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Abstract

The latest findings from the Intergovernmental Panel on Climate Change Sixth

Assessment Report retells a story already told in 1979 in greater detail — that climate

change is happening because of human causes. However, the progress on addressing

the climate crisis hardly corresponds to the media’s nearly 40 years of news coverage.

A widely cited barrier to progress is the lack of knowledge to comprehend the various

interacting aspects of climate change. As a dynamic complex system, climate change

is a deeply relational systems-level problem that requires communication and mental

models capable of communicating system complexities. To establish the extent of

relations and knowledge formations by past communications, this paper offers a

methodological innovation enabling network analysis of unstructured texts. This

research developed a reproducible automated semantic network approach using

natural language processing and open information extraction tools to construct

knowledge graphs (KGs) on climate change news coverage in 5 countries using news

articles (N = 19, 684) from 1990 to 2020. Country comparisons were carried out

cross-sectionally and longitudinally. The findings show that the KGs are structurally

similar while static but differed substantially in longitudinal patterns. Countries

performing better in climate commitments saw a uniform increase in the salience

and embedded of concepts, while in those less progressive countries, concepts

become salient sporadically. The study concludes by recommending a concerted

communication model that gives equal and parallel issue-attention to the causal,

action, and physical characteristic and consequence frames of climate change to

facilitate understanding of the system complexity of climate change.
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The best time to stop climate change was 40 years

ago.

The second best time is now

— Chinese proverb (parody)

1
Introduction

Contents

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1 Motivation

Everything that we needed to know about climate change, including how to stop

it, has been known since 1979 (Rich, 2019). However, the recently published Sixth

Assessment Report (AR6), the most authoritative document on the current state of

the climate, by the Intergovernmental Panel on Climate Change (IPCC) was called

a "code red for humanity" by UN Secretary-General António Guterres (IPCC, 2021).

The increasingly common extreme weather events and other consequences of climate

change is a difficult reality that must be communicated effectively and understood by

public and political actors to mitigate the worst of impacts. Unfortunately, however,

climate change and its nearly four decades of media coverage have demonstrated a

lacklustre outcome, with climate denialism, skepticism, and cognitive dissonance

still prevalent in the public discourse (Dryzek et al., 2011; Farrell, 2019; Ruiu, 2021).

1
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Figure 1.1: The inertia effect of the climate system given a peaked and reduced emissions
of anthropogenic sources of CO2. (IPCC, 2001)

As the world progresses towards a greater climate change, communication

cannot become complacent and lessons from the long history of climate change

communication must be extracted to inform future strategies. Warning of the effects

and threats of climate change from anthropogenic sources of greenhouse gases

(GHG) has, unfortunately, already been raised since decades ago by the scientific

community (Change et al., 2007; Houghton, 1996; National Research Council, 1979;

Sawyer, 1972). However, to date, "only timid measures have been put in place to

reduce the use of fossil fuels and CO2 emissions" (Manzanedo & Manning, 2020,

p. 2). In the AR6, the current state of the climate continues to worsen, with

global surface temperature observed to be already over 1◦C higher than 1850-1900

pre-industrial levels (IPCC, 2021). This has led to more frequent extreme heat

events, increased global precipitation, and likely increased compound extreme events

(e.g. concurrent heatwaves and droughts, floods and fires) (IPCC, 2021). To that

end, there is an imperative to understand what has been said about climate change.

Climate change has been a difficult concept to comprehend given its large

geographical and time-scale consequences and complex nature of interactions

(Moser, 2010; Sterman, 2008). The complexity and scale of climate change at

a systems level are cited as an ongoing challenge for communicators and a possible
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explanation of the stagnancy in mitigation and adaptation efforts (Sterman, 2008).

The climate is not a single system but rather a system of systems consisting of

interacting subsystems such as the meteorological (e.g. wind, rain, humidity),

ecological (e.g. animals, plants, food chains), and human systems (e.g. economy,

society, transportation). Due to the complex interacting nature and magnitude of

individual subsystems, climate change effects exhibit high "inertia" in responding to

interventions (IPCC, 2001, p. 16). To illustrate, even if CO2 emissions peak and

stabilize within the next 100 years, Earth’s surface temperature will take centuries

to stabilize, and sea levels will continue to rise for up to millennia (Fig. 1.1).

This means that by the time adverse changes have been detected in the climate

and ecological systems at an alarming level, it is likely too late to address the

contributing system – the human system. Given the importance of communicating

the systems nature of climate change, the overarching research question this thesis

raises is "How has media communicated the interconnected nature of climate change

over the last four decades?"

The media remains the trusted source and actively provides up-to-date scientific

and risk communications for climate change. Its importance is accentuated by the

need to communicate and frame the unobtrusive nature of climate change’s systems

interaction to facilitate public understanding (Schäfer & O’Neill, 2017). In practice,

mass media scientific and risk communication is often less complete and coherent

and rarely communicates the exact scientific consensus message (see M. T. Boykoff

& Boykoff, 2007). Tracking the coverage of climate change across countries and

over time has been done mostly at a single-country level (e.g. Carvalho & Burgess,

2005; J. C. E. Liu & Zhao, 2017; Takahashi & Meisner, 2013). Cross-country

studies relied on simple counts of article frequencies or manual coding of themes

(e.g. Brossard et al., 2004; Schmidt et al., 2013). More recently, content analysis-

based studies have also appeared but continued to rely on conventional coding

approaches, which cannot be scaled to understand historical communications across

time and countries (e.g. Painter, 2013). The early works have laid the foundation

for studying climate change communication by credence to the central concepts,
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including issue-attention and media framing. However, in this thesis, I posit that

to reflect the interconnected nature of climate change and its communication more

accurately, there is firstly a need for methodological innovation.

1.2 Contribution

Enabled by natural language processing (NLP) and network science approaches, this

paper presents a scalable analysis pipeline to constructing a structured relational

representation of historical discourses from large unstructured text data. The

pipeline can easily be transferred to other domains. Within this paper, climate

change communication is analyzed to describe cross-country patterns in network

structures of the KGs longitudinally and cross-sectionally. Significant patterns

from past communication are valuable for informing the development of risk

communication models.

The paper is organized with the next section providing a literature review of

relevant works in climate change communication. Specifically on the concepts

of issue-attention, communication and mental models, and framing (Chapter 2).

The following section describes the theoretical framework of frame semantics and

its implementation using knowledge graphs (Chapter 3). Following is a detailed

description of the methodological framework developed within this paper that will

provide valuable information enabling greater relational analysis of unstructured

texts (Chapter 4). Lastly, the results are presented in Chapter 5 followed by

discussion and conclusion in Chapter 6.



Science and technology revolutionize our lives,

but memory, tradition and myth frame our response.

— Arthur M. Schlesinger Jr. (Schlesinger Jr., 1986)

2
Background

Contents

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Issue-Attention . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Explaining Issue-Attention . . . . . . . . . . . . . . . . 7

2.3 Communicating Climate Change Knowledge . . . . . . 9

2.3.1 Communication Models . . . . . . . . . . . . . . . . . . 10

2.4 Media Framing of Climate Change . . . . . . . . . . . 11

2.1 Introduction

The coverage of climate change in mass media, also called climate change commu-

nication, has been studied from many perspectives over the past decades. There

is a considerable amount of literature published across disciplines that focuses

on climate change communication. The majority of these studies emphasized the

media outputs of climate change journalism (Schäfer & Painter, 2021). To answer

the research question on structural climate change knowledge differences, four

concepts from within climate change communication 1 literature will guide this

1climate change journalism and climate change communication are used interchangeably in
this paper. Distinctions are made in some literature.

5
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review: the concepts of issue attention, climate change knowledge, communication

models, and media framing.

2.2 Issue-Attention

A cyclical pattern of coverages on social issues was proposed as the issue-attention

cycle by Downs in 1972. Downs suggested that while not all social problems will

adhere to such a pattern, those exhibiting three specific characteristics are more

likely to. Firstly, the sufferers of the social issue are proportionally smaller than

those unaffected. Secondly, the solution requires sustained effort at a systemic level

due to the deeply socially embedded nature of the problem. Lastly, the issue is

intrinsically unexciting and requires dramatic coverage. Thus, the issue attention

cycle is theorized to follow five waxing and waning stages: 1) pre-problem stage, 2)

alarmed discovery and euphoric enthusiasm, 3) realization of the cost of solutions,

4) decline of public interest, and 5) the post-problem stage (Downs, 1972).

Since its proposal, the issue-attention cycle hypothesis has been studied in

numerous national and temporal contexts within climate change communication (see

Schmidt et al., 2013). The hypothesis was tested empirically, and the issue-attention

cycle pattern was found to be present for news coverage of global climate change

by McComas and Shanahan (1999) for The New York Times and The Washington

Post. Periods of increasing attention to global climate change were characterized

by a more prominent focus on the dangers and consequences. In contrast, the

maintenance period of attention was found to feature scientific controversies more

prominently (McComas & Shanahan, 1999). Studies since the 2000s have begun

looking at issue-attention beyond the US, and the pattern becomes less cyclical but

broadly demonstrates some waning and waxing of attention regardless. For example,

the issue-attention cycle was found in Peru between 2000 to 2010. Issue attention

rose from 2006 until a peak in 2007-2008 followed by a decrease in 2009-2010

(Takahashi & Meisner, 2013), in Germany, France, UK, and US between 2000 to

2010 with an overall upward trend in attention and distinctive peaks that disrupted

a smooth cyclical pattern during international policy events (e.g. Kyoto Protol,
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Conference of the Parties) (Brossard et al., 2004; Grundmann & Scott, 2014). The

authors have also offered theoretical explanations to the forces driving the media

issue-attention cycle within the issue-attention literature.

2.2.1 Explaining Issue-Attention

An extension of Downs (1972)’s original theory by McComas and Shanahan (1999)

sought to describe such forces behind the issue-attention cycle. Downs originally

theorized that the innate characteristics (i.e. the three specific characteristics) of

an issue drives the cycle. In other words, media coverage increases because climate

change is inherently seen as a potentially dramatic issue that requires substantial

efforts to overcome. McComas and Shanahan instead explained that "...it is not only

the frequency of coverage but also the character and form of that coverage that helps

to draw public attention to environmental issues" (1999, p. 53). This explanation is

useful because it brought the role of media beyond reporting and in shaping the

public discourse and perception of climate change through characterizations.

