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Investigating the impact of company announcements on stock prices: an application of

machine learning on Australian lithium market
Abstract

This paper investigates the effects of various types of announcements made by lithium
producers on stock prices. We collected data from 40 lithium-producing companies listed on
the world's largest stock exchanges, spanning from May 2020 to September 2022. To analyse
the impact of announcements such as quoted and unquoted securities, market announcements,
company reports, public meetings and presentations, financial announcements, and technical
announcements on stock prices, we employed an extreme gradient boosting (XGBoost) model.
Our results indicate that stock exchange market announcements and announcements about
public meetings and presentations significantly influenced the stock prices of all eight large-
cap companies studied. Announcements about public meetings and presentations were crucial
predictors of stock prices for 73% of all companies analyzed. Additionally, positive financial
announcements were key predictors for 70% of the companies. These findings suggest that
investors should consider these predictors when making investment decisions in the lithium-
related stock market. This study contributes to the existing literature by providing empirical
evidence on the impact of different types of announcements made by lithium producers on
stock prices. Furthermore, the XGBoost model used in this study can be applied to other

industries and markets to analyze the impact of various types of announcements on stock prices.

Twitter Sentiment Analysis and Its Impact on Stock Prices of Australian Lithium-Related

Companies: A Support Vector Machine Approach Abstract
Abstract

This paper aims to investigate the impact of social media contents, in particular tweets, on the
stock price of lithium-related companies in Australia. To do so, first we use a sentiment analysis
method to extract sentiments of companies’ tweets (neutral, positive, and negative). Second,
we use the extracted sentiment as a feature in a Support Vector Machine (SVM) machine
learning model to estimate the change direction of companies’ stock prices. The results of this
research will provide insights to stakeholders, investors and business managers and help them

make informed decisions.



Investigating the Impacts of X (Twitter) Data on Australian Lithium-Related Stock
Market Trends

Abstract

This research investigates the complex connection between Twitter sentiment and the varying
stock prices of Australian lithium companies. Highlighting the application of XGBoost
algorithm, we apply an innovative method for modelling and analyzing market trends (from
2023 to 2024), emphasizing the significant influence of social media on stock market behavior.
By employing appropriate machine learning techniques, we expose social media sentiment's
critical role in affecting stock market dynamics. Demonstrating a relationship between Twitter
sentiment and stock market results, our research offers valuable information for investors,
analysts, and policymakers. It highlights the importance of using social media in making
informed investment choices and policy decisions, contributing to ongoing discussions about

the convergence of technology, social media, and the financial sector.
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Abstract

This thesis presents a comprehensive investigation into the factors influencing the stock market
performance of lithium-related companies, with a particular focus on firms operating in
Australia. Recognising the increasing significance of lithium in the global transition to clean
energy and the dynamic nature of its market, this study explores how machine learning models
can be leveraged to assess the impact of historical stock trends, formal corporate
announcements, and social media content on stock price fluctuations. The research is
conducted in three integrated parts, each examining a distinct data source to build a multi-

faceted understanding of stock market behaviour in the lithium sector.

The first part of the study focuses on the analysis of historical stock price data for seven lithium-
related companies listed in Australia. Drawing on one year of historical price records, this
section applies a Support Vector Machine (SVM) model to determine how well past stock price
patterns can predict future movements. The objective is to establish a baseline for stock price
forecasting by understanding intrinsic trends within the companies’ own trading history. This
phase lays the analytical groundwork for integrating external data sources by identifying the

degree to which internal historical patterns influence market behaviour.

The second part of the study shifts attention to external market signals in the form of formal
announcements made by lithium producers. A broader dataset is employed, covering 40
lithium-producing companies listed on major global stock exchanges from May 2020 to
September 2022. The announcements are categorised into six key types: quoted and unquoted
securities, stock exchange market announcements, company reports, public meetings and
presentations, financial announcements, and technical updates. An Extreme Gradient Boosting
(XGBoost) model is used to assess the relative influence of each announcement type on stock
price variation. The results indicate that stock exchange announcements and communications
made during public meetings and presentations exert the strongest influence on stock prices,
particularly for large-cap companies. Specifically, public meeting announcements emerged as
significant predictors of stock price movement for 73% of all companies studied, while positive
financial announcements were strong predictors for 70% of the firms. This part of the study
contributes to the growing literature on financial market transparency by providing empirical
evidence on how different forms of corporate disclosure impact investor behaviour and market

valuation.
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The third and final part of the study explores the influence of social media—specifically,
Twitter—on the stock prices of lithium-related companies in Australia. In this phase, the focus
is on unstructured textual data generated by companies themselves. Tweets published by these
companies are analysed using the VADER sentiment analysis tool, which classifies each tweet
into neutral, positive, or negative sentiment categories. The extracted sentiment scores are then
used as features in an XGBoost model designed to analyse the directional change (increase or
decrease) in stock prices. This section highlights the emerging importance of digital
communication in shaping investor perceptions and market reactions. The results underscore
the potential of social media sentiment as a supplementary influencer, offering timely insights

for investors, analysts, and decision-makers.

Taken together, the three parts of this research demonstrate the value of using machine learning
techniques to support data-driven decision-making in the lithium-related stock market. By
integrating structured financial data, formal corporate disclosures, and unstructured social
media content, the study provides a holistic framework for stock price analysis and investment
analysis. Furthermore, the methodologies employed—SVM and XGBoost—show strong
applicability across other sectors and markets, offering a replicable approach for future

research.

This thesis contributes to the fields of Information Systems and Computer Science by
developing a multi-source, machine learning—driven framework for analysing stock price
movements in the lithium sector. Through the integration of structured historical data, formal
corporate disclosures, and unstructured social media content, the study demonstrates how
advanced computational techniques can support intelligent information processing and

decision-making in volatile, data-rich environments.

The research applies and evaluates Support Vector Machines (SVM) and Extreme Gradient
Boosting (XGBoost) models across diverse data types, offering methodological contributions
in model design, feature engineering, and sentiment analysis. By incorporating natural
language processing (NLP) techniques—specifically VADER sentiment analysis—within a
financial context, the study illustrates how social media can be operationalised as a dynamic,

real-time information system influencing market behaviour.

Moreover, this thesis highlights the role of corporate communications as formal information
flows within socio-technical systems, providing new insights into how disclosure mechanisms

and digital signals affect perception and valuation. The findings support the development of

13



intelligent systems that combine internal and external data streams for adaptive forecasting and

strategic decision-making.

This thesis contributes to Information Systems and Computer Science fields by advancing
techniques in data-driven modelling, demonstrating cross-domain machine learning
applications, and offering a replicable framework for integrating heterogeneous data sources to

support market understanding and system behaviour analysis in complex, evolving domains.
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Chapter 1 — Introduction

The Industrial Revolution marked a turning point in human history, propelling unprecedented
technological and economic growth (Stearns, 2013). However, it also triggered a sharp rise in
greenhouse gas (GHG) emissions, which have since become a significant contributor to climate
change (IPCC, 2021). Since the latter half of the 20th century, global concerns over GHG
emissions have intensified, highlighting the urgent need to transition towards a cleaner and

more sustainable energy future (Stern, 2007; UNEP, 2019).

Central to this global shift is the development of renewable energy technologies and materials.
Among these, lithium-ion batteries have emerged as a critical solution, offering an efficient and
sustainable way to store electrical energy generated from renewable sources like solar and
wind. Compared to traditional fossil fuels, lithium-ion batteries offer substantial environmental
benefits, including longer operational lifespans, lower maintenance requirements, and
significantly reduced GHG emissions over their lifecycle (Zubi et al., 2018). Moreover,

advances in recycling and reusing these batteries can further reduce their environmental impact.

Monitoring trends in the lithium-ion battery market is essential for investors, policymakers,
and industry leaders alike. Price analysis and trend forecasting enable stakeholders to allocate
resources effectively, support strategic research and development, and foster innovation in

clean energy technologies.

In this context, the application of data analytics and machine learning (ML) has become
increasingly valuable. ML techniques are capable of processing large and complex datasets,
uncovering hidden patterns, and adapting to dynamic market conditions in real time (Gururaj
etal., 2019). These algorithms are particularly adept at identifying non-linear relationships and

correlations in data, leading to increasingly accurate and reliable predictions (Yun et al., 2021).

