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ABSTRACT 
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The goal of my thesis is to study people’s reactions towards the ethical use of artificial intelligence. 

To achieve this goal, I use Latent Dirichlet Allocation (LDA) to reveal underlying topics from text 

data (text corpus) scrapped from AI-related subreddits. Then, on the fine-tuned topics, sentiment 

analysis is performed to get insight into how people react to the ethical use of artificial intelligence.  

The fast growth, advancements, and integration of Artificial Intelligence (AI) into the various as-

pects of human life have triggered widespread discussions regarding its ethical implications. Un-

derstanding public sentiment towards the ethical use of AI is quite crucial and paramount for 

policymakers, developers, and researchers who are aiming to ensure the responsible deployment 

of artificial intelligence. This thesis investigates people’s perceptions and reactions to the ethical 

use of artificial intelligence by analysing large-scale discussions from online communities, specif-

ically AI-related subreddits. These platforms serve as rich sources of unfiltered public opinion, 

offering valuable insights into societal attitudes and concerns about this massive shift in technol-

ogy. 

To systematically explore the complex and diverse discourse surrounding AI ethics, this study 

employs Latent Dirichlet Allocation (LDA), an unsupervised topic modelling technique, to uncover 

hidden thematic structures within the collected textual data. Now, LDA enables the identification 

of recurring topics (prominent topics), themes, and points of discussion by analysing word co-

occurrence patterns across thousands of user-generated posts. The extracted topics are then 

carefully studied and evaluated, and fine-tuned to ensure topic coherence, relevance, and mean-

ingful categorization, providing a structured overview of the key ethical issues being discussed 

within these online communities. 

The study then further conducts sentiment analysis on these fine-tuned topics, to assess the 

emotional undertones associated with each identified topic. By quantifying sentiment polarity 

(positive, negative, or neutral) and emotional intensity, the research captures the nuanced reac-

tions of the public towards different ethical dimensions of AI, such as fairness, privacy, account-

ability, bias, and the impact of AI on employment and human rights. This combined methodology 

of topic modelling and sentiment analysis offers a comprehensive framework to map not just the 

breadth of ethical concerns but also the depth of emotional responses surrounding AI ethics. 
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The findings of this thesis provide empirical evidence of public opinion trends, highlighting areas 

where AI development is met with optimism, scepticism, or ethical alarm. By shedding more light 

on the topics that resonate most with the public and the sentiments they invoke, this research 

contributes to the broader comprehension of societal expectations and apprehensions about ar-

tificial intelligence. The insights gained can inform the development of ethically aligned AI systems 

and likewise help guide future public engagement strategies, regulatory policies, and educational 

efforts aimed at fostering a more transparent and socially responsible AI ecosystem. 

Key words and terms: Ethical Artificial Intelligence (Ethical AI), Natural Language Processing 

(NLP), Sentiment Analysis, Topic Modelling, Latent Dirichlet Allocation (LDA), Text Data Analysis, 

Reddit. 

The originality of this thesis has been checked using the Turnitin Originality Check service. 
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USE OF AI IN THESIS 

 

I have utilised AI tools in my thesis: 

 

☒  No  

☐  Yes 

 

The AI tools utilised in my thesis and their purposes are described below: 

 

Names and versions of AI tools: [List all the AI applications and their versions used during your thesis 

process] 

 

Purpose of using AI tools: [Provide a detailed explanation of the purpose and application of AI tools 

during your thesis process] 

 

Sections where AI tools were used: [List all the steps and sections of your thesis where AI has been 

applied during your thesis process] 

 

I acknowledge that I am fully responsible for the entire content of my thesis, including the parts gener-

ated by AI, and accept accountability for any violations of ethical standards in publications. 
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1 Introduction 

1.1 Motivation 

Artificial intelligence can be likened to an octopus, with its far-reaching arms extending 

into diverse fields such as Business, Politics, Medicine, Public Administration, Finance, 

Science and Engineering, and Education, among others. With the continuous and expo-

nential growth of artificial intelligence, its applications have become deeply integrated 

into various aspects of everyday life. In the current era, where many of the most signifi-

cant technological advancements are driven by AI, this widespread adoption appears to 

be both inevitable and transformative. This technology has recorded great achievements 

over the years amongst facial recognition, medical diagnosis, self-driving cars, and 

more so, promises enormous benefits   in terms of economic growth, social develop-

ment, and of course human well-being[1].  

Seeing how much of our day-to-day activities could revolve around the use of AI, it is 

essential, that its uses and applications conform to human values, thereby benefiting hu-

manity. “Its design and application must prioritize ethical standards, safeguard user 

rights, and contribute positively to human welfare. Upholding these principles is essen-

tial not only for the ethical integrity of AI but also for its sustainable and socially re-

sponsible development” (Floridi et al., 2018; Jobin, Ienca, & Vayena, 2019; European 

Commission, 2019). Hence, my thesis seeks to first and foremost, study what discus-

sions or topics people engage with in AI-subreddits about the ethical uses of AI and con-

sequently analyse these discussions, understanding and interpreting what sentiments 

people attribute to these topics or discussions. This study would contribute to the field 

of ethical AI ensuring that artificial intelligence systems are designed, developed, and 

deployed in ways that align with human values, fairness, and societal well-being. And 

we can start by studying people’s reactions toward this gigantic shift in the science and 

engineering of intelligence.  

 

1.2 Previous/Related Work 

This is not a completely new task as in the past, LDA has been used in analysing Reddit 

data for health purposes [2], social studies [3], and most recently for academic purposes 

[4]. More closely, Sebastien Weber et al published an article, documenting an analysis 

of Reddit data on how medical professionals perceive artificial intelligence [5]. In an-

other study, the Journal of Medical Internet Research published a journal on “Public 

Perception of Artificial Intelligence in Medical Care” [6] . But this was more related to 

the medical field and the data set used was specific to China, as Gao et al used text data 

from Sina Weibo, a Chinese online social media platform. My research work focuses on 

Reddit, a more open and general online social network in terms of nationality, race and 

gender, and geographical locations. 
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1.3 Research Statement/Question 

The purpose of my research study is two-fold: 

a. What are the underlying themes in AI related discussions on Reddit?’ 

This research question aims to uncover the latent topics that emerge from user-gener-

ated content on Reddit forums or communities (subreddits) focused on artificial intelli-

gence. Therefore, by analysing large-scale text data from these subreddits, the study 

seeks to identify the most prominent themes and issues that are repeatedly discussed by 

the online communities. These may include concerns about privacy, fairness, transpar-

ency, job displacement, technological advancement, governance, and ethical considera-

tions, among others. The objective is to understand the breadth and nature of public dis-

course surrounding AI and to provide a structured representation of these conversations 

using unsupervised topic modelling techniques such as Latent Dirichlet Allocation 

(LDA). 

 

b. What sentiments or feelings do people attribute to these topics or discus-

sions? 

This question investigates the emotional tone or polarity (positive, negative, or neutral) 

associated with the identified themes in AI discussions. After extracting and refining the 

topics, the study applies sentiment analysis to examine how people feel about specific 

ethical issues related to artificial intelligence. The goal is to provide deeper insight into 

public perception, emotional reactions, and the societal mood regarding the develop-

ment and application of AI technologies. This analysis can reveal whether topics such as 

AI in surveillance or employment are met with fear, optimism, scepticism, or approval, 

thus offering valuable information for developers, policymakers, and ethicists aiming to 

align AI innovation with societal expectations and ethical standards. 

