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SPECIAL TOPIC — Interdisciplinary physics: Complex network dynamics and emerging technologies
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In real-world networks, there usually exist a small set of nodes that play an important role in the structure and function
of networks. Those vital nodes can influence most of other nodes in the network via a spreading process. While most of
the existing works focused on vital nodes that can maximize the spreading size in the final stage, which we call final
influencers, recent work proposed the idea of fast influencers, which emphasizes nodes’ spreading capacity at the early
stage. Despite the recent surge of efforts in identifying these two types of influencers in networks, there remained limited
research on untangling the differences between the fast influencers and final influencers. In this paper, we firstly distinguish
the two types of influencers: fast-only influencers and final-only influencers. The former is defined as individuals who
can achieve a high spreading effect at the early stage but lose their superiority in the final stage, and the latter are those
individuals that fail to exhibit a prominent spreading performance at the early stage but influence a large fraction of nodes
at the final stage. Further experiments are based on eight empirical datasets, and we reveal the key differences between
the two types of influencers concerning their spreading capacity and the local structures. We also analyze how network
degree assortativity influences the fraction of the proposed two types of influencers. The results demonstrate that with the
increase of degree assortativity, the fraction of the fast-only influencers decreases, which indicates that more fast influencers
tend to keep their superiority at the final stage. Our study provides insights into the differences and evolution of different
types of influencers and has important implications for various empirical applications, such as advertisement marketing and

epidemic suppressing.

Keywords: social networks, fast influencers, final influencers, spreading dynamics, degree assortativity
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1. Introduction

In network science, vital nodes identification!!! is an
intriguing and important problem, which has attracted long-
standing scientific attention. Vital nodes are considered as
nodes that play an important role in the structure or function
of networks. In the scenario of information spreading,!>¢]
vital nodes are also known as influencers (or “influentials”),
namely, those who can influence a large fraction of nodes in
the spreading dynamics. Identifying influencers have crucial
meanings on controlling or speeding the spreading process in
networks and can support various practical applications. For
example, in advertisement marketing campaigns,!!! having a
celebrity promote a product on social media can largely en-
hance the visibility of the product, thus driving the product
sales and obtaining a good marketing effect.

Researchers have made great efforts in the iden-
tification of influencers and have gained a series of
achievements.!!=7-101 To determine whether a node in a net-
work is an influencer, most research relies on quantifying
the spreading capacity of the node in spreading dynamics.
The spreading process is usually specified as follows: for a
given network, we choose a node (typically referred to as
the “seed node”) and employ a spreading model to simulate
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the spreading process; when the spreading stops, we mea-
sure the seed node’s spreading capacity, and the nodes with
outstanding capacity are defined as influencers. Researchers
have evaluated many methods’ ability to reproduce the rank-
ing of nodes’ spreading capacity. One of the most effec-
tive and simplest methods is the centrality metric that consid-
ers the network structure of the focal node. Commonly-used
centrality metrics that are introduced to rank nodes include
local metrics such as degree,[“] H-index, 12! LocalRank,m
collective influence,!*! and global metrics such as eigen-
vector centrality,!'3!4 betweenness centrality,!'>! closeness
Centrality,[16] dynamics-sensitive Centrality,m] etc. Besides,
other iterative-based methods proposed by researchers include
PageRank!!8! and its parameter-free variant LeaderRank,!'”!
HITS,?" and SALSA. 2!

Based on the above process of influencer identification,
researchers mainly focus on the final spreading capacity of
nodes (i.e., the result when the spreading is finished), but ig-
nore nodes with great spreading capacity at the early stage.
Zhou et al.!’! provided the first step towards uncovering this
type of nodes, which they called “fast influencers”. The au-
thors revealed that fast influencers are different from tradi-
tional influencers that pursue the final big impact, and they
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proposed a metric called social capital to identify them. Fast
influencers are of both theoretical and practical significance.
Potential applications include, for example, maximizing a
newly-released movie’s promotion effect in a limited time and
cutting off the spreading of the latest rumor as soon as possi-
ble.

