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* e-mail:linyuan.lv@uestc.edu.cn; manuel.mariani@business.uzh.ch



2

Supplementary Table

datasets N L 〈k〉 σ URL
Email 1, 133 5, 451 9.6 0.078 https://github.com/zervel3/small-scale-social-datasets

Facebook 2, 888 2, 981 2.1 −0.668 https://github.com/zervel3/small-scale-social-datasets
HepTh 9, 875 25, 973 5.3 0.268 https://github.com/zervel3/small-scale-social-datasets

Hamster 1, 858 12, 534 13.5 −0.080 https://github.com/zervel3/small-scale-social-datasets

Table S1 Details of the four small-scale empirical networks. We use four small-scale datasets with synthetic
spreading events to validate the IS algorithm’s performance, the Table shows the details of the four datasets, N is
the size of the network, L is the sum of edges, 〈k〉 is the average degree, σ is the degree assortativity, the four
datasets can be downloaded from the URL.

Supplementary Method 1: Link prediction metrics

In the link prediction section, the similarity metrics used are based on individuals’ common neighbours, including common
neighbours, Jaccard index [1], Sørensen index [2], Adamic-Adar index [3], Resource allocation index [4], because the large-
scale empirical network we used is directed, there are two types of similarity metrics, which are based on in- and out- common
neighbours. For a node i, let Γ(i) as the set of its nearest neighbours, following we will give the definition of the metrics used in
the main text, the common neighbours score between x and y is:

scnxy = |Γ(x) ∩ Γ(y)| (1)

The Jaccard index is based on common neighbours, its definition as following:

sjaccardxy =
|Γ(x) ∩ Γ(y)|
|Γ(x) ∪ Γ(y)|

(2)

Sørensen index is mainly applied in ecology field, the definition is:

sSørensen
xy =

2|Γ(x) ∩ Γ(y)|
kx + ky

(3)

Here the kx and ky are the degree of nodes x and y.
For the Adamic-Adar index, it tends to assign less-connected neighbours more weight, and it defines as:

sAA
xy =

∑
z∈Γ(x)∩Γ(y)

1

logkz
(4)

The Resource Allocation index also depress the high degree neighbours, but with the following form:

sRA
xy =

∑
z∈Γ(x)∩Γ(y)

1

kz
(5)

Supplementary Note 1: Validation in synthetic spreading data.

To test the IS algorithm’s performance in reconstructing the individual influence and susceptibility, based on the known
ground-truth influence and susceptibility scores, we simulate spreading processes with the empirical influence model on a given
network to obtain its counterpart diffusion network. Specifically, we start by drawing, for each individual i, the ground-truth
influence and susceptibility scores, Ii and Si, from a uniform distribution between 0 and 1; these scores determine the ground-
truth contagion probability between any two individuals i and j: pij = Aij Ii Sj . We simulate 100N spreading processes:
each individual i ∈ {1, . . . , N} is the seed individual of 100 cascades. In a simulated spreading process, at each time step, an
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individual i who already reshared the piece of information (ri = 1) attempts once to propagate the information to each of her
neighbours to reshare; such a propagation event has a probability pij . Each spreading process stops when no individuals can
be influenced by their neighbours. For simplicity, we simulate the spreading on four small-scale empirical networks used in
prior works [5–7] (see Supplementary Table S1 for details). After having simulated the spreading process, a diffusion network is
constructed for each dataset, where the IS algorithm can be applied to reconstruct the influence (Î) and susceptibility (Ŝ) scores
of all individuals.

Datasets r(Î , I) r(Î , f) r(Î , k) r(Ŝ, S) r(Ŝ, g) r(Ŝ, k)
Email 0.999 0.468 0.040 1.000 0.434 −0.021

Facebook 0.791 0.147 0.120 0.912 0.135 0.095
HepTh 0.970 0.388 0.016 0.968 0.391 0.011

Hamster 0.982 0.327 0.018 0.986 0.308 0.003

Table S2 IS algorithm’s performance on four small-scale networks, based on synthetic spreading events. I, f , S, g, k
denote individuals’ ground-truth influence, outgoing contagion rate, susceptibility, incoming contagion rate, and
degree, respectively. Î and Ŝ denote the reconstructed influence and susceptibility, respectively. r(a, b) denotes the
Pearson’s correlation coefficient between a given pair (a, b) of variables.