 

1.4 Thesis Structure 

My thesis is structured to address the logical and sequential process of the study, from 

the fundamental concepts to the experimental work, then the evaluation of the results, 

and the possibility of future studies. While the first chapter justifies the importance and 

necessity for this research study, the second chapter narrates literature review for each 

key word, hence more insight into the key concepts of the studies. Moreover, the third 

chapter carries out the actual work; from data collection, data analysis, to the latent Di-

richlet allocation, and sentiment analysis. Then there is a fourth chapter presenting the 

results for analysis, and consequently discussion, and conclusion which comprise the 

fifth chapter. Finally, the sixth chapter brings our attention to the limitations of the 

methods and algorithms used in the analysis. It then tables the possibility of future stud-

ies in the same light, and the seventh chapter crowns the studies with the references and 

sources which have complemented the research. 
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2 Literature Review 

2.1 Ethical Artificial Intelligence (Ethical AI) 

We cannot talk about ethical AI without talking about ethics. What is ethics?  Table 1 

below, cited from (K. Siau and W. Wang, ‘Artificial Intelligence (AI) Ethics: Ethics of 

AI and Ethical AI’,) gives an overview of the definition of ethics. It defines ethics in 

two facets, normative and applied, both of which are core to understanding the ethics of 

artificial intelligence. So, ethics is not just about what is morally good or bad, but also 

more about what principles or guidelines are used to decide what is morally good and 

bad. This does not only call to order the systems built to serve humans but equally the 

humans themselves who create and utilise these systems.  

 

Summarily, while normative ethics talks about a more philosophical approach to 

differentiating right from wrong, applied ethics on the other hand, looks through a more 

practical lens, building on realistic problems like bias and privacy. 

 

 

Normative Ethics Reference 

“Ethics is the capacity to think critically about moral 

values and direct our actions in terms of such values.” 

Churchill,1999 

“Ethics is a set of concepts and principles that guide us in 

determining what behaviours help or harm sentient 

creatures.” 

Paul & Elder, 2006 

“Ethics is the norm for conduct that distinguishes betwee

n acceptable and unacceptable behaviour.” 
 

“Ethics is the discipline that studies standards of conduct, 
such as philosophy, theology, law, psychology, or           

sociology.” 
 

“Ethics is a method, procedure, or perspective for decidin

g how to act and for analysing complex problems and          

issues.” 

 

 

 

 

Resnik, 2011 

Applied Ethics Reference 

“Computer ethics is the analysis of the nature and social     

impact of computer technology and the corresponding for

mulation and justification of policies for the ethical use of 

such technology.” 

Moor, 1985, p. 266 

“Machine ethics is concerned with giving machines ethic

al principles or a procedure for discovering a way to resol

ve the ethical dilemmas they might encounter, enabling        

them to function in an ethically responsible manner         
through their own ethical decision making.” 

Anderson and Anderson, 
2011, p. 1  
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Table 1: Definition of ethics [7] 

Similarly, as ethics could be discussed in two folds, ethical AI itself encompasses two 

intertwined domains, the ethics of AI, for example, policies, regulations, guidelines, etc, 

and ethical AI systems defining smart systems or technologies built and designed to eth-

ically make decisions. These fields are interlocked, with AI systems built on the ethics 

on AI. Combining these domains have led to massive shift in AI. For example, we have 

AI powered chatbots who provide round the clock services in banks, hospitals, and even 

university websites, for prospective students [1].  

Of course, with every advantage comes a disadvantage; there is the fear of AI replacing 

humans. Let us look at the case with AI chatbots providing services to users or 

customers in whichever domain or sector. Before, an employee would have to attend to 

customers or patients within her working hours and will be substituted by another; but 

most systems today are AI-assisted leaving very little roles for those who played these 

roles [7]. This shift is seen in mobile bank applications, online healthcare services, 

online university applications, online voting interphases, and so many more. The 

questions could be asked: are these systems ethically fit to function with opacity and 

accountability or without bias and discrimination? In the preceding paragraphs, I cite 

some strikingly unethical acts surrounding these questions  

 

According to (Gorodnichenko et al., 2021), Twitter, being one of the most active, if not 

the most active social media platform when it comes to elections in the United States of 

America, was involved in a scandal, for rigging the 2016 U.S. presidential elections, 

while according to (Khan et al., 2019), India, saw a rise in the spread of misinformation 

via social media linking to incidents of violence, bombing, and mob attacks. This did 

not only go against human ethics but caused the death of many. Today, we also hear of 

racial and ethnic discrimination with AI systems deploying facial recognitions, 

recommender systems being gender biased in recommending unisex products or 

services to users, such as disproportionately showing STEM-related career ads to men 

as presented by (Lambrecht & Tucker, 2019). Criminals have even used AI voice 

synthesis to impersonate executives and commit financial fraud, such as the theft of 

$243,000 through a fake CEO call, mimicking the CEO via some AI voice assistance 

[11]. 

 

Deeper than just the disregard for privacy or ethics, these failures of AI systems have 

also led to physical harm, such as the 2016 fatal Tesla Autopilot accident, where a Telsa 

driver suddenly lost his life due autopilot malfunctions, and the famous Microsoft’s Tay 

chatbot, which began producing offensive content shortly after launch.  

 

All these leaves this generation with doubts, fears, and uncertainty for what the future of 

AI looks like, even a glimpse of it. But more than ever before, there is the need for 

Ethical AI, in its two-fold understanding. Just like any other domain of AI, its 

application in various sectors of life would go a long way to curb these ethical issues. 

Reasons why my thesis focuses a lot on ethical AI, to contribute to the ever-growing 

research carried out. Just as AI keeps evolving, the ethics of AI equally is fast evolving. 

Ethical AI is not a single solution but a continuous process of identifying, assessing, and 
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responding to the evolving challenges posed by intelligent systems. As AI becomes 

more embedded in social infrastructure, addressing ethical concerns is crucial not just 

for regulatory compliance, but for maintaining public trust and social justice. Future 

developments in AI must therefore be guided by rigorous ethical standards, 

collaborative governance, and inclusive design practices. 

 

It is more or less, a universal call, knocking on the doors of policy makers and decision 

makers, health bodies, financial bodies, governing bodies, international bodies, and 

even down to civilians. Technical experts and prominent tech firms like IBM, Google, 

and Microsoft, can lead in developing ethical frameworks, which being one of the major 

advancements in this field, will go a long way to shape the future of AI ethics, since 

these firms provide a vast majority of the AI services most used today. By grooming 

small research projects and teams, that foster the ethical application of AI, translating 

values such as fairness, accountability, transparency, and privacy into computational 

methods, the quest for ethicality in AI will not be far out of reach. These frameworks 

include algorithms designed to mitigate bias in machine learning models, ensure 

explainability in decision-making processes, and preserve user privacy through 

differential privacy techniques and federated learning. 

 

Education and public engagement have also seen progress; Universities have introduced 

interdisciplinary courses and research programs focused on ethical AI, while civil 

society organizations are raising awareness about the societal implications of 

algorithmic systems, organizing campaigns, seminars and symposiums, sensitizing the 

massive, that ethical deployment of AI is closely tied to human safety. As highlighted in 

the 12th edition of the ETAIROS Leadership Symposium (2023), the theme, "Ethical 

Application of AI Requires Leadership," underscores the urgent need for principled 

governance and ethical foresight in AI development (“Ethical application of artificial 

intelligence requires leadership - Etairos”). My work supports this mission by first 

studying online discourse surrounding this trend, and the feelings people attach to them. 

 

2.2 Natural Language Processing 

With Artificial Intelligence existing to serve humans, it is important and necessary that 

it be able to communicate with humans and vice versa. Aside from mere communica-

tion, there is the need for understanding; computers or machines should be able to un-

derstand natural or human language to better serve them, likewise, humans should be 

able to understand machines designed to communicate in natural language. Hence, natu-

ral language understanding is almost at the heart of Natural language Processing, mak-

ing human and computer interaction easy but efficient.  

The likes of Amazon’s Alexa, Apple’s Siri, Microsoft’s Cortana, Google’s Gemini, etc, 

give us a foretaste of how beautiful Natural Language Processing is. NLP most defi-

nitely was or is combined with other domains like software engineering and even Com-

puter Vision to arrive at such incredibly helpful AI assistance. Methodologically, the fu-

sion of machine learning and linguistics were maximized to bridge this gap between hu-

mans and machines, fostering a better understanding and communication [12]. It is no 
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wonder, what the intersection of NLP and other disciplines or fields can birth; one could 

say we have seen it all, well, have we? 