Media characterization can be understood as the way an issue is presented within

the news media by journalists. This may be a presentation of an issue as pressing,

controversial, or passing through stylistic characterizations such as personalization,

dramatization or minimization to fit the narrative cycle of news stories (M. T. Boykoff

& Boykoff, 2007; McComas & Shanahan, 1999). The extent of media characterization

in US prestige media was made salient when M. T. Boykoff and Boykoff (2004)

found that the journalistic norm of balanced reporting created a controversial

representation of climate change despite broad scientific consensus. By adhering

to journalistic norms such as objectivity and balance, news media have created

a "false balance" that may have lead to a polarized public and political discourse

(M. T. Boykoff & Boykoff, 2004, 2007). Additionally, Brossard et al. (2004) suggests

that cultural contexts are an additional dimension within media characterization

that must be considered when studying climate change communication. Specifically,

coverage in France covered environmental policy conflicts between the US and

Europe, while US coverage focused on controversies between scientists and politicians
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(Brossard et al., 2004). Thus, while media characterization may be considered an

internal force within the media landscape that drives the issue-attention cycle,

studies have also sought to explore external forces.

Earlier studies of the mechanisms behind issue-attention have made explanatory

claims, but few offered empirically-grounded investigations until recently (Schäfer

& Painter, 2021). External forces are events and developments within the climate

change movement that drives media attention because of their newsworthiness. For

example, the Intergovernmental Panel on Climate Change (IPCC) fifth assessment

release in 2014 and the Conference of the Parties (COP15) to the United Nations

Framework Conventions on Climate Change in 2009 were events that spiked media

attention (Moser, 2016; Schmidt et al., 2013). Indeed Schäfer et al. (2014) found

that political events such as the IPCC and COP15 are a driver of media attention

in Australia, Germany, and India. Moser (2016) also suggests in her review that

the increasingly frequent extreme weather events such as Superstorm Sandy and

Typhoon Haiyan have driven the issue attention, but Schäfer et al. (2014) found

extreme weather events to only be a relevant driver in Germany. Similarly, across

41 countries of varying economic development statuses, Climate Change Risk

Index appears to have a negligible effect on the media attention to climate change

(Barkemeyer et al., 2017). The recent findings echo the observations of M. T. Boykoff

and Boykoff (2007) that climate change attention tends to follow policy developments

more than a "natural" cycle. This suggests that, generally, political events are a

greater driver of issue-attention than actual climatic events.

Two structural gaps remain within the issue-attention literature that this paper

will contribute towards: the majority of the existing literature remains single-country

focused, and few papers currently examine the structural difference of issue-attention

across countries (Barkemeyer et al., 2017). The scarcity of empirical cross-country

literature has been a widely cited gap for issue-attention literature and, broadly,

climate change communications (Barkemeyer et al., 2017; M. T. Boykoff & Boykoff,

2004; Schmidt et al., 2013). While single-country studies are valuable for explaining
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country-specific media characterizations and audience values, comparative cross-

country empirical studies may better explain effective climate change communication

elements. The long history of studies describing single-country issue attention

provides the foundation for more explanatory cross-country studies. In addition,

cross-country studies will be crucial to understand structural barriers and national

contexts that may empower or hinder a country’s media’s role in communicating

climate change (Anderson, 2009). Thus, properties of the issue-attention cycle are

expected within the longitudinal patterns of the KGs.

2.3 Communicating Climate Change Knowledge

Knowledge of climate change is fundamental to achieving timely and effective

mitigation and adaptation. Early researches have described the importance of

knowledge in behaviour changes and pro-climate political participation (Bord et al.,

2000). In 2020, news media remains the most widely used source of information

for climate change across 40 developing and developed nations (N. Newman et al.,

2020). However, despite the important role of knowledge in the climate change

movement, there has been limited investigation into the systematic differences in

the presentation of climate change knowledge by the media in different countries

(Tobler et al., 2012). As a result, the bulk of the studies within this strand of

climate change communication studies have focused on the public understanding

and perception of climate change rather than measuring knowledge in a standardized

and comparable way.

This review will first focus on climate change knowledge studies approached from

a public perception perspective – that is, studies concerning the public understanding

of climate change knowledge. Studies on public perception of climate change

have a rich body of literature, and there exist both quantitative and qualitative

studies (Capstick & Lorraine, 2018). Early studies from the 1980s and 1990s were

mostly small-scale surveys but established a baseline for longitudinal comparisons

Capstick et al., 2015. In a review by Capstick et al. (2015), climate change

knowledge in the early 1980s and 1990s was characterized by misconceptions and
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lack of knowledge on the anthropogenic causes. For example, a study in the

US during that time period found that laypeople conflated the ozone-depleting

Chlorofluorocarbons (CFCs) with GHGs and generally having a poor understanding

of the anthropogenic causes of climate change (Bostrom et al., 1994). A similar

study found that there were also misconceptions and a lack of knowledge in the

causes of climate change in the appropriate responses in Sweden (Löfstedt, 1991).

These misconceptions, such as between CFCs and GHGs, have even led to beliefs in

reducing aerosol spray cans usage instead of energy conservation measures (Bostrom

et al., 1994; Löfstedt, 1991). Although somewhat reassuringly, most respondents

from the 1994 study correctly mentioned some aspects of the consequences of

global warming (Bostrom et al., 1994).

Even in the early studies, Bostrom et al. noted that "despite widespread media

coverage of global climate change and related issues, lay mental models of global

climate change suffer from several basic misconceptions" (1994, p.968). Indeed, in a

replication of Bostrom et al. (1994)’s study 17 years later, Reynolds et al. found

that while some understanding have improved, "[the] laypeople’s mental models

now have changed surprisingly little since 1992" (2010, p.1534). The persistence of

misconceptions on climate change despite years of increased media attention and

growing scientific consensus may be rooted in several causes.

2.3.1 Communication Models

A much debated question is whether knowledge and facts are important in scientific

and risk communication models to elicit public participation in climate change

actions (see Bord et al., 2000; cf. Kahan et al., 2012). In scientific communication,

the dissemination of scientific knowledge follows a longstanding "information deficit"

model, which assumes the audience lacks the scientific information and proper

understanding to address an issue (Wynne, 2006). The efficacy of this model has

since been debated for the exact reason found in Reynolds et al. (2010)’s study

and the growing scientific skepticism amongst the public (Wynne, 2006). In fact,

in a survey of US adults, Kahan et al. (2012) found that individuals with higher
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scientific literacy perceived climate change as a less serious issue than those with

lower scientific literacy, thus rejecting the "information deficit" hypothesis; instead,

the authors found cultural worldviews to be an important predictor for climate

change perception. If the findings of Kahan et al. are accurate, then the importance

of cultural and personal values outweighs that of knowledge in raising the public

perception of knowledge. Wynne (2006) and several other studies (see Pearce

et al., 2015a, p.619) have proposed a more dynamic and interactive approach to

climate change communication. Specifically, a deliberative approach that emphasizes

emotional engagement and is contextualized on local issues and cultural values.

More recently, studies have refuted the contextualized value-driven communi-

cation model and again accentuated the importance of knowledge dissemination

in climate change communication. In a detailed investigation of the importance of

knowledge and value for explaining climate change perception across six developed

nations, Shi et al. found that knowledge remains "...an important predictor of

cross-national public concern even when we control for different value orientations"

(2016, p.761). Shi et al.’s conceptualization of climate change knowledge as three

distinctive domains, physical characteristics, causes, and consequences, provided

more granular insight into understanding the role of knowledge. It appeared that

knowledge about climate change causes was significant for public perception, while

physical knowledge (e.g. effects of CO2 versus methane) were even negatively

correlated to concern about climate change. This result is similar to the earlier

findings (Tobler et al., 2012), that knowledge about climate change causes was

most important to risk perceptions. Therefore, not all domains of climate change

knowledge contribute evenly to public perceptions and bring into question the role

of media coverage in shaping public knowledge.

2.4 Media Framing of Climate Change

While knowledge and communication models offer some theoretical explanation to

the persistence of climate change misconceptions, the way media covers the issue

is another variable that must be considered. Throughout early climate change
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communication studies, scholars have noted the role of the media in translating

and disseminating scientific knowledge to the public and political sphere (Bostrom

et al., 1994; M. T. Boykoff & Boykoff, 2004). The interdisciplinary nature of climate

change knowledge means many knowledge domains and a correspondingly large

pool of information to draw stories from. As Shi et al. conceptualized three domains

mentioned previously, there is additional knowledge that the media may include

or exclude when covering an issue. The intentionally selective representation of

information by the media has been studied as media "frames "(Moser, 2010). Framing

is a core concept to understand how the media can shape the knowledge of the public.

There are several conceptualizations of frames within framing scholarship.

Matthes (2007) distinguished two general frames: formal-stylistic and content-

oriented. Formal-stylistic frames describe the structural and formal representation

of information, whereas content-oriented frames focus on the content. The most

widely studied perspective within climate change communication is content-oriented

frames (Schäfer & O’Neill, 2017). Additionally, content-oriented framing is the

most relevant frame for this study because of its presumed role in shaping the

information and knowledge audiences receive.

The media is rarely a simple, neutral communicator. Instead, strategically

selective coverage decisions, or framing, are commonly employed to achieve some

predetermined goals within the expected audience (Moser, 2010). These goals may

be readership and revenue in for-profit media organizations like those in the USA,

a national agenda for state media, or value-driven goals such as environmental

protection. Entman describes framing, specifically content-oriented frames, as

"...select[ing] some aspects of a perceived reality and make them more salient in a

communicating text, in such a way as to promote a particular problem definition,

causal interpretation, moral evaluation, and/or treatment recommendation" (1993,

p.52). More concretely, framing is the deliberate inclusion or exclusion of some

information or knowledge about an issue in the media.

There is a great amount of variability in how climate change knowledge is

framed across countries (Moser, 2016). For example, in Sweden Olausson (2009)
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found that collective responsibility and certainty frames were dominant, and the

media was reluctant to adopt a scientific uncertainty frame. Similar frames were

found to be present in France (Brossard et al., 2004). Conversely, the scientific

uncertainty framing of climate change was much more dominant in the USA (Antilla,

2005). Climate change is often framed through natural impacts in natural disaster-

prone countries such as The Philippines, India, and the Gambia (Vu et al., 2019).

Considered from a knowledge perspective, it can be presumed that a national

media frame that provides more attention to scientific uncertainty contributes to

the persistence of climate misconceptions or structural knowledge gaps within the

country’s public. The cross-national differences in framing are expected to create

structural differences in the knowledge available to the audiences.

Through experimental researches, frames have been studied to understand

their effects on audience perceptions of climate change. For example, in an

experiment conducted in UK and Italy, Spence and Pidgeon (2010) found that

by emphasizing the positive outcomes of climate measures (gain frames), there

were improved information recall and increased the perceived severity of climate

change than those presented with the negative consequences of inaction (loss frames).

SIMILAR RESEARCH The experimental evidence shows that the same knowledge

of climate change action presented in different frames, some selective presentation

of information, created disparate outcomes in perception. Therefore, structural

differences in public perception due to different knowledge compositions across

countries will likely be observed.2.

