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In a network described by a graph, only topological structure information is considered to determine how the

nodes are connected by edges. Non-topological information denotes that which cannot be determined directly from

topological information. This paper shows, by a simple example where scientists in three research groups and one

external group form four communities, that in some real world networks non-topological information (in this example,

the research group affiliation) dominates community division. If the information has some influence on the network

topological structure, the question arises as to how to find a suitable algorithm to identify the communities based only

on the network topology. We show that weighted Newman algorithm may be the best choice for this example. We

believe that this idea is general for real-world complex networks.
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1. Introduction

It has become well known in the last decade that
descriptions in terms of complex networks are usu-
ally suitable for complex systems and that the net-
works usually show three basic characteristics: small-
world, scale-free, and community structure.'2) De-
tecting communities is of great importance in many
scientific and technological areas, such as sociology,
biology, computer science, and so on. Many commu-
nity detecting algorithms have already been published,
] the most influential of them by Newman.®~7) He
adopts a traditional qualitative definition of commu-
nity, i.e., ‘the division of network nodes into groups
within which the network connections are dense, but
between which they are sparser.’¥ His famous com-
munity partitioning algorithms are based on a widely
accepted quantity, ‘modularity’. Newman and Girvan
proposed its definition as(¥
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where e;;, the element of matrix F, denotes the frac-
tion of edges between the divided communities 7 and
7, and @ denotes the ratio of the edge number inside
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the communities to the total edge number. In the so-
called Clauset-Newman-Moore (CNM) algorithm, ")
in every division step (e.g., joining two possible com-
munities by an edge), the authors suggested calculat-
ing the ‘change’ of the modularity. The best division
of communities corresponds to the largest modular-

ity change.!”]

This community partitioning algorithm
maps a network onto a dendrogram. However, Palla et
al. noticed that, in many real-world networks, com-
munities strongly overlap each other, and therefore
mapping onto a dendrogram is sometimes impossible.
They defined a so-called ‘I-clique community’ as ‘a
union of all I-cliques (complete subgraphs of size [)
that could be reached from each other through a series
of adjacent I-cliques (where adjacency means sharing
I-1 nodes) and proposed a corresponding ‘C-Finder’
community partitioning algorithm.[®! Using this algo-
rithm, one can identify all the [-clique communities
by inputting the number [. These two algorithms,
CNM and C-Finder, are famous and representative.
In addition to these, we will mention another com-
munity partitioning algorithm, which was proposed
by our research group.”’ The so-called ‘Chang Hui
(CH) algorithm’ is applicable only in affiliation bi-
partite networks.['% Such a graph contains two types
of nodes. One is called ‘acts’, which can be organiza-
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tions, events, or activities, and the other is named ‘ac-
tors’, which are participants. Some acts include com-
mon actors and are described as ‘overlapping’. The
authors of Ref. [9] define the ‘hierarchy level’, h, as
the least overlapping actor numbers of the acts. An
h-hierarchy level community is defined as the union of
the overlapping acts, which share at least A common
actors. In higher hierarchy levels the communities are
composed of stronger overlapping acts. Using the CH
algorithm one can distinguish all the hierarchy level
communities directly based on the empirical data.

In all the three mentioned algorithms, and many
others, the communities are identified only accord-
ing to the topological structure information specify-
ing which nodes are connected by edges.[? However,
often the community identification depends on non-
topological information, which is not directly included
in topological structures. For example, the fellows in
a research group usually communicate very often in
their common workplace and in many other instances.
They form a dense idea communication community;
however, often they do not publish papers together
(e.g., each of them only publishes papers with his/her
common supervisor). If we set up a co-authorship bi-
partite network in an ordinary way by defining the
authors as actors and an edge between two authors as
the co-authorship of a paper, the communities identi-
fied only by topological information are often very dif-
ferent from the research groups. Some group members
may publish papers with some scientists outside the
group. These group members may belong to another
denser part of the network if their out-group papers
contain more authors and thus induce more edges. So,
one can understand that in a traditional co-authorship
bipartite network the topological community identifi-
cation is sometimes strongly influenced by the author
number in papers instead of being fully determined by
scientific communication relationships. This is inap-
propriate if we want to show scientific cooperation by
communities. A question arises: is it possible to cor-
rectly identify scientific research communities only by
topological information (supposing that the research
group affiliation is unknown)? Our answer is: al-
though one cannot directly know which authors be-
long to a common research group only by their co-
authorships (the topological structure), we may iden-
tify the group communities because the group affilia-
tion strongly influences the topological structure. Of-
ten the group members only publish papers with their
common supervisor; this makes each group resemble

a star-like subgraph. There can be an optimum way
to identify such communities.

