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TNTlink Prediction Model Based on Feature Learning
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Abstract In the co-author network,link prediction can predict the missing links in the current network and the new or disbanded
links. It is of great significance for mining and analyzing the evolution of the network and remaking the network model to infer
whether the two authors will cooperate in the near future according to the observed information in the network. As an important
research direction of computer science and physics,link prediction has been studied in depth up to now. Their main research idea
is based on the markov chain.machine learning and unsupervised learning. However,most of these work use only a single feature,
namely the network topology features or attribute features to predict,few will consider these interdisciplinary features,and papers
combined with multidisciplinary on link prediction are fewer. This paper designed and developed the TNTlink model. This model
combines the network topology features,basic featues and the additional features,combines physics and computer science domain
knowledge,and uses the depth of neural network to integrate these features into a deep learning framework dealing with the prob-
lem of link prediction, and good results have been achieved. Five data sets (ca-astroph, ca-condmat, ca-grqc, ca-hepph and ca-
hepth) were used in this paper,containing 69032 nodes and 450617 edges. Binary similarity and fuzzy cosine similarity were used
to calculate and identify these features from captured information. If nodes show more similarity in these features (for example,
similar nodes.the same keywords,or a close relationship between them) ,the two nodes are more likely to generate links. Besides
the features of nodes, the influence of node importance on link formation was also considered. A new link prediction index MI was

proposed to distinguish strong effects from weak effects and to model the important effects of nodes. The proposed model was
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compared with mainstream classifiers on five datasets. The results show that MI and TNTlink can effectively improve link predic-

tion AUC value.
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Fig. 1 Fuzzy cosine similarity classification
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Table 1 Feature analysis used in TNTlink model
Composition Feature Description remarks
In-degree dy, (v ody, (v;)
Out-degree d oy (v) sdy (0p)
In-volume Vol i, (v;) Vol iy, (v;)
Out-volume Vol (v;) Vol oy (v;)
Common Neighbors [, Mgl v;) ['s¢(v,) is the neithbors of v,
Jaccard loCo) Me(o)
Coefficient lo(v U ¢(v;)
1 (=5
Topology- amic/ Ada % —
opology Adamic/Adar P JToglgCor) ] 8—0.005
Based ¢ /
features Katz 28 [ pathl | .path'” s the set of all length-1 paths from vitov; (=5
1= i v, 4y,
Maxflow Max f,; . treating v, as the source and v, as the sink =5
ShortPath All shortest paths between ¢(v,) and ¢(v;) /=5
. . u(’ v
ProFlow If v, and v; are directly linked, PF (v, sv;) =PF(a.v; )ﬁ =5
kE (o)
PageRank Random walk with resets in G
Preferential Attachment RZC IR ‘(p(“u/ )|
Keyword match count Keywork match count(v, »v;)
Basic Llassl.flc.auon Classification codes similarity (v, sv;)
codessimilarity i
features

Geographical distance

similarity

Geographical distance

similarity (v, $U; )

additional Author affiliation

Author affiliation similarity (v, »0;)

features Papertitle similarity

Paper title similarity (v, sv;)
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S (L 2,

w2 AEEOEMS g
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S 4 RSB A — A IR IE 28T B0 o 12 B R
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2R AR BB B 1E 3, B B IE 36 (False Postive FP) 3 4%
— AN R RS AR T A B3, B 52 (True
Negative TN) ., ROC [ €& F J7 (1) 1 FL (AUC) 38 # H ok 5 &=
i I T 1) A AR PERE

4 LBHEMERDN

BT T 24 r K A B T 09 R R, AR SCHR T —
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B DL 0 2 5 0 A 55 . S W A B MIT SR 9 T Bk
e, %t = Bk ok 2 Bk A2 A 0 59 52 m, DA I IR T AR AR g AUC
fH. AUCHEM RN 3 Figl, s RanE 4 FiR.

A SC NP T3 TR T4 B TNTlink #8278 3 47 43 Br Al
WA,

(1) £ 3 fME 4 45 4 1 T RBM, RF, Propflow,
Node2vec Fl DNN T i) £ 76 1 & & 1E B £ iy ROC il £ #1
AUCH, & B E M B RE L B AR R . R 3 i LIEH,
TE ca-AstroPh W%, % J1] DNN I AUC {6353 7 90. 7%,
ili 5% Ji RBM, RF, Propflow 1 node2vec B i) AUC {4 43 51| =2
80.4% .86.0%.67. 6% F 73. 2%, SLE4E R, L5 E WD
R AR AR R BRI AR A R B A S AE R T DL A R
I T A 1 E

(2)9 7 #F—E ] TNTlink 4 51 r ity 3 7 45 A8 1R
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Table 2 Co-authorship network datasets . . ey N R . e N
3 s gai— A REAE” B0 T DA Y L 5 0 5 e A5 A AT HE L D
Dataset Type Nodes Edges
s T T 4T N < A - -
caAstroPh  Undirected 18772 198110 T 5 HE 75 A IO 00 R TE ) R B SO A 52 . R 4 BN T 3
- . . Y R . N
ca (/()l:ldM?lt Und%rected 23133 93492 il = i — AN R AE A R A TN Tlink 858 59 AUC {8 19 H 8 45
ca-GrQc Undirected 5242 14496
ca-HepPh Undirected 12008 118521 % o Uﬁf)”u , TNTlink *ﬁﬂ'fjﬁ?g{ﬁ}ﬁﬁ*ﬁﬂ s Ef’{%%f
ca-HepTh Undirected 9877 25998 N . . N
L oL el Y Ao 19 S AR A A 0 R A 1 2 2 R AT EC Tt M B 0
£33  AUCHH W8
Table 3 AUC value comparsion
Dataset RBM RF Propflow Node2vec DNN
ca-AstroPh(strong node) 0.804(0.028) 0.860(0.013) 0.676 0.732(0.029) 0.907(0.013)
ca-AstroPh(Weak node) 0.756(0.029) 0.794(0.016) 0.676 0.726(0.020) 0.824(0.016)
ca-CondMat(strong node) 0.792(0.031) 0.871(0.014) 0.676 0.714(0.011) 0.889(0.015)
ca-CondMat(Weak node) 0.764(0.013) 0.781(0.015) 0.711 0.750(0.010) 0.801¢0.011)
ca-GrQc(strong node) 0.745(0.028) 0.791€0.019) 0.676 0.721(€0.020) 0.803(0.023)
ca-GrQc(Weak node) 0.772(0.010) 0.784(0.014) 0.711 0.744(0.016) 0.792(0.017)
ca-HepPh(strong node) 0.757(0.029) 0.795(0.018) 0.676 0.726(0.020) 0.826(0.017)
ca-HepPh(Weaknode) 0.750(0.035) 0.795€0.017) 0.676 0.726(0.027) 0.809(0.016)
ca-HepTh (strong node) 0.770(0.024) 0.800(0.024) 0.676 0.716(0.022) 0.817(0.016)
ca-HepTh (Weak node) 0.746(0.026) 0.781(0.022) 0.669 0.740€0.019) 0.783(0.017)
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