The task of comparing frames cross-nationally is faced with methodological

difficulties. Frames have been widely studied from a range of methodological

approaches, but it "...is a fundamentally constructivist concept" (Schäfer & O’Neill,

2017, p.31). Using a set of master (generic) frames, such as the widely-adopted

five generic frames by Semetko and Valkenburg (2000), comparability can be

achieved across countries. However, comparable results are scarce among the

2This expectation is stated under the assumption that national perceptions are isolated units
for the purpose of this paper. In reality, international news flow is a considerable force (see
Takahashi & Meisner, 2013)
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majority of topical frame research because of differences in coding decisions and

the definition of frames. More recently, computational linguistic approaches have

gained popularity due to their ability to work with big corpora in a replicable

manner. The most commonly adopted approaches are topic models such as

latent Dirichlet allocation (LDA) or word clusters (Schäfer & O’Neill, 2017).

However, computational linguistic techniques, while powerful, are questionable

operationalization of the framing concept due to their unsupervised nature. Thus,

they are rarely presented as frame studies.

The field of frame analysis can undergo considerable methodological improve-

ments to investigate the role of framing in shaping the public’s climate change

knowledge. However, current research relies on manual constructivist approaches

that reduce replicability and produce few cross-nationally comparable results.

The methodological limits of manual content analysis approaches may have also

prevented widespread investigation into the change in media frames over time

(for an exception see Vu et al., 2019). The longitudinal understanding of media

frames and knowledge presentations combined with climate change perception data

can provide an enhanced picture of the role knowledge has in shaping the public

and political agenda. To that end, this paper will seek to address the gap in

current content frame studies by employing a replicable method that can provide

longitudinal and cross-nationally comparable results.
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This section will introduce the theoretical concept of frames and describe the

analytical framework using semantic networks implemented as knowledge graphs.

3.1 Theoretical Framework

3.1.1 Framing and Understanding

Research focused on understanding framing has grown ever more important as a

growing body of literature has shown framing effects on instigating substantial

institutional change (Werner & Cornelissen, 2014). As climate change is a deeply

rooted institutional issue that, despite years of issue-attention, has resisted effective

change leading to the current state of complacency is an area where many questions

15
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linger (Rich, 2019). The effectiveness of past frames has clearly been inadequate,

and new framing directions must be taken. Reframing by institutional actors to

achieve practical impacts and reshape the audience’s cognitive frame is documented

in literature such as BP’s reframing of their role in the 2010 oil spill as causer

to solver (Schultz et al., 2012) and the media’s framing of Islam following 9/11

leading to its association with terrorism (Ruigrok & van Atteveldt, 2007). As Beckert

(2010) stated that "institutions are defined as inter-subjectively shared meanings and

thereby become almost indistinguishable from cognitive frames", the latent meanings

that past climate change frames have constructed illustrates the path leading to

today’s cognitive frames and institutional representation of climate change.

3.1.2 Relational Understanding through Frame Semantics

Kovecses (2006) argued that the possession of facts is only part of knowledge

and a greater proportion of understanding comes from the "structured mental

representation" of underlying concepts, also known as the frame. Akin to a physical

picture frame, it is a mental model with which one understands a concept. Such

structured mental representation is a product of words’ associative nature, as

posited by the linguistic theory of frame semantics (Fillmore, 2006). Specifically,

frame semantics argues that the semantic (meaning) of concepts and words can

only be understood in relation to larger contextual frames such as culture, history,

and personal experiences (Fillmore, 2006). The opposite is true that when one

understands a word or concept, a specific frame is triggered. To illustrate this, the

concept of a "New Year’s day" can be understood as the first day of the calendar

year. However, a year and a day are only understood in relation to the concept of a

calendar year. Therefore, there must also be a year frame within which calendars

exist to track the progress of its elements of months and days. Furthermore, New

Year’s Day depending on the cultural context, this day can be January 1st for

Gregorian calendar users or September 11th for Ethiopian calendar users. Thus,

there is hardly a universal New Year’s Day, and one can only understand it against

a calendar frame within a year frame that can exist in two different cultural frames.
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Applying this principle to climate change means that individuals understand climate

change through different frames and trigger different frames for causes and solutions.

In addition to the relational semantic aspect of frames, Fillmore also posited

that through the use of different representations (i.e. words or phrasing), a com-

municator can evoke a specific frame (mental representation) and provide different

interpretations of an objective situation or concept. For example, representing

climate change as a product of consumerism may trigger the responsibility frame,

whereas calling it an issue of survival may trigger a disaster frame (Olausson,

2009). An assumption that underlies this argument is the availability of the frame

that the alternative representation intends to evoke. For example, an individual

without knowledge of climate change risks cannot evoke the risk frame without

understanding the concepts that underlie the risk frame (e.g. extreme weather and

natural disasters). This further reinforces the cross-context differences that exist

due to frame availability. One can only evoke frames made available to them by

their surrounding contexts, such as culture and media.

An important property of knowledge is that the evoked frame is not necessarily

singular, meaning a concept can evoke multiple frames that one knows. For an

individual, perhaps an Ethiopian-American, September 11th as a date can be

understood through two drastically different frames, with one being a holiday and

another terrorism frame. This property of framing is especially important for climate

change because of the shortcomings imposed by the mental models and frames

through which the complex dynamic systems quality of climate change needs to be

understood. Specifically, "we don’t [sic] understand the process of accumulation

(stocks and flows), feedback, time delays, non-linearity and other concepts necessary

to understand the dynamics of complex systems such as the climate and economy"

(Sterman, 2011, p.816). Informed by the systems complexity nature, there are likely

multiple simultaneous mental frames returned by climate change as a concept but

with the most salient frames resulting from respective national contexts.
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3.2 Research Objective

The following section will discuss the analytical approach to operationalize the

concept of frame semantics and relations. It can be understood as a network analysis

approach implemented using a semantic network. Recent examples of semantic

network analysis can be seen in several domains such as by Kang et al. (2017) to

identify central concepts in vaccine opinion groups and a public relations study

on BP’s crisis communication by Schultz et al. (2012). Motivated by the lack of

the application of a network approach to studying the structure and relations of

climate change concepts, I raise an initial exploratory research question:

RQ1: What are distinguishable and similar characteristics between the
climate change knowledge graphs of the analyzed countries?

Informed by the theory of frame semantics, which proposed that the creation

of relations between relevant frames is fundamentally the route of understanding.

Under the pretext that understanding is necessary for effective climate actions as

shown through the literature review, I extend the argument by proposing that the

progress on climate change in a country is reflected by the frames made most salient

by the media, which leads to a second research question:

RQ2: What are the most salient frames within each country as measured
by relational properties? How do these change over time?

In the context of the relational nature of understanding, perceptions, actions,

and attitudes are, therefore, a result of activating the frames constructed within

one’s environment. A relational approach to understanding framing is thus a

more theoretically justified approach than simple counts. Such that leads to

the first hypothesis:

H2a: Countries with more progress on climate change have more
salient frames relevant to solutions and current policies than causes
and consequences.
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Furthermore, there is a longitudinal perspective in frame salience as media outlets

do not remain static. The earlier a frame stabilizes, the more highly embedded those

in the mental model presented by the media. Although the study of actual mental

models of individuals is out of scope for this paper, observational findings can provide

an initial understanding of frame salience over time. Thereby complementing H1a

with a longitudinal perspective, the second hypothesis states that:

H2b: The most salient frames in countries most progressive on climate
change see causal, consequential, and action frames stabilized early.

3.3 Analytical Framework

3.3.1 Semantic Networks

The semantic network is a networked representation of knowledge that reflects

the relational nature of understanding proposed by the frame semantics theory.

The relational representation of concepts and knowledge in semantic networks

developed through a rich line of literature into a well-established concept and

approach in content analysis (see Doerfel, 1998). In its most basic form, a

semantic network follows the conventional node and edge structure. A node

is commonly a concept or word that represents an underlying entity. An edge

is a specific relation that exists between two nodes extracted via the network

construction process. For content analysis applications, semantic networks reveal

relational patterns and hidden relational semantics that cannot be identified through

conventional word-count or co-occurrence approaches (Carley & Kaufer, 1993).

However, despite its early conceptualization, the semantic network did not see

widespread applications until recently.

A partial barrier to the wider adoption of semantic networks is the difficulty

in constructing them. The process of semantic network construction is considered

a task of information extraction (IE), that is, the extraction of structured data

from unstructured texts (Maynard et al., 2017). Manual construction by coding

and extracting nodes and relations has been a common practice since the early

days and is still applied today (see. Doerfel, 1998; Kang et al., 2017; Schultz et al.,



3. The Frameworks 20

2012). Manual approaches yield higher precision but lack the scalability needed

to carry out large-scale analysis and miss system-level patterns.

With the recent development of NLP tools and unsupervised machine learning

algorithms, a new paradigm of automated IE and network construction have to lead

a resurgence in the feasibility of applying semantic networks on content analysis

questions. The resurgence has introduced the implementation of semantic networks

using knowledge graph techniques. A knowledge graph is a data structure that

enables semantic networks at scale. Specifically, knowledge graph-based semantic

networks emphasize automatic construction under a formalized ontology. In this

paper, I present the present approach to semantic network as a knowledge graph

to distinguish the automated construction process (see section 4). To that end,

this paper leverages IE and NLP tools to conduct a knowledge graph analysis

of climate change communication in five countries under the concept of frame

semantics and semantic networks.

3.3.2 Knowledge Graphs

Large strides have been made in knowledge representation formalism towards

an effective structured representation of knowledge. One of the most promising

approaches within knowledge representation is knowledge graph (KG) Hogan

et al., 2021. The conceptualization of KG is rooted in need for a machine-

readable representation of "communicable knowledge" in computer-administered

instruction systems in 1969 (Kopstein, 1969). Kopstein identified graphs as the ideal

representation for structuring communicable knowledge due to its mathematical

rigour grounded in set theory while maintaining high human interpretability.

However, the term "knowledge graph" was not coined until 1973 by Schneider

(1973). The recent rise in popularity for KGs can be attributed to technology

firms’ growing interest and implementation.

The modern concept of KG gained popularity with the launch of the Google

Knowledge Graph in 2012 (Singhal, 2012). KGs also saw implementations in other
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Figure 3.1: Different entities have different sets of relationships.

technology companies such as Amazon’s Product Graph1 and Airbnb’s KG2. A

common benefit named within industry applications is the introduction of semantics

into their data structure. The software application understands the entities being

asked to retrieve from some metadata and the interrelations between them. For

example, Singhal (2012) wrote with the Google KG, execution of searches will no

longer be simple keyword matches but also powered by an understanding of entities

in the query. So the query "Titanic" will return different results depending on if

the user selects the "Ocean Liner" entity type or "Film" entity type, as each entity

type has a distinctive set of relationships (fig. 3.1).

