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Abstract

A public agenda is a set of issues or concerns that merit public attention.
The issues that attract a lot of public attention are influential to the direction of
the public agenda. However, the salience of issues might be purposely trans-
ferred by the media. Biased news organizations marginalize or filter issues
that are against their positions or private interests.

In this thesis we propose a method to automatically mine salient issues
from news articles. Quotations in news articles describe comments from pub-
lic figure and domain experts. Our method for issue mining is based on quota-
tion analysis. By clustering quotations according to their subjects, we identify
issues that are widely debated on. We introduce issue significant terms to im-
prove the performance of the method.

To evaluate the performance of issue mining, we compile a corpus of news
articles about the public agenda on Lungmen Nuclear Power Plant. The pub-
lic agenda is a focus for concern in Taiwan in 2013. We manually identify the
ground truth of salient issues in the corpus and categorize quotations accord-
ing to these issues. The performance of quotation clustering and issue mining

is evaluated with the ground truth.
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Chapter 1

Introduction

A public agenda is a group of political controversies that commonly appear in pub-
lic discussions and merit public attention. For instance, whether the construction should
continue on Lungmen Nuclear Power Plant is a widely discussed public agenda in Tai-
wan in 2013. Each public agenda consists of several issues. In the power plant example,
security detection on the power plant, disposal of nuclear waste, and current electricity
storage are all issues on the public agenda. Given a public agenda, the goal of our work

1s to automatically mine issues from related news articles.

1.1 Motivation

Participants of public agendas may be individuals or groups. Their purposes are usu-
ally requesting the government to confront and solve some issues. These issues often have
to compete with each other for visibility in the media. The more an issue is paid attention
to by society, the more influence it has on the direction of a public agenda. Since trend of
policies are often correlated to public agendas in a democratic regime, it is important that
related issues are properly informed to the public.

However, surveys show that media are inherently biased [6] [24]. In the past decades,
the ability of media to transfer the salience of issues in public agendas is recognized as
agenda-setting theory [30]. Issues are likely to be filtered from the readers if they are

against news organizations’ interests.



A reader may obtain a relatively more balanced perspective by reading articles from
different news providers. Nevertheless, the volume of articles provided everyday in-
creases dramatically with the massive growth of online news services. A public agenda
might have developed for certain duration before a user first exposes to it. By then, the
newest articles are often lack of comprehensive information. On the other hand, there
may be a considerable amount of retrospective articles that require to be organized before
presenting to the readers. It is difficult for a user to efficiently understand issues in such a

topic.

1.2 Objectives

The goal of our work is to mine issues from a corpus of news articles about the public
agenda. The corpus can be constructed by collecting articles from multiple online news
providers. By revealing issues in the corpus, issues that are blocked by some of the news
providers could be exposed to readers. We assume that the subject of an issue can be
expressed by a label. Thus, output of the problem is a list of labels such that each label

represents an issue.



Chapter 2

Background

In this chapter, we introduce the background of our work. We specify relevant knowl-
edge about journalism in Section 2.1. Related work on news understanding and delivery

methods are introduced in Section 2.2.

2.1 Preliminaries

We introduce some relevant journalistic background in this section. First, we introduce
the definition of a public agenda and the agenda-setting theory. Then, we describe the

characteristics of quotations in news articles, which are utilized in our work.

2.1.1 Public Agenda

According to [16], there are two main steps in a policy agenda. A public agenda, also
referred to as systemic agenda, is defined as a general set of political controversies that
merit attention of the polity, while a institutional agenda is defined as a set of concerns or
policies scheduled for active consideration by an institutional decision-making body [16].
If a public agenda gains enough attention from public discussion and the government, it
may transform to a institutional agenda and cause actual actions from the decision-making
groups.

Public agendas include several issues. An issue is an important problem for discussion

or debate. Issues are raised by individuals or groups that recognize problems and request
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for solutions. If an issue is widely known and discussed, it becomes part of a public
agenda. The more public attention paid on an issue, the more influential it is to the public

agenda.

However, not every issue can obtain a position in a public agenda. “Demands for
change in the existing allocation of benefits and privileges in a community can be suffo-
cated before they are even voiced; or kept covert; or killed before they gain access to the
relevant decision-making arena. [5] ” Advantaged groups in a political system might try

to avoid issues against their interests being brought to public agendas.

Mass media are the main channel where public opinions are spread. Therefore, mass
media are often capable of transfering public attention among issues. Agenda-setting the-
ory is an extensively researched media theory under social science. It describes the ability
of media to change the salience of issues in a public agenda. The theory is raised by Mc-
Combs and Shaw in a study on the presidential election in 1968 [30]. They showed that
citizens’ understanding of salient issues is highly correlated to the ones reported by the

mass media.

The main assumption under agenda-setting theory is that media do not reflect but shape
the reality. In addition, a number of studies show that the media is inherently biased [24]
[6]. News organizations might limit journalists’ discretion on expressions against their
positions or profit. Moreover, competition between news organizations could raise the
restriction among journalists and enforce bias [6]. Eventually, readers have to choose
among competing publications with opposing biases. Individuals’ knowledge on a public
agenda is filtered and limited when biased media selectively report issues based on private

interests.

Democracy demands well-informed electorates. Policies that affect public interests
are often motivated by public agendas, while public agendas are based on individuals’
understanding to issues in the society. It is an important matter that issues related to a

public agenda are properly shown to readers.
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2.1.2 Quotations in News Articles

We show the function and properties of quotations in news articles in this section.
These characteristics of quotation inspire us to solve the task of issue mining with quota-

tion analysis.

Role of Quotations

News articles describe newsworthy events that happened in the real world. To ensure
convenience of reading, journalists usually follow certain structure when writing news
articles. According to Garret et al., news articles are constructed by materials from five
main categories: central occurrence, background, commentary, consequence, and follow-
up [19].

Quotation 1s the major kind of commentaries in daily news articles. It is an expression
being restated as part of another. In news articles, public figures’ comments or reactions
to an event would be stated as quotation to let readers understand the article better.

