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From discourses to emotions: A Twitter data-driven study
of environmental worry using deep neural networks.

Abstract

Sustainability and climate change have become increasingly prominent issues in contem-
porary society. According to a recent survey conducted by the World Economic Forum,
almost half of all young people ranked climate change and environmental degradation as
the most serious issues facing our world, surpassing concerns over war or inequality (Ipsos
2022). This generation frequently uses social media platforms, such as Twitter, to voice
their opinions, share their feelings, and engage in dynamic and participatory conversations
about environmental issues.

This dissertation aims to investigate the discourses surrounding the climate crisis and
its emotions, adopting an interdisciplinary approach that integrates sentiment analysis to
offer deeper insights into climate psychology. A Twitter dataset containing over 40,000
English-written tweets, collected over four months, was pre-processed for this study. Em-
ploying the Long Short-Term Memory model, this study analysed interpersonal expressions
used about climate change, with a particular focus on negative emotive content.

The results of this investigation indicate that environmental worry is the most preva-
lent form of emotion expressed on Twitter about climate change, and it encompasses a
range of multifaceted expressions. Additionally, the vocabulary utilised in tweets employ-
ing negative or positive emotional content also differed significantly. Consequently, this
research offers valuable insights into developing effective online communication strategies
to inspire pro-climate action.
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Preface

My interest in emotions was sparked when I wrote my final year French Baccalaureate
paper on how our intentions can impact our actions. In addition, I gained experience in
Machine Learning (ML) when I worked as a junior data scientist in the Data Analytics
team of a large insurance company during the previous summer. Initially, I had planned
to merge these two areas into an original theoretical work, but upon further research, I
realised that this connection had already been established and was a developing field of
study. This discovery only furthered my interest in exploring how affections and ML could
intersect.

This existing field of study can be referred to as sentiment analysis. Sentiment anal-
ysis is commonly seen as a subarea of Natural Language Processing (NLP) in Artificial
Intelligence (AI), which identify and evaluate opinions expressed in text using automated
methods. Though sentiment analysis originated from computer science, it has spread
to management sciences and social sciences in the last years from predicting the stock
market using opinions from board posts (Mokhtari, Yen, and J. Liu 2018), interpreting
public opinions in the context of electoral policies (Nooralahzadeh, Arunachalam, and
Chiru 2013), or even predicting movie success and box-office revenue detecting emotions
from online reviews (Ha et al. 2019). It is characterised by its interdisciplinary nature,
drawing upon psychology, linguistics, and computer science knowledge to build its predic-
tive models. With the arrival of deep learning techniques such as deep neural networks,
the performance of emotion detection achieved relatively high performance in classifying
sentences into emotion classes.

This research project aims to analyse how people express their eco-anxiety on Twitter
using emotion analysis. Eco-anxiety refers to the anxiety caused by the threat of climate
change. To conduct this analysis, the project utilises a Long Short-Term Memory (LSTM)
model that is coded in Python. Additionally, basic linear algebra is employed to provide
understanding a deeper of the model architecture and to evaluate it.

Our study builds upon previous research and combines methodologies from the fields of
psychology and computer science to examine the range of negative emotions experienced
in response to the ecological crisis. Through this interdisciplinary approach, we aim to
develop new insights and draw original conclusions and narratives. By exploring eco-
anxiety and its various manifestations online, our project seeks to provide insight into the
keywords used to detect negative narratives in order to improve feelings about the more
informative climate change, ultimately leading to a more informative and constructive
discourse about climate change.
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Chapter 1

Introduction

The climate and the biodiversity crisis are probably the greatest challenges of our time
(Innocenti et al. 2021). The prevailing scientific agreement affirms the occurrence and
persistence of global warming, which will have significant impacts on both public and
environmental health (Zimbra et al. 2018). The Anthropogenic causes of climate change
can no longer be denied, and its systematic consequences involve the increase in the
prevalence and intensity of extreme weather events, temperatures, gradual climate changes
(e.g., rising sea levels, loss of biodiversity, ...) and increased risks of global pandemics (S.
Taylor 2020).

As public awareness of its irreversible impact increases, individuals are increasingly
experiencing distressing mental health symptoms. Indeed, becoming aware of climate
change as a global hazard and its associated risks can pose challenges to an individual’s
emotional and social well-being (Alexander 2021). Distress can result in negative emotions,
including fear, sadness, anger, anxiety, frustration, and hopelessness. In 2021, a research
study found that more than three-quarters of young people in ten surveyed countries
thought their future is frightening, with more than half of them thinking that humanity is
doomed(Cauberghe et al. 2021). For every person physically affected by a climate disaster,
40 are affected psychologically, says the report from the Grantham Institute at Imperial

College London demonstrating that climate change is as much a psychological problem as
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an environmental issue (Lawrance et al. 2021).

Although various authors have demonstrated that climate change affects mental health
by causing emotional distress, eco-anxiety defined by the American Psychiatric Association
as “a chronic fear of environmental doom” (Soutar and Wand 2022), has been primarily
researched when analysing the negative effect of the threat on people’s mental health. This
has resulted in underestimating or neglecting other negative emotions related to climate
change (Stanley et al. 2021).

To bridge this gap, this study aims to delve deeper into the variety of emotions re-
garding climate change, focusing on its negative expression. While positive emotions can
enhance our overall well-being, it is also crucial to acknowledge that negative emotions
also play an important role in maintaining good mental health. Differentiating negative
emotions is necessary as “while negative emotions are unpleasant, their degree of acti-
vation [can] differ” (Stanley et al. 2021,p.4). Indeed, negative emotions have different
purposes in signalling an oncoming threat and consequently different degrees of activation
to inhibit action or drive behaviour change. It has been established that individuals who
experience eco-anger are more likely to engage in pro-climate activism, whereas those ex-
periencing eco-depression exhibit less adaptive behaviour(Stanley et al. 2021)(Alm, Roth,
and Sproat n.d.). Enhancing comprehension of the extent and function of emotions with
climate change may enhance involvement by tailoring communication to the specific nega-
tive emotion and aiding individuals in managing climate-induced stressors (Leén, Negredo,
and Erviti 2022).

Traditional research methods like interviews and questionnaires have been widely
used for analysing emotions (Peters 2022)(Bouman et al. 2020)(Pihkala 2020)(Jabreel and
Moreno 2019). However, these methods fail to capture the dynamic nature and the mass
reach of such issues like climate change, whose knowledge and implications are continually
shifting. To address this, we propose a new approach that integrates social media data
analysis into climate psychology. Our methodology employs a deep neural networks model

that can be compared to a "microscope” making invisible phenomena in large amounts
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of unstructured text visible (McGillivray and Téth 2020). From this novel viewpoint, we
focus on interpersonal conversations on Twitter about climate change.

Based on the social cognitive theory, we made the argument that expression on climate
change could be understood in terms of expressed emotions(Budziszewska and Jonsson
2022. We classify under the umbrella term “environmental worry” all the traditional
negative emotions such as anger, sadness, frustration, etc.

This study aims to study the discourse on climate expressions on Twitter to get a
clearer picture of how people emotionally react to the climatic crisis, especially looking
closer at negative emotions. Beyond ”fact-checking”, this study aims at a better un-
derstanding of the circulation of different narratives related to climate change and those
related to eco-anxiety to improve the understanding of the issue.

To guide the scope of our research, we formulated the following research question:
Using data gathered from Twitter over four months, how do English-speaking
individuals communicate their negative emotions related to climate change?

To answer this question, we pose two sub-research questions (RQs):

- RQ1: How can we effectively translate emotions from textual social media content
using computational methods?

- RQ2: What could be the keywords to use in social media to generate an appropriate
anger propitious to generate actions ?

Through the exploration of these research questions, the following objectives are pre-

sented:

1. Examine social media narratives and conversations on climate change, especially

focusing on its negative emotive content.

2. Gain knowledge from tweets to guide strategies to address public concerns on climate

change and reduce anxiety behaviours in the future.
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Plan of the dissertation:

The dissertation will follow three main steps.

First, we will conduct a literature review to position our research within the context of
climate psychology and sentiment analysis. Second, we will develop an interdisciplinary
methodology by explaining the underlying assumptions of our models using basic algebra
and describing the dataset used. Finally, we will present and discuss our results, answering
the research question, and highlighting the limitations of our study. We will conclude by

providing suggestions for further work in the field of eco-anxiety.
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Chapter 2

Literature review

Psychology has only recently started studying the effects of climate change on mental
health. This delay in research is significant (Peters 2022). Sentiment analysis and cli-
mate psychology are relatively new fields of study (Pihkala 2020), with the latter still in
the process of establishing fundamental definitions, while the former continues to develop
its computational methods. Although there has been exponential growth in our under-
standing of sentiment analysis, research in climate psychology has yet to be extensively
explored.

We will look at how these fields intersect with social media studies through a literature

review.

