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Executive Summary 

This document presents the advanced techniques and the modules developed on the 
information propagation and opinion mining. It describes algorithms for analysing the 
network of interactions among social media users, the detection of influential users, and the 
evolution of dynamic communities of information within the network. 
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1 INTRODUCTION 

This document presents the advanced techniques and the modules developed on the 
information propagation and opinion mining. It describes algorithms for analysing the 
network of interactions among social media users, the detection of influential users, and the 
evolution of dynamic communities of information within the network. 

 

Figure 1: Social Media Analysis Pipeline architecture with the influential user detection and 
community detection modules highlighted 

The “Information propagation and social interaction analysis” module is part of the Social 
Media Analysis Pipeline (SMAP), which consists of a set of processes related to analysis of 
social network data stored into the MULTISENSOR repositories (Figure 1). The SMAP pipeline 
performs social influence and interaction analysis on previously crawled Twitter data that 
includes hashtags, together with information about the profiles of the posters and the 
associations among them. 

Given this data, the Graph Extraction service builds a topic-dependent network of 
contributors based on the mentions in the set of monitored tweets. It also computes 
retweet probabilities between users in this network, and finally the Influential User 
Detection module outputs two ranked lists of users, one by decreasing order of Pagerank 
and another one by decreasing order of influence in the Independent Cascade model. 

The community detection partitions a network’s nodes into subgroups of densely connected 
nodes, where there are only a few of links from one subgroup (community) to another, and 
there are many links within each community. In MULTISENSOR, the community detection 
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task involves the detection and visualisation of Twitter communities, given a list of desired 
keywords/hashtags. Contrary to the traditional modularity maximisation approaches for 
finding community structure, MULTISENSOR adopts the information-theoretic code length 
minimisation, known as the Infomap method. 

The rest of this report is organized as follows. In Section 2, we cover the information 
propagation and social interaction analysis module and we provide some concluding remarks 
in Section 3. 
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2 INFORMATION PROPAGATION AND SOCIAL INTERACTION 
ANALYSIS 

2.1 Motivation and user requirements 

The spread of information in a society does not happen all at once, but it is rather a complex 
process that, by exploiting channels of communication among individuals, starts from few 
adopters and propagates gradually, reaching eventually the mass market. The phenomenon 
of information propagation is strictly tied with the structure of the underlying network. 

We analyse data from interactions in Twitter and information propagation cascades to 
detect relevant communities, interesting patterns in the propagation flow, and influential 
users. We are capable not only of finding popular opinion leaders (i.e., those with high 
visibility) but also some "hidden" opinion leaders that are relevant due their ability to push 
new (innovative) content into the network. 

Popular social network analysis tools rely on just some basic (and many times superficial) 
metrics and tools, such as number of mentions, re-tweets, or keyword-based sentiment 
analysis. However, those metrics are generic and often provide misleading information. Our 
service goes deeply into the particularities of a particular domain, being able to design 
personalized analysis for our clients, generating a rich set of context-aware metrics that 
would help them a better understanding of their performance in social media. 

Service capabilities 

Social network extraction: build a topic-dependent network of contributors based on 
mentions and/or retweets and specific keywords or hashtags. The network should be 
updated dynamically and our system supports early detection of new relevant nodes 
(people, accounts). We have software for Twitter, but can develop solutions to acquire data 
from other platforms. 

Community detection: analyse social relationships and information cascade logs to identify 
relevant communities (either social or topical) and the role (authority/susceptible) of each 
user within these communities. The goal is to analyse social interaction data and information 
propagation cascades to detect relevant communities, interesting patterns in the 
propagation flow and influential users. 

Identification of influential users: interaction logs can be analysed to detect influential users 
and the strength of their influence on peers. We compute scores of local influence 
(measuring the influence of a user in a given-topic within their immediate neighbourhoods) 
and global influence (measuring the typical reach of users, i.e., how many other users end up 
re-posting content created by him/her, and/or how likely a user's profile is to be visited by 
someone following).  We also can perform categorisation of users into interest categories, 
and display a ranked list of most influential users on a given topic. 

Spheres of influence and consistency: we compute a Consistency of Sphere of Influence (CSI) 
metric that quantifies the consistency of information propagation cascades in a social graph 
for a given user. Put more simply, the CSI metric measures the variability of the set of users 
influenced by the targeted user on different instances. For example, a user with a high CSI 
score is expected to influence approximately the same set of users and, by targeting it him 
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(e.g., advertising) we have a higher degree of confidence over how many and which users 
will be influenced. On the other hand, a user with a low CSI score means that the influence 
process starting from him/her is highly unreliable and unpredictable.  The CSI metric 
considers all possible cascades that a user can produce, given a probabilistic graph, and finds 
what we call the "typical cascade" which is the set, which is closest to all these cascades. The 
CSI score will be the expected distance between the typical cascade and a random cascade 
from this user. The CSI is the result of recent novel research, which addresses the problem of 
information propagation inconsistency in social networks. Therefore, nodes with higher CSI 
are preferable: they are more reliable influencers. 

Strategic Influence Maximization. For viral marketing it is very important to detect the 
optimal set of users to target in order to maximize influence in a given context, such as 
targeted advertising. We can define which users to target/contact to maximise the number 
of users that our advertising campaign will consistently reach. We have developed a system 
to solve the influence maximisation problem based on spheres of influence and set cover. 
This is the first method for influence maximisation outperforming the theoretically optimal 
greedy algorithm for influence maximisation.  

Our new contributions since the last deliverable are in the last three points (identification of 
influential users, spheres of influence and consistency, and strategic influence 
maximization). Below we outline how they fit into the uses cases and then we delve into 
details regarding how to formalize our problems and our solutions. The results of this 
research have been published at SIGMOD (Mehmood et al., 2016). 

2.1.1 Use cases 

Some use cases to which this service may be applied to, are the following: 

Use Case 1: Journalism 

 Find the most central/influential contributors about a given topic (e.g., users who 
post about European energy policy). 

 Collect information about individual contributors of information and data. 

 

Use Case 2: Commercial Media Monitoring 

 Article selection: find the most central/influential contributors about a given topic. 

 Assess topics and key influencers for a client’s business. 

 Display network-graphs that show how different pieces of information and different 
contributors correlate. 

 

Use Case 3: SME Internationalization Display sector information. 

 Evaluate an author’s impact in the network and provide background information on 
him. 
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2.2 Consistency of Sphere of Influences (CSI): overview 

2.2.1 Introduction 

The phenomenon of influence-driven cascades in social networks has received tremendous 
attention in the last years thanks to its applications, among which one of the most appealing 
is viral marketing. The idea of viral marketing is to exploit a pre-existing social network in 
order to increase brand awareness or to achieve other marketing objectives (such as product 
sales) through self-replicating viral processes, analogous to the spread of viruses. More 
concretely, the idea is to target a few “influentials”, in the hope that, through word-of-
mouth mechanism, they will be able to spread the marketing message to a large portion of 
the network, as it was a viral contagion. 

