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Abstract

Climate change, predominantly driven by human activities, poses a threat through effects like

rising sea levels, melting ice caps, extreme droughts, and species extinction.The IPCC’s 5th

and 6th reports highlight the urgency of limiting global warming, with the latter projecting a

concerning 1.5°C rise by 2040. Despite scientific consensus, the digital sphere is inundated

with content that fuels scepticism, often sponsored by specific lobby groups. These articles,

under the umbrella term of climate change scepticism (CCS), weave a blend of misinforma-

tion, propaganda, hoaxes and sensationalism, undermining collective climate action. This

thesis aims to offer strategies to address this misleading narrative.

In this thesis we probe CCS through 4 dimensions: (1) understanding the underlying

themes in the data, (2) detecting CCS articles, (3) understanding and detecting the framing

and neutralization tactics used to construct CCS narratives and (4) fact-checking the veracity

of claims, elucidating reasons for potential inaccuracies.

A notable challenge in addressing the aforementioned tasks is the limited availability of

data. Throughout this thesis, we leverage advancements in natural language processing (NLP)

to mitigate this. Pre-trained language models (PLMs) and their scaled counterparts, large

language models (LLMs), have revolutionized our capacity to comprehend and generate text

that mirrors human language. These models, adept at learning from real-world knowledge

and semantics from extensive datasets prove extraordinarily effective over a diverse range of

language tasks.

Topic models distil document collections into key themes, represented by groups of

words or “topics” without the need of human labelling or any a priori notion of the content of

collection. In essence, they offer a means of exposing underlying themes in the documents.



viii

Each document typically aligns with one or several themes, but capturing the essence of the

collection’s context remains a challenge. In this thesis, we introduce methods that enhance

the quality of topic outputs to better mirror the context of document collections.

For detection of CCS articles, there was no dataset available in this domain. We bridge this

gap by scraping and compiling a dataset articles known to exhibit climate change scepticism.

By extending training of PLMs on this dataset, we enhance their ability to discern stylistic

and linguistic elements of CCS which allows the models to not only distinguish between

CCS and non-CCS articles but also to highlight misleading spans indicative of scepticism.

To delve deeper into the intricacies of CCS narratives, we must analyze their argumenta-

tive framing. This is accomplished by employing techniques of framing and neutralization

which translates it into a multi-task classification task. We propose an annotation task and

collect human judgements. Given that data collection can be resource-intensive, we leverage

unlabelled data in a semi-supervised setting achieving substantial performance gains.

Finally, we dive into the task of explanation generation to detail the reasons behind a

claim’s inaccuracies. Using LLMs in a retrieval-augmented approach, we connect the LLM to

an external knowledge source like peer reviewed papers via a retriever. This retriever fetches

pertinent “facts” related to the claim, enabling the LLM to both verify and explain the claim

grounded to these facts. LLMs are prone to generate ungrounded information, commonly

referred to as “hallucinations”. We investigate approaches to detect such inaccuracies, then

introduce methods to reduce these hallucinations, and finally employ LLM-based evaluations

to assess the quality of the produced content.
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Chapter 1

Introduction

1.1 Introduction

Climate change constitutes a critical global challenge, as evidenced by phenomena such as

rising sea levels, melting polar ice caps, altering weather patterns, extreme droughts, and the

extinction of countless species. The 5th assessment report by the Intergovernmental Panel on

Climate Change (IPCC) unambiguously identifies human activities as the primary driver of

this crisis, urging the containment of global warming to less than 2°C.1 Moreover, the 6th

report projects a likely 1.5°C increase before 2040, potentially escalating to a devastating 3°C

rise by century’s end.2 This anthropogenic climate change has been a significant factor in

events like the California fires (Goss et al., 2020), Australia’s Black Summer bushfire disaster

of 2019-20 (Abram et al., 2021; van Oldenborgh et al., 2020) and linked to other extreme

weather patterns, including the 2021 floods in Germany and Belgium (Kreienkamp et al.,

2021). Regrettably, it is not uncommon to see claims of questionable scientific merit with

headlines such as Climate Change has caused more rain, thereby aiding in fighting Australian

wildfires. Such narratives, lacking in scientific rigor, contribute to skepticism (Oreskes and

Conway, 2011), propagate misinformation (Farrell, 2019), and neutralise and dilute crucial

1https://www.ipcc.ch/report/ar5/wg1/
2https://www.ipcc.ch/assessment-report/ar6/

https://www.ipcc.ch/report/ar5/wg1/
https://www.ipcc.ch/assessment-report/ar6/
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... Prof. Dr. Ulrich Kutschera told in an interview that CO2 is a blessing for mankind
and that the claimed 97% consensus among scientists is a myth. ... he rejected extremes,
among them the climate alarmists who predict a fictitious, imminent earth heat death ...

The CO2 is not much of a concern and nothing for the oceans. Our harmless emissions of
trifling quantities of CO2 cannot acidify oceans

New Zealand schools to terrify children about the climate crisis. Who cares about education
if you believe the world is ending? What will it take for sanity to return? Global cooling?
Another Ice Age even? The climate lunatics ... encourage them to wag school to protest
for more action.

Meanwhile, Australians are suffering from high energy prices now. Retail electricity prices
have risen by more than 120 per cent in real terms over the past decade, while wholesale
prices have tripled in the last three years. These price rises are primarily the result of
heavy-handed government interference supporting renewables though the Renewable
Energy Target at the expense of more reliable, affordable coal-fired power.

Table 1.1: Example of snippets from CCS articles

debates (McKie, 2018), thereby politicizing climate change (Benegal and Scruggs, 2018;

Van der Linden et al., 2017) and hindering necessary action.

At the same point it is important to acknowledge that there is an increase in energy needs

as countries like China and India continue to grow, and these are real needs which need to be

met. Even proponents of sustainability can engage in unscientific thinking to advance their

agendas. For instance, there is misleading information suggesting that solar energy output

on cloudy days is almost equivalent to sunny conditions and that England could be entirely

powered by solar energy; however, both are inaccurate due to reduced efficiency in cloudy

conditions and the impractical land area required for such a solar setup in England (MacKay,

2016). Climate change and sustainability are ultimately complex issues, and everyone is

susceptible to biases that can overshadow rational thought. In the remainder of this thesis, we

will primarily focus on the debate surrounding climate scepticism, though we acknowledge

that there are broader related issues such as energy needs that are also just as important in the

discussion of climate change.
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(a) Example 1

(b) Example 2

Figure 1.1: Articles exhibiting climate change scepticism from the Australian
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This proliferation of misleading information is largely driven by counter-movement

organizations, including fossil fuel lobbies, conservative think tanks, large corporations,

and certain media outlets. These entities often challenge the established science of climate

change, fueling climate change skepticism (CCS) articles (Boussalis and Coan, 2016; Dunlap

and Jacques, 2013; Farrell, 2016; McKie, 2018; Oreskes and Conway, 2010). Digital

media outlets, in particular, have played an instrumental role in this spread, as depicted

in the 2 examples given in Figure 1.1. The narrative structure of CCS articles commonly

merges misinformation, frivolity, propaganda, and hoaxes sprinkled with stylistic elements

of sensationalism, melodrama, and clickbait. We present examples of these tactics in

Table 1.1. The first example contains misinformation as it talks about CO2 being beneficial,

thus promoting alternative facts, disregarding any of the scientific consensus. The second

example trivializes the issue and uses lack of seriousness of the issue. Example 3 focusses

on blame and utilizes sensationalism, a style of writing that features emotionally charged

words, whereas in example 4, we see there is less focus on the stylistic components of

sensationalism but more questioning of the economics and cost of renewable technologies?

Public perception is shaped by the narratives in popular media and these narratives often

gain momentum rapidly within social circles. These narratives disseminate information

designed to captivate or retain attention, often without any validation of authenticity. We

show how these narratives spread in Figure 1.2, where a news article wrongly suggesting that

arsonists were responsible for the Australian fires gained traction and was further amplified by

notable figures such as Donald Trump Jr., leading to widespread dissemination and ultimately

undermining the role of climate change as the cause of the fires. This motivates the need for

development of applications that can analyse these narratives and potentially inform readers

of their dubious origins.

In this thesis, we breakdown the problem into four sub-problems, each addressing a

specific aspect of the challenge. Firstly, we delve into understanding the underlying themes

present in the dataset which involves identifying the most effective method to optimize the

topic analysis of the corpus. Secondly, we focus on the detection of climate change skepticism

articles which entails developing a mechanism to differentiate between CCS and non-CCS
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Figure 1.2: Examples of scepticism spread

articles within a given collection. Thirdly, we explore the nuances embedded in CCS articles

through the means of strategies such as framing and neutralization tactics, which are often
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employed in these articles. Finally, the fourth aspect revolves around the fact-checking of

claims made within these articles. Here, we aim to not only assess the veracity of these

claims but also to elucidate the reasons behind potential inaccuracies, drawing support from

trusted sources.

One common challenge in these tasks is the scarcity of data especially labelled data,

driving the need for strategies like semi-supervised learning and transfer learning. Significant

advancements in the field of Natural Language Processing (NLP), particularly regarding

pre-trained language models (PLMs) and large language models (LLMs). Pre-trained models

are sophisticated deep learning architectures, designed to capture real-world knowledge,

semantics, and language structures from large datasets. These models are first trained

on text data with a simple objective (e.g. to predict the next word given a sequence of

words) and can then be adapted to tackle specific problems (e.g. categorise the topic of a

document). Similarly, large language models — effectively a scaled up version of pre-trained

models possess the capability to understand and generate text that closely resembles human

language, thus proving invaluable for tasks such as summarization, question answering

and information extraction. Furthermore, these models can be adapted to specific domains

and connected to specific knowledge sources, thereby enhancing their utility in handling

specialized information. Thus in this thesis, we aim to address the aforementioned questions,

by applying NLP techniques to gain a more nuanced understanding of the narratives promoted

by anti-climate change organisations.

Topic models has been a widely employed tool for analyzing discourse and themes within

document collections. Topic models consist of topics which are typically represented by their

top n words and individual documents are assigned a mixture of topics. Figure 1.3 gives

a conceptual overview of topic models. A key attribute of an effective topic model is its

ability to generate coherent topics, meaning that the set of n words should convey a clear and

meaningful concept. Additionally, the quality of the topics produced should accurately reflect

the context of the document collection. Achieving this involves hyperparameter optimization,

a process historically guided by measures such as perplexity or topic coherence (Aletras and

Stevenson, 2013; Lau et al., 2014; Mimno et al., 2011; Newman et al., 2010) which assess
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Figure 1.3: A conceptual overview of Topic Models

how well topic words relate to each other. However, relying solely on topic coherence for

optimization may not provide a comprehensive understanding of the document collection.

While it may result in highly coherent topics, these topics might offer limited collective

insight into the broader themes and concepts present in the documents. Therefore, it is crucial

for topic models to not only produce coherent topics but also to capture the essence of the

themes and concepts within the document collection, thus necessitating the need for the

development of strategies to achieve such a balance. In this thesis, we specifically focus

on enhancing these strategies, especially considering the significant role of topic models in

analyzing public discourse and opinions on climate change and tracking the evolution of

climate-related themes over time (Boussalis and Coan, 2016; Dahal et al., 2019; Elgesem

et al., 2019).

A fundamental aspect of NLP is understanding the nuances of language, for example

to identify climate change skepticism. This capability to distinguish genuine information

from scepticism is imperative. Pre-trained models, due to the extensive real-world and

semantic knowledge embedded in their parameters, are potentially promising for detecting

climate change scepticism but also miss the specific data distribution of this specialised
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Document Text

Take a Look at the New Consensus on Global Warming. A scientific consensus has
emerged among top mainstream climate scientists that “skeptics” or “lukewarmers” were
not long ago derided for suggesting — there was a nearly two-decade long “hiatus” in
global warming that climate models failed to accurately predict or replicate ... More
importantly, the paper discusses the failure of climate models to predict or replicate the
“slowdown” in early 21st century global temperatures ... Democrats and environmentalists
praised Karl’s work which came before the Obama administration unveiled its carbon
dioxide regulations for power plants ... Then, in early 2016, mainstream scientists
admitted the climate model trends did not match observations – a coup for scientists like
Patrick Michaels and Chop Knappenberger who have been pointing out flaws in model
predictions for years.

New Zealand schools to terrify children about the climate crisis. Who cares about
education if you believe the world is ending? What will it take for sanity to return? Global
cooling? Another Ice Age even? The climate lunatics ... encourage them to wag school to
protest for more action.

Table 1.2: Climate scepticism spans in Red refer to spans with high scepticism ; Orange
highlights scepticism but not as high as red, and black is non sceptic parts.

domain (Gururangan et al., 2020). Thus we can train it further over data specific to the

domain to adapt it to the linguistic characteristics and semantic context of that domain,

such as finance (Araci, 2019), medicine (Rasmy et al., 2021), or climate (Webersinke et al.,

2021), thereby enhancing their performance within those specific areas - a process termed

“domain adaptation”. For instance, we could train it further on CCS articles to aid in to better

understanding the language and narrative around CCS and use it to differentiate between

CCS and non-CCS content. While identifying if an article is heavy on CCS is important, the

subsequent challenge is to locate specific text spans manifesting skepticism. This scepticism

can exist across a wide spectrum, from highly sceptical, emotionally charged statements to

subtler, less dramatic instances, as illustrated by the examples in Table 1.2.

Detection of CCS articles provides a valuable initial step towards understanding of

climate change scepticism, but to have a more nuanced understanding of CCS narratives, it’s

imperative to analyse how they frame the arguments. Framing is a method used in social

sciences to group, organise and highlight aspects of an issue to make them salient (Entman,
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Example Frame

There’s no indication this is anything but just natural variability, humans not
playing a part

SCIENCE

Despite forecasts of warming the world has actually been cooling, so global
warming is a hoax

SCIENCE

Renewable energy is way too expensive POLICY

... New Zealand’s actions should be less ambitious than Australia’s because
it is a wealthier country

POLICY

Table 1.3: Examples of counter climate arguments and their frames

1993). For instance in the context of CCS, framing can typically be categorized into two

broad groups: Science and Policy. As the name suggests the ‘Science’ category deals with

arguments based on the questioning of scientific facts and ‘Policy’ frame arguments target

issues of cost and economy or pass the blame to other payers. We present a few examples of

the science and policy frames in Table 1.3. Another method to understand narrative in social

science is to analyse its “neutralisation” strategy, i.e. identify the justification for the deviant

behaviour (Maruna and Copes, 2005; Sykes and Matza, 1957). A common example is the

phrase The cure can’t be worse than the disease/problem which has been used across a broad

spectrum of issues including climate change skepticism and the COVID 19 pandemic.3 In

terms of climate change it could be thought that spending money on renewables is not worth

it for the economy. Although originating in criminology, neutralization has been applied

to various fields, such as corporate social responsibility (Fooks et al., 2013), fast fashion

(Joy et al., 2012), the tobacco industry (Fooks et al., 2013; Oreskes and Conway, 2010), and

CCS (McKie, 2018). Referring back to Figure 1.1, we observe applications of these ideas in

CCS narratives. For instance, Figure 1.1a (Opinion : China has zero ...) passes the blame to

other countries and suggests that they not us should be acting, based on the neutralization

strategy popularly known as “justification by comparison”. Similarly, looking at Figure 1.1b

(Climate Change has ...) it denies the existence of climate change and global warming and

3https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-
cannot-be-worse-than-problem-120101300184_1.html

https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-cannot-be-worse-than-problem-120101300184_1.html
https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-cannot-be-worse-than-problem-120101300184_1.html
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Figure 1.4: An example of a claim review from climatefeedback.org

accepts it as a fact of life, — a strategy popularly known as “denial of victim ”. Traditionally,

social scientists have manually analysed CCS articles and assigned the appropriate frame

and neutralisation categories to the text spans in articles. But this is laborious and does not

scale, and underscores the need for automated approaches and strategies for classifying CCS

texts according to frames and neutralization strategy.

Going beyond identifying how CCS articles frame their arguments, the next natural

step would be explaining why or how the claim is inaccurate. That is, our goal is to fact-

check claims to verify their truthfulness and give a justification as to why they may not be

truthful. Scientists and experts have have been doing this by manually supplying feedback

for such bogus claims, verifying their truthfulness and offering the public scientifically sound

information. Efforts to fulfill this mission have led to the publication of expert feedback on

https://climatefeedback.org/
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websites like climatefeedback.org and skepticalscience.com. Figure 1.4 gives us one such

example where the claim from The Sun Earth is about to enter 30-year ‘Mini Ice Age’, has

been labelled as Incorrect, with the “Key Take Away” being that Scientists cannot predict

whether solar grand minimum ... is coming and even if one occurred, the consequences

for average global temperatures would be minimal. This multifaceted process of claim

verification, coupled with textual explanation and justification, is one we aim to automate.

Such a tool would enable climate science experts to respond more efficiently and on a broader

scale to more claims. Our idea is to connect LLMs to trusted sources and build a system that

can verify and explain the truthfulness of a claim based on these sources. In other words,

given a claim the system would find relevant facts from authoritative sources and then create

an accurate and clear explanation based on those facts.

1.2 Research Questions and Contributions

The research questions addressed in this thesis, and its contributions, are as follows:

Topic Models:

• Can we automate the evaluation of topic models based on how well they allocate topics

to documents in the collection?

The evaluation of topic models is generally addressed through both intrinsic and extrinsic

means, examining perplexity for intrinsic evaluation and topic coherence for extrinsic evalua-

tion. We propose an alternative approach to topic model evaluation, by assessing whether the

topics assigned to the documents are meaningful through document-level evaluation of topic

intrusion, based on the setup first introduced by Chang et al. (2009). In topic intrusion, users

are presented with a document, a set of allocated topics by a topic model and an intruder

topic, and they must identify the intruder. The intuition is that if the user fails to recognise

the intruder topic, then the allocated topics do not capture the document. Recognizing that

collecting these human judgements can be both time-consuming and expensive, we introduce

an approach employing a neural network model with additional corpus level features (e.g.

https://climatefeedback.org/
https://skepticalscience.com/
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frequency of words in the corpus) to automate the task. Finally, we propose a new metric

to measure the performance of the approach and use this metric to rank topics produced by

topic models.

CCS detection

• How can we use pre-trained language models to detect CCS articles?

• Can we extend our approach to further to highlight the most misleading text spans in

CCS articles ?

The initial step in our modelling process requires the development of a suitable dataset i.e.

a collection of articles that are known to exhibit CCS. At the time we embarked on this

research, there was no such dataset specifically tailored for Climate Change Scepticism. To

address this gap, we scraped articles published by various climate change counter-movement

organizations. To ensure the robustness of our model, we also meticulously curated a test

set from a variety of CCS and non CCS sources encompassing diverse styles, such as news,

sensationalism, and satire. Based on this dataset, we frame the task as a binary or a 1-class

classification problem i.e. given an article, classify whether the article exhibits CCS or not.

Given that a (trained) language model produces a probability estimate for a sequence of

words (which measures how much the text fits the training data), we explore adapting a PLM

by fine-tuning it on CCS articles. Post adaptation, we can decide whether an article is CCS

or not by looking at its probability estimate for the article (high probability indicates an CCS

article). Envisioning its application as an alert system for flagging climate change skepticism

in web articles, we extend our approach to highlight specific content that espouses these

skeptical views to users. The advantage of using a fine-tuned PLM for the detection task is

that we can examine individual word probabilities, enabling us to detect “spans” of text that

look most like CCS text.

Framing and Neutralization
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• How can we automate the identification of frames and neutralization tactics used in

the arguments of CCS articles?

• What is the impact of the quantity of labeled training data on classification performance,

and can we include unlabelled data, that is semi-supervised learning to improve

performance?

Next, we delve into the identification of more nuanced classes of arguments employed in

the creation of CCS texts, achieved through the application of framing and neutralization

techniques. We first introduce the task of neutralization as a multilabel classification task.

Similar to the previous research question, the first step here revolves around data collection

but unlike the previous task, neutralization and framing comprise multiple classes (2 for

framing, further subdivided into 7 for neutralization) necessitating human annotation. To

this end, we propose an annotation task for it and gather human judgements. However, data

collection can be expensive and time-consuming, leading us to leverage unlabelled data in

a semi-supervised multi-task learning objective. We show significant performance gains

in this setting with the best models performing on par with human-level performance, and

further demonstrate how this approach can be utilized to analyse the detected spans from the

previous research question.

Claim Verification and Explanation generation

• How can we incorporate knowledge from trusted sources to automatically classify and

explain the truthfulness of climate change claims?

• How can we manage and mitigate the occurrence of hallucinations — the phenomenon

where new information not grounded in the trusted sources is produced in the generated

explanations?

We introduce the idea of explanation generation as a means to justify the truthfulness

label predicted by a fact-checking model. Here we explore the use of large language models,
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as they are capable of comprehending and generating fluent text. To this end, we use retrieval-

augmented generation approach, where the LLM is connected to an external knowledge

source through a “retriever”. This retriever queries the knowledge source to find relevant

“facts” pertaining to a given claim and this information is provided to the LLM, so that it can

verify and explain the claim grounded to the provided facts. Given that LLMs are prone to

generating hallucinations, i.e. novel information that is not grounded in the presented facts,

we delve into the metrics used to first identify hallucinations, then propose methodologies

to mitigate hallucination by exploring the use of multiple knowledge sources and strategies

such as paraphrasing. Finally, we use LLM-based evaluation to assess the quality of the

generated outputs

1.3 Limitations

This thesis, conducted over a period of 5.5 years, coincides with substantial changes in

the NLP landscape, particularly in the recent years with the emergence of LLMs such as

ChatGPT,4 GPT-4,5 Claude, 6 and LLaMA (Touvron et al., 2023) to name a few. As such,

we see an evolution of ‘state-of-the-art’ approaches/methods from chapter to chapter, and it’s

important to understand the context and time over which these studies were done. Although

Chapter 2 briefly presents literature related to these developments, much of the recent research

has not been employed in our work, as it postdates the work in the thesis.

For example, Chapter 3 focuses on topic models, and it uses a convolutional neural

network as the backbone model, as PLMs had not been introduced at that time. In Chapter

4 and 5, PLMs such as GPT-2 (Radford et al., 2019) and BERT (Devlin et al., 2019) are

utilized, but not their more advanced versions like GPT-3/4 (Brown et al., 2020). In Chapter

6, more recent models like Flan–T5 (Chung et al., 2022) and GPT-4 are employed, along

with approaches such as instruction tuning. In practice these LLMs could be applied to

4https://openai.com/blog/chatgpt
5https://openai.com/research/gpt-4
6https://www.anthropic.com/index/introducing-claude

https://openai.com/blog/chatgpt
https://openai.com/research/gpt-4
https://www.anthropic.com/index/introducing-claude
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previous chapters and might lead to performance gains; however, such experimentation was

not undertaken in this thesis due to the timing of work in the respective chapters.

1.4 Thesis Structure

As this work situates itself in the computational social sciences, Chapter 2 is made up of

2 different sections. The first section focuses on the literature surrounding the narrative of

climate change from a social sciences perspective. We begin with an introduction to the

history of the climate change debate, a summary of scientific reports, and an exploration of

the polarization and politicization of climate change. The chapter also delves into corpus

linguistics, examining the topical and stylistic facets of climate change language, followed by

a synopsis on Climate Change Counter Movements and their role in fostering skepticism. We

further discuss theories around framing and neutralization that are often employed to fuel this

skepticism. The second section centers on the approaches and methods used to automatically

analyse or detect CCS, from the natural language processing (NLP) perspective. Here, we

provide an overview of topic models, including their structure, types, and applications. We

also examine PLMs, covering different training objectives, domain adaptation approaches,

and fine-tuning strategies for specific domain data. We conclude the chapter with an explo-

ration of the literature on their misinformation and propaganda detection, both in terms of

novel datasets and methodologies and their relation to climate change.

In Chapter 3, we direct our focus towards topic models, and introduce an alternative to

evaluating these models through the task of topic intrusion. We begin the chapter with a

concise review of the literature pertaining to the evaluation of topic models. Subsequently,

we explain the task of topic intrusion, along with the corresponding process for annotation

collection. This is followed by the presentation of the adopted methodology, which is based

on the utilization of a convolutional neural network enhanced with corpus level features.

We conclude the chapter with the proposal of a novel metric designed to measure system

performance.
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In Chapter 4, we introduce the task of detecting CCS within documents, and develop

a dataset consisting of CCS articles together with articles from various non-CCS sources.

We then propose a novel system for detecting CCS articles, leveraging domain-adapted

PLMs. This is followed by a comparison unidirectional and bidirectional models. Finally,

we demonstrate that the detection methods can be modified to identify spans of potentially

misleading texts, and end with a discussion on extending the methodology to accommodate

short texts.

In Chapter 5, we delve into the theory of neutralization and framing, analyzing it through

the lens of semi-supervised learning. We begin the chapter with a review of semi-supervised

learning, encompassing its earliest methods, applications in social sciences, and the contem-

porary fusion of pre-trained models with semi-supervised learning approaches. Following

this, we present framing and neutralization techniques for analyzing the narrative of climate

change skepticism, e.g., whether it is justifying inaction or promoting alternative views. We

introduce neutralization as a multilabel classification task, followed by the development of a

dataset with manual annotations of NT. Finally, we explore a semi-supervised model that

uses unlabeled data for the classification task, comparing its results with human performance,

and highlighting the advantages of semi-supervised learning.

In Chapter 6, we delve into the task of claim verification, focusing on both veracity

prediction and explanation generation. We begin the chapter with a review of retrieval-

augmented generation, spotlighting early approaches in open-domain question answering

and their applicability to our problem. We then provide an overview of the literature on

the problem of hallucination in LLMs, examining the underlying causes and continue by

summarizing the evaluation techniques used for generations and how they sync to our task.

After that, we introduce the datasets of interest to our task such as Climate FEVER and

external knowledge sources like Wikipedia. Subsequently, we detail our retrieval-augmented

generation system, also including evaluation metrics like BERT-score. We also investigate

hallucination in the generated explanations and explore strategies to mitigate them. Next,

we demonstrate how LLMs can be used to measure the quality of the generated explanation,

thereby unifying the discussion around claim verification, hallucination, and evaluation.
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Finally, we test our best models with alternative knowledge sources like IPCC reports, and

peer-reviewed articles.

We summarise the contributions of the thesis in Chapter 7 and present avenues for future

work.



Chapter 2

Background

In this chapter, we present the background and literature around climate change, and broadly

divided into 2 parts the social sciences and natural language processing (NLP). The first

part delves into the social science aspect of climate change. We start by providing an

introduction to the history of the climate change debate. This involves examining the study

of climate patterns and the formulation of the problem of global warming, including the

various assessment reports that have shaped our understanding of these issues over time.

We then pivot to the movement of climate change skepticism, detailing its origin, unique

characteristics of its communication strategies and the language employed. Subsequently

we present the framing and neutralization literature used to construct the narrative around

climate change scepticism which has played a key role in the public discourse on this subject.

In the second part, we transition to the realm of NLP, which provides useful tools and

perspectives for analysing the language and narratives around climate change. We commence

our discussion with an overview of different topic models. We then delve into pre-trained

language models, exploring various architectures and models, and discussing methodologies

like fine-tuning and domain adaptation, which allow these models to be tailored for specific

tasks or contexts. Finally, the chapter reviews the literature on misinformation and fact-

checking. We examine the different datasets and techniques employed in this field and

discuss how they sync with the domain of climate change.
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2.1 Introduction and History on Climate Science

Climate change is one of the biggest challenges threatening the world, and we are at a defining

moment. Rising sea levels, melting polar ice, changing weather patterns, severe droughts

(Breshears et al., 2005), and extinction of species are just some of the dreadful effects of this

crisis (Breshears et al., 2005; Gardner et al., 2018; Harrison et al., 2018; Lewis, 2006). The

Intergovernmental Panel on Climate Change (IPCC) in its 5th assessment report categorically

concluded that humans are the main culprit and there is a need to limit global warming to less

than 2 C.1 To achieve a level of consensus, review national communications, and establish

emission targets, the Conference of the Parties (COP) was created. This decision-making

body, part of an international convention, meets annually to review, negotiate, and coordinate

measures to tackle climate change. COP has been held since 1995, with varying degrees of

success and key milestones being COP3 in Kyoto, COP11 in Montreal, COP17 in Durban,

and most notably, COP21 in Paris where agreement was reached to limit global temperature

rise to well below 2°C (Rhodes, 2016). Despite these efforts, the 2022 Intergovernmental

Panel on Climate Change sixth report warned of the necessity for drastic action to meet the

goals set at COP21 and to keep global warming under 2°C.2

The history of studying climate patterns and phenomena can be traced back to ancient

Greece (4th century BCE to 2nd Century BCE) and the time of Aristotle, Theophrastus and

astronomers Eratosthenes and Ptolemy (Moser, 2010; Weart, 2010). In the 19th century,

most of the debate and studies were around factors influencing local climate i.e. studies

around land use for more or less rain, deforestation etc, rather than on global and human

influence on climate patterns.3 Later in the century, Tyndall (1872) explored radiation

absorption especially with respect to water vapor and hydrocarbons like methane and carbon

dioxide; this trapped radiation later, leading to the coining of the term “greenhouse effect".