2.1 Literature review on emotions and climate change.

The research established that exposure to the climatic events of climate change nega-
tively impacts physical health, mental health, and social relationships(Corral-Verdugo
2021). The phenomenology of climate change’s consequences varies widely; they might
be immediate or gradual, short-term, or long-term. Panic attacks, a decrease in appetite,
irritability, weakness, and lack of sleep are a few of the symptoms that can result from
climate anxiety (Wang et al. 2014). Though climate change and mental health are now

coming forth in literature, the exact definitions of the keywords and key concepts re-
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lated to this issue remain unclear due to their novelty and complexity (Pihkala 2020).
It is worth underlining that in some papers the connection between climatic events and
their emotions was described through the introduction of new terms such as eco-guilt
(Jabreel and Moreno 2019), ecological grief, eco-anger (Roxburgh et al. 2019), or even
solastalgia(Pihkala 2020). Additionally, discussions about “Ecological Anxiety disorder”
in Cultural Geography or “Anthropocene disorders” in Environmental Humanities do not
mean actual disorders of a pathological nature (Pihkala 2020). Clarifications of what we
mean by “environmental worry” are thus needed. This lack of agreement presents a sig-
nificant challenge for researchers seeking to investigate the relationship between climate
change and mental health, as it makes it difficult to establish common ground and develop
a shared understanding of the issue. We provided below a Glossary defining the keywords
used in this paper.

Keyword Definition
”Negative emotion An unpleasant emotional reaction that ex-
presses negative affect and often disrupts
progress towards one’s goals. Examples in-
clude anger, envy, sadness, and fear” (Asso-
ciation n.d.).
Affect The positive or negative feelings that an indi-
vidual has towards an event or object, which
can inform judgments and decisions by provid-
ing a quick evaluation heuristic (Brosch 2021).
Eco-anxiety A type of anxiety characterized by non-specific
worry about our relationship to support envi-
ronments, often involving a chronic fear of en-
vironmental doom (Soutar and Wand 2022).
Environmental worry | General concern or anxiety about the state of
the environment, including its impact on hu-
man health, wildlife, and ecosystems.
Climate anxiety Anxiety that is specifically related to Anthro-
pogenic climate change, caused by human ac-
tivities such as burning fossil fuels and defor-
estation (Brosch 2021).

Table 2.1: A glossary outlining the key definitions of the keywords used in the paper.

The dearth of scholarly investigations on the adverse emotional experiences associated
with climate change has prompted the inception of this interdisciplinary research study.
Despite the rising prevalence of eco-anxiety, investigating this phenomenon poses sub-
stantial challenges, as Pihkala has acknowledged, “the situation is further complicated by

the fact that there is not yet a common interdisciplinary field of studies on the subject”
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(2018,p.546) when writing on eco-anxiety.

Climate psychology scholarship is the predominant emerging field that aims to assist hu-
man beings in mitigating and adapting to climate change consequences. The most common
publication formats were review papers, publications using a qualitative methodology, and
theoretical papers (Peters 2022). Researchers in this field tend to use interviews and the-
matic analysis as their primary research methodologies. However, their ontological and
epistemological positions can influence the validity and reliability of their findings, limit-
ing the scope and potential impact of their research if they are too rigid in their beliefs.
In their systematic review, researchers argued that though the field is only a recent one,
there appears to be a predominance of studies situated within a qualitative approach
(Tam, A. K. .-. Leung, and Clayton 2021).

Additionally, ”literature on climate change tends to focus on a deficit discourse by pre-
senting individuals as unwilling to change or having insufficient information” (Peters, p.
514). In addition, despite the increased apparent demand for therapeutic support, very
little existing literature seems to address relevant and specific therapeutic interventions.
Therefore, there is an urgent need to look beyond the disciplinary field of climate psychol-
ogy scholarship and explore new methods to determine mitigating and adaptive behaviour
in response to climate change (Peters 2022).

It is crucial to comprehend these negative emotions and sentiments because they play a
significant role in determining people’s responses and reactions to the challenges posed by
the climate crisis. Climate psychologists, using the social cognitive theory developed by
Albert Bandura in the 1970s (Bandura 1986 - 1986), suggest that individuals’ self-efficacy,
or belief in their ability to achieve goals, influences their behaviour. Furthermore, accu-
mulating research in the affective sciences has demonstrated that emotions and affect have
a substantial influence on human information processing, decision-making, and behaviour.
Climate change perceptions and actions are predominantly driven by affect and emotions,
as research in the field has shown (Brosch 2021)(Bouman et al. 2020)(Stanley et al. 2021).

In social psychology research, anger predicts collective action, indicating that eco-anger
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could be more strongly related to collective action on climate change. Researchers used
online surveys to establish a relationship between eco-anxiety, eco-depression, and ac-
tions and found that experiencing eco-anger predicted better mental health outcomes,
greater engagement in pro-climate activism, and personal behaviours than experiencing
eco-anxiety (Fernandez et al. 2016)(Roxburgh et al. 2019). Furthermore, experimental
studies that investigated the effects of inducing collective guilt for human-caused envi-
ronmental damages, such as signing an environmental petition, and using positive and
negative environmental messages found that pride increased intentions to invest in envi-
ronmental protection, guilt increased willingness to repair environmental damages, and
anger increased tendencies to punish others for negative environmental actions (Brosch
2021).

Framing literature points out the insufficient scholarly attention paid to frames occurring
from casual conversations despite their effects on public perception (Jang and Hart 2015).
Methodological challenges have led to a scarcity of empirical research on framing interper-
sonal communications during the climate crisis. Responding to this gap in the literature,
we consider the space of Twitter conversations to be the natural field where interpersonal
everyday conversations a societal topic is unobtrusively measured and analysed.

Indeed, social media has become a rich repository for researchers to help in understanding
the public’s opinions and feelings about current events. As a source of news or a place
of debate, social media platforms have an important role in communications for climate
change. As of 2021, Twitter has 330 million active users (Sirisha and Chandana 2022).
A 2016 Pew Research Centre survey found that 762% of American adults now get news
on social media sites, with 18% doing so regularly” (Roxburgh et al. 2019,p.51). The
growth of social media as a source of news means platforms like Twitter are joining legacy
media as important mediators of discourse on climate change, making it a valuable and
unique data source for sentiment analysis and opinion mining. Surveys and experimental
evidence shows that concern about climate change increases with current media coverage,

sometimes coupled with direct experience such as fluctuations in local weather conditions.
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Finally, social media is driven by interactions and creates a new participatory culture,
which transforms passive individuals into active producers who produce and share con-
texts. People unable to express themselves on such a distressing theme such as the climate
emergency might be more likely to express themselves on Twitter due to its engaging plat-
forms and ‘anonymity’ (J. Leung et al. 2021). The literature review on climate change on
Twitter did not delve into the characteristics of the climate change conversation, nor did
it conduct a detailed analysis of incidents. Instead, the review centered on the quantity
of Twitter posts as an indicator of the level of interest in the topic (e.g., such as the pike
number of tweets around COP22). Especially in the climate change context, recent evi-
dence shows that selective media use and climate change perceptions mutually reinforce
each other, leading to opinion polarisation (Ledén, Negredo, and Erviti 2022). We thus
expect Twitter users to rely on issues frames to help reinforce their political positions.
In addition, social media can play a decisive role in bringing closer to people the topic,
facilitating public awareness, and fostering action to tackle it. The popularity and influ-
ence of negative tweets could potentially lead to a “snowball effect” on social media, as
regular social media users pick up sentimental feelings and opinions from tweets by others
(J. Leung et al. 2021). However, research on the role of social media posts and climate
awareness has barely scratched the surface.

In conclusion, the relationship between climate change and negative emotions is gaining
recognition in the literature. However, there is a lack of clarity in the definitions of the key-
words and concepts related to this issue, presenting a significant challenge for researchers.
Researchers demonstrated that the emotional experiences associated with climate have a
substantial influence on human decision-making and behaviour. As a result, there is an
urgent need to expand beyond the disciplinary field of climate psychology study to inves-
tigate new approaches for determining mitigating and adapting behaviour in response to

climate change.
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2.2 Literature review on emotion analysis

With the availability of state-of-the-art ML and NLP algorithms, sentiment analysis has
become a key tool in understanding human behaviour and offers numerous challenging
and fascinating research problems (O. Bruna 2016). Since 2000, sentiment analysis, com-
monly seen as a sub-area of NLP, has grown to be one of the most active field research
fields in AI (B. Liu 2015). Its theoretical framework touches every core of NLP, such as
lexical semantics, word sense, discourse analysis as well as information extraction (Col-
neric and Demsar 2020). It is defined as “an [...] area of research motivated to improve
the automated recognition of sentiment expressed in the text” (Zimbra et al. 2018,p.2). In
other words, through its models, sentiment analysis aims to assign to textual data a value
of its emotional weight or content. With the rise of Al, two branches have been devel-
oped within its field. On the one hand, traditional sentiment analysis is done with the
following three labels outputs such as “Positive”, “Negative” and “Neutral” (Antonakaki,
Fragopoulou, and Ioannidis 2021)(Markowitz and Guckian 2018). On the other hand, the
recent development of state-of-the-art NLP algorithms allowed us to analyse the emotions
of users in a more nuanced and detailed way classifying emotions from frustration to anger
or happiness (Markowitz and Guckian 2018) (Jain and Sandhu 2015).

Because of its multidisciplinary applications, research in the field does not only advances
the state of research in NLP but also management science, linguistics, political science, or
even economy, as these fields are concerned with customer or public opinion and discourses
(B. Liu 2015).