This notion was formalized by (Kempe et al., 2003) as the Influence Maximization problem, 
i.e., the problem of finding the set of k influential nodes (usually named “seed set") such that 
activating them maximizes the expected number of nodes that eventually get activated in a 
social network where the contagion is governed by a stochastic propagation model. This 
problem has received a great deal of attention by the research community in the last 
decade. 

However, (Watts et al., 2007) challenges what he calls “The Influentials Hypothesis", i.e., the 
assumption that a small set of super-star users can act as sparks to start a large forest fire. 
Watts states that influence processes are highly unpredictable and unreliable, and relying on 
a small seed set simply aggravates the unpredictability. Therefore, in order to implement 
viral marketing in the real world, Watts suggests we should target a large seed set of 
ordinary individuals who might trigger their small, but more reliable, sphere of influence. 
Even if each seed manages to activate a handful of other users, the large size of the seed set 
makes possible to reach a critical mass that can make the campaign go viral. 

Inspired by this vision, we study how to compute the sphere of influence of each node s in 
the network, together with a measure of stability of such sphere of influence, representing 
how predictable the cascades generated from s are. We then devise an approach to 
influence maximization based on the spheres of influence and maximum coverage, which is 
shown to outperform in quality the theoretically optimal method for influence maximization 
when the number of seeds grows. 

In order to better explain our contributions, we first need to provide some preliminary 
background on the influence maximization problem. 

(Kempe et al., 2003) modelled viral marketing as a discrete optimisation problem, named 
influence maximization, and based on the concept of propagation model: i.e., a stochastic 
model that governs how users influence each other and thus how contagion happens. Given 
a propagation model and a set of nodes S ⊆ V , the expected number of nodes “infected” in 
the viral cascade started with S is called the expected spread of S, denoted by σ(S). For a 
given k ∈ℕ the influence maximization problem asks for a set S ⊆ V , |S| = k, such that σ(S) is 
maximum. 

The most studied propagation model is the so-called Independent Cascade (IC) model. We 
are given a directed probabilistic graph G = (V,E,p) where each arc (u,v) ∈ E is labelled with a 
contagion (or influence) probability p(u,v) ∈ (0, 1], representing the strength of the influence 
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of u over v. At a given time step, each node is either active (an adopter of product) or 
inactive. At time 0, a set S of seeds is activated. Time unfolds deterministically in discrete 
steps. When a node u first becomes active, say at time t, it has one chance to influence each 
inactive neighbour v with probability p(u,v), independently of the history thus far. If the 
attempt succeeds, v becomes active at time t + 1. 

Influence maximization is generally NP-hard. (Kempe et al., 2003), however, show that the 
objective function σ(S) is monotone and submodular. When equipped with such properties, 
the simple greedy algorithm that at each iteration greedily extends the current set of seeds S 
with the node w providing the largest marginal gain gives a (1 - 1∕e)-approximation to the 
optimum. 

Another source of complexity is the fact that the computation of the expected spread which 
is itself #P-hard. Therefore in the work of (Kempe et al., 2003), Monte Carlo simulations are 
run sufficiently many times to obtain an accurate estimate of the expected spread. In 
particular they show that for any ϕ>0, there is a k = poly(n∕ϕ) such that by using k samples, 
we can obtain a (1 - 1∕e - ϕ)-approximate solution for influence maximization. 

Finally, it is important to note that the (1 - 1∕e) approximation ratio for influence 
maximization cannot be further improved, at least under the IC propagation model. This is 
due to the fact that influence maximization under the IC model encodes max-k-cover as a 
special case, which is known to be not approximable within ratio (1 - 1∕e + ϵ) unless P= NP. 
For this reason, while a very literature has been produced on the efficiency and scalability of 
influence maximization, understandably very little attention has been devoted to improving 
the quality (at least in practice, given that in theory it is not possible). 

2.2.2 Problem studied 

The problem studied here is, abstractly, to compute the set of nodes that, under a 
probabilistic contagion model, would get infected if a given node s get infected. This can be 
seen as a novel type of reachability query in uncertain or probabilistic graphs. More in 
details, our data is a probabilistic directed graph G = (V,E,p), where p : E → (0, 1] is the 
contagion probability, i.e., the probability that the arc will exist, or participate, in a contagion 
cascade. Our query is a source node s ∈ V , and the result is a set of nodes C ⊆ V , which we 
call the sphere of influence of s, i.e., the set of nodes that would get infected if the node s 
get infected. 

This type of query can find application in many contexts besides viral marketing: from 
epidemics (given an Ebola case, which other individuals should we quarantine?), to 
corporate workflows, computer and financial networks (given a node failure, which is the 
typical cascade we can expect?). 

As the contagion is a stochastic process, we need to define a way to identify a unique set of 
nodes C. In fact, each possible subset of V can be a possible cascade from s, each one with its 
own probability of materializing. 
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Figure 2: Example 1 - Probabilistic Graph 

Consider the probabilistic graph in Figure 2, and suppose v5 is our query node. The 
probabilities associated to the arcs define a probability distribution over the possible subsets 
of {v1, v2, v3, v4}. For instance the set {v1} is the cascade of v5 with probability 0.7 ⋅ (1 - 0.4) 
⋅ (1 - 0.3) ⋅ (1 - 0.1) = 0.2646 (i.e., the arc (v5, v1) succeeds transmitting the contagion, while 
(v5, v2), (v5, v4), and (v1, v2) all fail). Similarly the set {v2, v4} is the cascade of v5 with 
probability (1-0.7)⋅0.3⋅(1-((1-0.4)⋅(1-0.6))⋅(1-0.1)⋅(1-0.4) = 0.036936 (i.e., the arc (v5, v1) fails 
transmitting the contagion, (v5, v4) succeeds and at least one among (v5, v2) and (v4, v2) 
succeeds, finally (v2, v1) and (v2, v3) both fail). 

As a final example, the set {v1, v3, v4} has null probability of being the cascade of v5 as v3 
can only be infected by v2. 

Thus, how to identify a unique set of nodes C from this probability distribution? One could 
think to select the most probable cascade, but this would not be a good choice as explained 
next. If we have |V | = n nodes there are 2n possible cascades and n is usually large. This 
means that we have a probability distribution over a very large discrete domain, with all the 
probabilities that are very small. Therefore, the most probable cascade still has a tiny 
probability, not much larger than many other cascades. Finally, the most probable cascade 
might be very different from many other equally probable cascades. 

