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Sub-Events Tracking from Social Network based on
the Relationships between Topics

1%t Sayan Unankard
Information Technology Division, Faculty of Science
Maejo University
Chiangmai, Thailand
ORCID 0000-0002-8443-5356

Abstract—Online social networks like Twitter have emerged
as the most popular way to share information about real-world
events. When an event is emerging and actively discussed on
social networks, its related issues may change from time to time.
People may focus on different topics of an event at different times.
This paper describes our approach for tracking sub-events over
social networks. Our system is able to summarize continuous sub-
events and track their developments along a timeline. We propose
sub-events detection by utilizing an approach of Latent Dirichlet
Allocation (LDA) and present an approach for sub-event tracking
based on the relationships between sub-events by adopting the
evolution of communities. The Twitter messages related to the
2018 Protests in Paris are used to demonstrate the effectiveness
of our approach.

Index Terms—event tracking, topic evolution, social network,
twitter, community mining

I. INTRODUCTION

When an event is emerging and actively discussed on social
networks, its related issues may change from time to time.
People may focus on different issues of an event at different
times. We define an invariant event as follows:

An “invariant event” is an event with changing subsequent
topics that last for a period of time.

Examples of an invariant events include government elec-
tions, natural disasters, and breaking news. The monitoring
of events over social networks has many applications such as
decision making and situation awareness. As a particular event
develops, people may be interested in seeing an overview of
the situation. An event may have several related topics that
develop over time.

In this work, we introduce a concept called invariant event
tracking. An event is a social activity or a phenomena that
occurs in a certain place during a certain time period. Event
tracking is to monitor streams of topic-discussions in order
to understand the event. A series of changing topics derived
from an event over time is called an invariant events. In
general, a topic is associated with a set of keywords. At any
point in time, there are multiple topics discussed on social
networks. Sub-event tracking is important for analyzing the
overall situation of a particular event on social networks. For

The Coordinating Center for Thai Government Science and Technology
Scholarship Students (CSTS), National Science and Technology Development
Agency (NSTDA)

2"d Wanvimol Nadee
Information Technology Division, Faculty of Science
Maejo University
Chiangmai, Thailand
ORCID 0000-0001-5577-4108

example, during a natural disaster, government may need to
analyze the development of situations in order to make the
right responses at the right times. For a longer-running event
like a government election, people may wish to track the
event with-respect-to multiple issues such as campaign-launch
speeches and a number of open TV-debates under different
topics, in order to cast their votes.

However, general micro-blog searches for given keywords
return large amounts of messages that are not grouped or
organized in any meaningful way. It is difficult for people
to comprehend a large number of messages in a chronolog-
ical order and to monitor an event as it unfolds. Although
traditional techniques such as clustering are able to capture
major events in social networks [1]-[4]. it is difficult to
capture the incidental events that may or may not be relevant
to the current focused event. For example, when a natural
disaster has just occurred, people may initially talk about
the natural phenomenon that they have just witnessed. Then,
damages, casualties, or the consequences of the disaster might
be reported. Topics related to volunteer organizations and
rescue activities might also be discussed later. All these topics
are related to the same event, yet a general clustering approach
is not able to correlate them into a single event.

In this work, we propose an approach of sub-event tracking
on social networks. We use our system to track an event
based on micro-blog messages and monitor the topic changes
over time for an event that is rendered to the system as a
set of keywords. The research challenges are: (1) effectively
summarizing the given event-search query, and (2) tracking
the evolution of an event within a given time period.

The rest of the paper is organized as follows. First, we
describe the related work in Section II. Second, the proposed
approach is presented in Section III. Third, we present the
experimental setup and results in Section TV. Finally, the
conclusions are given in Section V.

II. RELATED WORKS

The important task of making event detection and tracking
is to know and understand when, where, and what an event
is happening. Twitter is the most popular social microblog-
ging service, which produced a vast number of micro-blog
messages such as a tweet. The content of the tweet messages

ECTI DAMT and NCON 2020 1



provides real-time information related to current events around
the world. Twirter data consists of TweetlD, creating time,
user ID, user location, tweet location, text content and the
message-mentioned locations [3]. With these characteristics,
micro-blogging messages like tweets play an important role in
understanding situations about events happening or happened.
A lot of studies have used the tweet messages to infer
users’ interests, identify an emerging topic, track event or
news stories, detect event occurrences and evolution of the
event. Therefore, studying the characteristics of content in the
tweet messages becomes a crucial task in event detection and
tracking research.

