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Link prediction method based on multi relation path in knowledge map

Yuan Huabing' Liu Min° Yang Yanqging'
(1. Information Technology Department, Xi'an Medical College,Xi'an 710021, China;

2. School of Mathematics and Computer Science, Shaanxi University of Technology, Hanzhong 723001, China)

Abstract: In order to solve the problem that the link prediction method based on single relational path cannot mine the
influence of different paths in the knowledge map. a link prediction method based on multi relational path is proposed.
Firstly, the similarity index based on path information is used to calculate the similarity between all relational paths.
Then, the relationship projection between different paths is extended to the new path projection and path constraints.
and the training process is performed by using random gradient descent. so that the explicit features between different
paths can be screened out through low dimensional representation learning in implicit space. The validation analysis is
carried out on Enron email data set and National Natural Science Foundation data set. Experimental results show that.
compared with other path link prediction algorithms, the maximum improvement of MAP and AUC is about 20%,
showing higher prediction accuracy.

Keywords: link prediction; knowledge mapping; multi relational path; path mapping

Web ’ ’
[1-3] [5]

.2021-01-14
* . (2019]JQ-927)

« 135



44

1
G = (V,E)
:E=E UE, U UE,
d
s G G,
G, =(V,E)
H lfr r
G, A"
v; v, R
af, =1, a:j =0,
A
7 i =1,2,.,d,
° ’ 2
2
21
[s]
Cflj z ( Ty )
S“(I’y)“;‘ Pz m)PCyn)
: S.(x,y) z
(x,y) 50
z (x,y)
( X N )
(y.n) o
22
( ) s
G
s L s
M, M, € R™
s n °
(hr9hp’tr?tp) :
h,=Mh, h,=M,h
e 136 -

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

[6-7] .
[@D)
3V .
(2)
= [a} 1, aj;
v, v, 7

3 N,
;s Po(x,y)
s P(x,n)
;s P(y.n)
(3)

(x,y)

(hyrst), h

h.t € R"

4

t,=Mt, t,=M,t (5
k A,
A p="Crisryaar,),
o s M,
Iv’p ’ ’
M, =M, +M, +-+M, (6)
GCharst) = EChyr ) FAE(Gs,pst) =
b, +r—¢t. | +ZIh,+p  —t,| (D
pl =r,tr,++r, (8)
A
Z="">V PGlh.p) 9
z Pi € P fitger
PG h,p) .
1 o
1
(7,
2 o
3
31
(National Science Foundation, NSF) .
1 2 R
32
D :ROC
(area under the ROC curve, AUC),
. AUC

http://www.cnki.net



( N, )

7 33
RIERG), ' 5
R TR B ol (PA™ | Sorensen"'” | Jaccard™', HPT"" | CN"¥ |
7 LHN I'Y [ELLPMDA™" | )
14 (6), 55T . NSE g AUC
HHT 2 KRB AR s 3 4 o
v 3 AUC
X AR R R AT IE W4 1 EA CR CS EP
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Katz 0. 872 0. 944 0. 959 0. 923
2 0.899  0.968  0.973  0.946
1
4 NSF AUC
SA SC CK
EA (email adjacency) 351 478 PA 0. 991 077 0. 73
CR(coreceiver) 351 5065 Sorensen 0. 929 0. 83 0. 91
CS(co-sender) 351 4 232 Jaceard 0. 391 0. 67 0. 75
EP(equal position) 351 5594 HP1 0. 932 0. 83 0.97
CN 0. 954 0. 82 0. 96
2 NSF LHN 1 0. 963 0. 82 0. 97
ELLPMDA 0. 957 0. 82 0. 98
Katz 0. 942 . 84 0. 98
0. 976 90 0. 98
SA(same-author) 1696 1533
SC(same-conference) 1 696 501 NSF 9 MAP
CK(co-keywords) 1696 75 590 , 5 6 )
S rank — M X (12\4 +1) 5 MAP
N e EA CR CS EP
e MCN n PA 0.877  0.849 0900 0 883
srank, ! M i Sorensen 0.883  0.930 0910 0 891
N > Jaceard 0.885  0.931 0911 0 896
. ’ HPI 0. 891 0. 953 0. 906 0. 917
2) (mean average precision, MAP), CN 0. 893 0. 944 0. 920 0. 925
LHN 1 0. 894 0. 935 0. 928 0. 942
MAP — leqe)dR an ELLPMDA 0,895 0,963 0 962 0. 956
. P.R ) _AUC MAP Katz 0. 952 0. 982 0. 971 0. 980
1, . MAP 0.989  0.984  0.983 0,991

—_

w

3
.



44

6 NSF MAP
SA SC CK
PA 0. 621 0. 820 0. 761
Sorensen 0. 825 0. 866 0. 842
Jaccard 0. 421 0. 720 0. 785
HPI 0. 842 0. 863 0. 815
CN 0. 854 0. 855 0. 842
LHN I 0. 873 0. 854 0. 887
ELLPMDA 0. 877 0. 853 0. 891
Katz 0. 862 0. 877 0. 892
0. 980 0. 982 0. 994
3~6 o
3~6 ,
s AUC  MAP,
20%. .
MAP 4 MAP 0. 988,
s 8 s
4
;1)
s AUC MAP ,
;2)  MAP s

[1] ZHAO XY, SHENG L,DIAO T X,et al. Knowledge
mapping analysis of Ebola research[J]. Bratisl Lek
Listy, 2015, 116(12) .729-734.

[2] LIN Z, WU C, HONG W. Visualization analysis of
ecological assets/values research by knowledge
mapping[ J]. Acta Ecologica Sinica, 2015, 35(5) ;142-
154.

[3] CHANG H. Synergy of scientometric analysis and

knowledge mapping with topic models: Modelling the

development trajectories of information security and

+ 138 -

[4]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

cyber-security research[J]. Journal of Information &

Knowledge Management, 2016, 15(4) .77-84.

s ’ s

[J7. ., 2018, 55(1):
139-150.
[l , 2019, 39(3):651-655.
DTI [J]. , 2020,
43(6) :116-122.
[J].
, 2020, 36(3):123-125
. WSN
DDoS 7. ,2020,39(1);
59-62.

ERMI B, ACAR E, CEMGIAL A T. Link prediction
in heterogeneous data via generalized coupled tensor
factorization[ ] ]. Data Mining &. Knowledge Discovery,
2015, 29(1):203-236.

BEYZA E, ACAR E, CEMGIL A T. Link prediction
in heterogeneous data via generalized coupled tensor
factorization[ J ]. Data Mining &. Knowledge Discovery,
2015,12(3):110-119.

ZHOU M. Infinite edge partition models for overlapping
community detection and link prediction[ J]. Computer
Science, 2015,12(23) :89-96.
BURGESS M, ADAR E.
consensus clustering for complex networks[J]. PLoS
ONE, 2015, 11(5):30-41.

LIUM L, ZHU D, JIA D, et al
knowledge graphs: A hierarchy-constrained approach[J].
IEEE Transactions on Big Data, 2018,10(12) :21-29.
KIM J, DESNIRE ]. link
prediction in collaboration networks [ J]. Scientometrics,
2019, 119(3):233-241.

CHEN X, ZHOU Z. ELLPMDA.: Ensemble learning
and link prediction for miRNA-disease association

prediction[ J]. RNA Biology, 2018,23(12) :42-50.

Link-prediction enhanced

Link prediction in

Formational bounds of

E-mail:qe3260@163. com