Instead here we study the problem of computing set of nodes, which is the closest (in 
expectation) to all the possible cascades of s. For our purpose we need a set-similarity 
measure: the Jaccard similarity is the most natural choice and it has the benefit of being a 
metric. 

2.2.3 Contributions 

Our main contributions are summarised as follows:  

We formalize the Typical Cascade problem which requires, for a given source node s, to find 
the sets of nodes minimizing the expected Jaccard distance to all the possible cascades from 
s. Such expected cost also represents, for a given node s, a measure of the stability of its 
sphere of influence, i.e., how much a random cascades from a source node s deviate from 
the “typical” cascade. In this sense source nodes with lower expected cost are preferable: 
e.g., in the context of viral marketing they can be considered more reliable influencers.  

We show that for a given source node s, computing the expected cost for a candidate set of 
nodes is #P-hard. We then devise a solution based on sampling possible worlds and then 
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computing the Jaccard median of the obtained cascades (Chierichetti et al., 2010). The next 
question we face is how many samples are needed in order to get a “good" approximation. 
We answer this question by providing theoretical bounds showing that, quite surprisingly, 
we can obtain a multiplicative approximation with a constant number samples, i.e., not 
dependent on the size of the network.  

Backed by our theoretical results, we turn our attention to the practical deployment of our 
algorithm and we devise an index that allows to efficiently computing the sphere of 
influence for any node in the network.  

Finally, we apply our framework to the influence maximization problem and propose a max-
cover based solution over the spheres of influence. Through exhaustive evaluation using 
real-world networks and different methods of assigning the influence probability to each arc, 
we show that our approach outperforms in quality the theoretically optimal greedy 
algorithm. Our method based on spheres of influence has several interesting features that 
can explain its quality. 

The first observation is that with our method we intuitively steer the attention of the greedy 
algorithm from the average size of cascades (i.e., the expected spread), to the size of the 
“average cascade”. This gives us a more reliable approach to the influence maximization 
problem. In fact, as suggested by intuition, the typical cascade of a node gets larger when all 
the possible cascades from that node have a large common portion, or in other terms, are 
similar. Therefore, by picking nodes with large typical cascades, not only do we pick nodes 
that are influential, but also implicitly favour influentials that are reliable. The connection 
between the size of the typical cascade and its cost is confirmed empirically in Section 6.3. 

We also show empirically that, as the seed set size grows, at a certain point the standard 
influence maximization approach reaches a saturation point where it is no longer able to 
distinguish well among nodes to be added to the solution. Essentially, by focusing on the 
marginal gain w.r.t. the expected spread, the standard method finds itself choosing among 
many practically equivalent nodes. Instead, our method, by focusing on the sets themselves, 
is still able to distinguish the next good candidate when the standard influence maximization 
has reached its saturation point. From this moment on (that is to say, for large seed sets) our 
method starts outperforming the theoretically optimal algorithm w.r.t. the expected spread 
objective function. 

Our empirical findings are consistently confirmed by a thorough experimentation over 
several influence networks, which are the typical benchmarks used in the influence 
maximization literature, and by using different ways of learning/assigning the influence 
probability to each link. 

To the best of our knowledge, our work is the first to show consistent improvement in terms 
of quality over the standard greedy algorithm for influence maximization. 

2.3 Spheres of influence: problem formulation and algorithms 

Let G = (V,E,p) be a probabilistic directed graph, where p : E → (0, 1] is a function that assigns 
a probability of existence to each edge. Following the literature, we consider the edge 
probabilities independent. In this setting, the possible-world semantics is a principled way of 
defining the meaning of a query over uncertain data. Specifically, the possible-world 
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semantics interprets G as a probability distribution over subgraphs of (V,E) defined by 
choosing every edge e ∈ E independently at random with probability p(e).  

Let q(G) be a function that when applied to a deterministic graph G returns a value in ℝ. 
Following the possible-world semantics querying q over the probabilistic graph G is typically 
done by asking for its expected value. 

When q(G) is a binary predicate then the expectation corresponds to the probability that the 
predicate is satisfied. For example, this is the case for instance of reachability query r(u,v), 
which returns true if v is reachable trough a directed path from u. In the context of 
probabilistic graphs, the corresponding reliability query would ask for the probability of v 
being reachable from u. 

In this work, we are interested in a type of query, which returns neither a scalar nor a binary, 
but a set of nodes. Given a directed probabilistic graph G = (V,E,p) and a node s ∈ V we are 
interested in the cascade originated from s, i.e., the set of nodes that would get infected if s 
get infected. In the case of a deterministic graph, that would be the set of nodes reachable 
from s trough directed paths. But how is it possible to determine the typical cascade in a 
probabilistic graph? 

2.3.1 Problem formulation 

 In a sense we want to define a notion of “expected” or “typical” cascade: this is a cascade 
which is the closest to the set of possible cascades of s. Towards formalizing this intuition, 
we need a metric to compute the distance among two possible cascades. As previously 
stated, a cascade simply corresponds to a set of nodes, and therefore we use Jaccard 
distance. Given two sets of nodes A,B ⊆ V , their Jaccard distance dJ(A, B) is defined as the 
size of their symmetric difference divided by the size of their union. This is known to be a 
metric. 

Given a deterministic graph G ⊑G and a node s ∈ V , we denote by Rs(G) the set of nodes 
reachable from s in G. Given G, s ∈ V and a set of nodes C ⊆ V , we define the expected cost, 
ρG,s(C), of C as the expected Jaccard distance between C and a random cascade generated 
from s. (We omit the dependence on G or s when appropriate.) 

This represents a measure of stability or consistency, i.e., how much random cascades from s 
deviate from C. It is therefore desirable to find the set C*⊆ V that minimizes the expected 
cost ρ s(C*). This set represents the typical cascade of the node s, or what we abstractly call 
its sphere of influence. The cost of this set is the Consistency of the sphere of influence of s. 

Problem 1  (Typical cascade). Given a probabilistic graph G = (V,E,p) and a source node s ∈ V 
find the set C*⊆ V that minimizes the expected cost. 

The first source of complexity for the Typical Cascade problem is that for a given source, 
computing the expected cost of a set of nodes is #P-hard. 

 

Theorem 1. Given a probabilistic graph G = (V,E,p), a source node s ∈ V , and a set of nodes C 
⊆ V , computing ρG,s(C) is #P-hard. 
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The proof (Mehmood et al., 2016) employs a reduction from s-t reliability on graphs: given a 
directed probabilistic graph G and two nodes s,t ∈ V (G), compute the probability that there 
is a path from s to t, denoted rel(G,s,t). This problem was shown #P-hard by (Valiant, 1979).   

