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Abstract: Link prediction, the process of uncovering potential relationships between nodes in a network through the
use of deep learning techniques, is commonly applied in fields such as network security and information mining. It
has been utilized to identify social engineering attacks, fraudulent activities, and privacy breach risks by predicting
links between nodes within a network. However, the topology of mobile social networks is subject to change over
time, and the sparsity of links affects the accuracy of predictions. To address the issue of strong sparsity in link

prediction for mobile social networks, a deep learning-based prediction method named DLMSSLP (deep learning-
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based method for mobile social networks with strong sparsity for link prediction) was developed. This method was

designed to employ a combination of a Graph Auto-Encoder (GAE), feature matrix aggregation, and multi-layer

long short-term memory networks (LSTM). It aimed to reduce the learning cost of the model, process high-

dimensional and nonlinear network structures more effectively, and capture the temporal dynamics within mobile

social networks, thereby enhancing the model’ s predictive capability for the generation of existing links. When

compared to other methods, DLMSSLP demonstrated significant improvements in AUC and ER metrics,

showcasing the model’s high accuracy and robustness in predicting uncertain links.
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prediction accuracy of DLMSS-LP
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prediction accuracy of DLMSS-LP
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*5 ARIBEAMERE
Table 5 The ER values of different methods

BICLES
Jrik:
HyperText Haggle Infectious
Node2vec 0.971 0.951 0.981
DDNE 0.379 0.334 0.455
E-LSTM-D 0.160 0.152 0.238
E-GRU-D 0.181 0.147 0.235
DLMSS-LP 0.103 0.067 0.066
4 ZRiE
AR T TR L S IR sl A58 R 45 5

i I 1k B8 % F9UON 5 9% (DLMSS-LP) o i Fij A i
R A 0 R R B i A B B B T e, IR R
SR B 1 0T R R B T s e . Ak, SR
GAE 5 HHURFAIE R [ 58 & BB 1) e A A B 1 B
MICARZRME S I 4E L, PR LSTM B2 B AR
FHIEMTH R A . KESIR A R, YT MSN
f 55 2% T, DLMSS-LP 7E AUC 8 A1 ER 18 5 TH
R BELLF, 1] DLMSS-LP JFL A5 %5 8 i) T ks
FEo fEARg, W TR 78 7™ B e s 5k 1)
DLMSS-LP PERRIE B in) @, Flan, ASHfhE 5k
B AR K ).

S -

[1] QIU T, CHEN B C, SANGAIAH A K, et al. A survey of mobile
social networks: applications, social characteristics, and chal-
lenges[J]. IEEE Systems Journal, 2018, 12: 3932-3947.

[2] HUANG Z, ZENG D D. A link prediction approach to anomalous
email detection[C]//Proceedings of the 2006 IEEE International
Conference on Systems, Man and Cybernetics. Piscataway: IEEE
Press, 2006: 1131-1136.

[3] LIM M, ABDULLAH A, JHANJHI N Z. Performance optimiza-
tion of criminal network hidden link prediction model with deep
reinforcement learning[J]. Journal of King Saud University -
Computer and Information Sciences, 2021, 33(10): 1202-1210.

[4] ELMRABIT N, YANG S H, YANG L L, et al. Insider threat
risk prediction based on Bayesian network[J]. Computers & Se-
curity, 2020, 96: 101908.

[5] WANG. B. IDS: an intelligent data semantics system for com-
munication link prediction in SIoT[C]//Proceedings of the 17th
International Conference on Mobility, Sensing and Networking
(MSN). Piscataway: IEEE Press, 2021.

[6] ZHANI M, ELBIAZE H, KAMOUN F. Analysis and predic-
tion of real network traffic[J]. J Networks, 2009, 4: 855-865.

[7] SYAFITRI. W. Social engineering attacks prevention: a system-
atic literature review[J]. IEEE Access, 2022(10): 39325-39343.

[8] WANG L, REN J, XU B, et al. MODEL: motif-based deep fea-
ture learning for link prediction[J]. IEEE Transactions on Com-
putational Social Systems, 2020, 7(2): 503-516.

[91 HAWE J S, THEIS H J, HEINIG M. Inferring interaction net-

works from multi-omics data[J]. Frontiers in Genetics, 2019, 10.