Figure 2.1 shows an example of a typical Chinese news article. The first paragraph
specifies the fact that a referendum motion was made and adopted, while the second para-
graph gives more detail on the event. Then a comment made by a councilor is quoted
in the third paragraph, which brings up a concern that the title of the referendum may be
improper. The two following paragraphs support the article with some background of the
event. At the end of the article, there is another quotation that describes the following
procedure of the motion.

As we can see, quotations serve as explanations to events. Through the explanation of
quotations, readers understand why a certain event is important, and what are the consid-
erations and possible effects. In quotations, issues are often raised and discussed. Obser-
vations also show that issues are usually mentioned in quotation rather than other part of
news articles.

Quotations play very important roles in public agendas. Commentaries made by public
figures and domain experts are brought to readers via quotations in news articles. When

quotations spread out through media, public discussion would be gradually established.
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Figure 2.1: Elements in a Chinese news article

Eventually, public agendas take shape from these public discussions. A study done by
Gibson et al. shows the impact of selected quotations in news articles to readers’ perspec-

tive [20], which is related to the agenda-setting theory we referred in Section 2.1.1.

Quotation Writing Rules

Several writing rules exist in journalism when quoting a speech or statement. These
properties are useful when extracting and analyzing quotations.
In a quotation, the statement given by the original speaker, namely reporting speech,

99 ¢¢

is introduced by an reporting verb, such as “say”, “claim”, and “point out” in English or

“IP”, “%& =7, and “45 H” in Chinese. There are two types of quotations:

* Direct quotation: The exact words of reporting speech are stated in the quotation,
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Sentence Pattern Quotation Type

< word >T < comma >< reporting_speech > Indirect
< word >T < reporting_speech > Indirect
< word >1 < colon >[< quote >|< reporting speech >[< quote >| Direct

Table 2.1: Common sentence patterns of quotations in Chinese news articles.

indicated by quotation marks.

* Indirect quotation: A paraphrase of the reporting speech by the reporter. The quo-

tation should not be placed in quotation marks.

In news articles, there are several common sentence patterns for direct and indirect
quotations. The three most common patterns in Chinese news articles are listed in Table
2.1, in which each < quote > indicates a quotation mark of any kind. Among them, the
first pattern, which is an indirect quotation with a comma-separated reporting verb and

reporting speech, is the most frequently used pattern in Chinese news writing.

Quotations are usually short. According to The News Manual [23], short paragraphs
are encouraged in news writing. Journalists have to deliver lots of ideas in a short news
article. It keeps things simple for readers by serving short paragraphs with one or two
sentences that each contains a simple topic. The writing style of short paragraphs applies
to quotations, too. Speakers sometimes raise multiple issues in one speech. These issues

are likely to be quoted in separated paragraphs when they are written by journalists.

Figure 2.2 shows an example of how quotations are separated into paragraphs. The
news article is about the public agenda on Lungmen Nuclear Power Plant. A few days
before the article, a statement was given by the government. The article specifies the
response of the opposition party. The opposition party gives comments on four issues,
which are security detection, electricity cost, nuclear waste disposal, and current electricity
storage. Reporting speech is quoted in four separated paragraphs, and each paragraph

contains a single issue.

The writing style of short paragraphs is useful in our work. It inspires us to cluster

quotations according to their target issue.
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Figure 2.2: Comments gave by the opposition party is quoted separately in four paragraphs, and
each paragraph contains a single issue.

2.2 Related Work

With the growth of information, there are a number of work and services for improving
the effectiveness of news reading. News recommender systems [7, 8, 10, 12, 29] focus on
serving interesting news according to reader preferences. Other approaches on enhancing
news reading usually involve understanding content of news articles, including research

field like topic detection and tracking and news summarization.

2.2.1 Topic Detection and Tracking

Topic detection and tracking (TDT) [4, 46, 2, 9, 26, 37, 22] is an extensively studied
research field. Its goal is to detect topic in a corpus and assign news articles to topic
category. A topic is a set of articles that are highly related to a real-world event and

its series of events [2]. TDT is composed of several subtasks, including retrospective
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event detection, new event detection, and topic tracking. Retrospective event detection
(RED) [46, 28] is the task of recognizing events from a retrospective news collection.
Solutions by hierarchical clustering [46] or probabilistic models [28] are proposed for the
task. Salient issue mining and RED both extract knowledge from a retrospective news
corpus, except that RED focus on historical events.

There are several shortages of TDT which is identified by Feng et al. [17]:
* Topics are indivisible.

* Topics do not overlap.

* Topics are independent.

Topics are indivisible in TDT. With the massive growth of articles, it becomes not
effective enough to serve readers with all the articles under a topic. The lack of inner and
intra structure of topics inspires works that intend to obtain more fine-grained information
from news. Incident threading [33, 17, 18] focus on extracting real-world incident from
news articles and their relations among each other’s. It provides a clearer view of the
causal relations among incidents.

In TDT, topics are independent and do not overlaps. News issue construction [41]
strives to fix the shortage of independence among topics by constructing “news issues”
that composed of several topics.

We consider our work as providing rich information under public agendas, which is a
specific type of topic. Informing readers with related salient issues is our concentration,

in the view of it being a crucial utility in news reading.

2.2.2 News Summarization

The goal of news summarization [31, 21, 34, 40, 32, 25] is to automatically generate a
summary of single or multiple articles. Summarization on one or more documents are of-
ten achieved by selecting significant sentences that are potentially capable of covering the
major semantic meaning originally served. Goldstein et al. [21] provide a sentence select-

ing solution based on their statistical and linguistic features to achieve single news article

9



summarization, while McKeown et al. [31] present a natural language system which sum-
marizes multiple news articles. NewsInEssence [34] is a service that provides summary
on a topic. By applying TDT techniques to cluster news articles, NewsInEssence gen-
erates summaries over clusters according to their centers. CollabSum [40] also applies
clustering to news articles, but focus on making use of mutual influences of documents
within a cluster context. The work introduces a graph-ranking based algorithm for collab-
orative document summarizations within each cluster. Newsblaster [32, 25] is an online
news summarizing service that summarizes news on a daily basis. TDT techniques are
applied to daily new coming articles to generate several news clusters. The system auto-
matically judges the type of a news cluster and applies various summarization strategies.
Summaries provided by Newsblaster is evaluated and proved to help readers perform fact
gathering [25].

