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Abstract: Influence maximisation is the problem of finding a small subset of nodes in a social network, known as
seed nodes, which could maximise the spread of influence. Identifying seed nodes is of interest for marketing and
information dissemination purposes. One of the algorithms used to rank a single node’s influence in the spreading
process is the k-core decomposition. Most of the work done in this area had two main limitations: 1) worked with
a static graph representation of the social network, and 2) did not tackle the possibility of the k-core being formed
as a consequence of the domination of other sources such as the mass media or electronic militias and hence the
limited contribution of the k-core in the influence dissemination.

In this paper, we investigate the evolution of the k-core influence in dynamic meme cascades and scruti-
nize the effectiveness of using the k-core nodes for the influence maximisation. We propose a measure to
estimate the ability of the k-core to disseminate its influence in dynamic cascades, and another to measure
the relative strength of the k-core as an influence source among other sources of influence contributing to
the cascade development. Finally, we propose combining the two measures to determine the influence domi-
nation of the k-core nodes, and hence the effectiveness of targeting these specific nodes for influence maximization.

Using four real-life Twitter datasets, we evaluate the proposed measures. Due to the lack of ground truth
about the various influence sources affecting the cascade, we examine the datasets for the existence of spam
accounts where spam and electronic militias are one potential type of influence sources. We demonstrate how
the spam existence indeed affects the correlation between the inner-most k-core size and the cascade size, and in
effect, distorts the traditional evaluation of the k-core nodes as influence maximisers.
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1 Introduction

It is of vital importance to identify which users act
as influential spreaders that can propagate informa-
tion to a large portion of the network, in order to
ensure efficient information diffusion, optimise avail-
able resources, and control the spreading. The abil-
ity of influencers to initiate a large-scale spreading
is attributed to their privileged locations in the un-
derlying social networks [26, 31, 41]. A lot of re-
search [6, 19, 32, 39, 44] focused on identifying those
super-spreaders; however social cascades are dynamic
by nature, and studying the impact and influence reach
of those spreaders over the lifetime of a social cascade
has not been considered.

A line of research [2, 19, 26, 28] showed how the
most influential spreaders are consistently located at
the k-core. The k-core is a maximal subgraph, where
all nodes are connected to some number (k) of other
nodes in the same subgraph. The k-core can be found
by iteratively deleting nodes with degree less than k,
where the degree of a node is the number of edges
connected to the node. However, the propagation of
a meme cascade cannot be attributed only to the in-
fluence of the super-spreaders located at the k-core,
as other sources of influence, either internal such as
nodes with a high degree or high betweenness central-
ity, or external such as mass media and social spam-
mers, may affect the propagation. Where the between-
ness centrality is an indicator of a node’s centrality
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in a network. Hence, the effectiveness of the k-core
nodes as the seed users for influence maximisation is
directly related to the consistent superiority of the in-
ternal influence of the k-core nodes over the other fac-
tors.

In dynamic social media cascades, there is pos-
sibly more than one source of influence guiding the
cascade growth. In addition, the dynamics of these
sources and their relative strength is possibly also
changing. For instance, a cascade could be initiated by
some influential nodes in the social network and then
the mass media becomes the influencing sources at a
later point in time. This happens, for instance, when
some users create a blog or video and it becomes viral
and then, mass media such as popular TV shows talk
about it. At this point in time, any user who adopts this
video or blog, by sharing it, is either influenced by the
internal influential spreaders or the external mass me-
dia. In this scenario, the influence source was internal,
at the beginning, and then became internal and exter-
nal at the same time. A variety of influence contribu-
tion scenarios could occur in online social networks
and they differ from one cascade to another.

In this paper, we address the following limitations
of the previous research:

1. Most of the work on the k-core decomposi-
tion has been conducted on static graphs. The
influence-ability of the k-core in a dynamic cas-
cade has not been studied before.

2. The implication of the multiplicity of the sources
of influence was not taken into consideration.
Where, despite the k-core nodes being influential
spreaders, yet the majority of the cascade nodes,
including the k-core nodes, may be impacted by
other sources.

Specifically, we make the following contribu-
tions:

1. We propose a new measure to estimate the con-
sistent influence-ability of the k-core nodes in
dynamic cascades.

2. We propose another measure to estimate the mul-
tiplicity of the sources of influence that affect the
cascade.

3. We combine the previous two measures to con-
clude the effectiveness of the k-core in the in-
fluence dissemination in the given cascade and
hence, its candidacy to become a seed for influ-
ence maximisation.