To the best of our knowledge, there are only a
few reported investigations relating to this topic. One
example is that community identification in the net-
works of committee and subcommittee assignments in
the United States House of Representatives!'!l or in
the networks between Members of the United States
Congress!'? should depend on some political factors,
which are not shown in topological structures. The
authors of Refs. [11] and [12] successfully determined
the ‘hidden’ political information by network topolog-
ical analyses.

In this paper, we will discuss the question using
the aforementioned example. The rest of the article is
as follows. In Section 2 we build a representative co-
authorship network. The research group affiliation in-
formation is actually known but the community iden-
tification will be made based only on the topological
structure. Then, in Section 3, we report the topolog-
ical community identification results of the network
using three partition algorithms introduced previously
and compare the results with the research group affili-
ation communities. In Section 4, the community iden-
tification is be performed using a weighted topological
method proposed by Newman!['3! with three different
weight definitions. In Section 5, a summary will be
presented.

2. A representative co-authorship

network

We collected all the published co-author informa-
tion of a well known scientist, A-L Barabasi, between
1999 and 2006 and built a co-authorship affiliation bi-
partite network.'¥] The authors are defined as nodes.
Two nodes are connected by an edge if they are au-
thors of at least one common paper. The topologi-
cal structure denotes the information about which au-
thors (nodes) are connected by edges (co-authorships).
The author research group affiliation information is
non-topological. In order to clearly show the author
research group affiliation information, a few authors,
who were affiliated to more than two institutions in at
least one paper, were eliminated. There are 75 authors
in the network who were co-authors of 52 published
papers. The small data number permits us to clearly
illustrate the network with community structure. As
can be seen in Fig. 1, the authors mainly belong to
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three larger research groups directed by Barabasi, Olt-
vai and Vicsek, respectively. In addition, there are
authors who belong to some other smaller groups. In
Fig. 1 the authors in the Barabasi group are denoted
by solid circles, those in the Oltvai group by solid dia-
monds, those in the Vicsek group solid triangles, and
those in other smaller groups by solid squares. If one
agrees that each research group should be identified as
a scientific community, this network should be clearly
partitioned to three communities. The rest of the au-
thors may be considered as forming a ‘remanent’ com-
munity. One sees in Fig. 1 that, by the network def-
inition, the densest subgraph at the lower-right only
represents a paper with a very large author number.

Fig. 1. The representative co-authorship network
showing three scientific communities and a rema-
nent community.

3. The

identification results

topological community

We performed the topological community identi-
fication of the network shown in Fig. 1 using the three
partition algorithms introduced in Section 1. Figure
2 shows the partitioning result using the CNM algo-

rithm.

Fig. 2. Community partitioning result using the
CNM algorithm.

In Fig. 2, the three research group communities
and the remanent community nodes are shown by the
same solid symbols as mentioned in the last section;
each CNM algorithm partitioning community is shown
by a wider surrounding line. These are shown as solid,
dashed, dotted and dash-dotted lines. One sees that
the best CNM algorithm community division (corre-
sponding to the largest change of the modularity),
Although there are

some ‘mistakes’, the division basically shows the three

gives rise to four communities.

research group communities and the remanent com-
munity.

Figure 3 shows the partitioning result using the
C-Finder algorithm. With all the possible [ numbers,
we can only find three identified communities, which
are indicated by the wider solid surrounding lines in
Fig. 3 and show the best possible consistency with the
three research group communities although the consis-
tency is still poor. The C-Finder algorithm partition-
ing communities are too small. Also, Professor Vicsek
belongs to two communities using this division due to

the different | number selection.

Fig. 3. Community partitioning result using the
C-Finder algorithm.

Figure 4 shows the partitioning result using the
CH algorithm. Again, each CH algorithm partition-
ing community is shown by a wider solid surrounding
line. One sees that, with all the possible A numbers,
we can only find two communities, which show the
‘best’ consistency with the three research group com-
munities. The consistency may be even worse. Many
authors belong to both the communities using this di-

vision due to the different A number selection.
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Fig. 4. Community partitioning result using the
CH algorithm.