Arrhenius (1896) 4 tried quantifying CO2 emissions and calculated the estimated contribution

1https://www.ipcc.ch/report/ar5/wg1/
2https://www.ipcc.ch/assessment-report/ar6/
3See (Stehr et al., 1995) and (Fleming, 2005) that summarizes these 19th century studies
4The work was published again later in 2011 (Arrhenius, 2011)

https://www.ipcc.ch/report/ar5/wg1/
https://www.ipcc.ch/assessment-report/ar6/
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of humans to CO2 levels in atmosphere, but the issue remained largely dormant and there

was speculation that warmer temperatures could potentially be beneficial (Ekholm, 1901).

Moving forward to the 20th century, Callendar (1949) revisited the work of Arrhenius

and provided evidence for the rise in CO2 levels in the atmosphere and argued this rise in

CO2 was the cause of increased warming. Later, in a similar vein while studying seawater,

Revelle and Suess (1957) ascertained that the oceans had a finite capacity to absorb CO2

(which countered the widely held belief that oceans can absorb all/infinite amounts of CO2)

and hypothesised that there would be an increase of CO2 in atmosphere, which was later

demonstrated by Keeling (1960) by taking snapshots of CO2 measurements 2 years apart.

Sawyer (1972) summarised the science so far around anthropogenic global warming, and

also predicted the rate of global warming for the next 3 decades, but around the same time

the debate around global warming was overshadowed by the alternative debate around global

cooling and the natural cycle of the ice age (Bryson, 1974; Kukla and Kočí, 1972). Manabe

and Bryan (1969); Manabe and Wetherald (1967) gathered more evidence by developing

a global climate model, and calculated that doubling CO2 would lead to a 2°C rise in

global temperature. In the 1980s, consensus started building in the scientific community

with Hansen (1988) giving one of the first assessments which suggested that humans had

already affected the global climate. Eventually all these events led to establishment of

Intergovernmental Panel on Climate Change by the World Meteorological Organization to

provide regular scientific assessments on the implications and future risks of climate change

which so far has presented 6 assessment reports (in 1990, 1995, 2001, 2007, 2014 and 2022).5

2.2 Climate Change Scepticism Movement

Anthropogenic climate change has been at the heart of the fires in California (Goss et al.,

2020) and Black Summer bushfire disaster of 2019-20 in Australia (Abram et al., 2021;

van Oldenborgh et al., 2020), which led to the destruction of 17 million hectares of land

5Parts of history on climate science were compiled later in the form or review papers, books and papers
tracing historical works. See Fleming (2013); Keeling (1998); Nicholls (2007); Sherwood (2011)
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... Prof. Dr. Ulrich Kutschera told in an interview that CO2 is a blessing for mankind
and that the claimed 97% consensus among scientists is a myth. ... he rejected extremes,
among them the climate alarmists who predict a fictitious, imminent earth heat death ...

New Zealand schools to terrify children about the climate crisis. Who cares about education
if you believe the world is ending? What will it take for sanity to return? Global cooling?
Another Ice Age even? The climate lunatics ... encourage them to wag school to protest
for more action.

Meanwhile, Australians are suffering from high energy prices now. Retail electricity prices
have risen by more than 120 per cent in real terms over the past decade, while wholesale
prices have tripled in the last three years. These price rises are primarily the result of
heavy-handed government interference supporting renewables though the Renewable
Energy Target at the expense of more reliable, affordable coal-fired power.

Table 2.1: Example of snippets from CCS documents reproduced from Table 1.1

and the death of a billion animals.6 Jones et al. (2020) in their assessment concluded that

human induced climate change is only going to increase the frequency and intensity of such

fires, with Southeast Australia being highly vulnerable to these fire events (Dowdy et al.,

2019). These climate change related disasters were not just restricted to fires in Australia and

California but also to other extreme weather patterns like floods in Germany and Belgium

in 2021 (Kreienkamp et al., 2021). During these times, we see articles with headlines such

as “Climate Change has caused more rain, helping fight Australian wildfires" spreading

misinformation to influence the narrative of climate change.7 Oreskes and Conway (2011)

argued that this narrative around climate change has inadvertently cultivated skepticism,

resulting in a widespread lack of awareness and understanding of the issue. Ranney and Clark

(2016) echoed the sentiment, suggesting this illiteracy exacerbates the challenges associated

with effectively communicating the realities of climate change to the public (Moser, 2010).

Anderegg et al. (2010) found that climate denial and the spread of misinformation have

6https://www.aph.gov.au/About_Parliament/Parliamentary_Departments/Parliamentary_Library/pubs/rp/
rp1920/Quick_Guides/AustralianBushfires

7https://www.heartland.org/news-opinion/news/climate-change-has-caused-more-rain-helping-fight-
australian-wildfires

https://www.aph.gov.au/About_Parliament/Parliamentary_Departments/Parliamentary_Library/pubs/rp/rp1920/Quick_Guides/AustralianBushfires
https://www.aph.gov.au/About_Parliament/Parliamentary_Departments/Parliamentary_Library/pubs/rp/rp1920/Quick_Guides/AustralianBushfires
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a detrimental impact, ultimately leading to the discredit of climate science and scientists,

which further jeopardises and influences how scientists engage with the public.

Despite the findings of the IPCC’s 5th and 6th Assessment Report and a more than 97

percent consensus in the scientific community supports anthropogenic global warming (Cook

et al., 2013), coordinated efforts to tackle the climate crisis are lacking. This can be attributed

to the rise in opposing voices including the fossil fuel lobby, conservative thinktanks, big

corporations, and digital/print media questioning the science and research around climate

change. These climate sceptic organisations are collectively referred to as climate change

counter movement organisations (Boussalis and Coan, 2016; Dunlap and Jacques, 2013;

Farrell, 2016; McKie, 2018; Oreskes and Conway, 2010) and have been a major contributor to

the proliferation of climate change scepticism articles. We collectively refer to them as CCS

organizations and CCS articles. McKie (2018) argued that the motivation behind these CCS

organisations is to maintain the status quo of the hegemony of fossil fuel-based neo-liberal

global capitalism. These organisations are found around the globe and can masquerade

as philanthropic organisations to fund climate misinformation (Farrell, 2019), hide behind

libertarian ideas (McKie, 2018) to question scientists, and augment scepticism to promote

pseudo science or “alternative facts”. Some of these organisations have catchy names such

as carbonsense.com or friendsofscience.org, and organise their own “scientific” conferences.

It is important that we understand the language and communication around climate

change, as the way the public perceives and reacts to the constant supply of information

around climate change is a function of how the facts and narrative are presented to them

(Fløttum, 2014; Fløttum et al., 2016). Flottum (2017) emphasises that language and com-

munication around climate change are significant, as climate is not just the physical science

but has political, social, and ethical aspects, and involves various stakeholders, interests,

and voices. A range of corpus linguistic methods have been used to study the topical and

stylistic aspects of language around climate change. One such popular method is topic mod-

elling which we discuss separately in detail in Section 2.4. Salway et al. (2014) leveraged

unsupervised grammar induction and pattern extraction methods to find common phrases in

climate change communication. Atanasova and Koteyko (2017) analysed frequently-used

carbonsense.com
friendsofscience.org
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metaphors manually in editorials and op-eds, and concluded that the communication in The

Guardian (U.K.) was predominantly war based (e.g. threat of climate change), Seuddeutsche

(Germany) based on illness (e.g. earth has fever), and the NYTimes (U.S.A) based on the

idea of a journey (e.g. many small steps in the right direction).

In early works to study CCS and Conservative Think Tanks claims, McCright and Dunlap

(2000) collected a sample of 224 documents from 14 different CCS and manually coded

them to analyse the themes and arguments used in these contrary claims. Similarly, Elsasser

and Dunlap (2013) sampled 203 op-eds from the US over a period of 2007- 20108 and

broadly categorise them as being policy relevant vs non-policy issues, by employing an array

of arguments assembled from skpeticalscience.com9 (Washington, 2013). Sharman (2014)

explored climate scepticism with the help of social network analysis, using node betweenness

and degree of centrality to find and highlight central blogs and themes in the blogosphere.

Boussalis and Coan (2016) proposed the use of probabilistic topic modelling based on Latent

Dirichlet Allocation (LDA) (Blei et al., 2003) over a collection of 16000 documents from

19 CCS organizations collected over 15 years (1998-2013). The resulting topics covered

themes ranging from sea and land impacts, scientific integrity, energy polices and politics

around carbon trading, which were further coded by the authors to separate the science vs

policy frames (in Section 2.3). More recently, Varini et al. (2020) released a dataset to study

sentence based climate topic detection and demonstrated the advantage of neural network

models over popular keywords based models.

Oreskes and Conway (2010) concluded in their analysis that the strategies employed by

CCS organizations to construct the narrative to spread misinformation resemble the ones

historically used by the tobacco lobby. For instance, targeting researchers and questioning

the methodology of their research, and blaming scientific standards are strategies used by

both CCS and tobacco lobby groups (McKie, 2018; Oreskes and Conway, 2010).

Several snippets from CCS articles are presented in Table 2.1. The first example, con-

tains misinformation as it talks about CO2 being beneficial thus promoting alternative facts,

8Spanning 2 different administrations, the Bush administration followed by the Obama administration
meaning there was a shift in polices and debate

9www.skepticalscience.com

www.skepticalscience.com
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Argument Frame

CO2 is plant food and is good for the planet Science
Climate change is natural and has always been changing Science
We are entering another ice age Science
Adapting to global warming is cheaper than preventing it Policy
Renewable energy is way too expensive Policy

Table 2.2: Examples of counter climate arguments and their frames.

disregarding any of the scientific consensus and its effects on climate change. The second

example focusses on blame and utilizes sensationalism, a style of writing that features emo-

tionally charged words. Looking at example 3, we can see the theme is around questioning

the economics and cost of renewable technologies. Thus we hypothesise that CCS articles

can be studied according to 2 devices: topical and stylistic. The topical aspects describe

common issues discussed in CCS articles (e.g. carbon tax, fossil fuel, and renewable energy);

the stylistic aspects capture how the narrative is presented — e.g. the use of exaggeration

and sensationalism — similar to propaganda materials. There is no single strategy in CCS

documents, but rather techniques in misinformation, propaganda, and neutralisation all play

a role. Social scientists have explored various strategies to analyse these CCS narratives; one

approach is the use of framing, a technique we will delve into in the following section.

2.3 Framing and Neutralization

Framing in social sciences is the process of grouping, organising and highlighting aspects of

an issue to make them salient, thereby helping to define the problem more concretely, identify

causes, inject moral evaluation and put forward possible solutions (Entman, 1993). But even

earlier, Goffman (1974) first introduced the framing theory where he explained frames as

“schemata of interpretation” that allow individuals to locate, perceive, and label events within

their life space and the world at large. Baker et al. (1998) used framing in the context of

NLP where they constructed a lexical database that associates words with semantic frames

aligned to the work of Goffman (1974) serving as a key piece of political communication,
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which has been applied to influence public opinion and thus having implications on policy

framework and decisions and building on it (Chong and Druckman, 2007; Iyengar, 1994).

Framing topologies and coding schema are generally divided into 2 different kinds of

topologies, namely issue generic (Boydstun et al., 2013), issue specific (Benson, 2013) or

some combination of both (Mendelsohn et al., 2021). Issue generic framing is not confined to

a particular issue, but instead addresses broader themes or viewpoints that can be used across

different subjects. An example, is the issue-generic framing of “economic consequences”,

which could apply to a wide range of topics like immigration policy, healthcare reform or

environmental regulations. In contrast, issue specific framing refers to framing topologies

that are specific to a particular issue. For instance, a specific framing for the issue of climate

change might include topics like “rising sea levels," “carbon footprint," or “renewable energy".

These are all topics that are specifically related to the larger issue of climate change and

would not necessarily be applicable to other issues. These topologies been used extensively

in mass media, social media (Card et al., 2016; Field et al., 2018; Kwak et al., 2020) or more

recently to study the discourse around immigration (Mendelsohn et al., 2021). Boussalis and

Coan (2016); Dunlap and Brulle (2015); Farrell (2016) categorised CCS arguments into 2

frames: “science” and “policy”. Science frame arguments question the scientific facts, and

deliberately plant doubt to sway the public towards pseudo science, whereas policy frame

arguments target issues of cost and economy (e.g. carbon tax) or pass the blame for action to

other nations. We present several examples of arguments in the science and policy frames in

Table 2.2

Framing gives us the broader grouping of the narrative but to dive deeper into the

strategies used in the narrative we need to understand the theory of neutralization. The

cure can’t be worse than the disease/problem is a phrase frequently used by climate change

sceptics,10 and also recently by Donald Trump in reference to COVID-19.11 Though two

widely different issues, neutralization is used to justify opposing a policy, lack of action,

and thus promotion of either total denial of the problem (Diethelm and McKee, 2009) or its

10https://www.wired.com/story/the-analogy-between-covid-19-and-climate-change-is-eerily-precise/
11https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-

cannot-be-worse-than-problem-120101300184_1.html

https://www.wired.com/story/the-analogy-between-covid-19-and-climate-change-is-eerily-precise/
https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-cannot-be-worse-than-problem-120101300184_1.html
https://www.business-standard.com/article/international/trump-opposes-perpetual-lockdown-says-cure-cannot-be-worse-than-problem-120101300184_1.html
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severity. In social science, neutralization is defined as justification/vindication for a deviant

behaviour (Kaptein and Van Helvoort, 2019; Maruna and Copes, 2005; Sykes and Matza,

1957). Though initially developed in the field of criminology, it has been widely extended

to other fields. For example, Fooks et al. (2013) studied it in through the lens of lack of

corporate social responsibility. Similarly, Delmas and Burbano (2011); Lynch et al. (2010);

Lynch and Stretesky (2013) explored elements of it in green washing, corporate greening and

fast fashion (Joy et al., 2012), where consumers are misled over environmental performance,

or justifications are provided for a poor environmental record. In a similar vein, Fooks et al.

(2013); Oreskes and Conway (2010) studied neutralization in the tobacco industry, where

campaigns were launched to blame and spread scepticism around scientific standards based

on research on the public health concerns. McKie (2018) extended it to the domain of climate

change. Table 2.3 presents examples of neutralization in the domain of climate change. In

the first example the justification for lack of action is provided by a false equivalence that the

policies could be counter productive for the poor, thus using the phrase “ridding the patient

of the disease but only by killing them.” In the second and third example the justification is

provided by blaming “alarmist greens” and “IPCC” respectively and at the same time arguing

about global warming being a natural cycle implying that it has nothing to do with humans.

To study neutralization on a fine grained level this general concept needs more sub-

categorization. Sykes and Matza (1957) first introduced the techniques of neutralization,

known as the “famous five”, namely (1) Denial of Responsibility; (2) Denial of Injury or

Harm; (3) Denial of Victim; (4) Condemnation of Condemner; and (5) Appeal to Higher

Loyalties as tools for justification of deviant behaviour. The neutralization technique inven-

tory has since been expanded to include “metaphor of ledger” (Klockars, 1974), that current

deviant behaviour should also take into account past or future good behaviour , “dispersal

of blame” (Thompson, 1980), where blame and responsibility is divided among the group

rather solely on the shoulders of an individual; “defence or necessity or excuse acceptance”

(Minor, 1981) where absolute necessity of the actions is falsely asserted and with no other

choice left; and “no one cares” (Shigihara, 2013). More recently, Kaptein and Van Helvoort
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Sure, we should reduce greenhouse gases, but if our climate policies hurt our ability to create more wealth
and bring power to the world’s poor, then we are ridding the patient of the disease, but only by killing him

It’s very convenient for alarmist greens to blame the fires of Australia and California on global warming. In
reality, global warming is just a natural cycle and the policies they themselves advocate are the culprits.

The IPCC falsely attributes natural warming and urban warming to greenhouse gas (GHG) emission warming.
It ignores the compelling evidence of natural climate change before 1950 that correlates well with indicators
of solar activity

Table 2.3: Neutralization examples

(2019) developed a hierarchical schema which combines these strategies into categorizations

and sub-categorizations.

As mentioned earlier, Dunlap and Brulle (2015), Farrell (2016), and Boussalis and Coan

(2016) categorised CCS arguments into 2 frames: science (“science”) and policy (“policy”).

McKie (2018) adapted Sykes and Matza (1957)’s original neutralization categories to analyse

CCS narrative and connected them with the ‘Science’ and ‘Policy’ frames as follows:

• Denial of Responsibility (Deny-Responsibility⇝Science): climate change is hap-

pening, but is a natural cycle and humans are not responsible.

• Denial of Injury1 (Deny-Injury1 ⇝Science): there are no significant harms at-

tributable to climate change, and claims are generally overstated.

• Denial of Injury2 (Deny-Injury2⇝Science): there are benefits in rising C02 levels

which have a positive effect on the environment.

• Denial of Victim (Deny-Victim⇝Science): there is no evidence of climate change

and no climate change victims; total denial of any global warming.

• Condemnation of the Condemner (Condemn ⇝Policy): climate change is mis-

represented by scientists or manipulated by politicians, the media, environmentalists,

etc.
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Argument or Example NT Frame

There’s no indication this is anything but just natural variability,
humans not playing a part Deny-Responsibility Science

there is the very real probability that the global warming been
overestimated by computer models, so warming is not too bad Deny-Injury1 Science

CO2 is plant food and is good for the planet, also essential for
plants in photosynthesis Deny-Injury2 Science

despite forecasts of warming, the world has actually been cooling,
so global warming is a hoax Deny-Victim Science

an avalanche of global warming alarmism is about to hit, thanks
to environmentalists, media and a few scientists Condemn Policy

So-called “new renewable energy technologies” are extremely
expensive and rely on huge subsidies, rising energy costs Loyalties Policy

... New Zealand’s actions should be less ambitious than Australia’s
because it is a wealthier country Justify Policy

Table 2.4: Examples of counter climate arguments and their frames.

• Appeal to Higher Loyalties (Loyalties ⇝Policy): economic progress and devel-

opment are more important than action on climate change, and hence policies like

renewables or carbon taxes are not worth it.

• Justification by Comparison (Justify⇝Policy): our actions are not as important

as other countries which pollute more, or there are other more important issues than

global warming.

We give examples of these 7 neutralization techniques in Table 2.4. Going back to

Table 2.3 we can now analyse the examples through the lens of these neutralization techniques.

CCS texts often use multiple neutralization techniques together. For example, the second

example in Table 2.3 uses ‘Condemn’ (Policy) to blame the alarmist greens and ‘Denial

of Responsibility’ (Science) to highlight that global warming is a natural cycle and the

third example uses ‘Condemn’ (Policy) to accuse the IPCC of false attribution and ‘Denial

of Responsibility’ (Science) to point out climate change being natural and linked to solar

activity.
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Figure 2.1: Plate Notation of LDA

Next, we will delve into various methodologies and architectures in NLP, to discuss how

they are used to analyse and understand climate change narrative.

2.4 Topic Models

Topic modelling is a crucial tool in NLP that assists in unearthing hidden thematic structures

within vast volumes of unstructured textual data. Topic models provide an efficient way

to extract a collection’s latent themes and concepts, referred to as “topics”, making them

invaluable in a wide array of applications ranging from document classification to information

retrieval. Topic models jointly learn latent topics as a multinomial distribution over words and

topic distributions for each document in the collection in the form of multinomial distribution

over words.

Deerwester et al. (1990) introduced Latent Semantic Analysis (LSA), one of the earliest

topic models which operates by constructing a term-document matrix — a matrix of the

size of unique terms by the number of documents, traditionally weighted using tf-idf. To

handle the inherent sparsity of the term-document matrix, LSA employs Singular Value

Decomposition (SVD), enabling a reduction in dimensionality that still captures the salient

features of the document collection.

Building on LSA, Blei et al. (2003) proposed Latent Dirichlet Allocation (LDA), one

of the most widely used topic models. LDA involves the use of Dirichlet priors (α and β )
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which serve as conjugate priors for the word-topic (φ ) and topic-document (θ ) multinomial

distributions. A visual plate notation of LDA is given in Figure 2.1. The variables are:

• K is the number of topics

• N is the total number of words in the document collection

• M is the total number of documents

• φ is the word-topic distribution

• θ is the topic-document distribution

• Z is the topic assignment for the word

• W is the word in document

• α is the Dirichlet prior for topic distribution in documents

• β is the Dirichlet prior for word distribution in topics

LDA follows a generative process that consists of drawing θ(d) for each document and

φ(z) for each topic from their respective Dirichlet distributions, then drawing a topic z from

θ(d), and finally drawing a word from φ(z). However, exact inference i.e. calculation of

posterior in LDA, is intractable due to the coupling between the latent variables in the joint

distribution, which motivates the use of approximate inference methods, such as Collapsed

Gibbs Sampling (Griffiths and Steyvers, 2004) and Variational Inference (Blei et al., 2017;

Teh et al., 2006). Gibbs Sampling is from the school of Markov Chain Monte Carlo (MCMC)

methods and operates by iteratively sampling from the conditional distribution of each latent

variable, given all the other latent variables, and asymptotically converges to the true posterior

distribution. One of the shortcomings of Gibbs Sampling is that it requires many iterations to

converge, especially for large datasets or complex models. On the other hand, Variational

Inference treats calculation of posterior as an optimization problem and aims to find an

approximation to the true posterior that minimizes the Kullback-Leibler divergence (Blei

et al., 2003) making the approach deterministic and generally faster than Gibbs Sampling.
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But the limitation of variational inference is the approximated posterior can sometimes be

substantially different to the true posterior, especially in scenarios when the true posterior is

multimodal or highly skewed (Wainwright et al., 2008).

One of the limitations of LDA is that it assumes topic independence, which was ad-

dressed by Correlated Topic Model (CTM) an extension of LDA proposed by Blei and

Lafferty (2006a). CTM models topic correlations and reduces topic content overlap by

employing a logistic normal prior over topic proportions, in place of a Dirichlet prior. This

shift, influenced by a multivariate Gaussian distribution, induces dependencies between

topics. LDA being a parametric model however, lacks hierarchy and requires predefined

topic numbers. Buntine and Mishra (2014) presented a tool kit HCA which introduced

model burstiness and distinct priors on document-topic and word-topic distributions, unlike

symmetric Dirichlet priors in LDA. Symmetric priors enable efficient collapsed Gibbs sam-

pling, and many asymmetric ones are computationally intensive. An effective alternative is

Pitman Yor Processes (PYPs), also known as table indicator sampling, which exhibits faster

convergence owing to dynamic memory requirements. Recent advancements have further

improved PYP’s computational speed, with only minimal space-time overhead compared

to standard collapsed Gibbs Sampling. Integrated into the word-topic component, PYPs

facilitate modeling of the topic model’s word-generations and achieve quicker convergence

through the use of collapsed Gibbs Sampling (Griffiths and Steyvers, 2004). Evaluation

of topic models is another key component and we dive in more detail around it in the next

Chapter.

Topic models have been employed in the social sciences, enabling the extraction of latent

semantic structures from large text datasets and thereby providing insights into complex

social phenomena across diverse disciplines such as sociology, public health, politics, media

and the environment. In the field of sociology and anthropology, Mohr and Bogdanov (2013)

applied LDA to unveil the underlying themes in sociological abstracts from the American

Journal of Sociology, thus mapping out the intellectual landscape of the field over time. Paul

and Dredze (2011) proposed employing topic models to capture public health trends based on

Twitter data, whereas McCallum et al. (2007) used LDA to distil medical topics from patient
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records, contributing towards targeted improvements in healthcare delivery. Monroe et al.

(2008); Quinn et al. (2010) used topic models to draw insights from legislative speeches in

US congress and distinguish language use among Democrats and Republicans, thus exposing

profound disparities in political discourse. In a similar vein, Grimmer and Stewart (2013),

used LDA and other adaptations to dissect the latent topics in U.S. Congressional speeches,

aligning these topics to politicians’ voting patterns and influence in policy making.

Looking at the domain of environment and climate change, Tvinnereim and Fløttum

(2015) proposed the use of structured topic modelling (Roberts et al., 2014) to derive

insights about public opinion from 2115 open-ended survey responses. Sleeman et al. (2017)

presented dynamic topic modelling - a discrete topic model that maps topics over time (Blei

and Lafferty, 2006c) to analyse the IPCC’s reports and their extensive citations since 1990,

accomplished by calculating cross-domain divergences between the citation domain and the

report domain and clustering documents across domains, thereby uncovering the evolution of

climate science and the influence of research trends on subsequent reports. Cheng et al. (2018)

employed topic modelling on ecology, environment and poverty nexus from 4335 English

language publication in the domain. Similarly, Rabitz et al. (2021) examined Lithuanian

media’s climate change discourse using the domestication framework and CTM for 583

news articles from 2017-2018. In Section 2.2, we discussed the language of Climate Change

scepticism and briefly mentioned topic models. Boussalis and Coan (2016) used probabilistic

topic modeling via LDA on 16,000 documents from 19 CCS organizations from 1998-2013.

The generated topics covered sea and land impacts, scientific integrity, energy policies, and

carbon trading politics, subsequently coded to separate science and policy frames.

2.5 Pre Trained Language models

In recent years, large transformer based Pretrained language models (PLMs) like BERT

(Devlin et al., 2019) and GPT2 (Radford et al., 2019) have saturated natural language

processing. PLMs are machine learning models that are trained on a large corpus and have

learned a great deal about language patterns and real world knowledge, which can then be
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fine tuned for specific downstream tasks like classification, summarization, generation, or

question-answering. The use of pretraining in natural language processing (NLP) is a recent

development, aided by the emergence of the powerful transformer architecture (Vaswani

et al., 2017), however, the concept of pretraining has been applied in computer vision for

at least a decade, with models such as ResNet (Huh et al., 2016; Targ et al., 2016; Yosinski

et al., 2014).

2.5.1 Evolution of Pre Trained Language Models

Collobert and Weston (2008) were the first to propose pre training as a proxy to learn

features rather than using rule-based approaches or feature engineering. The next line of

work was learning word embeddings through word2vec (Mikolov et al., 2013a) and Global

Vectors for Word Representation (GLoVE) (Pennington et al., 2014b) which are distributed

representations of words in a lower dimension continuous vector space. Mikolov et al.

(2013b) proposed 2 approaches to learn word2vec embeddings: cbow and skipg. cbow

combines neighbouring words to predict a target word, while skip-gram uses the target

word to predict neighbouring words. Building on it, Le and Mikolov (2014) introduced

doc2vec embeddings to model whole documents or paragraphs through the means of dense

vectors. GLoVE embeddings are created by leveraging global statistical information from

a corpus to map words into a vector space and unlike word2vec which uses local context

windows to learn vector representations, GLoVE constructs an explicit word-context or

word co-occurrence matrix, allowing it to also capture global corpus-wide statistics. But

the shortcoming of these models are; (1) not being able to tackle out of vocabulary words

and; (2) the learned word embeddings being non-contextual meaning they are unable to

capture context specific semantic differences. To tackle the issue of out of vocabulary words,

Sennrich et al. (2016b) and Bojanowski et al. (2017) proposed byte pair encoding and fasttext

to encode sub word units. We initialise downstream neural network models using them, so

that most of the model parameters are not trained from scratch.

Moving on, the next innovation was the development of contextual representations,

to address the shortcomings of static pre trained word embeddings which cannot capture
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polysemy. The use of pretraining and fine-tuning in natural language processing (NLP) gained

widespread popularity with the introduction of ELMo (Peters et al., 2018a) and ULMFiT

(Howard and Ruder, 2018). Both models are based on the Long Short-Term Memory (LSTM)

architecture (Hochreiter and Schmidhuber, 1997) and differ in their approach to pretraining.

ULMFiT pretrains a three-layer LSTM on a language modeling task, while ELMo uses

bidirectional LSTMs that perform language modeling in both the forward and backward

directions. ULMFiT proposed fine-tuning the language model layer by layer for specific

downstream tasks, and adding classifier layers on top of the language model which are also

fine-tuned. In contrast after pretraining, ELMo simply extracts contextual word embeddings

from it and adds these word embeddings to the downstream model, and the pretrained ELMO

model is not updated when fine-tuning the downstream model for the task. The larger model

size and larger pretraining dataset used by ELMo and ULMFiT allowed them to achieve

competitive or improved performance on a range of tasks, demonstrating the effectiveness of

pretraining language models at scale.

The introduction of the transformer architecture by Vaswani et al. (2017) paves the way

for a new approach to building these pretrained models. The transformer model is based on

a self-attention mechanism, which allows it to weigh the relevance of each neighbouring

word in a sequence when encoding a particular word, thereby effectively capturing context

regardless of the distance between words in the sequence. This is useful for a range of

NLP problems and allows the model to learn more expressive representations, as multiple

layers of self-attention can be used. Additionally, it also allows parallel computation, which

significantly improves training efficiency compared to recurrent models like LSTMs, which

have to process words sequentially, one word at a time. Furthermore, the architecture

introduces positional encodings to account for the order of words in the sequence, which is

not captured by self-attention mechanism.