This study employs machine learning algorithms to analyse future price fluctuations of lithium-
related stocks based on current market data, with the aim of identifying high-impact
explanatory features. The insights generated through this approach offer valuable guidance for
investors, policymakers, and industry leaders striving to make data-driven decisions and drive

innovation in the renewable energy sector.

Addressing climate change and environmental degradation requires a transition to low-carbon
energy sources, which studies have shown are fundamental to long-term sustainability (Nishant

et al., 2020). As a key mineral-based energy resource, lithium is vital to this transition. Its use
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spans from portable electronics and laptops to electric vehicles (EVs) and energy storage

systems, making it an indispensable part of modern life and accelerating global demand.

Lithium’s industrial significance has evolved over time. While it was once primarily used in
glass and ceramics, demand has shifted towards battery production due to the growth of the
electronics and renewable energy industries (Dessemond et al., 2019; Grey & Hall, 2020). In
2021, global lithium consumption reached 93,000 tons—a 33% increase from 2020—and is
projected to grow ninefold by 2030 (Lithium, 2022).

Australia plays a pivotal role in this global market. With four major mineral lithium operations,
the country accounted for 52% of global lithium production in 2021. Leading Australian Stock
Exchange (ASX)-listed lithium producers include BHP, Wesfarmers, Pilbara Minerals, Mineral
Resources, Allkem, and IGO—each with market capitalizations exceeding AUD 5 billion.The
surge in lithium demand is closely linked to the adoption of EVs. In 2023 alone, Australia’s EV
market grew by 120%, with EVs comprising 8.4% of new car sales (Australian Vehicle
Council, 2023). The International Energy Agency (IEA) anticipates that lithium demand will

increase more than 40-fold as the global transition to sustainable energy accelerates.

In parallel, social media platforms—especially X (formerly Twitter)—are increasingly used by
companies, executives, and stakeholders to communicate with the public. The sentiment
expressed in these posts can have significant influence on investor perception and stock prices.
Numerous studies have demonstrated the effectiveness of sentiment analysis tools in
classifying social media content, thereby enabling its use as a influencer input in machine
learning models. This study leverages such tools to examine how company-generated social

media posts impact stock price trends for Australian lithium-related companies.

With Australia holding the world’s second-largest lithium reserves and producing
approximately 63% of the global supply (Geoscience Australia, 2018), the nation’s lithium
industry is of strategic global importance. Understanding the Australian lithium stock market
through a data-driven lens is not only timely but essential for informed decision-making in the

clean energy transition.

1.2 Problem Statement

The rising global demand for lithium-ion batteries driven by the shift toward clean energy and
electric mobility has positioned lithium as a critical material in the global economy. Despite its
strategic importance, the stock market performance of lithium-related companies, particularly

those operating in Australia, remains highly volatile and difficult to analyse. This volatility
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stems from a complex interaction of internal factors (such as company-specific financial
trends) and external influences (including corporate announcements and social media

discourse).

Conventional statistical models are often limited in their ability to capture the nonlinear and
multidimensional nature of stock market behaviour (Atsalakis & Valavanis, 2009; Patel et al.,
2015). While the application of machine learning and artificial intelligence (Al) in financial
forecasting has gained momentum (Feng et al., 2018; Sezer et al., 2020), there remains a
notable research gap in applying these methods to lithium-related stocks, especially in the
Australian context (Liu et al.,, 2022). Moreover, few studies have attempted to integrate
heterogeneous data sources such as historical price data, formal corporate disclosures, and
unstructured social media sentiment to understand market dynamics holistically (Zhang et al.,
2020). There is a growing need for insights that can guide investors, policymakers, and industry

leaders in making data-driven decisions and driving innovation in the renewable energy sector.

This study addresses these gaps by developing and evaluating a machine learning—driven
framework that leverages Support Vector Machines (SVM), Extreme Gradient Boosting
(XGBoost), and sentiment analysis techniques to model and investigate lithium stock
performance. By incorporating both structured and unstructured data, this research contributes
to the fields of Information Systems and Computer Science, offering novel insights into how
Al-based models can support intelligent decision-making and market analysis in complex,

data-rich environments.

1.3 Research Aim / Objective

This thesis aims to leverage Al — Machine Learning to analyse trends in the Australian lithium-
related stock market by examining how key factors—including historical stock data, traditional
company news and announcements, and social media content from X (formerly Twitter)}—

influence stock movements and investor sentiment.

To the best of our knowledge, while Al — Machine Learning has been applied in lithium supply
chains, limited empirical studies exist on analysing lithium-related stock prices in Australia.

This research considers factors such as:
o Historical stock data momentum,
e Company news and announcements,
e Social media data from X (formerly Twitter).
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These data reflect corporate communications, public opinion, and investor sentiment. The
study focuses on prominent Australian lithium companies and aims to provide actionable

insights for investors, company managers, and policymakers.

While machine learning models such as SVM and XGBoost are commonly used for prediction,
the core aim of this study is exploratory. These models were employed to investigate and
analyse how historical data, traditional news, and social media interactions relate to stock

prices, rather than to produce high-performing predictive models.

1.4 Research Questions
1. What is the trend of lithium-ion battery-related stock market in Australia?
. Historical stock price data (data from November 2020 to November 2021) of

seven lithium-related companies in Australia.

2. How and to what extent do traditional news data impact the trend of lithium-ion battery-

related stock market in Australia?

. Company-generated news and announcements (data from May 2020 to

September 2022) of 40 lithium-related companies.

3. How and to what extent do social media data impact the trend of lithium-ion battery-

related stock market in Australia?

. Official social media posts from X (formerly Twitter) (data from July 2023 to
July 2024) of five lithium-related companies.

The aim of this study is to investigate the effects of historical stock prices, traditional news,
and social media posts on the stock market of lithium-related companies in Australia.

1.5 Significance / Rationale
This study addresses a gap in the literature concerning Al applications in the Australian lithium-

related stock market. It contributes:

o Theoretically, by exploring the role of traditional news and social media data in stock

market analysis.

o Practically, by developing Al tools that enable investors and stakeholders to make

informed decisions.
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By investigating how news categories and social media sentiments influence stock prices, this
research helps reduce the risk associated with investing in green technologies and supports the

broader global shift toward sustainable energy.

1.6 Scope and Delimitations

This study focuses on Australian lithium-related companies. It analyses:
o Historical stock price data,
o Company news and announcements,
o Official X (Twitter) posts by companies.
The study does not include:
o Posts by the general public,
o Investor commentary,
o Hashtags or influencer posts.

This deliberate narrowing of scope allows for clearer insights into how company-originated

data affects stock performance.

1.7 Methodological Overview
This study adopts a quantitative approach, integrating multiple data sources relevant to the

Australian lithium-related stock market. The data sources include:

e Historical stock price data (data from November 2020 to November 2021),

e Company-generated news and announcements (data from May 2020 to September
2022),

e Official social media posts from X (formerly Twitter) (data from July 2023 to July
2024).

To model and analyse stock price movements, the research employs the following machine

learning techniques:

e Extreme Gradient Boosting (XGBoost),
e Support Vector Machines (SVM),

e Linear Regression (as a baseline model).
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Social media content is further analysed using VADER sentiment analysis, which categorises
posts into positive, negative, or neutral sentiment. These sentiment scores are incorporated as

features in the machine learning models to assess their analysis value.

A detailed explanation of data preprocessing, feature engineering, model training, and

evaluation procedures is provided in Chapter 3.

The following chapters elaborate on the literature review, research methodology, findings, and
implications of the study. Chapter 2 reviews prior research on stock forecasting, lithium
markets, and machine learning applications. Chapter 3 outlines the research design and data

analytics approach, while Chapters 4 and 5 present the results and discussion, respectively.
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Chapter 2 — Literature Review

This chapter provides the theoretical and contextual foundation for the thesis, which
investigates how machine learning models can predict the stock market performance of
lithium-related companies. By placing lithium within the broader context of the clean energy
transition and examining both the industrial supply chain and financial markets, the literature
review builds a bridge between the material importance of lithium and its influence on investor
behaviour. Section 2.1 highlights the environmental and economic importance of lithium
technologies, establishing why companies in this sector warrant financial scrutiny. Section 2.2
then explores the increasing role of data analytics within the lithium supply chain, setting the
stage for Section 2.3, where the analysis modelling of stock price behaviour using structured

and unstructured data is examined.