The paper is organised as follows: Section 2 gives
an overview of the related research. Section 3 defines

the methodology of problem-solving. Section 4 de-
scribes the Twitter datasets used in our experiments.
Section 5 explains the conducted experiments and the
results. Finally, section 6 discusses and concludes this
work.

2 Related Work

Two prior research directions form the basis of our
paper: (1) Information spread and virality, and (2) in-
fluential spreaders and influence maximisation. Re-
searchers have tackled various aspects of these fields,
but in this section, we focus on the work related to our
study.

2.1 Information Spread and Virality

The information spread investigates how information
(news, rumours, etc.) propagates among people. Most
of the fundamental research on the flow of informa-
tion and influence through networks have been imple-
mented in the context of epidemiology and the spread
of diseases [15, 21, 38].

The virality of memes has been examined from
various perspectives. A meme may become viral
because it appeals to many [4, 9], but virality of a
meme also depends on other factors, such as network
structure, randomness, adoption patterns of influential
users, timing, and many others [10, 34, 42].

In social networks, large information cascades are
often driven by extrinsic events, including political
campaigns [7, 22] and natural disasters [29]. External
influence in networks was studied on YouTube videos
[14]. The authors argued that since some videos be-
came popular quicker than their predictions, the addi-
tional popularity must have been a result of an external
influence.

2.2 Influential Spreaders and Influence max-
imisation

A line of research focused on identifying influen-
tial spreaders using different measurement techniques.
Examples of such measurement techniques are the
number of retweets, the number of followers, the
number of mentions, betweenness centrality [18], and
existence in k-core [3, 8, 17, 26, 43]. The authors in
[33] found that the best spreaders are consistently lo-
cated in the k-core across different social platforms
and that the other measurement techniques are less ef-
fective in ranking the user influence. The k-core is
commonly used as a measure of importance and well-
connectedness for nodes in diverse applications in so-
cial networks [1].
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In [5], the authors studied the idea of anchoring
some nodes to the graph to remain engaged in the so-
cial network. The natural equilibrium of this model
corresponds to the k-core of the social network. In
[20], the authors evaluated communities based on the
k-core concept, as means of evaluating their collabo-
rative nature.

Another interesting study was conducted in [23],
the authors showed that the k-cores have an important
role in counter-contagions in online social networks.
They stated that to start a counter-contagion to an ex-
isting contagion, one needs to search for the most in-
fluential nodes to start with. The k-core was one of
the methods they proposed to identify those influen-
tial nodes. The research in [26] shows that the most
efficient spreaders are not necessarily the most con-
nected people in the network, but rather are those lo-
cated within the core of the network as identified by
the k-core decomposition analysis [37].

Influence maximisation is one of the fundamen-
tal problems in studying social influence. The influ-
ence maximisation problem was studied in [16, 36]
as a probabilistic model of interaction. The selec-
tion of the most influential seeds was based on indi-
vidual’s overall effect on the network. In other stud-
ies [12,24,25,27,40] researchers dealt with this seed-
ing selection as a discrete optimization problem. In
[11–13] efforts were made to improve the efficiency
of influence maximisation. The authors of [45] stud-
ied the interplay between users social roles and their
influence on information diffusion.

3 Methodology and Proposed Mea-
sures

3.1 Modelling Dynamic Cascades

In previous studies, Identifying influential spreaders
and influence maximisers was conducted mainly on
static graphs. To model the dynamic cascades, our
study is performed on periodic snapshots of the meme
cascade to evaluate the progression of the cascade
with respect to the k-core evolution. For a given
dataset, we build the cascade that represents the in-
formation dissemination of the meme under study. In
our model, a node represents a user, and an edge from
a node A to another node B is created under the two
conditions that: user B follows user A, and B tweeted
or retweeted in the context of the same dataset after
A has tweeted or retweeted in the same context. A
node that remains on the graph without tweeting or
retweeting for a 24-hour period of time is removed
from the graph, as well as, all the edges linked to it.
A node remains on the graph as long as it is active by

tweeting or retweeting relative content to the topic of
the dataset under investigation. We then take a peri-
odic snapshot of the cascade every 24-hours. In each
snapshot, the k-core decomposition is computed, in
addition to the two measurements defined later in this
section. We used the k-core decomposition approach
proposed in [30] that enables the runtime computa-
tion of the k-cores in live distributed systems. We se-
lected the time span to be 24-hours in order to cover
the whole cycle of human change in behaviour from
day to night. For the rest of this paper, we name the
inner-most k-core as the kd-core.