Modern PLMs are built using the transformer architecture and can be broadly categorised

into 3 classes; autogressive models also known as unidirectional models, Masked Language

Models (MLMs) also known as bidirectional models, and encoder decoder based models

(Min et al., 2021). An autoregressive language model is trained to predict the next word given
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previous words, example models include GPT (Radford et al., 2018), GPT2(Radford et al.,

2019) and GPT3 (Brown et al., 2020). The GPT family uses the transformer architecture as a

decoder which consists of multiple transformer decoder layers with masked self-attention,

that allows words to only attend to neighbouring words on the left (past), to accommodate the

next-word prediction objective. The GPT family of models have been trained on increasingly

larger amounts of text. GPT2 features 1.5 billion parameters compared to the original GPT

with 117 million and thus has the capacity to model much more complex patterns in the

data. One limitation of GPT2 is its inability to perform controlled generation for a specific

domain.To address this issue, Keskar et al. (2019) introduced a conditional transformer

language model capable of generating text based on control codes. These control codes guide

the model’s output, enabling the specification of various text aspects including style (e.g.,

review or tweet), sentiment (positive or negative), or subject matter (e.g., politics, sports,

science). Building on this further, Dathathri et al. (2019) introduced a plug and play language

model (PPLM), where the language model is a pretrained model similar to GPT2 but with

smaller attribute models, which are trained to capture specific text characteristics, to control

the generation of text, allowing for content with precise style, sentiment, or topic. Using

an iterative refinement method, PPLMs can adapt to particular tasks or domains, leading to

accurate and contextually relevant outputs. As a subsequent iterations of the GPT model,

GPT3, introduced the remarkable capability of few-shot learning, reducing the reliance on

fine-tuning. GPT3 leverages its generative design to address tasks either through prompt-

based approaches or direct language generation, requiring minimal or no fine-tuning for

specific tasks.

Masked language models (MLMs) are a type of model that predict a “masked” word in

a sequence based on all of the other words in the sequence. Unlike autoregressive models,

which process input in a single direction, MLMs consider context from both directions.

During training, words are randomly masked or replaced with a special token [MASK] or a

random token, which forces the model to consider context from both directions when making

predictions. This allows a model to learn better contextual representations but loses the

ability to perform language modelling in the standard left to right manner i.e. predicting the
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Figure 2.2: Architecture of BERT, reproduced from Devlin et al. (2019)

next word from previous n words. BERT (Devlin et al., 2019) is an example of an MLM that

uses the transformer architecture and stacks multiple transformer layers to learn complex

representations of words. One of the strengths of BERT is in transfer learning; where a model

trained on one task is re-purposed on a second related task. In the context of BERT, once

the model is trained on a large corpus of text, it can be fine-tuned with a smaller amount of

task-specific data. This fine-tuning process involves additional training on a specific task,

such as question answering or sentiment analysis, using a smaller labelled dataset. Both the

pre training and finetuning architecure are shown in Figure 2.2. The pretraining paradigm

is different to how static (word2vec) and contextual word embeddings (ELMo) are used

in downstream tasks as it does not require a further downstream architecture or a separate

neural network. For instance, to adapt BERT for a text classification task we only need to

add an additional classification layer on top of BERT and fine-tune the model. There is a

large family of models that were derived from BERT, including RoBERTa (Liu et al., 2019b),

ALBERT (Lan et al., 2019), and DistilBERT (Sanh et al., 2019).

Liu et al. (2019b) introduced “Robustly Optimized BERT Pretraining Approach” (RoBERTa),

with several modifications to the pretraining process of BERT. In contrast to the BERT static

masking for its MLM training, RoBERTa uses dynamic masking, where the selection of

masked tokens changes for each epoch of training, leading to more robust representations.

Interestingly, RoBERTa removes the Next Sentence Prediction task from the pretraining
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process, as the authors found that this task did not significantly contribute to the model’s

performance. Similarly, Lan et al. (2019) proposed ALBERT that implements cross-layer

parameter sharing, which significantly reduces the model’s size and increases training speed

without a substantial loss in model performance. Instead of the Next Sentence Prediction

(NSP) task used in BERT, ALBERT introduces a new pretraining task called Sentence Order

Prediction (SOP), designed to better capture inter-sentence coherence.

To preserve the use of bidirectional context for masked word prediction and its ability to

do left-to-right generation, Yang et al. (2019b) proposed XLNET. It leverages the permutation-

based training of an autoregressive model, where all the possible factorization orders are

considered (i.e. during training the model is trained to predict the next word using only left

context words in some iterations and both left and right context words in other iterations),

thereby maintaining the dependency among all input tokens. This methodology allows

XLNet to learn bidirectional context like BERT while allowing the model to do generation.

Sanh et al. (2019) proposed DistilBERT, a smaller, faster, and more efficient version of

BERT, achieved through a process known as knowledge distillation which involves training

a smaller model (student) to mimic the broad behaviour of a larger model (teacher). This

idea of knowledge distillation has also been extended to other model types like GPT and

RoBERTa. In the case of DistilBERT, the BERT model serves as the teacher. During training,

the student model learns to approximate the teacher model’s distribution of probabilities over

the classes through the means of distillation loss computed as the cross-entropy between the

softened output distributions of the teacher and student models. The softening is achieved

by applying a temperature scaling factor to the output logits, which effectively smoothens

the probability distribution over the classes. Both DistilBERT and ALBERT are lightweight

variants of BERT, but how they achieve this is different.

The encoder-decoder model is based on the sequence-to-sequence framework, which uses

a “text in, text out” process flow diverging from the uni-directional context understanding

of models like GPT and the masked language modelling approach of BERT. Lewis et al.

(2020a) introduced Bidirectional and Auto-Regressive Transformers (BART) that involves

altering or corrupting input text with an arbitrary noising function, and then training the
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model to reconstruct the original text. This process is bidirectional in that it has an encoder

that considers word context from both preceding and following words, but also autoregressive

in that it has a decoder that tries to regenerate the full output in a left-to-right manner,

enhancing the model’s ability and achieving superior performance over downstream tasks

like generation, translation and summarization. In a smilar way, Raffel et al. (2019) devised

Text-to-Text Transfer Transformer (T5), a model trained on denoising autoencoder objective,

a methodology that draws inspiration from the aforementioned BART but with the distinction

that every task in T5 is treated as a text generation problem. During pre-training, a portion

of the input sequence is masked out, and the model is trained to predict the masked portion,

thereby learning syntactic and semantic features from the text.

Gururangan et al. (2020) argued that while pretraining on large, diverse corpora can yield

models with broad knowledge, these models may not perform optimally on specific tasks or

domains due to the differences in data distribution. They proposed two methods of additional

pretraining: Domain-Adaptive Pretraining (DAPT) and Task-Adaptive Pretraining (TAPT).

DAPT involves further pretraining a language model on a corpus from the same domain as

the target task whereas TAPT involved further pretraining over unlabeled task data. The

rationale behind this approach is that by immersing the model in specific task data, it can more

effectively learn the language patterns and nuances unique to that task, leading to enhanced

performance. Taking this idea forward, multiple domain-specific model like FinBERT for

financial data (Araci, 2019), LegalBERT for legal text (e.g., laws, court pleadings, contracts)

(Chalkidis et al., 2020) and MedBERT for medical and electronic health records (Rasmy

et al., 2021) have been developed. Webersinke et al. (2021) introduced one such model

called ClimateBERT, a novel transformer-based language model, specifically tailored for

climate-related texts. The model was pretrained on a corpus of over 2 million paragraphs

derived from diverse sources such as news, corporate disclosures, and scientific articles.

The training approach employed is a domain-adaptive pretraining strategy, as proposed by

Gururangan et al. (2020). This three-stage process begins with pretraining on a general

domain using the distilled version of RoBERTa (Liu et al., 2019b). The second stage involves

further pretraining on the target domain, i.e., climate-related texts, with the application of
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Figure 2.3: An example of Instruction Following

two sample strategies: SIM-SELECT and DIV-SELECT. These strategies involve the use of

a subset of the corpus that is either similar to or diverse from the samples in the downstream

task, respectively. The final stage involves training the model on specific downstream NLP

tasks such as fact-checking, sentiment analysis, and classification.

2.5.2 Large Language Models

The evolution of PLMs led to the development of Large Language Models (LLMs), which

are essentially scaled-up versions of PLMs, distinguished by their substantial size and

comprehensive capabilities. LLMs are adept at understanding and generating text that

closely mirrors human language, excelling in a variety of tasks such as translation, question-

answering, summarization, and text generation. A notable emergent property of these

scaled-up LLMs is in-context learning, as seen in GPT-3 (Brown et al., 2020). In this

paradigm, input-output pairs (few shot) are provided as demonstrations, serving as explicit

examples to guide the model in learning the underlying function or pattern of the desired

task.
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Another significant emergent property arising from the scaling of LLMs is their ability to

understand and follow natural language instructions, a capability referred to as “instruction

following”. This can be achieved through 2 notable methods: (1) direct supervised instruc-

tion tuning, as seen in models like FLAN T5 (Chung et al., 2022), and; (2) reinforcement

learning from human feedback (RLHF), as employed in models like ChatGPT.12 Instruc-

tion following was initially conceptualized as a zero-shot approach, where the model was

expected to understand and correctly respond to natural language instructions without prior

examples. Subsequently, there has been an effort to integrate in-context learning (few-shot)

with instruction following, further enhancing the model’s adaptability and effectiveness, as

illustrated in Figure 2.3.

Instruction following involves fine-tuning a pre-trained model on a dataset specifically

curated to contain a variety of tasks formatted as instructions. Thus the model learns to follow

instructions directly from these examples and becomes adept at interpreting and executing a

wide array of tasks based on direct instructions. An instruction-formatted instance broadly

consists of a 2 components: (1) task description (called an instruction) like “Translate the

following sentence into French” or “Summarize the below paragraph” and; (2) an input

with its corresponding output. Numerous models, employing instruction tuning in varying

configurations, have demonstrated promising results. For instance, Flan T5 (Chung et al.,

2022), a derivative of T5, focuses on multi-lingual tuning for translation and Question

Answering tasks. BLOOM (Scao et al., 2022) excels in tasks like reading comprehension,

numerical reasoning, and common sense logic, while GPT-3 (Brown et al., 2020) and OPT

(Iyer et al., 2022) demonstrates proficiency in summarization, question answering, and

translation. Models like Codex (Chen et al., 2021) and Palm (Chowdhery et al., 2022) have

showcased their strength in translating natural language to code and handling multi-modal

instructions comprising text, images, and code, respectively. A critical facet of instruction

tuning datasets is the diversity of instructions, generally missing in large public datasets. To

address this Ouyang et al. (2022), proposed InstructGPT which involves leveraging queries

12https://openai.com/blog/chatgpt

https://openai.com/blog/chatgpt
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Figure 2.4: An example of Chain Of Thought Prompting

submitted by real users to the OpenAI API which are generally phrased in natural language,

serve as “task descriptors”, and human labelers are used to generate corresponding answers.

On the other hand, RLHF involves an initial phase of supervised fine-tuning, followed

by iterations where the model’s responses are evaluated by human trainers (Bai et al., 2022;

Christiano et al., 2017). Feedback from these evaluations is used to further train the reward

model, which serves to help align — through reinforcement learning the LLM’s responses

more closely with human preferences and instructions, thereby making it to more effective at

following instructions that is satisfactory to human users, improving in areas like conversation

quality, relevance, and safety.

While instruction following has proven effective, recent research has pivoted towards

enhancing prompting techniques for more complex tasks. Recognizing the limitations of

simple reasoning research has been focussed on decomposing tasks into smaller, more

manageable sub-problems by guiding the model through a series of steps to solve the overall,

more complex task. Kojima et al. (2022) and Wei et al. (2022) introduced a strategy known

as the “Chain of Thought" (CoT) which encompasses a set of intermediate instructions
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designed to depict reasoning or rationales, culminating in the final answer. Kojima et al.

(2022) demonstrated the effectiveness of CoT in a zero shot setting by simply adding “Let’s

think step by step” to the original prompt whereas Wei et al. (2022) applied CoT with a

few-shot examples, effectively bringing in in-context learning, as depicted in Figure 2.4. Yao

et al. (2023) extended CoT by proposing “tree of thought”(ToT) which explores multiple

reasoning pathways at each step of the problem-solving process. It begins by breaking down

the problem into various thought steps and then generates multiple lines of reasoning for

each, effectively creating a branching tree structure.

2.6 Misinformation Detection

In this section we will first review the literature surrounding general misinformation, fact

checking and different terminologies connected to it. We discuss the development of datasets

in NLP and simultaneously delve into the stylistic components that characterize misinforma-

tion, and the diverse methodologies that have been used for its detection. As we progress,

our focus shifts towards the domain of climate change, casting a spotlight on fact checking

in this context.

The umbrella term “misinformation" refers to any piece of information that is false,

inaccurate, or misleading, regardless of the intention behind its creation or dissemination

(Kuklinski et al., 2000; Vraga and Bode, 2020). Misinformation though a general phrase can

materialize in myriad of forms, often overlapping in meaning. For instance disinformation, a

subtype of misinformation, specifically signifies intentionally fabricated and circulated false

information with the explicit objective to deceive or misguide audiences (Wu et al., 2019).

Fake news is another variant of misinformation, referring to entirely falsified information,

often sensationalized, that masquerades as legitimate news reporting with motivation ranging

from the generation of advertising revenue to the manipulation of public sentiment (Allcott

and Gentzkow, 2017). In the sphere of public discourse, false claims are characterized by

inaccurate or erroneous assertions or statements made by individuals or entities which can be

intentional or unintentional. Propaganda is the deliberate propagation of information, often
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biased or misleading, aimed at influencing public opinion or obscuring the truth with tactics

employed often involve sophisticated manipulation and persuasion techniques, ranging from

emotional appeals, sensationalism and false dilemmas to demonizing perceived adversaries

(Jowett and O’donnell, 2018). Similarly, rumours are unverified pieces of information that

circulate widely without substantiated evidence, and are particularly widespread on social

media platforms (Qazvinian et al., 2011). An extension to this is troll content, framed as

disruptive or deceptive online behaviour that ranges from harmless pranks to more serious

activities, including the dissemination of hate speech and disinformation, with the intent of

inciting discord or confusion within online communities (Buckels et al., 2014).

Broadly in the realm of this thesis, we discuss combating misinformation through the tasks

of fake news detection and claim verification. Fake news detection, involving classification

of news articles as “fake” or “real”, utilises inputs like article text and associated metadata,

with outputs ranging from binary labels to probabilistic scores of reflecting the likelihood

of the news being fabricated. In contrast, claim verification assesses the veracity of specific

claims using inputs like the claim and contextual information, with more granular output

categories reflecting the degree of truthfulness (Hassan et al., 2015; Thorne et al., 2018).

Early research on misinformation focused on fake news detection (Vlachos and Riedel,

2014), claim/stance verification (Ferreira and Vlachos, 2016), and propaganda detection

(Barrón-Cedeno et al., 2019; Da San Martino et al., 2019). The lack of annotated fake news

data spurred the creation of misinformation datasets. The first public dataset for fake news

detection (Vlachos and Riedel, 2014) and claim/stance verification (Ferreira and Vlachos,

2016) were relatively small with 221 and 300 instances, respectively. More recently, larger

datasets have been developed, such as LIAR (Wang, 2017) and FEVER (Thorne et al., 2018).

LIAR comprises of 12.8K manually annotated short statements collected from PolitiFact

and labelled with 6 levels of veracity which range from “true”, “mostly true”, “half true”,

“mostly false”, “false” to “pants on fire”, providing a nuanced gradation of truthfulness and

falsity. Additionally, it also includes metadata related to the speaker, the speaker’s title, the

state, the party affiliation, where the statement was made, and the subject of the statement.

The Fact Extraction and VERification (FEVER) dataset (Thorne et al., 2018), composed of
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roughly 185,000 claims, is a dataset generated from Wikipedia with “supported”, “refuted”

and “not enough info” labels. In contrast to LIAR, FEVER directly links claim truthfulness to

extractable evidence from Wikipedia, offering a valuable resource for claim verification and

evidence extraction. Extending the focus to full articles rather than just individual statements,

Shu et al. (2018, 2017) constructed FakeNewsNet which has news content mixed with social

context and additional spatio temporal information. The dataset includes two subsets: one

from PolitiFact and one from GossipCop, both labeled as either Real or Fake.

Style broadly refers to the properties of a sentence beyond its content or meaning (Pen-

nebaker and King, 1999), and stylistic variation plays an important role in the identification

of misinformation. Biyani et al. (2016) studied stylistic aspects of clickbait and formalised it

into 8 different categories ranging from exaggeration to teasing, and proposed a clickbait

classifier based on novel informality features. Similarly, Kumar et al. (2016), examined the

unique linguistic characteristics of hoax documents in Wikipedia and built a classifier using

a range of hand-engineered features. Rashkin et al. (2017) proposed using stylistic lexicons

(e.g. Linguistic Inquiry and Word Count (LIWC)), subjective words, and intensifying lexi-

cons for fact checking, and demonstrated that words used to exaggerate such as superlatives,

subjectives, and modal adverbs are prominent in fake news, whereas trusted sources are

dominated by assertive words. Horne and Adali (2017) demonstrated that the style of fake

news more closely resembles satire than real news, with title structure and the use of proper

nouns being significant differentiators. Additionally, stylometry and psychological features

also play a crucial role in distinguishing between fake and real news. On similar lines,

Przybyla (2020) explored the task of low credibility online documents based on their writing

style. They collected a corpus of over 103,000 documents from 223 online sources, and

created two new classifier, a neural network and a stylometric model which focussed on

sensational and affective vocabulary present in fake news. Wang (2017) experimented with

detecting fake news using metadata features with convolutional neural networks adapted for

text (Kim, 2014).

With the emergence of transformer-based models (Vaswani et al., 2017), a new line

of research developed, focusing on their use on using them over handcrafted features and
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shallow learning models for fact checking. Jwa et al. (2019) proposed an automatic fake

news detection model which employs BERT but with weighted cross entropy to account for

class imbalance, with additional pretraining using the CNN and Daily News Mail dataset

(Nallapati et al., 2016). Liu et al. (2019a) developed a two-stage model and treated the

task as a fine-grained multi-classification task. In the first stage, BERT is used to extract

features, which are then enhanced with additional metadata and in the second stage, two

similar sub-models are employed to separately identify labels of different granularities.

Vijjali et al. (2020) experimented with fact checking for COVID-19 claims using a 2 layer

process where first stage acts as a retriever to fetch explanations for candidate claims, and the

second stage is modelled as text entailment where the claim and explanations are assessed for

veracity. Kaliyar et al. (2021) suggested a method that integrates various parallel blocks of a

single-layer deep convolutional neural network, each with distinct kernel sizes and filters, in

conjunction with BERT. Moving on to different transformer architectures, Raza and Ding

(2022) introduced FND-NS (Fake News Detection through News content and Social context)

which adapted BART for the task of detecting fake news, taking into account both the content

of the news and its associated social contexts.

Research on fake news and propaganda has primarily operated at the article level, and

focused on binary detection (presence vs. absence) (Barrón-Cedeno et al., 2019; Rashkin

et al., 2017). Da San Martino et al. (2019) argued for the need for granularity in propaganda

detection, both in terms of propaganda sub-types and fragment-level detection. To facilitate

this, the authors developed a corpus of news articles that are manually annotated at the

fragment level with eighteen different propaganda techniques, and designed a novel multi-

granularity neural network. In a similar vein, Nakamura et al. (2020) proposed Fakeddit, a

multimodal dataset designed specifically for fine-grained fake news detection. The dataset

includes over 1 million samples from various categories of fake news, encompassing text

and image data, metadata, and comment data and developed hybrid text+image models for

multiple variations of classification aiming to distinguish between misleading, manipulated,

and completely false content.
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Although articles with misinformation are predominantly human-written, the recent

emergence of large pre-trained language models means they can now be automatically

generated. To protect against the threat of fake news generation by such models at scale,

Zellers et al. (2019) proposed GROVER, a conditional transformer based language model

with a semi-supervised discriminator to defend against neural fake news.

We now review misinformation literature related to climate change. Several studies have

analysed the discourse around climate change. Diggelmann et al. (2020) formalised the task

by introducing CLIMATE-FEVER as a veracity prediction task, as an extension of FEVER

for fact checking climate change fact checking claims. In Chapter 5, we use CLIMATE-

FEVER, and describe it in more detail here. The pipeline to construct CLIMATE-FEVER

was similar to FEVER and consists of (1) collecting climate change related claims scraped

from the web using seed keywords related to climate change, which were later verified with

the help of climate scientist and (2) constructing corresponding evidence retrieval sentences.

The evidence retrieval pipeline consists of 2 parts: (1) evidence candidate retrieval system

(ECRS) and; (2) evidence candidate labelling (ECL). In the case of ECRS, the process begins

by retrieving relevant documents (related to a claim) from Wikipedia using an information

retrieval method as BM25 (Robertson et al., 1995). From these documents, the top 100

sentences are selected using task-specific sentence embeddings in an average-pooled Siamese

setting (Reimers and Gurevych, 2019a) and finally, these sentences are re-ranked using a

pre-trained Albert model (Lan et al., 2019b) applied to the FEVER dataset, providing a

relevance score for each claim-evidence pair.13 The top 5 ranked sentences comprise the

final evidence set. In the ECL step, each claim with its evidence is given to 5 annotators for

labelling with the classes ‘supported’, ‘refuted’ and ‘not enough info’. For each claim, a

micro verdict is determined based on a majority vote (out of 5 annotators) for each claim

evidence pair and a macro label is computed as an aggregation over all 5 micro verdicts (each

claim has 5 evidence items, hence 5 micro verdicts).
13This is done over 2 classes to predict a relevance score i.e. evidence and non-evidence, with evidence being

the corresponding evidence sentences from FEVER and non-evidence being random sentences from Wikipedia
dump.
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In terms of explainable fact checking in climate change, Atanasova et al. (2020) used

DistilBERT in a multitask setting and performed the joint task of summarisation and classifi-

cation of the veracity of the claim. Stammbach and Ash (2020) experimented with GPT3’s

(Brown et al., 2020) few shot learning capabilities to generate fact-checking explanations.

As mentioned in Section 2.5, Webersinke et al. (2021) introduced ClimateBERT, which is a

transformer based model based on BERT which was pretrained on news, scientific articles,

and corporate disclosures related to the domain of climate change. They employed this

system to experiment with the downstream tasks of classification (e,g to check if a paragraph

is climate related or not), sentiment analysis (e.g. to assess a report being climate negative

risk vs positive opportunity), and fact checking (e.g. CLIMATE-FEVER). Chillrud and

McKeown (2021) worked on the task of climate change fact checking by adding unsuper-

vised data augmentation (Xie et al., 2020b) to the usual fact checking pipeline and applied

it to CLIMATE-FEVER (Diggelmann et al., 2020). In this setting, data augmentation is

performed though back translation of a data point i.e. a claim is translated from English to

German and then back from German to English thereby adding noise through paraphrase.

The loss function comprises 2 parts: (1) standard cross entropy loss on labelled data between

predicted output and the gold label; and (2) consistency loss between the model prediction

(over unlabelled data) of original example and its back translated counterpart.

2.7 Summary

In this chapter, we presented a review of the literature through two lenses: social sciences

and NLP. From the social science perspective, we provided an overview of the history of

the climate change debate, the climate change skepticism movement, and the narrative

and stylistic elements utilized. We also presented literature on the concepts of framing

and neutralization and their role in shaping narratives. In the second aspect, we detailed

NLP approaches, including topic modelling, pre-trained language models and its various

architectures, large language models and their emergent properties like instruction following.

Finally, we discussed misinformation and claim verification. In the next four chapters, we
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will present our research on optimizing topic models for better representation at the document

level (Chapter 3), detecting climate change scepticism articles (Chapter 4), understanding

and detecting the framing and neutralization tactics used in constructing climate change

scepticism narratives (Chapter 5), and fact-checking the veracity of claims, elucidating

reasons for potential inaccuracies (Chapter 6).



Chapter 3

Topic Intrusion for Automatic Topic

Model Evaluation

This chapter builds on the paper:

Bhatia, Shraey, Jey Han Lau, and Timothy Baldwin. "Topic intrusion for automatic topic

model evaluation." In Proceedings of the 2018 Conference on Empirical Methods in Natural

Language Processing, pp. 844-849. 2018.

3.1 Introduction

Topic models such as Latent Dirichlet allocation (Blei et al., 2003) are capable of simul-

taneously learning latent topics in the form of multinomial distributions over words and

the allocation of topics to individual documents in the form of multinomial distributions

over topics. They are highly effective in extracting themes and concepts and helping users

visualize document collections. As previously discussed in Chapter 2, topic models have been

applied in various social science domains like sociology (Mohr and Bogdanov, 2013), health

(Paul and Dredze, 2011), politics (Monroe et al., 2008; Quinn et al., 2010), and environmental

studies (Cheng et al., 2018; Tvinnereim and Fløttum, 2015) to analyze large datasets but it

isn’t always clear how to build an optimal models. Traditionally, due to the unsupervised
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nature of topic models, they have been optimised using intrinsic evaluation metrics like

perplexity but it has been shown to correlate poorly with direct human assessment of topic

model quality (Chang et al., 2009), motivating the need for automatic topic model evaluation

methods which emulate human assessment.

Increasingly, topic coherence is being used as a task-independent evaluation method

(Aletras and Stevenson, 2013; Lau et al., 2014; Mimno et al., 2011; Newman et al., 2010;

Röder et al., 2015) but this approach often ignores the topic allocations to individual docu-

ments. Topic models should not only produce coherent topics but should also capture general

concepts from our document collection. Bhatia et al. (2017) showed that topic coherence

as a standalone evaluation can be misleading. They demonstrated this with an adversarial

topic model that generates highly coherent topics, which, while individually meaningful,

collectively provide limited insights into the overall content of the document collection but

provided no evaluation at the document level. Our work aims to address this gap.

In the previous chapter we presented literature about topic model, their formulation, types

of topic models and a few applications but largely ignored a discussion around evaluation.

We commence this chapter by giving an overview of evaluation of topic models both in terms

of intrinsic evaluation through the means of perplexity and extrinsic evaluation through the

lens of topic coherence. To be able to compare and distinguish between good and bad topic

models and have a document level evaluation we will need different collections and topic

models. To this end, next we introduce the 2 collections namely (APNEWS and BNC) and 5

different topic models.

Following this, we detail the task of topic intrusion, which forms the core of our evaluation.

We base it on the topic intrusion setup first introduced by Chang et al. (2009) where users

are presented with a document, a set of associated topics (from a topic model) and an

intruder topic, and are tasked to find the intruder. Then, employing this setup we detail

the process of collecting human judgements which is helpful for manual evaluation of our

methodology. Collecting annotations can be both time consuming and expensive, thus the

need for automating this task. Thus, we follow it up by introducing a convolutional neural

network approach to automate the this task and provide additional analysis of document-



3.2 Background 51

level evaluation via mean-absolute-error with the help of collected annotations. Finally, we

propose a new metric to measure the performance of the system, use it to optimise topic

models and rank topics produced by topic models to get an overview of topics generated.

In Chapter 1, we mentioned that the research was conducted over a span of 5.5 years, with

the timeline of the work in this chapter corresponding to the first half of 2018. Consequently,

within the scope of this chapter, we utilize an architecture based on Convolutional Neural

Networks integrated with text embeddings. This choice was made because, at the time, a

combination of these models along with Recurrent Neural Networks was widely employed

in the field.

3.2 Background

Chang et al. (2009) introduced two methods of evaluating the quality of topic models using

human judgements, one at a topic level and the other at the document level through the means

of word and topic intrusion tasks, respectively, to assess topic models. The authors showed

a low correlation between the measure of perplexity commonly used in topic modelling

and direct human evaluations of topic model quality. These two methods take the form

of “intruder” tasks, where participants are asked to identify an intruder topic word or an

intruder topic for a given topic or document. Specifically, in the word intrusion task, an

intruder word is added to a list of the top 5 topic words and participants are asked to identify

which word does not belong. Similarly, in the topic intrusion task, a document and four

topics are presented — three corresponding to the document and one being an intruder topic

- and participants are asked to identify the intruder topic. The idea is that for high quality

topics should it be easier to spot the "intruder" in these tasks. Since then, various automatic

measures to assess topics have been proposed (Aletras and Stevenson, 2013; Mimno et al.,

2011; Newman et al., 2010).

Newman et al. (2010) suggested a direct way to measure topic coherence through manual

annotation, where the annotators rate topics on a 3-point ordinal scale. To automate the

estimation of topic coherence, they compute a score which is an average of a similarity
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measure for all pairs of topic words. They tested with different similarity measures such as

association measures, Wikipedia-based measures, WordNet-based measures and a search

engine based measure and found that the best results were achieved by calculating pointwise

mutual information (PMI) scores over English Wikipedia. In a similar vein, Mimno et al.

(2011) also proposed coherence as an evaluation metric but with two differences: (1) they

employed conditional probability instead of PMI; and (2) they used the training set of the

topic model to compute co-occurrence counts instead of Wikipedia.