In sum, KGs have allowed these commercial applications to store and analyze

information beyond simple words but as machine-interpretable facts about the world.

This paper is primarily interested in using KGs to reveal the structure of relations

and concepts that underlies a country’s communication through network analysis.

1https://www.aboutamazon.com/news/innovation-at-amazon/making-search-easier
2https://medium.com/airbnb-engineering/scaling-knowledge-access-and-retrieval-at-airbnb-

665b6ba21e95
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3.3.3 Definition

KG is now a well-applied concept in private products and services, yet its formal

definition varies greatly within publications Ehrlinger and Wöß, 2016. The difficulty

in offering a formal definition results from several closely related but often conflated

concepts and the varied implementations of KGs in practice. The purpose of this

section is to briefly review the varied definitions and provide a running definition

for this paper without a deep analysis of the debate.

The concept of KG was conceived from a line of technologies within knowledge

representation and AI. Specifically, KG is closely related to the early and still popular

knowledge base (KB) technologies and the Semantic Web (Ehrlinger & Wöß, 2016).

Central to KGs is the relational property between entities. The entities and

relationships can be represented in a directed labelled graph G = {V, A}. V is

a set of nodes (vertices) comprising concepts or words representing real-world

entities. A is a set of directed edges that are labelled with the relations that

two nodes hold. Throughout the rest of the paper, I use the term entities and

concepts interchangeably in different contexts, but both refer to the nodes of a

KG. Edges are also referred to as relations.

With nodes as the entities and labelled edges as relationships between the

entities. A set of triples represents an observation within a KG. For example,

the communicable knowledge "greenhouse gases cause climate change" has the

relationship "cause" between the entities "greenhouse gases" and "climate change."

The example can be represented in a node and edge structure.
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4.1 Introduction

The creation of knowledge graphs is known as knowledge graph construction (KGC),

and it is the overarching methodology applied in this thesis. KGC, rather than a

single methodology, describes and ensemble approach and variations in the chosen

set of techniques are task and resource-dependent (Hogan et al., 2021). The

methodology ensemble was implemented in a pipeline structure, with each technique

as a component along the pipeline that performs a transformation or analysis of

the input data. The KGC pipeline can be modified and improved iteratively to

23
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include additional data sources and techniques, enriching the precision and recall

of the graph. (Hogan et al., 2021).

KGC from text corpora consisting of unstructured documents such as newspaper

articles is a multistage process with the final output of structured relational data

extracted from unstructured texts. The variability in human language presents many

challenges that were addressed with techniques from NLP and information extraction

(IE) (Maynard et al., 2017). First, preprocessing denoised the data and improved

the performance of the relation extraction (RE) stage. After successfully extracting

relational data, entities and entity clusters were created based on semantic similarity

as an alternative approach the labour-intensive named entities recognition (NER)

technique found in conventional GKC processes. Using extracted relations and entity

clusters, a KG was constructed for each country and time. Lastly, network statistics

were calculated, enabling empirical cross-country and longitudinal comparison of

entity clusters across graphs. The number of KGC techniques employed in this paper

demonstrates the minimal components necessary to carry out scalable cross-country

frame analysis within the climate change communication domain.

The ensemble approach of NLP, IE and network statistics techniques has

previously been applied by Tangherlini et al. (2020) on conspiracy theories. The

authors used KGC components, albeit they did not call it, to develop an automated

pipeline for discovering conspiracy theory narrative frameworks within newspaper

articles and social media posts. The automated pipeline by Tangherlini et al.

represents one of the first applications of a fully automated KGC process in literature.

However, while the pipeline within that work produced high precision and recall

results, its technical complexity limits the transfer of its application onto additional

research questions and for research with fewer resources.

The pipeline described in this section differs from conventional approaches to

KGC. Conventional KGC approaches extract only a pre-defined set of relations

defined by an ontology. However, given the lack of domain-specific ontology for

climate change and the expense of formal ontology construction, I took an open IE

approach to KGC (Wu & Weld, 2010). An ontology is a generalized description
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of entity types and the relations its capable of having. To illustrate, the "human"

entity type in Wikidata’s1 ontology is described to have the relational attribute

of "physically interact" with "natural environment," which can be represented

in semantic triple form2:

(e1, rel, e2) (4.1)

where ei are entities and rel are relations as

(human, physically_interact, natural_environment) (4.2)

Using tuple 4.2as the only entity-relation defined in an ontology, from the text

"Tom polluted the ocean, and the pollution killed fishes," the triple (Tom, pollute, ocean)

would be extracted. However, the triple (pollution, kill, fish) would not be ex-

tracted because the entities "pollution" and "fish" were not defined.

The construction of a comprehensive and robust ontology is a labour-intensive

process that requires manual inputs. While semi- and fully automatic approaches

have been discussed in research (see Maynard et al., 2017), their practical imple-

mentations and performance still face considerable challenges (Al-Aswadi et al.,

2020). Open IE overcomes ontological constraints by extracting all relational

instances within a text using unsupervised ML approaches. Furthermore, the

ontology-agnostic approach renders the KGC pipeline more accessible to researchers

outside of the IE domain.

The KGC pipeline I present further contrasts conventional KGC pipelines to

optimize for reproducibility and transfer application onto other social science research

questions and domains. Thus, this section can be seen as a practical introduction

to constructing KGs for the social sciences. The KGC pipeline employed within

this paper does not fully replicate the conventional KGC elements as described by

Maynard et al. (2017) and Hogan et al. (2021). However, its reduced components

did not prohibit the feasibility of the methodology from answering the research

questions and demonstrated the robustness of the KG pipeline for applied research.

1https://www.wikidata.org/wiki/Q5
2https://www.w3.org/TR/PR-rdf-syntax/
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Figure 4.1: An overview of the KGC pipeline employed to construct the climate change
knowledge graph.

Furthermore, the current KGC pipeline presented is computationally frugal and

was executed using Google Colab Pro with a single GPU and on a single machine

with a 6-core Intel i7 CPU at 2.60Ghz with 32GB of RAM.

The following subsections will describe each component within the pipeline pre-

sented in the overview presented in the figure 4.1. The total pipeline comprises three

stages preprocessing, entity-relationship extraction and knowledge graph construction,

with each stage containing analytical components (i.e. NLP or IE processes).

4.2 Data

The final KGs were constructed using news articles on climate change from five

countries between 1990 and 2020 using the Lexis-Nexis database. To represent

the global scale of climate change, I selected countries from four continents. The

sampled countries were: Australia, Canada, India, UK, USA.

Beyond geographical variability, the selected countries represent a range of

national climate change commitments and performances. Using the ranking from

the Climate Change Performance Index (CCPI) developed by the non-governmental

organization Germanwatch3, the sampled countries vary drastically in the levels

of and progress towards climate commitments. The CCPI tracks country climate

3https://ccpi.org
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performance by calculating an annual score using a comprehensive set of indicators

encompassing GHG emissions, renewable energy, energy use and climate policy

(Burck et al., 2021). The latest CCPI scores rank the UK in 5th, India 10th, Australia

54th, Canada 58th, and United States in last at 61st place. The differences in

progress may lead to or be a characteristic of structural differences in media content

that the KG reconstruction of climate coverage can potentially capture. In Schmidt

et al. (2013), national differences in Kyoto Protocol commitments and carbon

dependency were similarly used as factors in case selection.

The chosen news outlets were considered on several factors, including historical

circulations, to reconstruct national coverage from a longitudinal perspective. At

the same time, online media continues to grow amidst the dwindling readership of

print media (N. Newman et al., 2020), many traditionally print media such as the

New York Times (NYT) have evolved to having a considerable amount of online

presence. Fortunately, through the use of a database like Lexis-Nexis, a publication’s

transition from print to online were captured thus allowing the present method

to capture contents that reflect the shifting consumption modes. The inclusion of

online media also overcomes the common criticism of climate change research being

overly focused on legacy print media (Schäfer & Painter, 2021).

Within each country, two news outlets were chosen for analysis. The choice

of two national media attempted to normalize the effects of a single publication’s

ideological cultures and political alignment (Carvalho, 2007). However, this criterion

was limited by the coverages of sources on Lexis-Nexis. For example, Lexis-Nexis

coverage of the NYT significantly outnumbered USA Today. The limited rate of

collection from Lexis-Nexis was also another constraint on the size of sample data.

Lexis-Nexis does not offer volume download options. Thus mass data extraction

was carried out using an automated script4. Notwithstanding these limitations, the

included sources using the proposed KG approach still provided important evidence

on structural differences within each country’s media coverage.

4Data scraping is permitted for non-commercial researches in the UK. See
https://www.gov.uk/guidance/exceptions-to-copyright#overview
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Table 4.1: Overview of the sampled input data representing climate change coverage in
leading national Media outlets.

Countries Sources N
Avg. Article

Length
Date Range

Australia Herald Sun 2388 578 1990-02-06 to 2020-12-17

Canada
National Post

The Globe and Mail
7122 853 1990-02-06 to 2020-12-30

India The Times of India (TOI) 1964 505 1990-02-06 to 2020-12-29
United Kingdom The Times (London) 2924 697 1990-02-06 to 2020-12-28

United States
The New York Times (NYT)

USA Today
5286 1209 1990-02-06 to 2020-12-30

The articles were queried using a complex Boolean search string developed by

Schmidt et al. (2013) for their study on the media attention of climate change

issues in 27 countries.

(climat* W/5 (chang* OR catastroph* OR disaster* OR transform*
OR adjust* OR trend* OR world* OR earth* OR warm* OR heat* OR
cool* OR variab*)) OR ((greenhouse* W/3 effect*) OR ((global* OR
earth* OR world* OR international* OR hemisphere*) W/5 (warm*
OR heat* OR cool* OR chill*)) OR ((temperature*W/5 (global* OR
earth* OR world* OR international* OR hemisphere*) W/8 (increas*
OR rising* OR rise* OR decreas*))

After refining the queried articles to within the research date range of 1990 and

2020, the final sample contained 19,684 articles. Table 4.1 contains an overview

of the sampled data.

4.3 Pre-processing

Pre-processing is a common step within NLP tasks to remove unnecessary noise

from documents and corpus. Pre-processing was carried out at both the corpus

and document level (first row of fig.4.1).

Duplicate Removal: Duplicate documents at the corpus level is a major source

of noise that can cause certain entities and relationships to receive more weight

than in reality. Deduplication was carried out using document-level Levenshtein

Distance implemented in the Python package fuzzywuzzy ().
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Metadata Parsing: Metadata such as time and publication were parsed

from the Lexis-Nexis article downloads to establish country and time variables

for entity-relations.