There is also a number of work that concentrate on automatically generating timelines,
which is a special kind of summary, for a topic. Allan et al. [3] brought up a temporal
summarization on a topic. The solution is based on the assumption that a topics is com-
posed of a series of events. Query based event extraction [ 14] extracts events from articles
retrieved by a query. These events are summarized and put on a timeline to help readers
understand a topic. Evolutionary timeline summarization and evolutionary trans-temporal
summarization [44, 43] select significant sentences from articles related to a query or a
topic. The selection of sentence takes concern on its quality on both articles within a short
time range and the whole collection.

Timeline is an effective summarization for a topic. It represents a topic by events.
However, events are only one aspect in a public agenda. To understand discussions and
concerns raised under a public agenda, aspect of related issues is desired. We represent a

public agenda with its salient issues in our work.

2.2.3 Mining Meaningful Targets from News

A work proposed by Choi et al. [15] strives to identify controversial issues and their

subtopics. A controversial issue is a term that invokes conflicting sentiment or views

10



when the term is mentioned in articles. For example, the word “Afghanistan war”” might
be commonly involved in conflicting sentiment. An algorithm based on sentiment analysis
is proposed to identify controversial issues or topics in news articles. Terms that appear
frequently in both positive and negative context are considered as controversial issues. On
the other hand, subtopic is an entity that is meaningfully associated and subordinated with
a controversial issue. Significant terms or phrases are further extracted as the subtopics of
an issue by evaluating their co-occurrence in articles.

The work is closely related to ours in the concept of mining issues from news. The
main difference that separates our tasks is that we do not restrict our target issues to the
controversial ones. Issues that are related to a public agenda might not always be contro-
versial. Real-world problem that are difficult to be solved are usually mentioned in neg-
ative contexts. For example, nuclear waste disposal usually appears in negative contexts.
Moreover, these issues are often marginalized and filtered from biased news organizations.
We would like mine these issues and expose them to the readers.

Another task named news clustering [36] serves news as clusters of articles. It is a
similar task as search result clustering. The proposed solution is based on finding labels
that are useful for overviewing a collection of news articles. The labels are mined from the
collection first, and then news articles are assigned to related labels. Salient issue mining
and news clustering both provides labels to overview the collection of news articles. The

difference is that we focus only on issues.

11
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Chapter 3

Issue Mining with Quotation Analysis

We introduce the issue mining problem and our proposed solution in this chapter. The
goal of our work is to discover issues on a public agenda. In Section 3.1, we introduce
the formal definition of the issue mining problem. The overview of the proposed solu-
tion is described in Section 3.2, while the details of components are specified separately

afterward.

3.1 The Issue Mining Problem

A public agenda P consists of multiple issues. The issue mining problem takes as

input a corpus of news articles A about P, and outputs a set of labels:
L={l,1ls ... 1} (3.1)

such that each label [, represents an issue in A.

We assume that each issue can be represented by a label. A label is a keyword or
phrase that describes the subject of an issue. For instance, for the issue of nuclear waste

disposal, “nuclear waste” and “radioactive waste” are examples of suitable labels.

13



3.2 Proposed Solution

The main challenge of issue mining is that issues are often not the subject of news
articles. A news article is usually triggered by an event rather than an issue. The subject
of'anews article is more likely to be an event or its follow-ups. Some issues are mentioned
in commentaries frequently, but seldom become the subject of news articles. The issue of
nuclear waste disposal is a typical example. Although the issue is constantly mentioned
by public figures, few articles are written specifically on the issue. Identifying the issue
from articles is a challenge.

We propose a solution based on quotation analysis. In Section 2.1.2 we discuss the

characteristics of quotations, which can be summarized as follow:

1. Issues are often involved in quotations.
2. Several common sentence patterns are used for quotations.

3. Quotations are likely to be short and contain single issue.

These characteristics inspired us to solve the task by clustering quotations. By grouping
quotations that are discussing the same issue together, we can understand the salient issues
in the corpus.

Architecture of our solution is shown in Figure 3.1. The solution contains three main
components, which are quotation detection, issue clustering, and issue cluster labeling.

In the first step, we apply quotation detection to articles in A. Quotation detection is
based on common sentence patterns. We show a solution of quotation detection in Chinese
in Section 3.3. After quotation detection, we obtain a set of text passages that each contains
one or more quotations.

Issue clustering is applied on these passages. The goal of issue clustering is to group
together quotations that discuss the same issue. Our approach is based on vector space
model and hierarchical agglomerative clustering. To improve the performance of issue
clustering, we introduce issue significant terms.

At last, a label is selected for each issue cluster. Significant terms and phrases are

extracted as labels.

14
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Figure 3.1: System architecture of our solution

3.3 Quotation Detection

In this section, we first describe the definition of quotation detection. Then a solution

for Chinese quotation detection is demonstrated afterward.

3.3.1 Task Definition

Paragraphs in news articles may contain more than one quotation. We show two ex-
amples in Figure 3.2. Each paragraph contains multiple quotations and some short back-
ground about the scenario. If we extract each quotation separately, the extracted quotation
would lack complete semantic meanings. On the other hand, paragraphs in news articles
tend to be short and hold a single subject. Even if multiple statements are quoted in a
paragraph, they are likely to be discussing the same issue.

We define a O-paragraph as a paragraph that contains one or more quotations and their
contextual information. The goal of quotation detection is to extract a set of Q-paragraphs

() from a news article corpus A:

Q:{QIJ q2;, ---, qﬁ} (32)
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Figure 3.2: Two paragraphs from Chinese news articles. Multiple statements are quoted in these
paragraphs. Each quotation might not contain complete semantic meaning alone.

where a ¢; is a Q-paragraph extracted from some news article in A. Quotation detection can

be reduced to the task of deciding whether a quoted statement exists in a given paragraph.

3.3.2 Pattern-Based Quotation Detection

Quotations can be detected by matching common sentence patterns. We demonstrate
a pattern-based solution for Chinese quotation detection. Common sentence patterns for
quotations in Chinese news articles are listed in Table 2.1. The usage of reporting verb is
also quite limited in Chinese news writing. We manually identify seven common reporting
verbs in news articles. They are listed in Table 3.1.