The birth of NLP began with machine translation as stated by (Warren Weaver and 

Andrew Booth, 1946) during the second world war, where techniques on cryptography 

were exploited and utilized [12]. During these times, NLP was based on rule-based 

approaches, where the systems relied on handcrafted rules and linguistic knowledge to 

process texts. Notable contributions during this period include the development of 

parsing techniques and the formulation of Chomsky’s transformational grammar, which 

greatly influenced syntactic analysis in NLP. However, these systems struggled with 

ambiguity, scalability, and the unpredictable nature of human language. These struggles 

sparked the turning point as statistical methods began to gain traction. With increased 

computational power and access to larger corpora, researchers started using 

probabilistic models for tasks like part-of-speech tagging, speech recognition, and 

syntactic parsing. The introduction of Hidden Markov Models (HMMs) and the use of 

the Expectation-Maximization algorithm helped automate many language tasks, shifting 

NLP away from rigid rules to data-driven techniques.  

 

According to Elizabeth D. Liddy (2001), was the early 2000’s. saw the rise of machine 

learning approaches in NLP. Support Vector Machines (SVMs), decision trees, and 

logistic regression models were applied to text classification, named entity recognition, 

and sentiment analysis. Simultaneously, resources like WordNet, Penn Treebank, and 

multilingual corpora became standard tools, enabling more robust and reproducible 

NLP research. A major revolution began more precisely in the 2010s with the advent of 

deep learning. Neural networks, particularly recurrent neural networks (RNNs) and later 

transformers, reshaped the landscape of NLP. Word embedding techniques such as 

Word2Vec and GloVe allowed models to capture semantic relationships between 

words. The introduction of attention mechanisms and transformer-based models, such 

as Google's BERT and OpenAI’s GPT series, significantly improved performance 

across a wide range of tasks including machine translation, question answering, 

summarization, and text generation. 

 

In classifying NLP, we talk about two backbones: Natural Language Understanding 

(NLU) and Natural Language Generation (NLG) both mirroring the bidirectional nature 

of human communication. While NLU focuses on interpreting and extracting meaning 

from text or speech, NLG involves producing coherent, contextually relevant human 

language from structured data or abstract representations. [13]. Figure 1 gives a pictorial 

representation of the classification of NLP. 

 

Natural language Understanding deals with the complexities of linguistic ambiguity, 

context, and inference. Its goal is to allow machines to process language input in a way 

that mimics human understanding. This involves tasks such as intent recognition, 

sentiment analysis, entity recognition, and semantic parsing. NLU requires both 

syntactic parsing, understanding grammatical structure, and semantic modelling, which 

captures the meanings of words in each context [14]. With the help of deep learning 

models and transformer architectures like BERT and RoBERTa, machines can now 

perform these tasks with greater contextual awareness than ever before. Nonetheless, 
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true understanding remains a challenge, especially in nuanced or ambiguous situations 

that require world knowledge or common-sense reasoning. 

 

Then there is Natural Language Generation which aims to convert structured or 

unstructured data into fluent, and meaningful language. This process typically includes 

content planning, sentence structuring, and surface realization, steps that transform 

abstract concepts into grammatically correct, contextually appropriate sentences. NLG 

is used in applications ranging from automated news writing and weather forecasting to 

conversational agents and text summarization. The emergence of large-scale pre-trained 

language models like GPT-4 has significantly advanced NLG, enabling the generation 

of human-like text that can adapt to different tones, styles, and contexts, all likened to 

natural language. 

 

Together, these two arms of NLP intertwined enable a complete communication loop 

between humans and machines, as intended. Just as an example to understand the role 

both arms play in an NLP application, let us use a chatbot interaction; NLU helps the 

system understand a user's query, and NLG allows it to respond appropriately.  

 

Albeit NLP has recorded quite irresistible progress, it still faces challenges ensuring 

factual accuracy, handling low-resource languages, and maintaining ethical standards. 

And the development of these technologies continues to blur the lines between human 

and machine language capabilities, raising both exciting possibilities and important 

questions about control, transparency, and trust. In the next paragraph, I define a few 

challenges associated with NLP. 

 

One of the core challenges in NLP is the disambiguation of meaning. Words often carry 

multiple meanings depending on context—a problem known as polysemy. For instance, 

the word "bank" could refer to a financial institution or the side of a river. Even the 

most sophisticated language models can struggle to resolve such ambiguity, especially 

in short texts or under-resourced languages. Understanding sarcasm, idioms, metaphors, 

and cultural references adds further layers of complexity that require models to go 

beyond surface-level pattern recognition. 

 

What happens when there is not enough corpora to archived. High-resource languages 

like English, Mandarin, and Spanish, where large, annotated corpora are available, are a 

lot easier to handle by NLP systems, while Low-resource languages, on the other hand, 

like many African languages, lacking sufficient training data, making it difficult to 

develop accurate language models. This disparity promotes digital inequality and risks 

limiting the global applicability of NLP technologies. 

 

One of the most prominent challenges with NLP systems is the fact that pretrained 

language models often inherit biases from the data they are trained on. These biases, 

related to gender, race, ethnicity, religion, or socio-economic status, and lead to 

discriminatory or offensive outputs. This is quite a prominent issue, as humans 

themselves face this challenge and seen by most as a weakness. For example, a biased 

model might associate certain professions predominantly with one gender. Ensuring 

fairness and curbing bias remains a major ethical and technical challenge in the field. 
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Another challenge is the black-box nature of these models. As language models become 

increasingly complex and opaque (e.g., transformers with billions of parameters), 

understanding how these systems arrive at outputs becomes more difficult. This lack of 

interpretability poses challenges for debugging, building trust, and applying NLP in 

sensitive domains like healthcare or law, where explainability is of utmost essentiality. 

 

Many NLP models perform well on predefined datasets but fail to generalize to real-

world scenarios. They may be vulnerable to adversarial inputs or degrade in 

performance when faced with noisy, unstructured, or domain-specific data. Building 

models that are robust across different contexts and domains remains a key research 

priority, coupled with the computational expenses of training them on large scale data. 

 

Probably, the most human-factor challenge is that language evolves constantly. Every 

generation comes with Slangs, abbreviations, and these emerging social or cultural 

terms may not be present in training data, especially if that data becomes outdated. 

Hence, there is need of keeping NLP systems up to date with language trends, and this 

requires continuous data collection, training, and model adaptation, which is time 

consuming and resource consuming, and computationally expensive. 

 

These challenges, on the other hand have been a huge motivation the continuous 

research and studies been carried out in the field of NLP. While It is exciting to see 

what the next big thing will be, a more ethical application of these systems and models 

are most anticipated. 
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Figure 1: Broad Classification of NLP 

2.3 Topic Modelling  

Topic modelling is a powerful technique in Natural Language Processing (NLP) used to 

discover the abstract "topics" that occur in a collection of documents. “It is an 

unsupervised machine learning method that helps to organize, summarize, and 

understand large volumes of textual data by identifying patterns of co-occurring words” 

[15]. It assumes that documents are mixtures of topics and that each topic is 

characterized by a distribution of words. This enables researchers and analysts to 
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interpret the latent themes within a corpus without needing to manually label or 

annotate the texts, most especially with very large volume of text or corpus.  

 

These topic models could be probabilistic or non-probabilistic. Probabilistic models 

include, Probabilistic Latent Semantic Analysis (PLSA), and latent Dirichlet Allocation 

(LDA) while non-probabilistic models include Non-Negative Matrix Factorization 

(NNMF), and Latent Semantic Analysis (LSA) [16]. These various fields, from 

analysing customer feedback and social media discussions to exploring academic 

literature and legal documents. For instance, in social media analysis, topic modelling 

can reveal trends in public opinion by identifying dominant themes in user-generated 

content. In journalism and digital humanities, it helps track how discourse around 

certain issues evolves over time. 

 

For my thesis I used Latent Dirichlet allocation, best known for its specificities in 

discourse studies. This probabilistic model was first introduced Blei, and Jordan in 2003 

[17]. As the name stipulates, it uses the Dirichlet distribution as prior, assigning each 

word in a document to a latent topic based on the likelihood of its appearance in the 

context of other words and documents. Over multiple iterations, the algorithm refines 

these assignments to identify coherent groupings of words that frequently appear 

together. This results in each document being associated with a set of topics and each 

topic being defined by a set of high-probability terms. One of the strengths of LDA is its 

unsupervised nature; it does not require pre-labelled data, making it highly adaptable for 

exploring large, unstructured text corpora. It has been applied successfully in domains 

such as digital journalism, academic literature analysis, customer feedback, and online 

discourse, helping analysts to uncover themes, summarize information, and track topic 

evolution over time. 