Recent studies in a variety of research areas show increasing
interests in event detection on micro-blogs, which becomes a
challenging research topic. Weiler et al. [S] proposed another
approach by using a sliding window model to track the events
in stream data. A basis of the approach is based on the
inverse document frequency (IDF) of terms and timestamp
information within the tweets. They keep track and analysis
the event’s evolution of the most co-occurring terms of the
event term.

Unakard et al. [3] introduced an approach namely LSED
to detect emerging hotspot events in different location gran-
ularity. The approach based on the correlations between user
location and event location from micro-blog messages. The
research reported the approach can provide a better result
to detect real-world events than the traditional TF-IDF and
Hashtags approach. Knowing a particular location and time
that related to user and event is important to improve the
performance of event detection and tracking.

However, there are several limitations to use Twitter mes-
sages. The restricted tweet length which allows users to post
short text message with a variety of content types. Most of the
content found on micro-blog messages are often unstructured
meanings and ungrammatical sentences. The messages may
contain typos, special words, abbreviation, etc. In addition,
the content on Twitter is not related to any particular real-
world event and one word may belong to several events. These
limitations lead to inaccuracy when applying the traditional
text clustering on them, e.g., the term frequency-inverse doc-
ument frequency 7F-IDF, K-mean technique, or distributional
features [6]. Douamis et al. [6] used a method based on graph
partitioning that allows one word to belong to several clusters.
Moreover, Twitter messages may evolve over time and new
events are continually added to the stream. Consequently, it
makes difficult to identify all event clusters in the stream.
The features for each cluster need to update and compute
features of newly formed clusters. As the design of an effective
clustering algorithm is the important task for event detection
and tracking. The aim of event clustering is to group the stories
or the topics that discuss in the same event. Therefore, different
clustering approaches have been taken by the researchers to
deal with event detection task. The approaches are proposed
in both supervised learning and unsupervised learning.

Hasan et al. [7] proposed a scalable event detection system
in order to detect and track newsworthy events in real-time

ECTI DAMT and NCON 2020

from Twitter. The combination of using random indexing
based term vector model with locality sensitive hashing was
used to address the problem of event detection in an incremen-
tal clustering. To address the stream clustering, Aggarwal and
Subbian [8] used the content, network structural and temporal
information in a holistic way to detect relevant clusters and
events in the social stream. Their clustering and event detection
algorithms can provide a more accurate result than using the
only text-based method.

In recently year, Zhou et al. [9] proposed an unsupervised
method to extract city event information based on the classifi-
cation model. Twitter LDA is applied to clean and detect the
topic of the city service events from Twitter streams. However,
when users use the diverse topics in communication in the
same event and one topic may relate to several events. At
the same time, the content, topics, the people’s interests, and
situations related to a specific event in the social network are
changed over time. Even though the events are detected but it
is not easy to track the evolution of an event. This problem may
relate to ambiguous views from different users. In [10], Xie
et al. presented a topicsketch framework by using the sketch-
based topic model to detect bursty topics in real-time.

Our work related to tracking the evolution of an event
in order to generate a summarized storyline of an event.
Storyline generation aims to obtain a sequence of summaries
that describe how an event evolves over time [11]. In other
words, it aims to find meaningful connection among tweets and
linking them into stories [12]. The research of event storyline
summarization is popular in recent year. Several methods of
generating event storyline have been proposed recently.

Traditional storytelling has been successful in news articles,
blogs, and structure database. Topic detection and tracking
(TDT) has extensively studied in news stream [13]-[15]. The
approach aims to group news articles based on the topics
discussed in them, detect some novel and previously unre-
ported events, and track future events related to the topic [16].
Most event summarisation methods focus on summarising an
event via topic evolution over time. Various multi-document
summarization methods have been proposed to extractive and
abstractive of an event including graph-based, knowledge-
based, centroid-based, and etc [11], [17]. A common problem
of storytelling is the process of connecting entities through
their characteristics, actions, and events. Information retrieval
and web research have studied this problem, i.e., linking
documents into stories, and modeling storylines from the
search result. The tweets can be linked in many ways, such as
by users, location, time, and hashtags.