For each paragraph in articles from A, we check whether one of the three patterns exists
in the sentences. If such pattern exists, the paragraph is added to (). The first quotation
pattern covered most of the quotations in news articles.

A common false alarm occurs in the current approach. There are two common pat-
terns for indirect quotations. The first one contains a comma that separates reporting verb
and reporting speech, while the other do not. False alarms often occur with the later pat-
tern. The reason is that the reporting verbs are also often used for expressing emotions.
Sentences that contain terms such as “#& 5= i% & or “#& 5~ i #&” are detected as quota-

tions, but these sentences merely describe the emotions of characters. To avoid these false
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Table 3.1: Common reporting verbs in Chinese news articles

alarms, we set a threshold on length of the reporting speech. If the reporting speech is no
longer than 5 Chinese words, we do not detect the sentence as a quotation.

We validate our pattern-based quotation detection with 30 Chinese articles. The task
can be reduced to a binary classification problem, where the algorithm judges whether a
paragraph is a Q-paragraph. Given a ground truth, we can evaluate the extracted result
with its precision and recall. Among 142 annotated Q-paragraphs, 119 are successfully
extracted. Only 2 false positive Q-paragraphs are selected by our approach. In quotation
detection, the precision of extraction is more important than its recall. Since we make
use of characteristics of Q-paragraphs in later steps, it is important that the precision of

retrieved paragraphs is high. The experiment shows a 98% of precision and 84% of recall.

3.4 Issue Clustering

The purpose of issue clustering is to group together Q-paragraphs that are discussing

the same issue. Given a Q-paragraph set (), the output of issue clustering is a cluster set:

C = {a,c, ...} (3.3)
s.t. N)_ca=0Q
Ca # ¢, Va

ca Ny = ¢, Va,bwhere a # b

Under the assumption that each group of Q-paragraphs should have similar semantic
appearance, we adopted the well-known vector space model (VSM) [35]. Furthermore,
issue significant terms (IST) are introduced in our work to capture the characteristics of
Q-paragraphs. Each Q-paragraph is described as an IST vector. Eventually, we apply

hierarchical agglomerative clustering on these vectors. The three components of issue
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Figure 3.3: The three components of issue clustering, including preprocessing, issue significant
term (IST) selection and hierarchical agglomerative clustering.

clustering is shown in figure 3.3.

3.4.1 Preprocessing

There are two preprocessing steps. First, we apply word segmentation to tokenize

Chinese sentences. Then, named entities are recognized as rich information.

Word Segmentation for Chinese Text

The major distinction of Chinese text processing is the segmentation of Chinese words.
We use Stanford Word Segmenter [11] to bridge over the gap. Sentences are first tokenized

to words before further analyzed.
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Named Entity Recognition

To obtain better knowledge on sentences, we also include a named entity recognizer in
our solution. Mencius [38] [42] [39] is a Chinese named entity recognizer that recognizes
names of people, organizations, and locations. Characters in a public agenda often give
comments on various issues. Since our goal is to group together Q-paragraphs that discuss
the same issue, these terms are not good materials for clustering Q-paragraphs. Named

entity recognition helps us separate these terms from others.

3.4.2 Vector Space Model

After word segmentation, each segmented token is treated as a ferm. We can index all

the terms that appear in () as:

T — {th t2, tg, ey t@ } (34)

In vector space models, Q-paragraphs are mapped to a vector space for calculating
similarities. We represent each Q-paragraph ¢; by a 6 dimension term vector v, in which

every dimension measures a term:

Vg, = (Wi, Wig, -\ Wigp) (3.5

where w ; 1s the measurement for importance of term ¢; in g;.

The product of term frequency and inverse document frequency (TF-IDF) is a wildly
used term weighting method [35]. Since Q-paragraphs are usually short, we use raw fre-
quency, which is the number of times that a term ¢; appears in a Q-paragraph ¢;, as the
frequency measurement 7'F'(¢;, ¢;). Inverse document frequency measures whether a term
is common or rare. The more frequent a term appears in a corpus of documents D, the

less likely the term has a specialized semantic meaning. We use logarithmically scaled
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frequency for IDF measurement:

(D))
IDF(t;, D) = 1 '
(tja ) 0g ’{dz . dz c D, dz contains t]}| (3 6)

We weight the importance of a term by the product of its term frequency and inverse doc-
ument frequency. The effect of stopwords and general terms that lack of distinct semantic
meanings are greatly reduced.

We could treat () as a document set and obtain IDF measurements for terms. How-
ever, () contains only Q-paragraphs on a specified public agenda. Agenda-related terms
would appear frequently while holding distinct semantic meanings. If we use the inverse
document frequency in (), the importance of these terms would be substantially underes-
timated.

We obtain another set of IDF measurements for terms via an external corpus A g, which

is composed of general news articles:
EIDF,, = IDF(t;, Ag) (3.7)

EIDF;, measures the rarity of a term ¢; in general news articles. Semantic meanings of
agenda-related terms tempt to be distinct in general news articles, leading to high EIDFs.

The final weight of ¢; 1s decided by the mixture of the two weighting methods:

MIDF,, = IDF(t;, Q) - EIDF,, (3.8)

3.4.3 Issue Significant Term Selection

There are several obstacles when clustering Q-paragraphs. We propose a term selec-
tion process to improve the performance of issue clustering.
Obstacles for Issue Clustering

There are three major challenges when applying vector space model to issue clustering:
* QQ-paragraphs are usually very short, term frequency often fails to show the subject
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of a Q-paragraph.

* Quotations are comments made by characters. The selection of terms may be very

different when talking about the same issue.

* Important public figures may give comments on various issues. Named entities

further confused the process of issue clustering.

Q-paragraph 1
Blhikkw o BABRRESHUWALE LS oL ER  FEHNE
EARMEGHBERE > LAFRRARAHMERZET EATH -

Q-paragraph 2

ﬁ%%ﬁ%%ﬁl&%ihﬁﬁmﬁ A4 0 A M S AR (RSB BAR)
BUREH  GEAEN o —AFERHA A —o AEFRA BHFL
NS ET S T L

Q-paragraph 3

WIRARESGHRM AT EERTER » S ERE FILIF o AR R
IE %@ﬁﬁ%ﬂ%ﬁﬁ$%f’%ﬁrﬁ%%%&“Nﬁim%%kﬁ%ﬁ@
R AENEESE > mMBARBDEEFIE 228 & RIEHPIE » AEE—FITH -

Figure 3.4: An example of false clustering. Although Q-paragraphs 2 and 3 are talking about the
same issue, Q-paragraphs 1 and 2 are more likely to be group together using VSM.

