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Abstract. In this paper we propose a framework for analysing the struc-
ture of a large-scale social media network, a topic of significant recent
interest. Our study is focused on the Wikipedia category network, where
nodes correspond to Wikipedia categories and edges connect two nodes
if the nodes share at least one common page within the Wikipedia net-
work. Moreover, each edge is given a weight that corresponds to the
number of pages shared between the two categories that it connects.
We study the structure of category clusters within the three complete
English Wikipedia category networks from 2010 to 2012. We observe
that category clusters appear in the form of well-connected components
that are naturally clustered together. For each dataset we obtain a graph,
which we call the t-filtered category graph, by retaining just a single edge
linking each pair of categories for which the weight of the edge exceeds
some specified threshold t. Our framework exploits this graph structure
and identifies connected components within the t-filtered category graph.
We studied the large-scale structural properties of the three Wikipedia
category networks using the proposed approach. We found that the num-
ber of categories, the number of clusters of size two, and the size of the
largest cluster within the graph all appear to follow power laws in the
threshold t. Furthermore, for each network we found the value of the
threshold t for which increasing the threshold to t+1 caused the “giant”
largest cluster to diffuse into two or more smaller clusters of significant
size and studied the semantics behind this diffusion.

Keywords: graph structure analysis; large-scale social network analy-
sis; Wikipedia category network; connected component

1 Introduction

Wikipedia is one of the most popular large social media networks and has expe-
rienced exponential growth in its first few years of existence in terms of articles,
page edits, and users [4]. Moreover, this large network has been studied exten-
sively; for example, analysis of the social networks emanating from the Wiki-talk
page or discussions page reveals rich social interactions between editors [1, 9, 12].
On the other hand, the Wikipedia network of category links, which indirectly
implies social relations when authors assign their articles into specific categories,
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has received much less attention from the research community, in particular in
terms of large-scale structural social network analysis. Current research on the
Wikipedia category network has mainly concentrated on content-based analysis.

The Wikipedia category network mainly consists of categories, where two cat-
egories are connected by an edge if they have some “similiarity”. In our setting,
similarity is expressed by the number of pages shared between two categories.
In other words, the weight of an edge is equal to the number of common pages
between the categories, and hence expresses the similarity between them: the
higher the weight, the higher the similarity.

Wikipedia categorisation refers to assigning an article to at least one category
to which it logically belongs. The Wikipedia categorisation system is likely to be
improved in the long run, as category policies are still being refined1. There is
no limit to the size of the categories, but when a category becomes very large, it
may be diffused (or broken down) into smaller categories or subcategories. This
phenomenon is called large category diffusion.

Our objective in this paper is to examine the structural properties of the
category clusters within the Wikipedia category network by identifying well-
connected components in the graph. These components can be used for com-
parison with the Wikipedia category tree, based on the expectation that cate-
gories falling into same cluster should have a high degree of proximity within
the Wikipedia tree.

Our key contributions are summarized as follows:

– We present t-component, a framework for identifying natural category clus-
ters in the form of well-connected components in a category-links network
that employs an edge-weight threshold t regulating the “strength” of the
components.

– Using the proposed framework, we study several structural properties of the
Wikipedia network, such as the number of non-trivial category clusters, the
size of the largest category cluster, and the number of the smallest category
clusters, and how they evolve as the edge-weight threshold increases.

– We observe the diffusion of the largest category cluster as a “giant”-cluster
splitting into smaller sub-clusters and examine their contents.

– We find that the largest connected component shrinks at a power-law rate as
the edge-weight threshold t increases. This is consistent with similar obser-
vations for various properties of social networks, such as the Barabasi-Albert
model, which is considered a reasonable generative model of the Web.

2 Related Work

Analysis of web social networks has become a popular research area, especially in
the context of online social networking applications. Some large-scale networks
have been analysed recently. For example, social interactions have been analysed
in Twitter [11], Wattenhofer et al. [19] analysed the nature of the YouTube

1 http://en.wikipedia.org/wiki/ Wikipedia:FAQ/Categorization
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network, Sadilek et al. [13] modelled the spread of diseases by analysing health
messages from Twitter, Volkovich et al. [18] analysed structural properties and
spatial distances of the Spanish social network Tuenti, and finally Goel et al. [3]
studied user browsing behaviour changes.