Zhou et al. [11] presented a two-layer hierarchical storyline
framework for summarizing multiple disaster-related docu-
ments to generate a global storyline of the disaster events.
The multi-document summarization based on graph-based
is applied to create a framework. Their approach considers
temporal and spatial information when generating summaries
for the events. the storyline can show a chain of the disaster
events and describes the disaster moves over time by location
of the events. Dehghani and Asadpour [12] proposed a graph-
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based framework for storytelling on Twitter. The sub-events
are exploited to create detection procedure over a hierarchical
structure.

Besides using multi-document summarization methods,
some works utilize vector-space measures such as cosine
similarity, natural language processing, and keyword matching.
Lin et al. [I18] proposed a framework for generating event
storylines fro microblogs for user input queries. A language
model with dynamic pseudo-relevance feedback is exploited
to obtain relevant tweets, and then generate storylines via
graph optimization. Lee et al. [19] provide a new solution
for information overload called KeySee by grouping posts
into events, and track the evolution patterns of the event as
new posts stream in and old posts fade out. In [20], Guo
et al. presented CrowdStory model based on the multi-clue-
based approach to obtain fine-grained event summary. The
set of posts that contains similar keywords and describes the
same aspect of an event is exploited to discover the semantic
correlations among event clues. Kim et al. [21] proposed the
mTrend system to analyze the spatiotemporal trends of topics
and their movements over time on the Twitter messages related
to real-world events.

ITI. PROPOSED APPROACH

In order to show a comprehensive understanding of our
sub-event tracking framework, a conceptual diagram is pre-
sented in Figure I. The architecture of our system consists
of five components, including Twitter loader, Message pre-
processing, Sub-event detection, Sub-event tracking, and sub-
event visualization as shown in Figure 2. The following
information provides details of each component.

A. Twitter Loader and Pre-processing

A micro-blog loader is developed to collect the Twitter
messages from public users via the Java library API service'.
The user’s initial query (i.e., a set of keywords) is used for
specifying an interested event. In order to improve the quality
of our dataset and the performance of the subsequent steps,
the pre-processing was designed to ignore common words that
carry less important meaning than keywords and to remove
irrelevant data e.g., the keyword RT(“ReTweet”) and web
address. The stop words are also removed and all words are
stemmed by using Lucene 3.1.0 Java API>. Next, the messages
are converted into lower case and stored in a database.

B. Sub-Event detection

In order to determine hierarchically nested events, we aim
to group the co-occurring keywords for topic discovery. Note
that the concepts of event and topic are different; an event
may have several topics at different stages in its life cycle.
We adopt Latent Dirichlet Allocation (LDA) proposed in [22]
to cluster messages in a micro-blogging network into different
topics. In LDA, each document may be viewed as a mixture of
various topics where each document is considered to have a

Uhttp://twitter4].org
Zhttp://lucene.apache.org

set of topics that are assigned to it via LDA. We partition
the messages into time frames. The size of time frame is
defined by time interval according to user preference (e.g.,
one day in our experiment). For each time frame, the event
topics are extracted by using LDA. Finally, we can obtain the
topic distribution in each post and the word distribution in
each topic. Based on our observation, 10 is the number of
topics for each time frame. The concept of LDA can be seen
in Figure 3.

C. Sub-Event Tracking

At this stage, we aim to identify an event by tracking all the
event topics detected at each time frame. The event evolution
is detected at different time frames. We model an event as a
graph sequence as follows:

An “event” is the set of event topics (T; = {T}, T?, ..., T""})
denotes the n topics detected at the i" time frame, where topic
TF is also a graph represented by (V:*, EF). The node set is
denoted by V' to represent keywords in the messages and edge
set is denoted by F to represent the co-occurrence between
keywords at the i'" time frame.