Following this, Lau et al. (2014) conducted a comprehensive comparison and analysis of

various approaches to topic coherence and proposed a method grounded in Normalised Point-

wise Mutual Information (NPMI). Additionally, they introduced an automated procedure

for assessing the human-interpretability of topics, leveraging the concept of word intrusion,

a task that had traditionally been dependent on manual annotation. Their methodology

incorporated word association features such as PMI, NPMI, CP1, CP2 which were trained

in a learning-to-rank Support Vector Regression model (Joachims, 2006). Lau et al. (2014)

investigated the relation between coherence scored using word intrusion vs. direct estimation

(i.e. computing similarity between word pairs in a topic) and found high correlation. Röder

et al. (2015) proposed a framework that allows the construction of existing word-based coher-

ence measures, as well as new ones, by combining elementary components. They conducted

a systematic search of the space of coherence measures using all publicly available topic

relevance data for evaluation and showed that new combinations of components outperform

existing measures with respect to correlation to human ratings.

Bhatia et al. (2017) revisited the topic intrusion task of Chang et al. (2009), and explored

its viability as an alternative task-independent approach for topic model evaluation. They

tested a number of topic models and found that there can be large discrepancies between

conventional topic coherence measures and topic intrusion results, suggesting that topics can

be individually coherent but poor descriptors of the documents. In addition, they proposed a

method to automate the topic intrusion task by training a support vector regression model

based on information retrieval (IR) and word co-occurrence features to predict the intruder

topic and reported encouraging correlation levels with human judgements for model-level
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evaluation thereby demonstrating that topics learnt by the topic model are relevant to the

document.

Although Bhatia et al. (2017) is able to distinguish between good and bad topic models

(at the model-level), their work provided no evaluation at the document level other than

the observation that ‘there are still slight disparities between human annotators and the

automated method in intruder topic selection”. Our work extends Bhatia et al. (2017) as

follows: (1) we improve the results based on a novel neural model and provide additional

analysis of document level evaluation via mean-absolute-error; and (2) we propose a new

metric to measure the performance of the system thereby optimizing the topic model on

topic-document allocations. In this work we will using Bhatia et al. (2017) as a comparison

for our experiments.

3.3 Datasets and Topic Models

In this section we will describe the datasets and topic models used for our experiments. In

terms of dataset we conduct our experiments using the datasets employed by Bhatia et al.

(2017):

1. APNEWS which is a collection of Associated Press news articles from 2009 to 2016.

We randomly sampled 50K documents.

2. British National Corpus (“BNC”: Burnard (1995)) which is a collection made up

of excerpts from diverse sources such as journals, books, letters, and articles. We

randomly sampled 15K documents.

Similarly to Bhatia et al. (2017); Chang et al. (2009), we base our analysis on a representative

selection of topic models, each of which we train over APNEWS and BNC to generate 100

topics: For the topic models we experiment with the following: standard Latent Dirichlet

Allocation (lda: Blei et al. (2003)), correlated topic model (ctm: Blei and Lafferty (2006b)),

non-parametric topic model (hca: Buntine and Mishra (2014)), neural topic model (ntm:
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Cao et al. (2015)), and an adversarial topic model (cluster: Bhatia et al. (2017)). We

reviewed these topic models in Section 2.4 and will briefly describe them here as well.

• LDA is one of the most established topic models and uses a symmetric Dirichlet prior

to model both the mix of topics within a document and the mix of words within a topic.

We use Mallet’s implementation of LDA, which includes some enhancements to the

basic LDA model such as the use of an asymmetric-symmetric prior.1

• CTM is an extension of LDA which replaces the dirichlet prior with a logistic normal

prior over topic proportions. It is designed to model the correlations between different

topics and minimize overlap in topic content.

• HCA is an extension of LDA that has the capability to capture word burstiness (Doyle

and Elkan, 2009), which refers to the tendency for a word to be more likely to be

generated again after it has been seen recently, and is modelled through the means of a

Pitman-Yor Process (Chen et al., 2011).

• NTM uses a neural network architecture where the topic-word multinomials are mod-

elled as a look-up layer of words and the topic-document multinomials are modelled

as a look-up layer of documents. The output layer of the network is then calculated as

the dot product of these two vectors.

• Cluster is an adversarial topic model in the sense that it is designed to produce topics

that are coherent but poor descriptors of documents. It is a topic model that generates

highly coherent topics but simple topic allocations by using pre-trained word2vec

vectors, with k-means clustering to create word clusters. The multinomial topic

distribution is generated by taking the cosine distance to the cluster centroid and

linearly normalizing it across the words. To generate a topic allocation for a document,

it calculates the document’s representation by computing the mean of the word2vec

vectors of its content words and then calculates the similarity of the document to each

cluster by cosine similarity and normalizes it linearly.

1https://mimno.github.io/Mallet/

https://mimno.github.io/Mallet/
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Figure 3.1: Architecture diagram of our method

3.4 Methodology

In this section, we first briefly describe the topic intrusion task, followed by the the human

annotation collection process and finally propose an improved methodology to automate it.

3.4.1 Task

Chang et al. (2009) first proposed the topic intrusion task with the aim of assessing whether

topics associated with a document capture its content. In this task, an annotator is presented

with a document along with its top-3 highest probability topics and a low probability unrelated

intruder topic, and are asked to identify the outlier intruder topic with the expectation being

that a better topic model will make it easier to identify the intruder topic. Bhatia et al. (2017)

incorporated additional constraints: (1) it must be a low probability topic for the document

in question; and (2) the intruder topic has to have high probability for at least one other
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document. Their rationale behind the first constraint is that it ensures that the intruder topic is

unrelated to the target document while the second ensures that the intruder topic is coherent

and interpretable. Each topic is represented by its top 10 most probable words, and the first

three sentences of the target document are provided, with the option to view more of the

document if needed.

3.4.2 Human Judgements

To assess our methodology, we need human annotations for the topic intrusion task. We

collect human judgements using Amazon Mechanical Turk. Each HIT is comprised of 5

documents, and each document is paired with 4 topics (3 real and 1 intruder). To control

for annotation quality, an additional document–topics pair is inserted as part of the HIT.

The control item’s intruder topic is generated by randomly sampling words from the corpus

vocabulary. To pass the quality control, an annotator has to select the correct intruder topic;

they are filtered out if their pass rate over all controls is < 0.6. We fixed the threshold to 0.6

based on preliminary experiments. We found that it was a challenging task, and this value

provides quality without filtering out most of the workers. To better understand the task we

present screenshot of the task for a single HIT in Figure 3.2, which shows the instructions for

the task with an example for the annotators followed by the the task to be annotated. Looking

at the task, we see for the second document that the intruder topic is the first topic as it is

related to alcohol and not remotely related to the document (which is about traffic accident).

For the first document it is a bit more difficult. Note, we only see the first 2 document-topic

pair for this HIT but as mentioned above, 5 such document-topic pairs comprise a HIT.

Each HIT is judged by 10 workers. We collect additional annotations by releasing the

task internally to a small number of local workers. We needed to carry out some annotations

internally to make sure that each HIT had at least 4 annotations. The average number of

internal annotations per HIT was approximately 1.6. For each topic model, we collected

annotations for 100 documents on 2 corpora and 5 topic models. Hence in total we annotated

1000 document-topic combinations (5 topic models × 100 documents × 2 collections =
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Figure 3.2: Screenshot of a HIT

1000). After filtering and including internal judgements, we have an average of 6.7 and 6.9

annotations for APNEWS and BNC, respectively.

3.4.3 Intruder Topic Detection

We propose a neural network model to automatically predict intruder topics. Our model is

inspired by Severyn and Moschitti (2015), where they combine a learn-to-rank deep learning

architecture in an IR setting to rank the documents for a given query. We adapt it to our

topic intrusion task by ranking topics for a given document. Our task takes the form of a

document di with corresponding topics Ti = {t1
i , t

2
i , t

3
i , t

4
i }, where 3 topics are real and 1 is
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the intruder. The topic set Ti has labels Yi = {y1
i ,y

2
i ,y

3
i ,y

4
i } (“1” denotes the intruder topic, or

“0” otherwise). We train using a pointwise ranking approach, where training examples are

triples of (di, t
j
i ,y

j
i ) — essentially the task is formulated as a binary classification problem.

The architecture of our network is given in Figure 3.1 and is based on the convolutional

neural network architecture proposed by Kim (2014) and Severyn and Moschitti (2015).

The input to our model is a document–topic pair, represented as a sequence of words. Let

xdi ∈ Ru and xt1Ru be u dimension word vector for the i-th word in the document and topic

respectively. A document of length k (k = document length) and topic of length m (m =

number of topic words) can be given by Equation 3.1 where ⊕ is a concatenation operation.

xd1:k = xd1 ⊕ xd2 ⊕ . . .⊕ xdk

xt1:m = xt1 ⊕ xt2 ⊕ . . .⊕ xtm (3.1)

This can also be expressed in terms of embeddings, via embedding matrix W ∈ R|V |×u,

where V is the vocabulary and u the dimensionality of the embeddings to give document

embeddings Ed ∈ Rk×u (k = document length) and topic embeddings Et ∈ Rm×u (m =

number of topic words). A convolution operation can be applied on a window of h words

through a kernel w ∈ Rhu to produce feature maps for both the document and topic (Kim,

2014; Severyn and Moschitti, 2015). For example a feature cdi and cti is generated for

document and topic respectively as shown in Equation 3.2.

cdi = f (w ·Edi:i+h−1 +b), i = 1, . . . ,k−h+1

cti = f (w ·Eti:i+h−1 +b), i = 1, . . . ,m−h+1 (3.2)

where f is an activation function like RELU and b ∈ R is a bias term. The kernel can be

applied to every possible windows {Ed1:h ,Ed2:h+1...Edk−h+1:k} to generate feature maps as
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given in Equation 3.3 where cd ∈ Rk−h+1 and Ct ∈ Rm−h+1.

Cd = [cd1,cd2 , ...,cdk−h+1]

Ct = [ct1 ,ct2, ...,ctm−h+1] (3.3)

It is followed by a max pooling operation.

Ĉd = maxCd, (7)

Ĉt = maxCt , (8) (3.4)

The convolution and max pooling operation is performed using feature maps of varying

size to produce a constant-length vector P in Equation 3.5

P = [Ĉd1;Ĉd2; . . . ;ĈdZ;Ĉt1;Ĉt2; . . . ;ĈtZ; ] (3.5)

where Z number of feature maps used.

3.4.4 External IR Feature

A good topic model learns common themes in the document collection. A limitation of

our network is the lack of global- or collection-level information (as the input consists of

only a document and topic). To incorporate collection-level information, we include an IR

feature (FIR) where we query document di using the topic words of t j
i . We use Okapi BM25

(Robertson and Walker, 1994) to compute the relevance score of the document with respect

to its N topic words independently, thereby constructing an N-dimensional feature vector.2

This external feature vector is incorporated into the network after the convolutional layers

(see Figure 3.1) and the vector P from Equation 3.5 is concatenated with FIR to give Pupd

2N = 5 in our experiments.
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Pupd = [Ĉd1;Ĉd2; . . . ;ĈdZ;Ĉt1;Ĉt2; . . . ;ĈtNZ;FIR] (3.6)

The document and topic hidden representations with the external IR vector are concate-

nated and fed to 2 dense layers and ultimately reduced to a sigmoid-activated score as given

in Equation 3.7

H1 = f (Wh1 ·Pupd +bh1)

H2 = f (Wh2 ·H1 +bh2)

O = σ(Wo ·H2 +bo) (3.7)

where Wh1, Wh2 and Wo are the weight matrices for the first and second dense layers, bh1, bh2

and bo are bias vectors, f is a non-linear activation function such as ReLU and σ denotes the

sigmoid function.

3.4.5 Aggregating Human and System Scores for a Document

For each document we have a number of workers identifying the intruder topic. To aggregate

the results, Chang et al. (2009) define model precision (mpGOLD), which is the proportion of

workers who correctly identified the intruder, as a proxy for how clearly the intruder topic is

inappropriate for the document.

Our system and that of Bhatia et al. (2017) compute several scores for a document (one

for each topic). Bhatia et al. (2017) select the topic with the maximum score as the intruder,

and compute model precision (mp) based on that. This yields binary precision scores (i.e. the

model either predicts the intruder correctly or not) and ignores the relative magnitude of the

system score. We additionally propose using the normalised sigmoid score (nss) as a means

of scoring the intruder topic for a given document, which is computed by normalising the

raw sigmoid scores over all topics.
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Figure 3.3: mpGOLD vs. System Scores at the model level for APNEWS

3.4.6 Implementation Details

For our experiments, we train the model on outputs from all topics models over one dataset,

and test it on the other (cross-domain training). We use a single channel for the convolutional

networks, pad the documents as necessary (k = 200), and use the top-10 words to represent a

topic (i.e. m = 10). Word embeddings are initialised using pre-trained GloVe (Pennington

et al., 2014a) vectors (d = 100), and their weights are fixed during training. We use kernel

windows of width = {3,5,7} with 100 feature maps each and two (fully-connected) hidden

layers, with dimensionality of 50 and 10. We use a dropout rate of 0.5, 0.5 and 0.25 after the

document, topic and first hidden layer, respectively. We set the batch size to 100, and use

Adam as the optimizer with a learning rate of 0.001. For activation functions, we use ReLU

for the fully-connected layers and sigmoid for the final layer. To reduce variance, we run

the models with 8 different seeds for initialisation and take the average for a topic’s sigmoid

score.
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Figure 3.4: mpGOLD vs. System Scores at the model level for BNC

3.5 Results

By taking the mean of mpGOLD and mp over documents, Bhatia et al. (2017) compute

a single human/system score for each topic model. Although this resulted in a strong

correlation between mpGOLD and mp, the evaluation is limited to model-level comparison:

it separates good topic models from bad topic models, but does not provide any insights

into the performance of each top model over individual documents. We aim to improve

model-level correlation in this work, in addition to analysing document-level evaluation, i.e.

investigating how well the system predicts mpGOLD for each individual document.

We present plots of human and system scores for APNEWS and BNC in Figure 3.3 and

Figure 3.4 respectively. There are 3 system scores: mp of Bhatia et al. (2017) (mpORIG), and

mp and nss of our proposed system. In general, we found strong correlation for all systems,

but nss of our proposed system performs substantially better than mpORIG, though our mp

is lower than mpORIG.

To compare the performance of our system with human judgements at the document

level, we compute mean absolute error (mae) between mpGOLD and nss/mp, as summarised

in Table 3.1. We find for both datasets nss consistently outperforms mpORIG and mp by a
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Model
BNC → APNEWS APNEWS → BNC

mpORIG mp nss mpORIG mp nss

lda 0.47 0.31 0.21 0.40 0.32 0.22
ctm 0.44 0.34 0.20 0.41 0.31 0.19
hca 0.48 0.37 0.21 0.42 0.35 0.20
ntm 0.40 0.43 0.19 0.37 0.32 0.18

cluster 0.48 0.42 0.19 0.51 0.47 0.22
Overall 0.46 0.37 0.20 0.42 0.36 0.21

Table 3.1: mae between mpGOLD and nss/mp. “BNC → APNEWS” means the model is
trained on BNC and tested on APNEWS. Boldface indicates optimal performance for each
dataset.

Model Best Topics nss

lda
share revenue cents billion quarter earnings analysts net rose income 0.001
european greece europe billion debt country crisis minister french france 0.002

ctm
building lodge bauer buildings fee part stephens hall property council 0.007
military army afghanistan killed soldiers forces troops iraq war attacks 0.013

hca
shares earnings keywords insights profit thomson cents reuters premarket net 0.011
upheld ruling appeals justices appellate supreme injunction plaintiffs unconstitutional rulings 0.051

ntm
rose shrank pct decliners quadrupled exhibitors parade spectrum index outperform 0.110
arraigned burglarizing arrested bigamy detectives motorcyclist arraignment coroner accomplice fondled 0.141

cluster
soared plummeted climbed surged dipped tumbled dropped fell slipped rose 0.005
students teachers kindergarten tutors elementary coursework curriculum teaching tutoring education 0.013

Table 3.2: Examples of best topics based on nss.

substantial margin, and also has a score close to human judgements. We can attribute this

to the fact that nss provides more nuanced system predictions (over the full range [0,1]),

whereas mp tends to be binary.3

3.6 Discussion

One motivation we have in this work is to explore the use of topic intrusion as an alternative

method for assessing topic models. Specifically, we aim to determine whether the best-

3Strictly speaking, it is continuous as it is averaged over the runs for the multiple random seeds, but in
general, it tends to be (close to) 0 or 1.
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identified topic models can still produce high-quality topics and if tnss can be effectively

used to rank these topics. Given the encouraging mae results, we attempt to use nss to rank

topics produced by a topic model.

To accomplish this, we first filter out the topics that occur in less than 5 documents as top

1-topic: these topics tend to be noisy, and as such do not appear with significant weight in any

documents. For each of the filtered topics we randomly select 5—10 documents for which

it is a top topic and calculate its mean nss over these documents. We then use the topics’

mean nss to rank them; in Table 3.2 and Table 3.3 we show some selected best and worst

topics for different topic models respectively. Overall, the top-ranked topics appear to be

more descriptive than the bottom-ranked topics. Having said that, we found instances where

coherent topics have low nss ranking (e.g. ctm topics in the bottom half of Table 3.2), but

stress that ultimately the topic intrusion approach for assessing topics is very different to

topic coherence.

As part of the topic intrusion, it is important to highlight the potential cases of uniform

or constant probability mass. This means there could be three good topics for a document,

all with uniform probability, or there could be cases where no good topics exist to allocate

to a given document, once again meaning there will be a number of topics with middling

probabilities (because they are all equally bad and there is no good topic, rather than they are

equally good). The topic intrusion task remains effective in both scenarios. In the former

case, where there are multiple good topics, humans will still be able to identify the intruder

topic whereas in the latter case, where all topics are unsuitable, human would not be able to

pick out the intruder topic, and so the topic intrusion task would be able to tell us that the

former topic model’s topics are good, but the latter topic model’s topics are bad.

3.7 Conclusion

Topic coherence is traditionally used to rank/filter topics for end-user applications. However

it tells us little about how well the topics describe the documents in the collection. In

this chapter, we explored an alternative approach to evaluate topic models based on topic
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Model Worst Topics nss

lda
lot good things long put start number making kind place 0.291
political issue called issues policy decision long change statement support 0.271

ctm
online information internet book video media facebook phone computer technology 0.263
show music film movie won festival tickets game band play 0.233

hca
richter riverboat sheppard lander plazas tam mandarin amarillo colosseum nassau 0.376
deplorable interaction foresee envelope handwriting knot quickest scrambled alarmed mum 0.368

ntm
aboard spacewalks bushels budget lifeboats flotilla lifeboat spacewalk millage spaceflight 0.364
evacuated evacuations evacuate evacuating airlifted twisters aftershocks evacuation driest barricaded 0.323

cluster
accord delegations accords cooperation consultations negotiators negotiation committees intergovernmental negotiations 0.323
summaries summary critiques excerpts articles responses quotes references descriptions critique 0.309

Table 3.3: Examples of worst topics based on nss.

allocations in documents, i.e. via topic intrusion. We proposed an automated method that

improves upon the state-of-the-art substantially at the model- and document-levels, and

demonstrated that it can be used to rank/filter topics and plan to use it in subsequent chapters

whenever topic models are employed. One of the tasks to explore for future would be intend

to explore ways that can combine both the topic coherence and topic intrusion for topic model

evaluation. Moreover, in this chapter we focussed on model document level evaluation, but

topic models are also based on a collection and evaluation at the collection level is largely

ignored and should be an area to explore for future work as well. We present some ideas

around this in Chapter 7.

In this chapter, we explored an alternative method to optimize topics so that they accu-

rately reflect the context of the document collection. In the subsequent chapters, we will

dive deeper into CCS document collections and apply topic modelling - tuned using nss-

methodology to see if it also aids in CCS detection.



Chapter 4

Climate Change Scepticism: Dataset and

Detection

This chapter builds on:

Bhatia, Shraey, Jey Han Lau, and Timothy Baldwin. "You are right. I am ALARMED–

But by Climate Change Counter Movement." arXiv preprint arXiv:2004.14907 (2020).

This chapter expands on the paper by going beyond its introduction of CCS literature from

social science into the NLP domain and the presentation of a CCS dataset. While the paper

did not provide a methodology for detecting CCS (and was solely focussed on bringing

the problem to NLP domain and introduction of a dataset), this work introduces a novel

approach based on pre-trained language models. It involves experimenting with different

model configurations to effectively detect CCS, and also extending this methodology for

shorter texts.

4.1 Introduction

Despite consensus in the scientific community about anthropogenic global warming, the

web is awash with articles seeding with climate change scepticism (CCS). A major driver
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of this content is opposing voices including the fossil fuel lobby, conservative thinktanks,

big corporations, and digital/print media questioning and thus neutralising the science and

research around climate change climate. We reviewed the literature about these organizations,

their narrative, and language and examples in Section 2.2 and Section 2.3. More generally,

we see that there is a formula consisting of a narrative structured around the principal

ingredients of misleading information and propaganda, sprinkled with the stylistic elements

of sensationalism, melodrama, clickbait, and satire. Table 4.1 throws light on one such article

and other snippets of CCS articles were discussed before in chapter 2 in Table 2.1. Their

approach broadly mirrors the strategies used in fake news in the political arena (Rashkin

et al., 2017), but is specifically tailored to the domain of climate change. Thus the first point

of tackling this is the detection of these articles, motivating the need of automatic detection

or an alert system. In this chapter, we complement existing work on fact checking/fake

news detection (Jiang and Wilson, 2018; Pérez-Rosas et al., 2018; Rashkin et al., 2017) by

proposing the task of CCS detection.

We begin this chapter with a quick overview of language around CCS from Section 2.2

and pre-trained language models (PLMs) from Section 2.5. We then review the literature

on language models scoring, particularly in the scoring of bidirectional language models

through the means of pseudo log likelihood (PLL). To our knowledge there was no dataset in

NLP for the domain of climate change scepticism. To be able to build a robust CCS detection

system, the first step is to construct a dataset of articles which are CCS in nature. To this end,

we scrape articles climate skeptic organisations (Section 2.2). Next, we introduce the CCS

dataset and its corresponding carefully crafted test set from multiple sources. Following this,

we introduce the task of CCS detection at a document level which is framed as a binary or a

1 class classification task.

In Chapter 3, we explored an alternative approach to topic model evaluation, which we

experiment here to optimise our topic model parameters. Topic models have historically

been the go to unsupervised approach in social sciences to study and draw insights from the

literature, but as we will see in this chapter it may not be the right approach for the task of

CCS detection, thus motivating the need to experiment with language models (LMs) and
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‘Climate Emergency’ Fail of the Day – 25. As the media have collaborated to bombard the
populace with environmental and climate doom propaganda, it is only fair and reasonable
to hold their feet to the fire (as it were) and examine past media promoted predictions
that have failed to materialise. Doubling down on the gone in eight years / gone in five
years etc nonsense, the rhetoric was ramped up to gone in two years.... A new paper in the
journal Nature argues that the release of a 50 Gigatonne (Gt) methane pulse from thawing
Arctic permafrost could destabilise the climate system and trigger costs as high as the
value of the entire world’s GDP. The East Siberian Arctic Shelf’s (ESAS) reservoir of
methane gas hydrates could be released slowly over 50 years or “catastrophically fast” in a
matter of decades – if not even one decade – the researchers said. Unfortunately, some real
scientists did some research into this issue and produced a paper that showed the methane
release was due to postglacial isostatic rebound rather than anthropogenic warming.

Table 4.1: An example of a CCS article

their perplexity score for our task. Generally speaking, perplexity is a measure of how well a

language model can predict the likelihood of a sequence of words so lower the perplexity

the better the language model predicts the next word. Thus, by continued training towards

domain adaptation of a PLM on a CCS dataset — their perplexity score in an article should

give us an idea on how much it reads article like a CCS document.

Following this, we conduct experiments across different models and settings i.e. PLMs

with more parameters vs their smaller (distilled) versions, generic vs domain specific models,

unidirectional LMs with casual language modelling objective vs bidirectional LMs with

its masked language modelling objective. We extend the model to short texts and finally

demonstrate that the method can be used to highlight spans of text which are potentially

misleading.

4.2 Background

Public perception and reaction to climate change is a function of how the facts and narrative

are presented to them (Fløttum, 2014; Fløttum et al., 2016), in large part because climate

change is not just the physical science but has political, social, and ethical aspects (Flottum,

2017). In chapter 2, we reviewed the language around climate change and a range of topic
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models and corpus linguistic methods that have been used to study the topical and stylistic

aspects, including structured topic modelling (Roberts et al., 2014; Tvinnereim and Fløttum,

2015), keyphrase extraction via grammar induction (Salway et al., 2014), and analysis of

frequently-used metaphors (Atanasova and Koteyko, 2017).

Although articles that express scepticism and misinformation are predominantly human-

written, the recent emergence of large pre-trained language models means they can now be

automatically generated. We discussed the literature around pre trained models in detail

in Section 2.5.Radford et al. (2019) introduced a large auto-regressive model (GPT2) with

the ability to generate high-quality synthetic text. One limitation of GPT2 is its inability to

perform controlled generation for a specific domain, and Keskar et al. (2019) proposed a

method to tackle this. Around the same time there also been a lot of success in bidirectional

language models like BERT (Devlin et al., 2019) and its adaptations like ROBeRTa (Liu et al.,

2019b), DistilBERT (Sanh et al., 2019), ALBERT (Lan et al., 2019) and domain specific

adaptations like ClimateBERT (Webersinke et al., 2021) with the distilled versions being

highly efficient preserving upto 97 % of performance on downstream tasks with considerably

less parameters. It is important to note at the time of this work these models were state of

the art, but since then there has been development with the the likes of new state of the art

models like GPT3 (Brown et al., 2020), ChatGPT 1 and GPT-4 (OpenAI, 2023) in the NLP

ecosystem.

Bengio et al. (2003) introduced neural language modelling whereby we can infer the

probability of a document by multiplying probabilities of each word in the context window

given by:

P(d) =
|d|

∏
i=0

P(wi|w<i) (4.1)

with its log version given by:

LP(d) =
|d|

∑
i=0

logP(wi|w<i) (4.2)

1https://openai.com/blog/chatgpt

https://openai.com/blog/chatgpt
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This language modelling objective is used to estimate sentence probabilities for autore-

gressive models like unidirectional LSTMs (Hochreiter and Schmidhuber, 1997) or more

recently models based on transformers architecture like GPT (Radford et al., 2018), GPT2

(Radford et al., 2019) and XLNET (Yang et al., 2019a). In terms of bidirectional models,

pretrained transformers are largely based on masked language modelling objective in which

a token is replaced with a [MASK] keyword and is predicted using bidirectional context.

However the shortcoming of this bidirectional context is its inability to use Equation 4.1 to

compute sentence probabilities, as it not based solely on left to right context. To address this,

the approach employed is to mask words one at a time and calculate the probability of the

masked word using bidirectional context (Lau et al., 2020; Shin et al., 2019)

P(d) =
|d|

∏
i=0

P(wi|w<i,w>i)) (4.3)

with its log version given by and expressed in terms of pseudo log probability (PLP);

PLP(d) =
|d|

∑
i=0

logP(wi|w<i,w>i) (4.4)

Strictly speaking, the sequence probability computed this way is not a true probability

value, as these probabilities do not sum to 1.0 as is the case with Equation 4.1 over all

sequences, hence the term psuedo log likelihood. But as Wang and Cho (2019) observe, there

is no tractable means of computing true sequence probabilities for bidirectional models like

BERT and similar models.

Diving deeper, Lau et al. (2020) studied sentence acceptability using both unidirectional

and bidirectional models through a range of different metrics like Log Probability as in Equa-

tion 4.4, sentence length normalised versions like MeanLP and PenLP (Vaswani et al., 2017;

Wu et al., 2016); unigram normalised versions like NormLP; and both unigram and length

normalised versions together like SLOR (Pauls and Klein, 2012). They showed promising

results for bidirectional models though at the same time also argued that the normalization
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method employed also plays an important role for scoring sentence acceptability. In similar

vein, Salazar et al. (2020) also explored masked language modelling scoring through PLP

(Equation 4.4) and showed that bidirectional models demonstrate comparable performance

to large unidirectional models like GPT2 for the tasks of Automated Speech Recognition and

low resource neural machine translation.

4.3 Dataset

As a first step in building the pipeline for CCS detection we need to construct a new dataset.

In this section we will dive into the scraping and construction of our dataset. We scrape

articles with known climate change scepticism from 15 different climate sceptic organisations

(Section 2.2. These organisations are selected from two sources: (1) McKie (2018); and (2)

desmogblog.com,2 a website that maintains a database of individuals and organisations that

have been identified perpetuating climate change scepticism. We take the following into

consideration when developing the dataset:

• We only scrape articles from organisations active in English-speaking countries: the

United States, Canada, United Kingdom, Australia, and New Zealand.

• A considerable number of organisations are either dormant or have a very low level

of activity. To make sure our dataset is up to date, we only scrape articles from

organisations with a reasonable level of activity, i.e. they publish at least 1 article every

month, and their latest publication is in 2020. 3

• We set a minimum and maximum threshold of 10 and 400 articles respectively for each

organisation. We set a maximum threshold so as to avoid bias towards one organisation.

