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Abstract: Recently, many researchers have been attracted in link prediction, which is an effective technique \ used
in graph based models analysis. By using the link prediction method the study understands associations between
nodes. Most of previous works in this area have not explored the prediction of links in dynamic multi-dimension
networks and have not explored the prediction of links which could disappear in the future. This paper argues that
these kinds of links are important. At least they can serve as a complement for current link prediction processes in
order to plan better for the future. This paper proposes a link prediction model, which is capable of predicting
bi-direction links that might exist and may disappear in the future in dynamic multi-dimension networks. Firstly, the
study presents the definition of multi-dimensional networks, reduction dimension networks, and dynamic networks.
Then paper proposes a forward some algorithms which build multi-dimension networks, reduction dimension
networks, and dynamic networks. Next, a give bi-direction link prediction algorithms in dynamic multi-dimension
weighted networks. At the end, algorithms above are applied in recommendation networks. Experimental results
show that the algorithm can improve the link prediction performance in dynamic multi-dimensional weighted
networks.

Key words: dynamic network; multi-dimension network; bi-direction link prediction; weight similarity;
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Fig.1 Dynamic two-dimension weighted networks and its reduction dimension networks
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MultiDimentionModel()

forEach(nodel in U)

{
for(int i=1;i<<n;i++)
forEach(node2 in V;)
if(nodel uses node2)
add an edge between nodel and node2 labeled with a weight value;
normalize the weight value;
}
}
}
}

}
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NetProjection()

forEach (nodel in U)

forEach(node2 in U)

{
forEach(edge in E;)
if(there are N1 neighbour nodes between nodeland node2)
add an edge between nodel and node2 labeled with N1;
}
}
}
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SelectRelation()

{

)

for(int i=1;i<<n;i++)
VSV, O
}
A AR BBk 50 P S
XPA i T o 0 O FERE 2 A BRI R 1 HSTAR X R A

for(int x=1;x<<n;x++)

{

£ Yl |
y=1
}
5 Yoy | MONEL KA (EL.2,....0);
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DimensionReduction()

{
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e th L A0, 102 1) (¥ B I AU AR 5 A={ e, o0, 03, .. a3
forEach(x,y in U)

{
initial the weight of the edge between x and y called W,,;
for(int i=1;i<<L;i++)
{
ny:ny'*'W[Pi]xy>< a;;
}
SD is a weighted network with nodes in U;
}
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DynimicReductionNetwork()

{
forEach (xin T)
MultiDimentionModel();
NetProjection();
SelectRelation();
DimensionReduction();
}
Get G={(t1,51(V1,E1,W1)),(t2,52(V2,E2,W5)), ..., (t0,Sn(Vn, En, W)}
}
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sim(i, j) = Y e xsim(i, j),.(i, j) € E, (3)

k=1

32 BB UEMEIE RERTUNE L
AEACLEEFE R TR 2 5 55 v AR P B AT Bl 22 24 I 4% 1T 1 Bl M) 40025, L5002 6.
HiE 6. )2 4E W 4% 11 ) B % 0 A2
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LinkPrediction()

{
MultiDimentionModel();

NetProjection();
SelectRelation();
DimensionReduction();
forEach (int x=1; x<n; x++)
{

Compute similarity for each pair of nodes according to formula 3;

}

Put these similarity numbers in a list and sort them descending;
Get the first L ... in the list;

}
3.3 ENAS % HE W 4% I (o) HEBR T B0k

HEAT B 1m0 B i OO PR 1 RS2 49 3 I A PR - P O S0 DR A T RE T 2. L R ASURE e e A ) % o R AR 52,
RIS SR AL K R A AR FSASAEL /N PR, e 2 AR A ARl _E 04T 1 1) S N0, 3K A 00 280 0y 45 SRt e o K de vl
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ReverseLinkPrediction()
{
MultiDimentionModel();
NetProjection();
SelectRelation();
DimensionReduction();
Get reduction demention networks called SD=(U,E,W);
forEach (w,yeW)
{
Wiy =1-W,y;
}
LinkPrediction();
Put these similarity numbers in a list and sort them descending;
Get the first L ... in the list;

}
4 SKBERRSH
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e el PR HE 4 20 AT 1 496,1 253,1 800 4% HidE. 4 Ab 3 T A 4k S0 B YR B T YERAR SR VR R 4
IR 1.

Table 1 Evaluation table structure of user

R 1NV RAH

FRIART aX
userld FA P FRIR
itemNum 5 H bR R
itemld I H AR iR
rating Wy
timestamp i 7] 3%

S0 Ak A 19 2% 08 I — b I SRR A P ) — S0P R D 2 4% usertd A D SIS B R, 2R B T B
XL B = Y R
4.2 MR

AN SR P Al e i T SO RO R G L T A A D VAN SR FR bR RS A 5 Accuracy 2 R G0 AL I IE A TN 5
FITAT TN AR P 23 B G 28 SO K (4), 26 n _op AR IEAA I TN, n _tp AR BT (L0 2 H

Accuracy=n_cp/n_tpx100% (4)
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Fig.2 Accuracy comparison
2 KA RE SR R

S &5 R T AT HH, ) 7 2 2 2 0 2% o R X 1] B B U0 A LT R SRS T iR DL 0 7 i R A AR A
Ut W] DDMRS SE3EA LA ) TI0IN0 45 75 BT R 1) e, SRE00A2 AT I ) S Ay 8 A 5325, 2 W Ji DR 2 B
T PAEIRAR 3 Al £t v K T etk A s 22 AL IR 2% I RE I B

ek, Chah O 25 5N 31 6F B T 3l 22 4k I 48 PR B (000 1k) i i T 55325 (DDMLP_dyc) 55 R S AT 8l 455
) 22 Y INAUHE A7 5595 (DDMLP), R FERE AL IR 100 21T ) v SEAL s 45 I 28 A5 20 AE R 22 1)~ S (RIS
)V G 208, LB 4 R B 3 BToms.