3.2 The Effectiveness of the kd-core as an In-
fluence Source

In this paper, we argue that the effectiveness of the kd-
core as an influential source is evaluated by the per-
centage of the other cascade nodes that it is able to
disseminate the information to, and also by its consis-
tent ability to remain the dominating influence source
in the presence of other competing sources of influ-
ence especially the external sources such as mass me-
dia and electronic militias.

In the absence of ground-truth about the differ-
ent sources of influence guiding the cascade, a value
that asserts the kd-core contribution in the cascade for-
mation is crucial. For that, we propose calculating
the percentage of the kd-core descendants. There is
a direct relationship between the ratio of the kd-core
successors and the strength of the kd-core influence.
This value defines whether the kd-core is a contribut-
ing source of influence, but it does not reveal whether
it is the only contributing source. A given cascade
could possibly be driven by more than one source of
influence either internal such as news agency accounts
or accounts of famous public figures, or external such
as mass media or electronic militias.

The association between the kd-core size and the
cascade size reveals the multiplicity of influencing
sources controlling the cascade growth. When a cas-
cade encounter various influencing sources, the bond
between the kd-core size and the cascade size breaks,
because each portion of the cascade grows with dif-
ferent dynamics based on the strength of the source
of influence that it follows. Moreover, in some cases,
the strength of another source, other than the kd-core,
becomes very powerful to the extent that it influences
the kd-core itself. Hence, the kd-core becomes a sub-
sidiary of the dominating source, and the size of the
kd-core and its successors should be attributed to the
influence of that dominating source.

Below, we propose two measures to estimate the
contribution of the kd-core in the cascade formation
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and the multiplicity of the influence sources acting on
the cascade.

1. Influence-ability of the Kd-core in Dynamic
Cascades: We measure the influence-ability of
the kd-core nodes on the propagation of a dy-
namic meme cascade by (S): the average per-
centage of the kd-core successors with respect to
the cascade size over the observed lifetime of the
cascade.

S =

∑n
i=1 si
n

(1)

The kd-core successors (S) are the distinct
nodes descendant from any of the kd-core nodes.
Where si is the total number of successors of
the kd-core nodes in a single snapshot i, divided
by the ith cascade size and n is the number of
snapshots. The value of S directly indicates
the percentage of the cascade size that is being
influenced by the kd-core. In order to avoid
over-estimating the kd-core successors, if a node
C is descendant from two other nodes A and B,
where A is in the kd-core and B is not, node C
would not be counted in the number of kd-core’s
successors.

2. Multiplicity of Influencing Sources in Dy-
namic Cascades: To measure the consistent
ability of the kd-core to influence other nodes in
the cascade, we measure the correlation (C) be-
tween the kd-core size and the cascade size over
the observed lifetime of the given cascade. The
C is calculated using the Spearman’s rank coef-
ficient:

C = 1−
∑

d2i
n(n2 − 1)

(2)

Where di is the difference between the ranks of
the kd-core size and the cascade size of each
snapshot i, and n is the number of snapshots. A
high value of C generally implies the domina-
tion of a single source of influence which may
be the kd-core or another source either internal
or external. Moreover, a low C may indicate the
existence of multiple sources affecting the spread
of influence.

Assuming positive values for C, we categorize
the values into three levels: low [0 - 0.3), moderate
[0.3 - 0.7), and high [0.7 -1). The values of S are
grouped into two levels: low [0-0.5) and high [0.5 -

1]. In this section, we analyse the indication of the
following four extreme cases:

• Low S and low C: A low C reveals the exis-
tence of various influence sources controlling the
cascade growth. In addition, the low S shows
that the kd-core has a weak influence strength on
the other cascade nodes. Hence, the kd-core is
not a good seed for influence maximisation.