In Figure 3.4 we show an example of false clustering. All three Q-paragraphs are re-
lated to the public agenda on whether the government should continue constructing Lung-
men Nuclear Power Plant. Q-paragraph 1 give comments on the security detection issue,
while Q-paragraphs 2 and 3 talk about nuclear waste disposal.

In issue clustering, we would like to group Q-paragraphs 2 and 3 together. However,
Q-paragraphs 2 and 3 do not share many overlapping term beside the term “#% &}, The
cosine similarity of their term vectors is relatively low. Since Q-paragraphs 1 and 2 share
several terms with high IDF like “B] K&, %>, “& E”, and “Bl &, they are more likely to

be grouped together while clustering.
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Selecting Issue Significant Terms with Significance Estimation

We propose a procedure of term selection to improve the performance of issue clus-
tering. Instead of using term set 7' that includes all the terms, we represent Q-paragraphs
with a subset of T'. The subset only includes terms that are potentially related to an is-
sue. These terms are referred to as issue significant terms (IST). For instance, in the issue
of nuclear waste disposal, “waste”, “disposal”, and “fuel” would be ISTs. We name this

subset Trg7.

Recognizing ISTs before recognizing issues is a challenge. There are some proper-
ties of ISTs that we use for extraction: First, an IST usually contains a specific semantic
meaning. Its IDF in the external corpus is likely to be high. Second, an IST tend to be
significant in A. If a term is widely used in an issue, its document frequency would not

be too low. A significant term in A has a higher possibility to be an IST.

To measure the significance of a term in a corpus D, we adopt and modify an exten-
sively used procedure in news keyword extraction [27] [41]. For every document d; in
D, a few terms are selected as key terms. The set of key terms for d; is denoted as K ;.
Various criteria can be applied for selecting /;,. We evaluate the significance of a term
in D by the frequency of the term being selected as key term. The significance estimation

(SE) of a term is formulated as follow:

di:diED,t'EKi
SE(t;, D) = it D i € K} (3.9)

We treat the set of Q-paragraphs () as the corpus. A term with high SE in () has a higher
possibility to be an IST.
In our work, we select 10 terms with the highest weight in v, as key terms for ¢;. By

doing so, we filtered most of the stopwords and general terms that do not contain much

semantic meanings.

We extract T7gr from the original term set 7" using NER and the SE measurement.
First, all named entities are excluded. Since characters often give comments on different

issues, named entities are not good materials for clustering Q-paragraphs. Then, the terms
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that are generally used in all issues should also be filtered. For example, the term “Lung-
men” would not be an IST when dealing with the public agenda on Lungmen Nuclear
Power Plant. It is a term directly about the public agenda rather than a specified issue.
We name these term as agenda terms. Observations show that if a term appears in more
than one third of the Q-paragraphs, it is likely to be an agenda term. These terms are also
excluded. Finally, we select only the top 20 percent of the remaining terms according to
their SE in (). The selected terms formed a new term set 7757, which defines a reduced
vector space in our model. Some selected terms are shown in Figure 3.5, the numbers

before terms indicate their SE rankings in T g7.

1 3% 21232 | 3FRE 4 R¥% | 5
6 % 7xF | SHWE | 9T | 10 B
11 3+ 2] 12 4% | 13 #%Ae 148R%E | 159%
16 iR E 17 %E | 18 AZAEm | 19 €8 | 20 se R
21 4%% 22 Z2Ah | 23 244 % | 25 &
26 A% | 27 P45 | 28 BAE 29 #4 | 30 Az AEK

Figure 3.5: Terms with high SE in the public agenda on Lungmen Nuclear Power Plant

3.4.4 Hierarchical Agglomerative Clustering

After representing Q-paragraphs with IST vectors, we can apply clustering on them.
Hierarchical agglomerative clustering (HAC) is a bottom-up clustering algorithm. Each
Q-paragraph is treated as a cluster at the beginning. The two most similar clusters are
merged in every iteration. The merging process continues until all Q-paragraphs are
merged to one big cluster or a stopping criterion is reached.

There are different linkage criteria that decide which two clusters should be merged
in every iteration. We use average linkage clustering in our work. The similarity between

two clusters ¢,, ¢ is defined as:

SIM(c,, ¢) = Sy A Yy U (3.10)
[callcs] ||cb| Vg |V,

qs€cq qtECy qs

In every iteration, the two most similar clusters are merged.

HAC generates a possible cluster set in every iteration. For J Q-paragraphs, § — 1
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cluster sets are generated through the clustering process. The selection of final cluster set

includes three criteria:

* The algorithm do not select cluster sets in which the 10 largest clusters cover less

than 70 percent of the Q-paragraphs.

* The algorithm do not select cluster sets in which the largest cluster covers more than

half of the Q-paragraphs.

» Among the cluster sets that qualify to the first two criteria, elbow criterion is applied
on one-way ANOVA F-test for the final choice [1]. F-test is the ratio of the between-
cluster variance to the total variance. It measures the explained variance of a cluster
set. As the number of clusters decreases in the merging process of HAC, value of
F-test gradually falls. At some point, the merging of two clusters causes the value of
F-test to decrease dramatically. According to elbow criterion, we select the cluster

set before the merging occur.

3.5 Issue Cluster Labeling

After issue clustering, every issue cluster is composed of Q-paragraphs that discuss
the same issue. To let user understand the issue in a issue cluster c,, a label [, is given
to represent the issue. The most significant term in ¢, is a possible choice of /,. We also
extract phrases from c, as label candidates, since phrases are usually more complete in
semantic meanings than words. [, is selected by comparing the SE measurement of terms
and phrases in c,.

A phrase p is a sequence of words c; cs...cy, which contains a specified semantic mean-
ing. Not any sequence of words can be considered as a phrase. A sequence of words that
lack complete syntactic and semantic structure is merely a string. We adopt the solution
brought up by Wang et al. to identify significant phrases [41]. A significant phrase p must

satisfy the following criteria:

1. The number of documents that contains p is more than a threshold T'H p.
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2. p contains at least one of the significant terms in the collection. We select the top

20 percent of terms with highest SE as significant terms.