2.1 Energy Resources, Lithium Technologies, and Market Dynamics

The growing significance of lithium as a strategic resource is central to this thesis. As the global
energy system transitions away from fossil fuels, lithium has become indispensable in
supporting renewable technologies, particularly through its role in electric vehicle (EV)
batteries and portable electronics. Understanding the market dynamics and environmental
implications of lithium is essential for contextualizing why lithium-related companies attract
increasing investor attention. This relevance forms the backdrop against which financial
performance prediction—especially in volatile stock markets—becomes a critical focus of
study.

Energy resources have a significant societal impact, and in today’s world, both their benefits
and limitations are subject to increasing scrutiny. Fossil fuels have historically powered
industrial and societal growth, yet numerous studies underscore their adverse environmental
effects due to high carbon emissions. Grant et al. (2020) advocate for the adoption of low-
emission alternatives to mitigate environmental damage. Research by Colaka et al. (2012)
supports the transition to renewable energy sources such as solar, wind, and geothermal.
Mineral-based energy sources, particularly lithium, have emerged as critical alternatives due
to their role in reducing atmospheric carbon. Lithium is a key component in batteries used in
everyday electronics such as smartphones and laptops, and it plays an increasingly vital role in
electric vehicle (EV) technology. Lithium-ion batteries, the most widely used type, are found

in devices ranging from personal electronics to EVs. These batteries vary in composition
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depending on the materials used, such as lithium-sulphur (Li-S), which shows promise for
greater energy capacity and lower environmental impact.

Lithium batteries, particularly those used in EVs, rely on natural and often scarce raw materials.
While lithium-ion batteries offer advantages like energy density and performance, they also
present environmental challenges due to short lifespans and issues related to battery disposal
and resource extraction. Garrido-Hidalgo et al. (2019) emphasized how different materials
influence battery specifications in terms of density, safety, durability, cost, and recyclability.
EVs and hybrid vehicles predominantly rely on lithium-ion batteries, which use graphite carbon
as the anode and varying materials in the cathode. This design flexibility enables manufacturers
to optimize supply chains and reduce production costs. While lithium-ion battery costs are
declining and performance is improving, lithium-sulphur batteries are gaining attention as a

future alternative due to their lower environmental impact and high energy capacity.

2.2 Application of Data Analytics in the Lithium Supply Chain

To deepen this contextual foundation, Section 2.2 reviews how data-driven technologies are
being integrated into the lithium supply chain. These innovations not only enhance production
efficiency and transparency but also demonstrate the applicability of machine learning and Al
in operational decision-making. This technical perspective complements the core aim of this
thesis: to extend such data-driven methodologies into the financial domain. By understanding
how Al supports optimization in the physical lifecycle of lithium products, we can better
appreciate its potential in modelling stock price movements driven by market signals, corporate
disclosures, and social sentiment.

As global demand for lithium-ion batteries continues to rise due to their widespread use in
electric vehicles (EVs), portable electronics, and renewable energy storage, the lithium supply
chain has become a critical focal point for innovation and optimization. The application of data
analytics—including data mining, machine learning (ML), and artificial intelligence (Al)—has
emerged as a transformative approach to address the challenges of efficiency, traceability,

quality, and sustainability across the lithium battery life cycle.

2.2.1 Data Mining and Process Optimization
Schnell et al. (2019) utilized data mining models to predict battery capacity and lifespan by
analysing production data, helping manufacturers reduce the rate of failure and increase

product reliability. Similarly, Huber et al. (2016) leveraged image recognition and data
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analytics to detect physical defects within battery components, ensuring higher quality
standards throughout the supply chain.

Lithium-ion battery production involves intricate processes such as electrode coating,
calendaring, electrolyte filling, formation cycling, and cell assembly, each of which affects
final battery performance and cost. Wessel et al. (2020) emphasized that these processes are
data-rich and highly variable. By applying data mining across each step, manufacturers can

develop a "digital twin" of the production line, enabling real-time monitoring and optimization.

2.2.2 Traceability and Lifecycle Monitoring

Wessel et al. (2020) proposed a model for full traceability, where each component in the supply
chain is assigned a unique identifier and logged in a centralized system. This enables end-to-
end data transparency for quality assurance, regulatory compliance, and sustainable recycling

efforts.

2.2.3 Role of AI in Supply Chain Optimization

Al improves efficiency across multiple stages of the supply chain—from lithium exploration
using satellite imaging to smart manufacturing and predictive maintenance. ML algorithms
help forecast demand, optimize production, and predict equipment failures, while also

supporting real-time quality control.

2.2.4 Al in Market Analysis and Strategic Planning

Market stakeholders now use Al to analyse not only historical stock data but also
macroeconomic indicators and public sentiment. Jiao et al. (2020) found that media exposure
can influence market volatility, while Liu et al. (2015) showed that social network data can

help detect market clusters.

2.2.5 Challenges in Data-Driven Lithium Systems

Despite progress, challenges include the lack of data standardization, privacy concerns, cost
barriers for SMEs, and the "black box" nature of many Al models. These gaps limit adoption
and complicate compliance with emerging global regulatory frameworks.

To build on these insights, it is also necessary to examine how machine learning and Al

techniques—so impactful in optimizing the physical and operational aspects of the lithium
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sector—are being leveraged in financial contexts. In particular, the investigation and analysis
of stock prices for lithium and other resource-focused companies has become a growing area
of research. This transition is essential as it highlights how predictive technologies extend from
production lines to capital markets, forming a holistic view of value creation, investment
potential, and market risk. However, while there is a growing body of research on stock market
prediction using machine learning, few studies have specifically focused on lithium-related
companies—particularly those operating in Australia, despite its status as a leading global
lithium producer. Moreover, most existing models examine stock prices, corporate disclosures,
or social media in isolation, rather than through an integrated lens. This thesis addresses these
gaps directly, offering a unified framework that combines structured financial data, corporate
announcements, and social media sentiment to analyse the stock market and provide insights

for investors.

2.3 Literature Review on Stock Market Forecasting Using Machine Learning and
Sentiment Analysis

To extend the application of machine learning and artificial intelligence beyond operational
optimization in the lithium supply chain, it is equally important to explore how these
technologies contribute to financial forecasting. As lithium becomes an increasingly strategic
resource, not only for clean energy but also for national economic planning, the ability to
predict stock price movements of lithium-related companies has gained critical importance.
This section shifts focus from supply chain analytics to the predictive modelling of financial
markets, highlighting how advanced analytical techniques—particularly those using ML and
sentiment analysis—are shaping modern stock market forecasting.

The next section expands the focus from industrial systems to financial analytics, providing a

structured review of stock market analysis models grounded in ML, Al, and sentiment analysis.

2.3.1 Introduction to Stock Market Prediction Challenges

Over the past decades, the stock market has become an increasingly significant aspect of
national and individual economic interests. Investors and stakeholders have progressively
turned to new technologies to mitigate risk and enhance profitability in stock trading. However,
the volatile, non-linear, and dynamic nature of the stock market presents substantial forecasting

challenges.
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Fama (1995) advanced the Efficient Market Hypothesis (EMH), proposing that stock prices are
inherently unpredictable due to their reflection of all available information. This theory, based
on the notion of random walks, has faced increasing scrutiny with the evolution of predictive

modeling through machine learning (ML) and artificial intelligence (Al).

2.3.2 Machine Learning Techniques in Stock Market Prediction

Tan et al. (2007) developed the Genetic Complementary Learning (GCL) model to simulate
cognitive processes and improve market trend prediction. Similarly, Gupta R. et al. (2013)
evaluated various ML algorithms using the Kappa statistic to identify models with the highest
accuracy in stock forecasting.