In this brief survey of the literature, we will describe the various attributes of sentiment
models by examining methods such as supervised and unsupervised learning, lexicon-based
techniques, and their application in opinion mining on social media platforms.
Recognising users’ emotions is a major challenge for both humans and machines. ML ap-
proaches are used to find different valuable patterns within huge and complex data. Most
current ML algorithms solve the current task as a text classification problem. To assign

“emotional content” value to an input, the machine needs to have an accurate ground
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truth for emotion. While supervised learning approaches rely on labelled training data
with sentiment labels to calibrate the model’s parameters, unsupervised learning identifies
patterns in the data directly, often using probabilistic models without prior knowledge of
the feature class distributions (Jabreel and Moreno 2019)(Mao et al. 2019)(Gautam et al.
2022).

The literature has shown that supervised learning approaches are more commonly used
in emotion detection, as they typically yield better results than unsupervised learning.
However, the quality of the training dataset is critical to the performance of the model
(Colneric and Demsar 2020). One approach to obtaining knowledge of the polarity and
intensity of emotional words is using public sentiment lexicons (Jabreel and Moreno 2019).
A sentiment analysis approach using pre-existing dictionaries of words labelled as posi-
tive or negative can be employed. However, it is important to note that words such as
"Happy” and ”Sad” may appear in similar emotional contexts but represent different emo-
tions. Therefore, relying solely on word co-occurrence may not be enough to capture the
emotional information of these words (Mao et al. 2019).

As phrases play a key role in determining the most appropriate set of emotions that must
be assigned to a tweet, we have prioritized the use of a human-annotated dataset of tweets
with their labelled emotions to train our classifier. By using this dataset, our ML model
can learn to recognize patterns in the training data and generalize them to make predic-
tions on new, unseen data.

Additionally, word embeddings such as Global Vectors for Word Representation (Glove)
(Chatterjee et al. 2019)(Mao et al. 2019) or Generative Pre-trained Transformer (GPT)
are NLP that assign a vector of real numbers, typically with several hundred dimensions,
to a word. These embeddings capture the meaning or semantic relationship of the word
to other words in its context. This allows the classifier to fully comprehend the content
of a word based on its surrounding context (Chatterjee et al. 2019)(McGillivray and Téth

2020).
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Chapter 3

Proposed Methodology

3.1 Methodology

“One of today’s cardinal tasks is to marry the philosopher’s literate ethics with the sci-
entist’s commitment to numerate analysis. Words are important, but they often require
a numerate cast”. (Hardin 1998,p.2) Bringing concepts between humanities and language
technology, we translated a qualitative research problem into quantitative research goals.
Indeed, analyses of social media information often adopt qualitative research method-
ologies by applying a grounded theory or phenomenological approach (Innocenti et al.
2021)(Budziszewska and Jonsson 2022). By integrating the tools of deep learning into a
topic traditionally researched using qualitative methods such as in-depth interviews, we
aim to provide a new outlook on eco-anxiety and advance a fundamental understanding of
climate psychology. Integrating results from various paradigmatic approaches is difficult

and requires precise methodology justified by the literature review.

3.2 Model: Long Short-Term Memory (LSTM)

In the below Methodology diagram 3.1, we present an overview of the many processes

we elaborated to select our model.
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Data Splitting

LowWarcase Tast dataset
(20%)

LETHM with Glave

Figure 3.1: Proposed methodology architecture diagram.

NLP is a subfield of Al that deals with understanding and deriving insights from human
languages such as text and speech. LSTM is an artificial neural network well suited for
text analysis as its network architecture can quickly learns grammatical dependencies. To
understand the LSTM concept, it is essential to understand RNN architecture as it is built
on its past work. RNN is a type of supervised deep learning that uses a feedforward arti-
ficial neural network which can handle variable-length sequence input. Unlike traditional
feedforward neural networks, RNNs use feedback loops to process sequences to maintain
memory over time. In the traditional RNN algorithm, recurrent units have very simple
structures that have no memory units and additional gates (Chatterjee et al. 2019). There
is only a simple multiplication of inputs and previous outputs, which is passed through the
corresponding activation function. Nonetheless, an LSTM recurrent unit contains gates,
which are used to maintain memory for long periods(Sirisha and Chandana 2022). Figure
3.2 highlights the main components that interact with each other to process sequential

data:

1. The input gate: This gate controls the flow of new input data into the cell. It

takes the input data and decides how much of it to let in.
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2. The forget gate: This gate controls the retention of information from the previous
time step. It decides how much of the previous cell state to forget.

3. The cell state: This is the "memory” of the cell, which stores information over

time. It is updated based on the input gate and forget gate.

4. The output gate: This gate controls the output of the cell. It produces the final
output of the LSTM cell.

nput Gate Output Gate M4

" )

Cell State from R\ Cell State to
timestamp =t - 1 OX 1 timestamp =t + 1
2 (0]

Hidden state input ’ Hidden sftate

(from l ) _ output for
timestamp = t-1) 4 /J timestamp =t + 1

Input Data;
Timestamp =t

Figure 3.2: A single memory block of LSTM RNN architecture. Source: (Rahuljha 2020)

LSTM recurrent unit:
Our model is mainly composed of three layers which are embedding, RNN algorithm using
LSTM recurrent units, and a fully connected sequential dense neural network (Saxena
2023). We created the embedding layer with a vector space of a dense dimension of 16
and an input sequence length depending on the length of the training dataset. Then for
LSTM, we used many of 250 several the last layer of our RNN network, we used a fully
connected neural network with a hidden layer containing 128 neurons and an output layer
composed of 6 output neurons. The detail of our model architecture is provided in more

detail by 3.3 .
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embedding_input | input: | [(None, 160)] embedding_1_input | input: | [(None, 160)]
InputLayer output: | [(None, 160)] InputLayer output: | [(None, 160)]
Y y
embedding | input: (None, 160) embedding_1 | input: (None, 160)
Embedding | output: | (None, 160, 160) Embedding | output: | (None, 160, 200)
y

spatial_dropoutld | input: | (None, 160, 160) spatial_dropoutld_1 | input: | (None, 160, 200)
SpatialDropout1D | output: | (None, 160, 160) SpatialDropout1D | output: | (None, 160, 200)

\ vy
Istm mput: | (None, 160, 160) Istm_1 | input: | (None, 160, 200)
LSTM | output: (None, 250) LSTM | output: (None, 250)
Y 4
dense | input: | (None, 250) dense_1 | input: | (None, 250)
Dense | output: | (None, 13) Dense | output: | (None, 13)

Figure 3.3: Architecture Comparison of LMST Models with Embeddings: Left-hand Side
depicts Keras Embeddings, while Right-hand Side depicts Glove Embeddings in Word2Vec
Format.

The code of the models can be found for Figure A.8 and Figure A.8 in Appendix

Activation function:
To prevent overfitting, we set a dropout rate of 20% and employed SoftMax as the acti-

vation function. The SoftMax activation function is defined as:

softmax(z;) = % (3.1)
j=1¢"

for j = 1 to n ,where z; is h e i-th element of the input vector, and n is the number of
elements in the input vector. It is used as the final activation function in neural networks
for multi-class classification tasks and takes a vector of real numbers as input and outputs
another vector of the same length, with each element representing the probability of the
input belonging to the corresponding class (Saxena 2023).

Loss function:
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Additionally, we used Adam and Categorical CrossEntropy functions for the loss and opti-
mizer parameters of the network, respectively. Our findings indicate that this RNN archi-
tecture with LSTM recurrent units and fully connected sequential dense neural network
produced excellent results in handling variable-length sequence inputs. The Categorical

CrossEntropy loss function is defined as:

loss = — Z Ytrue 108 Ypred (3.2)

, where yiye and ypreq are the true and predicted output vectors, respectively. The goal
of training the model is to minimize the loss function by adjusting the weights and biases

of the model using an optimizer such as the Adam optimizer.

3.2.1 Word Embeddings

The processing of words by ML models requires a numerical representation. Word em-
beddings convert words into vectors that represent several facets of their meaning and
their semantic connections to other words (for instance, the vector for ”Queen” provides
information such as gender, status etc.) (Chatterjee et al. 2019). GloVe word embed-
dings approach to speech is “You shall know a word by the company it keeps” (Mao et al.
2019,p.2). Indeed, by leveraging statistical information, these numerical representations
allow for the recognition of words with comparable meanings by identifying similarities
or dissimilarities between words based on their vector representation. First-words word
embedding techniques, such as GloVe, were created utilizing deep learning and trained on
massive, unlabelled corpora using various architectures such as CNN, RNN and Trans-
formers.

Before applying the LSTM model with GloVe, we converted both inputs of datasets into
GloVe embeddings in the Word2vec format (Gb and Jacob 2022). Figure ??represents

how the input is spatially computed for word embeddings.
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Figure 3.4: TSNE (t-Distributed Stochastic Neighbor Embedding) plot representing the
top 100-words embeddings of our dataset extracted from the ‘Glove’ library.

3.3 Evaluation Metric

When it comes to categorising emotions, the commonly used measures for evaluation
are precision and recall rate. The Macro Fl-score, which is the unweighted mean of all
the per-class F1 scores, was also selected to measure the accuracy when measuring the

performance of both models. The formula to F1 score the F1 score for a particular class

— 9 . Precision-Recall

is as follows: F' 1 Precision+Recall

True Positives
True Positives+False Negatives

True Positives
True Positives+False Positives

and Recall =

Where : Precision =
Precision pertains to the ratio of true positives to positive predictions, while recall pertains
to the ratio of correctly predicted positive cases to all positive cases. The optimal F1 score
is 1, while the lowest score is 0.

