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Abstract Information diffusion can be modeled as a stochastic process over a network. However, the topology of an underlying
diffusion network and the pathways of spread are often not visible in real-world scenarios. Therefore, the inference of diffusion
networks becomes critical in the analysis and understanding of the diffusion process, tracking the pathways of spread,and even
predicting future contagion events. There has been a surge of interest in diffusion network inference over the past few years. This

paper investigates and summarizes the representative research in the field of diffusion network inference. Finally, this paper analy-

zes the existing problems of diffusion network inference and provides a new perspective on this field.
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Summary of evaluation metrics

i X ik

Table 2
i i 35 R AR
1 M AN
Mean Squared Error(MSE) m%(av —ay )?
Mean Absolute Error(MAE) e
a S te L < r a; —a;
ean Absolute Error VI v i

\ * A
%}‘I(al_j)*l(a;d)‘

Accuracy L —— —
Z[(uf_l )+ 21 ( a; ;)
i i
. A
.. E"NE|
Precision —
[E|
~ % /\<
Recall E"NE|
[E™ |

2 X Precision X Recall

Fscore Precision+Recall

Area Under Curve(AUC) —

WEAERZ T T RTHE

&R 2 X EBCE
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FSK A AE He WAL Ay b

W7 IE 7 B 3 A TR L SE A P e kA

[ B 3£ B Precision # Recall 89 38 47

HREENROCHE THENRKH TR

[22,45,53,58,71,79]

[43,47,73-74]

[35,43,45,81-82]

[21-22,35-37,40-41,45-46,48-49,
56-59,63,72.81-82]

[21-22,35-37.,40,45-46,48-49 ,
56-59,63,72,81-82]
[37,41-42,44,46-53,55,
57-59.67-75,82]
[21-22,36,39,49,54,60-61 |
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AR TR T8 T VAN A% 5% 90 46 HE W7 07 95 1 N T 4% A
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phery Network) & B 2 2 3 X W 4% (Hierarchical Com-
munity Network) B FI5 2R Ak & 9 (Forest Fire) # BT 1)
J¢ LFR $£#EE (LFR Benchmark Graphs) #8157,
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v % N 7 K (Kroncker Graphs) 5 5158 38 1b R[] (9 2 804 1%
Leskovec %50 W 42 5] 205 55 o 14 190 265 205 44 £ 76 P A B 42
2> B I 8] HE RS 25 AR AL 5 7 R 2 B) B S 24 HE R 2 Bl A I [R] 4 RS
Ao T OTEX PR LG, SCHRT89 JAE T AR bk IR Y
HET —Fh I 45 A pA . LEFR JE o R R AL 25 J 7 A5 43 A0 A
b DX AR 43 413 S5 S0 35 0 D RR AR, 0 B B St B b AL A X
GRG0 X 2 0] T DA G vk X EL A A DX B 1 ) 4% Y A I
ROR . ASCHE— 20 GBS T SO 4R K i R I BN T 4
R, Ik 3 g,

3 AT AR R4

Table 3 Summary of synthetic network models

HA Xk
[21-22,35-36,41-44,46-48,
50-51,53,62,65-66,73-74]

[21,35-37,41-43,45-48,
50-51,53,55,62-63,73-74 ]
[21,35-37,41-44,45,47-48,

51,53,55,62-63,73-74]

[21,36-37,43-44,48,51,55,62]

[50,52,60,67-71]

Erdbs Rényi random graph
Core-periphery network

Hierarchical community network

Forest Fire model

LFR benchmark graphs

4.2 HERHRBIEE

I SR T TR AR S

S — & g 3 a7 S S R A A A IR 2% ) A 4 A
D5 FLAS B GBI SR B R B A SO 2

WL ELSC T R 2% S5 A L I3k 4 B

AW S A SR B

Table 4 Summary of real-world networks

W % VI |E| Xk

Scientists collaboration

1461 2742 [22.50-52,66-70]
network
Email communication -
N 986 16064 [22.36.50]
in European
Adolescent health 2539 12969 [42]
Polblogs 1490 19025 [42]
Highschool 327 5818 [39]
DUNF 750 2974 [67-70]
Football network 115 615 [51]