Table S1 illustrates the reconstruction accuracy of the IS algorithm on the four small-scale networks, which reveals three key
insights. First, the results show that degree is uncorrelated with reconstructed influence (Î), indicating that in this setting, the
social hubs are not guaranteed to be highly influential. Second, although the ground-truth outgoing contagion rate f is positively
correlated with the reconstructed influence, the linear correlation is moderate at best – ranging from r = 0.15 in Facebook to
r = 0.47 in Email. Third, the reconstructed influence derived by IS algorithm achieves a remarkably high correlation with the
ground-truth influence, ranging from 0.79 in Facebook to 1.00 in Email. Similar insights can be obtained for the reconstruction
of susceptibility (see Supplementary Figs. S7-S10 for the density plots of the four small-scale datasets). Taken together, these
observations indicate that in synthetic spreading data, the IS algorithm effectively reconstructs the ground-truth influence and
susceptibility scores.

Supplementary Note 2: Robustness with respect to incomplete data.

In real-world applications, we may have only access to data on a limited number of spreading events. To ascertain the
robustness of the algorithm’s performance with respect to incomplete data, we study the performance of the algorithm as we
progressively remove randomly-selected spreading events from the generated synthetic data.

Specifically, on the four small-scale datasets, we set each individual as seed node and run 5 times Independent Cascade
spreading process [8] to get a series of (5N ) spreading events, and calculate the edge weight pij by the whole spreading events,
where pij is the fraction of tweets that j retweets from i, then we input the pij and network structure to IS algorithm to reconstruct
the I and S and take them as the baseline, then remove a fraction of spreading events, calculate the edge weight p̂ij by remaining
spreading events, finally, estimate individuals Î and Ŝ, here we use the Pearson’s correlation r and mean absolute error (MAE)
to measure how the IS algorithm performs when the fraction of spreading events are removed. The results are averaged by 10
realisations.

We find that the accuracy of the IS algorithm in reconstructing the ground-truth influence and susceptibility scores decrease
linearly with the number of removed spreading events (see Supplementary Note 1 for details). However, a relatively high
correlation can be maintained even if a substantial portion of the spreading events is removed. For example, when 30% spreading
events are removed from Email, the scores produced by the IS algorithm still exhibit high correlation with the ground-truth
influence and susceptibility scores (r = 0.69 and r = 0.83, respectively; see Supplementary Note 1 for details). These results
indicate that the IS algorithm can not only accurately reconstruct ground-truth influence and susceptibility scores, but also has
remarkable robustness against data incompleteness.



4

Fig. S1 Robustness of IS algorithm measured by Pearson’s coefficient. The x-axis denotes the fraction of spreading

events removed, ranging from 0.01 to 0.3, r is the Pearson’s coefficient between the original I (S) and the Î (Ŝ)
estimated by the incomplete spreading events.
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Fig. S2 Robustness of IS algorithm measured by mean absolute error. The x-axis denotes the fraction of spreading

events removed, ranging from 0.01 to 0.3, MAE is the mean absolute error between the original I (S) and the Î (Ŝ)
estimated by the incomplete spreading events.
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We also applied to the four large-scale empirical datasets to validate the robustness of the IS algorithm, specifically, we set
the I and S scores reconstructed by complete spreading events as the baseline, and randomly remove the fraction of retweets
(spreading events), then calculate the Pearson’s correlation and mean absolute error between the baseline and the scores (Î and
Ŝ) reconstructed by incomplete spreading events.

Fig. S3 Robustness of IS algorithm measured by Pearson’s coefficient. The x-axis denotes the fraction of spreading

events removed, r is the Pearson’s coefficient between the original I (S) and the Î (Ŝ) estimated by the incomplete
spreading events.