Inthachot et al. (2016) used six years of historical data from Thailand’s SET50 index,
integrating Genetic Algorithms (GA) for feature selection and Artificial Neural Networks
(ANN) for prediction. Their hybrid model significantly outperformed traditional methods.
Likewise, Dey et al. (2016) applied Xtreme Gradient Boosting (XGBoost) to predict price
directions over 60- and 90-day periods, confirming the superiority of ensemble learning

models.

2.3.3 Social Media and Financial News Sentiment Analysis

Social media sentiment, particularly from platforms like Twitter (X), has emerged as a valuable
data source for analysing. Bujari et al. (2017) introduced cashtags (e.g., SAAPL) as predictive
features in modelling. Howells and Ertugan (2017) proposed a fuzzy logic approach to classify
tweet sentiment beyond traditional binary labels, improving the handling of informal language
and emojis. Devi and Bhaskaran (2015) integrated Twitter and financial news using ontology-
based semantic analysis, improving forecasting accuracy. Ranco et al. (2015) found that tweet
sentiment, especially during high-activity periods, significantly affects market movements.
Smith and O’Hare (2022) compared traditional news and social media (tweets from CEOs)
with stock price movements in pre-pandemic and pandemic period and showed that there is a

weak relationship between Twitter sentiments and stock prices.

2.3.4 Comparative Studies and Hybrid Approaches
Nti et al. (2020) evaluated ensemble models such as stacking, blending, bagging, and boosting

across four major stock exchanges, finding stacking and blending most effective. Saravanos
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and Kanavos (2024) combined regression techniques and deep neural networks (DNNs),
showing how Twitter sentiment and historical data enhance prediction.

Rahman et al. (2017) utilized Support Vector Machines (SVM) to classify financial news
sentiments in the Malaysian market. Liu et al. (2023) integrated FinBERT with SVM to analyze
investor posts on Stocktwits, highlighting both the potential and challenges of sentiment

integration.

2.3.5 Deep Learning and Advanced Neural Models
Multiple studies have highlighted the success of deep learning models such as LSTM, GRU,
CNN, and hybrid frameworks:
o Sirimevan et al. (2019) integrated LSTM-RNNs and ensemble methods using Dow
Jones data.
o Sedighi et al. (2019) used a hybrid of Artificial Bee Colony and Adaptive Neuro-Fuzzy
Inference System with SVM.
e Rezaei et al. (2021) combined LSTM, CNN, and Empirical Mode Decomposition
(EMD) techniques.
Jiang (2021) and Hu et al. (2021) provided comprehensive reviews of deep learning in stock
market forecasting, emphasizing advantages and challenges like overfitting and

interpretability.

2.3.6 Cross-Market and Global Influence Models

Kumar et al. (2023) studied the interdependencies between Asian stock markets using Granger
Causality and Pearson’s Correlation alongside LSTM. Yadav et al. (2024) developed a hybrid
LSTM-GRU model, applied to Tata Motors and Honda Motors data, which outperformed
conventional models.

Li and Bastos (2020) conducted a systematic review of 34 studies, identifying technical

indicators frequently used as ML features and underlining interpretability issues.

2.3.7 Sentiment-Enriched Models and Case-Specific Applications
Jing et al. (2021) and Prachyachuwong & Vateekul (2021) illustrated how sentiment scores

from investor forums and news headlines can improve model accuracy when combined with
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technical indicators. Valle-Cruz et al. (2021) analyzed Twitter sentiment during the COVID-
19 pandemic, finding strong correlations with market movements.

De Oliveira Carosia et al. (2021) applied CNN to Brazilian news to guide investment strategies,
while Li, Wu, and Wang (2020) used LSTM with sentiment vectors and technical features to

improve accuracy in the Hong Kong market.

2.3.8 Model Optimization and Feature Engineering

Sharma et al. (2021) optimized ANN parameters using Genetic Algorithms (GA). Misra and
Chaurasia (2020) demonstrated that raw input data with SVM outperformed other
configurations, underscoring the role of feature selection and dataset composition.

Chung and Shin (2020) proposed a GA-optimized CNN hybrid model, while Yu and Yan
(2020) used Phase Space Reconstruction (PSR) with DNNs to capture stock market
complexity. Hoseinzade and Haratizadeh (2019) utilized CNNs with a wide range of input
variables, including external stock data and currency exchange rates. Cao et al. (2019) merged
complex network theory with SVM and KNN, highlighting the potential of interdisciplinary
approaches. Basak et al. (2019) compared tree-based ML models and found XGBoost superior
in forecasting price direction using technical indicators like MACD and RSI.

Despite the breadth of literature on stock market forecasting, several research gaps persist—
particularly in the context of lithium-related markets. Many existing studies focus on broad
indices or large-cap technology stocks, with limited attention paid to the resource sector,
especially in regions like Australia. Moreover, few studies explicitly examine the combined
impact of stock market data, corporate announcements, and social media sentiment on the
financial performance of lithium companies. This research addresses these gaps by applying
an XGBoost-based machine learning approach to integrate multiple data sources, including
historical stock prices, corporate disclosures, and Twitter sentiment, to analyse the stock
performance of lithium-related companies in the Australian market. By doing so, it provides a
more nuanced and context-specific understanding of how Al-driven insights can support
strategic decision-making for investors, analysts, and policymakers in the evolving clean

energy economy.

Chapter 2 Summary — Literature Review

In summary, data analytics—particularly Al, ML, and data mining—are reshaping the lithium

supply chain from end to end. Applications range from mine discovery and manufacturing
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optimization to lifecycle traceability and market forecasting. These technologies offer
significant benefits in terms of efficiency, cost reduction, sustainability, and decision support.
However, challenges related to data quality, system integration, and model transparency remain
and warrant further research. This study contributes to this growing body of knowledge by
applying Al techniques to explore the relationship between diverse data sources (e.g., stock

prices, social media posts) and the performance of lithium-related markets in Australia.

This chapter establishes the interdisciplinary foundation for the thesis by situating lithium
within the broader landscape of the clean energy transition and exploring its intersection with
financial markets and data science. Section 2.1 highlights lithium's environmental and
economic importance, emphasizing its role in battery technologies critical to electric vehicles
and renewable energy systems. It underscores the increasing investor attention toward lithium-
related companies due to their strategic relevance and market volatility. Section 2.2 shifts focus
to the integration of data analytics in the lithium supply chain. It reviews how machine learning,
artificial intelligence, and digital twin technologies are enhancing efficiency, traceability, and
sustainability across the lithium lifecycle. These operational applications set the stage for the

thesis's central focus—extending such data-driven methodologies to stock market analysis.

Section 2.3 reviews the growing body of literature on stock market prediction using machine
learning and sentiment analysis. It examines a wide range of approaches, including SVM,
XGBoost, LSTM, and ensemble models, and explores how social media sentiment, particularly
from Twitter, complements traditional financial indicators. Despite extensive global research,
the review identifies critical gaps: limited attention to lithium-focused companies, especially
in Australia, and the lack of integrated models combining structured and unstructured data
sources. By addressing these gaps, the chapter positions the thesis as a novel contribution that
applies machine learning techniques to a multi-source dataset—historical stock data, corporate
disclosures, and social media sentiment—to analyse the financial performance of lithium-
related companies in Australia. This framework aims to support more informed, timely, and

strategic decision-making in the resource-driven financial sector.

These insights from the literature provide the foundation for the methodological choices
presented in Chapter 3, where machine learning techniques are applied to evaluate how these

data sources influence lithium-related stock price behaviour.
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Chapter 3 — Research Methodology
Building on the literature review in Chapter 2, this chapter translates theoretical foundations
into an empirical framework using machine learning models tailored to the dataset and research

objectives.

3.1 Introduction

This chapter outlines the research methodology developed to address all three research
questions guiding this study. It presents the overall design, data sources, analytical techniques,
and the rationale behind the selected machine learning models. The goal is to provide a
transparent, structured, and replicable approach for how data was collected, processed, and
analysed to generate meaningful insights into stock market behaviour within the Australian

lithium sector.