3. p is a max-duplicated string in the issue cluster [45]. Its document frequency is

larger than all other strings that treat p as a substring.

4. The mutual information of its two longest substring should be high [13]. The two
longest substrings of p are ss; = cics...cx_1 and sso = cocs...cy. The substring

mutual information of p is defined as:

Pr(p)

SMI = Pr(ssy) + Pr(sss) — Pr(p)

(3.11)

where the probability of a string is measured by its document frequency. SMI of a

phrase p should be higher than a threshold T'H g,,;.

We follow the parameter settings in the original work. All the strings that match the criteria
are treated as significant phrases in a issue cluster.

After phrases are extracted, we adopt Equation 3.9 to measure the significance of a
phrase. Since phrases are already judged as significant strings, we add all phrases that
appears in g; to /,,. The SE of a phrase is equivalent to the document frequency of the
phrase.

The term or phrase with the highest SE measurement in ¢, is selected as the label /,,.
For a cluster set C', we output labels of the clusters that are large enough. Duplicate labels

are removed from the final label set L.
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Chapter 4

Evaluation

In this chapter we evaluate the performance our solution. The evaluation is consist of
two parts. First, we evaluate the performance of issue clustering. Second, we evaluate the

ability of different approaches to mine salient issues from articles.

4.1 Data Preparation

We compile a dataset on the public agenda of whether the construction of Lungmen
Nuclear Power Plant should continue. The dataset is composed of three parts. First, a set
of 221 articles related to the public agenda is collected from online news providers. 720
Q-paragraphs are extracted from these articles. Second, 6 salient issues and their available
labels are identified. Last, a ground-truth issue category set is built for the extracted Q-

paragraphs. Q-paragraphs are categorized according to the issues they discuss.

4.1.1 Online News Articles

News articles are collected from 7 major online news services in Taiwan as listed in
table 4.1. A webpage crawler automatically collects 41174 news articles from these online
news sites. The corpus of articles covers various domains.

In our work, we focus on the debate on whether the construction should continue Lung-

men nuclear power plant. It is one of the most salient public agendas in Taiwan in 2013.
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News service Number of articles
9 S 38 A 4,948
5 16

F 85 E TR 3,451

Bt A7 ] 4 7,948

A HERE TR 6,081
AR BR 2,382
ETtoday R 47 & 16,348

Table 4.1: Corpus of articles is collected from 7 online news services in Taiwan.

A set of articles on the public agenda is manually identified. The article set contains 211
articles published in the duration from March to May, 2013.
We apply the method described in Section 3.3 to extract Q-paragraphs from articles.

720 Q-paragraphs are extracted from the 211 articles on the public agenda.

4.1.2 Salient Issue Annotation

We manually identify a ground-truth list of salient issues for experiments. 5 annotators
are recruited for the task.

Before the annotators identify issues, we make sure that the annotators understand the
task and the public agenda. First, the definition of public agenda and issues are explained
to each annotator. Then, to ensure the annotators have enough knowledge on the public
agenda, they are asked to read a number of related articles. Annotators are asked to browse
through the titles of the articles and select at least 30 articles to read.

After annotators gain understanding to the agenda, they are asked to point out related
salient issues. We use the method proposed by Wang et al. to generate a list of keywords
and keyphrases for the public agenda [41]. These keywords and keyphrases are provided
to the annotators as label candidates. Since named entities would not be an issue, they are
manually removed. Given a list of label candidates, annotators are asked to point out all
available labels for each issue they recognize.

Finally, we take an agreement on the annotated labels by the following procedure:
First, all labels that are selected by more than half of the annotators are included to the

ground truth. In this step, 13 labels are included. Then, we apply HAC to group together
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Issue ID Available Issue Labels

1 N NE L

2 AR, BRRHE, B Rk

3 %%

4 24

5 #E

6 TE,EBLEER EHNATER BRAEER

Table 4.2: Ground-truth list of salient issues and their available labels.

labels of the same issue.

We use average linkage clustering on the task. Initially, each label is an issue itself.
Pairwise similarity of labels is decided by annotators that select both of the labels. We
calculate the ratio of annotators that consider two labels as the same issue. The ratio is
treated as the pairwise similarity of two labels. Merging process continues until the highest

average linkage between issues is lower than 0.5. The agreement of salient issues is shown

in table 4.2 .

4.1.3 Issue Category Annotation

To evaluate the performance of issue clustering, we obtain a issue category set for
evaluation benchmark.

C*=A{c, c3, ¢, cy, ¢k, g} 4.1)

where ¢! includes Q-paragraphs that are discussing the a’th issue in Table 4.2. Not every
Q-paragraph is assigned to a issue category. Q-paragraphs that are not related to any salient
issue and Q-paragraphs that are discussing multiple salient issues are excluded from C*.
A Q-paragraph is not assigned to more than one issue category.

15 annotators participate in the task. For a given Q-paragraph, annotators are asked to
either assign the Q-paragraph to a issue category in C* or mark the Q-paragraph as “None”
(Q-paragraph not relevant to all issues) or “Multiple” (Q-paragraph mentions multiple
issues). Each Q-paragraph is annotated by 3 annotators. Ground-truth category of a Q-
paragraph is decided by majority rule.

The result is shown in Table 4.3. In the 720 Q-paragraphs, 329 are assigned to an issue
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category || ¢ | ¢35 | 5 | ci | & | ¢
size 109 | 16 | 16 | 74 | 72 | 42

Table 4.3: Issue categories and their sizes. Q-paragraphs are assigned to categories according to
the issues they discuss.

category, 340 are marked as “None”, and 44 are marked as “Multiple”.

There are 7 Q-paragraphs that the 3 annotators all judge it differently. Situations are
similar on these Q-paragraphs. Each Q-paragraph mentions several issues. Annotators as-
sign the Q-paragraph to different issue categories or mark the Q-paragraph as “Multiple”,

leading to conflict results. These Q-paragraphs are not assigned to any category.