Wikipedia, which is one of the most popular social media networks has been
studied extensively. For example, Hu et al. [4] analysed and predicted user col-
laborations, Leskovec et al. [10] investigated the promotion process from the
point of view of the voters engaged in group decision-making, and Jurgens et
al. [6] investigated trends of editor behaviour. The page links structure has also
been studied. For instance, Buriol et al. [2] examined the page links structure
and its evolution over time and Kamps et al. [7] compared the Wikipedia link
structure to other similar web sites. Also, a survey on graph clustering methods
by Schaeffer [14] provides a thorough review of different graph cluster definitions
and measures for evaluating the quality of clusters.

There were a lot of studies of the Wikipedia user talk pages in the context of
its induced social network, which contains rich social interactions in the “talk”
domain. Examples include analysing the policy governance discussed on user
talk pages [12] and detecting structural patterns forming a tree structure [9].

In general, category links in the Wikipedia category network have been stud-
ied using text analysis. For example, Schonhofen [15] attempted to identify doc-
ument topics, while Kittur et al. [8] represented topic distribution mapping with
category structure, and Jiali et al. [5] studied document topic extraction. While
Zesch and Gurevych [20] analysed the Wikipedia category graph from a natu-
ral language processing perspective, the large-scale Wikipedia network structure
has been studied much less. For example, Suchecki et al. [17] investigated the
evolution of the English Wikipedia category structure from 2004 to 2008; but,
focusing merely on the structure of the documentation of knowledge.

3 Preliminaries

In this paper, we focus on the Wikipedia category network, which we describe
next. Then we provide the necessary background definitions to be used in the
remainder of this paper.

3.1 The Wikipedia Category Network

Wikipedia contains knowledge in the form of Wiki pages and is edited collabora-
tively by millions of volunteer authors in 285 different languages, among which
the English Wikipedia contains the largest number of articles. In Wikipedia, each
article is assigned to at least one category, while a categorised article should be
assigned to all of the most specific subcategories to which it logically belongs.

Assigning pages to the categories induces a social network of pages and cat-
egories established by the editors. This network can be considered as a graph,
representing a set of relationships between pages and categories, or only between
categories.
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3.2 Problem Setting

Let P = {p1, . . . , pn} be the set of n Wikipedia pages and C be the set of m
Wikipedia categories. Each page pi ∈ P belongs to at least one category cj ∈ C.
A graph G = (V,E) is defined as a set of vertices V and a set of edges E, such
that each edge ek ∈ E connects two vertices vi, vj ∈ V , which is denoted as
vi →ek vj .
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Fig. 1: Examples of two category graphs.

Definition 1 (page-category graph)

A page-category graph is a bipartite graph GPC that represents the network of
connectivity between Wikipedia pages and Wikipedia categories. The set of ver-
tices is P ∪C and there is an edge p→ c whenever page p ∈ P belongs to category
c ∈ C.

Each page in P belongs to at least one category in C. A page that belongs to a
single category is called an isolated page.

Definition 2 (edge-weighted category graph)

An edge-weighted category graph GEW is a graph where the set of vertices corre-
sponds to the Wikipedia categories C. Each edge ek between two vertices vi and
vj (corresponding to categories ci and cj, respectively) is assigned with a weight
wk ∈ N equal to the number of common pages in both ci and cj, or equivalently

wk = |{p ∈ P | p ∈ ci and p ∈ cj}|

Note that an edge ek with weight wk = 1 is called a feeble edge and a category
that is not sharing any page with any other category is called an isolated or
trivial category. It follows that pages connected to an isolated category are
necessarily isolated.

