
Graph-Based Methods for Clustering
Topics of Interest in Twitter

Hugo Hromic(B), Narumol Prangnawarat, Ioana Hulpuş,
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Abstract. Online Social Media provides real-time information about
events and news in the physical world. A challenging problem is then to
identify in a timely manner the few relevant bits of information in these
massive and fast-paced streams. Most of the current topic clustering and
event detection methods focus on user generated content, hence they are
sensible to language, writing style and are usually expensive to compute.
Instead, our approach focuses on mining the structure of the graph gen-
erated by the interactions between users. Our hypothesis is that bursts
in user interest for particular topics and events are reflected by corre-
sponding changes in the structure of the discussion dynamics. We show
that our method is capable of effectively identifying event topics in Twit-
ter ground truth data, while offering better overall performance than a
purely content-based method based on LDA topic models.

1 Introduction

Twitter is possibly today the most widely used microblogging system in the
world, allowing for real-time broadcasting of short messages (or Tweets) among
friends and followers. This vast stream of content, despite containing a large
amount of noisy data, also contains relevant and updated information [6,7].
Being able to timely identify these topical “gold nuggets” within busy social
streams becomes essential to help users discover potentially interesting content.

The majority of existing approaches for topic finding in Twitter focus on [1]:
(a) textual features, e.g. using topic models [9], keeping track of bursty words [3]
or clustering trending Tweets [5], and (b) activity dynamics, e.g. monitoring
keyword usage patterns [10] or analysing Tweet/Retweet interactions [2,12]. On
the one hand, text-based approaches are inherently sensitive to the writing style
and language (e.g. English, Chinese), where colloquial expressions dominate and
are often expensive to process. On the other hand, activity-based approaches
are faster but less effective in presence of noise and mostly dependant on the a
priori chosen seed keywords or terms.

In this paper we propose to instead focus on a more efficient structure-based
approach, which can be less expensive to process than text-based techniques,
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Fig. 1. Per-window processing pipeline for topics clustering. Wt = {tw0, tw1, · · · , twn}
is a window of n Tweets at a time t and Ct is a resulting topics clustering configuration
for the same time.

thanks to a simpler graph model; and less sensitive to noise compared to an
activity-based approach that ignores the connection between user interactions.

It is well understood that events and topics generate bursts in Twitter activ-
ity [2]. Thus, we hypothesise that by modelling this activity as edges in a Twitter
interaction graph we can capture bursty topics and events by using graph analy-
sis methods. Therefore, we mine for groups of tightly connected users and Tweets
under the assumption that these groups represent an emerged topic or event.

2 Graph-Based Pipeline for Topics Clustering

Our topic clustering approach is built around a processing pipeline (Figure 1)
where an incoming stream of Tweets is received from Twitter and aggregated using
a sliding window approach to generate two alternative graph representations of
Twitter interactions (Figure 2(a)). The first is a User-to-User (UU) perspec-
tive (Figure 2(b)), where edges represent links between the author of a Tweet and
all the mentioned, retweeted or replied users in it. The second is a bipartite User-
to-Tweet (UT) view (Figure 2(c)), where edges link users to their posted Tweets,
replies, Retweets, or posts in which they have been mentioned.

(a) Twitter Interactions (b) Homogeneous Graph
Representation (UU)

(c) Heterogeneous Graph
Representation (UT)

Fig. 2. Graph models for Twitter interactions across processing windows. U -nodes
denote users, T -nodes denote Tweets. Interaction types (edges): solid → tweeted,
dashed → mentionedIn, dotted → repliedIn and dashed/dotted → retweeted.

Topic clusters are extracted from the above networks. For the UU Graph
approach, we use the OSLOM community finding algorithm [8] to produce a
set of user communities based on tightly interacting users. The users inside each
community are ranked using the PageRank algorithm and their latest Tweets are
selected to form clusters of Tweets. For the heterogeneous UT Graph, we use
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the RankClus algorithm [14] to build clusters of ranked Tweets. Tweets ranked
lower than a given threshold are removed.

At this stage, the resulting clusters from both of our graph models do not
have any topic information. For this we perform two post-processing steps for
labelling and merging topically similar groups. First, we label each Tweet cluster
by the top-k most frequent hashtags occurring in its Tweets. If no hashtag is
found, then we extract the top-k most frequent named entities using the Python
NLTK library1. Second, to minimise topic redundancy among clusters, i.e. those
with similar labels, we combine the clusters that have the same first-n labels,
ordered by their usage frequency.

3 Experiments and Results

To test our approach we use a third-party human annotated ground truth Twit-
ter dataset containing a number of known public events, that we consider as
topics, and their associated Tweets [11]. We constructed 28 day-long sliding
windows and extracted labelled topic clusters for each. These were generated
by our proposed pipeline, as well as a topic model approach using LDA [9]
which serves as our text-based baseline. Our evaluation measured two aspects:
clustering quality (using the F1-Measure of Precision and Recall, see Figure 3)
and runtime performance (Figure 4). In both experiments, our structure-based
approach outperforms the baseline.

Fig. 3. Per-window F1-Measure for both
of our network types and the LDA topic
models method (using two settings)

Fig. 4. Per-window runtime perfor-
mances – in log scale – for all the studied
methods (graph- and text-based)

4 Conclusions and Future Work

We proposed a graph-based processing pipeline for clustering topics of interest in
Twitter. For this, we presented two different types of graphs for modelling inter-
actions between users, one that only represents User-to-User actions, and another
that captures the relations between users and Tweets. Based on the homogeneous

1 Available in http://www.nltk.org

http://www.nltk.org
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model, in 2012 we successfully developed Whassappi [4], a prototype mobile
application for topic finding aimed at the visitors of the final leg of the Volvo
Ocean Race 2012 in Ireland. We experimented with two state of the art network
clustering algorithms, one for each type of graph. Our experiments and results
support our hypothesis that analysis of user interactions through graph min-
ing reveal discussions that ultimately correlate with human annotated events.
Moreover, our approach outperformed a baseline text-based LDA topic model
technique. Our study opened some interesting research questions that we plan
to address in the future. For example, we noticed distinctive graph patterns for
various types of events: the properties of the graph clusters and their nodes
might potentially be used for classifying events. In this regard, one of our future
objectives is to devise methods able to describe events, for instance to distinguish
between local or personal topics, and events of world-wide interest [13].
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