A natural approach to deal with some #P-hard problems is by means of Monte-Carlo 
sampling: this means to sample a large enough number ℓ of independent cascades S = 
{S1,…,Sℓ} from s, and use them to compute an estimate as the empirical mean of dJ(C,Si) 
over the cascades sampled. This is an unbiased estimator of the actual cost ρs(C) as defined 
above, so one may hope to use our estimation as a proxy for the actual cost ρs(C) and 
attempt to solve the following related optimization problem. 

Problem 2  (Jaccard median). Given a finite set V and a collection S of ℓ sets S1,…, Sℓ ⊆ V , 
find a set C*⊆ V that minimises the average Jaccard distance of C* from the elements of S. 

(Chierichetti et al., 2010) show that Problem 2 is NP-hard, and present a polynomial-time 
approximation scheme. 

The difference between Problems 1 and 2 is that in the latter we are given a list of sets, 
while the first one defines implicitly a distribution over exponentially many sets. Neither one 
seems easily reducible to the other, though: on the one hand, enumerating all subgraphs to 
apply Jaccard median to our problem would require exponential time; on the other hand, a 
solution to the typical cascade problem may not extend to a general solution to Jaccard 
median, since the set of possible cascades from a vertex in a graph has certain special 
properties (for example, closure under unions). 

2.3.2 Sampling and Jaccard Median  

Before we hinted at a possible approach to tackle the Typical Cascade problem: 

1.    Sample ℓ random cascades from source nodes s;  

2.    Compute their Jaccard median as the typical cascade. 

An important question is how many deterministic graphs we need to sample in order to 
obtain a good estimate of the median quality, and to avoid overfitting in the scheme above. 
To fix notation, let C denote a distribution over non-empty subsets of [n] (for example, C 
could be the reachability sets from a given vertex in an n-vertex uncertain graph). Let ρ(X) 
denote the cost of a candidate solution X, and M denote an optimal median with cost ϵ* = 
ρ(M*). 

Recall that we cannot evaluate ρ(X) efficiently, so we resort to sampling ℓ independent 
elements of C and using the empirical mean 𝜌̂(𝑋) as an estimator for ρ(X). Then we derive a 
median M that approximately minimises ^ρ s on the sample, with the hope that its actual 
cost ρ(M) will be close to optimal. 

While one can easily show that the cost of any particular set X is approximately preserved 
(with additive error) in the sample, this may not hold simultaneously for all sets. The 
situation is analogous with the problem of overfitting in learning theory: while the error of 
any given classifier can be accurately estimated from the training set, if the learner’s 
hypothesis class is large enough it may happen that we find a hypothesis that does 
exceptionally well on the training set, but performs badly on the test set. (In our setting, the 
set 2[n] of all “candidate medians” play the role of the hypothesis class.) In fact, as there are 
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2n candidate medians, a naive estimate via the union bound would suggest that Θ(n) 
samples are needed, which is too large a sampling size to be practical (recall that n is the 
number of nodes of the graph in our application). Fortunately, this is far from tight: our next 
result shows that these bounds can be substantially improved, as long as the cost of the 
optimal median is small: a constant number of samples suffice to get good multiplicative 
approximations. 

Theorem 2 (informally stated). For any α >ϵ*, a sample of size ℓ = log(1∕α)∕α^2 suffices to 
obtain an (1 + O(α))-approximate median.  

This is remarkable, because the number of samples is independent of n and moreover, it 
does not suffice in general to estimate the cost of a candidate solution with small 
multiplicative error (this would require ℓ = Ω(1∕ϵ*)). This means that the empirical and true 
costs may differ significantly, yet the cost of the solution found by solving the empirical 
problem is very close to the true optimal. The result also yields a sublinear-time randomized 
approximation algorithm for standard Jaccard median (Problem 2) when the number of 
input sets is large: sample O(log(1∕α)∕α^2) of the input sets and work on the smaller instance. 

Roughly speaking, the proof of Theorem 2 proceeds as follows. We show that a) any nearly 
optimal median X gives rise to an easily manageable approximate cost function fX with 
certain properties implying that no median can do much better than X; and b) these 
properties of fX are approximately preserved after sampling. This trick allows us to convert 
the statement “for all candidate medians, their sample cost is not much smaller than ρ(M*)” 
into a statement regarding the single function fX, which can be proved directly. The details 
may be found in (Mehmood et al., 2016). 

2.3.3 Practical Algorithms 

Next, we put together the pieces from the theoretical insights introduced in the previous 
section, and discuss practical efficiency considerations. First, we describe an indexing 
scheme enabling efficient simulations of the cascades needed. Then we present the main 
algorithm to compute a typical cascade for every node of G. 

In order to obtain the typical cascade for a given vertex v, we first need to produce a certain 
number ℓ of cascades from v. As we saw before, taking ℓ = O(log(1∕α)) samples is enough to 
obtain a (1 + α)-approximation provided that the cost is Ω(α); if we wish this guarantee to 
hold simultaneously for all vertices, we may take ℓ = O(log(n∕α)∕α^2). Rather than sampling 
separately for each vertex, we sample ℓ possible worlds G1,…,Gℓ from G, each of which 
implicitly defines a sample cascade from each vertex v ∈ V (G), which may be obtained by 
performing a DFS traversal of G rooted at v. 

A key observation that we exploit to speed up this process is that all the vertices in the same 
strongly connected component (SCC) have the same reachability set: since any two vertices 
u, v in the same SCC are reachable from each other, any vertex reachable by u is also 
reachable by v, and vice versa. Therefore, we can represent each sampled possible world Gi 
by its SCC structure. Representing Gi in terms of its SCCs yields savings in both space usage 
and computational runtime, because of the compactness of representation and because a 
single DFS is sufficient to identify the reachability set of all vertices in the same component. 

Based on these observations we build an index that contains for all the sampled possible 
worlds G1,…,Gℓ: 
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1. The condensation Ci of Gi, that is, the directed acyclic graph of links between SCCs, 
obtained by contracting each component of Gi to a single vertex;  

2. For each vertex v and index i, the identifier of the connected component of v in Gi (see 
Figure 3) 

 

Figure 3: Indexing scheme for all sampled possible worlds 

As depicted in Figure 3, for each sampled possible world Gi it is stored the structure made of 
the condensation of the SCCs and a matrix indicating for each vertex v and each possible 
world Gi, the index of the component to which v belongs in Gi. 

Computing the SCCs and performing their contraction can be performed in time linear in the 
total number of vertices and edges of the graphs sampled. 