Given the nature of the study focused on the financial dynamics of lithium-ion battery-related
companies in Australia a quantitative, data-driven methodology was adopted. The stock
market, particularly within emerging energy sectors, is characterised by high volatility, non-
linearity, and sensitivity to a range of internal and external signals. These characteristics often

limit the effectiveness of traditional statistical methods.

To address these complexities, this study applies machine learning (ML) techniques to model
and analyse stock price trends. Support Vector Machines (SVM) are used as the core model
due to their strong performance in handling high-dimensional and non-linear classification
tasks. Additional techniques, such as XGBoost and sentiment analysis using VADER, are

employed where appropriate to analyse structured and unstructured data.
The methodology is designed to answer the following research questions:

e What is the trend of lithium-ion battery-related stock market in Australia? Addressed
using historical stock price data and ML-based trend forecasting.

e How and to what extent do traditional news data impact the trend of lithium-ion battery-
related stock market in Australia? Investigated through corporate announcements and
formal disclosures analysed via XGBoost.

e How and to what extent do social media data impact the trend of lithium-ion battery-
related stock market in Australia? Explored using sentiment analysis of Twitter posts

and their integration into predictive ML models.
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While machine learning models are often applied for predictive tasks, the models selected in
this study Support Vector Machine (SVM) and Extreme Gradient Boosting (XGBoost) are
employed primarily as analytical tools. Their purpose is to examine the relationships between
historical stock data, traditional news announcements, and social media activity, rather than to
maximise predictive accuracy. This approach aligns with the broader aim of the research, which
is to investigate and interpret how various information sources influence stock price

movements in the Australian lithium market.

The following sections of this chapter detail the rationale for using machine learning, the
process of data sourcing and preprocessing, the design and implementation of the models, and
the evaluation procedures. A visual overview of the methodological workflow and a discussion

of expected contributions and limitations conclude the chapter.

XGBoost was selected to analyse the effects of traditional news and social media interactions
on lithium-related stock prices due to its suitability for structured financial data and its ability
to model nonlinear relationships. The dataset used in this study consists of structured numerical
features—such as stock indicators, transformed news categories, sentiment scores, and tweet
engagement metrics—which align well with XGBoost’s strengths in handling small-to-

medium structured tabular data.

As stock market behaviour is influenced by complex, nonlinear interactions between sentiment,
communication patterns, and historical indicators, a linear model would be insufficient.
XGBoost’s tree-based architecture enables it to capture these nonlinearities and interactions

effectively, offering deeper analytical insight than linear regression or linear SVM.

The model also provides feature importance outputs, which align with the exploratory nature
of this research by enabling interpretation of which news categories or social media

engagement indicators most strongly relate to stock price movements.

Furthermore, XGBoost demonstrates robustness to missing or noisy data, which is essential
when working with inconsistent social media activity or irregular corporate disclosures.
Compared with alternatives such as Random Forest, deep learning models, or SVM regression,
XGBoost offers a strong balance of performance, interpretability, and efficiency for this study’s

investigative aims.
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3.2 Research Question 1: What is the trend of lithium-ion battery-related stock market
activity in Australia?

To address this research question, a quantitative, data-driven methodology was employed using
historical stock price data from a selection of Australian companies involved in the lithium
industry. Due to the inherent volatility and non-linear behaviour of stock markets, particularly
in emerging sectors like lithium, traditional statistical models often fall short in capturing

complex market dynamics.

Therefore, this study applied machine learning (ML) techniques—specifically the Support
Vector Machine (SVM) algorithm—to investigate the directional movement (upward or
downward) of stock prices on the following trading day. The methodology comprises data
collection, preprocessing, feature engineering, model training, and evaluation. The goal is to
generate insights useful to investors, analysts, and policymakers navigating the Australian

lithium market.

Figure 3.1 demonstrates the conceptual model and workflow of the stock market data analytics

for this project.
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Figure 3.1: Conceptual model and workflow

Evaluation and
Prediction

Dataset Pre-Processing

3.2.1 Rationale for Machine Learning Approach

The Australian stock market, especially lithium-related stocks, is influenced by a wide range
of volatile and interdependent factors, such as global demand for electric vehicles, commodity
prices, investor sentiment, and regulatory changes. These factors exhibit non-linear interactions
that limit the effectiveness of conventional analytical tools like linear regression or classical

time-series models (e.g., ARIMA).
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Machine learning algorithms, and particularly SVMs, have shown strong performance in
financial analysis due to their capacity to detect patterns in complex, high-dimensional datasets.
SVMs are robust to overfitting (when properly tuned), offer high generalisation ability, and are
effective for classification tasks. Hence, the SVM model was selected to classify daily stock

movements as either upward or downward.

3.2.2 Data Sources and Collection

The dataset includes historical stock price data from seven publicly listed Australian companies
engaged in lithium exploration, extraction, or battery production. Selection criteria included
market capitalisation, relevance to the lithium value chain, and consistent trading activity

during the study period.

No. Company Name Ticker Symbol Data Volume
1 Liontown Resources LTR 249 rows
2 Mineral Resources MIN 253 rows
3 Orocobre Limited ORE (merged) 253 rows
4 Piedmont Lithium PLL 245 rows
5 Pilbara Minerals PLS 256 rows
6 Vulcan Energy | VUL 151 rows
Resources
7 Wesfarmers WES 253 rows

Table 3.1 Selected Companies for Analysis

3.2.3 Timeframe of Data
The analysis covers the period from November 2020 to November 2021. Data were sourced in
CSV format from publicly available platforms such as Yahoo Finance, the Australian Securities

Exchange (ASX), and the Alpha Vantage API.

Each dataset includes the following attributes:
e Date

e Open Price
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e High Price

e Low Price

e Close Price

e Adjusted Close Price

¢ Volume Traded

An example of the raw dataset is shown in Figure 3.2, presenting structured stock data for

Vulcan Energy Resources (VUL) retrieved from a SQL Server database. This data served as

the foundation for feature engineering and model training.
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225 Vulcan 20211019 1293 13.05 12.66 1298 0.38 3.02 1568567
226 Vulcan 2021-10-20 13.15 13.75% 13.15 13.57 0.59 4.55 1571123
227 Vulcan 2021-10-21 13.83 13.83 13.07 13.46 “0.11 -0.81 1365856
228 W _ 2021-10-22 13.49 13.66 13.22 13.39 -0.07 -0.52 778152
229 2021-10-25 136 1435 13.55 14.06 0.67 s 2363375
230 |\ " 20211026 1456 15.45 14.25 14.99 0.93 6.61 3582952
231 Vulcan 2021-10-29 12.08 13.22 12.05 12.5 -2.48 -16.54 9084711
232 Vulcan 2021-11-01 12.29 12.44 1.8 1201 0.5 -4 2784987
233 Vulcan 2021-11.02 1.7 11.79 1081 1081 1.2 -9.99 5835649
234 Vulcan 2021-11-03 n 11.86 1 11.51 0.7 6. 48 2912890
235 Vulcan 20211104 12 12.84 11.88 12.68 117 1017 2386475
236 Vulcan 2021-11-05 1295 13.35 12.36 12.43 -0.25 -1.97 1891557
237 wulcan 2021-11-08 123 123 1 11.01 1.42 -11.42 3322802
238 Vulcan 2021-11-09 11.42 11.6 10.88 10.98 -0.03 027 2867599
239 Vulcan 20211110 11.18 1.8 10.13 10.25% 0.73 “6.65 3051119
240 Vulcan 2021-11-11 10.25 11.05 10.25 10.65 04 39 2469749
241 Vulcan 2021-11-12  10.99 11.28 10.43 10.56 -0.09 -0.85 1916317

Figure 3.2 Sample raw data

This raw data was subjected to preprocessing and feature engineering to derive stock volatility

and momentum—used as inputs in the SVM classification model.

3.2.4 Data Preprocessing and Feature Engineering

Several preprocessing steps were performed to prepare the data for model training:

o Data Cleansing: Removed missing values, duplicates, and anomalies such as zero or

negative prices
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« Date Standardisation: Ensured uniform date formats across all datasets
e Feature Generation:

o Price Movement Label: Binary label (1 = price increase next day, 0 = no change

or decrease)
o Daily Return: (Close - Open) / Open

o Technical Indicators: Moving Averages (MAS, MA10), RSI, trading volume

changes

3.2.5 Machine Learning Model: Support Vector Machine (SVM)
SVM is a supervised learning algorithm designed for classification tasks. It finds an optimal
hyperplane that separates data points into distinct classes—in this case, upward or downward

movement of stock prices.