When comparing two predictive models, it is essential to consider the requirements of

the problem and select evaluation metrics accordingly. The Macro average F1 Score was
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deemed a suitable evaluation metric primarily due to its capacity to assess the performance
of classification models in the presence of class imbalance. In our training dataset, class
imbalance is important as the largest category (neutral) is over twenty times larger than
the three smallest classes (enthusiasm, anger, and boredom). Although accuracy may be
a more straightforward metric to comprehend, class imbalance may result in deceptive

accuracies, hence our decision to avoid it.

3.4 Datasets

3.4.1 Training Dataset
Dataset

The dataset used for training was obtained from Kaggle.com, a platform for data science
and machine learning competitions that provides various open-source datasets and note-
books (Benedicto 2020). This dataset comprises 33.871 tweets and is utilised for binary
classification, with each tweet labelled with one emotion. We selected this dataset for its

focus on tweets and the diverse range of emotions/labels it presents.

sentiment
80001 neutral 21
worry 21
happiness 13
60001 sadness 12
& love 9
8 4000 surprise 5
fun 4
relief 3
2000 4 hate 3
empty 2
. enthusiasm 1
0- == o —_— boredom 0

> & & @ ) . K
&Qd@b& & & «P@,ﬁ\" F TETSES e ’
& &9

sentiment

Figure 3.5: Initial distribution of labels in the training dataset is represented in graph and
table form (in percent).
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Pre-processing

The sentiment column of this dataset is the target variable of the model. To optimise the
learning of our classifier, we encoded each category into numerical representations using
the functions Label Encoding and One-Hot Encoding. These steps considerably improve
the model performance, and the interpretability of the results as well as reduce memory
usage. The data were divided into training and testing datasets through a random split
using the train_test_split() function from the scikit-learn library. The proportion of
data reserved for testing was set to 20%. This approach enables the model to be trained
on the training dataset and assessed on the testing dataset, providing an estimate of its
performance on new and unseen data. This approach mitigates the issue of overfitting and

offers a more reliable indication of how the model will perform on unseen data.

3.4.2 Twitter Dataset
Ethical consideration

To begin with, ethical and legal are high-priority concerns when retrieving social media
data for research purposes (Townsend and Wallace 2017)(Wainman 2018). Though the
interest in the field of social media is increasing within the researchers’ communities,
no consistent approach to ethics has been provided to researchers in this sphere. For
this research project, the Twitter academic Application Programming Interface (API)
has been used to retrieve all English-language tweets posted from the UK that mention
climate change in 3 months from January 2023 to March 2023 using the Tweepy library.
We informed Twitter of our research intentions, and our research project has been accepted
as being consistent with the conditions of the platform. By the Twitter agreement, “when
their data [the data of Tweeters| has public disposition it may be viewed and used for
research” (Gold 2020, p.6) so no ethics review was necessary. However, though the data
being used has a current public disposition, the unclear boundaries between “public” and
“private” spaces may not always be easily deduced from posting and there is still a current

debate within academia in classifying T'witter data usage as falling between primary and
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secondary analysis. We could not obtain implicit and informed consent for data use from
the research participants as it is unrealistic for large quantitative research to obtain consent
between researcher and research participants. By complying with the Twitter agreement,
“implicit consent for data use is only available as an ethical defence when compared to the
current state of the dynamic Twitter dataset”. This has implications for research design
since data retrieval must account for this, hence the dataset has been synchronized to
the state of the online Twitter data set. Consequently, no data was retained. Moreover,
anonymity is a key consideration in research ethics (J. Taylor and Pagliari 2017) . The
username of the tweeter wasn’t gathered, and no direct quote from a tweet is included in

this dissertation. Only results derived from aggregated data will be released.

Pre-processing

To analyse emotions through Twitter, it is necessary to organise the collected data into
a corpus, which is a collection of texts in linguistic studies that can be analysed for a
particular purpose. Creating a corpus involves three main stages: collecting raw data,
annotating it, and analysing it.

Collecting raw data

Using the Tweepy library, we were able to retrieve a dataset of over 40,000 tweets.
All tweets were collected from public accounts, and private accounts were excluded.
We aimed to mine tweets related to the topic of climate change, and we achieved this
by filtering through various hashtags that were identified in the top trends of Twit-
ter search (#climate, #climatechange, #ecology, #climateaction, etc.). To focus our
analysis on distinct expressions about climate change, we removed all duplicate tweets
utilising the drop_duplicates() method in the Pandas library. The unique tweets
obtained during the 4 months are outlined in Figure 3.6, along with the distribution
of keywords in our dataset as illustrated in Figure 3.7. As indicated in Figure 3.8 |
our resulting dataset contained precisely 10,032 unique tweets. The code in Appendix

A.1 extracts user and tweet information, including description, location, following, fol-
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lowers, total tweets, retweets, hashtags, and date of the tweet. Columns ‘Language’,
‘extracted_user_location’, 'country’, ‘location’, ‘coordinates’, ‘state’, ‘clean msg’
and ‘message_len’ were added during the pre-processing step.

Tweets count by month
€08

3583

count

170
2] n

22301 22302 22304 202305

Figure 3.6: Time Distribution of Retrieved Tweets — excluding retweets.

Figure 3.7: Keywords Distribution of Retrieved Tweets.

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 10032 entries, 0 to 10031
Data columns (total 17 columns):

# Column Non-Null Count Dtype

0 Description 8777 non-null object
1 Location 6790 non-null object
2 Following 10032 non-null float64
3 Follower 10032 non-null float64
4 Tweets 10032 non-null float64
5 Retweet 10032 non-null float64
6 original 10032 non-null object
7 Date 10032 non-null object
8 keyword 10032 non-null object
9 Language 10032 non-null object
10 extracted_user_ location 1899 non-null object
11 country 9673 non-null object
12 location 1899 non-null float64
13 coordinates 1899 non-null float64
14 state 1899 non-null float64
15 clean_msg 10032 non-null object
16 message_len 10032 non-null int64

dtypes: float64(7), int64(1l), object(9)
memory usage: 1.3+ MB

Figure 3.8: Features of the Twitter dataset retrieved used for modelling.
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Pre-processing
Tweets are short and often informal (at most 280 characters). A tweet may contain images,
videos, URLs, emoticons, and hashtags. For this analysis, we focused only on tweets
written in English, for this we cleaned using the library ‘langdetect () ‘from Google’s
language-detection. A dataset cleaning has been done before commencing the process
of modelling. This cleaning process was conducted manually, involving the removal of
mentions, contractions, hyperlinks, emoticons, some ponctuations, and white spaces. We

also corrected common misspelled data.

In [20]: clean_text("@ttt hasn't the sun become warmer? https://thisanexample ")

Out[20]: 'has not the sun become warmer? sun with face'

Figure 3.9: An Example of tweet pre-processed. This is a fictional tweet.

Data visualisation of the Twitter Dataset
Before modelling, we performed an exploratory analysis on the dataset to better under-
stand the cleaned dataset and to identify any potential issues with data quality. Further-
more, we gathered additional data, such as location and the average number of words
and characters, to account for outliers. We found 1899 non-null locations, which repre-
sents almost 20% of the dataset. To extract the location of the tweets, we utilised the
Nominatim library by using the user’s description location and plotted the geographical
distribution of tweets through a Matplotlib map. To further examine the distribution of
the most common words, we created a Treemap and compiled a table of the most frequent
and rare words. Additionally, we conducted a small textual analysis using open-source
libraries. Initially, we created a thematic analysis using the open-source library, Genism,
which grouped the data into four sub-themes using the generative probabilistic model

known as Latent Dirichlet Allocation (LDA). The equation of the LDA model is : where :

L+ ) 1)
Swl + )0l + )

p(zij]2—ij, w) (3.3)

where:
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e N is the number of words in the document

e M is the number of documents in the corpus

K is the number of topics

« is the hyperparameter for the per-document topic distribution

B is the hyperparameter for the per-topic word distribution

z is the topic assignment for each word in the document

w is the specific word

After that, we ran an overview of the Sentiment Score of the Twitter dataset using the
VaderSentiment library. Valence Aware Dictionary for Sentiment Reasoning (VADER)
is a text sentiment analysis model that is sensitive to both polarity (Positive/Negative)

and intensity (Strength) of sentiment.
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Chapter 4

Results

4.1 Results of the exploratory data analysis

This preliminary analysis yielded several key insights into the dataset. Firstly, Figure 4.1
shows the geographical distribution of the tweets we retrieved, with missing values shaded
in. It revealed that half of the tweets with location data were from the United Kingdom

and the United States, while India, Kenya, and Canada were also important sources.

- 175
Selected Countries

7 ,\ = = r» ﬁ////%( :// . § _ 150

% ' e ime = ///// 2 !
” wl // /// 7 :“;{’; 125

0 & - 100
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RIS/ //////////// //// //////// 8

-150 -100 -50 100 150 2%
Lang\lude
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378 United Kingdom
379 United States of America
173 India
201 Kenya
82 Canada

Figure 4.1: Geographical Distribution of Retrieved Tweets from the column “Location”,
which contain 1899 non-null values.
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Secondly, we found that the average tweet length was 28 words, with 178 characters on
average. The Boxplot in Figure 4.2 shows the distribution of the word count, with a few

outliers that we carefully analysed before removing some of them to improve the accuracy

of the model.

Training tweets with less than 20 words

Distribution of Word Count

312
205 I 3 %01
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248
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-
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5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Number of words

count

Figure 4.2: Tweet word count analysis: Frequency of tweets with 20 words or less (Left)
and Boxplot of overall word count distribution (Right).