Definition 3 (t-filtered category graph)

A t-filtered category graph GEW
t is obtained from an edge-weighted category graph

GEW by the removal of every edge ek with weight less than t ∈ N, i.e., ek is in
GEW

t if and only if

wk ≥ t , ∀ek ∈ E.
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In Figure 1 we see two examples of category graphs. The first one (on the left) is
a category graph where no filtering has been applied, while the second one (on
the right) is the corresponding 4-filtered category graph of the one on the left.
We note that the t-filtered graph is closely related to the m-core of a graph [16].

Definition 4 (category cluster)

A category cluster C(GEW , t) is a well-connected component of an edge-weighted
category graph GEW , and is obtained as a connected component of the corre-
sponding t-filtered category graph GEW

t for a specified threshold t ≥ 2.

Using the above definitions we can now formulate the problem studied in this
paper as follows.

Problem 1 Given a Wikipedia page-category graph GPC and a theshold t ∈ N,
identify the largest category cluster in the corresponding t-filtered category graph
GEW .

A Large                
Page-category graph

Isolated 
Categories

Edge-weighted range 
category graphs

N Edge-weighted 
Category subgraphs

Isolated 
Pages

Partitioning 
The page-category graph

Transforming 
Page-category subgraphs into 

Edge-weighted category graphs

Assigning all edges into
Edge-weighted range category graphs

N Page-category 
subgraphs

Feeble edges

Phase I: Partitioning

Edge-weighted range 
category graphs

Phase II 

Phase II: Filtering

 t-filtered category 
graphs

Filtering 
Edge-weighted range category graphs

Phase III: Merging

Category Clusters

Combining 
All category clusters of the  subgraphs 

Combined 
Category Clusters

Identifying
Well-connected components 

Fig. 2: An overview of the six steps of the t-component framework.

4 The t-component Framework

The t-component framework consists of the three main phases as shown in Figure
2: (I) partitioning the edge-weight category graph, (II) filtering the subgraphs,
and (III) merging the subgraphs. Next we descibe each phase in more detail.
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4.1 Phase I: Partitioning

Due to the difficulty of manipulating the entire page-category graph, which is
very large, in this phase, the input bipartite page-category graph GPC is par-
titioned into a set of N page-category subgraphs {GPC

1 , . . . , GPC
N }. The split is

performed ensuring that: (1) each page p ∈ P appears in only one subgraph and
(2) all subgraphs have approximately the same number of pages. In addition, all
isolated pages are eliminated.

Next, each page-category subgraph GPC
i is transformed into its correspond-

ing edge-weighted category subgraph GEW
i , following Definition 2. Note that all

isolated categories are eliminated. An important observation here is that, during
this process, the same edges may appear in more than one edge-weighted cat-
egory subgraph. In other words, we could have different sets of pages shared
between the same two categories ci, cj within different subgraphs. We note
that GEW is the union of all edge-weighted category subgraphs GEW

i , for i =
1, 2, . . . , N . Due to its size we cannot explicitly construct GEW .

Therefore, we construct a collection of edge-disjoint category graphs whose
union is GEW . Towards this end, we split the initial set of categories C into a
set of R category ranges R = {r1, . . . , rR} of approximately equal length, where
each range rt = [rlt, r

u
t ) defines a lower (rlt ∈ [|C|]) and upper (rut ∈ [|C|]) value

of the category id belonging to that range. Note that [n] = {1, 2, . . . , n}. In
order to ensure that all subgraphs are edge-disjoint, we reassign each edge in the
current set of edge-weighted subgraphs to a new subgraph GEW

ra,rb
that contains

only those edges ci → cj , where ci ∈ ra and cj ∈ rb. More formally, GEW
ra,rb

is
defined as follows.

Definition 5 (edge-weighted range category graph)

Given two ranges ra, rb ∈ R (where possibly a = b), the edge-weighted range cat-
egory graph GEW

ra,rb
is the new edge-weighted category graph containing precisely

those weighted edges ci →ek cj in GEW for which ci ∈ ra and cj ∈ rb.

Assuming R ranges, this results in R(R+1)/2 edge-disjoint edge-weighted range
category graphs. The union of these graphs is a new edge-weighted category
graph GEW =

⋃
ra,rb∈R GEW

ra,rb
(V,E), which corresponds to the Wikipedia cate-

gory network; i.e., our partitioning operations do not lose any information.

