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Tecnhiques for the Estimation of Betweenness Centrality in Large
Networks

Filipe Pascoal Martins Carapeto1

The study and analysis of networks is, today, an important area of research that serves many different sectors. Betweenness
Centrality is a centrality measure that stands out for the way in which it expresses the importance and influence of a given node
in a network, which makes it’s computing desired for many real world networks. However, with the rise of the globalization of
tecnhology, there is a need to analyse bigger and bigger networks like, for example, social networks. For networks such as these,
which usually have millions of nodes, the exact calculation of Betweenness Centrality is infeasible. As such, it’s essential to explore
new alternatives that can efficiently estimate this centrality measure, with a low error margin. This work contains a brief study of
several tecnhiques that are used in the estimation of Betweenness Centrality. It also contains several new approaches, proposed by
me, based on concepts like Community Finding and k-core.

Index Terms—Betweenness Centrality, Complex Networks, Centrality Indicators, Centrality Estimation, Community Finding.

I. INTRODUCTION

GENERALLY speaking, the centrality of a given ver-
tex/edge in a graph gives us an idea of its relative

importance within the network. Measuring the centrality of a
vertex/edge is paramount to the study of social networks (com-
munities, social networks, workgroups, etc.) and also relevant
in many different areas as civil engineering (e.g. optimum
setup of public transportation lines), telecommunication (e.g.
determine which nodes are essential for the network’s well
being), and more.

Despite the importance of this concept in CNA (Complex
Network Analysis) there is no agreement on the best way
to objectively quantitify the centrality of a given vertex/edge.
Therefore, there are many different centrality measures, each
one of them being important in its own particular way. The
main centrality measures are degree centrality, closeness cen-
trality, eigenvector centrality, and betweeness centrality [1],
[2], which is the object of this study.

The main purpose of this work consists in developing
efficient tecnhiques for the computation of the betweenness
centrality. Firstly, I’ll briefly detail the existing techniques for
the computation of the exact and approximate values of be-
tweeness centrality and explain some of the problems with the
methods used today. Then I’ll explore new techniques based
on the concepts of vertex sampling, community finding and
k-cores. Finally, I’ll provide detailed results of the developed
techniques.
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II. PROBLEM DEFINITION AND RELATED WORK

In the context of this work, V is defined as the set of
vertexes in the graph, with |V | = N and E as the set of
edges in the graph, with |E| = m. For s, t, v ∈ V , where σst
is the number of shortest paths between s and t, and σst(v) is
the number of shortest paths between s and t that pass through
v. The betweeness centrality (henceforth called betweeness) of
a a vertex v is defined as:

BC(v) =
∑

s6=v 6=t

σst(v)

σst
(1)

As such, the betweeness represents the proportion of short-
est paths that go through a given vertex. This is analogous
for edge betweeness. This means that the calculation of
betweenness involves the computation of the shortest path
between any pair of vertexes, also known as the All-Pair-
Shortest-Paths (APSP) problem.

The best known algorithm that solves the APSP is the
Brandes algorithm, which has n∗O(m+n∗ logn) complexity
[3]. Therefore, even this algorithm is unsustainable for graphs
with millions of nodes (e.g. social networks). This means
that calculating the betweenness of all vertexes is usually
unfeasible. Since the exact computation of the betweenness
even for a single vertex has the same complexity as the APSP,
the solution is to estimate the betweenness values.

Vertex sampling consists in selecting a set of vertexes in
a graph (pivot nodes). The process of sampling the nodes
can be fully random or based on a heuristic [4]. Usually, for
the purpose of betweeness estimation, the computation of the
shortest paths is only executed over the sampled nodes, and
the betweenness values are estimated for every vertex in a
graph or just for the top-k vertexes [5].

Ideally, we want our heuristic to select only the most
representative vertexes in a graph. The problem is that, as
I’ve mentioned earlier, there are many ways for considering
the representativeness of a vertex. Also, currently there isn’t
any algorithm that efficiently estimates the betweenness for
every vertex in a graph, regardless of it’s the topology.

III. MY CONTRIBUTIONS

There are two concepts that are directly linked to the
importance of a node in a network, community finding [6] and
k-core [7]. The purpose of this work is to use these concepts
as strategies to estimate the betweenness values for very large
networks. Therefore, the process of estimation follows the
this sequence: I run an algorithm of community finding/k-core
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which produces a list of vertexes; one of my heuristics chooses
a sampling set of vertexes; I run the Brandes algorithm over
the selected vertexes, thus producing estimate values for the
betweenness.