55 ORI TS R R AR M B AR BR AR ) n 1
B R AL A 5 IV T 5 HERT SRR I 45 . Bl 40, Meme-
tracker BUIE AW T 3 | Memetracker A 9600 7 &% {5
Ko SBT3 T 4% 1
Ko D)Lk S p A 3 R SRk i K. Rk A i B
uli P Sl T uh R LA e W AE G S P Sl R L Z H
AALREAE S Pk S MW S L BB s B M e B
TR REHER . WU R LR A — A R A B A5 Bl a5 B
iz fF B REIR . 2) LUE R 1R B Ay Sk al i 4 ey =
4 09 3l T R AT B RS R T L 2 A B (BEIRD) 4K R A A
7] 38 30T AL 90 55 1 3l A, I AR 48 & AT A I 1D A AL R R . AR
SCRVES TR IR B I HE BALRR B AR L sk 5 A,

SRS (G B RO 4R B

Table 5 Summary of real-world information diffusion datasets

A% R

HOAE i X ik

—ANEE BT I R O E i

Memetracker https://snap. stanford. edu/data/memetracker9. html

WETHTERE S HEE
— ANk E Twitter FE W HEE . KET Z

Twitter https://snap. stanford. edu/data/higgs-twitter. html

& b SUA A B A B R R
—MkEMETemEEE. RETPE L

[21,35,37,41,43,45-46,48-49,
52-53,56-62,73,75,80]

[36-37,58,61-63,72,75]

Sina Weibo https://www. aminer. org/influencelocality [39,57,74,82]

o Py 7 e EL AR #E KT K

— A kEHEEITFPRENEEE, KETAH https://www. isi. edu/~ lerman/downloads/digg2009.

Di . N . 56,58,61,80
e PAT G LK W R heml [56.5 ]
CNR Y —H B W
Flixster i %']?. ;E i i ; ii %] ; ;; {2 igzz;ﬁﬁ% https://networkrepository. com/soc-flixster. php [63]
A TIPS
Lastfm " L?[é ;Tk li il;;)lo []T }; i z ;\L;/:,_ ;E‘]é\%}:}if%ﬁ] http://ocelma. net/MusicRecommendationDataset/last- [58]
o fm-1K. html
i
Irvi —AkRE N AFFAELE R NHEE, https://toreopsahl. com/datasets/ # online_forum_ net- (58]
rvine N N N
R P Z AR E WA E R work
—AKET 1 4400 7 k& RERS ,
ICWSM 5 ilk iéi JLEn FERE A https: //www. icwsm. org/data/ [10.56,58]

4.3 EiEiEseirf
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Erdos-Rényi random graph. Core-peripherynetwork U4} LFR
benchmark graphs 3 Rl A A= 5% 4 41 55 E0E AF 1000 24
N L4, A SO ICM A58 5= A 20 TR 45040 , 15 & 47 50T (1
RS B=0. 3 & 1 PR B Ay 4 BE  JF R AIE A% 45 i A2 3 5
PO 2% D1 B 95 %6 LA L, 7T T A% i 6 ) 8 SR RE T4 B o A
Exp(D i, ffil F-score £ 4t — 09 74l 45 45 . B0 88 £ 19

M EERmME S Pral,

6 TS5 H R, Dani 7 7E 2 AN B0E 4R B A 3R
A5 0 F 07 41 L B Dani i BN T35 B 4 W7 30 H00E 45k
AT S BOHOR BE PR IR 7 B 520 T 3% B CRIVR 0 0% 16 190 4%
B0 300 I e AR I (R F5F AT 0 A T SR L . 3 T A AE A AT
T8 57 BE Y 19 7 3% InfoPath™™ B 4R W LA [a] i #E 16 1% 76
P £ LA Bz 74 a5 IR TR 28 50 5 1 5% A% (L JHG ofE I ofE R AR T G
fb7s ¥k . ARECZTE L SCHRIS4 BT 42 A9 DL ot 397 4f 1B D7 32 L
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6 LTI ] A1 1 %4 D) 2% D ik o i 2 B

Table 6 Inference performance of diffusion network methods based on time series
R % \4 |E| [Cl NetInf?") [53]  InfoPatht*")  Danil®?)  [36]  KEBCLS!
Erdos Rényi random graph 1024 2044 2000 0. 31 0.66 0.25 0.99 0.89 0.63
Core-periphery network 1024 2017 2000 0.35 0.67 0.28 0.79 0.43 0.69
LFR benchmark graphs N
1000 3046 2000 0.41 0.54 0.52 0.87 0.59 0.91
(average degrees=16)
LFR benchmark graphs _
1000 4914 2000 0.62 0.51 0. 30 0. 90 0.37 0.78
(average degrees=10)
Scientists collaboration network 379 914 1000 0.31 0.66 0.25 0.99 0.89 0.63
Email communication in European 1005 16706 1000 0.35 0.67 0.28 0.79 0.43 0.69
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