Despite the fact that fast influencers and final influencers
have a clear distinction on definitions, there lacks an under-
standing of the underlying differences between fast and final
influencers, which is what we aim to achieve in this work. To
this end, we focus on comparing the two types of influencers
based on two network-based features: local structure®? and

[23-251 which have been revealed to influ-

degree assortativity,
ence the spreading process in networks. Specifically, we an-
alyze the differences between the fast and final influencers in
terms of their spreading capacity and four local centrality met-
rics, degree, h-index, k-core and LocalRank, as well as study
how the network degree assortativity influences the fraction of
the two types of vital nodes. The structure of the paper is orga-
nized as follows, firstly in Section 2, we introduce the related
approaches, definitions of fast-only and final-only influencers,
and the details of eight studied datasets. Then in Section 3,
we analyze the distinct spreading performance and local struc-
tures of fast-only influencers and final-only influencers, and
discuss the relationship between the network degree assorta-
tivity and the fraction of fast-only/final-only influencers. In
Section 4, we conclude the main results of this work and re-
veal insights for practical applications.

2. Method
2.1. Susceptible—infected-recovered model

We employ the susceptible—infected-recovered (SIR)
model to simulate the spreading dynamics in networks. In the
SIR model, there are three types of individuals: susceptible in-
dividuals, infected individuals, and recovered individuals, and
there are two model parameters, infect probability S and re-
cover probability pt. The SIR model supposes that infected
nodes infect their neighboring susceptible nodes with prob-
ability B, infected individuals recover to the recovered state
with probability u, and recovered individuals cannot be in-
fected again. When a seed node is given, we assume that it is
infected, and all other nodes are in the susceptible state, then
the spreading proceeds according to the above rules. When no
individual is found in the infected state, the spreading process
ends, and the total number of nodes in the recovered state is
measured as the spreading capacity (also referred to as spread-
ing size or spreading effect) of the seed node.

2.2. Definition of the fast-only and final-only influencers

Fast influencers are considered as individuals that can in-
fluence the top fraction of individuals at the early stage of the

spreading process.!”! In comparison, final influencers are those
individuals whose spreading capacity is ranked among the top
(according to a top ratio x%) at the final stage. In this pa-
per, we focus on the non-overlapping parts between fast in-
fluencers and final influencers, which we refer to as fast-only
and final-only influencers, respectively. Specifically, fast-only
influencers are the fast influencers that do not belong to fi-
nal influencers. Similarly, the final-only influencers are those
final influencers that do not overlap with fast influencers. Ac-
cording to the definitions, fast-only influencers are individuals
that achieve high spreading capacity at the early stage but lose
the superiority at the final stage, and on the contrary, final-
only influencers are individuals that fail to exhibit a prominent
spreading capacity at the early stage but influence a large frac-
tion of nodes at the final stage. According to the same top
ratio, the numbers of fast-only and final-only influencers are
the same.

2.3. Assortativity coefficient

Assortativity coefficient (r) is the Pearson correlation co-
efficient of degrees between pairs of linked nodes. %27 A pos-
itive r denotes that the high (low)-degree nodes tend to connect
with high (low)-degree nodes, while a negative r indicates that
the high (low)-degree nodes tend to connect with low (high)-
degree nodes. In formula, the definition of the assortativity
coefficient of a network is as follows:

Y k(e —wiwi)
r = ()'2
w

; ey

where wy, is the distribution of the remaining degree (i.e., the
probability that the neighboring node of a randomly-chosen
node in the network has degree k) and e is the joint proba-
bility distribution of the remaining degrees of the two nodes at
either end of a randomly-chosen edge, and GV% is the variance
of the distribution wy, —1 < r < 1. When r = 1, the network
is totally assortative (all nodes are only connected with nodes
with the same degree) and r = —1 if the network is totally dis-
assortative.