Introduced by Cortes and Vapnik (1995), SVM constructs a decision boundary that maximises
the margin between data points of different classes. It supports both linear and non-linear

classification through the use of kernel functions.

A comprehensive review by Ghoddusi et al. (2019), which surveyed over 130 energy
economics studies, identified SVM as one of the most widely used tools for forecasting energy
prices. This highlights the relevance and robustness of SVM in handling volatile, high-

dimensional data environments such as the stock market.

3.2.6 Features for SVM Classification

Two derived features were created to enhance the model’s predictive ability:

» Stock Price Volatility: This is an average over the past n days of percent change in the

given stock’s price per day.

t Ci—Ci4q

i=t-n+1 Ci—l

n
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* Stock Momentum: This is an average of the given stock’s momentum over the past n
days. Each day is labelled 1 if closing price that day is higher than the day before, and
-1 if the price is lower than the day before.

t
Zi=t-n+1Y

n

3.2.7 Mathematical Formulation of SVM
If we have the below dataset, x; is the feature for i-th sample and y; is the label. The Label is

between -1 and +1, also n is the number of samples in training dataset.
(xly }/1), (xZI yZ)) ey (xn: Yn)
Vi € {—1, +1}

If the hyperplane (decision boundary) is defined as below, it creates the separating line between

the two categories.
W.X+b=0
In the above equation, W is the weight vector, X is the data point, and b is the hyperplane bias.
SVM classifies each data point on the one side of the hyperplane with a margin from the line.
yvilw - x; + b) =2 1
i € {1,n}

The distance between hyperplane and the closest data points is called margin, and SVM’s goal

is to maximize the margin.

SVM uses below formula in prediction step to classify the data points. If f(x) > 0, the model

returns 1, and if f(x) <0, the model returns -1.

f(x) = sign(w - x + b)
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3.2.8 SVM Implementation

Programming Environment: Python (scikit-learn, pandas, matplotlib, NumPy)
Objective: Predict next day’s stock price movement (up/down)
Data Split: 70% training, 30% testing (stratified sampling)
Evaluation Metrics:
o Accuracy
o Precision
o Recall
o FI Score
o Confusion Matrix

Hyperparameter Tuning: Performed via grid search with cross-validation (parameters:

kernel, C, gamma)

3.2.9 Code Implementation

The SVM model was implemented in Python using libraries such as pandas for data
handling, NumPy for numerical operations, and scikit-learn for the machine learning

pipeline. The workflow involved the following steps:

e Data Import: Transformed CSV files for each company were loaded individually.
For illustration, the model shown in the code uses Pilbara Minerals’ dataset.

e Feature Selection: The two key features used were stock momentum and
stock volatility, which had been pre-calculated during feature engineering.

e Training and Testing Split: The dataset was manually sliced into training and testing
sets. Specifically, the first 9 records were held out for testing, while the remaining
data was used for training the model.

e Model Training: A linear SVM (LinearSVC) was trained with a high maximum
iteration limit (max_iter=10000) to ensure convergence.

e Model Evaluation: Although not shown in this excerpt, the model's accuracy and
classification metrics were later evaluated using confusion matrix and other

indicators.
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This approach allowed for a streamlined training process using two engineered features and
served as a proof of concept for extending the model to multiple companies within the

lithium sector.

e Programming Environment: Python (scikit-learn, pandas, matplotlib, NumPy)

o Objective: Predict next day’s stock price movement (up/down)

o Data Split: 70% training, 30% testing (stratified sampling) to reduce the chance of
overfitting, providing a reliable validation and balance the complexity of the model
and capture the necessary patterns.

o Evaluation Metrics:

o Accuracy
o Precision
o Recall
o F1 Score
o Confusion Matrix
e Hyperparameter Tuning: Performed via grid search with cross-validation (parameters:

kernel, C, gamma)

Figure 3.3 displays a screenshot of the Python code implementation used in this study. The
script demonstrates the use of pandas to load pre-processed CSV files, select the relevant
engineered features (stock momentum and stock volatility), split the dataset, and apply a
linear SVM model using the LinearSVC class from scikit-learn. This practical code was
initially developed for Pilbara Minerals and subsequently adapted for other companies in the

study.
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t cvxopt
sklearn.datasets

sklearn.model_selection train_test_split
matplotlib ~t pyplot as plt

sklearn.svm im LinearsVvc

sklearn.metrics i t confusion_matrix

t pandas z

df = pd.read_csv (r'C:\Data\Vulcan_TransformedData.csv")

df['y’]
df[[ 'stock_momentum', 'stock_volatility']]

yy_train2 = yy_train.loc[9:df.shape[@]]
XX_train2 = XX_train.loc[9:df.shape[@], [ 'stock momentum', 'stock_volatility']]

print (XX_train2)
XX_train2.shape

in2[0:142]

XX_train3 = XX_train2.to_numpy()
yy_train3 = yy_train2.to_numpy()

svc = LinearSVC(max_iter=10000)
svc.fit(XX_train3, yy_train3)

Figure 3.3 Screenshot of Python implementation for SVM training using LinearSVC, showing data
import, feature selection, and model fitting steps.
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print(svec.fit(XX_train3,yy_train3).coef_)
print(svc.fit(XX_train3,yy_train3).intercept_)

plt.scatter(XX_train3[:, ©], XX_train3[:, 1], c=yy_train3, cmap='winter')

ax = plt.gca()

x1im = ax.get_xlim()
= svc.coef_[0O]
= -w[e] / w[1]

xx = np.linspace(xlim[@], x1im[1])

yy = a * xx - svc.intercept_[0] / w[1]
plt.plot(xx, yy)

yy = a * xx - (svc.intercept_[©] - 1) / w[1]
plt.plot(xx, yy, 'k--")

yy = a * xx - (svc.intercept_[0] + 1) / w[1]
plt.plot(xx, yy, 'k--")

plt.title("Vulcan")
plt.xlabel( “momentum™)
plt.ylabel("volatility (¥)")

Figure 3.4 Screenshot of Python implementation for SVM training using LinearSVC, showing plotting
steps.

3.2.10 Output and Expected Contributions
The SVM model generates daily directional movements for the stock prices of selected lithium-

related companies. This analysis can:
e Help investors make more informed trading decisions
e Support corporate managers in aligning strategic actions with market direction

e Provide policymakers with insights into how market trends relate to regulatory or

technological developments

Additionally, the study offers a proof of concept for applying Al techniques to financial
forecasting within resource-intensive sectors, which are often affected by external and

geopolitical shocks.
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3.3 Research Question 2: Impact of Traditional News on Stock Market Trends

Research Question 2: How and to what extent do traditional news data impact the trend of

lithium-ion battery-related stock market activity in Australia?

To investigate this research question, this study explores the relationship between traditional
news media and stock price fluctuations among lithium-related companies in Australia. In an
era of rapid information dissemination, news coverage can significantly influence investor
behaviour and market dynamics. Understanding the extent to which news content affects stock
performance in the lithium sector is vital for investors, policymakers, and analysts aiming to

interpret short-term market responses and anticipate directional movements.

A quantitative approach was employed by collecting and analysing traditional news data
alongside historical stock price data for 40 publicly listed lithium-related companies in
Australia. The news articles were categorized based on content themes such as policy updates,
environmental impact, corporate performance, and market developments. These categories
were then mapped to corresponding stock price movements on the following trading day to

identify potential correlations and predictive patterns.

To assess the influence of news content on stock trends, two predictive models were developed
and compared: Extreme Gradient Boosting (XGBoost) and Linear Regression. XGBoost is a
robust ensemble learning algorithm known for its high accuracy and performance in complex,
non-linear datasets. It is particularly effective for feature-rich, high-dimensional problems like
sentiment or category-based news analysis. Linear Regression was also employed to offer a

benchmark comparison and to assess the relationship under a simpler, interpretable framework.