We build two test sets for issue clustering. The first set ();ssye 1S consists of the 329
Q-paragraphs that are included in one of the issue categories. The other set (),; includes

all 720 Q-paragraphs.

4.2 Evaluate Issue Clustering

In this section, we evaluate the performance of issue clustering. We compare the be-

havior of HAC using term vectors and IST vectors.

We run experiments on two test sets, namely Q;ssue and Quy. In Qissue, €very Q-
paragraph belongs to one of the issue categories. We evaluate the ability of HAC to ac-
complish the clustering task. The other test set (),; includes all 720 Q-paragraphs that
are extracted from news articles. In our architecture of issue mining, (), is the set of
Q-paragraphs that is passed to the issue clustering component. The difficulty of the task

is higher.

4.2.1 Evaluation Metrics

The performance of a cluster set C' is evaluated with a ground-truth issue category set

C*. Two metrics are used in the experiments.
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Normalized Mutual Information

The main measure we use to evaluate how well a data is clustered is by computing

normalized mutual information (NMI):

I(C;C%)
NMI = 4.2)
[H(C) + H(C*)]/2
where / is mutual information:
i . Pr(c;N c’]*)
ceC C;EC* 7
and H is entropy:
H(C) ==Y Pr(c;)log Pr(c;) (4.4)

c,eC
NMI measures how much statistical information does the cluster set C' share with ground-
truth categories C* . Its range falls in [0, 1]. The greater NMI is, the closer is C' to the

ground truth C*.

Clustering @),;; is more difficult than clustering ();ss... To examine the different of the
two tasks, we evaluate the NMI of clustering results of (),; with two ways. In the first
way, NMI is evaluated on all Q-paragraphs. In the second way, all Q-paragraphs that are
not included by (), are ignored when evaluating NMI. We refer to the later as filtered
NMI.

Purity

Purity is another common measurement on clustering. To compute purity, each cluster
is first assigned to the category that is most frequent in the cluster. Purity measures the

ratio of data being put to the cluster with the correct category:

1
purity(C, C*) 3 E max i N | 4.5)

c;,eC J
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Qissue Qall

NMI | Purity | NMI | Filtered NMI | Purity | Total Purity
VSM (TF-IDF) 0.408 | 0.620 | 0.238 0.315 0.632 0.222
VSM (TF-MIDF) 0.455 | 0.741 | 0.235 0.305 0.690 0.222
ISTVSM (TF-IDF) 0.455 | 0.723 | 0.272 0.328 0.574 0.270
ISTVSM (TF-MIDF) | 0.454 | 0.726 | 0.278 0.363 0.711 0.518

Table 4.4: Performance of issue clustering Q;ssue and Q ;.

where [ is the number of Q-paragraphs with issue categories. Itis easy to see that purity =
1.0 when HAC starts, because each cluster contains only one Q-paragraph. As we merge
clusters together, purity decreases gradually. A low purity shows that many Q-paragraphs
with categories are not put in the correct clusters. Issue-related terms would not be signif-
icant enough, leading to a bad performance of issue mining.

When computing purity, all Q-paragraphs that are not in any issue category are ignored.
However, observations show that in some clusters, Q-paragraphs with issue categories
might be overwhelmed by Q-paragraphs without category. We calculate total purity by
assigning all Q-paragraphs without categories to a new category c. If a cluster contains

a lot of Q-paragraphs without category, the cluster might be assigned to cj.

4.2.2 Compared Methods

We use HAC as our clustering method. Performances of different types of term vectors
are compared.

For choice of vector space, we use the vector space generated by all terms or the one
generated by ISTs. We refer to the vector space model that involves all terms as VSM,
and the model that generates vector space with ISTs as ISTVSM.

Choice of term weighting methods includes TF-IDF and TF-MIDF. We use the corpus
of all online news articles as the external corpus Ag. Each vector space is combined with

either of the term weighting methods to create term vectors.

4.2.3 Experiment Results

The experiment results on the two test sets are shown in Table 4.4 .
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The results show that in ();s,e, term weighting is more important than vector space.
However, results in (),; show that vector space is critical when dealing with all kinds of
Q-paragraphs.

We observe that VSM (TF-IDF) does not perform well with Q;ss,.. Issue-related
terms are frequently used in Q;4s,.. By weighting terms with IDF in Q;4,., the importance
of issue-related terms are highly underestimated. Advantage of TF-MIDF is that it adjusts
TF-IDF with an external corpus. Issue-related terms would be weighted highly in term
vectors. On the other hand, there is no significant difference between TF-IDF and TF-
MIDF with ISTVSM. Since we only use ISTs in term vectors, terms with low document
frequency are already filtered. The clustering result is similar using different weight of
terms.

In experiments on (), the test set includes Q-paragraphs that mention none or mul-
tiple issues. IST selection became very crucial in the situation. We take a closer look on
the clustering result of VSM and ISTVSM using TF-MIDF on @);. The distribution of

the top 6 clusters generated by both methods are shown in Figure 4.1 and Figure 4.2 .
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Figure 4.1: Distributions of top clusters generated by vector space model with all terms (VSM).

Both methods built a large cluster that is dominated by Q-paragraphs without issue
categories. The content of the cluster is mostly about daily procedures of political agendas.
Significant terms in the cluster are terms that are related to political procedures.

Issue No. 1 is about referendum, and issue No.4 is about judicial review of ceasing
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Figure 4.2: Distributions of top clusters generated by vector space model with issue significant
terms (ISTVSM).

construction. Since these two issues are highly related to political procedures, they share
a lot of common terms with these Q-paragraphs without issue category. In VSM, Q-
paragraphs about these issues are easily merged into the largest cluster. These two issues
are successfully distinguished in ISTVSM. By describing Q-paragraphs with only ISTs,
a considerable amount of terms related to political procedures are filtered. The term “i#
&7, which means violation of the constitution, is emphasized in IST vector space model
and became very decisive in hierarchical clustering.

Excluding named entities from term vectors is also crucial. VSM tends to build clus-
ters that focus on named entities. In Figure 4.1, the second largest cluster focus on Taiwan
Power Company and the minister of economic affairs, while the third largest cluster fo-

cus on the mayor of Taipei City. As a consequence, both of the clusters contain several

categories of Q-paragraphs from these public figures, which leads to a low purity.