2.4. Degree configuration model

To reveal how degree assortativity influences the fraction
of fast-only and final-only influencers in the network, we in-
troduce the degree configuration model!?®! into the analysis to
adjust the degree assortativity of networks. Specifically, for a
given network, the model keeps the degree sequence fixed and
changes the assortativity of the network.!?-3%1 According to
the degree configuration model, given a network, we randomly
choose two edges, (v, v2) and (v3, v4), which are guaranteed
to be different. The four nodes are ranked with respect to their
degrees.

To generate an assortative network from the original one,
with probability p, we rewire the two edges to let one of them
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connects the two nodes with smaller degrees and the other link
connects the two nodes with larger degrees; with probability
1 — p, the two edges are randomly rewired. To avoid multi-
ple edges connecting two same nodes, we will select a new
pair of nodes if the rewired edge has already existed in the
network. Such a process is repeated until the maximum iter-
ations reaches. In this model, p controls the extent of degree
assortativity. If p is close to 1, after the rewiring process, the
generated network tends to be assortative. Similarly, through
rewiring network edges with probability p to let nodes with
larger degrees are connected with nodes with smaller degrees,
we can generate networks with tunable disassortativity.

2.5. Centrality metrics

Centrality metrics measure the relative importance of a
node in the network, which capture a node’s position features
in the network structure. In the analysis, we focus on the struc-
ture of final-only influencers and fast-only influencers in terms
of four metrics: degree, h-index, k-core, and LocalRank. We
use a N x N adjacency matrix A to represent the studied un-
directed un-weighted network, where N is the number of nodes
in the network, where A;; = 1 if there is a edge between node
iand j, and A;; = 0 otherwise.

Degree Degree is the simplest centrality metric. In a
network, node i’s degree k; is defined as the number of its
neighbors,!!'!1 in formula k; = Y jAij.

The h-index The h-index was firstly introduced to mea-
sure the academic impact of scholars!!?! based on their pub-
lications and the corresponding citations. Then, it was ex-
tended to quantify nodes’ significance based on their neigh-
bors’ impact.*!! For a given node i, its h-index is defined as
the maximum value /; such that i has at least 4; neighbors
whose degrees are all no less than 4;.

The k-core The calculation of nodes’ k-core is according
to a network pruning process.[?! Specifically, the process starts
by removing nodes with degrees equal to one, the pruning is

continued until all nodes’ degrees are larger than one, then the
k-core of the removed nodes is one. Next, the pruning process
is repeated for the remaining nodes with degree k = 2,3, ...,
and all nodes will be assigned their k-core scores. !

LocalRank For a given node i, its LocalRank! score
LR; is defined as

N N
LR; =Y Aij Y Ajs, @)
7k

where N is the number of the nearest and the next nearest
neighbors of node k. LocalRank takes nodes’ four-order local
structure into account.

2.6. Empirical datasets

In the analysis, we use eight social network datasets to
support our research. Email is a communication network at
the University Rovira i Virgili in Tarragona in Spain,??! nodes
are users and each edge represents that at least one email be-
tween the corresponding two users was sent. Cond-mat is a
collaboration network of scientists,!*3 in which nodes rep-
resent scientists and each edge means the two linked scien-
tists have co-authored at least one paper. Lastfm-asia is a
social network of LastFM users,?* nodes are LastFM users
from Asian countries and edges are mutual following rela-
tionships between them. Musae-facebook is a page-page net-
work of Facebook sites.?>! Nodes represent official Facebook
pages (such as pages of politicians, governmental organiza-
tions, television shows and companies) and edges are mu-
tual likes between sites. Deezer-HR, deezer-HU and deezer-
RO are three friendship networks collected from the music
streaming service Deezer from Croatia, Hungary, and Roma-
nia, respectively.[*®) Nodes represent the users and edges are
the mutual friendships. Facebook is a friendship network!37!
in which nodes represent Facebook users, and edges represent
the mutual friendships. We summarize the characteristics of
the eight datasets in Table 1.

Table 1. The characteristics of the eight studied datasets. Here N is the size of network (i.e., number of nodes), E is the number of edges,
(k) is the average degree, A is the threshold in the SIR model,8! ¢ is the clustering coefficient, and p is the degree assortativity.