4.2 Phase II: Filtering

In the second phase, we introduce a threshold parameter t ∈ N that will be used
to obtain the filtered category graph GEW

t . To do this, for each GEW
ra,rb

⊂ GEW ,

all edges with weight less than t are removed. Hence, each GEWt
ra,rb

is converted to

its corresponding t-filtered category graph GEW
ra,rb,t

. It is easy to see that GEW
t =⋃

ra,rb∈R GEW
ra,rb,t

(V,E). Note that during this phase all isolated categories are
removed.
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4.3 Phase III: Merging

In the third phase, we first identify the connected components within each
GEW

ra,rb
⊂ GEW using Breadth First Search (BFS). Each connected component

corrresponds to a category cluster C(GEW
ra,rb

, t) , by Definition 4. Merging all con-

nected components of all these subgraphs of GEW
t by combining components

that share at least one category, we obtain the complete set of category clusters
for threshold t as the connected components of GEW

t . Finally, the obtained cat-
egory clusters are merged by connecting pairs of clusters that share at least one
category into a singe category graph. This process is repeated until all pairs of
category clusters are disjoint.

5 Experiments

5.1 Setup

We used the English Wikipedia category network for evaluating the performance
of the proposed framework. We studied three years: 2010, 2011, and 2012. Each
year was studied separately as an individual dataset. The data is freely available
online 2.

For each year we used the same number of partitions of the initial page-
category graph, i.e., N = 2, 000. During this process we eliminated all isolated
pages and then transformed each page-caterogy graph to its equivalent edge-
weighted category graph by assigning the edge weights accordingly and elimi-
nating all isolated categories. Next, we eliminated duplicate instances of category
pairs within different partitions by spliting the categories into ranges (as indi-
cated by Phase I of the framework). We used 70 ranges, i.e., R = 70, resulting
in a total of 2, 485 edge-disjoint edge-weighted range category graphs.

In addition, we studied different values for the t threshold, ranging from 2 to
4096. Note that all feeble edges (having weight equal to 1) were removed from
the network as required by the framework.

The framework was implemented in Java on an Intel i5 processor. The execu-
sion time depends critically on the number of edges and the size of the clusters.
For example, for t = 2 it took over a week, while for t = 4096 it took less than
a minute to perform all the computations.

5.2 Results

Our experimental findings on the three English Wikipedia category networks
are presented next. We present the structural properties of the networks and
investigate the structural behaviour of the clusters with respect to the threshold
t.

2 http://dumps.wikimedia.org/index.html
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Structural Properties The structural properties of the three Wikipedia cat-
egory networks are summarised in Table 1. It can be observed that, from 2010
to 2012, the number of pages and categories increased by around 40% and 50%,
respectively. However, it is interesting to note that, although the number of
isolated pages increased by around 60%, the number of isolated categories was
almost unchanged. A possible explanation for this is that, when new categories
are added to the network, they are likely to be linked to existing pages as well
as new pages. They will therefore be related to existing categories. We also note
that the number of page-category links (i.e. edges in the page-category graph)
increased by around 50%. A consequence of this, which can be checked using
Table 1, is that the average degrees, both pages per category and categories per
page, were substantially unchanged.

Table 1: Structural Properties of English Wikipedia Category Link Networks

Network Properties English 2010 English 2011 English 2012

Number of pages 8,989,264 12,182,689 12,453,596
Number of categories 567,939 801,902 858,869
Number of page-category links 39,484,287 56,969,309 60,386,600
Number of isolated pages 1,083,655 1,735,857 1,755,160
Number of isolated categories 7,443 7,858 7,375
% Isolated pages 12.05% 14.25% 14.09%
% Isolated categories 1.31% 0.98% 0.86%

Structural Behaviour of Category Clusters We studied how the category
clusters depend on the weight threshold t. Specifically, we studied all values of t
from 2 to 4096. Some of our most important findings are shown in Figure 3 where
we can see that four log-log plots follow a power law. The charts show the number
of categories (excluding isolated categories) in the complete category networks
in (a), the number of the category clusters in (b), the number of clusters of size
2 in (c), and the size of the largest clusters in (d). A very significant finding
here is that all these four log-log plots appear to exhibit power-law behaviour
with respect to t. It also seems that the power law exponent is not significantly
changing over the time period studied in this paper.