 

The basic Latent Dirichlet Allocation (LDA) model has been extended in many ways to 

improve its functionality. To begin with, the text corpus was complemented with 

additional information about the documents, such as the authors, the publication dates, 

or categories, which gave the model more insight about the corpus. Additionally, the 

model was modified to see past just word counts, considering the relationship between 

words, topics, or documents. To realise these advancements, advanced statistical 

techniques were used to approximate complex probability distributions to make the 

computation more efficient, and the Gibbs sampling algorithm was used to generate 

samples from a probability distribution when direct sampling was difficult. These 

methods help the optimized model capture richer and more nuanced patterns in the text 

data. [18].  

 

Due to the fact the interpretability of topics is subjective and relies heavily on the ana-

lyst’s understanding of the context, this leads to possibility of bias from the model, as 

the analyst’s perspective of the text is always clouded. Hence different analysts using 

the same model on the same corpus, are most likely to have opposing feedback on the 

results. Furthermore, the model assumes independence between words and does not ac-

count for semantic relationships or word order, which can limit its effectiveness in nu-

anced linguistic tasks. Regardless of these limitations, I chose LDA over the other mod-

els because it remains one of the most widely used algorithms for topic modelling due 
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to its balance of simplicity, scalability, and interpretability. It continues to serve as a 

base for more advanced extensions and hybrid models in modern NLP research [19]. 

For my thesis, topic modelling will be used more specifically to analyse public conver-

sations on artificial intelligence within Reddit communities (subreddits). This technique 

helps to uncover patterns, trace sub-themes, and interpret how users interact and discuss 

AI-related concerns online not forgetting analysing the sentiments attached to these top-

ics [20] [21]. Taking into consideration the size of these subreddits (in terms of number 

of users, duration of existence) these communities are a hub for a wide variety of AI re-

lated topics and discussions, perfectly suited for my research. And LDA is the better 

choice of the other models because being a generative probabilistic model, it assumes 

that documents are generated from a mixture of topics, and each topic is a distribution 

over words thereby models uncertainty in topic assignments and captures the underlying 

thematic structure more realistically, unlike the Latent Semantic Analysis (LSA)model 

which is linear algebra-based and does not provide such probabilistic interpretations of 

the corpus. Also compared to NNMF and LSA, it produces more coherent and semanti-

cally meaningful topics, especially on large and diverse corpora, since its Dirichlet pri-

ors encourage sparsity and promote clearer topic-word distributions. 

 

 

 

Figure 2: The Flow of LDA (Retrieved from Getting to know topic modelling. A topic 

model is a type of statistical... | by Zulfikar Lazuardi Maulana | Kurio Toolbox) 

2.4 Sentiment Analysis 

An integral aspect of being humans, is the ability to express opinions on matters and 

happenings. These opinions, called sentiments, are more often than not, influenced by 

external or internal emotions. Man being a complex being, one could never say with ut-

most certainty whether or not a man’s opinions are always deciphered in their entirety 

and complete truthfulness. Hence analysing one’s sentiments is never an easy or straight 

forward task, most especially given the fact these opinions could be expressed verbally, 
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in writing, or even as signs. Nevertheless, sentiment analysis has become more para-

mount for decision making, were peoples’ opinions about a certain product, services, 

policies or discussions are studied to make more informed decisions. 

Hence being a salient part of human language and communication, sentiment analysis 

has drawn quite the attention and interest of the vast majority of policy makers, govern-

ment authorities, health facilitators and even down to the common man. Making the 

most of Natural Language Processing, text data analysis, machine learning [4], [22], it 

tarins machines to be able to recognise and interpret human emotions within a piece of 

written texts. In a nutshell, the process typically starts with text preprocessing steps such 

as tokenization, stop word removal, and stemming or lemmatization. Following this, 

machine learning algorithms or rule-based systems are employed to assign sentiment la-

bels to the text. 

There are three main approaches to sentiment analysis: rule-based, machine learning-

based, and lexicon-based approach. The Rule-based approach to sentiment analysis uses 

manually crafted rules, usually linguistic-based, such as words that express sentiment or 

emotions like "good," "terrible," "happy". Although this may seem straightforward, they 

can be limited in handling nuance, sarcasm, or context-dependent meanings which are 

almost always the case with rich texts from online discussions and reviews. Contrary to 

the lexicon-based approach, the machine learning-based approach relies on labelled da-

tasets to train models such as Naïve Bayes, Support Vector Machines (SVM), or more 

advanced deep learning methods like Long Short-Term Memory (LSTM) networks or 

transformers (e.g., BERT). These models learn patterns in data and can generalize better 

across different domains. To be successful, the text data is split distinctively into train-

ing and text data set. But this is not the case with the Lexicon-based approach. This ap-

proach depends on predefined sentiment lexicons that score words based on their emo-

tional connotation. One popular tool is VADER (Valence Aware Dictionary for sEnti-

ment Reasoning), which is especially effective for social media and short informal text, 

as it is well suited to handle the presence of emojis, the nuances and changes in lan-

guage. 

 

The Merriam-Webster Dictionary defines sentiment as “an attitude, thought, or judg-

ment prompted by a feeling,” which means that both emotional tone and subjective 

opinion play critical roles in interpreting one’s sentiment. However, separating these 

components is not always straightforward, as emotions often influence opinions, and 

opinions equally often influence emotions. For example, a single sentence can express a 

positive judgment while also expressing a negative emotion: “In 2023 My family sup-

ported my decision to read a Master of Science in Information Technology and Commu-

nication Sciences at Tampere University, Finland, although they were saddened by my 

departure because they knew they will be missing me.” This statement shows a positive 

judgement or decision is letting me move Finland to further my studies, yet a negative 

emotion still about me moving abroad to further my educations. 

The result of this dilemma leads us to view sentiment analysis through the lens of opin-

ion mining and emotion detection. Let us use the example above to comprehend opinion 
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mining and emotion detection. With opinion mining, the focus is on “My family sup-

ported my decision to read a Master of Science in Information Technology and Commu-

nication Sciences at Tampere University, Finland” it analyses the text, whether or not it 

was a good decision, bad or just neutral, in this case good, because my family supported 

the idea, and today I am rounding up my masters studies in Tampere university, Fin-

land. Meanwhile with emotion detection, the emphasis is laid on “although they were 

saddened by my departure because they knew they will be missing me” where it studies 

the emotions attached to the decision made in the first part of the statement; usually 

happiness, joy, anger, in this case sadness, since they are not happy I will be far away 

from home. Summarily put by (D. M. E.-D. M. Hussein, Oct. 2018), “Opinion mining is 

more concerned with the concept of opinions expressed in texts that can be positive, 

negative, or neutral, while emotion mining is the study of emotions (e.g., joy, sadness) 

reflected in a piece of text.” [23]. In other words, modern sentiment analysis has 

evolved to capture more than just polarity (positive, negative or neutral). Opinion min-

ing sentiment analysis can determine opinions on specific features of a product or ser-

vice, while emotion detection attempts to identify complex emotions such as joy, anger, 

sadness, or surprise. This distinction is important and necessary because my research 

adopts an opinion mining approach, as it focuses on how users evaluate the ethical di-

mensions of AI through subjective expression. 

Sentiment analysis faces challenges such as handling sarcasm, idioms, ambiguous lan-

guage, and domain-specific expressions. For instance, the phrase "It's sick!" may con-

vey enthusiasm in one context and disgust in another. As such, context-awareness and 

cultural nuances are important factors that advanced models strive to incorporate. 

3 Methodology 

3.1 Reddit 

Reddit is a popular social media and content-sharing platform known for its diverse 

communities and user-driven content. Launched in 2005 by Steve Huffman and Alexis 

Ohanian, Reddit has grown into one of the largest online forums globally, with millions 

of users and thousands of active communities, known as subreddits. It functions like a 

large message board. Users submit contents such as links, images, videos, or text posts, 

which other users can upvote or downvote based on relevance or quality. Posts that re-

ceive more upvotes gain visibility, while downvoted content becomes less prominent. 