Datasets N E (k) Ae ¢ p

Email 1,133 5,451 9.62 0.0565 0.2202 0.0782
Cond-mat 27,519 116,181 8.44 0.0470 0.6546 0.1657
Lastfm-asia 7,624 27,806 7.29 0.0409 0.2190 0.0170
Musae-facebook 22,470 171,002 15.22 0.0167 0.3500 0.0800
Deezer-HR 54,573 498,202 18.25 0.0287 0.1365 0.1971
Deezer-HU 47,538 222,887 9.38 0.0704 0.1162 0.2072
Deezer-RO 41,773 125,826 6.02 0.0993 0.0912 0.1140
Facebook 63,731 817,090 25.64 0.0166 0.2210 0.1769

3. Results
3.1. Overlap between fast influencers and final influencers

To identify the fast and final influencers and analyze the

112.39

differences between them, we employ the SIR mode I (see

Subsection 2.1 for details) to simulate the spreading dynam-
ics. In the simulation, the recover probability holds for a fixed
value of ¢ = 1, and the infect probability S changes from A

to 8A.. Given node i, we set it as the seed infected node to
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start the spreading process and record i’s spreading capacity
(i.e., number of infected individuals) at time ¢ as ¢;(¢). When
the spreading process ends, we denote i’s final spreading ca-
pacity as ¢;. We implement 100 times simulation to obtain
average results. After obtaining all nodes’ spreading capacity
at any given time, we rank all individuals’ ¢(¢) and define the
top x% (x = 1,2,5) as the fast influencers at time t = 5. Simi-
larly, ranking all individuals’ ¢, and the top x% (x = 1,2,5) of
individuals are defined as final influencers.

(a) Email (b) Cond-mat
1of 1.0F
¢, 0.8F /
s o8} )Ze
n
5 0.6
< o6}
(=]
© 0.4}
o
('U
& o4}
0.2}
2] . . o of . . .
0 20 40 60 0 20 40 60
(c) Lastfm-asia (d)  Musae-facebook

1.00f 1.0

0.95F
0.9F
0.90

085} 08F 1

0.80} 07}

Precision (top 5%)

0.75} T =1

' 0.6k AAc=2

0.70F - )\/A\. =4

0.65} 05} A= A/A. =38
0 20 20 60 0 20 20 60

Time (t) Time (t)

Fig. 1. The overlapping fraction between fast influencers and final in-
fluencers on four social networks. Different curves in each panel denote
the results based on different A /A, where A is the threshold value of
SIR model.[>*] The result shows that in the four networks, with the
increase of ¢, the curves decrease at first, then increase.

Under different time steps (), we calculate the overlap-
ping fraction between the fast influencers (top 5% by ¢()) and
final influencers (top 5% by ¢g), which is denoted as precision
(top 5%). Precision represents the fraction of fast influencers
that become the final influencers at the final stage. The results
on four social networks (see Subsection 2.6 for details) are
presented in Fig. 1. We find that as the time (¢) increases, the
overlap between fast influencers and final influencers exhibits
an overall decreased trend firstly and then increased trend.
The results are consistent under the condition of other top ra-
tios, see the results of top 1% and 2% in Figs. Al and A2
in Appendix A. And the results on the other four datasets are
shown in Figs. A3—-AS, which indicates a monotonically in-
creasing trend. The discrepancy could be due to the difference
in network size, namely, compared with the four networks in
Fig. 1, and Deezer and Facebook are larger, in which the same
top ratio involves more nodes, which could distort the initial
trend of the curve. In all studied datasets, the precision value
reaches 1 within 60 time steps, which indicates the spreading
ends before + = 60. Consistent with the prior study about fast

influencers,!”! we define nodes with the top 5% ¢(5) as fast
influencers in the following analysis, which also corresponds
to a low overlap between the two types of influencer.