In addition, we note in Figure 3(d) that there is a threshold value for each of
the three datasets where the size of the largest category cluster drops sharply.
This suggests that each large category (for each of the three years) has diffused
into smaller categories or a subcategories. Taking a closer look at these diffusion
points, we observed that, in all three cases, the largest cluster was split into
two large subclusters. Hence, we plot those diffusion points and display them
individually for the 2010 (Figure 4) and 2012 (Figure 5) networks. Due to space
limitations, we omit year 2011. In both figures we can see the significant diffusion
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(a) number of non-isolated categories (b) number of clusters

(c) number of smallest clusters (d) size of largest cluster

Fig. 3: Log-log plots of (a) the number of non-isolated categories, (b) the number
of category clusters, (c) the number of clusters of size 2, and (d) the size of the
largest cluster, for different weight threshold values for the English Wikipedia
Category Network 2010 - 2012.

points (t threshold values) and the corresponding sizes of the first and second
largest category clusters.

Semantics of the Cluster Diffusion We studied the semtantics of the cate-
gory cluster diffusion. Specifically, we compared the categories that appeared in
the original large cluster and then those that appeared in the two largest clusters
right after the diffusion. Almost all categories were preserved before and after
the diffusion, but were split between the two clusters—so very few categories
diffused into smaller components.

In addition, we note that, after the diffusion, a small fraction of the categories
present in the initial cluster were not part of any of the new diffused clusters. In
the case of year 2010, these were twelve categories missing, for 2011 there were
none, while for 2012 there was only one.
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Hence, based on the previous observation, we investigated whether there
exists any semantic connection or relation between the categories within the
two diffused clusters. Specifically, we observed that the frequent categories in
the two clusters were substantially different. One cluster would typically contain
more general category types, such as “start-class”, “stub-class”, “people”, and
“articles”, while the second cluster would contain more specific category types,
such as “players”, “american articles”, and “footballers”. Some examples of the
dominant category titles can be seen in Figure 4(b) for the 2010 network and in
Figure 5(b) for the 2012 network.
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Fig. 4: (a) English Wikipedia Category 2010 Log-log plots of the largest and
second largest cluster sizes and (b) examples of the category titles of the diffused
clusters.

6 Summary and Conclusions

In this paper we presented a framework for manipulating a large Wikipedia page-
category network. The proposed framework was used to analyze the structure of
the network. We obtained, in the Wikipedia category network, global category
clusters in form of well-connected components.

In our experiments, we demonstrated the applicability of the proposed frame-
work to several instances of the English Wikipedia category network and ob-
served that, over the years 2010 to 2012, the number of pages, categories, page-
category links and isolated pages all increased by 40-60%, but the number of
isolated categories was fairly constant. The most significant finding was that the
number of non-isolated categories, the number of clusters, the number of clus-
ters of size two, and the size of the largest cluster, and the size of the largest all
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Fig. 5: (a) English Wikipedia Category 2012-Log-log plots of the largest and
second largest cluster sizes and (b) examples of the category titles of the diffused
clusters.

appear to follow power laws with respect to the threshold t. This behaviour is
observed for each of the three years of the English Wikipedia category network
studied in the paper. Furthermore, for each network we found the value of the
threshold t for which increasing the threshold caused the largest cluster to dif-
fuse into two smaller category clusters of significant size. We also observed that
this diffusion is typically the result of a “giant” cluster splitting into smaller
sub-clusters.

Future work includes the study of our framework on other languages of
the Wikipedia category networks. Based on our current investigation of the
Wikipedia category graphs, several other languages appear to show a similar
cluster structure. In addition, other possible graph clustering techniques are be-
ing considered, in particular, the k-core of the category graph and how it relates
to the components of the t-filtered category graph.
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