Algorithms that perform community finding seek to identify
partitions within the network which maximize a previously
chosen quality function (usually modularity). Among those al-
gorithms the most relevant, and the ones used in this work, are
LLP [8] and the Louvain Method [9]. These two algorithms are
fundamentally different: while the former produces an ordering
of the vertexes that makes the compression of the graph more
efficient, the latter generates a hierarchy of partitions of the
graph that maximize local modularity. For my experiments I
implemented the Louvain Method based on the code developed
by V. Blondel et al and for the LLP algorithm I used the LAW
1 version.

A k-degenerate graph, G, is an undirected graph whose sub-
graphs have, at least, one vertex of degree k. A k-core of G
is a connected sub-graph whose vertexes have a degree of at
least k. Also, the core number of a vertex is the greatest value
of k, such that the vertex belongs to a k-core of G. For the
computation of a graph’s k-cores I implemented the algorithm
suggested by Batagelj and Zaversnik [10], the most efficient
known to date.

I also developed 5 heuristics that take advantage of the in-
formation obtained by the community finding/k-core algorithm.
I also implemented the 2 most efficient heuristics suggested by
Brandes and Pich [11]. Each one of these heuristics can choose
a sampling set either with size proportional to the network’s
size or with a fixed size. The 7 heuristics used were:

1) Simple Heuristic that chooses, uniformly at random,
pivots belonging to each identified community.

2) Largest Degree Heuristic that chooses pivots belonging
to each community with probability proportional to the
degree of the vertex.

3) Community Size Heuristic that chooses x pivots be-
longing to each community where x is proportional to
the community size.

4) Community Size & Largest Degree Heuristic that
chooses x pivots belonging to each community with
probability proportional to the degree of the vertex and
where x is proportional to the community size.

5) K-core Heuristic that successively chooses pivots be-
longing to the graph’s k − core, from the largest to the
smallest k.

6) Random (Brandes) Heuristic that chooses pivots uni-
formly at random.

7) RanDeg (Brandes) Heuristic that choose pivots with
probability proportional to the degree of the vertex.

IV. EXPERIMENTS

For my experiments I used both generated and real net-
works.

The synthetic networks were generated using the software
made available by Fortunato 2. Networks were used with 1000,

1http://law.di.unimi.it/
2https://sites.google.com/site/santofortunato/inthepress2

2000, 4000 and 10000 nodes. Generated networks with both
random structures and well defined communities were also
used.

As for the real networks, I used 3 networks provided by
LAW 3 originating from Amazon, Wiki and Twitter.

Each network was compressed using the WebGraph format
(BV) [12], a format that takes advantages on the properties
usually displayed by social networks (locality and similarity).

For the experimental evaluation, two indexes were used
to compare the exact and estimated values of betweenness:
Kendall Tau and Spearman’s Correlation. Both indexes tell us
how similar two arrays are, in terms of their relative ordering.
A value of 1 means that the two arrays are the same and a
value of −1 means they are in reverse ordering.

I also measured the time of execution for comparison among
the different heuristics.

V. RESULTS

A. Synthetic Networks

The tests on synthetic networks were divided into 4 parts:
1) Variable sampling of size log(N) over the random

networks
2) Sampling with sizes 0,25%; 0,5% e 1% of the network

size, over the random networks of size 10000
3) Variable sampling of size log(N) over the networks with

well defined communities
4) Sampling with sizes 0,25%; 0,5% e 1% of the network

size, over the networks of size 10000 with well defined
communities

Figures from 1 through 4 show Kendall Tau scores on the
left and Spearman’s Correlation scores on the right.

In general, we can see that the scores get worse with larger
networks but get relatively good results with smaller samples.

For the completely random networks, the heuristics with
the overall best performance were CSLD and bRanDeg and
the worst was bRandom. Kcore also had an interesting per-
formance with ever-increasing scores, which is normal if we
consider that the community finding heuristics don’t show their
true potential when used over networks without well defined
communites.

For the networks with well defined communities, the heuris-
tics with the overall best performance were CSLD and CS and
the worst one was Kcore, as expected.

I also measured the time of execution for each one of the
7 heuristics over the completely random networks of size
10000. Figure 5 compares the time difference for the whole
process, i.e. community finding/k-core, sampling, exact and
estimated calculation of betweenness (for Brandes’ heuristics
the process is the same, but without the community finding/k-
core algorithm). As for Figure 6 it strictly compares the
performance of the different heuristics.

