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Abstrak

Pengesanan Peristiwa (ED) bertindak untuk mengenal pasti peristiwa dari pelbagai
jenis teks. Membina model ED untuk dokumen teks berita sangat membantu pembuat
keputusan dalam pelbagai disiplin dalam meningkatkan strategi mereka. Walau
bagaimanapun, mengenal pasti dan meringkaskan peristiwa daripada data tersebut
adalah tugas yang tidak mudah kerana jumlah besar dokumen teks berita heterogen
yang diterbitkan. Dokumen sedemikian mewujudkan ruang fitur berdimensi tinggi
yang mempengaruhi kaedah dasar dalam model ED. Untuk menangani masalah
sedemikian, penyelidikan ini memperkenalkan model ED yang dipertingkatkan yang
merangkumi kaedah yang ditambahbaik untuk fasa paling penting model ED seperti
Pemilihan Fitur (FS), ED dan ringkasan. Penyelidikan ini berfokuskan kepada masalah
FS dengan mengesan peristiwa secara automatik melalui kaedah FS wrapper baharu
berdasarkan Algoritma Kelawar Binari Tersuai (ABBA) dan Algoritma Pengelompokan
Markov Tersuai (AMCL), yang dinamakan ABBA-AMCL. Teknik penyesuaian ini
dibangunkan untuk mengatasi penumpuan pramatang dalam BBA dan kadar
penumpuan cepat dalam MCL. Tambahan pula, penyelidikan ini mencadangkan empat
kaedah peringkasan untuk menghasilkan ringkasan yang berinformasi. Model ED yang
dipertingkat diuji pada 10 set data penanda aras dan 2 set data berita Facebook.
Keberkesanan ABBA-AMCL dibandingkan dengan 8 kaedah FS berdasarkan algoritma
meta-heuristik dan 6 kaedah ED berasaskan graf. Keputusan empirikal dan statistik
membuktikan bahawa ABBA-AMCL mengatasi kaedah lain pada kebanyakan set data.
Ciri perwakilan utama menunjukkan bahawa kaedah ABBA-AMCL berjaya mengesan
peristiwa dunia sebenar daripada set data berita Facebook dengan 0.96 Precision dan
1 Recall untuk dataset 11, manakala untuk set data 12, Precision ialah 1 dan Recall
ialah 0.76. Sebagai kesimpulan, ABBA-AMCL baharu yang ditunjukan dalam
penyelidikan ini telah berjaya merapatkan jurang penyelidikan dan menyelesaikan
permasalahan ruang fitur berdimensi tinggi. Oleh itu, model ED yang dipertingkatkan
boleh menyusun dokumen berita mengikut peristiwa yang berbeza dan dapat
menyediakan informasi bermanfaat kepada pembuat dasar dalam membuat
keputusan.

Kata Kunci: Pengesanan peristiwa, Pemilihan Fitur, Dokumen teks berita heterogen,
Algoritma Kelawar Binari, Algoritma Pengelompokan Markov.
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Abstract

Event Detection (ED) works on identifying events from various types of data. Building
an ED model for news text documents greatly helps decision-makers in various
disciplines in improving their strategies. However, identifying and summarizing events
from such data is a non-trivial task due to the large volume of published heterogeneous
news text documents. Such documents create a high-dimensional feature space that
influences the overall performance of the baseline methods in ED model. To address
such a problem, this research presents an enhanced ED model that includes improved
methods for the crucial phases of the ED model such as Feature Selection (FS), ED,
and summarization. This work focuses on the FS problem by automatically detecting
events through a novel wrapper FS method based on Adapted Binary Bat Algorithm
(ABBA) and Adapted Markov Clustering Algorithm (AMCL), termed ABBA-AMCL.
These adaptive techniques were developed to overcome the premature convergence in
BBA and fast convergence rate in MCL. Furthermore, this study proposes four
summarizing methods to generate informative summaries. The enhanced ED model
was tested on 10 benchmark datasets and 2 Facebook news datasets. The effectiveness
of ABBA-AMCL was compared to 8 FS methods based on meta-heuristic algorithms
and 6 graph-based ED methods. The empirical and statistical results proved that ABBA-
AMCL surpassed other methods on most datasets. The key representative features
demonstrated that ABBA-AMCL method successfully detects real-world events from
Facebook news datasets with 0.96 Precision and 1 Recall for dataset 11, while for
dataset 12, the Precision is 1 and Recall is 0.76. To conclude, the novel ABBA-AMCL
presented in this research has successfully bridged the research gap and resolved the
curse of high dimensionality feature space for heterogeneous news text documents.
Hence, the enhanced ED model can organize news documents into distinct events and
provide policymakers with valuable information for decision making.

Keywords: Event detection, Feature selection, Heterogeneous news text documents,
Binary bat algorithm, Markov clustering algorithm.
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CHAPTER ONE
INTRODUCTION

This chapter presents the research background and the main motivation behind this
study followed by an indication of the most important unresolved problems found in
studies of detecting events from heterogeneous news text documents. Later, research
questions and objectives were introduced along with the scope and significance of the

current study.

1.1 Background

Event Detection (ED) is the process of automatically recognizing events from multiple
sources of data, such as text, video, photos, and audio data (Goswami & Kumar, 2016).
The majority of ED experts are interested in textual data because 80% of the data
generated on the web is in the form of digital text data, which reports on real-world
events (Q. Chen et al., 2017; Goswami & Kumar, 2016). Different platforms produce
and circulate such data, including various news media, forums, weblogs, emails, and
Social Networks Sites (SNS) like Facebook and Twitter (Goswami & Kumar, 2016).
As a result, many ED scholars have developed numerous ED models, which are
typically categorized into either New Event Detection (NED) models or Retrospective

Event Detection (RED) models (Panagiotou et al., 2016).

Unlike the NED model, the RED model is applied to the entire corpus rather than a
specified time window (Wei et al., 2018). Despite the fact that RED has been

extensively studied for a long time, it is still an active and fascinating research topic
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