Thirdly, the Tree Map in Figure 4.3 revealed that the word ”climate” appeared in more
than 60% of the tweets, which was expected given that it was one of our main keywords.
Words like "us” and ”people” highlighted the sense of responsibility felt by users, while
the term ”global” emphasized the worldwide impact of the climate crisis. However, it
is important to be cautious when interpreting these words, as their meaning can vary

depending on context and cultural perspectives.

Tree of Most Common Wards

Lout

Figure 4.3: Tree representing the distribution of the most common words in the dataset.
The size of the box represents its frequency.
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climate 6694 climateregulations 1
change 2736 revising 1
climatechange 2484 gorgonproject 1
us 698 boundarydamproject 1
people 680 petranovaproject 1
new 552 sleipnerproject 1
like 539 ghgsemissions 1
global 528 carbonstorage 1
climatecrisis 526 eradicating 1
energy 485 transportforum 1

Figure 4.4: Comparison of Word Frequency in the Dataset: The table on the right displays
the most frequently occurring words, while the table on the left depicts some infrequent
words in the dataset.

Fourthly, Figure 4.5 displays the initial word cloud which showcases the themes recog-
nized by the LDA model. Through analysing the co-occurrence of words in the dictionary,
the model has identified the four key topics. The first topic centres around nature and
urgency, while the second topic emphasizes the significance of individuals. The third topic
seems to highlight the fundamental principles that drive change, while the fourth topic ap-
pears to be more closely related to weather and climate conditions. As for the final topic,
it remains challenging to analyse. Finally, using the Vader Sentiment library, we found
that 44.6% of tweets were labelled as positive, 35.6% as negative, and 19.8% as neutral.
The histogram of the Sentiment Distribution has a peak value around the Sentiment Score

of 0,1 indicating that most Positive tweets almost belong to the ‘Neutral’ category.

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5
: money
S irales o GRANGE D27YChange wglnda"g%é!s f Oodee pLg,

ec 1mate

nange NSWdatacrisis

dittree cllmatecllmatechmg

climatecrisis peoplecarbon “Gciifaction cClimate
Figure 4.5: Word cloud representing the topics identified by the LDA model trained on

one of the dictionaries of the library ‘gensim’. The code for this figure can be find in
Appendix A.4. Its uses LDA model.
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Distribution of Sentiment Scores

Distribution of Sentiment Classes
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Figure 4.6: Pie chart and histogram illustrating the distribution of the sentiments using
the ’VaderSentiment’ library.

Overall, this preliminary analysis provided a glimpse into the opinions and attitudes
towards climate change expressed on Twitter, which could be further explored in a more

detailed analysis of emotions.

4.2 Comparison of LSTM and LSTM with Glove Perfor-

mance

Training process.

Experiments were carried out to assess the effectiveness of supervised learning in cate-
gorising emotions using two models, each consisting of 5 cycles (Epoch). Each Epoch
comprised 32 batches, with a portion of the dataset used to train the neural network.
The training and validation loss curves (depicted in Figure 4.7) were used to evaluate
the learning process of both classifiers. These curves allowed us to assess if the model
was overfitting - meaning it was learning from noisy data. The graph on the right indi-
cates that while the accuracy of the training set increased with each Epoch, it eventually
plateaued around 0.36 before dropping around Epoch 2. This suggests that the model was
memorizing the training data and not adapting well to new data, indicating an overfitting

issue. Conversely, the graph on the left demonstrates that the training has converged,
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and the increasing validation and training accuracies show good generalization ability for
unseen data. In the case of the LSTM with GloVe model, it is learning the underlying

patterns in the dataset without overfitting or underfitting.

model accuracy
0.70 1 model accuracy

0384 — ftrain
val

accuracy
o
v
=]
accuracy

o
w
w

0.32 9

0.31 4

0.30

0.0 0.5 1.0 15 2.0 25 3.0 35 4.0
epoch

0.0 0.5 1.0 15 2.0 25 3.0 35 4.0
Epoch

Figure 4.7: Plot of the training and validation curves (accuracy vs.epoch) for the LSTM
model with Keras embeddings (Right) and LSTM model with GloVe Embeddings (Left).

Performance

When comparing the overall performance of models, we picked the weighted F1 score as it
considers the number of samples in each class, while the macro F1 score treats all classes
equally, regardless of their size. This choice was justified in the Methodology section.
The report tables below provide a summary of the results for each model. On the one
hand, for the LSTM model, the overall macro weighted average F1 score was equal to
0.28 and the accuracy was equal to 0.30. On the other hand, for the LSTM model with
GloVe embeddings, the weighted F1 score reached 0.33 and the accuracy was 0.36. From
the table 4.8, we can conclude that the LSTM with Glove embeddings model is a better
classifier for the Twitter dataset The highest F1 score is obtained for the “Neutral” class,
which is 0.46.
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Classification Report for LSTM With Keras Embeddings: Classification Report for LSTM With Glove Embeddings:
precision recall fl-score support precision recall fl-score support

Empty 0.07 0.03 0.04 160 Empty 0.00 0.00 0.00 160
Sadness 0.27 0.36 0.31 1033 Sadness 0.35 0.29 0.32 1033
Enthusiasm 0.00 0.00 0.00 168 Enthusiasm 0.00 0.00 0.00 168
Neutral 0.34 0.47 0.39 1739 Neutral 0.37 0.61 0.46 1739
Worry 0.34 0.26 0.29 1673 Worry 0.36 0.39 0.37 1673
Surprise 0.10 0.07 0.08 425 surprise 0.19 0.01 0.02 425
Love 0.37 0.38 0.38 791 Love 0.51 0.41 0.45 791

Fun 0.10 0.07 0.08 362 Fun 0.18 0.03 0.05 362

Hate 0.20 0.17 0.18 244 Hate 0.30 0.24 0.26 244
Happiness 0.31 0.32 0.32 1044 Happiness 0.33 0.46 0.38 1044
Boredom 0.00 0.00 0.00 34 Boredom 0.14 0.03 0.05 34
Relief 0.12 0.07 0.09 284 Relief 0.17 0.01 0.03 284
Anger 0.00 0.00 0.00 27 Anger 0.00 0.00 0.00 27
accuracy 0.30 7984 accuracy 0.36 7984
macro avg 0.17 0.17 0.17 7984 macro avg 0.22 0.19 0.18 7984
weighted avg 0.28 0.30 0.28 7984 weighted avg 0.33 0.36 0.33 7984

Figure 4.8: Report Tables comparing Precision, Recall, and F1l-score Values of LSTM
Models with Keras (Right) and GloVe Embeddings (Left)

In conclusion, the model LSTM with GloVe is a better classifier for the Twitter dataset
than the LSTM with the pre-build embeddings from the Keras library. Consequently, it

is the one we will use for the in-depth analysis.

4.3 In-depth analysis of negative sentiments using LSTM-
GloVe

Multi-class labelled emotions.

Upon training our classifier, the retrieved dataset was processed using LSTM with GloVe.
Each tweet was given a percentage for each of the 13 emotions. The resulting pie chart
was generated by determining the majority label and majority labels of each tweet. Ad-
ditionally, in Appendix A.11, we included two unique and fictional tweets to examine this
classification in greater detail. Using LSTM-GloVe, 46.8% of the tweets were categorized
as "Neutral,” while 41.2% were labelled as ” Worry.” Among the emotions identified in the
tweets, ”Happiness” was represented in 5.8% and ”Sadness” in 3.4% of them. In most
tweets, "Boredom” was the least frequent emotion assigned, while ” Anger,” ”Love,” and

”Enthusiasm” were also not commonly detected.
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Distribution of the majority label Distribution of the minority label

neutral boredom
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Figure 4.9: Pie plots of the majority label predicted, and the minority label predicted
from LSTM datasets.

Focus on negative emotions. We decided to group the eight different negative emo-
tions in our labels under a new corpus to enhance clarity. These negative emotions include
"Empty”, ”Sadness”, "Hate”, ”Neutral”, ”Worry”, “Boredom”, ”Relief’, and “Anger”.
Additionally, we grouped the remaining five emotions under the Positive dataset, which
includes tweets labelled as ”Enthusiasm”, ”Surprise”, “Love”, "Fun”, and ”Happiness”.
By creating a word cloud in Figure 4.10, we identified the 100 most frequent words in both
corpora. The red words indicate the most frequent word in the ‘Positive’ corpus, whereas
the black labels show the most frequent words in the negative corpus. When a word is
present in both corpora, it appears in blue. It can be observed that the term ”research”
is commonly associated with Positive discourse, while ”leaders” is often linked to nega-
tive messages. The word ”scientists” is a recurring term in both Positive and Negative

discourses.
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Frequently Occurring Words in Positive and Negative Labeled Tweets, with Some Words Common in Both Categories.
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Figure 4.10: Frequently Occurring Words in Positive and Negative Labeled Tweets, with
Some Words Common in Both Categories.

Regarding Figure 4.11, the information from the Twitter dataset labeled as 'Negative’
is represented in the knowledge graph using the top 100 most frequent words. The con-
nections between the nodes in the graph show the relationships between these frequent
words. For instance, if there is an edge between nodes representing ’climate change’ and
'weather indicators’, it means that these two concepts are usually mentioned together in
negative tweets. Nonetheless, the clarity of the graph’s readability may be a topic for

discussion since some words appear to be nonsensical.
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Figure 4.11: Knowledge Graph representing information as a network of interconnected
nodes using the top 100 most frequent words labelled as ‘Negative’ in the Twitter dataset.