7

Fig. S4 Robustness of IS algorithm measured by mean absolute error. The x-axis denotes the fraction of spreading

events removed, MAE is the mean absolute error between the original I (S) and the Î (Ŝ) estimated by the
incomplete spreading events.
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Supplementary Note 3: Verifying that the empirical IS scores are consistent with the empirical results
by Aral and Walker [9]

Validating the algorithm in empirical spreading data faces the natural challenge that we lack access to the individuals’ ground-
truth influence and susceptibility scores. To bypass this challenge, we only validate the aggregate properties of the scores.
Specifically, we verify whether, when applied to empirical spreading data from social media, the algorithm produces scores
that respect the four stylised facts about influence and susceptibility identified in Aral and Walker’s experiment [9]: (i) highly
influential individuals tend not to be susceptible, highly susceptible individuals tend not to be influential, and almost no one
is both highly influential and highly susceptible to influence; (ii) both influential individuals and non-influential individuals
have approximately the same distribution of susceptibility to influence among their peers; (iii) there are more people with high
influence scores than high susceptibility scores; (iv) influentials cluster in the network.

To this end, we apply the algorithm to four large-scale empirical datasets: Twitter 2011, Twitter COVID, Weibo 2012, and
Weibo COVID (see Methods). In empirical social networks, the diffusion network is constructed from the spreading events
among users, which is different from the social networks that connect followers and followees [10]. For this reason, we run the
IS algorithm on the diffusion network [10] whose directed adjacency matrix’s elementAij = 1 if i retweeted at least once from j.
With this choice, i’s indegree kin =

∑
j Aji denotes the number of individuals i retweeted from; her outdegree kout =

∑
j Aij

denotes the number of individuals who retweeted from i. Remarkably, for all the four analysed large-scale empirical datasets, the
above-mentioned stylised facts (i–iii) identified by Aral and Walker [9] hold, whereas the validity of stylised fact (iv) is dataset-
dependent – we refer to Supplementary Note 2 for all the results. This indicates that in empirical spreading data, the algorithm
produces scores that respect the properties we would expect for influence and susceptibility scores from the experiment [9].

First, we test whether highly influential individuals tend not to be susceptible, highly susceptible individuals tend not to
be influential, and almost no one is both highly influential and highly susceptible to influence. For the first two claims, it’s
proved by the negative and low correlation between I and S for Twitter 2011, Twitter COVID, Weibo 2012 and Weibo COVID ,
they are r(I, S) = −0.56, r(I, S) = −0.11, r(I, S) = −0.09 and r(I, S) = −0.52 respectively, for the third claim, we choose
top 0.5% of individuals by their influence and susceptibility score respectively, for Twitter 2011, Twitter COVID, Weibo 2012
and Weibo COVID, the overlap of the above two types of individuals are 0.2%, 0.3%, 0.9% and 0.1%, such a value is very low.
When we increase the fraction of individuals chosen to top 1%, the overlap are 0.5%, 0.5%, 1.5%, 2% respectively.

Second, we test whether both influential individuals and noninfluential individuals have approximately the same dis-
tribution of susceptibility to influence among their peers. To test this section, we rank individuals by their influence score,
and choose the top 0.5% of influentials’ (individuals with high influence score) susceptibility score, then do the Mann-Whitney
test between influentials susceptibility score and remaining individuals’ susceptibility score, the result shows, for Twitter 2011,
Twitter COVID, Weibo 2012 and Weibo COVID, their influentials’ susceptibility score and remaining 99.5% individuals’ suscep-
tibility score are from the same distribution with the probability 99%.

Third, we test whether there are more people with high influence scores than high susceptibility scores. We need to
define what having a high score means. We make a conservative choice, and consider an influence score Î as high if and only
if Î > µI + 3σI , where µI and σI are the mean and standard deviation of the influence score across the whole population.
Analogously, we consider a susceptibility score Ŝ as high if and only if Ŝ > µS + 3σS , where µS and σS are the mean and
standard deviation of the susceptibility score across the whole population. We denote the fraction of high influence score and
high susceptibility score individuals as Finf and Fsus, respectively. For Twitter 2011, the Finf and Fsus are 0.45% and 0.4%.
For Twitter COVID, the Finf and Fsus are 2.7%, 1.8%, respectively. For Weibo 2012, the Finf and Fsus are 2.0%, 0.1%,
respectively. For Weibo COVID, under the condition Î > µI + 2σI and Ŝ > µS + 2σS , the Finf and Fsus are 4.3%, 1.9%
respectively.