Note, however, that there is a considerable variance in the article length for different

organisations. For instance, one organisation with only 10 articles has an average

length of 342.1 words, while another organisation with 400 articles has an average

length of 85.8 words.
2https://www.desmogblog.com/global-warming-denier-database
3This work for done in 2020 and hence we scrapped data upto that point in time.

https://www.desmogblog.com/global-warming-denier-database
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# Organisations 12
# Articles 1168
Mean Length 559.3±640.2
Median Length 332.0

Table 4.2: Statistics of the training set

• As explained in Section 2.2, counter climate arguments can be broadly categorised into

the science and policy frames. As organisations generally prefer one type of frame in

their narrative, we manually identify frames associated with organisations, and select

a set of organisations that produces a balanced representation of both frames in the

dataset.

We split the documents into training and test partitions at the organisation level, where

the training set comprises 12 organisations and the test set 3 organisations. We split at the

organisation level because it allows us to test whether detection models are able to generalise

their predictions to articles published by unseen/new climate change counter movement

organisations. We present some statistics for the training documents in Table 4.2.

4.3.1 Test data

We extend our test set to include documents that do not have climate change scepticism,

to create a standard evaluation dataset for detection. We collect documents from reputable

sources, some of which are not climate-related, and some satirical in nature. Sources of the

full test documents are as follows:

• The Guardian: A trusted source for independent journalism. We scrape articles under

the category of climate change from both its U.K. and Australian editions. These

articles test whether a detection system can correctly identify these articles as not

containing climate misinformation.

• BBC: Similar to The Guardian, we scrape articles under the category of climate change.
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Source Snippet

Guardian Plan to drain Congo peat bog for oil could release vast amount of carbon.The
world’s largest tropical peatlands could be destroyed if plans go ahead to
drill for oil under the Congo basin, according to an investigation that sug-
gests draining the area would release the same amount of carbon dioxide as
Japan emits annually. Preserving the Congo’s Cuvette Centrale peatlands,
which are the size of England and store 30bn tonnes of carbon, is “absolutely
essential” if there is any hope of meeting Paris climate agreement goals,
scientists warn. However, this jungle is now the latest frontier for oil explo-
ration .... Collaborations network that questions claims by developers that
the oil deposit could contain 359m barrels of oil.....This untouched region is
waterlogged for most of the year and is an important habitat for endangered
forest elephants and lowland gorillas.

Beetota Advocate PM Meets With Cricket Side To Discuss The 1.7m Hectares Of NSW Forests
Destroyed By Bushfires. Not even six months after being officially elected
as the Australian Prime Minister with absolutely no policies, let alone any
acknowledgement of his government’s denialism-led inaction on climate
change, Scott Morrison has today had the opportunity to meet some more
sportsmen! ... While the drought-stricken communities of rural Australian
continue to burn at the hands of record-breaking and out-of-control bushfires,
ScoMo has today met with the Australian cricket side for his ideal media
appearance.. ...... The cricketers appeared distressed while also having to
pose for goofy photos with the Prime Minister, ... planet’s temperature that
will result in the certain deaths of the billions of people that haven’t been
given permission to join Gina Rinehart and her Liberal Party employees in
the spaceship.

Skeptical Science Despite what you may read or see in the mainstream media, out in the
real world, massive and rapid changes are taking place in many ecological
systems as a result of global warming. The Earth seems to be already
convinced of global warming and is responding quickly. Perhaps the most
significant, and likely most enduring, are the shifts taking place in the
Earth’s oceans. Whilst many readers may have read or heard about Ocean
Acidification, there are numerous other changes taking place in the oceans
which should be equally as concerning. One such phenomena to appear in
the last few decades is mass coral bleaching, a consequence of the continued
warming of the oceans. ..... ..Ocean Acidification in particular is a large
looming threat (Veron 2009). The increasing frequency and severity of
bleaching, coupled with the persistent decline in coral around the world,
should however immediately dispel any myths about coral resilience.

Table 4.3: Snippet of articles from different sources
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• Newsroom: This is a dataset released by Grusky et al. (2018) and consists of articles

and summaries compiled from 38 different publications.4 We take a random sample of

articles which are not climate related (verified manually). These articles test whether a

detection system is able to identify non-climate-related articles as not having climate

misinformation.

• Beetota Advocate: This is a satirical website which publishes articles on current

affairs happening locally and internationally;5 we scrape articles related to climate

change. Although there is a tone of sensationalism in the writing, the articles are

created with the intent of humour. These articles test whether detection models are able

to distinguish them from CCS articles, as both have similar stylistic characteristics.

• Skeptical Science Arguments and Blogs (SS): This resource focuses on explaining

what science says about climate change.6 It publishes general climate blogs, and

counters common climate myths by putting forth arguments backed by peer-reviewed

research.

• CCS: These are articles from 3 CCS organisations, as detailed in Section 3.3. These

documents are the only documents with climate change misinformation in the test data.

We present some examples of our test set, namely Guardian, Beetota Advocate, Skeptical

Science and CCS, in Table 4.3 and previously in Table 4.1 respectively. We also present

some statistics of the test set in Table 4.4.

4.4 Methodology

The detection task is a binary classification problem, where the goal is to classify whether

a document is CCS in nature, i.e. if it espouses scepticism in climate change. Observing

that CCS documents have unique stylistic (e.g. the use of exaggeration and sensationalism)

4https://summari.es/
5https://www.betootaadvocate.com/
6https://www.skepticalscience.com/

https://summari.es/
https://www.betootaadvocate.com/
https://www.skepticalscience.com/
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Type Source #Docs Mean document length

Non-CCS

The Guardian 80 759.5±246.5
BBC 60 696.2 ± 476.5
SS 40 927.4± 510.3
Newsroom 100 676.48± 625.2
Beetota 60 360.7 ± 117.3

CCS CCS articles 150 627.4 ± 301.9

Table 4.4: Test set document statistics.

and topical aspects (e.g. covering themes such as carbon tax and renewable energy), we

explore the idea to further trained a pre trained language model (PLM) on the CCS training

set (Section 4.3) - a strategy influenced by the approach by Gururangan et al. (2020). This

method, essentially a form of domain adaptation, leverages the language model’s inherent

ability to capture both stylistic and topical patterns, thereby enhancing its effectiveness in

performing the classification task. Henceforth we denote the positive class (CCS documents)

as “ccs+”, and the negative class (non CCS documents) as “ccs−”.

To this end, we experiment using both autoregressive and bidirectional models. This

includes autoregressive models like GPT-2 (Radford et al., 2019) and its distilled counterpart,

DistilGPT2 (Sanh et al., 2019), as well as bidirectional models such as BERT (Devlin et al.,

2019), DistilBERT (Sanh et al., 2019), and the domain-adapted ClimateBERT (Webersinke

et al., 2021), which was detailed in Chapter 2. In terms of model complexity, GPT-2 has

approximately 124 million parameters, BERT has around 110 million, and the distilled

models, including DistilBERT and DistilGPT2, feature about 66 million parameters each.

We further pretrain GPT2 and DistilGPT2 using its unsupervised language modelling

loss (as described in Section 4.2), using the CCS training articles. After training, we compute

the perplexity of a test document d as given in Equation 4.5. Perplexity is useful as is based

on average log-likelihood of a document thereby normalising the length.
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LP(d) =
|d|

∑
i=0

logP(wi|w<i)

PPL(d) = exp
(
−LP(d)

|d|

)
(4.5)

In GPT2, the model is trained with a maximum sequence length of B, i.e. self-attention

is only performed for word tokens within a sequence that fits within this maximum length.

When computing the probability of a word, P(wi|w<i), rather than considering all previous

context words, we use only the previous B−1 words before wi as context.

In case of the bidirectional models, we further pretrain using the masked language model

on the CCS training articles, and the perplexity for a document d is computed in terms of

pseudo log likelihood and its extension pseudo perplexity.

LP′(d) =
|d|

∑
i=0

logP(wi|w<i,w>i)

PPL′(d) = exp
(
−LP′(d)

|d|

)
(4.6)

As mentioned in Section 4.2, sequence probabilities computed this way are not ‘true

probability values’, but acts as a proxy for sentence evaluation. We use (B−1)/2 left and

right context words to compute the word probability, and for words with less than (B−1)/2

left (right) context words, e.g. words appearing earlier (later) in the document, we use

additional right (left) context words so that the total number of context words equals to B−1.

The perplexity of a document produced by these domain adapted language models tells us

how much it reads like a CCS article: the lower the perplexity, the more likely. In preliminary

experiments, however, we found that it was difficult to find a reasonable threshold to separate

ccs+ from ccs− content. Given that, we instead measure the “perplexity difference”

between the adapted and original off the shelf pre-trained models.
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Figure 4.1: Architecture diagram for Methodology

△PPL(d) = PPLa(d)−PPLo(d)

△PPL′(d) = PPL′
a(d)−PPL′

o(d) (4.7)

where PPLa and PPLo refer to the document perplexity produced by the domain adapted

and original/off-the-shelf autoregressive models like GPT2 and DistilGPT2. Similarly, PPL′
a

and PPL′
o refer to the document perplexity produced by the fine-tuned and original/off-the-

shelf bidirectional models like BERT, DistilBERT and ClimateBERT. The intuition behind

this formulation is simple: for a CCS document, PPLa (PPL′
a) should be low but PPLo (PPL′

o)

should be high (△PPL ↓); and for a ccs− document we should have the reverse (△PPL ↑).
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figrefppl-ch4 gives an overview of the basic methodology. We introduce a threshold based

on the perplexity difference to classify whether a document is ccs+ or ccs− .

4.5 Experiments

In this section, we present the results of our experiments for different models. We also include

the topic models from Chapter 3 and a 1-class Support vector machine (SVM) baseline.

We employ SVM as before deep learning approaches became the norm, SVM were the

de-facto models for text classification. The following list shows all the models used in our

experiments.

1. 1-class SVM model (Schölkopf et al., 2000). A traditional SVM works by separating

two classes using a hyperplane with the largest possible margin whereas a 1-class SVM

is primarily employed for novelty or anomaly detection where they learn a decision

boundary of the feature space that contains the majority of the data, and anything

outside that region is considered an anomaly. They work by finding a hyperplane that

maximally separates the training data from the origin in the feature space. We use

TF-IDF weighted unigram and bigrams as our features in the feature space. We call

this model 1-SVM.

2. LDA based topic models whose hyper-parameters of number of topics (n), a prior to

control topic-document distribution (α), and a prior to control topic-word distribution

(β ) were optimised using 2 different evaluation metrics; (1) topic coherence with the

help of “CV” which is based on co-occurrence and the score is calculated with the help

of Normalised pointwise mutual information and cosine similarity (Röder et al., 2015)

and; (2) using the normalised sigmoid score (NSS) introduced in the last chapter. We

train the topic model using the train docs and post training calculate perplexity of the

test docs and tune a threshold value on the development set which acts as a boundary

for classification of CCS articles. Henceforth, we call topic model optimized with ‘CV’

and ‘NSS’ as TM-CV and TM-NSS respectively.
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3. fine-tuned BERT binary classifier (Devlin et al., 2019). As this is a binary classifier we

need to prepare training data with both ccs+ and ccs− instances. We use the train

CCS articles (Section 4.3) for ccs+ and randomly sample equal number of documents

from newsroom (Grusky et al., 2018) for ccs− , where half are in the domain of

climate change.7 We call this model as 2-BERT and note that this is a supervised

model.

4. Domain adapted GPT-2 (see Section 5.4) model, where we further pretrain using the

train partition of CCS articles: U-GPT

5. Domain adapted DistilGPT2 model: U-DGPT

6. Domain adapted BERT language model: U-BERT

7. Domain adapted DistilBERT model: U-DBERT

8. Original ClimateBERT model further pretrained on CCS articles.8 The idea is to check

if the ClimateBERT which has some topical knowledge is able to adapt to CCS articles:

U-CBERT

9. We use the original ClimateBERT model alongside a domain-adapted DistilBERT

(U-DBERT), as each is designed to target different aspects of the dataset. Typically,

as outlined in Equation 4.7, we calculate the △ between a domain-adapted model

and its original or off-the-shelf counterpart. However, in this case, we compare the

domain-adapted model used on CCS articles (U-DBERT) with ClimateBERT (which

serves as the off-the-shelf model here). It’s crucial to note that while we do not further

train the off-the-shelf ClimateBERT, it is a domain-adapted model trained on general

climate change text. Thus, our hypothesis is that ClimateBERT will primarily focus

on non-CCS articles, whereas the U-DBERT is expected to target CCS articles hence

theoretically △PPL should enable us to distinguish between ccs+ and ccs− articles.

7Based on the presence of one of the two phrases: global warming and climate change.
8Important to note that in a sense ClimateBERT itself is a domain adapted on climate change related datasets
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Topic Words

cost emission policy economic tax high government carbon energy economy
agenda policy sceptic united-nations activist conference society climate international
poor poverty fraud green climate cost reduce co2 emissions truth
electricity build wind-turbine battery storage solar-panel turbine power storage

Table 4.5: Topics from LDA optimised with NSS

We revisit and further elaborate on the intuition behind this approach in Section 4.6.

This model is referred to as U-CDBERT.

We give implementation details later in Section 4.8.

4.6 Results and Discussion

We present Precision, Recall and F-Score results over the ccs+ class in Table 4.6.

Looking at the topic models, we see that they perform poorly although TM-NSS does slightly

better than TM-CV. This is not a surprise given that topic models are more useful in terms

of coarse grained topic exploration, but they might struggle to capture language styles due

to its bag of words input. We present a few topics from this model in Table 4.5 which are

quite coherent e.g. they cover concepts related to “carbon tax” (first topic), “organizations

and activists” (second and third topic) and “renewables” (last topic).

Next moving over to the language models, we first focus on the autoregressive models of

U-GPT and U-DGPT. We see that both U-GPT and U-DGPT perform consistently well in

terms of both Precision and Recall. Interestingly, U-DGPT despite being a smaller

model than U-GPT performs at par (a few points better) than U-GPT. Moving to bidirectional

models we can make 3 observations: (1) the overall performance of bidirectional models

(like U-BERT, U-DBERT, U-CBERT and U-CDBERT) is a bit lower than autoregressive

models; (2) U-CBERT despite of being a climate domain specific model, performs the worst

on overall F-Score even though it has the best Precision; and (3) U-CDBERT which

uses standard CBERT with a fine tuned DBERT does the best of all bidirectional models. In
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Section 4.2 we reviewed prior studies that found bidirectional models work better as language

modelling scores (Lau et al., 2020; Salazar et al., 2020) but we do not have the same findings

for our task. We hypothesise this could be due to: (1) It is ever less clear what the pseudo

perplexity difference (△PPL′) means when we are working with pseudo log likelihoods; and

(2) the nature of our task is different to sequence to sequence neural machine translation or

automatic speech recognition tasks.

Turning next to the binary classifier 2-BERT we see it has the best Recall but suffers

from low Precision, resulting in an overall poor F-Score; for an alert system this

means it will raise alarms for many documents that do not actually have climate scepticism

(which will impact on user experience). 1-SVM, which is a simple baseline, unsurprisingly

also results in poor performance.

Model Precision Recall F-Score

U-GPT 0.71 0.75 0.73
U-DGPT 0.73 0.77 0.75
U-BERT 0.71 0.67 0.70
U-DBERT 0.71 0.68 0.70
U-CBERT 0.73 0.53 0.62
U-CDBERT 0.68 0.72 0.71
2-BERT 0.40 0.95 0.55
TM-CV 0.34 0.68 0.45
TM-NSS 0.36 0.70 0.46
1-SVM 0.35 0.71 0.46

Table 4.6: Classification performance (ccs+ class).

To understand better the discrepancies between Precision and Recall for the

various language models of U-GPT, U-DGPT, U-DBERT, U-CBERT and U-CDBERT,

we present a breakdown of predictions over different sources in the test set in Table 4.7 and

Table 4.8. To reiterate the first 5 sources (The Guardian to Skeptical Science) are documents

without any scepticism. From this, we can see that in general the unidirectional language

models have a balanced performance, classifying most articles correctly, but also being more

conservative and missing more CCS articles. Comparing U-GPT and U-DGPT, we see that
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Dataset (#Docs)
U-DGPT U-DGPT

ccs+ ccs− ccs+ ccs−

The Guardian (80) 17 63 11 69
BBC (60) 0 60 3 57
SS (40) 2 38 15 25
Newsroom (100) 3 97 3 97
Beetota (60) 27 33 10 50
CCS (150) 112 38 115 35

Table 4.7: Predictions of U-GPT and U-DGPT over different test sources

Dataset (#Docs)
U-DBERT U-CBERT U-CDBERT 2-BERT

ccs+ ccs− ccs+ ccs− ccs+ ccs− ccs+ ccs−

The Guardian (80) 19 71 18 62 10 70 74 6
BBC (60) 1 59 18 42 13 47 42 18
Skeptical Science (40) 9 31 35 5 11 29 40 0
Newsroom (100) 6 94 7 93 6 94 10 90
Beetota (60) 14 46 25 35 8 52 35 25
CCS (150) 106 44 110 40 103 47 144 6

Table 4.8: Predictions of U-DBERT, CBERT, U-CDBERT and 2-BERT over different test
sources

U-GPT works better for Skeptical Science source whereas the performance of U-DGPT over

Beetota is better

Focussing on bidirectional models we see that all 3 models achieve a comparable perfor-

mance for the CCS class with U-CBERT (domain adapted ClimateBERT on CCS articles)

doing the best. An important observation is that while U-DBERT does well over ccs−

sources, U-CBERT struggles especially over the BBC, Beetota and skeptical science sources.

This issue might stem from the fact that ClimateBERT was already domain adapted on a large

climate change corpus and after additional training on CCS articles (resulting in U-CBERT),

it appears to be overfitted to the CCS domain, leading to difficulties in distinguishing between

CCS and non-CCS content. This observation underscores the potential benefits of experi-

menting with a combined model called as U-CDBERT. This approach would maintain the

original climateBERT and use it in with the domain-adapted U-DBERT to calculate △PPL′
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At Climate Conference Angus Taylor has been treated to a rousing reception at an inter-
national Climate Change conference today. As huge parts of his home country burn or
smoulder as a result of catastrophic bushfires, which experts and scientists say is exacer-
bated by climate change, the Australian Energy and Emissions Reduction Minister has
won the crowd over by discrediting the threat of the very thing the entire international
conference is on. Speaking at the Conference of the Parties to the United Nations Con-
vention on Climate Change, Angus Taylor someone how managed to prevent the rest
of the group from laughing at him for his nation’s inaction on Climate Change. Seated
amongst representatives of small Pacific Islands whose lives are threatened by rising sea
levels, Angus Taylor managed to sway the crowd on the hot button issue by hitting out
at ‘scaremongering lefties pushing a radical agenda.’..... “I went there expecting to be
laughed out of the house because they all believe in climate change, can see our nation is
on fire and are aware I’m not taking it seriously,” Taylor said over the phone. “But they
lapped it up.”

Table 4.9: Example of Beetota Article wrongly classified by all models

with the aim to leverage the strengths of both models. In the results shown in Table 4.8,

U-CDBERT demonstrates improved performance across all ccs− classes with a particularly

strong performance for Betoota correctly classifying 52 out of 60 instances as ccs− .

Moving to 2-BERT, we can make three observations: (1) the majority of climate-related

documents from The Guardian, BBC and Skeptical Science are classified as ccs+ , indicating

a topical bias (i.e. it tends to classify climate-related documents as ccs+); (2) due to the

satirical and sensationalism nature of Beetota articles, most articles (35 out of 60) are

classified as ccs+ ; and (3) the performance over Newsroom is very strong. We attribute the

last observation to the presence of Newsroom articles in the training data, demonstrating the

brittleness of supervised models.

It is also important to point out that some of the wrong classifications may be less

attributed to the quality of model or training but to the difficulty of the task and test set,

especially in the case of Beetota as its language occasionally mirrors CCS. We share one such

example in Table 4.9 which classified as ccs+ by all the models. Looking at the example

we can see that it has phrases like “scaremongering lefties pushing a radical agenda” which

is inline with the language we see in CCS articles, giving it a very low △PPL (△PPL′ in
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case of bidirectional models) value thus confusing the models and driving the classification

for the whole article towards ccs+ .

Document Text

Inside the Cult of Climate Supremacy, this month has seen a little flurry of
pop-psychology op-eds appearing in the news by a coterie of Climate Supremacists
masquerading as academics. These blinkered, dare I say, hooded darlings of the hard-left
have no interest in informing; they’re only interested in denigrating those that don’t
genuflect to the altar of man-made global-warming ... Describing skeptics directly as
“people who are less educated” the poor possum had trouble concentrating, it seems, while
putting together his puerile piffle; ... But if you believe Mr Hall’s lack of self-awareness is
remarkable, just wait for the next instalment on the personalities inside the cult of Climate
Supremacism

Are Climate Models Overpredicting Global Warming? Many recent climate models have
been predicting dire global changes. The problem is climate forecasters currently ignore
decades of scientific best-practices that would offer more accurate predictions. Thankfully,
there are attempts to rectify the truly dodgy methodology that has been used to crank out
forecasts of 21st-century climate ... The authors of the new paper show that the aggregate
models are making huge errors in three of the places on earth that are critical to our
understanding of climate ... It’s high time that the scientific community come clean about
longstanding climate shenanigans. Averaging up a large number of models that don’t
work well is guaranteed to produce an unreliable forecast.

Take a Look at the New Consensus on Global Warming. A scientific consensus has
emerged among top mainstream climate scientists that “skeptics” or “lukewarmers” were
not long ago derided for suggesting — there was a nearly two-decade long “hiatus” in
global warming that climate models failed to accurately predict or replicate ... More
importantly, the paper discusses the failure of climate models to predict or replicate the
“slowdown” in early 21st century global temperatures ... Democrats and environmentalists
praised Karl’s work which came before the Obama administration unveiled its carbon
dioxide regulations for power plants ... Then, in early 2016, mainstream scientists
admitted the climate model trends did not match observations – a coup for scientists like
Patrick Michaels and Chop Knappenberger who have been pointing out flaws in model
predictions for years.

Table 4.10: Detected climate scepticism spans from U-GPT. Red refers to spans with lowest
△PPL ; Orange still highlighting scepticism but not as high as red and black being non
sceptic content. Lower perplexity means higher likelihood to have scepticism.
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4.7 Span Highlighting

As an alert system for flagging climate change scepticism in web articles, it would be useful

to further highlight parts of the content that expresses these scepticism sentiments. The

advantage of using a language model for the detection task is that we can look at individual

token probability distributions and use it to detect spans of text that carry this scepticism. For

a predicted ccs+ article, we can perform sentence segmentation to get a set of sentences and

compute △PPL (Equation 4.5) over sentences to extract sentences with the lowest perplexity

difference.9 We present an example of detected spans for several documents in Table 4.10.

For the first document, we can see it is written with emotionally-charged words (a typical

writing style in CCS articles), and as such all sentences have very low △PPL. The overall

perplexity difference of the document is also very low (−25.2), suggesting that the U-GPT is

confident that it is a ccs+ document. For the second and third document, the style is more

subtle, although the red and orange highlighted sentences are climate-sceptic statements that

question the science of climate models. These results suggest that span highlighting can be a

useful feature in a climate misinformation alert system to reveal areas in the document that

users should pay more attention to.

4.8 Implementation Details

As 2-BERT is a binary classifier, we needed to prepare training data with both ccs+ and

ccs− instances as mentioned in Section 4.5. We randomly sampled 10% of articles from

this data to use as a development set and used the rest as training articles. To this end, we

used uncased BERT-Base as the pre-trained model and finetuned for classification over the

[CLS] token, and the following hyper-parameters: batch size = 6, number of epochs = 2,

and gradient accumulation = 3. We implemented 2-BERT using the SimpleTransformers

library. 10

9The probability of each word is calculated the same as before using B−1 context words. The difference
here is that we are normalising over sentences, rather than the whole document.

10https://github.com/ThilinaRajapakse/simpletransformers

https://github.com/ThilinaRajapakse/simpletransformers
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For U-GPT, we use the small size GPT-2 (Radford et al., 2019) and the following

configuration: B = 512, batch size = 2, learning rate = 5e-5 (default), max gradient norm

=1.0 (default), gradient accumulation =2 and number of epochs = 3. Similarly for U-BERT

we use uncased BERT-Base with similar configuration with the masking rate = 0.15. We

implemented the models using the transformers library11.

For topic modelling we used mallet-lda 12 and gensim. 13. The models were optimised

using tthe wo coherence metrics: CV and NSS. This optimization process determined the

optimal number of topics n to be 32 for CV and 36 for NSS. Additionally, the optimal α

values were 0.03 for CV and 0.02 for NSS. For both models, the β value was set at 0.01. For

1-SVM, we used TF-IDF weighted unigram and bigrams and implement the model using

sklearn.14

4.9 What about Short Texts?

In this section, we explore if the detection models mentioned above can be applied to short

texts without further training. To this end we collect ccs+ short texts from two sources:

1. misleading or inaccurate climate claims as flagged by climatefeedback.org,15 which

is a fact checking website that verifies the credibility of climate-related claims. This

source has texts which are topically similar to ccs+ texts.

2. a small collection of tweets by Donald Trump (45th President of the United States of

America).16 This source has writing style of sensationalism and exaggeration as also

seen in ccs+ articles.

In case of ccs− short texts, our dataset comprises the following:

11https://github.com/huggingface/transformers
12https://mimno.github.io/Mallet/
13https://radimrehurek.com/gensim/models/ldamodel.html
14https://scikit-learn.org/stable/modules/generated/sklearn.svm.OneClassSVM.html
15https://climatefeedback.org/claim-reviews/
16We would like to point out that since scrapping a few of his tweets, his Twitter account had been banned

and only reinstated back in November 2022

https://github.com/huggingface/transformers
https://mimno.github.io/Mallet/
https://radimrehurek.com/gensim/models/ldamodel.html
https://scikit-learn.org/stable/modules/generated/sklearn.svm.OneClassSVM.html
https://climatefeedback.org/claim-reviews/
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Type Source #Docs

ccs−

Tweets 45
SS + NASA 55
Beetota 40
Newsroom 40

ccs+
climatefeedback.org 60
Trump Tweets 20

Table 4.11: Short text test set statistics.

1. Climate change arguments in Skeptical Science and NASA;17

2. A collection of climate change related tweets by Bernie Sanders, UN Climate Change,

António Guterres (Former Secretary General of UN), Carolina Schmidt (President of

COP25), and Patricia Espinosa C (Executive Secretary of UN Climate Change)

3. Headlines from Beetota Advocate and Newsroom as mentioned in Section 4.3.1 but

instead of whole articles just the headlines.

These collected ccs+ and ccs− texts constitute the short text test set. We present the

statistics in Table 4.11 and a few examples in Table 4.12. For consistency and to be able to

directly compare short text performance with that of long text, we make sure that the ratio of

ccs+ and ccs− instances in the short text test set is similar to that for long text. We use

the models we trained previously (U-GPT, U-DGPT, U-DBERT and U-CDBERT) and apply

them directly to these short texts.

We present the ccs+ performance for short texts in Table 4.13. Overall, we still see that

autoregressive models U-GPT and U-DGPT have similar performance, with U-GPT doing

slightly better than the latter. Both of them have the best performance relative to other models,

although results drop compared to the long text performance. Precision is noticeably

lower here, indicating an increase in false positives. We present a sample of false positives in

Table 4.15. The first example bears the sensationalist style of climate CCS articles, and due

to a lack of context, is classified as ccs+ . The second example is factually correct but still

17https://climate.nasa.gov/scientific-consensus/

https://climate.nasa.gov/scientific-consensus/
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Source Example

climatefeedback.org Scientists were caught ’adjusting’ sea level data to create false impression of rising oceans .

Trump Tweets
For those that constantly say that “global warming” is now “climate change”—they changed
the name. The name global warming wasn’t working.

ccs− Tweets
Today, we need to reduce emissions by 7.6 each year. So, it is imperative that governments
not only honour their national contributions under the Paris Agreement, they need to
substantially increase their ambition.

SS + NASA
Between 1950-2009 sea level at Tuvalu rose at the rate of 5.1 (±0.7) mm per year. This is
almost 3 times larger than average global sea level rise over the same period.

Beetota Barnaby Says Lets Not Get Political Because Half A Billion Dead Animals Probably Voted Greens

Table 4.12: Examples of short text

Model Precision Recall F-Score

U-GPT 0.47 0.78 0.59
U-DGPT 0.47 0.75 0.58
U-DBERT 0.41 0.71 0.52
U-CDBERT 0.46 062 0.53

Table 4.13: Classification performance (ccs+ class) for short texts.

gets wrongly detected as ccs+ . We suspect this is because in quite a few CCS articles, there

is a tendency to quote climate facts in order build their counter argument, and as a result the

sentence may appear like a typical sentence in a CCS article.

