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I. SYNCHRONOUS UPDATING METHOD FOR SIR
MODEL

We implement the synchronous updating method [1] to renew the
states of nodes in the SIR model. Initially, a node u is randomly se-
lected as seed (infected), while the remaining nodes are susceptible.
Two queues @1 and Q)2 are used to store nodes which are infected in
previous steps and current step, respectively. At time step ¢ = 0, put
the seed node u into the end of Q1. When ¢ > 1, the updating pro-
cesses at every time step are executed as follows: (1) Sett — ¢ + 1.
(2) Every node in Q; tries to transmit the disease to each neighbor
v. If node v is susceptible, v becomes infected with probability 3,
and node v is put into the end of queue ()2; otherwise, nothing hap-
pens. (3) Every node u in Q1 recovers with probability . If node u
recovers, we move it from Q1. (4) Add all nodes of Q2 at the rear of
1, and delete all nodes in Q2. Repeat steps (1)-(4) until all infect-
ed nodes become recovered. Finally, we count the fraction of nodes
being in the recovered state, which is denoted as the epidemic size r.

II. NUMERICAL IDENTIFYING EPIDEMIC THRESHOLD

We use the relative variance x to numerically determine the size-
dependent critical value [2]

_ =)
X = <r2> ’ (1)

where r denotes the final epidemic size and (- - -) is the ensemble
averaging. We use at least 10° independent dynamic realizations on
a network to calculate the average value of y, which exhibits a max-
imum value at the epidemic outbreak threshold A.. This numerical
prediction \. by observing x can be considered the accurate epidem-
ic threshold.

Figure 1 shows how A is located by observing x in a scale-free
network and a California network. In scale-free networks with de-
gree exponent vp = 3.5, we find that the MFL and DMP meth-
ods produce results close to the accurate epidemic threshold A.. In
the California network, the epidemic threshold predicted by MFL
method is closer to \. than the two other methods.

III. CORRELATED CONFIGURATION NETWORKS

We generate the correlated configuration networks according to
the method in Ref. [3]. As shown in Fig. 2, the DMP method per-
forms better than MFL and QMF methods.

04 : 1.0 ; ;
@ L =
0.3 1 ' 1 1 A
1 1 !
1 06 ] : o= MR
— 0.2 i . . c
1 04 . 1 - )\CQMF
1 1
01 ! 02 ! . ... \DmP
1 1 . c
1 1 .
0.0 0.0
0.0 0.1 0.2 03 00 02 04 06
4 T 5 T i
© : J@ =
3 - ! A
1 1 : — A
1 3 1 MFL
<2 i ; : - ==X
1 2 1 ; - = )\QUF
1 1 1 1 ¢
1 ; 1 ADMP
4 - C
1
0 0 1
0.0 0.1 0.2 03 00 02 04 06

FIG. 1. (Color online) Illustrations of the numerical identification
of epidemic threshold. The epidemic size r (a) and relative vari-
ance x (c) versus the effective spreading probability )\ on scale-free
networks with degree exponent vp = 3.5. The epidemic size r (b)
and relative variance x (d) versus A for California network [22]. In
(a) and (b), the solid black curves denote 7 and ;, respectively. The
four vertical lines are the epidemic thresholds which are predicted by
the numerical simulations A. (red solid lines), MFL method AMFL
(blue dished lines), QMF method ASM¥ (green dish-dotted lines),
and DMP method ADMP (purple dotted lines), respectively.

IV. REAL-WORLD NETWORKS

In this paper, we predict the SIR epidemic threshold for 56 real-
networks, which are downloaded from website [4]. The 56 include
social networks, coauthorship networks, metabolic networks, infras-
tructure networks, and citation networks. Table I displays their sta-
tistical characteristics in detail.
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FIG. 2. (Color online) Predicting epidemic thresholds for correlat-
ed configuration networks. Theoretical predictions of AMFY (black
circles), )\SMF (blue up triangles), ADMP (green left triangles) and
numerical predictions (red squares) as a function of degree-degree
correlations 7 for degree exponent vp = 2.1 (a) and vp = 3.5 (b).
The networks size is set to be N = 8, 000.
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TABLE I. Statistical characteristics and the theoretical epidemic thresholds of the 56 real-world networks. The statistical characteristics
including the network size (), number of edges (E), minimum degree (kmirn), maximum degree (kmaz), first ((k)) and second moments
((k2>) of degree distribution, degree-degree correlations (c), clustering (c), modularity (Q)), the inverse participation ratios of the adjacent
matrix 7 PR(AY) and non-backtracking matrix TPR(A},)). The theoretical epidemic thresholds are the MFL method (A\}™™), the QMF
method (A2M") and DMP method (ADMF).