To further reduce the space consumption, we perform the transitive reduction of the 
condensation of Ci, i.e., find the unique graph Ti (not necessarily a subgraph of Ci) with 
vertex set V (Ci) that preserves the reachability/non-reachability between every pairs of 
vertices of Ci and has the smallest number of edges. While the worst-case computational 
complexity of this task is theoretically equivalent to that of Boolean matrix multiplication, for 
which the best algorithms known run in time O(𝑛2.373), in the practical instances arising in 
our experiments the algorithm from (Aho et al., 1972) proved adequate. 

The procedure to construct the index is summarized in Algorithm 1 (Figure 4). 
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Figure 4: Algorithm 1: Index construction 

Given a node v and i ∈ [ℓ], the cascade of v in Gi can be obtained as follows: look at the 
identifier of the SCC of v in Gi; recursively follow the links from the associated condensed 
vertex in Ci to find all the reachable components; and output the union of the elements in 
the reachable components. The time to perform this computation is linear in the number of 
nodes of the output and the number of edges of the condensation Ci, which is typically much 
smaller than the number of edges of Gi. 

For the computation of the typical cascade Cv of a node v, we need to compute an 
approximate Jaccard median of the collection of ℓ cascades S1,…,Sℓ from v. To this end, we 
use the work of (Chierichetti et al., 2010). Their PTAS to achieve arbitrarily good 
approximations is mostly of theoretical interest, so we use the following algorithm (see 
Figure 5), which achieves an 1 + O(ϵ) factor approximation (where ϵ is the cost of the optimal 
median of the instance) and runs in linear time. 

 

Figure 5: Algorithm 2: All Typical Cascades 
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2.3.4 An application to Influence Maximization 

In this Section, we present, as an application of the typical cascade computation, a novel 
approach to influence maximization. While our approach is heuristic in nature, it is 
motivated by the observations below. 

1.    Given a seed set S, we can define its stability as the expected cost of its typical cascade 
C*. If this cost is small we say that the seed set is reliable.  

2.   If S is a highly reliable seed set, the size of its typical cascade C* is very close to the mean 
size of cascades from S. In other words, by optimizing for size of the typical cascade we are 
also indirectly optimizing for expected spread, unless the optimal solution is unreliable 
(which is ruled out by the next item).  

3.    It is an empirically observable phenomenon (see the stability analysis in Sec. 6) that the 
expected cost of the typical cascade of S tends to decrease as S grows. Intuitively, this means 
that the cascading process becomes more and more deterministic (or predictable) as the size 
of the seed set increases. We want to leverage this fact by acting as if the cascade from S 
were effectively C*. However, for sake of efficiency, in our method we will not use the 
typical cascade of S, but instead we will use the union of the typical cascades of all the seed 
nodes in S. This is justified by the next point.  

4.    It can be shown that some nearly optimal typical cascade from seed set S is a superset of 
the typical cascades for the cascades induced by the individual elements of S. This is because 
if the typical cascade has cost ϵ, then simply selecting all elements that are present with 
probability at least 1∕2 can be proved to be a solution with cost at most ϵ + O(ϵ^3∕2). But 
note that the probability that a given vertex is reachable from S is monotonically increasing 
with S, so the set of elements reachable with probability at least 1∕2 is monotonically 
increasing as well. Consequently the nearly optimal typical cascade for S can be assumed to 
contain the typical cascades for all its elements. (It may contain further elements, which 
would increase the solution size and decrease its cost, so we are being conservative by 
ignoring them.) 

These observations motivate us to approach the influence maximization problem as max-
cover problem over the typical cascades of the singleton nodes. Let S ⊆ V denote a set of 
nodes and let Cv be the median cascade of each v ∈ V. Write Φ(S) = ⋃ v∈SCv for the 
elements covered by the typical cascades of all the nodes in S, Now, given an finite integer k 
≤|V |, our goal is to find a set S* such that the coverage Φ(S*) is maximized for |S*| = k. 

This is an instance of the maximum coverage problem, which can be approximated by the 
standard greedy algorithm that runs for k iterations and at each iteration it selects a node v 
whose addition increases the value of Φ the most. This approach, whose pseudocode is 
shown in Algorithm 3 (see Figure 6), is named InfMax_TC: Influence Maximization using 
Typical Cascades. 
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Figure 6: Algorithm 3: InfMax_TC 

Next, we compare this method for influence maximization with the standard method, with 
respect to the objective function of the influence maximization problem: the expected 
spread. 

2.4 Performance evaluation 

In our evaluation, we first report basic statistics about the spheres of influence (or typical 
cascades) and their computation, such as their size, cost and the running time of our 
procedure. We then focus on the main goal of our experimental assessment, which is to 
show the performance, in terms of quality, of our method for influence maximization. 

The majority of the literature on influence maximization uses a set of benchmark social 
graphs, where the influence probability for each edge is artificially assigned according to 
some certain standard methods. Perhaps more appropriately, some authors (Goyal et al., 
2010; Saito et al., 2008) have started to use influence probabilities learnt from a log of past 
user activity. In our experiments, for sake of exhaustiveness, we follow both approaches. We 
use six datasets, which are often used as benchmarks in the literature for influence 
maximization: in three of these, the edge probabilities are learnt, whereas for the other 
three the probabilities are assigned artificially as described later. Moreover, we use two 
different methods for learning the contagion probabilities and two different methods for 
assigning them. This gives us a total of 12 datasets to work with. 

Dataset description. The three datasets that come with a log of users activity and can thus 
be used for learning the influence probabilities are Digg, Flixster and Twitter. 

Digg is a news portal that allows users to submit news stories, as well as rate the posted 
stories by means of voting. The ratings are then used to promote stories on the front page of 
Digg portal. The data snapshot we use is related to the voting history of all the stories 
promoted during June 2009. It has 3M votes for 3.5K stories. The data also provides a fan 
network from which a directed social graph is induced. 

Flixster is an online social networking service (https://flixster.com/) enabling its users to 
rate and review movies. Here, we have user ratings from November 2005 to November 
2009. This amounts to 8.2M ratings for 49K items/movies. 

The final dataset in this category is a snapshot of Twitter, obtained by crawling its public 
timeline. The items in Twitter represent the URLs propagating across the network. Unlike the 

https://flixster.com/
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previous two datasets, in Twitter the user activity corresponds to sharing/re-sharing of the 
URLs instead of rating items. The data contains 6K items and 383K user activities. 

The other three datasets are from the SNAP dataset collection. These include NetHEPT, 
Epinions, and Slashdot. The first is a network of citations, whereas the other two are social 
networks. These datasets are widely used in the study of social networks and influence 
maximization. Table 1, reports basic statistics on the datasets used. When a graph is 
undirected, we just consider the edges existing in both directions. 