XFVN7



33

Chapter 5

Discussion, Limitations and

Suggestions

5.1 Discussion

This research project represents the first attempt to analyse online ”emotional” personal
discourses on climate change using automated methods. We built two supervised ma-
chine learning models based on emotion detection and compared their effectiveness and
strength through experimental comparisons of two different neural network embedding ar-
chitectures. Our results confirm the importance of considering word embedding structure
for text classification tasks, demonstrating that the choice of neural network model should
not be the only focus of sentiment analysis. Other parameters, such as the training dataset
and model hyperparameters, play a key role in model accuracy and should be evaluated
carefully. The low F1 score obtained underscores the subjectivity of emotional expression
in brief messages and the challenge of identifying emotions for algorithms.

Our analysis yielded contradictory results for the representation of ”Negative” and ”Pos-
itive” sentiment when using the open-sourced library VaderSentiment and our trained
classifier. While Vader Sentiment is recommended for social media analyses, it is not

specifically trained on tweets, which have a unique language due to the platform’s char-
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acter limit and the prevalence of slang and acronyms. Thus, we suggest using a model
trained on a platform’s corpus when analysing social media data. Furthermore, Vader
Sentiment’s Sentiment Score is not particularly useful for categorizing sentiment into cat-
egories, as it is often neutral, but the category of Neutral values is relatively low.

Our analysis confirms that worry is prevalent among those discussing the climate crisis,
especially among young people. Although most tweets analysed were labelled as neutral,
we collected a large database of expressions on the matter that challenges studies that sug-
gest a lack of engagement and discussions around climate change. We found that negative
emotions expressed towards climate change are multi-faceted, with most tweets analysed
expressing more than three emotions. This supports the method of multi-labelling to
capture the range of emotions in Twitter users’ discourse. Additionally, knowing the dif-
ference between anxiety and eco-anger, we were unable to comprehend because of the
sample of labelled tweets as ” Anger”. It is essential to distinguish between these two neg-
ative emotions in order to more accurately target communications to elicit action (anger)
rather than inaction (anxiety). Thus, we encourage additional research on this topic. Fi-
nally, we suggest that identifying relevant vocabulary for distressing posts could improve

communication about climate change.

5.2 Limitations

Limitations of the data analysis

The issue of the class imbalance is the data analysis’s most obvious weakness. The con-
fusion matrices were observed, and one is displayed in Fig. X. These observations showed
that the LSTM worried,correctly,tweets, models are biased towards categories with a lot
of training instances (such as concern and neutral), whereas they perform badly for cat-
egories with very few examples (such as boredom). We can see that most tweets when
they are not predicted correctly are classified as neutral, worry or happy. Before training
the deep neural network, one might include morphological changes, synonyms, or deriva-

tives of words to help with this. The performance of the models would have improved by
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reducing the number of target classes by combining certain labels.

LSTM Sentiment Analysis
Confusion Matrix
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Figure 5.1: Confusion Matrix comparing the actual and predicted labels for the LSTM
model with Glove embeddings.

The Fl-score per class can be computed using the Fl-score formula described in the
Methodology. Using the "neutral” class as an example, we can calculate the true positive
(TP), false positive (FP), and false negative (FN) values as follows: TP = 1057 (the
(10,5) element in the matrix), F'P = 682 (the first row without the neutral element), and
FN = 1816 (the first column without the neutral element). We can then compute the
precision and recall for the "neutral” class as follows: Precision = TP/(TP + FP) and
Recall = TP/(TP + FN). Substituting the values we obtained, we have Precision =
1057/(1057 4 682) and Recall = 1057/(1057 + 1816). We have F'1 score ~ 0.458. This

result is verified by the Table of Report in the Results section.
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Additionally, regarding noise, since no humans were involved in the classification, we
could not properly address humorous, sarcastic, or ironic tweets and did not portray any
emotional content. Expressions and opinions about social and political issues on social
media are much harder because they often need analysis at the pragmatic level, which can
be difficult to teach without background knowledge to the classifier.

Moreover, as underlined in the literature review, climate change is categorised online by
its polarisation, often providing fertile ground for misinformation to spread. From our
initial dataset, we were only able to use 25% of the values questioning the data quality of
the retrieved dataset. Due to the importance of opinions on social media, the prevalence
of bot intervention has increased over the past decade, and detecting spam is a challenging
task for our model if we do not provide the recognition pattern of spam tweets. Filtering
out these posts or users is a challenging task that relies heavily on qualitative human-
crafted datasets of sentiment vocabulary and pre-classified “ground truths”. An essential
restriction to note is that not all content can be labelled as emotional content, and some
content, particularly news-related content, can be informative. Finally, sentiment and
lexicons play an essential role in developing efficient sentiment analysis. Different people
can interpret different emotions in various ways. It is possible that the training dataset
contains incorrect labeling, thus impacting the ability of the LSTM network to learn
from its pattern representations. To sum up, the difficulty of understanding context,
sarcasm, an imbalance in class size, ambiguity in natural language, and rapidly expanding
Internet slang and acronyms for tweet sentiment analysis further complicate the task of
understanding emotions.

Limitations of Twitter as a reliable research source.

When studying emotions and opinion, researchers face a trade-off between data quality
and data newness. As researchers have more control of which participants to recruit and
which questions are asked, data quality is more ensured in surveys and experiments. Yet,
it is often costly data, especially if a large sample of panel data is needed. In their article,

Chen et al. highlight that “newness” is a strength of social media data and is especially
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useful for studying emerging life sciences issues where the right questions to ask are elusive
(2023).

Other sources of bias may also include the quality of search terms for data retrieval as
well as the quality of Twitter API and third platforms in returning representative results.
Indeed, the free API does not return the same results as the paid options access. The
discrepancies between free and paid options in return results have alarmed researchers
as it is high enough to produce different results in content analysis and hiding the full
descriptive statics of issue frames represented in the Twitter verse (Chen, Duan, and
Yang 2023). Despite its popularity as a source of accessible digital trace data, the sample
of the general Twitter data is still debated and appears highly contingent on the research
question. We must express caution about extrapolating Twitter users’ opinions, such
as the level of worry towards the environmental crisis Twitter users are younger and
"only 10% of users created 80%” (Chen, Duan, and Yang 2023,p.122) thus the validity of
generalisations needs to be assessed along with the biases within political discussions in
Twitter. Additionally, it is important to note that social media behaviour is not the same

as behaviour in the physical world.

5.3 Suggestions

Given the scope of this dissertation, it was necessary to make certain assumptions and
simplifications to develop a relevant and engaging research topic. Unfortunately, my lap-
top’s limited memory capacity prevented me from utilising more advanced computational
models, like Bert or Roberta, for analysing textual data (Sirisha and Chandana 2022) .
Nonetheless, exploring the potential of training different models for future research may
lead to improved accuracy in emotion classification tasks. Additionally, a promising av-
enue for future research involves expanding the model to include other climate-relevant
positive emotions, such as hope (Bouman et al. 2020). As stated in the Introduction,
concern may be less associated with personal actions and may be less experimental and

personal. It would also be fascinating to see how theories of behaviour change can be
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translated into computational methods, like classifying tweets based on users’ behavioural

stages using the 5 Doors Theory (Fernandez et al. 2016) (e.g, understanding, conviction).
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Chapter 6

Conclusion

Despite the urgent warnings being disseminated by the scientific community, climate
change does not appear to be a priority for a significant portion of the global popula-
tion. This discrepancy between scientific understanding and public sentiment engagement
has led to this research project. The literature on the increasing disconnect between
individuals and climate change posits the primary hypothesis of eco-anxiety from the
standpoint of climate psychology. As a result, scholarly investigations in this domain have
predominantly centred on the manifestation of anxiousness pertaining to climate change,
frequently extending this ecological anxiety to negative emotions.

This paper conducted an analysis of the various forms of discourse surrounding climate
change through sentiment analysis. This was achieved by implementing an LSTM classi-
fier to scrutinise tweets. Notably, this marks the first instance in which such an approach
has been employed. The findings indicated that while worry was the most commonly
recognised emotion, other emotional states such as anger, sadness, or frustration were also
widely observed in the discourse of users pertaining to the subject matter.

The objective of this study was to evaluate the range of perspectives regarding climate
change through the development of a sentiment classifier using sentiment analysis tech-
niques applied to tweets. This marks the initial application of sentiment analysis in this

context. Our findings indicate that while worry was the most reported emotion, users also
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frequently expressed feelings of sadness, anger, and frustration in their discussions on the
subject matter. Utilising a multi-classifier labelling approach was essential in achieving a
comprehensive comprehension of the emotional spectrum in this analysis.

To assess the efficacy of our model, we developed and conducted an analysis on two distinct
supervised LSTM models trained on a Twitter corpus. The utilisation of a pre-labelled
training dataset tailored to the lexicon of tweets was essential in enhancing the precision
of our analysis, considering the shortness in characters of tweets and the incorporation
of slang language. Furthermore, our study highlighted the importance of meticulously
selecting the input embedding for NLP classification performance, as evidenced by the
differentiation of our models based solely on their embeddings, with one utilising Glove
embedding.