The methodology included several stages: data collection and preprocessing, news
classification and feature extraction, model development, and performance evaluation. Stock
price movement was framed as a regression problem, aiming to determine whether certain

categories or volumes of news articles had a measurable influence on price changes.

Figure 3.5 illustrates the end-to-end workflow of this phase of the study, including the

integration of news data with stock price records and the modelling pipeline.
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Figure 3.5 Workflow of News-Based Stock Market Prediction Using XGBoost and Linear Regression

Evaluation and
Prediction

Dataset Pre-Processing

Traditional
News Data

3.3.1 Data Collection

Stock market closing price time series for 40 lithium-producing companies, from May 2020 to
September 2022, were extracted from reliable websites such as www.marketindex.com.au and
www.commsec.com.au. Figure 3.6 illustrates their stock symbols and geographical

distribution, revealing that nearly 80% of these companies operate in Western Australia.
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1-BHP 21-ESS
2-LTHM 22-EUR
3-MIN 23-FFX
4-sQM 24-GL1
5-WES 25-GLN

6-AKE 26-INF
7-1GO 27-INR
o 8-PLS 28-JRL

9-AVZ 29-KZR
10-LTR 30-LEL
11-CX0 31-UT
12-SGML  32-LKE
13-SYA 33-LPD
14-A8G 34-LPI
15-AGY 35-MHK
16-ALB 36-NMT
17-ASN 37-PLL
18-AZL 38-VKA
19-BMM  39-VUL

I 232 | 20-EMH 40-ALY
40

11 @ LARGE CAP COMPANIES
e MEDIUM CAP COMPANIES

® SMALL CAP COMPANIES

Figure 3.6 Geographical distribution of lithium-producing companies under study

Information about these companies, specifically their announcements, was extracted from their
websites and stored in tabular form. Additional macroeconomic and contextual data were

obtained from www.tradingeconomics.com for the same period.

The timeframe from May 2020 to September 2022 was chosen strategically. This period
includes a significant surge in lithium carbonate prices, primarily driven by rising global
demand in the electric vehicle (EV) industry. Analysing stock behaviour during this dynamic
phase provides insight into how macroeconomic and industry-specific events influenced

investor reactions and company performance.

This selection also ensures recency and relevance, with sufficient data points for robust
statistical modelling. The large volume of announcements and market fluctuations during this
timeframe enhances the generalizability and reliability of the model outputs. Moreover, this
period aligns well with the literature, improving comparability across studies and contextual

validity (Kianrad et al., 2024).
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3.3.2 Feature Extraction and Variable Definition

Company announcements were categorized as quoted securities, unquoted securities, market
announcements, company reports, positive financial announcements, and positive technical
announcements. These were selected as explanatory variables affecting each company’s
average daily share price. For each trading day, a binary value of 1 was assigned if a given
announcement type was released; otherwise, it was recorded as 0. This binary encoding allowed

these announcements to serve as machine learning features.

The dependent variable was the daily closing stock price, not stock return. This decision aligns
with findings by Firouz et al. (2021), who demonstrated that machine learning models tend to
perform better when applied to price levels rather than returns, which are typically more

volatile and less predictable due to their non-stationary nature.

To improve granularity, companies were also segmented by market capitalisation using ASX

classifications:
e Small-cap: < AUD 2 billion (27 companies)
e Medium-cap: AUD 2-5 billion (5 companies)

e Large-cap: > AUD 5 billion (8 companies)

3.3.3 Features Defined in the Model
o Feature A — Quoted Securities: Includes applications for the quotation of securities and

the release of escrowed shares.

e Feature B — Unquoted Securities: Involves the issuance of restricted shares (e.g., under

employee incentive schemes) not traded on public markets.

o Feature C — Market Announcements: Covers events such as trading halts, index

announcements, director notices, and merger updates.

e Feature D — Company Reports: Encompasses quarterly, half-yearly, and annual

shareholder reports.

o Feature E — Corporate Presentations: Includes AGMs, investor webinars, feasibility

studies, and related presentations.
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o Feature F — Financial Announcements: Contains updates on funding, capital raises,

agreements, grants, and contract news.

o Feature G — Technical Announcements: Relates to operational milestones like

increased production, license approvals, or technical studies.

Model Short Definition | Detailed Definition
Feature
A Quoted securities | Application for quotation of securities, release of securities from escrow,
the number of securities to be quoted, issue of placement shares, cleansing
notice
B Unquoted The issue, conversion, or payment up of unquoted equity securities
securities
C ASX Market | Notification of cessation of securities, director’s interest notice, response
announcements to ASX query letter, results of the announcement to the market,
commencing trading on another market or stock exchange, trading halt,
indices announcements, dispatch of the scheme booklet, updates on the
proposed merger, disclosure document
D Quarterly,  half- | Quarterly activities report, quarterly cashflow report, publishing half-
yearly, and annual | yearly and yearly reports and accounts, annual reports to shareholders,
reports financial reports
E Meetings and | Annual general meetings, investor and corporate presentations, webinars,
presentations presentations at the conference, the result of meetings, feasibility study
presentations
F Positive financial | Raising placement, raising funds, product pricing, applying for grant
announcements funding, awarding funding, raising funds to accelerate lithium
exploration, receiving firm commitments for investment via share
placement, entering into binding agreements, declaration of partnerships,
bonus option offers, completion of acquisitions, export shipment,
placement, bonus option issue, exercise of options, purchase plan
G Positive technical | Increasing capacity, discovering high-grade Li, progress updates,
announcements commencing drilling, operational updates, identifying further lithium
mineralization, exploration work updates, collection of first brine sample,
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granting of exploration and mining licenses, Environmental Impact
Assessment approvals, completion of resource definition-focused
drilling, commencement of site work, results of Li-battery tests,

feasibility study results, metallurgical test work, survey works

P4 Price First Lag The closing stock price belonging to one day prior to the current day

Table 3.2 Overview of the Model Features

3.3.4 XGBoost: Mathematical Model and Explanation

Gradient Boosting (GB) is a widely used machine learning algorithm for analysing structured
datasets. It operates as an ensemble method, where multiple 'weak learners'—typically decision
trees—are sequentially trained, with each subsequent model correcting the errors of the
previous ones. This is accomplished via gradient descent optimization. GB handles missing
values, outliers, and categorical features well and can model non-linear relationships between

features and target variables.

XGBoost was chosen for its ability to handle small to medium-sized structured datasets
efficiently. Its capacity to manage noisy data, provide feature importance, and capture non-
linear relationships made it ideal for analysing the impact of news categories and tweet-level

interactions on stock price movement.

Karaca and Kozat (2025) introduced a gradient boosting model to combine capture the linear
and non-linear patterns in solving the regression problems. Their results showed that their

proposed soft gradient boosting approach performs better compared to boosting models.

Extreme Gradient Boosting (XGBoost) is an enhanced implementation of gradient boosting,
introduced by Chen and Guestrin (2016). It builds upon the core principles of boosting by
applying additive training strategies and regularization. As a highly scalable, supervised
machine learning algorithm, XGBoost can be used for both classification and regression tasks

and is well-suited for large datasets.
Objective () = L(6) + R(0)

Loss function, L(0), shows the difference between the actual values and predictions. The

purpose of Regularization function is to prevent the model from overfitting.

If we have a data set that has n training examples and m features,

D={(,y)} (= 1,.,m)
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we can have an ensemble tree that uses K functions (K is the number of trees and f, is the

prediction of k' tree) to predict the labels.

K
9i=00) = ) feledfie F
k=1

The best combination of Loss and Regularization functions needed to minimize the Loss and

avoid overfitting the model.

D LG+ ) R
i k

In the below formula for Regularization function, T is number of leaves in the tree and W is
the weight of the tree, parameter Y controls the number of leaves, and parameter A controls the

weight size:

T
1
R =YT+ 32 ;(Wj)z  LOLID = G 9P

3.3.5 Linear Regression: Mathematical Model and Explanation
Linear Regression models the relationship between a dependent variable (target) and one or

more independent variables (features) using a linear equation:
y=A0+Alx +E

In above equation, Y is dependent variable (stock price), x is dependent feature, A0 is intercept,

Al is coefficient (slope) and E is the error.