This voting system helps the community self-regulate the flow and prominence of infor-

mation. 

Its communities are called subreddits and are focused spaces within Reddit dedicated to 

specific topics, ranging from general interest areas like r/science, r/news, or r/movies, to 

niche communities like r/linguistics, r/artificial, or r/askhistorians. Each subreddit has 

its own rules, moderators, and culture, allowing for highly specialized and self-gov-

erned discussions. Reddit stands out from other platforms due to its anonymity, open-

ness, and strong emphasis on discussion and debate. Users are typically identified by 

pseudonyms, which encourages candid participation and reduces the pressure of main-

taining a public persona. This has made Reddit a fertile ground for in-depth conversa-

tions, opinion sharing, and even breaking news. 
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Reddit first gained significant mainstream visibility when President Barack Obama 

hosted an AMA (Ask Me Anything) session on the platform in 2012, marking one of 

the most notable intersections between digital communities and political discourse. For 

those interested in the site’s full developmental trajectory, Reddit offers a comprehen-

sive timeline on its About page, and further insights can be found in entries on the Red-

dit Blog. 

There is no doubt that Reddit is one of the most prominent social media platforms. Its 

discussions are readily available for everyone to access, without or without an active 

Reddit account. Its communities span through almost all, if not all aspects of our day-to-

day activities.  “Although the demographic features of the 330 million active users are 

unavailable because of its policy of not collecting personal information, evidence shows 

that most users are young people between 18 and 34 years old (57%) [4], [28], corre-

sponding to the age of college learners. In addition, research on educators on Reddit re-

veals that educators widely use the site and that its use might be influential in training 

preservice educators [4], [29]” and it is important to mention, that text data from Reddit 

are of high quality[30]; I guess this explains why despite the so much research carried 

out with reddit data set, not so many researchers share their data sets.  

 

3.2 Apify 

Apify is a full-stacked platform wherein developers have built and deployed tools, 

called actors, used for web scaping, data extraction and even web automation. In recent 

years, it has been used to scrape online social media platforms like Facebook, twitter, 

Instagram, and even TikTok; It was used in a study to investigate open-source intelli-

gence in Facebook in 2023(Narasimhan et al., 2023), while in 2024, it was used to ex-

tract data from Instagram, Twitter, and YouTube to detect duplicate accounts (Firman-

syah et al., 2024).  

For the data extraction, the actor used was the Reddit Scraper Lite (trudax/reddit-

scraper-lite) grafted by Gustavo Rudiger (https://apify.com/trudax) in June 2020, with 

over 244 monthly users and 100% success rate. This platform takes in one or multiple 

subreddits as inputs and scrapes them taking into consideration how many communities, 

posts and comments the user wishes to extract. It is quite fast and yields a reasonably 

large amount of data. It gives the output either as a table, or as JSON, and its output can 

only be exported as JSON, JSONL, CSV, XML, Excel, HTML table or RSS. Officially, 

it can be accessed via the link, www.apify.com.   

 

3.3 Data Collection 

The search for discussions related to AI involved a subreddit search using the official 

search API with the terms “ethical AI, Artificial Intelligence, and Machine learning” 

and this search yielded quite many communities, 6 of which I selected based on the 

sizes these communities, their percentage ranking by size, and how long the communi-

ties have existed (judging from their dates of creation). Table 1.0 below gives an over-

view of these subreddits.   

 

https://www.apify.com/
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Table 2: AI Subreddits (Communities)  

 

subreddits  created  members  rank  about  

r/artificial  Mar 13, 

2008  

682k  

(421 

crawling’s)  

Top 1%  Reddit’s home for 

Artificial Intelligence.  

r/MachineLearning  Jul 29, 

2009  

2.9m  Top 1%  Temporarily closed   

r/ArtificialIntelligence  Feb 25, 

2016  

382k  Top 1%  Promotes AI related 

discussions, including 

how AI is affecting 

our lives and possible 

future of AI.  

r/AIethics  Jun 8, 

2016  

4.1k  Restricted  Discussion of how 

artificial intelligence 

agents should behave 

and how we should 

treat them.  

r/machinelearning  Oct 19, 

2021  

36.5k  Top 5%  Interesting news and 

articles about the-

state-of-the-art in ML 

and AI.  

r/ethicalAI  May 17, 

2022  

467  Top 50%  research and 

conversations 

surrounding the topic 

of ethical artificial 

intelligence and the 

impact on today's, and 

tomorrow's, 

workforce.  
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In extracting the data, Apify’s Reddit scraper lite was used to scrape the subreddits (sep-

arately) for a maximum of 1500 posts. Of the six communities selected, the scraping of 

two, r/ArtificialIntelligence and r/machinelearning were unsuccessful due to access re-

strictions (403 status code). The scraper faced repeated 403 (Forbidden) status codes 

when attempting to access the Reddit API endpoint, and after 3 retries, the request was 

marked as failed, and the maximum retry limit was reached.  

However, the community, r/artificial, which is Reddit's home for Artificial Intelligence 

was scraped under two minutes and nineteen seconds, and produced 1249 outputs; r/AI-

ethics  was scraped under five minutes and twenty-six seconds, yielding 1126 threads; 

r/ethicalAI, scraped under one minute and twenty-seven seconds, produced 121 threads, 

and finally, r/MachineLearning, which was scraped under three minutes and one second, 

scraped 1501 discussion threads. The results were presented in a tabular form with col-

umn-headings like body (posts and comments), category, community name (subreddit), 

and 24 more columns not related to the task. So, to get the desired results, only the body 

(comprising the posts and comments) was exported, for each community, as a csv docu-

ment, and the files were then prepped for processing. 

 

3.4 Data Analysis 

3.4.1 Data Preprocessing 

All the required libraries for the task were imported and using a Python’s “os” and 

“Panda” libraries, the dataset was loaded and with the “nltk” library, I built a pipeline to 

tokenize the text corpus, breaking down the unstructured text data into smaller units 

called tokens that can be read by the machine (a token can range from a single character 

or individual word to much larger textual units). Next, I cleaned the data, removing all 

trailing/leading white spaces, removing special characters and hyperlinks, then splitting 

sentences into single words. Rather than creating an original collection of stop words, I 

simply loaded the NLTK English language stop list and stop words (I, the, etc.) were re-

moved, uppercase letters converted to lowercase, and all contracted words (like don’t, 

can’t, etc.) converted to their composite forms (do not, cannot, etc.). Finally, the result-

ing data was lemmatized so that every word in the text exists in its dictionary or canoni-

cal form.  

3.4.2 Data Visualization 

To visualize the data, a length column was added to the dataset to produce count plots 

of the community names (subreddits) and the data types (posts or comments). This 

helps in understanding the data better and hence making more accurate inferences. 

Although these are not the overall representations of all the discussions taking place in 

these communities, these graphical representations give us insight into the data set used 

for this research, based on what was extracted from the communities. Figures 3 and 4 

demonstrate the count plots respectively. 

 

Figure 3 shows how much discussions were extracted from the respective communities 

with the most from the r/MachineLearning community, which is the largest of the four 
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communities, although temporally closed, as part of Reddit’s sitewide protest. Accord-

ing to a subreddit moderator announcement, the community voted overwhelmingly to 

participate in the blackout as part of a coordinated protest on Reddit. Then the r/artifi-

cial community, which is Reddit’s official home for Artificial Intelligence; the r/AIeth-

ics community, which although restricted, is home to discussions of how artificial intel-

ligence agents should behave and how we should treat them; then finally, the smallest 

and most recent community , r/ethicalAI, hosts researches and conversations surround-

ing the topic of ethical artificial intelligence and the impact on today's and tomorrow’s 

work force. 

