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Topological Link Prediction (LP)

Problems:

ALink forecast

A Partial information

JReconstruction
~
Online social Biology Covert networks
networks -




Motivation
LP methods

' ~

Global Local

dMyth #1: global methods are better
dMyth #2: SBM (global) should be the baseline

No detailed LP test in the literature

‘ Extensive LP evaluation



LP Methods
GLOBAL:

SPM structural Perturbation Method [LU et al. 2015]

SBM stochastic Block Model (SBM)  [Guimera et al. 2009]

-BM Fast probability Block Model (FBM)  [Liu et al. 2013]
DC SBM Degree Corrected SBM (DC SBM)  [Karrer et al. 2011]
N SBIM Nested SBM (N SBM)  [Peixoto 2014]

DC N SBM DC and N SBM [Peixoto 2014]

| OCAL:

CH?2-L2 second variation of Cannistraci-Hebb on paths of length 2 (CH2-L2)
[Muscoloni et al. 2018]

RA-L3 Resource Allocation on paths of length 3 (RA-L3) [Kovacs et al. 2018]



Contribution

Standard procedure: remove 10% of links and compute
likelihood scores

Q Mean precision, ranking and execution time
Real networks

* Small-size vs. Large-size
Synthetic networks
* Hyperbolic geometry: nonuniform Popularity-
Similarity-Optimization (nPSO)

* Euclidean geometry: Watts-Strogatz (WS), Random
Geometric Graph (RGG), Lancichinetti-Fortunato-
Radicchi (LFR)
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Small-size Real Networks

Networks of disparate fields of study
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Small-size Real Networks

# networks 25

# nodes 10t - 103

avg. density 0.24 X non-hyperbolic
avg. power-law exponent (y) | 4.22 X non scale-free

SPM  CH2-L2 SBM FBM RA-L3 SBM DCN SBM DC SBM N

Mean 934 030 028 027 026 022 021 006
precision
Mean 51 29 36 41 43 52 61 7.9
ranking
Mean sec sec hours sec sec days hours  days

time



Small-size Real Networks

# networks 25

# nodes 10t - 103

avg. density 0.24 X non-hyperbolic
avg. power-law exponent (y) | 4.22 X non scale-free

SPM  CH2-L2 SBM FBM RA-L3 SBM DCN SBM DC SBM N

Mean 934 030 028 027 026 022 021 006
precision
Mean 51 29 36 41 43 52 61 7.9
ranking
L\i/lrizn sec sec hours sec sec days hours  days

» Confirmed also on 486 structural connectomes (82 nodes)



Large-size Real Networks
Networks of disparate fields of study
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Large-size Real Networks

# networks 12

# nodes 10° to 104

avg. density 0.01 v' hyperbolic

avg. power-law exponent (y) 2.54 v’ scale-free
CH2-L2 SPM

Mean precision 0.19 0.16
Mean ranking 1.29 1.71
Mean time 09h 4.2h



Hyperbollc Networks
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Euclidean Networks (1/2)
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» Confirmed also on RGG

0.9

0.7 ¢

0.5¢1

03¢

0.1

0.9

0.7 ¢
0.5¢

03¢

0.1

0.9

0.7t

0.5¢

0.3}

0.1

N=100 m=12

)
|/

0.001 0.01 0.1
N=500 m=12

)

0.001 0.01 0.1
N=1000 m=12

/

0001 0.01 0.1
B

| — CH2-L2 — FBM — SBM — SPM

0.9

0.7 ¢

057

03¢

0.1

0.9

0.7 ¢
0.5¢

03¢

0.1

0.9

0.7 ¢

0.5¢

0.3+

0.1

N=100 m=14

0.001 0.01 0.1
N=500 m=14

)

0.001 0.01 0.1
N=1000 m=14

)

0001 0.01 0.1
B




Euclidean Networks (2/2)
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Euclidean Networks (2/2)
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Conclus
SPM & CH2

L2 are better baseline than SBM

LP test

Extensive
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Future Work

* Enlarge dataset

e CH2-L2, SPM and FBM on large-size networks
* Model with adjustable hyperbolicity

SPM  CH2-L2 SPM

23.7% 19.7% 30.7%

* Hybrid approach

CH2-L2 SBM

31.4% 24.8%

SBM

21.0%

11



Thank you for the attention!