9 T DOMLP.

30 w8 ] :DDMLdec

- 5 oas | i :
i 9 DDMLP g T
S e a ¢
= = = 55 Y
gﬂi ! Sob 4 T
3 30 b g3 )

20 == =] 2

1w 1 1

> 5 ' 5 & ‘ e B ' e ' i 56 11¢ 126 130 140 150 160 17¢ 180 190 200 210

Users group member Time (s)
Fig.3 Accuracy comparison Fig.4 Time comparison
3 KRS 4 R K4 i) s 5

SEIG 45 2% W, DDMLP_dyc [ 851 % DDMLP =1, 55 Ak, Hh SE 36 45 AT DL 3], DDMLP_dyc i 7] 74 #E 2% ik
/b>-}- DDMLP HIE AR R il 7 A1 R OIS+ 53 W] . I8 g £ DDMLP i JE2 Jlc ok 248 99 248 i £ ) SEORT Bl i 22 o
F4y TR 5% 35800 T B0 04 T 7R 7 THD 1) 52 36 B T DU 31, 20 25 22 4 0 45 B i T S R I T R AT A HERE T 6

5 HRiE

AT T Bl 725 20 2 0 255 X 1) i g T 7 9k A 50 25 22 4k 9 29 A 85 o B v AT e SR v e 7™ A ) 4t
R AT B AT PR TR K vl B S AR B2 AT TN DA AR SCH 1) 31 28 25 Ak 90 28 X017 B ik TN g 925 AR 2 e 3
B BLS M T A AR 2 3 5, T DAAE S BILA B T 10 0 B 78 S U £ AR W, RENS A8 22 4 A ) 4 v it T
A SIF I ROR A 5 I A SE 20 S AT BT 58 U R AR A AT N ) 2 58 53 A0 S AR 50k, 38 i SR R A

© PERREERSMROT  httpy/ www. jos. org. cn



Ei Fioh A % MR TN 185

References:

[1] Getoorl L, Diehl CP. Link mining: A survey. ACM SIGKDD Explorations Newsletter, 2005,7(2):3-12.

[2] Thurner S, Biely C. Two statistical mechanics aspects of complex networks. Physica A, 2002,74(2):346-353.

[3] Gallagher B, Tong HH, Eliassi-Rad T, Faloutsos C. Using ghost edges for classification in sparsely labeled networks. In: Proc. of
the ACM SIGKDD 2008. 2008. 256-264.

[4] Liben-Nowell D, Kleinberg J. The link prediction problem for social networks. In: Proc. of the 12th Int’l Conf. on Information and
Knowledge Management. ACM, 2003. 556-559.

[5] Clauset A, Moore C, Newman MEJ. Hierarchical structure and the prediction of missing links in networks. Nature, 2008,45(3):
98-101.

[6] Holland PW, Laskey KB, Leinhard S. Stochastic block models: First steps. Social Networks, 1983,5:109-137.

[71 Dunlavy DM, Kolda TG. Temporal link prediction using matrix and tensor factorizations. ACM Trans on Knowl Discov Data
(TKDD), 2011,5(2):10-18.

[8] bk, . T Ao JEE o % v 18 Bk TN 1 AU 0. SHEAIL 22,201 2,38(3):67-70.

[9] Allali O, Magnien C, Latapy M. Link prediction in bipartite graphs using internal links and weighted projection. In: Proc. of the
IEEE Conf. on Computer Communications Workshops. 2011. 936-941.

[10] Tylenda T, Angelova R, Bedathur S. Towards time-aware link prediction in evolving social networks. In: Proc. of the 3rd
SNA-KDD Workshop on Social Network Mining and Analysis. ACM, 2009. 1-10.

[11] Naji G, Nagi M, Elsheikh AM, Gao S, Kianmehr K, Ozyer T, Rokne J, Demetrick D, Ridley M, Alhajj R. Effectiveness of social
networks for studying biological agents and identifying cancer biomarkers. In: Proc. of the Counterterrorism and Open Source
Intelligence. 2011. 285-313.

[12]  PhEkAE 4, ™ 7 5k, 25 2 0, 9 o0, R 3 e H SR 2% I 48 B8 R JL A Hh S 2 F 9 R (K B 2 2 R 48 45 2 2% T B2, 2008,
5(3):55-61.

[13] Zhou T, Ren J, Medo M, Zhang YC. Bipartite network projection and personal recommendation. Phys. Rev. E, 2007, 76-115.

[14] Zhou T, Jiang LL, Su RQ, Zhang YC. Effect of initial configuration on network-based recommendation. Europhy. Lett., 2008,
81-85.

[15] Ordonez C, Omiecinski E. Efficient disk-based K-means clustering for relational databases. IEEE Trans. on Knowledge and Data
Engineering, 2004,16(8):909-921.

[16] HanJW, Kamber M. Data Mining: Concepts and Techniques. San Francisco: Morgan Kaufmann Publishers, 2000.

[17]  XBZAR. L F 1 55 HERE R G0 B BORBI F [ L2247 18 3. b 53 HK #2003,

FE L1966 —), Lo, R N, % A
Uil 26 B HF 540 35 s Bl A e MR ORE,
Ze M4, TAER.

PN £2(1993 —), &, T BRI ST LA
Sk

FBRHE(1972—), 20, A U, 12 B0 T A
B ReE S B S B .

© PERREERSMROT  httpy/ www. jos. org. cn