In order to quantitatively compare the three par-

titioning algorithm results, we define a ‘consistency

coefficient’ as

c=2i/(a+D), 2)

where 7 denotes the node numbers in an algorithm par-
titioning community, which are superpositioned with
the nodes in a research group community, a denotes
the total node number in the algorithm partitioning
community, and b denotes the total node number in
the research group community. If all the nodes are su-
perpositioned, ¢ = 1. If there are no superpositioned
nodes, ¢ = 0. Table 1 gives the consistency coefficient
results.

It is clear that the CNM algorithm gives the best
results as can be seen in the figures. The C-Finder
results are much worse, and the CH algorithm gives
the worst results.

Table 1. Consistency coefficient results.

algorithm  edge weight Barabasi group  Vicsek group  Oltvai group
CH 1 0.28 0.23 0.40
C-Finder 1 0.34 0.35 0.57
CNM 1 0.50 0.77 0.65
W-N ki x kj 0.52 0.41 0.64
W-N max(k;,k;) 0.67 0.79 0.79
W-N ki/k; 0.67 0.79 0.84

4. Community identification by

weighted Newman algorithm

One may ask why the CNM algorithm performs
much better than the C-Finder and CH algorithms.
Is it absolutely better than the other two? The an-
swer may be that the CNM algorithm is much better
only for this example. In this case, in each research
group an author mainly connects only with the com-
mon supervisor, therefore the supervisor shows a much
larger degree, which is defined as its total neighbour-
ing edge number, than the other ordinary group mem-
bers. The ‘correct’ communities partitioned by non-
topological information (the research group affiliation)
are highly centralized (near to star-subgraphs) and far
from complete subgraphs. According to Section 1, the
C-Finder and CH algorithms show an advantage only
for communities formed by strongly overlapping com-
plete subgraphs. This is why they perform badly here.

This discussion provides an idea with which we
may even improve the consistency coefficient results.
Since the key point in the relatively successful iden-

tification of research group communities by the CNM
algorithm is the large degree differences between the
supervisor and the ordinary group members in each
research group, even better consistency coefficient re-
sults should be obtained if the ‘position differences’
between the supervisor and other members can be
magnified. In a ‘simple graph’ an edge between two
nodes only indicates the existence of their interaction.
In most real-world networks, the interaction should
be explained by some other information, named ‘edge
weight’, such as strength or frequency of the inter-
action. In a weighted network, node strength is de-
fined as the sum of neighbouring edge weights of the
node. It reduces to degree if the total edge weight
equals 1 in an unweighted network. If we define an
edge weight according to the topological structure of
the network to magnify the node strength value differ-
ences between the supervisor and the ordinary group
members, we should get even better consistency co-
efficient results using the weighted—Newman (W-N)
algorithm. 3]

The W-N algorithm also calculates the modular-
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ity change in every division step and the best division
of communities corresponds to the largest modularity
change. However, in a weighted network, the modu-
larity is defined as

Q=5 - gl @
where W;; denotes the edge weight between nodes ¢
and j, if i and j are not connected, W;; = 0, s; denotes
the node strength of ¢ and m = Zij Wi;; is the total
edge weight. Let ¢; be the community to which node
i is assigned; one has §(c;,¢;) = 1 if ¢ and j belong to
a common community, §(¢;,¢;) = 0 otherwise.

Table 1 lists the consistency coefficient results of
W-N algorithm partitioning with three different edge
weight definitions: (1) W;; = ki x kj; (2) Wy =
max(k;, k;) ; (3) Wi; = ki/k;, where k; denotes the
degree of node 7. As can be seen in Table 1, both the
definitions (2) and (3) give rise to better consistency
coefficients than the CNM algorithm where the edge
weight equals 1. Among the three definitions, (1) is
the worst and (3) is the best. It is easy to analytically
show that definition (1) induces the smallest magni-
fication of the node strength differences between the
supervisor and the ordinary group members and defi-
nition (3) gives the largest. This is in agreement with
the results shown in Table 1.

Figure 5 shows the community partitioning result
using the W-N algorithm with the edge weight defini-
tion k;/k;. The four identified communities are indi-

cated by solid, dashed, dotted and dash-dotted lines,
respectively.

Fig. 5. Community partitioning result using the
W-N algorithm with the edge weight definition
ki/k;.

5. Summary

We argue that in some real-world networks some
unknown non-topological information dominates com-
munity division. If the non-topological information
strongly influences the topological structure, our task
is to find the most suitable algorithm to identify the
communities based only on network topological infor-
mation. In this paper a very simple example is inves-
tigated where the correct communities are star-like.
For this example we show that the W-N algorithm is
the best choice. We believe that, for other examples,

different algorithms may be chosen for this task.
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