Sentence Splitting: Sentence splitting of the corpus to attain inputs for the

entity-relation extraction stage. Previous NLP works in entity-relations extraction

and existing approaches commonly use a sentence-level approach (see Wu & Weld,

2010; also Baker et al., 1998; Palmer et al., 2005).

Multiword Grouping: Multiword grouping was applied to further noise

within the data. Combining tokens such as "greenhouse gas" as a single token

"greenhouse_gas" has been shown to improve embedding performances over simple

tokenization within a domain-specific dataset (Camacho-Collados & Pilehvar, 2018).

Sentence Sampling: This thesis specifically focuses on the relations in regards

to climate change and global warming, only sentences containing relevant terms

were sampled using a Boolean string for relation extraction.

The output of the preprocessing stage was corpus sentences with their associated

article ID to correspond with article metadata.

4.4 Relation Extraction

Relation extraction (RE) describes the function of extracting structured relational

data from unstructured texts. It can be considered the most crucial stage in

the KGC pipeline because its output is the foundational data structure of KGs.

Recalling that a relation is defined as a semantic triple (e1, rel, e2) where ei are

entities within the corpus and rel is the entity-relation. The triple is a mathematical

representation of the predicate-argument structure found in sentences (Matthews,

2007). Take the sentence "greenhouse gases warmed the Earth" as an example. The

subject "greenhouse gases" and object "Earth" are the arguments, and the predicate

is the verb "warmed." Arguments are commonly noun phrases (NPs), and predicates

are verbs or verb phrases (Matthews, 2007). While higher-order n-ary relations exist

and can be extracted (Bach & Badaskar, 2007), I only considered binary relations

and extracted relations with two arguments and a single predicate.
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Table 4.2: Semantic roles of interest, generalized corresponding grammar roles and
explanations.

Semantic
Roles

Grammar
Roles

Explanation

Arg0 subject Proto-Agent, one that performs an action
Arg1 object Proto-Patient, one that is acted upon by Arg0
Arg2 noun phrase Additional information on action/indirect objcet
V verb The predicate or action performed

4.4.1 Semantic Role Labelling

Entities and relations were extracted by recovering the predicate-argument structure

from sentences using Semantic Role Labelling (SRL) (He et al., 2017). Semantic

roles describe the roles NPs (i.e. arguments) hold regarding the verb (i.e. predicate)

within a predicate-argument structure (Bornkessel et al., 2009). The assignment of

semantic roles for NPs is dependent on the semantics (meaning) rather than the

grammatical position (e.g. subject, object) within a phrase, which allows for an

abstract representation of the semantics that underlies syntactic representations.

Each verb holds its own set of semantic roles (see Palmer et al., 2005), which, when

labelled, allows for arguments to be linked, creating a semantic triple (Bornkessel

et al., 2009). Argument-linking of semantic roles, thus, can be understood as

the underlying mechanism of RE.

The specific semantic role labels used in this research were developed by the

Propositional Bank (PropBank) (Palmer et al., 2005). Table 4.2 and 4.3 contain

the semantic roles and their patterns extracted within this paper, respectively.

Arg0 and Arg1 are generalized semantic roles that correspond to the Prototypical

Agent and Prototypical Patient roles proposed by Dowty (1991). In addition to the

Agent-Patient roles, the inclusion of Arg2 is to capture more contextual relations

for a predicate as seen in Tangherlini et al. (2020).

RE using semantic roles are superior in two major respects to conventional

syntactic rule-based approaches. First, it is simpler to implement in analysis and

offers superior semantic disambiguation. Early RE techniques relied on syntactic
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Patterns Example Phrases Example Relations

(Arg0,V,Arg1) 1) Most Republicans regard
climate change as a hoax

2) Climate change causes
alarming levels of hunger

1) (most republicans, regard, climate_change)
2) (climate_change, cause, levels of hunger)

(Arg0,V,Arg2)
1) (most republicans, regard, climate_change)
2) N/A

(Arg1,V,Arg2)
1) (climate_change, regard, as a hoax)
2) N/A

Table 4.3: Patterns extracted during the RE stage and illustrative examples from the
dataset.

features, such as parse tree and parts of speech (POS) tagging, to extract predicate-

argument relations (Punyakanok et al., 2008). Rule-based approaches using syntactic

approaches may yield higher recall at the expense of manually defining rules and

adding labour components to the pipeline. Recent developments leveraging deep

learning approaches, specifically bidirectional LSTMs (BiLSTM), enabled end-to-

end SRL tasks without inputting syntactic features (He et al., 2017). As the present

pipeline took a semantic clustering approach (discussed in the following section) to

discover entity clusters, the less precise SRL results by the BiLSTM developed by

He et al. (2017) was considered acceptable given its superior accessibility.

Furthermore, RE using semantic roles have the benefit of preserving the semantics

of a sentence (Van Valin, 2004). Using the earlier example of "greenhouse gases

warmed Earth" and its passive form, "Earth was warmed by greenhouse gases."

Syntactic feature-based extractor would detect "greenhouse gases" as the subject in

the first sentence but as the object in the passive form. Using conventional (subject,

verb, object) (SVO) pattern, two different relations and a conflicting direction of

interaction would be found from the examples. Conversely, with SRL, "greenhouse

gases" holds the same semantic role in both sentences and would be considered the

same argument, thus establishing two sets of cohesive relations where the greenhouse

gas affected Earth and not vice versa as syntactic approaches would extract.

4.5 Entity Identification

Entities are the nodes within a KG and are another inseparable component of a KG.

Entity identification is most commonly carried out using Named Entity Recognition
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(NER), an ML approach to identify named entities (NE) within a text (Maynard

et al., 2017). A NE is the textual representation or mention of a real-life entity

type, such as "Obama" is a NE of the entity person. NER is commonly carried

out as a classification task requiring labelled training data, which was not readily

available for the climate change domain. As mentioned in section 4.1, this pipeline

was developed under the Open IE paradigm, which led us to overcome this challenge

by innovating and developing a semantic approach to entity identification.

The absence of NER before the RE stage meant argument boundaries were less

clearly defined than they would be with labelled NEs and a formal ontology. This

led to the extraction of NPs of varying lengths that often contained noises from

surrounding words. For example, the words "level of" within example 2 in table 4.3

is noise on top of the actual entity of interest, "hunger." This posed a challenge to

readily using the extracted arguments as entities. To overcome this, I leveraged

the semantic consistency of the extracted semantic roles. By assuming that the

extracted arguments, despite the presence of noise, are meaningful noun phrases

that allow unsupervised clustering of arguments into semantically coherent entity

clusters Ei = {e1, e2..., ei} where every ei ∈ Ei is semantically similar. Using the

language of Dowty (1991) for prototypical semantic roles within a phrase, I call a

cluster of semantically similar noun phrases a prototypical entity or proto-entity.

Semantic clustering for entity discovery have been previously applied by Samory

and Mitra (2018) and Tangherlini et al. (2020).

4.5.1 Entity Clustering

Extracted arguments were embedded to a real vector of dimension n using sentence

BERT embedding where semantic similarities are preserved (Reimers & Gurevych,

2019). For every ei it is embedded as a vector vi and two arguments are considered

semantically similar if ||vi − vj|| ≈ 0. After embedding m unique arguments as

a matrix of (m, n) was outputted, which in this case (311032, 768). While the

matrix can be clustered in principle, its large dimensions posed a computational

bottleneck. Firstly, conventional clustering algorithms such as k-means require a
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defined number of clusters which requires an exhaustive search using the Silhouette

or Elbow method. With scale of this paper’s sample size, this was an unfeasible

approach. The application of hierarchical clustering approaches is feasible; however,

its implementations become prohibitively slow against high-dimensional data (Y.-c.

Liu et al., 2011). Density-based methods such as DBSCAN were also unfeasible

because of the explosion in memory that occurs when computing the distance matrix.

Calculating the cosine distance of a matrix with 311, 032 rows of 32-bit integers

would require 311032∗311032∗4bytes = 386GB of memory. In sum, large samples of

high-dimensional text embeddings vectors posed both time and memory challenges.

The Self-Organizing Map (SOM) algorithm was implemented as a clustering

algorithm because of its efficiency in high-dimensional spaces (Kohonen, 1982).

SOM is a neural network that projects data with high-dimensional feature vectors

onto a typically 2-D space while preserving the topological features of the input data

(Kohonen, 1982). For each observation within the input, a feature of dimension n

is mapped to a low-dimensional map and observations with similar feature values

are assigned to the same region (Lee et al., 2007). Preservation of the topological

feature allows for nonlinear patterns within the data to be preserved even when

mapped to a lower dimension. Thus, semantically similar observations with similar

vectors will be mapped to a similar region on a low-dimensional space. Additionally,

it is an unsupervised approach that does not require prior knowledge of the number

of clusters within the data. SOM has been used in automated ontology construction

research widely due to its high-dimensional capabilities and ease of interpretation

(see. Lee et al., 2007; Shih et al., 2011; Tang & Cai, 2010).

Implemented as a clustering algorithm, SOM provided good time performance

without memory issues. The cluster results were evaluated using inter- and intra-

cluster measures, as seen in table. However, due to the computational bottlenecks

of conventional clustering algorithms, comparative measures were not generated.
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4.6 Knowledge Graph Construction

The final stage of the pipeline has aggregated the output from the previous stages

into a network that is analyzable using graph theory approaches. The output of

the preceding Entity-Relation Extraction stage provided the basic data structure

of the final KG. The extracted entity-relations triplets (E1, rel, E2) where Ei is

the ID number of the proto-entity within with individual semantic role NPs ei are

contained. The relation upon which two proto-entity is linked will form a directed

edge between them. Each verb forms an edge, and each verb-edge has the verb as

its label and a weight associated with denoting the frequency of the verb within

the context of its two end nodes. As such, pairs of nodes may have multiple edges

(multiedges) between them, accounting for the different verbs that link them.

Formally, the final output KG is defined as an edge-labelled directed multigraph

G = (V, A, s, t, ℓs, ℓt) where:

• V is the set of nodes where Ei ∈ V

• A is the set of directed edges where reli ∈ A

• s : A → V and t : A → V denote the source and target nodes of an edge

• ℓs and ℓt are maps of the labels for each directed edge A(s, t)

The extended graph notations beyond the typical G = (V, E) format is because

of the presence of multiedges where edges incident of the same source and target

nodes hold different labels and attributes (M. Newman, 2018a). To illustrate

multiedges using an example form the data, a subset of the edges between the

"scientist" and "climate change" proto-entities is A(scientist, climate_change) =

{study, understand, combat}. The triplet form was represented in an edge list

structure that is readable by the network analysis package NetworkX.