In Figure 5 the fastest heuristic was bRandom as expected,
since it’s the one with the least computations, and the slowest
was Kcore also as expected, since the k-core algorithm is
slower than both LLP and the Louvain Method.

3http://law.di.unimi.it/datasets.php



3

(a) Kendall Tau (b) Spearman’s Correlation

Fig. 1. Variable sampling over the random networks

(a) Kendall Tau (b) Spearman’s Correlation

Fig. 2. Fixed sampling over the random networks of size 10000

(a) Kendall Tau (b) Spearman’s Correlation

Fig. 3. Variable sampling over the networks with well defined communities

As for Figure 6 the results are clearer. The fastest heuristic
again was bRandom followed by Kcore, which never fully
processes the vertex list. The slowest heuristics were CSLD
and LD which are also the ones which perform the most
computations.

B. Real Networks

For the real networks, since it would be infeasible to
compute the exact betweenness to compare with the esti-

mations, I only observed how the top 100 vertex list order
changes with an increasing sample size. I used the Kendall
Tau and Spearman’s Correlation for pair-wise comparison of
the produced top 100 vertex lists of consecutive sample rates.
The sample sizes used were 0,01%, 0,005% e 0,0025% for
the Amazon network and 0,001%, 0,0005% e 0,00025% for
the Wiki network, since the real networks were considerably
larger than the synthetic ones. It turned out to be infeasible
to do these tests over the Twitter network due to the sheer
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(a) Kendall Tau (b) Spearman’s Correlation

Fig. 4. Fixe sampling over the networks of size 10000, with well defined communities

Fig. 5. Complete Performance

Fig. 6. Strictly Heuristic Performance

number of nodes and connections.
Only the CSLD and bRanDeg heuristics were tested over

the real networks, since these were the best Brandes and
community finding/k-core heuristics, respectively. I chose not
to test Kcore since the k-core algorithm is deterministic, which

means that the heuristic would produce results deceptively
close to 1.

The left graphics of Figures 7 and 8 show the comparisons
for Amazon and, whereas on the right graphics, the compar-
isons for the Wiki network are shown. Left sub-figures show
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(a) Kendall Tau (b) Spearman’s Correlation

Fig. 7. Louvain Method over real networks, using bRanDeg

(a) Kendall Tau (b) Spearman’s Correlation

Fig. 8. Louvain Method over real networks, using CSLD

the Kendall Tau scores and right the Spearman’s Correla-
tion scores. Communities were identified using the Louvain
Method.

As we can see, the top 100 vertex lists are very different
from each other but scores improve with larger sample rates
(as far as I can tell).

The same tests were run using the LLP algorithm for the
community finding. As we can see from Graphics 9 and 10,
the results were slightly worse but very similar to the previous
tests.
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(a) Kendall Tau (b) Spearman’s Correlation

Fig. 9. LLP over real networks, using bRanDeg

(a) Kendall Tau (b) Spearman’s Correlation

Fig. 10. LLP over real networks, using CSLD

VI. CONCLUSIONS

As previously mentioned, vertex sampling is essential in
calculating the betweenness centrality since it’s irrealistic to
consider computing the exact values for every vertex in a graph
like the ones used in this study (very large networks). The
obtained results suggest that, globally, community-finding and
k-core identification give us an information gain that positively
influences the estimation of betweenness centrality values
more so if the network possesses well defined communities.
However, this improvement is smaller than initially expected.
It’s essential that we keep exploring different and improved
techniques until we find an efficient and scalable solution
that gives quality approximations, regardless of the network
topology.

Some examples of possible future alternatives are: path
sampling [13], instead of the usual vertex sampling, and
representative sampling [14], which seeks to identify the most
representative nodes in a network where each node can have
a set of different attributes.

In the future, I’ll also aim to develop the techniques I
explored in this work, to allow for the performance of tests
on larger networks and with larger sample rates.

In future work, I’ll also aim to validate the possibility
of parallelization of the solutions suggested in this article.
Specifically, I want to test if the obtained speedup by using

more processors is linear (i.e. if we use twice the number
of processors, will the speedup be 2?). Generally the im-
provements in performance are always limited. However, if
the parallelizable portion of the code is small, we can obtain
good enough speedups (according to Amdahl’s law 4, if 95%
of the code is parallelizable, the maximum speedup would be
20 times the original time).
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