Category Networks Statistical Characteristics of Networks Theoretical Epidemic Thresholds
N E kmaw (kY (k%) r c Q IPR(AYL) IPR(A},) [ AT AGVF ADMF
arXiv astro-ph [30] 17903 196972 504 22.004 14458 0201 0318 0.493 0.004 0.004 0.015 0.011 0.011
Coauthorship arXiv hep-ph [30] 28045 3148414 4909 224.53 149810 0.033  0.28 0.408  0.0006 0.0006 0.002 0.001 0.001
arXiv hep-th [30] 22721 2444642 8718 215.19 183080 —0.034 0.269 0.328  0.0008 0.0008 0.001  0.001 0.001
DBLP co-authorship [6] | 317080 1049866 343  6.622 144.01 0.267 0306 0.734  0.008 0.008 0.048  0.009 0.009
Advogato [7] 5042 39227 803 1556 1284 —0.096 0.092 0.337 0.009 0.007 0.012 0.014 0.015
Google+ [8] 23613 39182 2761 3.319 1251.7 —0.389 0.004 0.725 0.095 0.015 0.003  0.016 0.021
Twitter ICWSM) [9] 465017 833540 677 3.585 812.11 —0.878 0.0006 0.665 0.001 0.001 0.004 0.012 0.013
Twitter lists [29] 22322 31823 238 2.851 112.05 —0.49 0.022 0.868 0.046 0.022 0.026  0.042 0.050
Facebook (NIPS) [29] 2888 2981 769 2.0644 528.13 —0.668 0.0004 0.809 0.244 0.012 0.004 0.036 0.134
Gowalla [11] 196591 950327 14730 9.668 2964 —0.029 0.023 0.621 0.018 0.005 0.003  0.006 0.006
Social Epinions [12] 75877 405739 3044 10.695 1966.5 —0.041 0.066 0.386 0.002 0.002 0.005 0.005 0.006
Hamsterster friendships [4] | 1788 12476 272 13.955 635.61 —0.089 0.09 0.396 0.01 0.009 0.022  0.022 0.023
Youtube friendship [6] 1134890 2987624 28754 5.265 2603.7 —0.037 0.006 0.632 0.048 0.005 0.002  0.005 0.005
Hamsterster full [4] 2000 16098 273 16.098 70471 0.023 023 045 0.009 0.008 0.023  0.02 0.021
Youtube links [13] 1134885 2987468 28747 5.265 2601.1 —0.037 0.006 0.657 0.048 0.005 0.002  0.005 0.005
Facebook Friendships [14] | 63392 816831 1098 25.771 22689 0.177 0.148 0.506 0.001 0.001 0.011  0.008 0.008
Brightkite [15] 56739 212945 1134 7.506 480.61 0.01  0.111 0.591 0.006 0.006 0.016  0.010 0.010
Caenorhabditis elegans [16] | 453 2025 237 8.9404 35849 —0.226 0.124 0.401 0.038 0.025 0.0256 0.038 0.043
Reactome [17] 5973 145778 855 48.812 6995.1 0.241 0.606 0.719 0.004 0.004 0.007  0.005 0.005
Metabolic Human protein (Figeys) [18]| 2217 6418 314 579 32493 —0.332 0.008 0.472 0.027 0.017 0.018 0.032 0.036
Human protein (Stelzl) [19] | 1615 3106 95  3.846 65.648 -0.202 0.006 0.601 0.02 0.016 0.062  0.057 0.065
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Euroroad [23] 1039 1305 10 2512 77536 0.09 0.035 0.862  0.0493 0.016 0.479 0.249 0.391
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OpenFlights [25] 2905 15645 242 10.771 601.45 0.049 0.255 0.581 0.01 0.009 0.018 0.016 0.016
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Cora citation [27] 23166 89157 377 7.697 1823 —0.055 0.117 0.683 0.01 0.008 0.044 0.032 0.034
DBLP [28] 12495 49563 709 7.933 347.28 —0.046 0.062 0.538 0.028 0.011 0.023  0.023 0.026
Misc Flickr [29] 105722 2316668 5425 43.826 15304 0.247 0.402 0.634  0.001 0.001 0.003  0.002 0.002
Amazon (TWEB) [30] 403364 2443311 2752 12.115 370.15 —0.018 0.166 0.74 0.089 0.005 0.034  0.017 0.025
Jazz musicians [31] 198 2742 100 27.697 1070.2  0.02 0.52  0.439 0.014 0.014 0.027 0.025 0.026
HumanSocial Adolescent health [32] 2539 10455 27 8236 86.414 0251 0.142 0.597 0.022 0.017 0.105 0.076 0.084
Physicians [33] 117 465 26 7.949 79.162 —0.084 0.175 0.372 0.025 0.018 0.112  0.099 0.114
Route views [30] 6474 12572 1458 3.884 640.08 —0.182 0.01 0.612 0.087 0.022 0.006 0.022 0.029
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Gnutella [34] 62561 147878 95 4728 54.86 —0.093 0.004 0.502 0.001 0.001 0.094 0.076 0.087
Communication U. Rovira i Virgili [35] 1133 5451 71  9.622 179.82 0.078 0.166 0.511 0.01 0.008 0.057 0.048 0.052
EU institution [30] 224832 339925 7636 3.024 1716.5 —0.189 0.004 0.729 0.003 0.003 0.002 0.01 0.01
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Florida ecosystem wet [41] 128 2075 110 32422 13003 —0.112 0.312 0.137 0.015 0.014 0.026 0.025 0.026
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