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Abstract

A network representation based on a basic word-
overlap similarity measure between blogs is intro-
duced. The simplicity of the representation renders
it computationally tractable, transparent and insen-
sitive to representation-dependent artifacts. Using
Swedish blog data, we demonstrate that the repre-
sentation, in spite of its simplicity, manages to cap-
ture important structural properties of the content
in the blogosphere. First, blogs that treat similar
subjects are organized in distinct network clusters.
Second, the network is hierarchically organized as
clusters in turn form higher-order clusters: a com-
pound structure reminiscent of a blog taxonomy.

1 Introduction
Several tools and algorithms have been developed for har-
nessing the vast amount of data that constitutes the blogo-
sphere (cf.[Agarwal and Liu, 2008; 2009]), e.g., by collect-
ing, relating and visualizing blog entries[Tauroet al., 2008;
Llor et al., 2007; Uchidaet al., 2007; Brosset al., 2010] or
tag clouds,[Fujimuraet al., 2008], or by classifying blogs in
terms of interblog communication and community stability
[Chi et al., 2007], sense of community among bloggers[Chin
and Chignell, 2006], discussion keyword correlation[Bansal
et al., 2007], and a host of machine learning and statistics ap-
proaches, cf.[Tsai, 2011]. To date, however, almost all these
tools and algorithms require human intervention and consid-
erable time investment to overcome problems with bootstrap-
ping, tuning, and not least semantics. Understanding a graph,
perhaps with thousands of vertices and edges, pertaining to
describe relevance to one’s own blog according to some set of
possibly esoteric or advanced criteria is not straightforward.
We address this problem by presenting a method for generat-
ing a network of relevant blogs by means of the simplest sim-
ilarity criterion there is: word overlap. We will demonstrate
that even this naı̈ve approach allows us to capture fundamen-
tal and important structural properties of the blogosphere.

2 Method
We represent the blogosphere as a network, where nodes con-
stitute blogs, and where blogs are linked if they have similar

textual content. Links are weighted, where the strength of a
link is given by a similarity measure.

2.1 Similarity measure

To estimate the similarity between blogs we simply compare
the overlap of occurring words. Given two blogsi andj, let
Wi denote a set of words (to be specified below) that occur in
i, andWj a set of words that are used inj. The similaritysij
betweeni andj is then defined as the Jaccard index

sij =
|Wi ∩Wj |

|Wi ∪Wj |
. (1)

In other words,sij is the fraction of all words inWi andWj

that are shared by the two sets. It holds that0 ≤ sij ≤ 1,
wheresij = 1 if Wi andWj are identical andsij = 0 if
they do not share a single word. This similarity measure is
equivalent to Tversky’s Ratio model[Tversky, 1977], which
has been found to be a good trade-off between simplicity and
performance among text document similarity measures[Lee
et al., 2005].

2.2 Word filtering

We do not consider the full word sets of blogs—literallyall
occurring words—for several reasons. Comparing very com-
mon words (“the”, “it”, “do”, etc.) will only provide a neg-
ligible amount of similarity information. The use of uncom-
mon words, on the other hand, is likely to tell us a lot about
the characteristics of a blog. However, at the same time we
do not want to consider words that are too uncommon—for
instance those occurring only a handful of times in the bl-
ogosphere during the course of several months—since these
are often misspellings and typos that only add noise to the
statistics. Another reason for not considering all words is
a pragmatic one. Analyzing tens of thousands of blogs can
be computationally expensive. By utilizing Zipf’s law[Zipf,
1949], which implies that a few of the most common words
represent a large majority of word occurrences1, the compu-
tational cost is drastically reduced.

1More specifically, the frequency of a word is inversely propor-
tional to its rank;fn ∼ 1/na, wheren is the rank (n = 1 for the
most common word,n = 2 for the second most common word, etc.)
anda is some exponent.



2.3 Network structure
The global structure of a similarity network may provide
valuable information about how blogs and groups of blogs
are related with respect to contents. We have focused on two
network properties: Community structure and hierarchicalor-
ganization.

Complex networks typically exhibit communities, where
nodes are clustered in groups[Newman, 2003]. Character-
istic for community structures is that there are significantly
higher densities of edges within communities than between
them. This property may be quantified as follows[Newman
and Girvan, 2004]: Let {v1, v2, ..., vn} be a partition of a set
of vertices inton groups,ri the degree of edge weights (i.e.,
similarities) internal tovi (the sum of internal weights over
the sum of all weights in the network) andsi the degree of
weights of edges that start invi. The degree of community
structure is then defined as

Q =

n∑

i=1

(ri − s2i ). (2)

To infer clusters in the blog network we have employed an ag-
glomerative clustering technique[Clauset, 2005], that aims to
find cluster assignments—a partition of the set of vertices—
that maximizes the community structure measureQ.

Another method by Clausetet al. [Clausetet al., 2008] has
been used to identify the hierarchical structure of the blog
network. This method combines a maximum likelihood ap-
proach with a Monte Carlo sampling procedure to infer likely
hierarchical models of the network.

2.4 Case study: The Swedish blogosphere
We have tested our approach on the Swedish blogosphere.
The API of the blog search engineTwingly2 has been used
for collecting blog posts from a five-month period. The posts
were fetched and aggregated (i.e., for each blog, posts were
concatenated). In the spirit of keeping things simple we re-
frained from applyingad hoctextbook pre-processing such as
stemming and relied on basic word frequency statistics to fil-
ter out words: First we discarded all words occurring less than
ten times. Of the remaining words we then kept those that
occurred in the fifth percentile of the frequency distribution.
For each blog, we collected its set of those occurring words.
Blogs that had word sets of size 25 or larger were kept. This
ensured a meaningful similarity measure and also filtered out
a considerable amount of spam blogs. At this point, 21564
blogs remained. We have varied the above parameters in sen-
sitivity analyses, and the results reported here appear to be
stable.