Further, we analyze how the spreading parameter A (A =
B /) influences the overlap between the fast influencers and
the final influencers. As mentioned above, in the SIR model,
we fix the recover probability ¢t = 1, and change the infect
probability 8 to obtain different A. When A is large than
Ac (the threshold of the SIR model,>38] see Table 1), i.e.,
A/A:>1, the spreading outbreaks; when A is smaller than A,
(A /Ac.<1), the spreading will vanish soon. In our simulation,
under different infect probabilities, for a given seed node i, the
spreading process is implemented 100 times to obtain average
results. We plot the results under four different A /A, in Fig. 1.
The results demonstrate that when ¢ = 5, the overlap between
the two types of influencers becomes smaller with a larger A,
revealing that in a scenario with high infected probability, one
needs to carefully consider the specific type of influencers he
wants to identify, because in this case, few final influencers
would be fast influencers at the same time. The results are ro-
bust in terms of different top ratios and other four datasets (see
Figs. A1-AS5).

3.2. Fast-only influencers versus final-only influencers

Both fast-only influencers and final-only influencers are
of importance to practical applications. For example, in ad-
vertisement marketing, the marketer sometimes is more con-
cerned about maximizing the advertisement effect at the early
stage, thus spending on the fast-only influencers is a better
choice to balance the efficiency and cost. On the contrary, if
the goal of the marketer is the long-term effect, focusing on
final-only influencers is a better choice that will bring a long-
lasting marketing effect. Therefore, having a deep understand-
ing of the difference between fast-only influencers and final-
only influencers is crucial for making rational use of them.

3.2.1. Comparison of spreading capacity

To measure the gap of spreading capacity between the
fast-only influencers and the final-only influencers, we calcu-
late the average spreading capacity of the two types of individ-
uals at different time. The results on four datasets are shown
in Fig. 2 (see Fig. A6 for the results of the other four datasets),
in which each column denotes the results based on different
A/Ac. In the four datasets, we observed consistent patterns.
Firstly, by their definitions, final-only influencers underper-
form fast-only influencers at the early stage, but they can ex-
hibit high spreading capacity in the final stage. Secondly, fast-
only influencers perform well at the early stage but lose their
superiority at the late time. Thirdly, the average spreading ca-
pacity of fast-only influencers and final-only influencers is al-
ways better than that of the random-chosen (5%) individuals.
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Fig. 2. The spreading capacity of fast-only influencers, final-only influencers and random-chosen individuals. The x-axis is the time #, and the
y-axis is the average spreading capacity of the three types of nodes. Different columns denote results based on different A /Ac.
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Fig. 3. The average local metric scores of fast-only influencers and final-only influencers on the four social networks. The local metrics include degree, h-index,
k-core and LocalRank. The x-axis denotes four different A /Ac, and the y-axis denotes the average centrality scores of two types of influencers. In general,
the results indicate that compared with final-only influencers, fast-only influencers have more strong local structures, as A /A, increases, the score gap between
fast-only influencers and final-only influencers becomes wider.
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Finally, the last intersection between the curves of final-
only influencers and fast-only influencers (the time that the
spreading capacity of the former exceeds that of the latter)
gradually moves backward as the increase of A, which in-
dicates that under a condition of high spreading probability,
final-only influencers need more time to exceed fast-only in-
fluencers.

3.2.2. Comparison of local structure via centrality met-
rics

Next, we compare the local structure of fast-only influ-
encers and final-only influencers by computing their average
centrality metric scores (see Subsection 2.5). Figure 3 shows
the results of fast-only and final-only influencers. The metrics
include degree, h-index, k-core and LocalRank (the results on
the other four datasets are shown in Appendix Fig. A7). From
Fig. 3, we find that compared with the final-only influencers,
the fast-only influencers have higher scores with respect to all
considered four metrics. Similar results are observed on the
other four datasets, which reveal that nodes with strong local
structures tend to have a powerful ability to infect more nodes
at the early stage. The results indicate that to maximize the
spreading effect in a limited time, we need to emphasize more
on individuals’ local structure than global structure, which is
consistent with the finding in previous work.[”! On the con-
trary, to achieve a long-time spreading effect, we should not
only consider the local position of individuals, but also con-
sider the global position of individuals."!