4.6.1 Network Analysis

The KGs in its final network form enabled a wealth of analysis. Firstly, the

basic structures of the network were described using common network statistics,
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including diameter for compactness, average clustering coefficient, average path

length depicting, and density for the connectedness of nodes (Section 5.1).

As this paper aims to characterize the change in climate change frames and

knowledge longitudinally, considerable effort was dedicated to measuring the network

structure over time. To that end, two network statistics describing connectivity

were calculated. First, transitivity, also known as global clustering coefficient,

was calculated as:

C(G) = 3
# triangles

# triads
(4.3)

. Transitivity is a measure of the clustering effects within the entire network

(M. Newman, 2018b). Thus with the addition of edges forming more triangles,

transitivity will also increase. However, the increase in transitivity does not

necessarily translate to a better-connected network at the global level, as highly

clustered subgraphs can also increase the transitivity. Thus to assess whether the

increase in transitivity results from increasing local clustering effects or a global

increase in network robustness, I also calculated the k-Edge Connectivity as a

measure of network robustness. It measures the minimum number of k edges that

can be removed before the network becomes disconnected (Kolaczyk, 2009). The

two metrics elucidate whether the inclusion of new edges results in a more robust

KG network or reinforces existing relations between entities. Hence, a KG with a

more robust systems frame should display a similar trend to the two measures.

To operationalize the measurement of the system frame within the KGs, a

measure of Edge Robustness (ǫ) is proposed as the ratio of k-edge connectivity

and transitivity.

ǫ(G) =
k

C(G)
(4.4)

This simple ratio returns a positive number depicting the robustness of the network.

A larger ratio indicates a more robust network as it is highly transitive, indicating

many entities within the KG are well-connected locally, and there is also a large

number of global links between what may be distant entities on a less robust network.
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Thus a higher ratio indicates a more systemic coverage of climate change where

links between entities are well-linked locally and globally. This ratio is especially

useful for the longitudinal understanding of a KG’s growth.

Lastly, a range of node centrality measures was calculated to understand

the prevalence of concepts within a country’s media coverage. These measures

include closeness, eigenvector centrality, and communicability centrality. Closeness

centrality (CC) is the mean distance of the shortest path that passes through a

node. Eigenvector centrality (EC) is based on the importance of a node’s adjacent

nodes, where a more central node is connected to similarly highly-central nodes.

These approaches are valuable in identifying the most central elements measured

by the shortest path length and closest neighbours. However, on a knowledge

graph, the most conveniently accessed concept may only reflect one component of

frame recollection. Thus, this motivated the inclusion of communicability centrality.

Communicability centrality (ComC) offers another perspective based on walks,

but it also values longer walks in addition to shortest walks (Benzi & Klymko,

2013). This can accurately reflect concepts deeply embedded within a country’s KG

because the central node is one that many paths will pass regardless of distance.

Thus, these node centrality measures will provide different perspectives on the

salience of concepts within a country.
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5.1 Descriptive Results

The reconstruction of media frames and structural knowledge differences using

KGC approaches lead to five country-specific KGs. The descriptive statistics in

Table 5.1: Global network statistics of the generated KG networks encompassing the
entire analyzed time period between 1990 and 2020.

Australia Canada India UK US
Total Nodes 118 118 118 118 118
Total Edges 6,684 10,946 5,344 7,694 10,361
Exclusive Edges 154 884 92 171 579
Diameter 2 2 3 2 2
Density 0.98 1.59 0.78 1.12 1.51
Cluster Coefficient 0.60 0.82 0.57 0.65 0.80
Avg. Path Length 1.32 1.08 1.44 1.25 1.11

37



5. Results 38

Figure 5.1: Degree distribution of the KGs of countries grouped as in and out-degrees.
All countries demonstrated a power-law like degree distribution.

table 5.1show the structural differences between the complete climate change KGs

for each country. The KGs share the same number of nodes because the entity

clustering approach assigned all extracted arguments to a larger proto-entity cluster.

(see Sec. 4.4). However, the number of edges between each KG varies significantly,

with Canada and the US having over 10,000 edges or relations extracted. The

measure of Exclusive Edges shows the number of edges not found in the union

of all other networks. Canada and the US again have the most exclusive edges.

However, all countries showed the presence of unique edges.

Measures of network size show that most KGs have a diameter of 2, denoting

a small and highly dense network given the number of nodes. India has a slightly

larger diameter of 3, translating to a less connected network. The density of the

KGs, calculated as a directed graph, provides an additional metric showing the high

density of most country’s KGs. The presence of density values greater than 1 is

due to the inclusion of self-loops. Further illuminating the density of the graphs

using the average clustering coefficient as defined by Watts and Strogatz (1998)

which disregards directed edges, all KGs appear to be highly clustered, with Canada

having the highest average clustering coefficient. Canada, the UK, and the USA

remain the densest across network metrics, demonstrating a highly connected KG.
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Figure 5.2: Annual count of nodes by country.

Figure 5.1 presents the in and out-degree distributions of entities within each

KG. At an aggregate level, the distributions show that a power-law-like distribution

is present for all countries’ in and out degrees. However, Canada also saw the

greatest proportion of low-degree entities than any other country, indicating many

sparsely connected concepts. There are also more variations at a granular level

within the distribution of lower-degree nodes of each country. For instance, the lower

distribution bins of the UK and India contained more low out-degree nodes than

low in-degree nodes. By contrast, Canada saw more low in-degree nodes, and the

US generally has a comparable distribution of in and out-degrees throughout

the degrees distributions.

5.2 Longitudinal Results

Despite each country having the same number of nodes, each took a different path

to reach the full numbers of clusters, with some stabilizing significantly earlier.

As seen in figure 5.2, Canada, the US, and the UK follow a similar trajectory in

introducing new nodes and reach a saturated state in the 1990s. During the same

period, Australia stagnated in introducing new nodes, only reaching saturation in
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2006. Most interestingly is India’s rapid rise in node counts in 2009, which saw

the appearance of every node in the span of four years.

Figure 5.3: Total relations extracted per year by countries. Several defined peaks can
be attributed to significant climate events demonstrating the event-driven issue-attention
observation seen in literature.

Figure 5.3 shows the annual count of entity-relations extracted from the articles.

There are clearly defined spikes in the relations extracted during certain years,

which can be attributed to significant international climate events. Other than

international events, there are country-level spikes when such patterns are not found

in the other countries. For example, only Canada saw a spike in relations extracted

in 2002. While most country’s counts modulated congruently, there were several

contrasting patterns worth noting. For example, India’s rise in relations from 2009

to 2013 contrasts with the general decrease in relations from other countries during

the same period. Following the spikes in relations count in 2009, Australia’s count

did not significantly increase while the other countries exhibited an upward trend.

Figure shows the results for measuring the connected robustness of networks as

measured by transitivity and k-edge connectivity5.4. In general, the transitivity

of KGs showed an increasing trend ending up highly transitive by 2020. What is

most interesting in this figure is the strikingly different trend of edge connectivity
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(a) Tansitivity

(b) Edge Connectivity

Figure 5.4: The longitudinal trend of the global connectivity of each country’s KG.
Results of two measures of network connectivity, transitivity (C(G)) or global clustering
coefficient and k-Edge Connectivity (λ(G)) are presented.
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Figure 5.5: Edge robustness ǫ trends of each country’s KG. Edge robustness of 0
indicates a disconnected graph as k is negative. India’s trend only started in 2010 because
of zero transitivity before then.

in subfigure 5.4b. The edge connectivity of Canada and the US showed a steady

trend of increased robustness over the time period but rising most significantly

from 2007 onward. By contrast, the edge connectivity of Australia, UK, and Indian

KGs stagnated from 2010 despite its continual growth of transitivity. The most

striking relationship between transitivity and edge connectivity is the UK, which

saw significant growth in transitivity while edge connectivity remained.

Combining the two trends as a single measure, figure 5.5 shows the relationship

between transitivity and connectivity using edge robustness. The KGs of Canada,

the UK, and the USA showed high edge robustness at the beginning of the analytical

period but decreased rapidly until 1999. From 2000 onward, Canada and the US

generally saw an increasing trend in robustness, with Canada exceeding the US

post-2007. The UK continued the earlier decreasing trend, albeit slower until 2009,

which saw a modest upward trend. Australia did not begin exhibiting a robust

KG until after 2003. After 2007, its robustness continued to decrease steadily.

India similarly saw a generally decreasing trend in robustness. At large, it shows

that Canada’s introduction of new edges further reinforced the KG with increased
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Figure 5.6: Scatterplot showing the densifying trend of where the diameter is decreasing
and density increasing.

edge robustness after 2007. The other countries that remained steady or decreased

steadily meant the growth in their KG did not robustly reinforce existing nodes.

The climate change KGs also showed a trend of "densification." Figure 5.6 shows

that the KGs diameter decreases over time and its density correspondingly increases.

The indicators are seen in the bottom left of the plot result of the diameters

calculated from disconnected graphs during the early stages of a country’s KG.

The longitudinal results showed that each of the KGs developed over time by

including new nodes and edges, leading to changes in network structures. Although

the growth led to a denser network, new edges did not contribute similarly across the

countries. In Australia, UK and India, new edges did not improve the robustness of

the network, while in Canada and the US, it contributed to higher edge robustness.

5.3 Centrality Results

Figure 5.7 shows the relationships of centrality measures between the top 10 nodes

within each KG. Each country lies on its own level on the y-axis due to closeness

centrality being affected by the total possible shortest path. Nonetheless, the

relationship between CC and EC showed a near-linear relationship demonstrating a

positive correlation which is confirmed by the Pearson correlation results in table 5.2.
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Figure 5.7: Scatterplot showing the relationships between different centrality measures
for the top 10 entities ranked by eigenvector centrality. The y-axis shows the closeness
centrality (CC), and the x-axis is the eigenvector centrality (EC). Note that EC is
normalized between 0 and 1 for cross-country comparison.

Table 5.2: The Pearson correlation coefficients between the centrality measures. All
coefficients have a p ≤ 0.001

Corr ComC EC CC

ComC 1.00 -0.37 -0.59
EC -0.40 1.00 0.88
CC -0.59 0.88 1.00

In Canada, the US, and Australia, the frame "collective_we," which depicts

an entity cluster containing references to the collective first persons, ranks highly

in EC cross-nationally (EC > 0.7). Within country comparison also shows their

relative high ranking being second for Canada and Australia and the most central

node for the US.

The nodes for "climate_change" and "global_warming" had a high rank in CC

and EC for most countries, except India and the US. In the US, "climate_change" is

ranked considerably less central than any other country. In India, "global_warming"
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does not appear within the top 10 most central nodes, but "climate_change" sees

a significantly higher CC and EC than the next highest node.