• High S and high C: This is the case where all
the credit of the meme spread is attributed to the
kd-core influence. The kd-core has the favour of
introducing a large number of nodes to the cas-
cade which is revealed by the high S. Moreover,
as the number of super-spreaders in the kd-core
increases, the cascade size consequently grows
as well. Hence, the kd-core nodes are the best
seed candidates for influence maximisation.

• Low S and high C: The high C, as explained
earlier, is an indication of the existence of a sin-
gle influencing source that is guiding the whole
cascade growth. However, in this case, the low
value of S gives the insight that the kd-core is
not the source of influence.

• High S and low C: The high value of S indi-
cates that the kd-core nodes are the origins of a
large portion of other nodes in the cascade. This
is an obvious indication that the kd-core nodes
are in fact the super-spreaders. However, the low
value of C indicates the possibility of the exis-
tence of other sources of influence albeit with a
weaker strength than the kd-core.

4 Datasets Description

In this work, we are interested in cascades that model
a meme and the evolution of these cascades over a pe-
riod of time. In the absence of datasets that represent
such a dynamic social graph, we collected our own
Twitter datasets using the free Twitter search API. We
selected two general interest datasets: Tsunami and
Royal baby. Tsunami is a natural phenomenon that
led to a disaster, and Royal baby is the set of tweets
discussing the birth of the United Kingdom’s Prince’s
son. The other two datasets, P1 and P2, represent two
competing political campaigns that were active con-
currently during a constrained period of time in Egypt.
The campaigns were rallying for opposite causes with
a noticeable difference in societal popularity. Table
1 describes the time span, the total number of tweets
collected and the count of users in each dataset.
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The gathered data in each dataset represent tweets
and users discussing a single meme/topic. The col-
lected data is described by the following four groups:
user profile, user’s followers list, tweet information,
and retweeters list.

5 Experiments and Results

In this section, we present results of two sets of ex-
periments. In the first, we study the effectiveness of
the kd-core in dynamic cascades through analysing
the strength and consistency of the kd-core as an in-
fluence source in the observed lifetime of the meme
cascade. In the second experiment, we validate our
assumption that the higher C values imply the domi-
nation of a single source of influence as opposed to the
multiplicity of influence sources at lower C values.

5.1 Evaluating the kd-core as an Influence
Source

Table 2 shows the results of measuring the values of
S and C on each of the four datasets over the ob-
served lifetime of the cascades. The S values in Royal
baby, P1, and P2 reveal that the kd-core derives more
than a half of the cascade size. Its influence is re-
sponsible for approximately an average of 60%, 65%,
and 71% of the cascade nodes respectively. While,
in Tsunami, the kd-core influence is less, with the kd-
core nodes being responsible for approximately an av-
erage of 45% of the whole cascade over its lifetime.

The results also show that a positive correlation
C exists in all the datasets, yet, with values higher in
Tsunami and Royal baby than in the other two politi-
cal datasets. The high C in Tsunami implies that the
kd-core nodes and the other cascade nodes are being
influenced similarly by a single source. And accord-
ing to the low/moderate value of S, this single source
is not the kd-core. Thus, the kd-core nodes are not the
most influential sources, and the community size of
this dataset cannot be attributed to the kd-core influ-
ence. In the Royal Baby dataset, we find a very high
value for C. In this dataset, the k-core nodes are the
most influential nodes responsible for the information
dissemination and hence the cascade size growth as
well. This conclusion is enforced by the high mea-
sured value of S for this dataset.

On the other hand, in P1 and P2, we find lower
values of C (0.54% and 0.47% in P1 and P2 respec-
tively), in spite of the high values of S (65% in P1 and
75% in P2). We believe that these values reveal the
existence of multiple sources of influence that causes
the cascade growth to lose its ties with the kd-core
growth. The two datasets have high values of S, yet

the kd-core is only a single source of influence affect-
ing the cascade growth. In the next section, we aim to
investigate this case further.

5.2 The Spam Effect as an External Source
of Influence

In the previous experiment, we showed that in P1 and
P2 datasets, the S value implies the influence strength
of the kd-core nodes, yet only a moderate correlation
between the kd-core size and the cascade size is evi-
dent. We were intrigued by these results and argued
that this case is an indication that more than one in-
fluence source is affecting the cascades. This section
aims to further study the existence of other sources of
influence in these datasets.