Figure 4 gives the ratio of posts to comments; over 750 posts to 3300 comments. This 

means at least four comments for every post. However, the algorithm LDA algorithm 

does not make this distinction when revealing the underlying themes or topics in these 

discussions. 
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Figure 3: Community Count Plot 

After cleaning the data and creating the count plots, a word cloud was plotted to get a 

visual overview of the most and least frequently used words in the conversations. On a 

surface level, this already gives us a clue of that opinions or sentiments people attribute 

to these discussions. However, we cannot say with utmost certainty how accurate they 

are as they are only words and not associated with any contexts. From the word cloud, it 

cannot be inferred what exactly are people’s feeling or opinions towards the ethical use 
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of AI. Nevertheless, this view gives us more insight about what possible feelings to ex-

pect; in other words, it gives us a sneak peek of what results to expect. Frequently ap-

pearing words are shown larger, making it easy to identify the main topics or recurring 

ideas in the dataset at a glance. 

Fig 5 gives us a visual representation of the word cloud. 

 

 

Figure 4: Data Type Count Plot 
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Figure 5: Word Cloud 

The word cloud reveals to us that the most frequent words are AI, will, Model, Paper, 

People, Human, even, data, one, work, etc, most of which are quite informative or at 

least makes sense, given the data set. Words like AI, model, paper, people, human, data, 

confirm that indeed in these communities, AI related discussions were being held, and 

that gives more assurance about the data set too. 

 

3.5 Latent Dirichlet Allocation (LDA) 

To perform LDA, I imported the gensim library. Gensim's LdaModel() function pro-

vides a readily accessible method for topic model generation. The script I used is a basic 

script, with few customizations, for producing LDA models with gensim. I loaded the 

dictionary and generated a corpus as bag of words (BOW). Next, I trained the LDA 

model and printed the topics. In training the model, some parameters were used: passes, 

tells how many times the algorithm passes through the whole text corpus, like “epochs” 

in other packages and libraries; “num_topics”, the number of topics into which the 

model distributes words and documents. Methods for choosing an appropriate number 
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of topics is an ongoing area of research. Then there is “random_state”, which is compa-

rable to “seed” in many packages and libraries. The “random_state” ensures that the al-

gorithm always starts from the same initialization point, since the optimization algo-

rithm starts from a random initialization of parameters which can lead to a different lo-

cal optimum each time. The LDA script in the appendix was used to reveal the underly-

ing topics. 

 

Topic coherence was used to evaluate the LDA model. Topic coherence is a widely 

popular method for evaluating LDA topics, measuring how coherent a topic is. It sorts 

each topic's key terms from highest to lowest term weights. It then selects the 

first n terms in each respective topic and measures the degree of similarity of these 

terms within each topic.  The coherence score can be any value between 0 and 1, with 1 

being perfect coherence and 0 being none. Nonetheless, it should be noted that, topic 

coherence scores are not an absolute indicator of topic quality, although they can be one 

useful metric for gauging model performance. 

 

Furthermore, in deciding the number of topics the LDA model should produce, I ran the 

model for a series of number of topics, from 5 topics to over 50 topics with a common 

difference of 5 and selected the number of topics with the highest coherence score and 

the coherence score reduced as the number of topics increased. So, 5 number of topics 

were selected, and the following results were obtained. 

 

IDENTIFIED TOPICS: 

TOPIC 1: 0.010*"loss" + 0.009*"thanks" + 0.006*"gt" + 0.006*"could" + 

0.005*"minimum" 

TOPIC 2: 0.030*"ai" + 0.011*"would" + 0.007*"people" + 0.006*"like" + 

0.006*"research" 

TOPIC 3: 0.051*"http" + 0.028*"model" + 0.025*"amp" + 0.017*"image" + 

0.012*"data" 

TOPIC 4: 0.013*"paper" + 0.011*"get" + 0.011*"work" + 0.009*"like" + 

0.009*"think" 

TOPIC 5: 0.015*"human" + 0.013*"ai" + 0.011*"like" + 0.010*"gt" + 

0.009*"would" 

COHERENCE SCORE: 0.37311668239218027 

 

The coherence score, 0.373 is quite low, which signifies little coherence between the 

topics. And some words like “http”, and lone words like “f” were quite frequent in the 

topics so; to further evaluate the topics, the parameters of the model were fine-tuned. 

The preprocessing pipeline was also adjusted to remove URLs like “http” and single-

character tokens like “f”. then the model was run again and this time the coherence 

score was 0.4242800871746.(The resulting topics will be discussed in detailed in 

section 4). While this coherence score is better, it is still undesirable. However, 

coherence scores are not an absolute indicator of topic quality, so, to further analyse the 

topics, I used the “pyLDAvis” library to visualize the topics for more insight and the 

results will be displayed and analysed more detailly in section 4. 
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3.6 Sentiment Analysis 

One difficulty with analysing online social media text data is having to deal with some 

uncommon expressions, emojis, and shorthand’s which could be somewhat misleading. 

To combat this problem, I used VADER (Valence Aware Dictionary sEntiment Rea-

soner), a rule-based sentiment analysis tool (that is to say, it used a set of predefined 

rules and a list of words with their sentiment scores), specifically tuned to social media 

context and supports the expressions and shorthand’s [4], [26]. According to (G. Veena, 

A. Vinayak, and A. J. Nair, Oct 2021)“ VADER is based on a wisdom of crowds 

(WotC) approach to acquire a valid point estimate of the sentiment valence (intensity) 

of each lexical feature.” [31] The results returned by VADER is a dictionary of four 

keys denoted “neg”, “neu”, “pos”, and “compound”. Normalizing the three scores neg, 

neu, and pos gives the “compound” value. The compound value, ranging from -1 to 1, 

gives the overall sentiment value, -1 being the strong negative and 1 being the strong 

positive.  

After sentiment analysis is carried out, the sentiment scores are mapped to the LDA top-

ics to gain more knowledge about how people feel about specific ethical themes in AI 

discussions on Reddit, which of these themes amass the strongest emotional responses, 

as discussed in chapter 5. This equally complements the thematic structure uncovered 

by the LDA model with a rich emotional context, and helps to identify controversial or 

emotionally charged topics, which may require further qualitative analysis or policy at-

tention. 

For future reference, these sentiment scores comprise the basis for studying how peo-

ples’ feelings towards these discussions trend over time, capturing temporal dynamics 

of public opinion — not just what people feel, but when those feelings intensify or shift, 

as discussed briefly in chapter 6. 

4 Results 
In this section, I display and analyse the results of the LDA model and sentiment 

analysis. 

After evaluating and fine-tuning the LDA model, the final topics of the LDA model 

were more coherent as seen from the coherence score: 

IDENTIFIED TOPICS: 

TOPIC 1:  

0.016*"would" + 0.010*"gt" + 0.010*"human" + 0.020*"like" + 0.016*"thumb-

nail" + 0.010*"theory" + 0.009*"mind" + 0.009*"people" + 0.007*"machine" + 

0.006*"even" 

TOPIC 2:  

0.043*"image" + 0.013*"would" + 0.009*"like" + 0.022*"value" + 0.015*"good" 

+ 0.007*"think" + 0.007*"one" + 0.007*"thank" + 0.007*"see" + 0.007*"job" 

TOPIC 3: 
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 0.041*"ai" + 0.013*"human" + 0.008*"would" + 0.008*"gt" + 0.007*"system" + 

0.007*"like" + 0.007*"could" + 0.007*"ethic" + 0.006*"right" + 0.006*"machine" 

TOPIC 4:  

0.012*"like" + 0.010*"model" + 0.010*"think" + 0.013*"people" + 0.012*"data" 

+ 0.010*"get" + 0.008*"time" + 0.008*"one" + 0.008*"use" + 0.008*"llm" 

TOPIC 5:  

0.022*"paper" + 0.021*"model" + 0.008*"work" + 0.009*"research" + 

0.008*"data" + 0.007*"like" + 0.007*"idea" + 0.006*"ml" + 0.005*"also" + 

0.005*"phd" 

COHERENCE SCORE: 0.4242800871746592 

After which, pyLDAvis was used to map these topics onto a coordinate space where 

they can be examined, how similar, diverse or distinct they are in relation to each other. 