PASCANU. R, MIKOLOV. T, and BENGIO. Y. On the diffi-

culty of training recurrent neural networks[J]. JMLR. org,

2012, 52: 337-345.

[11] HIREMATH A, SAYYED I, IJARI K, et al. Optimizing recur-

rent neural network using neuromodulation[C]//Proceedings of

[10

=

the 2021 12th International Conference on Computing Commu-
nication and Networking Technologies (ICCCNT). Piscataway:
IEEE Press, 2021: 1-7.

[12] SHO T. Empirical analysis of the relation between community

—

structure and cascading retweet diffusion[J]. Proceedings of
the International AAAI Conference on Web and Social Media,
2019, 13: 493-504.

VAIBHAV, HUANG P Y, FREDERKING R. RWR-GAE: ran-
dom walk regularization for graph auto encoders[EB]. arXiv
Preprint arXiv: 1908.04003, 2019.

CHEN W, YANG L Q, ZHA B, et al. Deep learning reservoir po-
rosity prediction based on multilayer long short-term memory
network[J]. Geophysics, 2020, 85(4): WA213-WA225.

ZHANG S, TONG H H, XU J J, et al. Graph convolutional net-
works: a comprehensive review[J]. Computational Social Net-
works, 2019, 6(1): 11.

ZHANG M H, CHEN Y X. Link prediction based on graph
neural networks[EB]. arXiv Preprint arXiv: 1802.09691, 2018.

[13

—

[14

=

[15

=

[16

[}



55 3 3

ARV AE - T 1] SR I P Bl A S I 4 1) BRI A FEE 2 20 g 0

° 129

[17]

[18]

[19]

[20]

(21]

[22]

(23]

SU Z, ZHENG X L, Al J, et al. Link prediction in recommender
systems based on vector similarity[J]. Physica A: Statistical Me-
chanics and Its Applications, 2020, 560: 125154.

RAFIEE S, SALAVATI C, ABDOLLAHPOURI A. CNDP: link
prediction based on common neighbors degree penalization[J].
Physica A: Statistical Mechanics and Its Applications, 2020, 539:
122950.

LI X X, LI Y X, SHANG Y M, et al. DDNE: discriminative
distance metric learning for network embedding[M]. Lecture
Notes in Computer Science. Cham: Springer International Pub-
lishing, 2020: 568-581.

QU L, ZHU H S, DUAN Q Q, et al. Continuous-time link pre-
diction via temporal dependent graph neural network[C]//Proceed-
ings of the Web Conference 2020. New York: ACM, 2020: 3026-
3032.

CHENJY, ZHANG J, XU X H, et al. E-LSTM-D: a deep learn-
ing framework for dynamic network link prediction[J]. IEEE
Transactions on Systems, Man, and Cybernetics: Systems, 2021,
51(6): 3699-3712.

YINY T, WU Y J, YANG X B, et al. SE-GRU: structure em-
bedded gated recurrent unit neural networks for temporal link
prediction[J]. IEEE Transactions on Network Science and Engi-
neering, 2022, 9(4): 2495-2509.

GILL K S, SHARMA A, ANAND V, et al. Brain tumor detec-
tion using VGG19 model on adadelta and SGD Optimizer[C]//
Proceedings of the 2022 6th International Conference on Elec-
tronics, Communication and Aerospace Technology. Piscat-
away: IEEE Press, 2022: 1407-1412.

[24] GROVER A, LESKOVEC J. Node2vec: scalable feature

[25

[26

]

—

learning for networks[C]//Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery
and Data Mining. New York: ACM, 2016: 855-864.

LIU L, YU Z, ZHU H. A link prediction method based on
gated recurrent units for mobile social network[J]. Journal of
Computer Research and Development, 2023, 60(3): 707-716.
WELLECK S J. Efficient AUC optimization for information
ranking applications[M]. Lecture Notes in Computer Science.

Cham: Springer International Publishing, 2016: 159-170.

HEE BN

] e (2000- O, 5, L ERA, ™
o N2 e e S St -2 ) Al TSP
FE S HIN  b s Bk o

XI#R0E (1981- O, B, LHFHRHEA, 1
+, mERUHE R HR . WA R,
FEM TR E. FEM. HL
I