The measure of communicability showed a different set of influential nodes as

measured by the ability to affect all other nodes (Estrada, 2011b). Its negative

correlation with CC and EC shows a considerable difference between the centrality

values and ranking of nodes. Table 5.3 shows the top 10 most influential nodes for

each country. Comparing countries with high article count, Canada has a higher

average total communicability than the US. In the countries with fewer articles,

the UK showed the highest average communicability. Within-country variations

show a greater difference between the top entities.

Most countries had several unique top nodes representing specific domestic

issues. Beyond those, there are greater variations among the top nodes. India

and the UK are the only two countries that described industrialized countries and

globalization among the top nodes. The UK is also the only country with the

"historical_important" entity within the top 10. The most drastic differences in

composition and ranking are seen with results in the US.

The US is the only country with climate change as the most central concept,

while the next highest is Canada and India, with it in 4th place. In the US, climate

change is tied centrally with urgency, collective action, international frame, climate

organizations, and male public figures entities. The only other country for which

climate organizations are ranked highly in India. The US also is the only country

with entities describing positive events and scientists within the top 10 nodes.

While there is significant variability in each country’s composition and ranking

of top entities using different centrality measures, several central entities are shared

across the countries even on different measures. Besides obvious top entities

representing climate change and global warming, the node for collective action

(collective_we) is relatively central for all countries. Among Australia, Canada, UK,

and the US, nodes representing politicians and public figures are also highly central,

while climate organizations are the top political entity in India. Another central

frame within Australia, Canada, and the US is the legal frame entity representing
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Table 5.3: Most central entities measured by communicability centrality. The values of
communicability are naturally normalized and are cross-nationally comparable. ComC
was calculated on an undirected graph.

Australia Canada India UK USA
Avg. 0.49 Avg. 0.60 Avg. 0.43 Avg. 0.52 Avg. 0.58

σ 0.15 σ 0.06 σ 0.19 σ 0.13 σ 0.08
Entity ComC Entity ComC Entity ComC Entity ComC Entity ComC

1 collective_we 0.723 difficulty 0.654 indian_issues 0.737 politicians 0.707 climate_change 0.662
2 younger_generation 0.721 canadian_gov 0.654 collective_we 0.729 cc_magnitude 0.699 urgency 0.662
3 cc_magnitude 0.721 male_public_figures 0.654 climate_organizations 0.720 collective_we 0.696 collective_we 0.662

4
male_public
figures

0.715 climate_change 0.654 climate_change 0.715
industrialized
countries and
globalization

0.690 international_frame 0.662

5 politicians 0.709 legal_frame 0.654 inequality 0.711 male_public_figures 0.688
climate
organizations

0.662

6 the_past 0.707 collective_we 0.654 the_past 0.707 climate_change 0.685 male_public_figures 0.662

7 climate_change 0.692
female_public
figures

0.650
industrialized
countries and
globalization

0.707 historical_importance 0.679 positive_events 0.658

8 global_warming 0.692 younger_generation 0.650 legal_frame 0.706 international_frame 0.679 scientist 0.658

9 urgency 0.681 cc_magnitude 0.650 younger_generation 0.695 the_past 0.675
historical
importance

0.658

10 legal_frame 0.674 international_frame 0.650 cc_magnitude 0.693 urgency 0.674 legal_frame 0.658

references to climate legislation. The centrality measures have revealed the most

central nodes within each nation using the complete KG.

5.3.1 Longitudinal Centrality Results

Figure 5.8: Longitudinal comparison of central concepts of the UK, a progressive country
on climate change, with a less progressive country, the USA. For results of all countries,
see appendix A.

This subsection presents the results of the longitudinal trends of centrality

measured by communicability centrality (ComC). The plots on the figure 5.8group

the trends of six representative sample entities from three concept types representing
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general aspects of climate change communication – the causality, climate change

characteristics, and climate actions frame – to answer H1b. Two countries with

considerably different progress on climate change were chosen to provide contrast.

The results show a noticeable difference between the growth trends of each concept

group across the two countries.

In the UK, a progressive country on climate change, a concerted sharp increase

in centrality can be seen for all three concept types in 2009. The entities for

climate change and human causes were especially synchronized in their increase

with the Actions entities and remained highly central by plateauing. On the contrary,

the US shows a more relaxed growth pattern in centrality across the three types.

Climate change causality saw the earliest rise in centrality post-2000, while climate

change characteristics did not grow more central until after 2010. An interesting

observation is also the decoupling within the Actions frame between the politicians

and legal entities. In sum, the two countries at varying stages of climate change

commitments showed a drastically different trend in centrality growth between

different aspects of climate change.
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6.1 Discussion

The purpose of this thesis was to develop and implement a methodology using

unstructured data and a network analysis approach to identify cross-country

variations in structural and longitudinal properties of climate change commu-

nication and knowledge, leading to improvements in climate change framing. This

section discusses the findings from applying the methodology on climate change

communications in Australia, Canada, India, the UK, and the USA. The findings

are interpreted within additional contexts, and their relevant implications are

presented. Lastly, this section will discuss the performance of the methodology

and opportunities for future work.

48
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The research questions raised in this thesis were:

RQ1: What are distinguishable and similar characteristics between the
climate change knowledge graphs of the analyzed countries?

RQ2: What are the most salient frames within each country as measured
by relational properties? How do these change over time?

The findings from analysis of the constructed KGs show that the last 30 years

of climate change coverage varied drastically across countries both in the growth of

network structures and their composition. Several key characteristics stand out: a)

the overall network topology showed that the KGs are similarly highly connected

and dense networks; b) each country’s KG developed differently in structure and

robustness overtime despite similar issue-attention through basic counting; c) salient

concepts, as measure by centrality measures, revealed more differences in frame

composition than similarities among the countries; d) individual countries followed

different growth patterns over time in its central concept, progressive countries

showed greater coherence in the growth of central concepts while less progressive

countries developed less uniformly across concepts. These factors represent a first

look at the relational properties of climate change knowledge graphs among five

countries at various stages of climate change commitment.

6.2 Comparison of Climate Change KGs

The overall network statistics for each network showed the greatest amount of

similarity among the countries (see sec. 5.1). The descriptive statistics presented in

table 5.1show that the KGs can be considered to display "small-world" properties

with a small diameter, average path length, and high density and clustering

coefficient (Watts & Strogatz, 1998). Degree distribution also showed that the KGs

generally follow a roughly power-law distribution found in many other empirical

networks (Amaral & Scala, 2000). This entails that there are a large proportion of

weakly connected concepts in each country and an increasingly smaller proportion

of more connected concepts. Hence in many ways, the climate changes KGs exhibit

predictable and similar qualities when measured as a static network. But, of course,
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media coverage is far from static, which motivated longitudinal analysis from a

basic counting approach to a more complex network analysis approach.

Past research has widely studied Downs’s 1972 theory on the issue-attention cycle

and found it to be a common property in climate change coverage in many nations

(Brossard et al., 2004; McComas & Shanahan, 1999; Schäfer et al., 2014; Schmidt

et al., 2013). The approach taken to identify issue-attention diverges from past uses

of article or word counts but instead uses the count of entity-relations. Despite

using a different counting approach, the findings presented supports the presence of

an issue-attention cycle in climate change reporting in the five analyzed countries

corroborating with past research (fig. 3.1). When shown against international

climate policy events, the spikes in relations-based issue-attention show a clear

event-driven behaviour which is in line with the findings from Schäfer et al. However,

the close coupling of issue attention frayed after 2015, which saw the US and Canada

increasing in counts greatly. This may be an artifact of the imbalanced dataset,

but it is nonetheless a drastic change given that in the preceding period of 2005

to 2010, Australia and the UK had comparable attention with US media.

Summarized as a partial answer to RQ1, it can be said that the five nations

similarly share the presence of an often coupled issue-attention cycle and its possible

drive by international climate events. Furthermore, the static knowledge graphs

of each country are a similarly highly dense "small-world" network with a large

number of paths, albeit some unique ones, connecting many concepts. The most

significant difference using basic structure is highly nuanced and is better illustrated

by using longitudinal structure change measured by network statics.

6.3 Longitudinal Structure Change

All the constructed KGs grew and evolved in structure over the studied time period.

Growth describes the inclusion of new nodes, but more so through introducing

new edges in KGs given the node creation methods (see Section 4.4). This growth

pattern where nodes stabilized relatively early with growth being more edge drive

led to densification and shrinking diameter. Network densification is a pattern in
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network growth is a well-documented pattern in network literature and real-life

networks (Leskovec et al., 2007; Panzarasa et al., 2009). Specifically, the densifying

pattern denotes a power-law pattern and shrinking diameter, which was formalized

by Leskovec et al. in the Forest Fire Model.

The Forest Fire Model offers a theoretical explanation to this pattern of

densification and shrinking diameter (Leskovec et al., 2007). As a network grows

in nodes and edges, nodes have a preferential attachment to other nodes within

a community, creating a denser network through communities while the overall

diameter remains stable. Occasionally a new node will introduce a disproportionately

large amount of out-links which "serve as “bridges” that connect formerly disparate

parts of the network, bringing the diameter down" (Leskovec et al., 2007, p. 8). This

can be understood as the occasional introduction of a highly reported concept that

connects formerly disconnected topics in the climate change communication context.

For example, these could be during releases of IPCC Assessment Reports that cover

various climate science topics from natural disasters to human impacts. The exact

cause of densification would require further investigation, but this provides the first

evidence that some climate change KGs show characteristics of the Forest Fire Model.

Further longitudinal analysis revealed greater dissimilarities in the growth

patterns. While all KGs showed the trend of densification as shown by the

shrinking diameter and increasing diameter (fig. 5.6). The results specifically

investigating edge connectivity and transitivity shows a less uniform growth pattern

(fig. 5.4). Despite significant increases in transitivity in Australia, India, and the

UK that follows a similar trend with Canada and the US, its edge connectivity

had little variance after 2010. This can be understood as introducing new relations

that reinforce existing clusters more often than forming new connections between

disparate concepts. This is most pronounced when measured using the proposed

edge robustness measure on figure 5.5, where the US and Canada continued

to grow in robustness, forming more novel connections between concepts than

Australia, India and UK.
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The edge robustness trend must be interpreted with caution because of the

data imbalance between the high and low robustness countries. In Australia, UK,

and India, only one publication was included due to data extraction limitations.

The data balance caveat may actually inadvertently provide evidence on the effects

of ideologically driven framing. Carvalho (2007) argued that individual media

organizations reflect their own "ideological culture" within their coverage, which

is reflected through the selection and framing of scientific news. This argument

is in line with the high levels of edge robustness observed in countries with two

publication sources compared to the low levels in single publication countries. The

observation of considerably higher edge robustness in countries with two publications

than those with one is likely a manifestation of publication-specific ideologies in

coverage. Put differently, an individual may experience an "echo chamber" effect if

only a single media is consumed where existing frames and relations are continuously

reinforced; whereas, consuming coverage from multiple sources introduces more

novel connections (Dubois & Blank, 2018). An implication tangential to the research

questions from this finding is empirically demonstrating the effects of single-source

media consumption and its possible echo chamber effects.