Figure 3 also demonstrates that as A increases, the score
gap between fast-only influencers and final-only influencers
becomes larger, which is consistent with the results in Fig. 1,
namely, in the case of large infected probability, the discrep-
ancy between fast-only influencers and final-only influencers
becomes larger, non-top-spreading individuals at the early
stage have more chance to become final influencers in the final
stage.

3.3. The impact of degree assortativity on the fraction of
fast-only/final-only influencers

Previous research has claimed that the degree assortativ-
ity of networks influences the spreading dynamics.!>>-2> In
this section, we investigate how the variation of degree assor-
tativity influences the fast-only and final-only influencers. To
this end, we adjust the degree assortativity of given networks
by the configuration model,?8] which keeps the degree se-
quence fixed and changes the degree assortativity of networks
by rewiring the edges (see Subsection 2.4 for details). To ob-
tain robust results, for each dataset, we run the configuration
model 10 times and analyze the average results.

Recall that in the configuration model, parameter p con-
trols the extent of the network assortativity or disassortativity.
In Figs. 4(a) and 4(b), we show the relationship between p
and the assortativity r on four studied networks. When r > 0,

the network is assortative, which indicates that nodes tend to
be connected with nodes with similar degree values, otherwise
r < 0. Taking the result on email network as an example, in
panel a, we can see that when p increases from 0 to 1, the
assortativity of the network rises from —0.03 to 0.51, indicat-
ing that the network tends to be more assortative. Similarly,
in panel b, with p increases from O to 1, the assortativity of
email network declines from —0.03 to —0.37, which means
the network tends to be more disassortative.
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Fig. 4. The influence of degree assortativity on the fraction of the fast-only
and final-only influencers. In panels (a) and (b), the x-axis represents the
parameter p in the configuration model, and the y-axis is the degree assorta-
tivity (r) of the network. In panel (a), with the increase of p, the curves go
up, indicating that the generated networks become more assortative. Simi-
larly, in panel (b), when p rises from O to 1, the curves go down, meaning
that the generated networks become more disassortative. In panels (c) and
(d), the y-axis denotes the ratio of the number of fast-only influencers to the
number of fast influencers. In panel (c), when p increases, the fraction of
fast-only influencers decreases on the four studied networks. In panel (d),
when p increases, we do not observe a consistent pattern. Specifically, in
cond-mat, lastfm-asia and muase-facebook, the increase of p is associated
with the decrease of fast-only influencers, but in email network, the opposite
is true.

We further study the relation between degree assortativity
and the fraction of the fast-only and final-only influencers. For
each generated network by the configuration model,?® we run
the SIR model and record all individuals’ spreading capacity at
t =5 and at the end. Then we calculate the fraction of fast-only
influencers. Figure 4(c) demonstrates that with the increase of
P, the fraction of fast-only influencers decreases. Such a result
indicates that when a network becomes more assortative, fast
influencers are more likely become final influencers, namely,
ordinary individuals that did not perform well at the early stage
can hardly achieve a top spreading effect at the final stage, and
individuals in the network can hardly break the hierarchy in in-
formation spreading, which is unfair for most individuals. The
reason for such a result is that if most nodes tend to connect
with nodes with similar degrees, individuals with low degrees
can hardly transmit information to high-degree nodes. As for
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Fig. 4(d), it shows that when the network becomes more disas-
sortative, the variation of the fraction of fast-only influencers
is distinct on different datasets. In lastfm-asia, cond-mat and
musae-facebook datasets, the fraction of fast-only influencers
decreases as the networks become more disassortative, but for
the email dataset, with the increase of p, the fraction of fast-
only influencers increases.