Table 4.14 provides a breakdown of U-GPT, U-DGPT, U-DBERT and U-CDBERT

performance for different sources. We see U-GPT and U-DGPT yield a very similar trend

with small variations in Newsroom and Beetota again highlighting the fact that the smaller

model are able to perform on par with the bigger variant in this task. For both U-GPT

and U-DGPT, most of the false positives seem to come from Skeptical Science/NASA and

Beetota. In the case of U-DBERT we see that even though the performance on classifying

CCS sources like climatefeedback and trump tweets is comparable to U-GPT and U-DGPT,

the false positive rate is very high for tweets, highlighting the fact that the model is failing to

differentiate between general climate related tweets and the CCS short texts. Moving on to

U-CDBERT, it achieves better Precision and is able to get the source tweets right (we

suspect due to the involvement of climate BERT it could identify the the trustworthy tweets)
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Dataset (#Docs)
U-GPT U-DGPT U-DBERT U-CDBERT

ccs+ ccs− ccs+ ccs− ccs+ ccs− ccs+ ccs−

Tweets (45) 18 27 21 24 36 9 4 41
SS+NASA (55) 21 34 21 34 17 38 27 28
Beetota (40) 26 14 22 18 22 18 18 22
Newsroom (40) 6 34 3 37 7 33 10 20

climatefeedback.org (60) 46 14 44 16 41 19 35 25
Trump Tweets (20) 16 4 16 4 15 5 14 6

Table 4.14: Predictions of U-DBERT and U-CDBERT over different test sources (correct
predictions in bold).

Examples

You are damn right I am alarmed. Climate change is a major national security threat
and a global emergency..

While summer maximums have showed little trend, the annual average Arctic temperature
has risen sharply in recent decades.

Table 4.15: Examples of short text misclassified as ccs+ by U-GPT.

but ended up misclassifying the climatefeedback source a lot more, resulting in much lower

recall.

4.10 Conclusion

We introduced the task of climate change scepticism detection, and developed a dataset

made up of documents written by counter climate change movement organisations, balanced

up against documents from a range of non-CCS sources. We then proposed novel models

and showed them to be effective for both document classification and CCS span detection.

We experimented with topic models and though got granular concepts out but that did not

help us in distinguishing between CCS and non-CCS sources. In terms of language models

unidirectional models did better over our task than bidirectional models. This needs more

exploration e.g. in the direction of development of new metrics for bidirectional models

for this task similar to the work done by Lau et al. (2020). Although there were some
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encouraging results for applying our method to short text, there is still work to be done more

to explore in the area of short text climate scepticism classification. We believe either further

pretraining a language model on CCS short texts (or joint training with long texts) should

help.

In Section 2.3 we reviewed the concept of framing and how arguments on climate

skepticism are categorized into Science and Policy. We believe that incorporating these

signals into our classification system, either through a multi-task objective or by adding

features, could enhance performance. Additionally, it is worth noting that our dataset

comprises documents from various genres and writing styles, including reports, comments,

and pseudo-scientific reports and adding some meta features highlighting those differences

could also help in improving the classification performance

So far we have discussed detection of climate sceptic articles and identification of highly

misleading spans in the CCS articles. In the next chapter, we will dive the identification of

more fine grained classes of arguments used in the writing of such texts.



Chapter 5

Automatic Classification of Neutralization

Techniques in the Narrative of Climate

Change Scepticism

This chapter builds on the paper:

Bhatia, Shraey, Jey Han Lau, and Timothy Baldwin. “Automatic classification of neutral-

ization techniques in the narrative of climate change scepticism” In Proceedings of the 2021

Conference of the North American Chapter of the Association for Computational Linguistics:

Human Language Technologies 2021.

In this chapter we add (other than what is already in the paper) a background section on semi-

supervised learning, provide a more detailed explanation of our methodology and annotation

process, and introduce new experiments that integrate topic models with a pre-trained BERT

model.



5.1 Introduction 92

5.1 Introduction

The previous chapter explored the task of detecting articles and text spans in them that exhibit

climate change scepticism (CCS). While that acts as valuable first step in better understanding

climate change scepticism, there is a need to better understand the narrative of an article

more deeply e.g. how it frames an argument.

Public perception is influenced by the narrative presented to them (Fløttum, 2014; Fløt-

tum et al., 2016), and one of the tools CCS texts employ to build counter-climate narratives

(McKie, 2018) is “neutralization”. We reviewed the literature around the theory of neutral-

ization and framing in Section 2.3 but briefly it is defined as justification/vindication for a

deviant behaviour (Kaptein and Van Helvoort, 2019; Maruna and Copes, 2005; Sykes and

Matza, 1957). Thus here we propose a method to automatically classify these neutralization

techniques (henceforth “NT”), as a tool to analyse CCS narrative at scale and help build

counter-narratives. Table 5.1 presents two examples of neutralization in the context of climate

change; more examples were presented previously in Chapter 2.

To be able to build a model to classify NT, we need labelled data. In situations where

annotated data is limited, alternative approaches need to be explored such as semi-supervised

learning. We commence this chapter by reviewing the literature around semi-supervised

learning, ranging from self training, multi-view training, variational auto encoders and data

augmentation methods to more sophisticated methods that combine multiple techniques

(Chen et al., 2020). Next, we point out a few applications of semi-supervised learning in

other social science domains, thus providing the motivation for us to explore this approach

paradigm for our task in this chapter.

Following this, we revisit the 7 neutralization techniques and 2 frames which were

discussed previously in Chapter 2. As multiple neutralization techniques may be used

together to construct a CCS argument, we frame our task as a multilabel classification

problem. We next describe how we construct our data and annotation procedure. We then

experiment with different model configurations i.e. fine tuned BERT, domain-adapted BERT,

a topic enhanced BERT where we optimise the number of topics using the methodology

in Chapter 3, and add inferred topic distributions as supplementary features, and BERT
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Sure, we should reduce greenhouse gases, but if our climate policies hurt our ability to
create more wealth and bring power to the world’s poor, then we are ridding the patient of
the disease, but only by killing him

It’s very convenient for alarmist greens to blame the fires of Australia and California on
global warming. In reality, global warming is just a natural cycle and the policies they
themselves advocate are the culprits.

Table 5.1: Neutralization examples

configurations with semi-supervised training objectives. We show that our best model

performs on par with humans performance and end the chapter by also revisiting the CCS

spans detected in Chapter 4 (Table 4.10) and employing neutralization on those spans to give

a nuanced understanding of those sceptic spans.

5.2 Background

In Chapter 2 we gave a detailed overview on general misinformation and will give a brief

recap here. Research on fake news and propaganda has primarily operated at the article

level, and focused on binary detection (presence vs. absence) (Barrón-Cedeno et al., 2019;

Rashkin et al., 2017). Da San Martino et al. (2019) argued for the need for finer granularity

in propaganda detection, both in terms of propaganda sub-types and fragment-level detection.

In a similar vein, Nakamura et al. (2020) proposed fine-grained classes of fake news to

differentiate between misleading, manipulated, or totally false content. More recently in

the climate change domain, Luo et al. (2020) released a stance-annotated dataset for global

warming, and proposed an opinion framing task to study discourse used in the debate around

global warming.

One challenge in building supervised NLP models is the strong dependency on labelled

data. To tackle this, one approach is to apply transfer learning from pretrained language

models i.e. using large general pretrained models and fine tune it on task-specific labelled

data as discussed in Section ?? (Conneau and Lample, 2019; Devlin et al., 2019; Peters

et al., 2018b; Radford et al., 2019; Yang et al., 2019a). Another approach is semi-supervised
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learning with self training (Rosenberg et al., 2005; Triguero et al., 2015; Yarowsky, 1995)

being one of the traditional approach. It acts as a teacher-student framework where a

supervised classifier first learns from labelled examples and then this classifier is used to

make predictions on unlabelled examples. The labelled set is augmented with the most

confident predictions on the unlabelled set and the classifier is re-trained; the process is

repeated in an iterative manner.

Another approach widely employed in semi-supervised learning is co-training (Balcan

et al., 2004; Blum et al., 2004; Wang and Zhang, 2006) where separate classifiers are trained

on distinct subsets of the labelled data, and the most confident predictions are added to the

labelled data set of the other classifier. Building on this, Sindhwani et al. (2005); Sindhwani

and Rosenberg (2008) proposed co-regularization by sharing a single objective function

between different supervised classifiers. Together these methods are also referred to as

multi-view training, as they give multiple different ‘views’ of the data (Van Engelen and

Hoos, 2020). Taking inspiration from multi-view training, Clark et al. (2018) introduced a

cross-view training framework, which again works as as a teacher-student framework where

the teacher teaches the student to make predictions on unlabelled data but by adding auxiliary

prediction modules that see only a limited or restricted view of the data.

More recently, variational auto encoders (VAEs) (Kingma and Welling, 2013) have been

leveraged in a semi-supervised setting to reconstruct sentences and predict the labels with the

help of a latent variable and a distribution parametrised by µ and σ . But variational inference

struggles with instability, and training collapses in a textual setting due to the vanishing

Kullback–Leibler (KL) divergence loss term and needs tricks for optimization (Bowman

et al., 2015). Yang et al. (2017) showed encouraging results with a VAE in a sequence to

sequence setting with a regular LSTM as an encoder and dilated convolutions (Van den Oord

et al., 2016) as a decoder. Building on it, Gururangan et al. (2019) proposed a system which

employed VAE with ideas from pre-training language models. They pretrained a deep VAE

on unlabelled text, then concatenated it (with its internal layers frozen) with task specific

features for downstream labelling tasks.
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Elsewhere, techniques like data augmentation and interpolation have been employed

to increase the size of the training data. Data augmentation has been widely applied in

computer vision by applying transformations either through their geometry - flipping or

rotating them at different angles, or color mixing by adding or removing different shades of

hue (Baird, 2007; Perez and Wang, 2017; Shorten and Khoshgoftaar, 2019). Extending the

idea to textual data, Wei and Zou (2019) experimented with synonym replacement whereas

Kumar et al. (2019) presented with novel paraphrase formulation through the means of

submodular function maximization to induce diversity in paraphrases to augment textual

data. Xie et al. (2020a) used back translations, i.e. translating to a pivot language (like

German or Russian) and translating it back to English (Sennrich et al., 2016a), for consistency

regularization to produce paraphrases on unlabelled data. Similarly, Zhang et al. (2017)

proposed a method called ‘Mixup’, which operates by creating virtual training samples

through linear interpolations of labeled data points primarily used to interpolate images. It

creates new data points by merging two images and their labels (Berthelot et al., 2019; Verma

et al., 2019) i.e. given two labeled data points (x, y) and (x
′
, y

′
), where x̂ represents an image

and ŷ is the one-hot representation of the label, Mixup creates virtual training samples as

follows:

x̂ = mix(x,x
′
) = λx+(1−λ )x

′

ŷ = mix(y,y
′
) = λy+(1−λ )y

′
(5.1)

where λ ∈ [0,1].

More recently, pretrained models and semi-supervised learning have been combined

with much success, e.g. Xie et al. (2020a) used BERT along with consistency regularization

on unlabeled data and Croce et al. (2020) extended the fine-tuning process of BERT to a

generative adversarial setting. Drawing from various strategies and combining them, Chen

et al. (2020) devised a data augmentation approach of Tmix and its semi-supervised variant

MixText (MTEXT). However, applying Mixup directly to text data is challenging due to



5.2 Background 96

Figure 5.1: Architecture of TMix, reproduced from Chen et al. (2020)

the discrete nature of text tokens. Tmix addresses this issue by interpolating within the

textual hidden space, mixing up the hidden representations of two training instances (selected

from both labeled and unlabeled data) within BERT. This process creates a large number of

enhanced data samples, with the linear interpolation guided by a mixture parameter λ sampled

from a Beta distribution. For an encoder with L layers, Tmix chooses to mix up the hidden

representation at the m-th layer, m ∈ [0,L] as shown in the architecture diagram of Tmix

presented in Figure 5.1. MTEXT, on the other hand, is a semi-supervised learning framework

that utilizes TMix as a data augmentation approach. We present the architecture of MTEXT

in Figure 5.2. The key idea behind MTEXT is to leverage unlabelled (Xu) data in addition

to the labelled data (Xl) for training the model. MTEXT uses back translation based data

augmentation (K augmentations) on unlabelled data, with label assignment based on pseudo

labels for unlabelled and augmented data (Xk) and the final inference a weighted average

in a teacher -student self training manner, to generate diverse paraphrases while preserving

the semantics of the original sentences. After inferring the labels for unlabelled instance,

a superset is constructed which is the concatenation of the labelled set, unlabelled set and

unlabelled augmented set (Xl,Xu,Xk) thereby increasing the total available training samples.
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Figure 5.2: Architecture of MTEXT, reproduced from Chen et al. (2020)

During training, 2 data points are randomly sampled from this superset where the process

of Tmix is repeated and KL-divergence used as a loss function. In the case of both samples

coming from the labelled set this turns into a supervised objective expressed through standard

cross-entropy loss which quantifies the dissimilarity between the predicted label distribution

and the actual labels. The framework also incorporates an entropy minimization (Grandvalet

and Bengio, 2005) loss function that encourages the model to assign sharp probabilities to

unlabelled data samples i.e. the model is incentivized to assign high probabilities to one class

and low probabilities to the others. This helps to boost performance, especially when dealing

with scenarios involving a large number of classes.

Semi-supervised learning has found a wide array of applications, especially in the social

sciences, due to its effectiveness with small data sizes. One such application is in the study

of speech, initially introduced by Austin (1975) suggests that language serves not only to

describe the world but also to perform actions and distinguishes between locutionary acts

(the act of saying something), illocutionary acts (the intention behind the statement), and per-

locutionary acts (the effect on the listener). Building on this Searle (1976) further developed

the theory by categorizing illocutionary acts into specific types such as assertives, directives,

commissives, expressives, and declarations therby providing a more structured framework

for understanding. Speech Act Theory also involves analyzing various communicative acts,

ranging from asking questions and making comments to offering suggestions. These acts

can be domain-specific, including commissive actions like directives, assertions, expressions,

pledges, or sentence specificity (Li and Nenkova, 2015; Subramanian et al., 2019a). Zhang
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et al. (2012) employed transductive SVM (Joachims et al., 1999) with graph-based label

propagation (Zhou et al., 2003; Zhu et al., 2003) to label unlabelled data, using only a small

seed labelled training set for speech act recognition. Similarly, Joty and Mohiuddin (2018)

modelled speech acts for asynchronous conversations through a domain adversarial learning

approach in a semi-supervised setting. Following this, Subramanian et al. (2019b) introduced

target-based speech act classification to study political campaigns, leveraging in-domain unla-

belled data with cross-view semi-supervised training (Clark et al., 2018) in conjunction with

contextualized embeddings and metadata. In a deeper exploration of election discourse and

political manifestos, Subramanian et al. (2019a) performed fine-grained pledge specificity

prediction (7-levels of specificity, (Pomper and Lederman, 1980)) on various policy issues by

modelling it as an ordinal regression task, employing cross-view training with adjustments

for ordinal regression and real-valued outputs. Ito et al. (2019) used semi-supervised models

to improve decision making on medical data. They employ generative adversarial networks

(GANs) (Goodfellow et al., 2020) to generate artificial data targeting imbalanced/minority

classes, and then combine self training with co-training to improve the confidence of pre-

dictions on the unlabelled set thereby increasing the labelled set at every iteration. In this

chapter, we will take the work on semi-supervised applications forward and apply it to the

domain of climate change scepticism.

We reviewed the literature around neutralization and framing in Section 2.3 but for

continuity we give a brief recap here. Dunlap and Brulle (2015), Farrell (2016), and

Boussalis and Coan (2016) classified arguments related to CCS into two frames: science

(“SCIENCE”) and policy (“POLICY”). The SCIENCE frame challenges the scientific

evidence and may include denial or promotion of pseudoscience, whereas the POLICY

frame focuses on cost and economy-related issues such as carbon tax, targeting scientists or

shifting the responsibility of action to other countries. McKie (2018) modified Sykes and

Matza (1957)’s original NT schema and renamed the CCS arguments related to neutraliza-

tion by linking it with the SCIENCE and POLICY frames to produce the 7 NT classes:

Denial of Responsibility (Deny-Responsibility ⇝SCIENCE), Denial of Injury1

(Deny-Injury1⇝SCIENCE), Denial of Injury2 (Deny-Injury2⇝SCIENCE), De-
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Argument or Example NT Frame

There’s no indication this is anything other than natural variability,
with humans not playing a part Deny-Responsibility SCIENCE

There is a very real probability that global warming has been
overestimated by computer models, and won’t be too bad Deny-Injury1 SCIENCE

CO2 is plant food and good for the planet, as it is essential for
plants in photosynthesis Deny-Injury2 SCIENCE

Despite forecasts of warming, the world has actually been cooling,
so global warming is a hoax Deny-Victim SCIENCE

An avalanche of global warming alarmism is about to hit, thanks
to environmentalists, the media, and a few scientists Condemn POLICY

So-called “new renewable energy technologies” are extremely
expensive and rely on huge subsidies, pushing up energy costs Loyalties POLICY

New Zealand’s actions should be less ambitious than Australia’s
because Australia is a wealthier country Justify POLICY

Table 5.2: Examples of counter climate arguments and their frames reproduced from Table 2.4

nial of Victim (Deny-Victim⇝SCIENCE), Condemnation of the Condemner (Condemn

⇝POLICY), Appeal to Higher Loyalties (Loyalties⇝POLICY), Justification by Com-

parison (Justify⇝POLICY). We gave examples of these 7 neutralization techniques in

Table 5.2, reproduced from Table 2.4. CCS texts often use multiple neutralization strategies

together. as seen in the second example in Table 5.1 where Condemn (POLICY) is used to

blame the alarmist greens and Deny-Responsibility (SCIENCE) is used to highlight

that global warming is a natural cycle.

5.3 Dataset

We introduce our dataset in this section. To be able to train our models, we need labelled

examples based on the neutralisation classes. To this end, we construct our NT dataset from

3 sources:

1. We extract paragraphs from CCS documents we scraped across 15 Climate Change

counter movement organizations, comprising the training set from the previous chapter

(Section 4.3).
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2. We compile a set of CCS sentences and paragraphs from the work of McKie (2018).1

3. We use anti-global warming opinions (sentences) from the work of Luo et al. (2020).

We used opinions/stances which disagree with the statement: climate change/global

warming is a serious concern.

This results in a mixture of sentences and paragraphs, resulting in diversity in the dataset

(with longer snippets expected to have more multi-labelling). We henceforth call these text

snippets “sentences” for brevity. Our dataset has a total of 8000 sentences, of which 785

were annotated (and the remainder used as unlabelled data).

5.3.1 Annotation and Mechanical Turk

In this section, we describe the design and mechanics of our crowd sourcing experiments to

label the spans with NT and frame labels. For the model to be able to categorise NT strategies

and their frames correctly we need high quality annotated data. We formulate the task as

a multi-label classification problem where an annotator selects NONE, or one or more NT

labels. To make the task easier for annotators, we split it into 2 annotation subtasks based on

the two frames:

• the SCIENCE frame, which consists of Deny-Responsibility, Deny-Injury1,

Deny-Injury2, and Deny-Victim

• the POLICY frame, which consists of Condemn, Loyalties, and Justify

i.e. we have annotators label examples to the SCIENCE and POLICY frames separately, to

simplify the annotation process.

We combine annotations by taking a majority vote for each frame, and label a sentence

as NONE only if it is the majority-class for both sub-tasks i.e. none of the NT labels are

majority-assigned in either frame. We collect human judgements using Amazon Mechanical

Turk with 9 sentences forming a single HIT, one of which acts as a quality control in the

1Extracted from the appendix of their thesis
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Figure 5.3: A screenshot of the annotation guidelines for the SCIENCE frame

form of a data instance from McKie (2018). Each HIT was annotated by a minimum of 5

and maximum of 10 annotators.2

The annotation task for the SCIENCE frame is shown in Figure 5.3 (annotation guide-

lines), Figure 5.4 (annotation examples) and Figure 5.5 (annotation interface). Though the

figures only show the annotation task for SCIENCE frame, a similar process was used for

the POLICY frame thus giving us annotations for all the 7 classes. The design of the task is

divided into 3 tabs; the first tab of Instructions (annotation guidelines) describes the task in

detail, explaining the different NT classes. The second tab of Examples provides 3 examples,

and their correct labels with the required explanation and rationale behind them, and the last

2The crowdsourcing experiments were conducted before the university required ethical approval for Me-
chanical Turk Tasks and stricter minimum pay requirements came into effect.
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Figure 5.4: Labelling examples for the SCIENCE frame

tab of Annotation is the actual annotation interface. The design layout allows annotator to

switch between different tabs during the task.

To pass quality control for a given HIT, the annotator has to select the correct class for the

quality control sentence (which is not flagged in any way to the annotator, and presented in

random order); the annotations from a worker are discarded if their average pass rate across

all HITs attempted is ≤ 0.7. We collect additional annotations by releasing the task internally

to a small number of local workers. We restrict the task to workers with an approval of 97%+,

based in the US, Canada, UK, Australia, or New Zealand.3 Each HIT was paid at USD $0.61,

and took an average of 5 minutes to complete. This amounts to $7.32 per hour, which is

slightly above the US federal minimum wage ($7.25) at the time the task was carried out.4

We present statistics of the labelled data in Table 5.3. Interestingly, we see 3 large

classes of NT — Deny-Victim, Condemn, and Loyalties— implying that most CCS

narratives completely deny climate change, condemn the scientists, or prioritise the economy.

3It is important to point out that due to the polarization of the climate change issue, there will be an element
of political and geographical bias for climate change related task

4The US federal minimum wage could have changed since then
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Figure 5.5: The annotation interface for the SCIENCE frame

5.4 Automatic Classification

In this section, we present the task in more detail, and the different model architectures for

the classifiers in use. We formulate the task as a multi-label classification with the goal

of detecting the NT classes employed in the sentence. We experiment with an SVM as

a baseline and then explore several BERT-based supervised and semi-supervised models.

As it is a multilabel classification problem, we add a number of one-vs-rest classification

layers (one for each class) on top of BERT, and update all parameters during fine-tuning. In

addition, following Gururangan et al. (2020), we also experiment with adaptive pretraining

for BERT, i.e. before we fine-tune BERT to our task, we pretrain the off-the-shelf BERT

using the masked language model (MLM) objective on the CCS document set we described

in Chapter 4.
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NT % Sentence Length

Deny-Responsibility 11.47 44.43
Deny-Injury1 8.78 44.71
Deny-Injury2 9.67 41.56
Deny-Victim 23.18 42.31

Condemn 35.67 49.89
Loyalties 21.23 48.87
Justify 4.01 50.09
NONE 7.52 36.31

Table 5.3: Distribution across classes.

1. SVM: we adopted a standard linear-kernel SVM in one vs. rest mode to a multilabel

setting (Schölkopf et al., 2000) where each class is treated as an independent binary

classification problem (one class is positive and the rest are negative).

2. BERT: Standard supervised BERT (Devlin et al., 2019) fine-tuned using the labelled

data.

3. BERTtopic Peinelt et al. (2020) proposed a topic informed BERT which combines

topic model features with BERT for the task of semantic similarity detection and

proved particularly effective in domain-specific scenarios. Taking inspiration from this,

we also experiment with a similar methodology by first training LDA (Blei et al., 2003)

topic model on the collection of CCS documents. These documents were gathered

from 15 different Climate Sceptic organizations as detailed in Chapter 4. Once the

LDA topic model is trained, we move on to the inference phase. Here, we determine

the topic distribution for the input sentence and combine it with the [CLS] token from

BERT. The parameters of the topic model are optimised using the Normalised Sigmoid

Score (NSS), a metric we introduced in Chapter 3.

4. MTEXT: A semi-supervised BERT-based model based on Chen et al. (2020) detailed

in Section 5.2 but extended to a multilabel setting. The supervised objective (Ls) uses

standard cross-entropy loss whereas the unsupervised objective uses consistency loss

(Lcl) in the form of KL-divergence, and an entropy minimization loss Lem for the
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unlabelled set is added, yielding the overall objective Lnt = w1Ls + w2Lcl + w3Lem,

where wx are tunable hyper-parameters.

5. MTEXTmulti: As we saw in Section 5.2, NT is associated with SCIENCE and

POLICY frames. We experiment with adding these frames (including the NONE

class, 3 in total) as an auxiliary objective, creating another supervised loss (L f rame).

L f rame is implemented as multilabel loss, as a sentence can have both SCIENCE

and POLICY frames. The final objective is Lnt + αL f rame, where α is a tunable

hyper-parameter.

6. BERT∗ : Following Gururangan et al. (2020), we also experiment with adaptive pretrain-

ing for BERT, i.e. before we fine-tune BERT to our task, we pretrain the off-the-shelf

BERT using the masked language model objective on CCS documents from previous

chapter. Models with adaptive pretraining are marked with ‘*’

7. BERT∗topic: Similar to above, BERTtopic but with adaptive pretraining.

8. MTEXT∗: MTEXT with adaptive pretraining.

9. MTEXT∗multi MTEXTmulti with adaptive pretraining.

At test time, we add two extra post-processing rules for the NONE class: (1) it is automat-

ically selected if all other classes are predicted to be absent; and (2) it is never selected if any

other classes are predicted to be present.

We split the labelled data into train/dev/test with 450/135/200 sentences. The semi-

supervised models (MTEXT variants) also have access to the unlabelled 7215 sentences. We

use the uncased BERT-base as the pretrained model for all experiments. We detail the full

training details and hyper-parameters in Section 5.4.1.

We present Precision, Recall and F-Score results for the test-set in Table 5.4.

To provide an approximate upper bound, we also present the estimated human performance,

which is computed by randomly isolating a worker’s annotations, and calculating the agree-

ment with the rest, repeating this 100 times to reduce variance, and averaging the results.
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Model Precision Recall F-Score

BERT 0.57 0.62 0.59
BERT∗ 0.60 0.64 0.62

BERTtopic 0.63 0.56 0.59
BERT∗topic 0.63 0.54 0.58

MTEXT 0.62 0.71 0.66
MTEXT∗ 0.63 0.71 0.67

MTEXTmulti 0.64 0.73 0.68
MTEXT∗multi 0.62 0.71 0.67

SVM 0.78 0.39 0.49

Human 0.69 0.72 0.70

Table 5.4: NT multi-label classification performance.

We first look at the (fully) supervised results, and see that the baseline BERT performs

the worst, but adaptive pretraining (BERT∗) boosts performance. Looking at BERTtopic we

see it is marginally better than BERT but loses its competitive with adaptive pretraining i.e

F-Score of BERT∗ > BERT∗topic .

Moving on to semi-supervised models (MTEXT, MTEXT∗ , MTEXTmulti and MTEXT∗multi),

we see consistent gains, highlighting the benefits of using unlabelled data. MTEXTmulti

with its multi-task objective gives a small but appreciable gain over MTEXT, producing

performance that is on par with human performance. Interestingly though, adaptive pre-

training (MTEXT∗ and MTEXT∗multi) does not seem to be of much help. We suspect this is

because both techniques are broadly based on the similar idea, i.e. to improve performance

by leveraging additional unlabelled data. In MTEXT∗ we use adaptive pretraining for the

model to adapt to the climate sceptic data. In the case of MTEXT∗multi we try to achieve a

similar objective using unlabelled examples but with a different technique. The baseline SVM

has the lowest performance

To better understand how “data efficient” these models are, we present F-Score over

varying amounts of labelled training data for BERT, BERT∗ , MTEXT and MTEXTmulti in

Figure 5.6. We see that MTEXT and MTEXTmulti outperform BERT and BERT∗ substantially
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Figure 5.6: F-Score performance over increasing amounts of training data.

with only 30% of training data (135 instances), and maintain their strong performance as data

quantity increases, showing that in situations with few labelled examples semi-supervised

learning is even more beneficial.

Finally, we present a breakdown of F1 scores for each class in Table 5.5. Adaptive learning

mostly improves the two large classes (Deny-Responsibility and Loyalties) for

BERT vs. BERT∗ . When we incorporate semi-supervised learning (MTEXT and MTEXTmulti),

we see large improvements for all the small classes (Deny-Injury1, Deny-Injury2,

and Justify), suggesting that semi-supervised learning benefits the smaller classes most.

To get an estimated upper bound we also present human F1 scores for each class. Looking

at those scores, we observe that the gap with human performance is higher for the smaller

classes (Deny-Injury1, Deny-Injury2, and Justify) even for our best model,

highlighting the limitations of semi-supervised learning.
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Model Deny-Responsibility Deny-Injury1 Deny-Injury2 Deny-Victim

BERT 0.51 0.13 0.52 0.62
BERT∗ 0.57 0.13 0.49 0.64
MTEXT 0.68 0.40 0.73 0.65
MTEXTmulti 0.62 0.50 0.73 0.70
SVM 0.30 0.08 0.56 0.38
Human 0.64 0.62 0.88 0.65

Model Condemn Loyalties Justify NONE

BERT 0.72 0.72 0.00 0.20
BERT∗ 0.73 0.80 0.00 0.20
MTEXT 0.73 0.76 0.30 0.30
MTEXTmulti 0.73 0.80 0.35 0.30
SVM 0.68 0.67 0.00 0.00
Human 0.77 0.81 0.61 0.56

Table 5.5: F1 breakdown across classes in SCIENCE and POLICY frame. The largest
classes are bolded.

Span NT Prediction(s)

The authors of the new paper show that the aggregate models are making huge errors in three of
the places on earth that are critical to our understanding of climate. It’s high time that the scientific
community come clean about longstanding climate shenanigans.