The figure below (Fig. 6) shows the visual representation of the overall final topics with 

detailed examination of each topic displayed, in chapter 5. It is important to mention, 

for the readers’ sake, who might or might not be familiar with the data set or the con-

cepts, that Topic models can defy ready interpretation. Moreover, to assume topics are 

valuable only because we can interpret them or even invaluable because we cannot in-

terpret them prevents our learning anything new about out data set through topic mod-

els. Perhaps a topic is uninterpretable at the moment because it has provided some new 

insight into the corpus that we did not previously perceive. 

 

Fig. 6 displays the top 30 most salient terms or words in the entire text corpus. Visually 

I most likely expect these words, at least over 83% of them, although some of them do 

not seem so informative, like the topic “thanks”, “thank”, “would”, “sure”, “thing”.  The 

left-hand space maps our topics while the right-hand bar graph displays the overall most 

frequent terms in our model. Moving the mouse over the different topic circles on the 

left, the right-hand graph changes. The red bars visualize each terms projected 

frequency within that given topic compared to its overall model frequency. Moving the 

mouse away from any of the topics, the bar graph returns to showing only the most 

frequent terms across the model overall. On the other hand, moving the mouse over any 

one of the most frequent terms in the entire corpus highlights the topics in which the 

word is most frequent.   
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Figure 6: Topics Visualisation 

 

Topic Sentiments Analysis: 

 

Topic 1: would" gt" human" like" thumbnail" theory" mind" people" machine" 

even 

Sentiment Scores: {'neg': 0.0, 'neu': 0.635, 'pos': 0.365, 'compound': 0.5574} 

 

Topic 2: image" would" like" value" good" think" one" thank" see" job 

Sentiment Scores: {'neg': 0.0, 'neu': 0.368, 'pos': 0.632, 'compound': 0.8519} 

 

Topic 3: ai" human" would" gt" system" like" could" ethic" right" machine 

Sentiment Scores: {'neg': 0.0, 'neu': 0.635, 'pos': 0.365, 'compound': 0.5574} 

 

Topic 4: like" model" think" people" data" get" time" one" use" llm 

Sentiment Scores: {'neg': 0.0, 'neu': 0.783, 'pos': 0.217, 'compound': 0.3612} 

 

Topic 5: paper" model" work" research" data" like" idea" ml" also" phd 

Sentiment Scores: {'neg': 0.0, 'neu': 0.783, 'pos': 0.217, 'compound': 0.3612} 

 

The table 2 below gives an overview of the sentiment scores. 
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Topic General Theme Compound Score Sentiment Tone 

1 Human-Like AI and Mind Theory 0.5574 Moderately positive 

2 Appreciation and Community 

Feedback 

0.8519 Strongly positive 

3 Ethics, Rights, and Human-AI 

Interaction 

0.5574 Moderately positive 

4 Language Models and Public 

Perception  

0.3612 Mildly 

positive/neutral 

5 Academic AI Research and 

Discussions 

0.3612 Mildly 

positive/neutral 

 

 

Table 3: Sentiment Analysis Overview 

These results reveal that while technical and academic conversations tend to maintain a 

somewhat neutral tone, topics involving ethics, cognition, and human-likeness spark a 

more positive and thoughtful emotional response. Discussions that highlight positive 

community interactions stand out with the strongest emotional tone, suggesting that 

shared appreciation and value recognition are important elements of the Reddit AI dis-

course. More detailed analysis and discussion follow in the next chapter (chapter 5). 

 

4.1 Topic Results  

In the next section, I discuss these results in more detail; the results of the topics are 

discussed and analysed in sync to their sentiment scores.  

By default, pyLDAvis sorts the topics by their overall prevalence (importance) in the 

corpus, not by their numeric labels from the LDA model, so the topics presented by the 

LDA model or sentiment analysis would not necessarily be the same as those displayed 

across the coordinate space by the pyLDAvis, except with some differences with the 

topic orders from those displayed  by LDA model and sentiment scores. This has been 

highlighted in the respective topic analysis and discussions. 
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Figure 7: Topic 1 visualisation 

(Displayed topic four on the pyLDAvis coordinate space) 

Hovering over the topic 1, the top ten most salient terms are ai, human, would, gt, sys-

tem, like, could, ethic, right, machine.  This topic could possibly revolve around discus-

sions about humans, machines, theories, and people's perceptions, with references to ab-

stract concepts like "mind" and "theory." The presence of "thumbnail" may indicate 

some residual noise, potentially related to multimedia elements (e.g., images or thumb-

nails).  These terms and the proceeding terms construct a pattern thought where the fo-

cus is on the philosophical and theoretical aspects of AI, as seen in terms like "theory," 

"mind," and "machine."  

Sentiment Scores: {'neg': 0.0, 'neu': 0.635, 'pos': 0.365, 'compound': 0.5574}. The com-

pound score (0.5574) reflects moderately positive sentiment. It suggests discussions are 

possibly optimistic, likely about the potential of human-machine collaboration, AI, and 

abstract theories. With a 63.5% neutrality, the tone remains largely objective, reflecting 

thoughtful or intellectual discourse rather than emotional intensity. The moderate posi-

tive sentiment could also reflect curiosity and a constructive outlook toward understand-

ing the human-machine relationship and how AI might emulate or differ from human 

cognition. 

 



-33- 

 

 

 

 

Figure 8: Topic 2 Visualisation 

(Displayed by topic five on the pyLDAvis coordinate space) 

Moving over to topic 2, this topic is highly positive, suggesting a discussion centred 

around appreciation, good ideas, or positive values, possibly related to models, or out-

comes. The dominant positive sentiment (63.2%) and high compound score reflect grat-

itude or approval, such as acknowledging good work or thanking someone, while the 

36.8% neutral score indicates some factual/objective discussion within the topic. This 

topic carries the strongest positive sentiment (compound: 0.8519), and this could mean 

high levels of satisfaction and engagement within the community, particularly around 

appreciating contributions, recognizing effort, and identifying areas of progress. None-

theless, the presence of words like “problem” could be a critical analysis of some mod-

els, calling out weaknesses and limitations and seeing how to make them better; we see 

words like “better”. In short, one could conclude that these discussions could have as 

well been more of positive criticism. 
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Figure 9: Topic 3 Visualisation 

(Displayed by topic one on the pyLDAvis coordinate space) 

Topic 3: ai" human" would" gt" system" like" could" ethic" right" machine 

Sentiment Scores: {'neg': 0.0, 'neu': 0.635, 'pos': 0.365, 'compound': 0.5574} 

 

The third topic shifts back to the broader ethical and systemic implications of AI, with 

terms such as "ethics," "human," "system," and "right." This reflects deeper concerns 

about the moral and societal impacts of AI development. While the sentiment remains 

moderately positive (compound: 0.5574), the inclusion of words like "right" and "eth-

ics" suggests an ongoing debate about balancing innovation with responsibility. Further-

more, words like “idea”, “model”, “research”, “method”, “different”,” learning”, could 

also be interpreted to mean that the debate also involved discussions on novel methods, 

or machine learning models, or large language models in relation to human ethics. 
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Figure 10: Topic 4 Visualisation 

(Displayed by topic two on the pyLDAvis coordinate space) 

Dancing towards topic 4, words like “model”, “think”, “human”, “people”, “data”, 

“time”, “llm” could probably steer the discussions around machine learning models, 

large language models (LLMs), and their application or usage by people. With words 

like “car”, “machine”, “consciousness”, these could be possible steered towards the ap-

plication of these models in automobiles.  

The very high neutrality (78.3%) suggests an analytical or descriptive discussion about 

technical aspects like "function," and "theory", while the low positive sentiment 

(21.7%) and compound score (0.3612) indicate limited emotional engagement, possibly 

reflecting a pragmatic approach to the topic. 