Datasets V ϵ Type Probabilities 

Digg 68K 875K directed learnt 

Flixster 137K 1.2M undirected learnt 

Twitter 23K 650K undirected learnt 

NetHEPT 15K 31K undirected assigned 

Epinions 76K 509K directed assigned 

Slashdot 77K 905K directed assigned 

Table 1: Dataset Characteristics 

 

Figure 7: CDF of edge probability learnt from (Saito et al., 2008) (left), (Goyal et al., 2010) 
(centre) and WC model (right). We don't report the distribution for the fixed probability 

method, as this is not meaningful 

 

Edge probabilities. Below we describe the two different ways of learning the influence 
probabilities, and the two different ways of artificially assigning the influence probabilities, 
that we use in our experiments. 

Learning from real-world cascades. The datasets in the first category (Digg, Flixster, and 
Twitter) provide us two key elements: (i) a social network (ii) log of user activities (for 
different items) with the corresponding timestamps. Both methods we use exploit these two 
pieces of input to learn the edge probabilities. The first method is (Saito et al., 2008), which 
model the learning of the influence probabilities as a likelihood maximization problem and 
devise an EM algorithm to solve it. 

The second method (Goyal et al., 2010) follows a frequentist approach. Among the various 
models they propose we use the simplest one: the probability assigned to an edge (u,v) is 
simply the number of times in the propagation log in which v performs an action after u, 
divided by the number of actions performed by u. 
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In the following we will use a suffix -S and a suffix -G to denote the datasets with the 
probabilities learnt by following (Saito et al., 2008) and (Goyal et al., 2010) respectively. 

Artificial assignments. For the second group of datasets (NetHEPT, Epinions, and Slashdot), 
we use two different methods for artificially assigning probability to each edge. The first the 
methods is the weighted cascade (WC) model, which sets the probability pu,v over an edge 
(u,v) as: pu,v = inD1eg(v). Here, inDeg(v) is the in-degree of node v. In the second method, 
we assign a fixed probability pu,v = 0.1 to each edge (u,v). 

In the following we will use a suffix -W and a suffix -F to denote the datasets with the 
probabilities assigned by weighted cascade method and fixed respectively. 

Using the methods of learning/assigning edge probabilities explained above, we have 12 
datasets in total for our experiments detailed in this Section. Table 2, demonstrates the CDFs 
of the edge probabilities in all datasets. 

Datasets avg(𝐶 .̅̅ ̅̅ ) sd(𝐶 .̅̅ ̅̅ ) max(𝐶 .̅̅ ̅̅ ) 

Digg-S 9.0 22.2 263 

Flixster-S 4.3 12.0 439 

Twitter-S 17.0 86.4 1459 

Digg-G 7.3 17.0 130 

Flixster-G 999.5 822.7 2589 

Twitter-G 24.9 58.4 1727 

NetHEPT-W 3.0 1.2 13 

Epinions-W 3.6 8.6 684 

Slashdot-W 4.8 19.4 420 

NetHEPT-F 1067.5 915.5 4138 

Epinions-F 4774.5 1574.5 6345 

Slashdot-F 1337.0 841.5 5574 

Table 2: 𝐶 .̅ denotes the size of the approximated typical cascade computed and we report its 
average, standard deviation and maximum over all models in the graph 

 

 

Figure 8: Time taken to compute the typical cascade ^C* (two left most plots) and its 
expected cost ρG,s(^C*) (two right most plots) 
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Figure 9: Distribution of the expected cost of the typical cascade ρG,s(^C*)   with regards to 
its size 

Computing the typical cascades. Table 2 reports basics statistics on the size of the sampled 
cascades (Si) and the typical cascade computed from the samples (C^*). Given that the edge 
probabilities learnt using the method of (Goyal et al., 2010) are larger than the probabilities 
learnt by means of (Saito et al., 2008) method (see Figure 7), not surprisingly also the 
average size of typical cascades is larger for the former than for the latter. 

The pattern is even more evident in Flixster, which showcases the fact that different 
strategies used to assign probabilities may greatly impact the size of the samples, and 
thereby, the size of the corresponding typical cascade. We also note that when artificially 
assigned, the probabilities set fixed to 0.1 also result in larger sampled cascades, and thus 
larger typical cascade, than produced when assigning probabilities by means of the WC 
model. 

In Figure 8, we report the time taken to compute the typical cascade ^C* and its expected 
cost ρG,s(^C*), excluding the index construction. That is, this is the time to extract the 
cascades from the index and run the Jaccard median approximation on this instance. (Recall 
that we are using 1000 samples so the number of elements to process per vertex is often in 
the hundreds of thousands.) The times reported use a Python implementation, on a Intel 
Xeon 2.2 Ghz with 6 cores and 16 GB memory. As depicted, the time remains almost always 
well under 1 second except for a small number of nodes. As regards the expected costs they 
rarely exceed 0.4, and in most of the dataset the average is around 0.2. 

Figure 9 reports the distributions of the expected cost concerning the size of the typical 
cascade, in order to assess whether the quality (or reliability) of the solution also depends on 
its size. In every plot, if we disregard the bucket of very small cascades, which is in any case 
not very interesting for applications, we can observe that the larger is the typical cascade, 
the more reliable it is (smaller cost). This becomes even more evident when observing the 
maximum cost observed: it is practically impossible to find a large typical cascade with large 
cost. 

Evaluation of Influence maximisation 

We next present our main practical result: the fact that our method for influence 
maximization based on spheres of influence outperforms the standard influence 
maximisation method for what concerns quality, i.e., the expected spread achieved. 

Quality of influence maximisation. In the following, the standard greedy (theoretically 
optimal) algorithm for influence maximization (Kempe et al., 2003) is denoted InfMax_std, 
and our greedy algorithm for maximum coverage using the sphere of influence (typical 



D3.4 – V2.0 

 

Page 25 

cascade) of each node is denoted InfMax_TC. In all the experiments we use k = 200 for the 
seed set size and we use the same number of sampled cascades (1000) for both methods: to 
estimate the expected spread for InfMax_std, and for computing the typical cascades for 
InfMax_TC. The expected spread σ(S) is reported in each iteration of the two greedy 
algorithms from |S| = 1 to 200.  

The results for all combinations of datasets and ways of assigning edge probabilities are 
reported in Figure 10: on the X-axis we report the size of the seed set |S|, on the Y -axis we 
report the expected spread σ(S). We can observe the same pattern emerging in all settings: 
InfMax_std outperforms InfMax_TC in the selection of the first several seeds, but at a certain 
point, as the seed set size grows, the two curves cross and InfMax_TC starts outperforming 
the standard method. 