Condemn

A scientific consensus has emerged among top mainstream climate scientists that “skeptics” or
“lukewarmers” were not long ago derided for suggesting — there was a nearly two-decade long
“hiatus” in global warming that climate models failed to accurately predict or replicate

Deny-Injury1
Condemn

Table 5.6: Examples of NT predictions on CCS Spans

In the previous chapter, we proposed a model for CCS detection at the document level

and employed it to highlight spans of text that exhibit scepticism (Table 4.10). To understand

CCS in more detail, we use our best model MTEXTmulti for NT detection on the examples

from Table 4.10 and show them in Table 5.6. Looking at the first example, we see the model

categorises it as Condemn as it is blaming the scientific community, and in the second

example it uses multiple neutralization techniques in conjunction i.e. Deny-Injury1 and

Condemn to construct the argument. Eyeballing them, we can see that these results are

in sync, as in first example there is an emphasis on “scientific community” to get its act

together and in second example talks about the “hiatus” and deriding “climate scientists”

corresponding to Deny-Injury1 and Condemn respectively.
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5.4.1 Technical Details

For the supervised BERT models, we use the following fine-tuning hyper-parameters: batch

size=10, epoch =3, learning rate=0.0005, number of epochs =3 and use BERT-base-uncased

as the base model. We tune our decision boundary threshold to classify the presence of a

label based on the development set resulting in 0.2 for Deny-Responsibility, 0.2 for

Deny-Injury1, 0.2 for Deny-Injury2, 0.3 for Deny-Victim, 0.3 for Condemn,

0.3 for Loyalties, 0.2 for Justify, and 0.2 for NONE.

For the semi-supervised MTEXT based models, we use the following hyper-parameters:

labelled batch size=2, unlabelled batch size=5, sharpening temperature=0.6, the beta dis-

tribution parameter = 0.2,5 learning rate=0.00005, w1 =1, w2 = 1, w3 = 0.8 and α = 0.8,

mixing layers= 7,9,12 and BERT model = BERT-base-uncased. We tune the decision bound-

ary threshold to classify the presence of a label based on development set, resulting in 0.75 for

Deny-Responsibility, 0.70 for Deny-Injury1, 0.70 for Deny-Injury2, 0.80

for Deny-Victim, 0.85 for Condemn, 0.80 for Loyalties, 0.70 for Justify, and

0.60 for NONE We perform data augmentation for unlabelled data using German and Russian

as pivot languages, following Chen et al. (2020).

For SVM, we use unigrams and bigrams as features with tf-idf weighting and the regu-

larization parameter C = 10. For BERTtopic (and BERT∗topic) we use 35 topics similar to

Chapter 3, and tune LDA on NSS.

In terms of computing infrastructure, we use RTX 2080 Ti and GTX 1080 GPUs. In

MTEXT based models we use 2 GPUs when trained with RTX 2080ti and 3 GPUs when

trained with GTX 1080 whereas for BERT-based supervised models they are trained on a

single GPU. As all the models are based on BERT-base-uncased, the number of parameters

is around 110M.6 We performed hyperparameter tuning using manual search, based on

F-Score on the validation set.
5We use a small value here to ensure the generated data in the model is similar to the labelled data with

lightweight noise regularization
6Strictly speaking number of parameters in MTEXTmulti is slightly higher due to auxiliary objective, but it

is insignificant overall.
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5.5 Conclusion

We draw on literature from social science literature and introduced the notion of “neutralisa-

tion” in the context of climate change. We developed a dataset made up of CCS sentences

from various sources and collected annotations of neutralisation techniques. Next we ex-

perimented with supervised pretrained models like BERT, domain adapted BERT, topic

enhanced BERT and semi-supervised BERT-based models like MixText. We showed that in

instances of sparsely labelled data for a new domain, we get substantial performance gains

with the help of unlabelled data. This can be quite useful as collecting large amounts of

annotated data is both expensive and time consuming. Additionally, we also see that adding

an extra auxiliary supervision signal to predict the frames via a multi-task objective can gives

additional small gains. One direction we did not explore in this chapter is the qualitative

analysis of error patterns, specifically focusing on human disagreements in annotations and

the topics or concepts where these disagreements occur and if the model errors follow similar

pattern to human errors. We leave this as part of future work.

So far in the thesis have discussed the detection of climate sceptic articles, identification

of highly misleading spans, and identification of neutralization techniques used in the

writing. In the next chapter, we will take a different direction by automatically generating

explanations, with the help of retrieval augmented generations and knowledge sources, to

debunk misleading claims in the climate change domain.



Chapter 6

Automatic Claim Review for Climate

Science via Explanation Generation

This chapter builds on:

Bhatia, Shraey, Jey Han Lau, and Timothy Baldwin. "Automatic claim review for climate

science via explanation generation." arXiv preprint arXiv:2107.14740 (2021).

This chapter diverges from the paper, with elements such as the problem statement, datasets

being retained. While the core problem idea remains the same, this chapter introduces the

use of an instruction-tuned LLM of Flan-T5 model, replacing the PLM T5 model used in

the paper. Additionally, it delves into the issue of hallucinations in LLMs and explores a

reference-free framework based on LLMs to assess the consistency of generated explanations.

6.1 Introduction

The previous two chapters delved into the the task of detecting articles and text spans

exhibiting climate change scepticism (CCS), and forming a more nuanced understanding

of CCS narratives through the means of framing and neutralization. The natural next step

is explaining why or how the claim is inaccurate i.e. the goal is to fact-check claims to
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Figure 6.1: An example of a claim review from climatefeedback.org reproduced from
Figure 1.4

verify their truthfulness and give a justification why they may not be truthful. Scientists and

experts have been doing this by manually supplying feedback for such claims, verifying their

truthfulness and offering the public scientifically sound information. Efforts to fulfill this

mission have led to the publication of expert feedback on websites like climatefeedback.org

and skepticalscience.com. Figure 6.1 gives us one such example where the claim from The

Sun Earth is about to enter 30-year ‘Mini Ice Age’, has been labelled as Incorrect, with

the “Key Take Away” being that Scientists cannot predict whether solar grand minimum

... is coming and even if one occurred, the consequences for average global temperatures

would be minimal. In this chapter, it is this process of fact verification with a textual

explanation/justification that we aim to automate, as a tool to assist climate science experts

to more efficiently respond to such claims.

climatefeedback.org
https://climatefeedback.org/
https://skepticalscience.com/
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We commence this chapter by reviewing issues surrounding claim verification and

revisiting Large Language Models (LLMs), as introduced in Chapter 2. Subsequently, we

briefly review the literature for retrieval strategies, covering traditional sparse methods like

BM25 (Robertson et al., 1995) as well as neural-based techniques like Sentence Embedding

(Reimers and Gurevych, 2019b) and Dense Passage Retrieval (Karpukhin et al., 2020).

We then delve into the literature on retrieval-augmented generation, tracing its origins to

open-domain question-answering systems that employ retriever and reader modules for

span detection tasks, and exploring how language models can be integrated with neural

retrievers. Next, we review evaluation metrics applied to text generation tasks, which include

n-gram-based and semantic-based methods and finally we discuss the idea of “hallucination”

in LLMs in detail.

Following the review of the literature, we present a dataset which consists of a knowledge

source and the paired data from ‘Climate-Fever’ which we detailed previously in Section 2.6.

We then introduce the task of generating explanations that justify the predicted veracity

label for a climate change claim. Next, we detail the architecture and our approach, which

draws on work on explainable fact checking (Atanasova et al., 2020) and retrieval-augmented

generation (Lewis et al., 2020b), in using the claim to: (1) find documents from a knowledge

source such as Wikipedia using a retriever; and (2) generate a veracity label and an explanation

for the claim based on the top-k retrieved documents using LLMs like FLan-T5 (Chung et al.,

2022).

Thereafter, we experiment with various system configurations and evaluate the generated

explanation models not only for their quality when compared to reference explanations

but also check for hallucinations i.e. whether the generated explanations are faithful to the

retrieved passages. We present results of our experiments and show that our best system

can generate high quality explanations. Finally, we employ G-Eval (Liu et al., 2023b), an

LLM based reference-free framework to check the consistency of generated explanations,

showing that the best generated explanations from our system may be better than the reference

explanations.
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6.2 Related Work

Fact-checking and the detection of fake news are vital tasks in discussions pertaining to

climate science across traditional and social media platforms. Initial research on misin-

formation predominantly concentrated on areas such as fake news detection (Vlachos and

Riedel, 2014), claim and stance verification (Ferreira and Vlachos, 2016), and propaganda

detection (Barrón-Cedeno et al., 2019; Da San Martino et al., 2019). Previously in Sec-

tion 2.6, we looked into the literature concerning general misinformation, fact-checking, and

the diverse terminologies related to them. We also discussed the progression of datasets

in NLP, such as LIAR (Wang, 2017) — sourced from PolitiFact and categorized into six

levels of veracity — and FEVER (Thorne et al., 2018), a dataset generated from Wikipedia

with ‘supported’, ‘refuted’ and ‘not enough info’ labels, and its climate change counterpart

(Diggelmann et al., 2020). These datasets were examined in conjunction with the stylistic

characteristic of misinformation, particularly focusing on the domain of climate science. This

chapter specifically zeroes in on the task of claim verification, which assesses the veracity of

specific claims using inputs like the claim and contextual information, with more granular

output categories reflecting the degree of truthfulness (Hassan et al., 2015; Thorne et al.,

2018) and justifications for the assessed veracity. Research closely aligned with explainable

fact-checking is found in Atanasova et al. (2020), which uses DistilBERT (Sanh et al., 2019)

in a multitask setting and performs the joint task of summarisation and classification of the

veracity of the claim.

We divide this section into 2 parts: (1) retrieval augmented generation (Section 6.2.1)

and (2) Evaluation (Section 6.2.2). Our focus is on generating explanations for given claims,

a process that involves using an external knowledge source to ‘retrieve’ relevant context for

a claim and then ‘generate’ an explanation based on this information and is thus form of

retrieval augmented generation. The task of explanation generation falls within the broader

category of text generation similar to tasks like machine translation or summarization, where

the generated text is compared with reference texts. To evaluate the quality of generated

text with reference texts a range of metrics including n-gram overlap measures like BLEU

or ROUGE, and semantic overlap assessments such as BERT-SCORE and BART-SCORE
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are used. We will briefly discuss these metrics and also recently introduced reference-free

metrics.

6.2.1 Retrieval Augmented Generation

There has recent work on investigating the ability of pretrained models (PLMs) like BERT

(Devlin et al., 2019), GPT2 (Radford et al., 2019), and T5 (Raffel et al., 2019) and scaled

up LLMs GPT-3/4 (Brown et al., 2020) and Flan–T5 (Chung et al., 2022) to capture factual

information (Petroni et al., 2019a). However, “knowledge” in these PLMs and LLMs is

stored in the parameters and not directly accessible, making it hard to interpret, extend, or

even query these models (Roberts et al., 2020a). One way of augmenting these models is

to combine them with external knowledge sources by retrieving passages that are relevant

to a given query (a claim, in our case). The text retrieval module can be either traditional

keyword based search methods such as BM25 (Robertson et al., 1995), sentence embedding

based retrieval (SER) (Reimers and Gurevych, 2019b) or neural retrievers such as dense

passage retriever (DPR) (Karpukhin et al., 2020) or its memory efficient counterpart binary

passage retriever (BPR) (Yamada et al., 2021). In embedding-based retrieval such as SER,

a bi-Encoder architecture comprising two BERT encoders is commonly used to separately

map both queries and documents into high-dimensional vector spaces. This model adopts

a Siamese network configuration, where the encoder weights are tied and optimized using

triplet loss. This loss function serves to minimize the distance between semantically similar

query-document pairs while increasing the distance between dissimilar pairs. DPR, like SER,

employs a dual-encoder architecture using two distinct BERT models to encode queries and

passages. However, a key difference is in the fine-tuning stage, where DPR uses separate,

untied weights for each encoder. The relevance score between a query and a passage is

computed as the inner product of their respective BERT encodings. An extension of this

approach is BPR which incorporates a hashing layer to convert the BERT encodings into

binary codes resulting in a more memory-efficient model, without substantial loss in accuracy.

Retrieval-based methods have been successfully applied to open domain question answer-

ing (QA) by combining the retriever with a “reader”, to extract the relevant answer from those
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passages. One of the datasets widely used for for training and evaluating models on tasks of

QA is The Stanford Question Answering Dataset (SQuAD). It consists of question-answer

pairs based on Wikipedia articles (posed by crowdworkers) where the answer to every ques-

tion is a segment of text (a span) from the corresponding reading passage. Chen et al. (2017)

introduced a span-based extractive framework trained with gold spans in a SQuAD setting

(Rajpurkar et al., 2016). The pipeline consists of two components: a document retriever

and a document reader, where the document retrieval component employs a TF-IDF-based

method to find relevant Wikipedia articles whereas the reader module uses a multi-layer

recurrent neural network to process the retrieved documents and extract the answers. Lee and

Hsiang (2019) argued against using separate information retrieval systems to retrieve context

passages, and proposed “open retrieval question answering”(ORQA), which jointly learns the

reader and retriever using only QA pairs (without explicit supervision over context passages).

The retriever is pretrained in an unsupervised setting using an “inverse cloze task” i.e. the

model is given a specific word or phrase and must identify the context or passage from which

it comes. This task allows the retriever to learn how to pick the most contextually relevant

passages, providing the necessary background for the query. Similarly, Guu et al. (2020) built

on this idea of jointly training a reader and retriever by introducing “Retrieval-augmented

language model pre-training ”(REALM) which incorporates a learned retriever into language

model pre-training, where the model is trained to optimize “salient span masking”, a variant

of masked language modelling.

Concurrently, Petroni et al. (2020) demonstrated that providing relevant context docu-

ments to BERT can dramatically improve its performance on cloze-style factual probing tasks,

without requiring any fine-tuning of the model. Following this, Karpukhin et al. (2020) pro-

posed Dense passage Retrieval (DPR) and showed that dense retrieval can outperform sparse

BM25 ranking for open-domain Question Answering by learning embeddings optimized

for passage ranking. Unlike models like REALM, which integrate retrieval into language

modeling, DPR primarily focuses on efficient passage retrieval using a dense vector space.

However,though models like ORQA, REALM, and DPR showed promising results they

have been limited in scope to open-domain extractive question answering. Addressing this,
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Lewis et al. (2020b) proposed retrieval-augmented generation, which combines a pretrained

language model with an external knowledge source accessed via a neural retriever such

as DPR or BPR, and jointly fine-tuned in a seq2seq manner and excels in a wide range of

knowledge-intensive tasks including open domain question answering, abstractive question

answering, jeopardy question generation and fact verification. Building on a similar idea,

Izacard and Grave (2020a,b) proposed the simple but highly effective “fusion-in decoder”

model, which combines evidence from multiple passages independently in separate encoders,

and attending to the combined representations in the decoder to generate the answer. Samari-

nas et al. (2021) extended the idea of passage retrieval to automatic fact checking, and

demonstrated that neural retrieval models can improve evidence recall. In our work, we

combine these ideas to jointly perform claim veracity classification and generate explanations

to justify the prediction.

6.2.2 Evaluation

There is a need to evaluate the quality of generated outputs, which is a challenging task in

the broader context of Natural Language Generation. Traditional n-gram reference based

metrics have been commonly employed for evaluation such as BLEU (Papineni et al., 2002)

which emphasizes on precision i.e the presence of generated text n-grams in the reference

output, and ROUGE (Lin, 2004), focuses on recall i.e. the presence of reference n-grams in

the generated text. Despite their utility, these metrics fall short in capturing semantic nuances,

as they primarily rely on lexical overlap. To address their shortcomings, embedding-based

metrics such as BERT-Score (Zhang et al., 2019) and BART-Score (Yuan et al., 2021) have

been adopted. BERT-Score leverages contextualized embeddings from the BERT model

(Devlin et al., 2019) , and BART-Score employs embeddings from the BART model (Lewis

et al., 2020a), to encode both the generated and reference texts into high-dimensional vectors

thereby enabling a more nuanced evaluation that accounts for semantic relationships.

Automated metrics offer a valuable approximation for evaluating generated outputs;

however, manual annotations remain the gold standard, despite being tedious and expensive.

Consequently, there is growing research emphasis on incorporating LLMs into the evaluation
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Figure 6.2: G-Eval Auto CoT example reproduced from Liu et al. (2023b)

process to mirror human judgement of generated text in a reference-free evaluation setting.

This approach is predicated on the idea that LLMs are capable of scoring outputs based

on generative probabilities, underpinning the hypothesis that these models ascribe higher

probabilities to texts of higher quality. Fu et al. (2023) introduced GPTScore, leveraging

GPT-3 for evaluation through zero-shot instructions and in-context learning. Building on

this, Liu et al. (2023b) developed the G-Eval framework, which uses GPT-4 (OpenAI, 2023)

to assess the quality of text generation and auto Chain of Thought (CoT) to assess the quality

of generated text. This framework incorporates the CoT methodology which was discussed

earlier in Section 2.5.2, which prompts the LLM to outline a sequence of intermediate

reasoning steps that enhances the evaluation process. The authors demonstrate that LLMs

can independently generate these reasoning steps in an “auto CoT” fashion, thereby refining

the evaluation results. Figure 6.2 gives an example of this approach, where the LLM is

initially fed with the task outline (e.g., summarization in this case) and evaluation criteria.

Subsequently, the LLM is instructed to generate auto CoT instructions that specify the
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evaluation steps, ultimately applying these steps to score the generated summary in a manner

akin to human annotation.

One of the shortcomings in LLMs is that they are prone to “hallucination”, which refers to

the phenomenon where the generated output contains new information that is not in the pro-

vided source content (Filippova, 2020; Maynez et al., 2020). Hallucination can be considered

as the converse of “faithfulness”, with the latter measures the degree of factual consistency

between the generated output and its source. Huang et al. (2021); Ji et al. (2023); Maynez

et al. (2020) categorised hallucination into 2 types; intrinsic hallucination, which contradicts

the source material; and extrinsic hallucination, where the output introduces content not

found in the source. In terms of the underlying causes around hallucination, a primary

cause is source-reference divergence i.e. where the training target contains information not

present in the source (Ji et al., 2023; Wang, 2020). Parikh et al. (2020) hypothesised that

source-reference divergence is not the only reason for hallucinations and there could be other

underlying causes such as modelling choices, decoding strategies which increase diversity

(Dziri et al., 2021) or parametric knowledge bias in PLMs and LLMs (Petroni et al., 2019b;

Roberts et al., 2020b), with Longpre et al. (2021) demonstrating that these models prioritise

parametric knowledge over provided input.

In terms of evaluating the degree of hallucination or faithfulness, there has been recent

work to study it in the context of abstractive summarization (Durmus et al., 2020; Koto

et al., 2022; Wang et al., 2020). Wang et al. (2020) introduced one such framework called

QAGS which involves generating questions from a system-generated summary and then

answering them based on both the original document and the summary with the factual

accuracy is measured by comparing the answers from both sources, using metrics like the F1

score. Koto et al. (2022) highlighted that this QA-based method has limitations, including the

need for specific tuning of hyperparameters, high computational demands, and difficulties in

adapting it for non-English languages due to specific training data requirements for the QA

and question generation models. As an alternative, they proposed using scores from a range

of pre-trained models and argued that the best approach to measure faithfulness in abstractive

summarization is by comparing the generated summary directly with the source document,
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rather than the reference summary, to avoid misclassifying content that is in the source but

not in the reference as hallucination. The scoring is given in Equation 6.1

FAMETRIC =
1
|Y ′| ∑

ti∈Y ′
A(ti,X ,n)

A(ti,X ,n) = MeanTop-n MET(ti,s j) s j ∈ X (6.1)

where ti and s j are sentences from the system summary Y ′ and source document X respectively.

MET can be any evaluation method like ROUGE, BERT-SCORE or BART-SCORE and n is

a hyperparameter. MeanTop-n matches sentence ti from the summary with each sentence

s j in the source document X and calculates the average score for the top-n best-matching

sentences. Specifically, when n = 1 it simplifies to a maximum condition, meaning it only

considers the score of the single best-matching sentence. In our context, this means that

the generated claim explanations should be assessed for hallucination by comparing them

against the retrieved documents rather than claim.

6.3 Datasets

We introduce the datasets in this section. The two key data components of our method are:

(1) an external knowledge source (“KS”); and (2) paired claim–explanation data with veracity

labels, where the explanation justifies the veracity class.

6.3.1 Knowledge Sources

We commence by introducing the knowledge source, which consist of large-scale databases

and document collections. These sources offer an extensive array of information that the

LLM leverages to improve its ability to generate responses. Our experiments use Wikipedia

(“WIKI”) as a primary knowledge source and later in Section 6.7 we employ our best model

to examine the impact of altering the knowledge source on generated explanation.
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Figure 6.3: Preparation of Claim–Explanation Data
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Wikipedia (“WIKI”): We use the processed Wikipedia dump from Dec 2018 as the

knowledge source (Chen et al., 2017; Karpukhin et al., 2020).1 To make the dataset topically

aligned to our task of climate change we filter the dataset at article level for the titles that were

used to construct evidences in the paired data of CLIMATE-FEVER (see Section 6.3.2). We

replicate the preprocessing steps of Chen et al. (2017); Karpukhin et al. (2020) and segment

each document into non-overlapping 100-word passages with a minor modification to avoid

mid-sentence terminations. To maintain textual integrity, we ensure that passages terminate

only at sentence boundaries, thereby avoiding mid-sentence fragmentation. Through this, we

generated 74K passages.

6.3.2 Creating Paired Claim—Explanation Data

We previously introduced CLIMATE-FEVER in Section 2.6, and here we simply provide a

brief recap as is relevant to our task in this chapter. Diggelmann et al. (2020) released this

dataset for climate change claim verification, consisting of 1535 claims, each accompanied

by five evidence sentences. Following FEVER (Thorne et al., 2018), it uses Wikipedia as

the knowledge source for the evidence sentences, and labels the veracity of each evidence

sentence according to 3 classes: supports (SUP), refutes (REF), and not enough info (NEI).

Each evidence sentence is annotated by upto 5 annotators, typically 2, and the majority

vote determines the micro label for that evidence. In cases of a tie between SUP and REF,

the label defaults to NEI. A claim’s overall label is based on the majority vote across the

evidence labels for its five sentences. However, if there is at least one SUP or one REF micro

label, and the majority is NEI, the claim is still assigned either SUP or REF (whichever has

a majority between them). A claim is labelled NEI only if all micro labels are NEI. The

claims serve as the input, and the evidences as the ground truth explanation or output

for training our explanation generation system. We create a claim-explanation pair for each

evidence where its label matches the claim label (micro label matches the overall label) and

filter out evidence sentences with differing labels, as shown in Figure 6.3.2

1Available via the DPR repository: https://github.com/facebookresearch/DPR
2Strictly speaking, there exists a ‘disputed’ class with a small proportion of instances, which applies when a

claim cannot be definitively categorized into one of the three main classes, often due to a tie in majority votes

https://github.com/facebookresearch/DPR
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Inspired by Lewis et al. (2020b); Thorne and Vlachos (2020) (based on FEVER), we

explore 2 configurations of CLIMATE-FEVER in our experiments: (1) 3-way classification

(“FEV3 ”) i.e. SUP, REF and NEI; and (2) 2-way classification (“FEV2 ”), where we

consider only SUP vs. REF. We split the two variants of CLIMATE-FEVER into training,

validation, and test sets using stratified partitioning. This resulted in: 963 training, 83

validation, and 332 test instances for FEV3; and 680 training, 50 validation, and 177 test

instances for FEV2. As each claim has multiple evidence sentences, this translates into a

total of 3196 claim-explanation pairs for FEV3, and 1671 claim-explanation pairs for FEV2.

In evaluating the quality of generated explanations for a claim, we consider the multiple

ground truth explanation sentences as references (in the inference phase). For consistency, we

refer to these generated outputs as explanations rather than evidence from this point forward.

Table 6.1 gives an overall example of the claim explanation paired data connected to the

knowledge source where the system will take a claim, retrieve the supporting passage from

our WIKI knowledge source, and then use this information to generate the explanation and

label.

6.4 Method

In this section we describe the model for explanation generation and veracity prediction. Our

model is based on the retrieval augmented generation architecture discussed earlier in the

chapter (Section 6.2) and uses the Flan-T5 (Chung et al., 2022) – an instruction tuned

LLM (Section 2.5.2) —adapted to process claim and support passages, to predict veracity

labels and generate explanation texts.

We divide our architecture broadly into two components: (1) retrieval (Section 6.4.1);

and (2) explanation and veracity generation (Section 6.4.2). Given a claim c, the role of the

retriever is to search for the most relevant (top-k) support passages zk from a knowledge

source (e.g. WIKI). In case of generation, given a claim with k support passages, each support

passage zk is concatenated with the claim c to generate the veracity label and explanation.

between SUP and REF. However, for the sake of consistency with the FEVER literature, we choose to exclude
this class from our analysis.



6.4 Method 124

Claim (input) Short term cooling over the last few years is largely due to a strong
La Niña phase in the Pacific Ocean and a prolonged solar minimum

Retrieved Documents 1. Surface temperatures when compared with the average value.
The accepted definition is a warming or cooling of at least 0.5
°C (0.9 °F) averaged over the east-central tropical Pacific Ocean.
Typically, this anomaly happens at irregular intervals of 2–7 years
and lasts nine months to two years. The average period length is 5
years. When this warming or cooling occurs for only seven to nine
months, it is classified as El Niño/La Niña "conditions"; when it
occurs for more than that period, it is classified as El Niño/La
Niña "episodes".

2. During a period of La Niña, the sea surface tempera-
ture equatorial Eastern CentralPacific Ocean will be lower than
normal by 3–5 °C (5.4–9 °F). An appearance of La Niña often
persists for longer than five months. El Niño and La Niña can
be indicators of weather changes across the globe. Atlantic and
Pacific hurricanes can have different characteristics due to lower or
higher wind shear and cooler or warmer sea surface temperatures.

3. This results in changes among ocean currents, and an
increase of the subtropical overturning, which is also related to
the El Niño and La Niña phenomenon. Depending on stochastic
natural variability fluctuations, during La Niña years around 30 %
more heat from the upper ocean layer is transported into the deeper
ocean. Model studies indicate that ocean currents transport more
heat into deeper layers during La Niña years, following changes
in wind circulation. Years with increased ocean heat uptake have
been associated with negative phases of the interdecadal Pacific
oscillation (IPO)

Explanation and Label
(output)

During a period of La Niña, the sea surface temperature across the
equatorial Eastern Central Pacific Ocean will be lower than normal
by 3 to 5°C (5.4 to 9°F)
Label: Refutes

Table 6.1: An example of the overall instance with knowledge source and the claim—
explanation paired data

The overview of overall architecture is presented in Figure 6.4. It is important to note that the

two boxes representing FLAN-T5 do not indicate separate instances of the FLAN T5 model.

Instead, they are used to illustrate that the same model (shared parameters) is employed for
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two different sub tasks: explanation generation and veracity prediction, each with its own set

of instructions.

6.4.1 Retriever: BM25 and SER

We experiment with two retrievers: (1) BM25 (Robertson et al., 1995); and (2) embedding

based retrieval SBERT (SER) (Reimers and Gurevych, 2019b). For BM25, the knowledge

source is stored in the form of document index. Claim texts are tokenised and entities are

linked to produce a sparse bag of words/concepts representation. We use Pylucene3 with

default parameters as the retrieval engine, and DBepdia spotlight4 for entity recognition and

linking.

SER utilizes a Bi-Encoder architecture featuring two BERT encoders with tied weights,

based on a Siamese network structure, to transform queries and documents into high-

dimensional vectors. The training objective of SER relies on optimizing a triplet loss

function consisting of an anchor (query), a positive example (relevant document), and a

negative example (irrelevant document). The objective is to minimize the distance between

the anchor and the positive example in the high-dimensional space while maximizing the

distance between the anchor and the negative example, thereby training the model to clus-

ter semantically similar texts closer together while pushing dissimilar ones apart. During

inference both queries and passages are encoded, and candidates are ranked using cosine

similarity. We show this in the retrieval part of the architecture in the retriever box part

of Figure 6.4. For our experiments, we use “all-mpnet-base-v2”5 model which is based

on the pretrained “mpnet-base”6 and fine-tuned on a diverse dataset of 1 billion sentence

pairs, sourced from a variety of platforms such as Reddit comments (Henderson et al., 2019),

S2ORC Citation pairs (Abstracts) (Lo et al., 2020), WikiHow (Koupaee and Wang, 2018),

MS MARCO triplets (Nguyen et al., 2016) and SQUAD2 (Rajpurkar et al., 2016) to name a

few. SBERT library was used for its implementation.7

3https://lucene.apache.org/pylucene/
4https://www.dbpedia-spotlight.org/api
5https://huggingface.co/sentence-transformers/all-mpnet-base-v2
6https://huggingface.co/microsoft/mpnet-base
7https://www.sbert.net

https://lucene.apache.org/pylucene/
https://www.dbpedia-spotlight.org/api
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/microsoft/mpnet-base
https://www.sbert.net
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Figure 6.4: Overview of our proposed method for generating an explanation and veracity
label for a given claim, based on text passages from a knowledge source.