At this point, we can provide more answers to RQ1 on the similarities and

differences between the KGs. All knowledge graphs showed a densification trend over

time, although the source of densification is not uniform. In countries with two media

analyzed, relations between more disparate concept clusters were more prominent

and likely responsible for densifying than countries with only a single media analyzed.

Canada showed a considerably more robust KG than the US, even between countries

with two media, which indicates more diversely connected concept clusters.

6.4 Salient Frames

This section provides the answer to RQ2 on identifying salient frames in the

analyzed countries and their longitudinal patterns. Prior literature has emphasized

the importance of frames for communicating climate change, especially in shaping

the mental model to understand climate change (Bostrom et al., 1994; Moser, 2010;
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Spence & Pidgeon, 2010). However, there was very little large-scale cross-country

longitudinal analysis of frames for the exceptions of some two-country comparative

frame studies (see section ). Furthermore, informed by the relational property of

understanding raised by the theory of frame semantics, this research question sought

to identify salient climate change frames using network centrality measures over time.

Two sets of centrality measures were calculated for each KG, closeness and

eigenvector centrality were calculated on the directed graph, and communicability

centrality was calculated on the underacted graph to provide multiple perspectives

on the ranking of concepts. Interpreting centrality rankings is network and domain-

specific, and their interpretations have been formally discussed widely in social

network analysis but to a significantly less extent for semantic network and knowledge

graph networks. Therefore, interpretations made on ranks will use interpretations

borrowed from social network analysis and re-interpreted in semantic networks.

6.4.1 Immediately Salient Frames

Central concepts were first identified using the static full KGs. The full KGs can

be understood as a snapshot of all media coverage in the five countries from 1990

to 2020. The most identifiable finding from the scatterplot of central concepts on

figure 5.7 is the linear-like relationship between closeness and eigenvector centrality.

A node is central in closeness if it has a small mean distance with all other nodes

(M. Newman, 2018b). An eigenvector central node is connected to many similarly

highly central nodes (M. Newman, 2018b). Therefore, the linear relationship from

the results shows that the highly central concepts in all the KGs are not only close in

the distance to other nodes but also connected to similarly highly salient concepts.

In the context of semantic networks, ranking by closeness and eigenvector

centrality provides an interpretation for concept salience. A node high in closeness

centrality takes few mental connections to arrive at from any other concept on the

KG. On the other hand, eigenvector centrality is a measure of influence based on

the centrality of a concept’s neighbours, which means a concept high in eigenvector

centrality can be understood as an influential concept in the KG. An important
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consideration to the interpretation of these two measures is their mathematical

foundation, which uses the shortest-path length for closeness and the adjacent

neighbours of a node for eigenvector centrality (see M. Newman (2018b)). The use

of such elements emphasizes immediacy such that the most salient nodes measured

by closeness and eigenvector centrality require the least mental connections.

Under the interpretation of the two measures as the most immediate and

influential relative frames, the implications of the centrality results are interpreted

here. The concepts of collective action, the historical importance of climate change,

apocalyptic consequences, and the magnitude of climate change are highly clustered

in the US. They are easily evoked simultaneously when thinking about climate

change, whereas actual concepts related to climate change are the least likely to

be evoked out of all countries. The prevalence of the apocalyptic frame in the

US is similarly reported by Foust and O’Shannon Murphy (2009), but its position

as a highly salient and influential concept is a concerning finding. Apocalyptic

and fear framing have generally been shown to be ineffective frames that often

"backfire "(Feinberg & Willer, 2011; Witte, 1994). Contrasted with results from

other countries, the apocalyptic frame was not observed as a top concept.

Somewhat reassuring is the high salience of the collective action frame across

countries, indicating a considerable amount of coverage linking climate change as

a collective issue. Past research quantifying the salience of the collective frame is

scarce, but the current finding for the US contradicts one such study. In Olausson

(2009), the authors suggested that the collective action frame is less salient in US

media as a result of false-balance, but the present result does not support such

hypothesis. Although, the current methodological approach does not account for

the sentiment of the individual concepts that the collective action entity is built

upon. Nonetheless, the quantification of the collective actions frame opens up

opportunities for future work to confirm or contrast the preliminary results showing

its widespread prevalence presented here.
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6.4.2 Embedded Frames

Using communicability betweenness, which measures centrality based on all possible

paths that pass through a node, provides an alternative perspective on the impor-

tance ranking of concepts. The communicability of a concept can be understood

as its embeddedness within a knowledge graph. An embedded concept can be

reached from another concept in several short or many long mental steps or a

combination of the two (Estrada, 2011b). In short, it is a concept that all other

concepts eventually lead to.

The communicability centrality results showed a different set of top concepts,

including those missing from the ranking by the previous measures. Across all coun-

tries, entities related to politicians and public figures became highly ranked (table

5.3). The politician and public figure entities may be partially explained by the "cele-

brification" trend within climate change coverage by boykoff_Conspicuous_2009.

The authors found evidence that the news media cite a growing number of highly

politicized celebrities and famous political actors. Another explanation to this

phenomenon is offered by Carvalho (2007, p.232), which stated that "governmental

moves to control and recontextualize understandings of the greenhouse effect led

to most media discourse being taken over by politicians and other actors". Under

the assumption that public figures cited are more often advocates for climate

change actions, an alternative perspective is to view the entity clusters as agents

related to climate change solutions.

By considering climate public figures, politicians and similarly highly ranked

entities such as climate organizations and the legal frame as solution agents, we

can begin exploring the feasibility of H2a, which states:

H2a: Countries with more progress on climate change have more
salient frames relevant to solutions and current policies than causes
and consequences.

The UK and India are more progressive countries at 5th and 10th place on the CCPI,

respectively. In the UK, we can see politicians as the most embedded entity. In

India, the "indian_issues" cluster, which contains a significant amount of references
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to Indian public figures1 is also the most embedded. In contrast, the embeddedness

of public figures is much lower in Australia and the US. Although Canada ranks low

on the CCPI, entities for Canadian government agencies and public figures were

highly embedded, contradicting the hypothesis. Regarding the consequence and

causal frames, results are mixed at best with concepts describing consequences and

causes occurring throughout the top ranks without a clear pattern. This finding

contradicts the expectations of H1a and may suggest a more nuanced agenda-setting

effect between media, the public and political actors (hilgartner_1988). In light

of the mixed evidence provided, H2a cannot be supported, and there is no clear

relationship between a country’s climate performance and the embeddedness of

solutions or casual and consequential frames.

6.4.3 Longitudinal Frame Salience

By combining our methodology’s relational and longitudinal abilities, frame salience

was tracked through the analyzed periods. In this subsection, the findings in the

context of H2b is discussed. The hypothesis states that:

H2b: The most salient frames in countries most progressive on climate
change see causal, consequential, and action frames stabilized early
within the analyzed period.

Prior studies have noted the system complexity of climate change and the need

for communication models that enable systems understanding (Pearce et al.,

2015b; Sterman, 2011). Motivated by such a gap, H2a was proposed as one

such communication model where the causal, consequential, and action frames of

climate change are brought to a high level of salience and kept in the knowledge.

The use of communicability centrality was deemed the most appropriate measure

for both salience and embeddedness based on its calculation using all possible paths

and path lengths (Benzi & Klymko, 2013; Estrada, 2011a).

In the current study, comparing a climate progressive country (UK) with a lesser

one (USA) showed that the embeddedness and salience of the causal, consequential

1As a limitation of the clustering model, Indian names and titles were poorly clustered with
Indian words and cities hence the broad cluster name.
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and actions frame increased in a sharp and concerted manner. In the UK, the three

frames rose sharply from 2005 until 2008 (fig. 5.8), which is the year that the UK

passed the Climate Change Act 2008 (2008) — the world’s first legally-binding

net-zero target. The bill was a direct result of the 18-month Big Ask campaign

led by the Friends of the Earth, an environmental non-governmental organization

(of the Earth, 2017). The campaign exploited the peak of the attention cycle

and launched a high-profile campaign that gripped the attention of the UK from

individuals to business and political figures (Carter & Childs, 2018). The sustained

media attention drove cross-party and nationwide support for a climate bill (Carter

& Childs, 2018). The findings presented in figure 5.8 further illustrate the campaign’s

impact by showing that the embeddedness of the causal, characteristic and action

frame was tightly coupled during its sharp rise. By comparison, the US nor any

other country2 displayed such a simultaneous rise to high levels of embeddedness.

Therefore, the findings suggest that a "media blitz" style of communication model

where all three aspects of climate change are covered in a highly connected and salient

manner is an effective potential communication model to establishing the momentum

necessary to achieving political climate action. Moreover, to suggest somewhat

speculatively, such an approach may be effective at constructing systems frame as

suggested in Sterman (2011) by simultaneously connecting multiple dimensions of

climate change. Which, as the Big Ask campaign has shown, is possible. Hypothesis

H2b, therefore, is supported by the evidence. In addition, findings showed that

the causal, characteristic and action frame stabilized early and rose sharply to

high levels of embeddedness in a cohesive manner.

6.5 Conclusion

The purpose of this paper was to develop a methodology to analyze past cli-

mate change communications using unstructured texts empirically. Despite the

exploratory nature, this study offers some insights into the relationships between

framing, knowledge formation, and climate progress. The methodology drew on

2Except perhaps India, but the available period of evidence is too short to be considered.
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knowledge graph construction and open information extraction techniques to enable

a network analysis of cross-country and longitudinal patterns in climate change

framing. This study has shown that despite the coupling of issue-attention cycles,

knowledge growth is not uniform. Some countries and the use of a single media

source exhibit an "echo-chamber" effect where highly connected concept clusters

become reinforced over time. Furthermore, this study showed that the growth

pattern of salient frames in more climate progressive countries is more cohesive and

tightly coupled. An implication of this is the recommendation of a communication

approach that can effectively construct the system framing of climate change.

The generalisability of these results is subject to at least two limitations. Firstly,

data availability led to three countries having only a single publication analyzed.

This was addressed by separating some interpretations of results from countries

with more than one publication. Secondly, the knowledge graph construction

pipeline can be improved by including co-reference resolution and entity recognition.

However, as shown in this study, the present pipeline is a minimally viable approach.

Notwithstanding the limitations, the knowledge graph approach of content analysis

has opened up opportunities for applying more empirical network analytic such as

the quadratic assignment procedure to elucidate relationships of content structure

with socioeconomic variables or other countries.
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A.2 Full Longitudinal Frame Comparison
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