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Abstract Link prediction is an important task in complex network analysis, which can be applied to
many real-world practical scenarios such as recommender systems, information retrieval, and
marketing analysis. Different from the traditional link prediction problem, this paper predicts the
existence of the link at any time in the future based on the set of temporal links in a given time
window, that is, the evolution mechanism of the temporal network. To explore this question, we
propose a novel semi-supervised learning framework, which integrates both survival analysis and
game theory. First, we carefully define the e-adjacent network sequence, and make use of time stamp
on each link to generate the ground-truth network evolution sequence. Next, to capture the law of
network evolution, we employ the Cox proportional hazard model to study the relative hazard
associated with each temporal link, so as to estimate the covariate’s coefficient associated with a set of
neighborhood-based proximity features. To compress the searching space, we further propose a game
theory based two-way selection mechanism to inference the future network topology. We finally
propose a network evolution prediction algorithm based on autonomy-oriented computing, and
demonstrate both the effectiveness and the efficiency of the proposed algorithm on real-world temporal

networks.
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Table 1 Statistical Characteristics Associated with the
Induced 6-Networks (6 =365d)
R1 AEE S-HFERXFHEME R ITHFE(6=3654)

g% (&) n m kY c d {disij»
Math 4199 21273 9.981 0.173 9 3.454
Ask 7084 23520 6.415 0.097 10 3.825

Super 13733 60454 8.570  0.054 11 3.789

Stack 46232 563699 24.386  0.044 7 2.916
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(c) Super dataset (d) Stack dataset
Fig. 1 The movements of the numbers of static links in the three link sets along the
corresponding e-adjacent network sequences (e =2%)
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Table 2 Results of Survival Analysis on H" Dataset of the
Temporal Network Math

2 ETMathBHFENE HY HEENEFEIHER
Covariates wM SE Wald Sig. exp(w™)
CN 0.038 0.003 203.995  0.000 1.039

Sa —7.559 0.740 104.217 0.000 0.001

So 5.580 0.715 60.846 0.000 265.038
HP 1.073 0.087 153.450  0.000 2.925
AA —0.195 0.035 30.154 0.000 0.823

Notes: Bold values represent a positive correlation between the

feature and link missing event, while the regular ones

represent a negative correlation. Sig. means significance.

Table 3 Results of Survival Analysis on H® Dataset of the
Temporal Network Math
®3 ETMathWHFME H* HIBENERFESTER

Covariates wk SE Wald Sig. exp(w™)
JC —11.908 4.122 8.346 0.004 0.000
Sa —2.640 0.582 20.610 0.000 0.071
So 9.561 2.556 13.996 0.000 14194.692

Notes: Bold values represent a positive correlation between the
feature and link reconnection event, while the regular ones

represent a negative correlation. Sig. means significance.

Table 4 Learning Results of the Covariate Coefficients Based on the Cox Proportional Hazards Model
F4 CoxbBIRBEANTERBFILER
Math Ask Super Stack
Covariates
wM wk wM R wM wk wM wk

CN 0.038 0.028 0.007 0.005 —0.009 —0.012
JC —11.908 —14.291 —73.303 —5.547 20.624 —24.262 13.878
Sa —7.559 —2.640 —4.999 —2.010 —4.633 —5.383 1.619
So 5.580 9.561 9.879 42.203 6.378 16.596 —5.160
HP 1.073 0.367 0.193 0.303 —0.065

HD —11.431 —0.828 —3.846
LN 6.234 2.145 —11.530 8.906 —2.939
PA

AA —0.195 0.506 —0.192 0.574 —0.162 1.504 —0.145

Notes: Bold values represent a positive correlation between the feature and link missing/reconnection event, the regular ones represent a

negative correlation, while the missing values represent that the features are independent from the related events.

A P D) 4% §i% % T il £ 3R
BT B A B 4R b o] A5 B B R AR 1) B AR
WY R WE LRI EE 1 AR — AT I TR A N 4%

5.3

g (O MK ALF I G (g") ={(E',E*,-+,E"},
BRERRE P BENIP=T=100. 244 7T
4 A 45 B0 0 B T B S R 4% i Ak 5 [R) 1 R 4%



X BR A — b T RGO I 19 2% s B 7 1k

1961

100
2 0.8
3 80 0.7
3 0.6
Z 60 2
‘é 05 &
A 04 ©
= —
g 40 03 =
8 20 0.2
S 0.1

0 20 40 60 80 100

t of Predicted Sequence
(a) Math dataset

100
§ 0.8
g 80 0.7
g o 0.6
Fé 0.5 ;
= 04
=240 &
g 03 =
2
O 2| 0.2
s 0.1

0 20 40 60 80 100
t of Predicted Sequence

(c) Super dataset

t of Ground-truth Sequence
=)
S
Fl-score

0 20 40 60 80 100
t of Predicted Sequence

(b) Ask dataset

F1-score

t of Ground-truth Sequence

0 20 40 60 80 100
t of Predicted Sequence
(d) Stack dataset

Fig. 2 The F1-score matrices between the predicted network evolution sequence and the ground-truth one
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Fig. 3 Accuracy comparison of the network evolution

sequences obtained by different link prediction algorithms
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Fig. 4 Comparison of the total running time of different

link prediction algorithms
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