Finally, we test whether influentials cluster in the network. We choose the top 0.5% individuals by their influence score as
influentials, for Twitter 2011, we find 1.6% of influentials have at least an edge to other influentials, which is significantly larger
than the same fraction in networks randomised with the directed configuration model is 0.51% + 0.11%. For Twitter COVID,
1.98% fraction of influentials have at least an edge to other influentials, the corresponding value in the directed configuration
model is 1.12% ± 0.07%. For weibo 2012, 6.41% of influentials have at least an edge to other influentials, the corresponding
value in the directed configuration model is 5.73%± 0.31%. But for weibo COVID, 0.06% of influentials have at least an edge
to other influentials, the corresponding value in the directed configuration model is 0.14%± 0.01%.

Supplementary Note 4: Analytic convergence condition for the IS algorithm in undirected network

Part of the following proof borrows the idea from paper [11], we find a sufficient and unnecessary condition that guarantees
the convergence of equations (5) in the main text. Since the equations (5) are non-linear equations, to prove its convergence, we
can convert the equations (3), (4) in the main text to the fixed-point problem, which with the type x = G(x).
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For the following two equations (The equations (3), (4) in the main text)

Ii =
fi∑

j AijSj
(6)

Sj =
gj∑

iAijIi
(7)

We set Ii = x−1
i , Sj = y−1

j . The above two equations are transformed as

xi =

∑
j Aijy

−1
j

fi
(8)

yj =

∑
iAijx

−1
i

gj
(9)

Following we will construct a block matrix that with the form x = G(x). After applying the equations (3) and (4) to the whole
network, we get the following 2N -dimensional (N is the size of the network) vector equations.

x1

...
xN
y1

...
yN


=

(
0 FA

EAT 0

)


x−1
1
...

x−1
N

y−1
1
...

y−1
N


(10)

Where

F =


1
f1

0 · · · 0

0 1
f2
· · · 0

...
...

. . .
...

0 0 · · · 1
fN

, E =


1
g1

0 · · · 0

0 1
g2
· · · 0

...
...

. . .
...

0 0 · · · 1
gN


A is the adjacent matrix. The equation (10) with the type x = G(x) is what we need, it can be seen as a fixed-point iterative

problem, to prove its convergence, we need to prove at one given initial condition x∗, the spectral radius of its Jacobian matrix
is small than 1, that is ρ(∂G(x∗)

∂x ) < 1.
Following we will calculate the Jacobian matrix of G(x).

J =
∂G(x)

∂x
= [

∂G(x)

∂x1
, · · · , ∂G(x)

∂xN
,
∂G(x)

∂y1
, · · · , ∂G(x)

∂yN
] (11)

The G(x) can be written as G(x) = Mv(x), where

M =

(
0 FA

EAT 0

)
, v(x) =



x−1
1
...

x−1
N

y−1
1
...

y−1
N


M is a constant matrix, so we only need to calculate the derivative of v(x), finally we got

J =
∂G(x)

∂x
=

(
0 −FAY−2

−EATX−2 0

)
(12)

Y−2 =


y−2

1 0 · · · 0
0 y−2

2 · · · 0
...

...
. . .

...
0 0 · · · y−2

N

, X−2 =


x−2

1 0 · · · 0
0 x−2

2 · · · 0
...

...
. . .

...
0 0 · · · x−2

N


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It’s hard to calculate the spectral radius of J directly when applied to a large-scale network. We turn to estimate its spectral
radius. The square of J can be written as

J2 =

(
FAY−2EATX−2 0

0 EATX−2FAY−2

)
(13)

We noticed that the two blocks FAY−2EATX−2 and EATX−2FAY−2 with same eigenvalues.
FAY−2EATX−2 is


1

f1x2
1

∑
j A1jA1j

1
gjy2

j

1
f1x2

2

∑
j A1jA2j

1
gjy2

j
· · · 1

f1x2
N

∑
j A1jANj

1
gjy2

j
1

f2x2
1

∑
j A2jA1j

1
gjy2

j

1
f2x2

2

∑
j A2jA2j

1
gjy2

j
· · · 1

f2x2
N

∑
j A2jANj

1
gjy2

j

...
...