The event evolution is represented by a series of episodes
from different time frames. In order to capture the changes
of episodes, we consider five types of transitions (i.e., form,
dissolve, survive, split, and merge) [23]. At time frame ¢, we
construct a weighted bipartite graph between topics at ¢ — 1.
The weight between sets of topic keywords is computed by
the similarity between the groups of keywords belonging to
different topics. Two groups of topic keywords are matched if
at least min_match percent of their keywords are the same.
However, the topic evolution in social networks is different
from the evolution of social communities. On average 72
percent of topics each day are new in Twitter [24]. Thus, we
only compare between the groups of keywords obtained at
current time frame ¢ and the groups of keywords at previous
time frame ¢ — 1. The similarity of topics that have different
sets of keywords is defined as follows:

Ve NV,
S b
maz([VAT, V2D

Topic evolution is a sequence of changes succeeding each
other in the consecutive time frame. Based on the idea of

detecting evolution of communities [23], we define the transi-
tions of topics as follows:

topic_sim(T2, TP_,) = (1)

o Form: A new topic forms when it did not exist in the
previous time frame (¢ — 1) but it appears in the current
time frame (¢).

« Dissolve: A topic in the previous time frame (¢ — 1)
dissolves when it does not occur in the current time frame
(t) at all.

« Survive: A topic survives when two groups in the con-
secutive time frames are matched. It can be continuing
(i.e., two topics differ only by few keywords but their
size remains the same), growing (i.e., some new key-
words have joined the group) and shrinking (i.e., some
keywords have left the group).

ECTI DAMT and NCON 2020 3
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Fig. 5. Sub-event tracking of the system.

B. Baseline Approaches

In order to evaluate our approach for detecting sub-events in
a collection of rweets, we compare our approach performance
with temporal peaks detection approach in [25]. The authors
bin the messages into a histogram by time (i.e., one hour in
this paper). Then, the authors calculate a historically weighted
running average of message rate and identify rates that are
significantly higher than the mean message rate. A window
surrounding the local maximum is identified. Finally, top five
frequent terms are presented as event name of each peak.

C. Evaluation
In this section, we evaluate the performance of our sub-event

detection, sentiment analysis and the prediction approaches.
For sub-event detection, we compare the precision, recall and

Fl-score against the peak detection baseline.

#detect_realworld_events
F#total_detect_events

Precisioneyens =

Recall _ #tdistinct_detect_realworld_events 3)
Cetevent = #total_realworld_events i

There is more than one detected event can relate to the same
real-world event, then they are considered correct in terms of
precision but only one event is considered in counting recall.
We manually extracted the sub-events from Timeline of the
Yellow Vests Movement Wikipedia®. The total number of real
world events is 51 events.

Table I shows the Precision, Recall and FI1-Score of the
sub-event detection of our approach against the peak detection

3h[lps://cn.wikipcdia.org/wiki/Timeline_ol'_lhc_ycllo\,v_vcs[s__movement
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TABLE 1
THE PERFORMANCE OF SUB-EVENT DETECTION.

# of # of # of distinct N
Method detected | real-life real-life Precision | Recall Fl-?ycore
events events events (%) (%) (%)
[ Peak detection | 19 14 ] 14 [ 73.68 26.32 [ ;‘;g;
| Our approach [ 120 108 | 40 | 9000 [ 7843 ] 7

baseline. In Table I, we can observe that our approach can ef-
fectively detect real-world events which is significantly larger
than the baseline. The baseline can detect smaller number of
events because it considers only the temporal peaks in rweet
frequency. Some events might not be frequently posted on
social networks. To sum up, our approach outperforms the
baseline method by 44.39%.

V. CONCLUSIONS

In this work, we proposed an approach to tracking sub-
events and topic evolution within a given time period. The
main contributions of this work are twofold. An effective
approach of tracking sub-events is proposed by incorporating
LDA and community evolution discovery techniques. The
system supports event tracking by allowing users to specify
the time period in order to visualize the words consequently

appearing and disappearing over time. We used the Tiwitter

messages related to the 2018 Paris Protest to demonstrate
the effectiveness of our approach. The further performance
evaluation will be conducted in our future work.
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