
q WE R AE, A KRR — 7 K1 %585 4 DBLP (9,12) 160 865 892
AT (p,q) AT EITHEL, 3 Fh Bk A I ] T AR (10,13) 32 153 745
B, (11,14) 2621 279
*5 DBLP LT ping WA (12,15) 152
Table 5 Varying values of p and ¢ in DBLP
(prq) B BCList CNBC_I CNBC_I* 4 LERIE
(8,11) 6. 124 6.016 4. 661 l_ﬁ_xgrﬂ—dﬁ (P,(]) :ﬁ}[ﬂﬁ’ﬁf{ﬁ%%/\@ﬂﬁ
G e 4736 B BT S B0 A U, A SCH th—Fh 7 — 4
o0 3208 4288 Vel o BT A MR R —4h A %3 BT iR 317
(i s 7 4217 LASRBHLAERE /NI — 4 T Sk A T 1, AT 327+
(12,15) 4.687 4.621 4.082 (p,q) Z4rPIHER TR, £t 35 2 0 B Ak

5 AT LA I 5T BEX (p,q) BUAR
fE—F Ol , CNBC_L™ vk R B SR AR B T
Hifth 3 FhiE 1, CNBC_1" & 15 5 BCList &40 [,
(p,q) = HIMITHEUCRIET T 15% ~30%

FIUH PL EBOE B K BAEX (p,q), ITHE

BRI B T TUARERAE IR T AR AL
5 CNBC_I" , figfa il LR il 1A SCHR g i
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