However, words like “consciousness”, “mind”, “moral” from the visualisation board, 

could raise brows on the ethical applications of these models, or the possibility of ma-

chine consciousness. While keywords like "think," "use," and "get" indicate a focus on 

problem-solving and implementation. The sentiment here is more neutral (compound: 

0.3612), reflecting a less emotional but highly analytical perspective as researchers 

delve into the intricacies of AI development. 
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Figure 11: Topic 5 Visualisation 

(Displayed by topic three on the pyLDAvis coordinate space) 

Settling on topic 5, we settle on the words, “paper”, “model”, “work”, “research”, 

“data”, “like”, “idea”, “ml”, “phd” from the model, making it easy to deduce that this 

topic is focused on academic and research-related discussions. The very high neutral 

score (78.3%) suggests factual discussions about research work, ideas, and papers, 

while the low positive sentiment (21.7%) reflects a neutral or mildly positive perception 

of research, with limited emotional engagement. This topic showcases the intellectual 

contributions and innovative ideas fuelling advancements in the AI field. Like Topic 4, 

the sentiment is slightly positive but primarily neutral (compound: 0.3612), highlighting 

possible technical rigor and methodical approach within the academic landscape. 
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5 Discussion and Conclusion 
In response to the research questions as stated in subsection 1.3: 

 

a. What are the underlying themes in AI related discussions on Reddit? 

The first topic appears to centre around philosophical and cognitive comparisons be-

tween humans and machines, possibly referencing the "theory of mind" and how ma-

chines might emulate or approximate human-like behaviour. The presence of keywords 

like thank, good, value, and job in topic 2 indicates that these discussions likely involve 

praise, gratitude, or admiration, potentially for useful AI-generated content (e.g., images 

or summaries), tools, or merely contributions from others during discussions or debates. 

The third topic overlaps semantically with the first but shifts focus on ethical concerns 

and rights. It contains explicit ethical language (ethic, right) while still reflecting hu-

man-machine comparisons. The fourth topic revolves around large language models 

(LLMs), such as ChatGPT or other generative AI systems. Users might be discussing 

model behaviour, effectiveness, limitations, or usability. The last topic is anchored in 

academic discourse, referencing papers, models, machine learning (ML), PhD work, 

and ideas. 

In summary, the dataset reveals a chronological flow from philosophical and theoretical 

discussions (Topic 1) to appreciation of contributions (Topic 2), ethical considerations 

(Topic 3), technical challenges (Topic 4), and academic research (Topic 5). Each topic 

is interconnected, showcasing the diverse dimensions of AI discourse, from conceptual-

ization to implementation and societal impact.  

 

b. What sentiments or feelings do people attribute to these topics or discus-

sions? 

Topics such as "AI and human ethics" (Topic 3) and "theory and machine learning sys-

tems" (Topic 1) demonstrate a balanced mix of curiosity and positive attitudes, with 

sentiments leaning positively due to words like "mind," "theory," and "good." Similarly, 

topics revolving around practical research contributions, such as "models, research, and 

data" (Topic 5) and "time and LLM usage" (Topic 4), reflect a slightly neutral tone, in-

dicating a technical focus with limited emotional context. The strongest positive senti-

ment is observed in discussions of "value, good ideas, and contributions" (Topic 2), re-

flecting optimism and engagement in the field. Overall, the dataset reveals a mix of ana-

lytical and reflective discourse, with an emphasis on both ethical considerations and 

practical advancements in AI research. 

The consistent 0% negative sentiment score all through the five topics could be a possi-

ble indication or confirmation that the dataset predominantly reflects constructive, opti-

mistic, or neutral discourse rather than contentious or strongly negative opinions. Also, 

the dataset could be stemming from professional or academic contexts, where discus-

sions are often objective, focusing on solutions, advancements, and constructive criti-

cism. This tone inherently minimizes the use of overtly negative language. 
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Another possibility could be that the presence of overwhelmingly positive and neutral 

sentiment, especially in topics like "value," "good," and "thank" (Topic 2), reflects a 

constructive community. The high positive sentiment in Topic 2 suggests an engaged 

audience celebrating successes and contributions, with little room for criticism or nega-

tive sentiment. Plus, the themes of AI, ethics, and research, as captured in topics like 

"ethics," "theory," and "human" (Topic 1 and Topic 3), are forward-looking and often 

centre on problem-solving. While challenges and ethical concerns exist, they may have 

been expressed in a neutral or balanced way, avoiding overtly negative phrasing. 

Looking at the source, if these AI related communities are curated or moderated, then it 

is most probable that negative language might have been intentionally or unintentionally 

excluded during discussions, data collection or moderation. For instance, terms like 

"value" and "good" (Topic 2) or "idea" and "research" (Topic 5) suggest content fo-

cused on collaboration and improvement rather than negativity. 

 

5.1 Limitations  

The actor, Reddit Scraper Lite, does not distinguish robots from humans. This means, it 

is possible that part of the text scraped could have been from a chatbot or so, or the dis-

cussions were possibly not all initiated by humans. This would affect the results since 

the goal is to study people’s reactions and not robots’ reactions towards AI 

The LDA optimization algorithm is stochastic meaning the optimization algorithm starts 

from a random initialization of parameters which can lead to a different local optimum 

each time; also the optimisation algorithm itself might have some randomness such as 

selecting a random sample per iteration (it depends on the algorithm - MCMC sampling 

selects random parameter samples from a posterior distribution; stochastic gradient al-

gorithms select random input samples). Nonetheless, setting the random state ensures 

the algorithm starts from the same initialization. 

The VADER model used in sentiment analysis is sensitive to punctuation and capitali-

zation. It uses punctuation to enhance sentiment intensity and uses capitalization to en-

hance sentiment score since it interprets capitalization as emphasis. Which means for 

best results, it should be performed before preprocessing the raw text corpus to capture 

full sentiment. However, that was not the case, because the sentiment was to be carried 

out on the topics produced by the model, which can only be run on pre-processed text 

data. 

 

5.2 Future Work 

The research statements or questions could be asked as thus,  

In the next decade, or two,  

a. What will be the underlying themes in AI related discussions on Reddit? 

b. What sentiments or feelings will people attribute to these topics or discussions? 
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This could be a possible future study, to predict people’s attitudes toward AI in the next 

decade. With the results of this research forming the basis or foundation for these future 

studies, a predictive analysis pipeline could be built that combines insights from this 

topic modelling and sentiment analysis with additional forecasting techniques. The re-

search will be able to correlate sentimental changes with real-world events (e.g., AI leg-

islation, tech company scandals, new product releases), public debates (e.g., ethical con-

troversies or media reports), and equally helps distinguish long-term concerns from 

short-term emotional spikes. 

The results could be possible used to create time series plots that visually show how 

sentiment around topics like "AI and job loss" or "AI bias" fluctuates over time, support 

predictive modelling — e.g., detecting rising negative sentiment that might signal a 

brewing ethical crisis, and lastly, complement policy feedback loops, where regulatory 

bodies monitor public reaction to interventions or technologies. 

 

6 Summary 

My thesis investigates how Natural Language Processing (NLP) and machine learning 

can be applied to extract meaningful insights from large-scale social media conversations 

on the ethical dimensions of artificial intelligence (AI). Conducted under the umbrella of 

the ETAIROS project, the research aims to understand public perceptions of ethical issues 

related to AI technologies—such as fairness, transparency, and accountability—through 

the lens of informal online discourse.  

 

The study began with data collection from Reddit, specifically targeting AI-themed sub-

reddits with rich discussion around ethical topics. The collected data underwent prepro-

cessing including tokenization, lemmatization, and stop-word removal to prepare it for 

analysis. Using Latent Dirichlet Allocation (LDA), I applied topic modelling to identify 

the key themes emerging from public conversations. These themes were further examined 

to understand how people conceptualize ethical dilemmas in AI. In addition to topic mod-

elling, the project implemented sentiment analysis using a supervised learning pipeline. 

This involved manually annotating a subset of the data and training VADER (Valence 

Aware Dictionary sEntiment Reasoner), a rule-based sentiment analysis tool, to catego-

rize text as positive, negative, or neutral. The resulting model provided insights into the 

emotional tone surrounding AI ethics and revealed distinct patterns across different topics 

and user communities.  

 

The findings suggest that online discussions about AI ethics are complex, nuanced, and 

often critical of current industry practices. The project demonstrated how NLP and ma-

chine learning can help policymakers, technologists, and educators track emerging ethical 

concerns and better align AI development with public values. This research contributes 
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methodologically by integrating topic modelling with sentiment classification, and sub-

stantively by offering a data-driven view of how AI ethics is framed in online communi-

ties. It sets the stage for further interdisciplinary work at the intersection of AI govern-

ance, public perception, and computational social science. 
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