4.3 Evaluate Salient Issue Mining

In this section, we show the issue lists generated by different issue mining methods
and compare their performance. An issue list L is evaluated on two major aspects. First,

we evaluate the amount of salient issues successfully revealed by the issue list. Second,
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the list should provide as less false issues as possible.

4.3.1 Evaluation Criteria

In an issue list L, each issue is represented by a label [,. We evaluate L by the is-
sues it successfully revealed. For every salient issue in the ground-truth list, we check
whether one of its available labels exists in L. If such label exists, we considered the issue

successfully discovered by L.

We also evaluate whether an issue list is precise. The system should provide as less
false issue as possible. Precision of a L is defined as the ratio of its labels that exist in the

ground-truth list.

4.3.2 Compared Methods

We implemented two methods, which are Q-VSM and Q-ISTVSM, that are based
on issue clustering. Q-paragraphs are first extracted by quotation detection which we
introduce in Section 3.3. Then, we apply issue clustering to the extracted quotations.
Vector space is generated by all terms in Q-VSM, while vector space is generated by
ISTs in Q-ISTVSM. Both methods use TF-MIDF as term weighting method and HAC as

clustering method.

To evaluate issue mining based on issue clustering, we build an algorithm, which is
referred to as S-VSM, that mine issues with article clustering. For a given corpus, every
news article is mapped to a term vector. We apply HAC on the term vectors to group

together articles that have similar semantic appearance.

Three methods share the same procedure after the clustering step. First, we remove
clusters that are not large enough. Clusters that do not contain more than 5 percent of
Q-paragraphs/articles are removed. Then, a label is selected for each cluster using the

techniques which we described in Section 3.5.

Issue lists generated by the three methods are shown in table 4.5.
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S-VSM Q-VSM Q-ISTVSM
BERBE BEREBE 2ERE
UNED S 25 NS
BEEH AT M iR
R AL R, %% #E
AR R R RE 2R
R A% & H B
#®E

Table 4.5: Issue lists generated by issue mining methods.

Precision Issue Discovered

S-VSM 0.167 1
Q-VSM 0.286 2
Q-ISTVSM 0.667 4

Table 4.6: Performances of methods on issue mining.

4.3.3 Experiment Results

The performances of issue mining methods are shown in table 4.6.

The main obstacle of S-VSM on the task is that news articles are usually triggered
by events instead of issues. Some issues are often mentioned in commentary paragraphs,
but seldom become the subject of a article. A large amount of news articles are related
to political procedures. Issues that are not related to political procedures, such as nuclear
waste disposal and security detection, are easily overwhelmed. The only issue that S-VSM
successfully found is about referendum, which is a very salient issue in the agenda.

The differences between Q-VSM and Q-ISTVSM are explained in Section 4.2.3. In
Q-VSM, issue clusters often focus on named entities. With IST selection, Q-ISTVSM
build clusters that focus on issues. Two extra issues are discovered by Q-ISTVSM. Pre-
cision of Q-ISTVSM is also higher.

Issue No. 6 is an issue that all methods fail to mine. It is the issue about electricity
price and capacity. Comparing to other issues, it is an issue that covers diverse concepts.
Electricity price, electricity capacity, and cost of power production are all included in this
issue. Term usage is very different in this issue. By adopting vector space model, we
inherit the assumption that all terms are independent. Two Q-paragraphs talking about

“& /1% K and “# & respectively may be considered irrelevant, even though the two
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terms are highly related in human concept.
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Chapter 5

Conclusion

Public agenda is one of the most important means for democratic participation. How-
ever, individuals face the threat that related issues might be understated or filtered by
biased media. In a democracy polity, it is important that related issues of a public agenda
are properly informed to electorates. We strive to extract salient issues from various news

providers automatically.

This work proposed a solution for mining salient issues on public agendas based on
quotation analysis. We showed the characteristics of quotations in news that benefits issue
mining. A pattern-based quotation detector is introduced in our work to efficiently retrieve

Q-paragraph from articles.

The goal of issue clustering is to group Q-paragraphs that discuss same issue together.
We introduce a term weighting method, which is referred to as TF-MIDF, to conquer
the problem that issue-related terms are underestimated with TF-IDF. A term selection
procedure, namely IST selection, is proposed to retrieve terms that are potentially related

to an issue.

A dataset of 211 news articles and 720 Q-paragraphs about a public agenda is compiled
for evaluating our system. 6 salient issues are identified from the corpus, and Q-paragraphs
are categorized according to these issues. We evaluate the behavior of issue clustering
when using different types of term vector. We also compare the issue lists generated by

methods that involve issue clustering and a method that does not.

39



5.1 Summary of Contribution

We summarize the contribution of our work as follows:

» We identify the importance and definition of salient issue mining on public agendas.

A solution based on quotation analysis is proposed in our work.

* The challenges of clustering Q-paragraphs are revealed in this thesis. We introduce
issue significant terms to cluster Q-paragraphs based on the issue they discuss. Ex-

periments show that it outperforms the traditional vector space model on the task.

* A dataset that includes 211 news articles and 720 Q-paragraphs is compiled in our
work, which can be used in future research. 6 salient issues are identified from the

corpus, and Q-paragraphs are categorized according to these issues.

5.2 Future Work

There are several limitations in our work that requires future improvements. We iden-

tify them as follow:

* Table 4.3 shows the distribution of the 720 Q-paragraphs we annotated. According
to our experiments, if we focus on only the 329 Q-paragraphs that belongs to a
category, our methods could achieve better performance on clustering. Dealing with
all 720 Q-paragraphs together raises the difficulty of clustering dramatically. The
robustness and effectiveness of the issue mining solution could both increases if we
build a filter that judges whether a Q-paragraph is likely to contain an issue. Future

work on classifying Q-paragraphs is desired.

* The detection of public agendas from a general corpus of news articles is not in-
cluded in our research scope. Techniques in the research field of topic detection and
tracking (TDT) are able to detect topics and group articles by their topics [2]. In
TDT, a topic is an event or activity, along with all directly related events. Generally

speaking, we can treat public agendas as topics and apply TDT techniques to detect
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agenda. Further research is required to automatically detect public agendas from

news articles.
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