. . .
...

1
fNx2

1

∑
j ANjA1j

1
gjy2

j

1
fNx2

2

∑
j ANjA2j

1
gjy2

j
· · · 1

fNx2
N

∑
j ANjANj

1
gjy2

j

 (14)

By setting x∗i , y∗i both equal to non-negative I0 as the initial condition, the above matrix is simplified as

Q =


1
k1

∑
j A1jA1j

1
kj

1
k1

∑
j A1jA2j

1
kj
· · · 1

k1

∑
j A1jANj

1
kj

1
k2

∑
j A2jA1j

1
kj

1
k2

∑
j A2jA2j

1
kj
· · · 1

k2

∑
j A2jANj

1
kj

...
...

. . .
...

1
kN

∑
j ANjA1j

1
kj

1
kN

∑
j ANjA2j

1
kj
· · · 1

kN

∑
j ANjANj

1
kj

 (15)

We noticed that the matrix J2 is the block matrix, that is

J2 =

(
Q 0
0 QT

)
(16)

To estimate the spectral radius of J2, we turn to estimate the spectral radius of Q by the Gershgorin circle theorem [12], which
is equivalent to prove the modulo of the maximum eigenvalue (spectral radius) of Q is small than or equal to 1. According
to the deduction of Gershgorin circle theorem, for the matrix Q, maxi|λi| ≤ maxi(|qii| +

∑n
j=1,j 6=i |qij |) (here qij is the

element of Q), because the element of the matrix Q is always the positive real number, proving the spectral radius small
than or equal to 1 is equivalent to prove the sum of arbitrary row’s element is small than or equal to 1, which is to prove∑n

j=1 qij = 1
ki

∑
j

∑
lAijAlj

1
kj
≤ 1 hold. When ki is 1 and i’s neighbour with degree 1, we get 1

ki

∑
j

∑
lAijAlj

1
kj

= 1

hold, otherwise, it’s small than 1. When ki is big than 1, to maximise
∑

j

∑
lAijAlj

1
kj

, we get two cases, first is all i’s
neighbours don’t connected together and with degree 1, which means i’s neighbour only connect with i, in such a case, we
get
∑

j

∑
lAijAlj

1
kj

= ki, second is all i’s neighbours are fully connected (We can say its clustering coefficient ci = 1), in
such a case,

∑
j

∑
lAijAlj

1
kj

= ki as well, except for the above two cases,
∑

j

∑
lAijAlj

1
kj
< ki always hold, so we proved

for matrix Q, the sum of each row’s elements small than or equal to 1 when we set x∗i and y∗i both equal to nonnegative I0,
according to the Gershgorin circle theorem [12], we know the spectral radius ρ(Q) ≤ 1, finally we proved ρ(J) ≤ 1. Besides,
the case ρ(J) = 1 holds if and only if for arbitrary i, its clustering coefficient ci is either 0 or 1 (In this case, sum of each row
of matrix J2 is 1, getting J2 with a eigenvalue 1, then ρ(J) = 1), In other case, we have ρ(J) < 1. Such a result is checked by
numerical simulation, the concrete process as follows, for the above four small-scale networks, we set the initial condition I(0)

and S(0) from 0.001 to 10, 000 to iterate the algorithm (We chose eight initial conditions, they are 0.001, 0.01, 0.1, 1, 10, 100,
1, 000, 10, 000), and find the final results (I , S) get from different initial condition keep consistent.

Analytic convergence condition in directed network

For the directed network, the process of proof is similar to the undirected network, the difference is that for individual i, only
its out-neighbours contribute to fi, and only its in-neighbours contribute to gi, similarly, we convert it to the fixed-point problem
x = G(x), and get the square of the Jacobian matrix as following:

J2 =

(
FAY−2EATX−2 0

0 EATX−2FAY−2

)
(17)

The two blocks FAY−2EATX−2 and EATX−2FAY−2 with same eigenvalues. FAY−2EATX−2 equals to:
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
1

f1x2
1

∑
j A1jA1j

1
gjy2

j

1
f1x2

2

∑
j A1jA2j

1
gjy2

j
· · · 1

f1x2
N

∑
j A1jANj

1
gjy2

j
1

f2x2
1

∑
j A2jA1j

1
gjy2

j

1
f2x2

2

∑
j A2jA2j

1
gjy2

j
· · · 1

f2x2
N

∑
j A2jANj

1
gjy2

j

...
...

