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Abstract The service of personalized recommendations in event-based social networks (EBSN) is a
very significant and valuable issue. Most of existing research work are mainly based on the ordinary
graph to model relationships in EBSN. However, EBSN is a heterogeneous and complex network with
many different types of entities. Because of that, modeling EBSN with ordinary graphs has the
problem of high-dimensional information loss, resulting in reduced recommendation quality. Based on
this background, in this paper, we first propose a hypergraph-based personalized recommendation
(PRH) algorithm in EBSN. The basic idea is to make use of the characteristics of hypergraphs without
losing high-dimensional data information to model high-dimensional complex social relationship data in
EBSN more accurately, and to use regularized calculation of manifold ordering to obtain preliminary
recommendation results. Next, this paper proposes an optimized PRH (oPRH) algorithm from the
perspective of improving the query vector setting method and applying diverse weights to all sorts of
different types of super edges to further optimize the recommendation results obtained by the PRH
algorithm, so as to achieve accurate recommendation. The extended experiments show that the
hypergraph-based personalized recommendation algorithm in EBSN and its optimization algorithm

have higher accuracy than the previous ordinary graph-based recommendation algorithms.

Key words  event-based social networks (EBSN); hypergraph; manifold ranking; regularization
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Table 1 Meaning of Symbols
1 HSREAX

Symbol Meaning
\% Point Set of Hypergraph
E Edge Set of Hypergraph
w Edge Weight
H Associated Matrix of Hypergraph
d(v) Degree of Node
8(e) Degree of Edge
Y Query Vector
QL Cost Function
D, Degree Matrix of Nodes
[ Query Result Vector
" Regularization Parameters
U User Set
A Event Set
G Group Set
L Location Set
T Tag Set
w* Weight Matrix
D, Degree Matrix of Edges
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(VLE sw) ot w RIRAE X TR e.
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PSS
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2 Vs e () €3
Vs v, 1 0 0
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(a) Graph
Vy 0 1 0
Vs 0 1 1
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7 LT

(b) Hypergraph (¢) Associated matrix

Fig. 1 A sample of the graph, hypergraph and

associated matrix
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(a) Two moons ranking problem
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(¢) Degree matrix of hyperedges
Fig. 2 Weight matrix of hyperedges, degree matrix of

nodes and degree matrix of hyperedges
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(c) Ideal ranking

Fig. 3 An instance of the ranking manifold algorithm
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Table 2 Associated Matrices Among Nodes and Edges
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Table 3 Objects Information of SF Data Set
K3 SFHEETHHNRER

Object Number Object Number
U 26631 L 292
A 2262 T 11415
G 569

Table 4 Relationships Information of SF Data Set
x4 SFHEEPHXRER

Relation Number Relation Number
R, 26631 R, 292
R, 569 Rs 26631
R 569 R; 569

Table 5 Objects Information of LA Data Set
xRS LABBEETHHNRESR

Object Number Object Number
U 31442 L 275
A 2135 T 12873
G 578

@D https://www.meetup.com/meetup_api/

Table 6 Relationships Information of LA Data Set
6 LABEEHRHNXRESR

Relation Number Relation Number
Ry 31442 R, 275
R, 578 R;s 31442
R 578 R 578
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Fig. 4 Precision and recall of SF data set in different time
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Fig. 5 Precision and recall of LA data set in

different time
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Fig. 6 Precision and recall of SF data set when the

number of Location is N
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Fig. 7 Precision and recall of LA data set when the

number of Location is N
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Table 7 Py,a and F1 of Seven Algorithms Based on

SF Data Set
KT THEXRESFHEETH Pua.fl F1

Algorithm Pu.a Fl@s Fl@l0 Fl@l5 F1@20
CF 0.1194 0.0414 0.0432 0.0457 0.049 2
uni_HeteRS 0.1932 0.1289 0.097 5 0.074 2 0.0614
HeteRS 0.2123 0.164 5 0.1294 0.0904 0.069 2
RWR 0.1521 0.1212 0.0913 0.0716 0.057 8
SERGE 0.1989 0.1613 0.1279 0.0885 0.074 2
MHF 0.1876 0.154 4 0.124 6 0.084 4 0.072 1