Using data visualisation tools, we proceeded to conduct additional analysis on the par-
ticular lexicon and themes that were identified as conveying negative emotional content.
Furthermore, we are furnishing the source code for our analysis and urging readers to
develop a multi-label classifier pertaining to a selected topic on Twitter.

While our approach has some general and sometimes unavoidable limitations, the most
significant one is the low F1-score, which reveals the strong link between the classification
of our emotion and the distribution of the training dataset. In addition, the subjective
nature of emotion poses a significant challenge for both human annotators and machines
in determining the accurate distribution of the ”ground” truth. To enhance the validity of
our findings, it would be advantageous to train our classifier on a larger dataset and em-
ploy NLP models such as BERT or GPT that require significant computational resources.
The present study offers a preliminary structure for examining the interplay between emo-
tions and climate change discourse on social media. We believe that researching negative
emotions is one way to channel them effectively. Empirical data indicates that the dissem-
ination of resilient models or innovative solutions may facilitate proactive measures. It is
anticipated that the identification of keywords and themes in this analysis will mitigate

the incapacitating effects of negative emotions through the promotion of more innovative
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communication tactics that are less fixated on fear and exigency. The findings of this
study hold significance for scholars within the discipline and have the potential to stim-
ulate cross-disciplinary partnerships. Additionally, governmental, and non-governmental
organisations may benefit from these results by improving their communication strategies
and facilitating the shift towards a sustainable future.

Word count : 8436 words.

XFVN7



42

Appendix A

Appendix

The following section contains the code appendix, which provides a comprehensive listing
of the key programming code used in the project as well as a comprehensive reference

guide on key terminology.
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A.1 Appendix : Code

def scrape(words, numtweet, scraped data):
tweets_per request = 100 # Tweepy allows up to 100 tweets per request

tweets = tweepy.Cursor(api.search_tweets, g=words, lang="en",
tweet_mode='extended').items (numtweet)

list_tweets = [tweet for tweet in tweets]
i=1

# we will iterate over each tweet in the list for extracting information about each tweet
for tweet in list_tweets:

description = tweet.user.description

location = tweet.user.location

following = tweet.user.friends_count

followers = tweet.user.followers_count

totaltweets = tweet.user.statuses_count

retweetcount = tweet.retweet_count

hashtags = tweet.entities[ 'hashtags']

date = tweet.created at

try:
text = tweet.retweeted status.full text
except AttributeError:
text = tweet.full text
hashtext = list()
for j in range(0, len(hashtags)):
hashtext.append(hashtags[j]['text'])

ith_tweet = [description, location, following,
followers, totaltweets, retweetcount, text, hashtext, date]

printtweetdata(i, ith_ tweet, scraped data)
i=1i+1

print("Enter Twitter HashTag to search for")
words = input()

print("Enter Number of tweets to be scraped")
numtweet = int(input())

scraped_data = []

print("Fetching tweets...")

scrape(words, numtweet, scraped_data)
print('Scraping has completed!"')

Enter Twitter HashTag to search for
climate

Enter Number of tweets to be scraped
2

Fetchinag tweets...

Figure A.1: Code 1 : Retrieving twitter dataset through hashtag filters
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import spacy

from geopy.geocoders import Nominatim

from geopy.extra.rate limiter import RateLimiter
from tgdm.notebook import tgdm

nlp = spacy.load("en_core_web_sm")
geolocator = Nominatim(user_agent="my-custom-user-agent")
geocode = RateLimiter (geolocator.geocode, min_delay_seconds=5, max_retries=5)

# update the extracted user location column directly when geocoding is successful or not
for i, location in tqdm(df3['extracted user_ location'].items()):
if location is mnot np.nan:
try:
geocoded_location = geocode(location, language="en")
if geocoded_location is not None:
df3.at[i, 'location'] = geocoded_location
df3.at[i, 'coordinates'] = tuple(geocoded_location.point)
df3.at[i, 'state'] = geocoded location.address.split(',')[0]
df3.at[i, ‘country'] = geocoded_location.address.split(',"')[-1]

else:
# if location not found, add a zero value to the list
df3.at[i, 'location'] = 0
except:

# if there is any exception, add a zero value to the list
df3.at[i, 'location'] = 0

# save the dataframe to CSV after each iteration
df3.to_csv("updated data_2.csv", index=False)

Figure A.2: Code 2 : Geolocating tweets using user profile location.

import pandas as pd

import geopandas as gpd

import matplotlib.pyplot as plt

from matplotlib.colors import LinearSegmentedColormap

# Load world countries shapefile data using geopandas
world = gpd.read_file(gpd.datasets.get_path('naturalearth lowres'))

# Count the number of times each country appears in the data column
counts = df['country'].value_counts()
counts = counts.rename_axis('name').reset_index(name='count')

# Merge the counts with the world shapefile data based on country name
merged = world.merge(counts, on='name', how='left')

colors = []

for i in range(10):
color = (1 / 9, i/ 9, 1.0)
colors.append(color)

cmap = LinearSegmentedColormap.from list(

, list(reversed(colors)))

# Count the number of times each country appears in the data column
counts = df['country'].value_counts()
counts = counts.rename_axis('name’).reset_index(name='count')

# Merge the counts with the world shapefile data based on country name
# Set the color for missing features (i.e. countries without a value in the count column)
missing_color = ‘#ccccce'

# Plot a choropleth map of selected countries based on the count column
ax = merged.plot(column='count', cmap=cmap, legend=True, edgecolor='gray', linewidth=0.5, figsize=(10, 6), missing_

# Set plot title and axis labels
ax.set_title('Selected Countries')
ax.set_xlabel( 'Longitude’)
ax.set_ylabel( 'Latitude’)

# Remove the side and top spines from the plot
ax.spines[ 'right’].set_visible(False)
ax.spines['top'].set_visible(False)

# Adjust the legend font size and position
leg = ax.get_legend()
if leg is not None:
leg.set_bbox_to_anchor( (1.2, 1))
for txt in leg.get_texts():
txt.set_fontsize('large')

# Show the map
plt.show()

Figure A.3: Code 3: Generating a map showing the geographical distribution of tweets by
country
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import pandas as pd

import nltk

from nltk.tokenize import word_tokenize
from nltk.corpus import stopwords

from gensim import corpora, models
import matplotlib.pyplot as plt

from wordcloud import WordCloud

# preprocess the text in the 'clean text' column
nltk.download('stopwords')
nltk.download('punkt')

stop_words = set(stopwords.words('english'))

def preprocess_text(text):
tokens = word_tokenize(text)
filtered tokens = [word for word in tokens if not word.lower() in stop_words and word.isalpha()]
return filtered tokens

df3[ 'clean_tokens'] = df3['clean msg'].apply(preprocess_text)

# identify themes in each row of the 'clean tokens' column
dictionary = corpora.Dictionary(df3['clean_tokens'])
corpus = [dictionary.doc2bow(tokens) for tokens in df3['clean tokens']]

lda_model = models.LdaModel(corpus, num topics=5, id2word=dictionary, passes=10)

df3[ 'topics'] = lda_model[corpus]

# get the top words for each topic

top_words_per_topic = []

for i, topic in lda model.show_topics(num topics=-1, formatted=False):
topic_words = [word for word, _ in topic]

top_words_per_topic.append(topic_words)

# plot word clouds for each topic
num_topics = len(top_words_per_topic)
fig, axes = plt.subplots(nrows=1, ncols=num_topics, figsize=(20, 10), sharex=True, sharey=True)
for i in range(num_topics):
wordcloud = WordCloud (width=800, height=400, background color='white', random state=42).generate(' '.join(top_w
axes[i].imshow(wordcloud, interpolation='bilinear')
axes[i].set_title(f'Topic {i+l}', fontsize=20)
axes[i].axis('off')

plt.tight_layout()
plt.show()

Figure A.4: Code 4 : Generating the Topics’ Wordcloud
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import matplotlib.pyplot as plt
from sklearn.manifold import TSNE
import numpy as np

from collections import Counter

def tsne_plot(model, sentences, top_n=50):
Function to create and visualize TSNE plot of word vectors.
Args:
model: gensim word2vec or GloVe model
sentences: list of sentences to plot
top_n: number of top words to select based on frequency

# Create a frequency distribution of all words in the sentences
all_words = [word for sentence in sentences for word in sentence if word in model.key_to_index]
word_freq Counter(all_words)

# Select the top n words based on frequency
top_words = [word for word, freq in word freq.most common(top_n)]

# Extract vectors and labels for the top words

tokens = []

labels = []

for word in top_words:
tokens.append(model [word])
labels.append(word)

# Convert tokens to a 2D array
tokens = np.array(tokens)

# Create a TSNE model with 2 dimensions
tsne_model = TSNE(perplexity=40, n_components=2, init='pca', n_iter=2500, random state=23)

# Fit and transform the vectors using TSNE
tsne_vectors = tsne_model.fit_ transform(tokens)

# Create a scatter plot of the TSNE vectors
plt.figure(figsize=(16, 10))
plt.scatter(tsne_vectors[:, 0], tsne_vectors[:, 1], c='steelblue', edgecolors='k"')
for label, x, y in zip(labels, tsne_vectors[:, 0], tsne_vectors[:, 1]):
plt.annotate(label, xy=(x, y), Xytext=(5, 2), textcoords='offset points', ha='right', va='bottom')

plt.title('TSNE Plot of Word Vectors')
plt.xlabel('TSNE Dimension 1')
plt.ylabel('TSNE Dimension 2')
plt.show()