The spam is one type of the potential sources of
influence that could affect the dissemination of influ-
ence in the cascade. In this experiment, we locate
the spam accounts in our datasets and study the re-
lationship between the number of spam accounts in
each dataset and its impact on the correlation between
the kd-core size and the cascade size. We use Truthy
BotOrNot [35], which is a spam detection tool that
measures the likelihood of a Twitter user account be-
ing spam, to detect fake accounts in the datasets. We
also counted the number of cascaded successor nodes
of these spam accounts in our datasets in order to mea-
sure the portion of the cascade that is affected by the
spam.

Table 3 shows the ratio of the cascade size that
is either spam or a descendant from a spam account in
each dataset. We notice that in P1 and P2, where the C
value is moderate, the spam size is 13% and 10% re-
spectively. Despite the high influence of the kd-core in
these two datasets, the spam size is significantly high
and it negatively impacts the correlation between the
kd-core size and the cascade size. This enforces our
assumption that the low value of C implies the multi-
plicity of influence sources acting on the cascade.

On the other hand, in Tsunami and Royal Baby
the spam size is 2% and 5% respectively. The spam in
these two datasets is an insignificant source of influ-
ence, hence does not contradict our assumption that
the high value of C is an indication of the domina-
tion of a single source of influence. And specifically
in these two datasets, the dominant source is not the
kd-core as indicated by the low to moderate values of
S.

6 Discussion and Conclusion

In this paper, we studied the question of whether the
k-core is an effective seed for influence maximisation
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Table 1. Datasets description

Dataset name Time span Tweets count Users count
Tsunami 10 March 2011 - 10 April 2011 770,083 415,642

Royal baby 2 May 2015 - 2 June 2015 137,036 130,788
P1 1 June 2013 - 1 July 2013 110,782 42,760
P2 1 June 2013 - 1 July 2013 13,446 7,821

Table 2. Spearman’s correlation coefficients (C) between the
kd-core size and the cascade size, and the average percentage

ratio (S) of kd-core successors of each dataset.

Dataset S Cname
Tsunami 0.448 0.767 (P-value = 1.01 e−6)

Royal baby 0.597 0.803 (P-value = 9.8 e−10)
P1 0.652 0.541 (P-value = 4.58 e−10)
P2 0.709 0.471 (P-value = 8.42 e−10)

Table 3. The percentage of spam accounts and their successors
present in the datasets.

Dataset Percentage of spam
name and their successors

Tsunami 0.0279
Royal baby 0.0561

P1 0.1357
P2 0.1087

in a dynamic meme cascade. We presented two new
measures to estimate the effectiveness of the k-core as
seeds for influence maximisation by observing the av-
erage percentage of k-core successors in the cascade,
as well as, the correlation between the k-core size and
the cascade size on a set of consecutive snapshots of
the meme cascade. We explained the implications of
these two measurements and the usefulness of com-
bining them to deduce the impact of the k-core on the
influence propagation.

We conducted a case study on four real-life Twit-
ter datasets and used the two measurements to eval-
uate the effectiveness of the k-core as an influential
source for the given meme cascades. Furthermore,
we investigated the existence of spam accounts in the
datasets and their effect on the influence propagation.

Our findings indicate that, while some of the cas-
cades are propagated due to the influence of the super-
spreaders, others propagate due to an external influ-
ence such as mass media. In addition, the cascade size
could be inflated by social spammers, crowd-turfers,
and shallow users, who might adopt the idea momen-
tarily but are not helpful in spreading it further. The
selection of the k-core nodes, on their own, as seeds

for influence maximisation in the later types of cas-
cades is less effective.

We conclude that marketers and politicians, seek-
ing influence maximization, would gain the ultimate
influence dissemination by targeting the nodes located
at the k-core in dynamic cascades having a high num-
ber of k-core descendants and a high association be-
tween the k-core size and the cascade size. A lower
value of any of these two measures would conse-
quently imply that the influence propagation would
reach a smaller portion of the cascade, hence a less
influence propagation.

Future work is planned to extend this research by
looking into a suitable measure that augments the two
proposed measurements, as a way to score the influ-
ence effect of the nodes in the cascade. In addition, it
is of interest to monitor the fluctuations of correlation
between the k-core size and the cascade size as a pos-
sible early sign of spam introduction in the cascade.
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