. . .
...

1
fNx2

1

∑
j ANjA1j

1
gjy2

j

1
fNx2

2

∑
j ANjA2j

1
gjy2

j
· · · 1

fNx2
N

∑
j ANjANj

1
gjy2

j

 (18)

We set x∗i and y∗i both equal to I0 as the initial condition, then the above matrix is simplified as

Q =


1

kout
1

∑
j A1jA1j

1
kin
j

1
kout
1

∑
j A1jA2j

1
kin
j
· · · 1

kout
1

∑
j A1jANj

1
kin
j

1
kout
2

∑
j A2jA1j

1
kin
j

1
kout
2

∑
j A2jA2j

1
kin
j
· · · 1

kout
2

∑
j A2jANj

1
kin
j

...
...

. . .
...

1
kout
N

∑
j ANjA1j

1
kin
j

1
kout
N

∑
j ANjA2j

1
kin
j
· · · 1

kout
N

∑
j ANjANj

1
kin
j

 (19)

Similarly, we use Gershgorin circle theorem [12] to prove that the modulo of the maximum eigenvalue (spectral radius) of
the matrix Q is small than or equal to 1, which can turn to prove the sum of arbitrary row’s element is small than or equal
to 1, that is to prove 1

kout
i

∑
j

∑
lAijAlj

1
kin
j
≤ 1 holds. When the out-degree of i is 1 and i’s out-neighbour only connects

with i, we get 1
kout
i

∑
j

∑
lAijAlj

1
kin
j

= 1 holds, otherwise, it’s small than 1. When kouti fixed and big than 1, to maximum∑
j

∑
lAijAlj

1
kin
j

, we get two cases, first is all i’s out-neighbours don’t connect mutually and with kin = 1, in such a case,

we get
∑

j

∑
lAijAlj

1
kin
j

= kouti , second is all i’s out-neighbours are fully connected (We can say its out clustering coefficient

couti = 1), in such a case,
∑

j

∑
lAijAlj

1
kin
j

= kouti as well, except for the above two cases, in any other condition, we get∑
j

∑
lAijAlj

1
kin
j
< kouti , so we proved for matrix Q, the sum of each row’s elements small than or equal to 1 when we set x∗i

and y∗i both equal to nonnegative I0, according to the Gershgorin circle theorem, we know the spectral radius ρ(Q) ≤ 1, finally
we proved ρ(J) ≤ 1. Besides, the case ρ(J) = 1 if and only if for arbitrary i, its out clustering coefficient couti is either 0 or 1
(In this case, sum of each row of matrix Q is 1, getting Q with maximum eigenvalue 1, which finally lead to ρ(J) = 1), In other
case, we have ρ(J) < 1. One more thing we need to notice is that if there are some individuals’ kout is 0, the above process
can also hold, what we need to do is to divide the whole directed network into several directed sub-networks and prove their
convergence respectively. The above proof is also checked by numerical simulation, we set the initial condition I(0) and S(0)

from 0.001 to 10, 000 (same as un-directed network) to iterate the algorithm, and find the results keep consistent.

Supplementary Note 6: Numeric results on the convergence of the IS algorithm

For both the small-scale and large-scale datasets, the convergence criteria are the error
∑N

i |I
(n+1)
i − I(n)

i |/N < 10−5 and∑N
i |S

(n+1)
i − S(n)

i |/N < 10−5 hold, here N is the size of dataset, and I(n)
i (S(n)

i ) is the influence (susceptibility) value of
individuals i in n-th iteration.