6.4.2 Explanation Generation

Chung et al. (2022) introduced the Fine-tuned Language Net T5 (FLAN-T5), which refines

the capabilities of T5 (Raffel et al., 2019) through the adoption of instruction fine-tuning

enabling it to adeptly interpret and execute a diverse array of tasks based on direct language

instructions. As discussed earlier in Section 2.5.2, instruction tuning involves preparing

instruction formatted instances which includes task descriptions and input-output pairs to fine

tune the mode. Here in our specific context, our task description include “Given the climate

claim and context documents, provide a fact-check explanation using the context documents"

or “Given the climate claim and context documents, provide a veracity label using the context

documents" for explanation generation and veracity labelling tasks respectively. The paired

claim and explanation data, generated as outlined in Section 6.3.2, serve as the input-output
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pairs for this process. We then fine-tune FLAN-T5 using the training partition of this ground

truth data. To enhance the model’s context understanding, we employ retrieval-augmented

generation which involves retrieving relevant passages from a knowledge source using a

retriever (Section 6.4.1) based on the input claim and appending this information to the claim,

as illustrated in Figure 6.4. For a given claim with k support passages, each support passage

zk is concatenated with the claim c to produce claim–passage contexts e = [c;z1;z2;z3...z j],

where 1 ≤ j ≤ k. This joint processing of claim—passage (multiple) contexts in the LLM

allows the model to summarise the evidence from multiple passages.

6.5 Experiments

In this section, we present the experimental details and evaluation criteria/metrics employed.

To reiterate, our experiments use a paired dataset, CLIMATE-FEVER (with evidences items

constructed from WIKI) and also use WIKI as the external knowledge source in these

experiments.

1. Claim only retrieval (CL-ONLY): In this configuration, only the claim is fed into the

retrieval system, which then searches for the top-k most relevant passages.

2. Claim and explanation retrieval (CL-EXP): In this setting, both the claim and its

corresponding paired evidence are input into the retrieval system to search for the

top-k relevant passages. The intuition for this approach is that passages crucial for con-

structing the explanations are more likely to be retrieved to minimize the issue around

source—reference divergence. With this approach, it’s likely that we could potentially

retrieve passages that overlap with the explanation, because these explanations are

evidence passages in ‘Climate-Fever’ which are Wikipedia passages in the first place.

It should be noted that this method is employed only during the training phase; for

inference, only the claim is used for retrieval (as there is no explanation at test time -

that’s the output we want to generate)
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3. Claim explanation paraphrase retrieval (CL-PP-EXP): Extending the CL-EXP con-

figuration, an additional step is incorporated. Here, the ‘paired explanation’ is para-

phrased using a LLM to maintain semantic coherence, that explanation generation

system doesn’t learn to simply copy the retrieved passage text at test time after fine-

tuned (preventing span copying from the original contextual documents). Similar to

CL-EXP, this approach is exclusively applied during the training phase, whereas only

claims are used for retrieval during the inference phase.

To assess label veracity prediction, we use classification accuracy (ACC). We evaluate

the performance of the generated systems along two axes: (1) the quality of the generated

explanations with a given reference explanation; and (2) the faithfulness of these explanations

with respect to the retrieved passages. The first axis evaluates the extent to which the

generated explanations agree with the reference, and the second measures for hallucinations,

ensuring the generated content is grounded by the source (retrieved) passages.

For faithfulness, we borrow the approach of Koto et al. (2022), which we discussed earlier

in Section 6.2.2. They assessed the faithfulness in abstractive summarization of a generated

summary by comparing it to source documents, where a summary is matched with each

source sentence and the average score for the top-n best-matching sentences is returned. The

intuition behind measuring across the top-n is that information in a summary sentence might

potentially be drawn from different sentences in the source article. Analogously, we quantify

faithfulness by contrasting the generated explanations with the top k retrieved passages using

ROUGE-1, ROUGE-L, and B-SCORE.8

To provide a comprehensive assessment of faithfulness, we introduce two scoring mech-

anisms: Max score (Max) and Average Top-k score (Avg), for the evaluation metrics of

B-SCORE, ROUGE-1 and ROUGE-L. The max score is computed based on the highest-

scoring passage with the evaluation metrics (B-SCORE, ROUGE-1 and ROUGE-L), while

the Average Top-k score is calculated as the mean score across the top-k retrieved passages.

The rationale for employing both metrics is to measure the extent to which multiple passages

8Faithfulness and consistency mean the same in this context and are used interchangeably, whereas halluci-
nation is the converse of them
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System Retriever
B-SCORE ROUGE-1 ROUGE-L ACC
FEV2 FEV3 FEV2 FEV3 FEV2 FEV3 FEV2 FEV3

CL-ONLY
SER 0.85 0.84 0.20 0.21 0.18 0.18 0.78 0.59
BM25 0.83 0.83 0.20 0.19 0.18 0.18 0.76 0.57

CL-EXP
SER 0.89 0.88 0.30 0.32 0.27 0.26 0.80 0.61
BM25 0.88 0.87 0.29 0.30 0.24 0.24 0.78 0.58

CL-PP-EXP
SER 0.86 0.86 0.26 0.25 0.20 0.20 0.80 0.61
BM25 0.86 0.84 0.25 0.24 0.20 0.19 0.79 0.57

Table 6.2: Performance of the models for explanation generation (B-SCORE, ROUGE-1 and
ROUGE-L); and veracity prediction (ACC) over WIKI.

contribute to the construction of the explanation. Specifically, a high variance between

the Max and the Avg score suggests that the generated explanation is predominantly influ-

enced by a single passage. Conversely, a lower variance indicates that the explanation uses

information from multiple retrieved passages.

6.6 Results

In this section we present the empirical findings of our experiments. Our initial analysis

compares the efficacy of different retrieval algorithms i.e. BM25 and SER, in the context

of veracity prediction and explanation quality. Looking at Table 6.2, we see that SER

generally outperforms BM25 for both FEV3 and FEV2. As such, we base the remainder of

our experiments exclusively on SER.

We then evaluate the quality of the explanations generated by these models against

a reference explanation. We evaluate the performance of explanation generation using

ROUGE-1, ROUGE-L (Lin, 2004) and BERT-score (B-SCORE) (Zhang et al., 2019)). As

discussed previously in Section 6.2.2, ROUGE-1 and ROUGE-L evaluate the overlap between

the generated text and the reference text, and B-SCORE tries to capture the semantic richness

of the text, offering a more nuanced evaluation compared to traditional n-gram overlap

metrics such as ROUGE. Table 6.2 shows that the CL-EXP model consistently performs
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the best across the metrics of B-SCORE, ROUGE-1, and ROUGE-L for both FEV3 and

FEV2. We hypothesize that the marginally lower performance of the CL-PP-EXP model

stems from the inclusion of a paraphrase phase during training, which, may not align as

closely with the references as those produced by CL-EXP. Further evaluation of model

faithfulness is presented in Table 6.3 and Table 6.4, which, compares performance of different

configurations across the Max and Avg scores in the FEV3 and FEV2 setting respectively.

For both settings, we see a similar trend. The CL-ONLY configuration scores lowest on both

dimensions i.e. performance with respect to a reference explanation and for faithfulness,

indicating a propensity towards hallucination. This can attributed to the idea of source

divergence bias which we had mentioned previously in Section 6.2.2, wherein the retrieved

passages in the training phase does not align with the content of reference evidence claims,

prompting the model to learn to hallucinate and generate non-factual content.

Conversely, CL-EXP demonstrates improved scores over CL-ONLY. but with a notable

difference between Max and Avg scores. This suggests low degree of hallucination but

a narrowed attention to singular passages, thereby reducing the task to copying from one

passage. This observation is significant considering that the reference explanations in the

CLIMATE-FEVER dataset are also grounded in WIKI, the same source of knowledge for our

model. That is, because in the training data we have instances where the retrieved passage

overlaps with the explanation, the model is encouraged to do passage copying, leading to

this behaviour. Lastly, we observe in CL-PP-EXP an increase in Avg and a reduction

in difference between Max and Avg compared to CL-EXP, indicating a more balanced

approach. This points to a reduction in hallucination and suggests that the model generates

explanations by integrating information from multiple passages.

To check the effect of the number of retrieved documents for both BM25 and SER, we

present ACC at different retrieval depths k (between 1 and 20) in Figure 6.5. We see that for

both FEV2 and FEV3, in the case of SER we achieve the best performance with 5 documents,

before dropping slightly and flattening out. In the case of BM25, it takes more retrieved

documents (10) to reach the best performance, before either flattening out or dropping back
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System Dimension B-SCORE ROUGE-1 ROUGE-L

CL-ONLY
Max 0.87 0.39 0.25
Avg 0.83 0.19 0.15

CL-EXP
Max 0.95 0.81 0.78
Avg 0.84 0.25 0.19

CL-PP-EXP
Max 0.90 0.51 0.46
Avg 0.86 0.35 0.24

Table 6.3: Performance of the models in terms of faithfulnesses i.e. generation against
retrieved documents for FEV3.

System Dimension B-SCORE ROUGE-1 ROUGE-L

CL-ONLY
Max 0.87 0.38 0.24
Avg 0.84 0.21 0.15

CL-EXP
Max 0.96 0.82 0.78
Avg 0.86 0.27 0.20

CL-PP-EXP
Max 0.91 0.53 0.47
Avg 0.86 0.38 0.25

Table 6.4: Performance of the models in terms of faithfulnesses i.e. generation against
retrieved documents for FEV2.

in performance, suggesting that the retrieval quality of SER is higher than BM25 for small

values of k.

Noting that the generation evaluation metrics (B-SCORErs , ROUGE-1, and ROUGE-L)

may not tell the whole story, we present example generations in Table 6.5 for the three

different model configurations. In the case of CL-ONLY, the generation is a hallucinated

general statement unfaithful to the the retrieved context whereas in the case of CL-EXP we

can see that the generation is a copy of the reference, reinforcing the fact that the system maps

into a span detection task in this setting. In CL-PP-EXP, the generated output is longer

and draws elements from different retrieved passages, thus resulting in a more coherent and

detailed explanation.
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(a) FEV2 (b) FEV3

Figure 6.5: ACC performance over different numbers of retrieved documents for SER and
BM25, with WIKI.

Text

Claim: Global Warming is not increasing the risk of heatwaves
CL-ONLY: Global warming is he ongoing increase in global average temperature and its effects
on Earth’s climate system.
CL-EXP: Warming boosts the probability of extreme weather events, like heat waves, far more
than it boosts more moderate events
CL-PP-EXP: In the last 30–40 years, heat waves with high humidity have become more frequent
and severe, with extreme hot nights having doubled in frequency. These heat waves are caused by
the increase in global temperatures, which is causing the Earth’s climate to become warmer and
more acidic. This is resulting in more frequent heat waves, which can lead to more extreme weather
events, such as heat waves.
Reference: Warming boosts the probability of extreme weather events, like heat waves, far more
than it boosts more moderate events

Table 6.5: Example generated explanations for different models with WIKI as knowledge
base

6.6.1 LLM - Reference free evaluation

In this section, we use G-Eval framework, a tool devised for reference-free evaluation. We

found that CL-PP-EXP produces less hallucination and detailed explanation Table 6.5. But

this behaviour (of producing detailed explanation) is penalised by our current reference-based

metrics. To this end, we use the G-Eval framework, (Section 6.2) to perform reference-free

evaluation to better understand the quality of the generated explanations. It leverages a

LLM facilitated by chain-of-thought prompting, enabling a nuanced evaluation of output
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Figure 6.6: GPT-4 Evaluation for Consistency using G-Eval

quality that has shown to correlate strongly with human judgements. We adapt it to our

task to check for “consistency” between retrieved passages and reference and generated

explanations (by CL-EXP and CL-PP-EXP). The methodology involves presenting the

LLM with a prompt outlining the task, accompanied by evaluation criteria, prompting it

to auto-generate a sequence of chain-of-thought steps, as shown in Figure 6.6. In terms of

implementation, we use GPT-4 as our LLM of choice and sample 10 iterations with n = 10

and a temperature = 1, and then calculate the mean score across these samples (analogous

to having 10 different annotators).

We present the results of our experiment in Table 6.6. According to the G-Eval framework,

CL-PP-EXP outperforms other models, demonstrating the fact that CL-PP-EXP indeed

generates explanations which are grounded better in the retrieved documents. Comparatively,

the scores for the reference explanations and those generated by CL-EXP are close, often

because CL-EXP tends to produce explanations with a language similar to the ground truth

reference.
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Model Mean Consistency Score

CL-EXP 4.08
CL-PP-EXP 4.58
Reference 4.14

Table 6.6: Consistency evaluation using G-Eval

Text

Claim: CO2 does not cause climate change, it RESPONDS to it ...
PUBS The rise in global temperature is caused by the increase in atmospheric carbon dioxide
(CO2), which is a greenhouse gas that traps longwave radiation and increases the Earth’s temperature.
This increase in temperature is accompanied by a decrease in the amount of precipitation, which can
lead to a rise in sea levels. This can have a significant impact on the environment. Label:REF
CCS The Earth has been warming for the past 4,000 years, but it has never stopped the Earth from
entering an ice age, even when it was 4,000 ppm. This is due to the fact that the Earth is absorbing
more and more carbon dioxide, which is a result of the Earth’s warming. This means that the earth
is able to absorb more and more CO2. Label:SUP
WIKI: The scientific consensus on climate change is that the Earth is warming at an accelerated
rate due to the release of carbon dioxide into the atmosphere. This is a result of the burning of
fossil fuels, which releases carbon dioxide directly into the Earth’s atmosphere, causing it to warm.
This warming is causing the Earth to become warmer, which is resulting in the melting of ice sheets
and glaciers. Label:REF

Claim: Currently, sea-level rise does not seem to depend on ocean temperature, and certainly not
on CO2
PUBS:The rate of sea level rise is expected to continue to increase with continued global warming,
and even if temperatures are stabilized through the phasing out of greenhouse gas emissions, sea
level is still expected to rise for centuries. This will affect coastal areas worldwide, and robust
projections are needed to assess mitigation options and guide adaptation measures. Label:REF
CCS: The IPCC has consistently refuted the claims of the scientific community that sea levels are
rising due to rising temperatures and that the effects of climate change are not yet known and has
also argued that the rise in global temperatures is not caused by the increase in greenhouse gases,
but rather by the effects on the oceans. This claim is also dependent on the residence time of CO2
in the atmosphere, which probably is much less than alarmists believe. Label:SUP
WIKI: The Intergovernmental Panel on Climate Change (IPCC) has estimated that we are already
committed to a sea-level rise of approximately for each degree of temperature rise within the next
2,000 years. Warming beyond the 2°C target would potentially lead to rates of sea- level rise
dominated by ice loss from Antarctica. Continued carbon dioxide emissions from fossil fuel sources
could cause additional tens of metres of sea level rise, over the next millennia. Label:REF

Table 6.7: Example generated explanations for the CL-PP-EXP model with PUBS, CCS
and WIKI as knowledge bases
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6.7 Alternative Knowledge Source?

In the preceding sections, we employed WIKI as the primary knowledge source for our

experiments, examining various system configurations to determine optimal performance.

However, we did not to assess the impact of alternative knowledge sources may have on

explanation generation. Here we will first introduce 2 other knowledge sources on opposite

ends of spectrum and then test it on CL-PP-EXP system settings.

• Peer-reviewed PubMed abstracts and IPCC reports (“PUBS”): A combination

of climate change-related abstracts from PubMed,9 and reports from the Intergovern-

mental Panel on Climate Change (IPCC).10 PubMed is a database of peer-reviewed

publications primarily in the biomedical domain, but also including other high-profile

scientific journals. We sample publications relating to climate science, and extract the

title and abstract of each publication. IPCC reports are written by a mix of scientists,

experts, and policy makers. They are based off peer-reviewed publications, and are

intended to provide a comprehensive summary of a given topic relating to topics such

as the physical science of climate change, climate change impacts, or the mitigation of

climate change. We apply similar preprocessing on this data as WIKI and segment it

into non-overlapping 100-word passages, resulting in 123K passages.

• Climate Change Scepticism articles (“CCS "): This is the dataset we complied in

Section 4.3 for the task of CCS detection from 15 different organizations with known

climate change scepticism. The idea behind using this as a knowledge source here is

to to test for the impact of an adversarial data source on explanation generation for

claims.

Here, we substitute WIKI with the knowledge bases of PUBS and CCS in the CL-PP-EXP

system without any further fine-tuning. We present examples of generated explanations for

different knowledge bases in Table 6.7. Observations from the examples indicate that expla-

nations derived from PUBS have a more scientific undertone, often referencing contexts from
9https://pubmed.ncbi.nlm.nih.gov/

10https://www.ipcc.ch/

https://pubmed.ncbi.nlm.nih.gov/
https://www.ipcc.ch/
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IPCC reports, whereas those from CCS display a spectrum of perspectives, ranging from

scepticism to outright misinformation, as evidenced by incorrect citations of IPCC findings

in the second example. These differences underscore the nature of the sources within the

respective knowledge bases. It is crucial to emphasize that the model exhibits a high degree

of faithfulness, employing the retrieved contexts accurately in the generation process but

the veracity of the generated explanations turns out to be altogether a different proposition

as it is now a function of a knowledge source employed. These results show is that system

can generate misleading content, and so the critical thing is to make sure that the knowledge

sources are “reputable” (which is not an NLP problem, but rather a meta/world knowledge

issue).

6.8 Conclusion

In this chapter, we examined the task of claim verification, focusing on both veracity pre-

diction and explanation generation. We commenced the chapter with a review of retrieval-

augmented generation, tracing its roots in open-domain question answering and providing an

overview of the literature around the evaluation metrics applied to text generation tasks, and

hallucination — examining the underlying causes. We then turned our attention to relevant

datasets, such as Climate FEVER and external knowledge sources like Wikipedia setting the

stage for our experiments. Subsequently, we detailed our Flan-T5 based retrieval-augmented

generation system and experimented with different system settings to highlight the impact

of different retrievers, the utility of reference explanations in the retrieval process, and the

efficacy of paraphrasing techniques in refining model performance. One minor shortcoming

we would like to highlight in the Climate Fever dataset is the use of different units; for

instance, claims might use British thermal units while evidence is presented in metric units,

leading to discrepancies. Furthermore, the evolving nature of evidence over time means

that what may be true today could be invalid in the past or future, a factor not typically

highlighted in claims. We did not look into these issues in this chapter but they are important

problems that future studies should consider.
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We also demonstrated how LLMs can serve as instrumental tools in assessing the quality

of explanations generated. While G-Eval looks promising, we do recognize the need for

human evaluation, potentially through annotation that involve ranking or direct scoring of

explanations. Another direction of human evaluation is to follow the “Fool Me Twice” ap-

proach (Eisenschlos et al., 2021), where users assess the veracity of evidence as explanations

are presented incrementally, helping to determine which explanations are most effective.

Finally we also investigated the changes in generated explanations with different knowledge

sources.

Our narrative throughout the chapters have evolved progressively — beginning with the

detection of climate change skepticism, understanding its complexities through framing and

neutralization, and culminating in this chapter with claim explanation. In the next chapter we

summarise our contributions and present avenues for future work.



Chapter 7

Conclusion and Future Work

In this thesis, we have addressed the complex issue of CCS, primarily a blend of misinfor-

mation, propaganda, hoaxes, and sensationalism that collectively undermine climate action.

This work contributes to the understanding and countering of CCS through the lens of four

NLP tasks.

Our first task involved using topic models to extract the underlying themes in documents.

We proposed an automated method to optimize and evaluate topic models at the model-

document level based on topic-document allocations, thereby helping us enhance the quality

of topic outputs that better capture the content of document collection.

Next, we developed a method for detecting CCS articles. By compiling a dataset and

applying pre-trained models, we enhanced their ability to identify stylistic and linguistic

elements characteristic of CCS, enabling the models to effectively differentiate between

CCS and non-CCS articles. We then explored understanding nuances of CCS articles using

framing and neutralization techniques. This approach revealed the classes of arguments

used in CCS texts. Due to limited annotated data, we applied these NLP techniques in a

semi-supervised setting, utilizing unlabelled data to improve classification performance.

Finally, we look into explanation generation, focusing on eliciting the reasons behind

a claim’s inaccuracy. This involved using LLMs in conjunction with external knowledge

bases, such as Wikipedia, to verify facts and ground the generated explanations based on

knowledge bases. We also investigated the issue of hallucinations in this context.
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Next, we summarise the findings of the thesis, then presents avenues for future work.

7.1 Summary of findings

In Chapter 3 we introduced an innovative automated method to optimize and evaluate

topic models, focusing on the model-document level through examining topic-document

allocations. Traditionally, topic models have been optimized using metrics such as perplexity

or topic coherence, primarily to rank or filter topics for end-user applications. However, these

metrics often provide limited insight into how accurately the topics represent the documents

in a collection. To address this gap, we explored an alternative approach for evaluating

topic models, centering on topic allocations within documents i.e. via topic intrusion. Our

proposed method employs Convolutional Neural Networks with an information retrieval

feature vector, to mirror the topic intrusion task. This improved the state-of-the-art at model

document-level evaluations and demonstrated the effectiveness of this method in ranking and

filtering topics, thereby enhancing the practical utility of topic models in various applications

In Chapter 4 we introduced the task of climate change scepticism detection, and devel-

oped a dataset made up of CCS articles, and documents from a range of non-CCS sources.

We proposed novel models based through domain adaptation of PLMs, and demonstrated

their effectiveness in both CCS document classification and span detection. We also found

that unidirectional models outperformed bidirectional models. Furthermore, we extended

our methodology to analyze short texts, such as tweets or brief news excerpts. While this

extension yielded some promising results, the performance on short texts did not quite match

that of longer texts.

Chapter 5 borrowed concepts from the social science literature and introduced the

notion of “neutralisation” and “framing” in the context of climate change scepticism. We

developed a dataset comprising of CCS sentences from various sources and annotated them

with neutralization and framing classes. Our experimental approach involved the use of both

supervised and semi-supervised models. We employed pre-trained models like BERT, along

with its domain-adapted and topic-enhanced variants, and explored semi-supervised methods
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like MixText. Our findings reveal that in scenarios with limited labeled data in a new domain,

significant performance improvements can be achieved by leveraging unlabeled data. This

can be quite valuable as collecting large amounts of annotated data is both expensive and time

consuming. Furthermore, we also see that incorporating an additional auxiliary supervision

signal can yield modest yet noteworthy performance enhancements.

In Chapter 6 we introduced the task of generating explanations to substantiate the

veracity labels assigned to claims about climate change. The chapter began with a review of

retrieval-augmented generation, tracing its origins in open-domain question answering, text

evaluation and the phenomenon of hallucination. We then discussed relevant datasets, such

as Climate FEVER, and external knowledge sources like Wikipedia to lay the groundwork

for our experimental investigations. LLMs are adept at encoding real-world knowledge

within their parameters and perform well over a range of test understanding and generating

tasks. However, they are also prone to producing hallucinations or nonsensical content. To

address this, we employed a retrieval-augmented generation approach, wherein the LLM

is linked to an external knowledge source through a retriever. This retriever searches the

knowledge source for relevant “facts” related to a given claim, and this information is

then fed into the LLM, which generates an explanation and veracity label for the claim,

grounded in the knowledge source. Our experiments with different retrievers demonstrated

that vector-based retrievers outperform keyword-based ones, and also that increasing the

number of retrieved documents enhances performance up to a point, peaking at 5 documents.

Subsequently, we proposed methodologies to mitigate hallucinations employing strategies

such as retrieval using generated explanations in the training phase and paraphrasing. Finally,

we demonstrated the utility of LLM-based evaluation methods like G-EVAL to measure the

extent of hallucination in the generated explanation and found positive results: the generated

explanations are faithful to human written explanations.

7.2 Future Work

Topic Model evaluation at the collection level
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In Chapter 3, we proposed an alternative approach to evaluate topic models, focusing on topic

allocations in documents through the concept of topic intrusion. This allowed us to move the

focus from topic coherence to optimizing topic models based on their topic allocation in each

document. However, topic models are also connected to a given collection and evaluation

and optimization of topics based on the full collection was not explored.

A good topic model at the collection level should demonstrate a good coverage of the

concepts the collection and also distinguish between different collections. For instance, if

we apply a topic model to song lyrics from Taylor Swift and The Beatles, the derived topics

should clearly differentiate between the two collections, reflecting their distinct characteristics.

Similar to the intrusion task discussed in Chapter 3, this could also be conceptualised as an

intruder task, where an annotator is presented with a set of topics (e.g. 5 topics) and is tasked

to select one topic that does not belong to the collection. However, this task would require

individuals (experts) with extensive knowledge of the specific collections, such as the full

works of Taylor Swift or The Beatles in this example. Alternatively, we can also train the

annotators by giving them time to read through a representative sample of documents in the

collection so that they can build an intuition of what should be captured in the topics.

Another approach to evaluating topic models at the collection level could be through the

lens of Information Retrieval by framing it as a document retrieval task. Typically, topics

in a model are represented as a list of top- n words, but they can also be expressed in other

forms, such as phrase labels (Bhatia et al., 2016). Drawing inspiration from the work of

Aletras et al. (2017), who evaluated the effectiveness of different modalities (list of n terms,

textual labels, or image labels) for a topic in a document retrieval task, we can extend this

idea. A well-optimized topic model should be able to retrieve relevant documents effectively.

If say a topic, expressed as a list of n terms used for retrieving documents, is too general or

coarse-grained, it will retrieve a broad range of documents, many of which may be irrelevant.

Conversely, if it is too fine-grained, it may only find a few documents. Therefore, employing

a metric that measures the number of relevant documents returned could serve as a means to

optimize topics and thus offer a novel method for evaluating topic models at the collection

level.
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CCS detection for short text

In Chapter 4, we tried to adapt our methodology for detecting CCS in articles by applying it

(zero-shot) to short texts, such as tweets. While this approach yielded some promising results,

the performance on short texts was notably lower compared to longer texts. This discrepancy

highlights a potential area for further research, specifically focusing on optimizing models

for the effective detection of CCS in short texts.

Given the limited availability of data for short texts, one viable strategy could involve the

generation of synthetic data using LLMs like GPT-4 through zero or a few-shot prompting

techniques. Recent studies, such as those by Veselovsky et al. (2023), have demonstrated

success in generating faithful synthetic data. Building on this, a PLM could be jointly

fine-tuned using both long and short texts. This approach could potentially bridge the gap

in CCS detection performance between different text lengths, offering a more robust and

versatile model capable of accurately identifying CCS narratives across various text formats.

Neutralization for other domains

In Chapter 5, we introduced the task of neutralization, defined as the justification or vin-

dication for deviant behavior, and proposed a method to categorize CCS arguments into

various neutralization technique classes. Our literature review in Chapter 2 highlighted how

neutralization has been applied in other domains such as greenwashing, corporate greening,

and fast fashion (Joy et al., 2012). Additionally, the tobacco industry’s use of neutralization,

involved campaigns to undermine scientific standards and spread skepticism (Fooks et al.,

2013; Oreskes and Conway, 2010).

Building on our work in the climate domain, an intriguing extension could involve

applying these neutralization techniques to other domains. That is, it would be interesting

to test whether the model developed for CCS neutralization techniques could be adapted to

other contexts, such as a health concern like a pandemic. For instance, the neutralization

technique of “appeal to higher loyalties (AHL)” in CCS which prioritizes economic progress

over climate action, could be transposed to pandemic scenarios where maintaining economic
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stability is deemed more crucial than controlling the spread of the virus. A promising

approach could involve fine-tuning an LLM for one setting, such as CCS, and then applying

few-shot learning with chain-of-thought (Wei et al., 2022) or tree of thought (Yao et al.,

2023) prompting to another context, like a pandemic. This method could potentially enable

the transfer of learned neutralization strategies from one domain to another, showcasing

the versatility and power of LLMs in understanding and adapting complex argumentative

techniques across various fields.

Improving Retrieval Augmented Generation

In Chapter 6, we explored the use of Retrieval Augmented Generation (RAG) with LLMs

for verifying and explaining misleading claims to ensure the LLM’s explanation is grounded

in external knowledge sources. However, this approach has its limitations. The quality of

the generated output is heavily dependent on the retrieved results, and thus, on the quality

of the retriever itself. Our method uses vector-based embeddings in a bi-encoder setting

where two separate encoders independently process a query and a document to retrieve the

top k paragraphs and chunks, which are then fed to the LLM for explanation generation.

This method is efficient, allowing for the pre-computation and rapid retrieval of document

embeddings. One potential improvement to the retriever is the addition of a cross-encoder

reranker which uses a single encoder to jointly process both the query and the document.

This joint processing allows the encoder to consider the interaction between the query and

document, which can lead to more accurate and context-aware relevance assessments. As a

cross-encoder is computationally expensive, one solution could be to use a fast retriever to

get an initial set of candidates before using the cross-encoder as a reranker.

Another challenge is the excess of irrelevant information in the retrieved paragraphs. To

address this, we could take the claim and the retrieved paragraphs from the retriever and

“compress” each paragraph by retaining only the context relevant to the claim. A separate

LLM could be trained specifically for this task. Recent work by Liu et al. (2023a) shows that

LLMs tend to miss information in the middle of longer contexts, making this strategy crucial

to ensure that only pertinent parts are retained. To further ensure the fidelity of the generated
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output to the source, we could make the model cite the paragraphs it used for generating

the output. Another direction, as explored in recent work by Yue et al. (2023), involves the

automatic evaluation of attribution. Such method could be used to ensure that the generated

output is supported by the cited reference, but also verify that the cited reference itself is not

a product of hallucination.
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