Figure A.5: Code 5 : Function generating the TSNE Plot of Word embedded using Glove

from vaderSentiment.vaderSentiment import SentimentIntensityAnalyzer
import pandas as pd
import matplotlib.pyplot as plt

# Initialize the sentiment analyzer
analyzer = SentimentIntensityAnalyzer()

# Define a function to classify the sentiment of each message
def get_sentiment_class(msg):
score = analyzer.polarity_scores(msg)['compound’]
if score > 0.05:
return 'Positive’
elif score < -0.05:
return 'Negative'
else:
return 'Neutral'

# Apply the function to the clean msg column of the DataFrame to get the sentiment classes
sentiment_classes = df4[ 'clean msg'].apply(get_sentiment class)

# Count the number of messages in each sentiment class
sentiment_counts = sentiment_ classes.value_counts()

# Create a pie chart to show the distribution of positive, negative, and neutral sentiments
labels = sentiment_counts.index

sentiment_counts.values

colors = ['green', 'red', 'grey']

plt.pie(sizes, labels=labels, colors=colors, autopct='%1.1f%%', startangle=90)
plt.axis('equal’)

plt.title('Distribution of Sentiment Classes')

plt.show()

Figure A.6: Code 6 : Creating a pie chart to show the distribution of Positive, Negative,

and Neutral sentiments from VaderSentiment library
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# extract subject
source = [i[0] for i in entity pairs]

# extract object
target = [i[1] for i in entity pairs]

kg_df = pd.DataFrame({'source':source, 'target':target, 'edge':relations})

# count the number of occurrences of each edge
edge_counts = kg_df.groupby([ 'source', 'target']).size().reset_index(name='count')

# keep only the edges with the highest counts
edge_counts = edge_counts.sort_values('count', ascending=False).head(40)

# create a directed-graph from a dataframe
G = nx.from_pandas_edgelist (edge_counts, "source", "target", edge attr=True, create_using=nx.MultiDiGraph())

# plot the directed graph

plt.figure(figsize=(12, 8))

pos = nx.spring_layout(G, k=0.5)

nx.draw_networkx nodes(G, pos, node color='lightblue', node_size=500)
nx.draw_networkx_edges(G, pos, edge_color='grey', arrowsize=10, width=1)
nx.draw_networkx_labels(G, pos, font_size=10, font_ family='sans-serif')
plt.axis('off")

plt.show()

Figure A.7: Code 7: Creating a Knowledge Graph
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from wordcloud import WordCloud, STOPWORDS
import matplotlib.pyplot as plt

# Filter the dataframe to only include rows with negative emotions

df_neg = df2[(df2.max_label "empty") | (df2.max label == "sadness") | (df2.max_label
(df2.max label neutral”) | (df2.max label "worry") | (df2.max label
(df2.max_label == "relief") | (df2.max_ label == "anger"})

"hate”) |
"boredom”) |

# Join the text from the filtered dataframe into a single string

text neg = .Jjoin(df neg["text"])

# Filter the dataframe to only include rows with positive emotions
df_pos = df2[(df2.max label == "enthusiasm") | (df2.max_ label 'surprise”) | (df2.max_label
(df2.max label == "fun") | (df2.max label == "happiness")]

"love") |

# Join the text from the filtered dataframe into a single string

text_pos = " ".join(df pos["text"])

# import necessary packages

import matplotlib.pyplot as plt

from wordcloud import WordCloud, STOPWORDS

# import necessary packages
import matplotlib.pyplot as plt
from wordcloud import WordCloud, STOPWORDS

# define stopwords to remove from the text
stopwords = set(STOPWORDS)
stopwords.update(["amp", "im", "u", "will"])

# create a WordCloud object for positive and negative sentiment words combined
wordcloud = WordCloud(width = 800, height = 800,

background color ='white',

stopwords = stopwords,

min_font size = 10)

# generate wordeloud for positive sentiment words
wordcloud.generate_from text(text_pos)
positive words = set(list(wordcloud.words .keys())[:100])

# generate wordcloud for negative sentiment words
wordcloud.generate_from_text(text_neq)
negative words = set(list(wordcloud.words .keys())[:100])

# create a dictionary of colors for positive, negative, and overlapping words
color _diect = {}
for word in positive_words - negative words:
color dict[word] = "red"
for word in negative_words - positive_words:
color dict[word] = "black"
for word in positive words & negative words:
color_dict[word] = "blue"

# create a WordCloud object for both positive and negative sentiment words combined
wordcloud = WordCloud(width = 800, height = 800,
background _color ='white',
stopwords = stopwords,
min_font size = 10,
color func=lambda *args, **kwargs: color dict.get(args[0], "black")).generate(text pos + " " + text

# plot the WordCloud for both positive and negative sentiment words combined

plt.figure(figsize = (8, 8), facecolor = None)

plt.imshow(wordcloud)

plt.axis("off")

plt.tight_layout(pad = 0)

plt.title("Frequently Occurring Words in Positive and Negative Labeled Tweets, with Some Words Common in Both Catec
plt.show()

Figure A.8: Code 8: Wordcloud for both positive and negative sentiment words combined
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200
250

embed_din
1stm_out

model_lstm_gwe = Sequential()
model_lstm_gwe.add(Embedding(len(w_idx) +1 , embed dim,input length = X_test pad.shape[1],weights=[embedding matr
nodel_lstm_gwe.add(SpatialDropoutlD(0.2))

model_lstm_gwe.add(LSTM(lstm out, dropout=0.2, recurrent_dropout=0.
nodel_lstn_gwe.add(keras. layers.Dense(13, activation='softmax'))
#adam rmsprop

10 model lstm_gwe.compile(loss = "categorical crossentropy’, optimizer='adam’,metrics
1

2))

= ['accuracy'])

Model: "sequential 1

Layer (type) Output Shape Paran #
embedding_1 (Embedding) (None, 160, 200) 6044000
spatial_dropoutld 1 (Spatia (None, 160, 200) 0
1Dropout1D)

1stm 1 (LSTM) (None, 250) 451000
dense_1 (Dense) (None, 13) 3263

Total params: 6,498,263
Trainable params: 454,263
Non-trainable params: 6,044,000

None

Figure A.9: Code 9: Training of Model 1 - LSTM

embed_dim = 160
1stm out = 250

model = Sequential()
model. add (Embedding(len (w_idx) +1 , embed_dim, input_length = X_test_pad.shape[1]))
model . add (SpatialDropout1D (0.2))

model. add (LSTH(1stm out, dropout=(
o model.add(keras.layers.Dense(13, activatio

.2, recurrent_dropout=0.2))
"softmax'))

9 #adam rmsprop
10 model.compile(loss = "categorical crossentropy", optimizer='adam',metrics = ['accuracy'])
11 print(model.summary())
Model: "sequential”

Layer (type) Output Shape Param #

embedding (Embedding) (None, 160, 160) 4835200

spatial dropoutld (SpatialD (None, 160, 160) 0

ropout 1)

Lstm (LSTM) (None, 250) 411000

dense (Dense) (None, 13) 3263

Total params: 5,249,463
Trainable params: 5,249,463
Non-trainable params: 0

None

Figure A.10: Code 10: Training of Model 2 - LSTM with GloVe

def conf matrix(y, y_pred, title):
fig, ax =plt.subplots(figsize=(17,17))
labels = ["empty", "sadness", "enthusiasm", "neutral", "worry", "surprise", "love", "fun", "hate", "happiness”,

ax=sns.heatmap(confusion matrix(y, y_pred), annot=True, cmap="Blues", fmt='g', cbar=False, annot_kws={"size":12
plt.title(title, fontsize=20)

ax.xaxis.set_ticklabels(labels, fontsize=14)

ax.yaxis.set_ticklabels(labels, fontsize=14)

ax.set_ylabel ('True Label', fontsize=18)

ax.set_xlabel ('Predicted Label', fontsize=18)

plt.show()

fig = conf_matrix(y_test.argmax(1l), y_pred lstm.argmax(l), 'LSTM Sentiment Analysis\nConfusion Matrix')

Figure A.11: Code 11: Plotting the Results confusion matrix
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56 2021 with climate change we only have 11 years to reign in emissions to do that we need to tax the out of you c
limateemergency climatecult greentaxes
Name: text, dtype: object

neutral
worry
sadness
surprise
relief
happiness
empty
love

hate

enthusiasm
fun
boredom
anger

Figure A.12: Code 12: Example 1 of a tweet and its labeled emotions

567 americas largest banks are failing on climate change tell them all to stop funding fossil fuels now
Name: text, dtype: object

worry
neutral
sadness
surprise
empty
hate

relief
enthusiasm
fun
happiness
love
boredom
anger

Figure A.13: Code 13: Example 2 of a tweet and its labeled emotions
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o1

A.2 A Comprehensive Reference Guide: Key Terminology

for Acronyms and Python Libraries

Acronyms:

AT Artificial Intelligence

GloVe Global Vectors for Word Representation
GPT Generative Pre-trained Transformer
LDA Latent Dirichlet Allocation

LSTM Long Short-Term Memory

ML Machine Learning

NLP Natural Language Processing

RNN Recurrent Neural Networks

VADER Valence Aware Dictionary for Sentiment Reasoning
List of Python libraries mentioned:

Gensim

Keras

Matplolib

Nominatim

Pandas

Scikit-learn

Tweepy

VaderSentiment

Word2vec
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