Supplementary Note 5: Convergence plots
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Fig. S5 Convergence plots of the four small-scale datasets. The correlation between iteration times and the error of I
(S) of the four small-scale datasets.
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Fig. S6 Convergence plots of the four large-scale datasets. The correlation between iteration times and the error of I
(S) of the four large-scale datasets with empirical spreading events.
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Supplementary Figures

Fig. S7 Reconstructing individuals’ ground-truth influence and susceptibility from synthetic spreading events on Email
network. I, f , S, g, k are individuals’ ground-truth influence, outgoing contagion rate, susceptibility, incoming
contagion rate, and degree, respectively. Î and Ŝ are the reconstructed influence and susceptibility, respectively.
r(Î , I) is the Pearson’s coefficient between Î and I, others are similar. The value of the colour bar denotes the
normalised probability density (normalised by the maximum probability density of each row) estimated by Gaussian
kernel method [13].
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Fig. S8 Reconstructing individuals’ ground-truth influence and susceptibility from synthetic spreading events on
Facebook network. I, f , S, g, k are individuals’ ground-truth influence, outgoing contagion rate, susceptibility,
incoming contagion rate, and degree, respectively. Î and Ŝ are the reconstructed influence and susceptibility,
respectively. r(Î , I) is the Pearson’s coefficient between Î and I, others are similar.
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Fig. S9 Reconstructing individuals’ ground-truth influence and susceptibility from synthetic spreading events on
HepTh network. I, f , S, g, k are individuals’ ground-truth influence, outgoing contagion rate, susceptibility,
incoming contagion rate, and degree, respectively. Î and Ŝ are the reconstructed influence and susceptibility,
respectively. r(Î , I) is the Pearson’s coefficient between Î and I, others are similar.
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Fig. S10 Reconstructing individuals’ ground-truth influence and susceptibility from synthetic spreading events on
Hamster network. I, f , S, g, k are individuals’ ground-truth influence, outgoing contagion rate, susceptibility,
incoming contagion rate, and degree, respectively. Î and Ŝ are the reconstructed influence and susceptibility,
respectively. r(Î , I) is the Pearson’s coefficient between Î and I, others are similar.

Fig. S11 The performance of IS-based predictor against out-coming common neighbours based metrics on predicting
peer-to-peer contagion rate on four large-scale empirical datasets. In panels a, b, c, d, we compare the performance of
the IS-based predictor against the influence-based, susceptibility-based, indegree- and outdegree-based predictors.
We find that to effectively predict pairwise contagion, both individual influence and susceptibility are key properties;
focusing on network centrality leads to sub-optimal predictions.
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Fig. S12 Superspreader detection in presence of influence and susceptibility. The performance (Spearman’s
coefficient, top 5%) of six metrics to identify superspreaders. In both simulated and empirical spreading event, we
use 80% of spreading events to reconstruct individuals’ influnence (I) and susceptibility (S) scores, then use the six
metrics to identify these superspreaders in the following 20% spreading events.
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Fig. S13 Implications of the IS algorithm for seeding policies in ER networks. In artificial networks of different
density generated with the ER model, we consider the ROI on seeding policies based on six different metrics as a
function of the social cost parameter, β. The results for the random metric are averaged over 100 realisations, and
all the six metrics’ ROI values are normalised by the average ROI of the random metric. The results confirm the
empirical finding that the IS total probability tends to outperform the random policy, especially for higher network
density. However the ROI improvements are smaller compared to the empirical data, which suggests that the
IS-based policy benefits from degree heterogeneity (see also the next Figure).
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Fig. S14 Implications of the IS algorithm for seeding policies in BA networks. In artificial networks of different
density generated with the BA model, we consider the ROI on seeding policies based on six different metrics as a
function of the social cost parameter, β. The results for the random metric are averaged over 100 realisations, and
all the six metrics’ ROI values are normalised by the average ROI of the random metric. The results confirm the
empirical finding that ROI gains from the IS total probability critically depend on the social cost parameter. For
higher-density networks, the results are in qualitative agreement with the empirical ones in Fig. 6 of the main text:
when β < α = 1, the IS total probability outperforms the random policy, whereas when the social cost is high, the
random policy performs best. We further observe that for low densities, the IS total probability outperforms the
random policy for all values of the social cost. Taken together, these findings indicate that the relateve ROI of the
seeding policies depend not only on the degree heterogeneity, but also on the network density of the underlying
diffusion network. Finally, the findings further confirm the result that under no parameter values are the social hubs
(i.e., high-outdegree nodes) the best targets.
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