PRH 0.2286* 0.1879" 0.1561" 0.1179" 0.0943"
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Table 8 G, p,c of Seven Algorithms Based on SF Data Set
. " 0.16
RS THEXRESFHEETH Gop,c
014k —o— Patternl
Algorithm  Gn.p.c@5 Gnop.c@10 Grnp.c@15 Gn.p.c@20 ’ —A— Pattern2
0.12 —— Pattern3
CF 0.1532 0.2445 0.3423 0.3818
uni_HeteRS ~ 0.4512 0.386 4 0.4117 0.4312 G0 F
=
HeteRS 0.476 5 0.3978 0.4247 0.4497 S o.08f
RWR 0.3354 0.3434 0.3524 0.3647 0.06 -
SERGE 0.4598 0.3887 0.4187 0.4334 0.04
MHF 0.424 6 0.3779 0.406 4 0.424 8 0.02 -
PRH 0.5098* 0.4327" 0.4535" 0.4733* 0.00 L : . L
> ° 5 10 15 20
N
Table 9 Py,x and F1 of Seven Algorithms Based on (a) Precision
LA Data Set 0.50
K9 THEEZELARBEETH Py A F1
Algorithm  Pw.a  F1@5 Fl@l0 Fl@15 F1@20 0.45 -
CF 0.1253  0.0468  0.0486  0.0493  0.0511 040 -
uni_HeteRS 0.1976  0.1345  0.1042  0.0844  0.0686 é)
59
HeteRS 0.2168 0.1737  0.1366  0.0955  0.0767 0.35 |
RWR 0.1543  0.1233  0.0945 0.0771  0.0589 —o— Patternl
R . . 0.30 —— Pattern2
SERGE 0.2011  0.1611 0.1301  0.0896  0.0734 _m- Pattern3
MHF 0.1875 0.1541  0.1219  0.0854  0.0701 0.25 X . . |
oo s o ’ 5 10 15 20
PRH 0.2391% 0.1998* 0.1654* 0.1298* 0.1023~ .
(b) Recall

Table 10 Gx,p,c of Seven Algorithms Based on LA Data Set
R10 7THEZFELAHEETH Gn,p,c

Algorithm  Gn.p.c@5 Grnp.c@10 Grnp.c@15 Gn.p.c@20
CF 0.1479 0.2364 0.3346 0.3818
uni_HeteRS 0.4415 0.374 6 0.404 1 0.4312
HeteRS 0.4687 0.3824 0.4114 0.4497
RWR 0.3414 0.3495 0.3604 0.366 2
SERGE 0.4557 0.3912 0.408 2 0.4394
MHF 0.4324 0.3804 0.402 3 0.4232

PRH 0.4997" 0.4278" 0.448 1" 0.4664 "
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Fig. 8 Precision and recall in three different query

vectors when the number of Location is N
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Fig. 10 Precision and recall based on optimized hyperedge

weight when the number of location is N
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Fig. 12 Comparison results between oPRH and
PRH based on LA data set
Kl 12 oPRH Fl PRH 7€ LA 484 Lot RE L

Table 11 Py, and F1 of Two Algorithms Based on SF
Data Set
R 11 2HMEETESFHEBETH PuaFlF1

Algorithm Pu.a Fl1@5 F1@10 Fl1@15 F1@20

PRH 0.2391  0.1998 0.16564  0.1298  0.1023

oPRH 0.2467* 0.2067* 0.1712* 0.1354" 0.1072"

Table 12 Py, and F1 of Two Algorithms Based on LF
Data Set
K12 2THEEELAYBETH PuLMF1

Algorithm Pu.a Fl@5 F1@10 F1@15 F1@20

PRH 0.2286  0.1879  0.1561 0.1179  0.094 3

oPRH 0.2341* 0.1952* 0.1643" 0.1265" 0.1011°

Table 13 Gy p,c of Two Algorithms Based on SF Data Set
K13 2WHEEESFEIEETH Gx,p,c

Algorithm  Gn.p.c@5 Gnp.c@10 Gnp.c@15 Gn.p.c@20

HPR 0.5098 0.4327 0.4535 0.4733

oHPR 0.5087 0.4331 0.4524 0.474 2

Table 14 Gx,p,c of Two Algorithms Based on LA Data Set
K14 2WHEEE LAHMEETH Guoc

Algorithm  Gnop.c@5 Gnp.c@10 Gnop.c@15 Grp.c@20

PRH 0.4997 0.4278 0.4481 0.466 4
oPRH 0.499 3 0.4269 0.4510 0.4657
6 = &

Fy T PR B 5 A o 0 220 i S A ]
A SR R, HAG B S B R A SCH S TF A
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