 

Figure 10: Stability Analysis: expected cost of the seed sets extracted by InfMax_std and 
InfMax_TC over six datasets. By expected cost we mean the expected Jaccard distance 

between the typical cascade generated by the seed set and 1000 random cascades 
generated by the same seed set. The smaller this value the more reliable the behaviour of 

the seed set 
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2.5 Spheres of influence: summary 

We studied the problem of computing the sphere of influence for each node in a social 
influence network. We formalize this as the Typical Cascade problem over a probabilistic 
directed graph where each directed edge (u, v) has associated a probability representing the 
contagion probability, or the strength of influence of u over v.  We devise a method based 
on sampling and computing the Jaccard median of the samples. Then we propose a novel 
approach to influence maximization based on max-cover applied to the sphere of influence 
of all nodes in the network. 

Our main theoretical result is a bound showing that we can obtain a multiplicative 
approximation to our problem with a constant number samples, i.e., not dependent on the 
size of the network (Theorem 2). 

Our main practical contribution is the first method for influence maximization outperforming 
the theoretically optimal greedy algorithm for influence maximization, for large seed sets. 

To the best of our knowledge, our work is the first to show consistent improvement in terms 
of quality over the standard greedy algorithm for influence maximization, as confirmed by 
our thorough experimentation using several different benchmark networks and different 
ways of assigning the influence probabilities to the edges. 

Within MULTISENSOR, the computation of spheres of influence has been used to provide CSI 
(Consistency of Sphere of Influence) scores for Twitter users, indicating the 
reliability/consistency of the propagation cascades generated by this user. The global 
influence index (GIN) has also been updated, so as to use the size of the sphere of influence 
instead of the expected cascade size as was done in previous versions of the SMAP service; 
the former providing a more robust measure. 

2.6 Community detection 

The analysis of social media as complex networks, by means of community detection, has 
provided insight into the role of individual users within their community, and into the 
position of each community in the social network. The community detection problem, in 
general, is defined as the identification of groups of densely connected users in a social 
media network, given the network structure. The MULTISENSOR community detection 
framework has been presented in previous deliverable (D3.3), where several SoA community 
detection techniques have been reported, in static or evolving networks. A plethora of 
community detection algorithms have appeared in the literature (Fortunato, 2010; Malliaros 
and Vazirgiannis, 2013; Harenberg et al., 2014), however, only a few of them are large-scale 
algorithms and directly applicable in large social media graphs (Papadopoulos et al., 2012). 

In MULTISENSOR, the social media network is topic-based and related to a list of hashtags, 
such as #energy_policy, #homeappliances, etc. Communities may be static (extracted for a 
single day) or dynamic, in the context of evolving networks. The detection of dynamic 
communities has been also tackled in the SocialSensor project (FP7-287975), where a 
community detection algorithm is applied on each graph snapshot, defined by the network 
of user mentions (@user). The method that is used for the detection of communities on a 
graph snapshot is the Louvain method (Blondel et al., 2008).  
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The Louvain method is based on the modularity maximization and involves two phases that 
are repeated iteratively. In the first phase, each vertex forms a community and for each 
vertex i the gain of modularity is calculated by removing vertex i from its own community 
and placing it into the community of each neighbour j of i. The vertex i is moved to the 
community for which the gain in modularity becomes maximal. In case the modularity 
decreases or remains the same, vertex i does not change community. The first phase is 
completed when the modularity cannot be further increased. In the second phase, the 
detected communities formulate a new network with weights of the links between the new 
nodes being the sum of weights of the links between nodes in the corresponding two 
communities. In this new network, self-loops are allowed, representing links between 
vertices of the same community. At the end of the second phase, the first phase is re-applied 
to the new network, until no more communities are merged and modularity is maximized. 

Contrary to the modularity maximization approach, we adopt the expected codelength 
minimization of the Infomap method (Rosvall and Bergstrom, 2008; Rosvall et al., 2010; 
Bohlin et al., 2014). The inventors of the Infomap method showed that the problem of 
finding a community structure in networks is equivalent to solving a coding problem. In 
general, the goal of a coding problem is to minimize the information required for the 
transmission of a message. Initially, Infomap employs the Huffman code (Cover and Thomas, 
2012) in order to give a unique name (codeword) in every node in the network and then 
minimizes the Shannon information (Cover and Thomas, 2012) required to describe the 
trajectory of a random walk on the network. In the following, we show the superiority of 
codelength minimization and the Infomap community detection method, compared to other 
approaches, in terms of performance. 

The community detection module is freely available on Github1 and has been implemented 
in R, using the igraph2 package (version 1.0.1), under the General Public Licence (GPL) v2 or 
greater. It constructs a graph of crawled Twitter mentions, with nodes the corresponding 
Twitter IDs, based on given hashtags, such as #foodmanufacturing, #yogurt, etc. The graph is 
then clustered into communities using the Infomap community detection algorithm. Finally, 
the module outputs a JSON file, which keeps the network structure as a list of links among 
Twitter IDs, for visualisation purposes, and lists the Twitter IDs within each community. The 
URL of each Twitter ID is also kept, in order to associate the community detection module 
with other services, such as the influence scores, which are assigned on each Twitter user. 

The most central nodes are “key-players” in the Twitter network of mentions and they are 
identified using a novel centrality measure, namely Mapping Entropy Betweenness (MEB) 
(Gialampoukidis et al., 2016). For example, using the daily posts related to the hashtags 
#home_appliances, #dishwasher, #Siemens and #LG, we get the network of Twitter users, 
presented in Figure 11. Each community is marked with another colour and the Twitter user 
who is considered the most central, according to MEB centrality, has the largest vertex size. 

                                                      

1 https://github.com/MKLab-ITI/multisensor-community-detection 

2 http://igraph.org/r/ 

https://github.com/MKLab-ITI/multisensor-community-detection
http://igraph.org/r/
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Figure 11: Network of Twitter users in UC2 - Household Appliances (6th February 2016) 

2.6.1 Experiments 

Experiments are divided into two categories, one for the comparison of small-scale networks 
and another for medium and large-scale experiments, where only Louvain and Infomap are 
able to provide a community detection result, due to the high computational cost of all other 
considered methods. We use the most prominent evaluation measures in community 
detection, namely Normalized Mutual Information (Danon et al., 2005) and Rand (Rand, 
1971). 

Figure 12: LFR benchmark network in three states: no mixing, moderate mixing and very 
mixed communities 

 

The datasets have ground truth community structure, i.e. annotated vertices by a group they 
belong to. For comparison we selected several public datasets of various sizes, up to 1M 
nodes, which are available online3,4. The Karate Club Dataset (Zachary, 1977) is Zachary’s 
                                                      

3 https://networkdata.ics.uci.edu/index.php 

4 https://snap.stanford.edu/data/index.html 

https://networkdata.ics.uci.edu/index.php
https://snap.stanford.edu/data/index.html
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karate club social network of friendships between 34 members of a karate club at a US 
university in the 1970, in which there was a conflict that led to the split of the club into 
communities. The American College Football Dataset is the network of 115 American 
football games during regular season Fall 2000, as presented in (Girvan and Newman, 2002). 