Following we discuss the possible reasons for this dis-
crepancy. Based on the analysis of Fig. 4(b), we notice that
compared with the other three networks, the email network
is more disassortative with p increases, indicating it involves
a larger fraction of high-degree nodes that connect with low-
degree nodes for a given p. And in our paper, the defined
fast-only influencers are individuals with relatively high de-
gree (see Fig. 2 and Table 1 for details), which leads to the case
that with the increase of degree disassortativity, comparing
with other three networks, in email network, there have more
high-degree nodes tend to connect with low-degree nodes, and
the fractions of fast-only and final-only influencers increase as
well. While for the other three networks, there are relatively
fewer high-degree nodes that connect with low-degree nodes,
the fraction of fast-only and final-only influencers would not
increase. The results with respect to the other four datasets
are shown in Appendix Fig. A8, which demonstrates that the
deezer-HU and deezer-RO networks show similar results (the
more disassortative the network is, the more chance that ordi-
nary individuals have to become influencers finally).

In summary, our results indicate that for assortative net-
works, it is hard for those individuals that perform non-top at
the early stage to achieve a breakthrough at the final stage,
and individuals who perform well at the early stage have more
chance to keep their superiority at the final stage.

4. Conclusion

Vital nodes play an important role in the structure and
function of networks. In this paper, we distinguish two types
We
study the overlap between the two types of influencers at dif-

of vital nodes: fast influencers and final influencers.

ferent time and spreading parameter A. Then we focus on
the non-overlapping parts of fast influencers and final influ-
encers, which we call the fast-only influencers and final-only
influencers, respectively, and we analyze the differences be-
tween them. We study how A influences the spreading capac-
ity of the fast-only influencers and final-only influencers, and
the result shows that increasing A will make those individ-
uals with non-top spreading performance have more chance
to have top performance at the final stage. Then we com-
pare the local structures of fast-only influencers and final-only
influencers through centrality metrics, and find that on the
studied eight social networks, compared with final-only influ-
encers, the fast-only influencers have a stronger local struc-
ture, represented by higher centrality scores. Finally, we dis-
cuss how the degree assortativity influences the fraction of
fast-only influencers. The result indicates that when the net-
work becomes more assortative, individuals that perform well
at the early stage will keep their superiority at the final stage.
And mediocre individuals at the early time in the network can
hardly achieve a high spreading effect at the final stage. Our
research shows that if people focus on the effect at the early
stage, they need pay more attention to fast-only influencers
to reach a balance between effect and cost. If they are more
concerned about the long-time effect, they need to focus on
final-only influencers to achieve a long-lasting spreading ef-
fect. Our research can also shed the light on the sociology
field, to keep the social system fairer, we need to make the
society more disassortative rather than assortative.
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Appendix A: Overlap between fast influencers and final influencers for different top ratios and

datasets
(a) Email (b) Cond-mat (©) Lastfm-asia (d)  Musae-facebook
1.0f r 1.0f 1.0f
0.9}
_o0sf _ 0.8} %
B £ 08}
B p>
S 06F a | ¥
] g o7 o6k
5 S 06k
04 2 4= A/ A =1
& 2 ost 0.4+ MAc=2
0.2} o4l - \/A.=4
' 0.2} —A— A =8
0.0, . . . A . . . 03[ . . . A . . .
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60

Time (t) Time (t)

Time (t) Time (t)

Fig. Al. The overlap between fast influencers and final influencers on four social networks (top 1%).
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Appendix B: The comparison between fast-only and final-only influencers in terms of spreading ca-
pacity at different time
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Fig. B1. The spreading capacity of the fast-only influencers, final-only influencers and random-chosen (5%) individuals on deezer-HR, deezer-
HR, deezer-HR, Facebook networks. The x-axis is the time ¢, and the y-axis is the average spreading capacity of the three types of nodes.
Different columns denote results based on different spreading parameters A. Similar to Fig. 3 in the main text, but for the other four datasets.
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Appendix C: Centrality metrics scores of fast-only and final-only influencers on four social networks
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Fig. C1. The average local metric scores of the fast-only influencers and final-only influencers on the other four social networks. Similar to
Fig. 4 in the main text, but for the other four datasets.
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Appendix D: The impact of degree assortativity on the fraction of fast/final-only influencers
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