3 Results
The content-based blog network is found to have a distinct
clustered structure. We have visualized this by plotting edges
with a weight above a certain threshold (i.e. only relationsbe-
tween highly similar blogs are shown) such that blog commu-
nities crystallize into separate subnetworks. See Fig. 1, where
we plot the acquired network with various weight thresholds.

2http://www.twingly.com/

By inferring communities and then inspecting the actual con-
tent of blogs within communities, we find that the clusters
reflect topics domains such as politics, books, technology,or
music, cf. Fig. 2. Note that spam blogs,splogs, also form
separate clusters. Splogs are in fact particularly tightlyknit,
presumably since they tend to contain homogenous sets of
words.

Furthermore, when employing Clausetet al.’s hierarchy in-
ference algorithm, we find that clusters indeed are organized
in higher order (meta-) clusters. An example of the hierar-
chical organization of the blog network is depicted in Fig. 3
in the form of a consensus dendrogram—i.e., a dendrogram
that is consistent with several inferred hierarchical models—
of a “food and beverages” cluster. There we see that food and
beverages are separated into two clusters, and the beverage
cluster in turn consists of a wine and a beer cluster. Again,
the validity of acquired hierarchies is evaluated by inspection.

4 Discussion and outlook
We have shown that the signal in raw blog data is so strong
that even our basic similarity measure—word occurrence
overlap—is capable of capturing valuable structural informa-
tion. The measure is computationally tractable and enables
efficient categorization of blogs when used in concurrence
with fast graph clustering algorithms. We grant that there are
more advanced—and possibly more accurate—(document)
similarity measures[Agarwalet al., 2008; Elsaset al., 2008;
Lee et al., 2005; Macdonald and Ounis, 2008]. However,
we believe that the minimal (non-trivial) measure employed
here is suitable as a baseline when studying blog similarity
networks. The measure is admittedly simplistic, yet this is
also its strength since it decreases the risk of causing hidden
representation-dependent artifacts that are more difficult to
identify when using more advanced similarity measures.

Because of the rapid growth of data in the blogosphere,
there is a strong demand from industry as well as from re-
search for simple means to harvesting blog data. Our ap-
proach is obviously among the simplest possible, but we have
not discussed any explict applications here, since employ-
ment is not our chief concern. Neither have we provided any
analyses of computational complexity, because such analy-
ses will be application-driven and will likely contain veryde-
tailed average-case, rather than general worst-case, complex-
ity measures.

An issue that needs to be addressed in future work is that of
validation. How can we know that acquired blog clusters are
meaningful? So far, our approach has been to examine a ran-
dom sample of blogs and subjectively confirm that their con-
tents is consistent within inferred blog clusters. Such empir-
ical evaluations can be problematic, however. In some cases,
a manual classification may be considered as clear cut (e.g.,
identifying that two blogs that solely treat Belgian beer be-
long to the same cluster), but not always. A more quantitative
measure that validates the result is therefore desirable. This
can, on the other hand, also be turned into an epistemological
question. One can for example imagine cases when the blog
classes acquired from the similarity network can be used to
evaluateotherblog classifications (including our own subjec-



tive one). However, in this discussion we have more prag-
matic and application-oriented evaluation methods in mind.

We have treated only a few structural aspects of the blog
network here. These deserve more attention, as do the dy-
namics and evolution of the networks: How does information
diffuse and change in the network, and how does the network
structure itself change over time? For instance, through an
analysis along these lines one may perhaps trace how emerg-
ing trends or news proliferate in and between specific topic
domains of the blog similarity network.

Another possible future direction concerns splog detection.
We have observed that splogs emerge as separate categories.
If an individual blog is identified as a splog (e.g., by exam-
ining the distribution of blog similarities), it is likely that its
associated blog cluster also consists of splogs. If such a rela-
tion proves to hold true in general, it enables splog detection
and removal at the level of blog clusters rather than individual
blogs, which presumably would be much more efficient.

As the network representation of the blogosphere is found
to be hierarchically structured, it may pave the way for ap-
plications that operate on different levels of resolution;from
blogs to groups of similar blogs, to groups of groups of blogs,
and so forth. The hierarchical organization also enables a
top down approach to blog navigation that starts at a coarse
level of blog categories and then narrows down to finer scales.
Monitoring may also be more efficient and accurate if limited
to a specific and relevant topic-domain of blogs. That is, al-
though the blogosphere may seem overwhelming at times, it
is in fact intrinsically structured in terms of content as toen-
able effective navigation and monitoring.
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Figure 1: Visualization of the Swedish blogosphere, where blogs with similarities≥ γ are shown. (a)γ = 0.04. (b)γ = 0.045.
(c) γ = 0.055. (d)γ = 0.07. A spam blog cluster is enclosed within a dashed circle.



Figure 2: Content-based visualization of Swedish blogs. Blog categories (color-coded) are derived as network communities.
Some example categories are labeled. For sake of clarity, only edges with weights larger than or equal to 0.05 are shown.
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Figure 3: Consensus dendrogram of the food-and-beverages cluster, where blogs are organized in separate vine, beer andfood
clusters. Leaf nodes are labeled with corresponding blog URLs.