The network has nodes indicating to which conferences they belong to, with ground-truth 
split into 12 communities (Atlantic Coast, Big East, Big Ten, Big Twelve, Conference USA, 
Independents, Mid-American, Mountain West, Pacific Ten, South-eastern, Sun Belt, Western 
Athletic). The Amazon Network Dataset describes an Amazon product network with 334,863 
nodes and 925,872 edges, into 75,149 communities, the DLBP collaboration Network 
Dataset describes a DBLP collaboration network with 317,080 nodes and 1,049,866 edges, 
into 13,477 communities, and the YouTube Network Dataset describes a part of YouTube’s 
online social network with 1,134,890 nodes and 2,987,624 edges, into 8,385 communities 
(Yang and Leskovec, 2015). Moreover, we have constructed 2 benchmark networks, 
according to the LFR framework for evaluating community detection algorithms 
(Lancichinetti et al., 2008), namely LRF benchmark650 and LRF benchmark21K, in order to 
test the algorithms in their robustness to identifying very mixed communities (Figure 12). 
The LRF benchmark650 has 650 vertices with ground-truth split into 10 communities, 
minimum community size 20, community size power-law fit beta=1.89 (p-value=0.16>0.05), 
degree distribution power-law fit gamma = 3.54 (p-value=0.29>0.05) and maximum degree = 
13. The LRF benchmark21K has 21,226 vertices, 200 communities, minimum community size 
10, community size power-law fit beta=2.00 (p-value=0.70>0.05), degree distribution power-
law fit gamma = 3.33 (p-value=0.13>0.05) and maximum degree = 52. 

Dataset 

 

Method 

Karate Club  American College 
Football 

LFR benchmark5 
650 

NMI Rand NMI Rand NMI Rand 

Edge Betweenness 0.5178 0.6844 0.8788 0.9632 0.2517 0.8317 

Fast Greedy 0.8255 0.9020 0.6977 0.8807 0.2519 0.8319 

Label Propagation 0.7071 0.9020 0.8792 0.9755 0.3298 0.8439 

Louvain 0.6872 0.7736 0.8903 0.9688 0.2502 0.8320 

Walktrap 0.6956 0.7861 0.8874 0.9705 0.2986 0.8241 

Infomap 0.8255 0.9020 0.9242 0.9847 0.3317 0.8449 

Table 3: Evaluation in small-scale networks 

 

 

 

 

                                                      

5 Evaluation measure averaged with respect to the mixing parameter 𝜇 ∈ [0,1] 
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Dataset  
(size)  

 

Method 

LFR benchmark 
(21,226) 

Amazon 
(334,863) 

DBLB 
collaboration 

(317,080) 

Youtube 
(1,157,828) 

NMI Rand NMI Rand NMI Rand NMI Rand 

Louvain 0.2373 0.8100 0.5089 0.9796 0.4083 0.9874 0.6488 0.9618 

Infomap 0.3360 0.8139 0.5970 0.9820 0.5721 0.9947 0.7628 0.9937 

Table 4: Evaluation in medium and large-scale networks 

The baseline methods we have selected are the most prominent community detection 
approaches, namely the Edge Betweenness of Girvan and Newman (Newman and Girvan, 
2004), Fast Greedy (Clauset et al., 2004), Label Propagation (Raghavan et al., 2007), Walktrap 
(Pons and Latapy, 2006) and Louvain (Blondel et al., 2008). The results for the small- and 
large-scale experiments are reported in Table 3 and Table 4, respectively. The comparison in 
large-scale experiments is shown is presented only for the Louvain and the Infomap method, 
due to the high computational cost of all other methods considered. 

The superiority of Infomap is shown in all considered networks, where we observe an 
improvement of Normalized Mutual Information and Rand index up to 16% and 13%, 
respectively, when compared to the Louvain community detection method, a fact that 
shows that we have achieved our goals (presented in D1.2) to the highest expectation.  

Infomap shows great robustness, when compared to the other methods, in merging 
communities together by increasing the mixing parameter 𝜇, as demonstrated in Figure 13 
and Figure 14. In particular, in Figure 13 it is shown that Infomap competes with Label 
Propagation, in terms of the best performance, for medium and large mixing values, in the 
LFR benchmark 650. However, when NMI and Rand are averaged over all values of the 
mixing parameter 𝜇 ∈ [0,1], Infomap outperforms the Label Propagation method in both 
NMI and Rand scores. In Figure 14, we observe similar behaviour even for a significantly 
larger dataset (LFR benchmark 21K), verifying the superiority of Infomap in all cases 
examined. 
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Figure 13: The performance of the LFR benchmark 650 network in various mixing states 

Figure 14: The performance of the LFR benchmark 21K in various mixing states 
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3 CONCLUSIONS 

This document reported on the technological advances for task T3.4 (Information 
propagation and social interaction analysis). More specifically, it discussed the advanced 
techniques and modules developed for the above task and provided performance results. It 
described algorithms for analysing the network of interactions among social media users, the 
accurate detection of influential users, and the evolution of dynamic communities of 
information within the network. 

The “Information propagation and social interaction analysis” module that implements 
several services, namely the contributor analysis, the influential user detection, and the 
community detection services, was evaluated. The contributor analysis service, evaluated in 
the First Prototype Evaluation Report (D8.3), was assessed positively for both 
understandability and relevance by the majority of the judges. Also, more than 70% of the 
judges agreed (or strongly agreed) that the information provided was easy to visualize and 
understand, whereas more than 50% of the judges reported that the provided information 
was relevant. This approximates the “Good” assessment of the contributor analysis module 
that we anticipated to receive. Finally, the superiority of the proposed community detection 
approach, using the Infomap algorithm, was demonstrated in several networks. The 
improvement of NMI and Rand is up to 16% and 13%, respectively, when compared to other 
community detection approaches, showing that we have achieved our goals (presented in 
D1.2) to the highest expectation. 

The code for the implementation of the “Information propagation and social interaction 
analysis” module is available at: 

 https://gitlab.bigdata.eurecat.org/ioannis.arapakis/MULTISENSOR-user-and-context-
centric-content-analysis.git. 

 

https://gitlab.bigdata.eurecat.org/ioannis.arapakis/MULTISENSOR-user-and-context-centric-content-analysis.git
https://gitlab.bigdata.eurecat.org/ioannis.arapakis/MULTISENSOR-user-and-context-centric-content-analysis.git
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