This model is useful for interpreting direct and proportional effects of features on the target
variable. Although simpler than XGBoost, Linear Regression provides a useful benchmark and

interpretability advantage.

3.3.6 Model Implementation and Accuracy Evaluation
The XGBoost model was implemented in Python using the xgboost and pandas libraries. The
process involved loading structured news and price lag data from Excel, converting the dataset

into a DMatrix format for efficient computation, defining model parameters, and using cross-
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validation to minimize the RMSE (root mean squared error). Finally, the model was trained

and key insights such as feature importance and decision tree structures were visualised.

Figure 3.7 displays the Python code implementation for the XGBoost model used in this study.
The script demonstrates the complete modelling workflow including data loading, feature

assignment, parameter tuning, cross-validation, training, and graphical analysis.

t xgboost as xgb
1 sklearn.metrics in t mean_squared_error

data.describe()

XX, yy = data.iloc[:,:-1],data.iloc[:,-1]
data_dmatrix = xgb.DMatrix(data=XX,label=yy)

params = {"objective": "reg:Llinear", 'colsample_bytree': ©.5, 'Learning_rate': 0.9,
‘max_depth': 5, 'alpha': 1}

cv_results = xgb.cv(dtrain=data_dmatrix, params=params, nfold=3,
num_boost_round=50,early_stopping_rounds=10,metrics="rmse", as_pandas=True, seed=123)

cv_results.head()

print((cv_results["test-rmse-mean"”]).tail(1))
xg_reg = xgb.train(params=params, dtrain=data_dmatrix, num_boost_round=10)

ort matplotlib.pyplot as plt

.show()

.plot_importance(xg_reg)
rcParams[ 'figure.f’ '

ams

Figure 3.7 Python implementation of XGBoost regression model, including data loading, parameter
tuning, cross-validation, and feature importance visualisation (AGY company).
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., 'B',
ice']]

data[ 'PRICE']
data.describe()

XX, yy = data.iloc[:,:-1],data.iloc[:,-1]
data_dmatrix = xgb.DMatrix(data=XX,label=yy)

params = {"objective": "reg:Llinear", 'colsample_bytree': 0.5, 'Learning_rate': ©.9,
‘'max_depth': 5, 'alpha': 1}

cv_results = xgb.cv(dtrain=data_dmatrix, params=params, nfold=3,
num_boost_round=50,early_stopping_rounds=10,metrics="rmse", as_pandas=True, seed=123)

cv_results.head()

print((cv_results[“test-rmse-mean"]).tail(1))
xg_reg = xgb.train(params=params, dtrain=data_dmatrix, num_boost_round=10)

o4 15 E % [
.rcParams[ ‘figure.figsize'] = [10,
.show()

.plot_importance(xg_reg)

Figure 3.8 Python implementation of XGBoost regression model, including data loading, parameter
tuning, cross-validation, and feature importance visualisation (VUL company).
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pandas pd
numpy np

df = pd.read_excel(r'C:\_ﬁWFiles\kPhD\Model(inqﬁLithiumbri(e?NewsShO(k\Dataz\A8G.xlsx',Sheet_name:'Sheetl')
print(df)

df.head()

X = ‘A’ (CHD = , 'Price_FirstLag']]

Y = df[[ ‘Price’]]

print(Y)
print(X)

sklearn.model_selection train_test_split
X_train, X_test, y train, y_test = train_test_split(X, Y, test_size=0.4, random state=101)

sklearn.linear_model rt LinearRegression

model = LinearRegression()

model.fit(x_train,y_train)
print(model.intercept )
print(model.coef_)

predictions = model.predict(X_test)
print(predictions)

rint(y_train)
print(y_test)

t seaborn sns
sns.regplot(y_test,predictions)

statsmodels.api sm

Linear_model=sm.OLS(y_train,X_ train)

result=Linear_model.fit()
print(result.summary())

Figure 3.9 Python implementation of Linear Regression model, including data loading, parameter
tuning, prediction, and visualisation.
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3.4 Research Question 3: Impact of Social Media Data on Lithium-Related Stock
Market Trends

To address Research Question 3, this study combines historical stock price data with sentiment
features derived from X (formerly Twitter) posts of five Australian lithium-related companies
(AGY, 17 tweets, BMM, 27 tweets, Mineral 32 tweets, Vulcan, 70 tweets, and Wesfarmers, 15
tweets). The XGBoost machine learning model was employed to estimate the stock price on

the next trading day using tweet-based features and stock price lag.

Figure 3.10 presents the conceptual model and workflow for integrating social media sentiment

and stock market data.

XGBoost

I!\A ach.ine Model
i e Evaluation and
Dataset Pre-Processing valua
e Prediction
Creation

for Decision
Data Integration Feature Data Quality Maklng
Extraction Assessment

Figure 3.10 Conceptual Model for Stock Market Data Analytics

3.4.1 Data Definition

VADER (Valence Aware Dictionary and sEntiment Reasoner), a rule-based sentiment analysis
tool designed for social media, was applied to label tweets as positive (1), neutral (0), or
negative (-1). This approach is suitable for short and informal text such as tweets (Hutto &

Gilbert, 2014).

The stock market closing prices were collected from www.commsec.com.au for the period of
July 2023 to July 2024. Tweets were also collected for the same companies and period, and
after preprocessing (data cleansing, removing the punctuations, ...) each tweet was paired with
interaction metrics such as likes, reshares, views, and comments. These features, along with
the stock price from the previous trading day, were used as input variables in the XGBoost

model.
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Number | Stock | Price Price VADER
Number | Number | of Price | Previous | Next
Tweet’s Number | of of Comme Trading Trading
Date of Likes | Views Reshare | nts Day Day
2024-05-02 | 1 247 0 0 66.48 | 66.01 68.31 0
2024-05-02 | 1 255 0 1 66.48 | 66.01 68.31 1
2024-05-02 | 1 172 0 0 66.48 | 66.01 68.31 0
2024-02-29 | 1 294 0 0 66.64 | 65.94 66.39 1
2024-02-15 | 4 1300 1 0 6191 | 58.94 62.95 -1
2024-02-15 | 2 234 0 0 6191 | 58.94 62.95 1
2024-02-15 | 0 167 0 0 6191 | 58.94 62.95 -1
2024-02-15 | 1 191 0 0 6191 | 58.94 62.95 1
2023-12-07 | 1 350 1 1 5328 |533 53.7 -1
2023-12-07 | 1 191 0 1 5328 |533 53.7 1
2023-10-26 | 4 366 0 2 50.37 | 50.82 50.33 1
2023-10-26 | 2 349 0 1 50.37 | 50.82 50.33 0
2023-10-26 | 2 249 0 1 50.37 |50.82 50.33 1
2023-10-26 | 3 402 0 0 50.37 | 50.82 50.33 1
2023-08-25 | 4 842 1 10 51 49.42 52.1 -1
Table 3.3 Features

The objective of this analysis was not to achieve predictive accuracy but to explore the

relationship between tweet interactions and sentiment and their influence on stock price

movement.

In the next step, [ used a XGBoost machine learning model with post’s features (likes, reshares,

views, comments, and sentiment label) and stock price of the previous trading day and

investigated the impact of the features on the stock price.
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3.4.2 Sentiment Analysis Methods Overview

Here is the overview of some sentiment analysis methods:
1. VADER (Valence Aware Dictionary and sEntiment Reasoner)

VADER is a lexicon-based, rule-based model introduced by Hutto and Gilbert (2014). It creates
sentiment lexicons and assigns intensity scores to words or expressions. These scores are used
to classify texts as positive, neutral, or negative. VADER is especially effective for analysing
informal language, slang, abbreviations, punctuation, and emojis—making it particularly

suitable for social media content like tweets.

VADER is a fast, lightweight model that does not require large computational resources or
large training datasets. Its ability to handle short, informal texts gives it an edge over traditional
models that struggle with brevity and informal phrasing. In this research, VADER was applied
to label tweets of lithium-related companies, and the resulting sentiment labels (positive,

neutral, or negative) were used as input features in the XGBoost model.
2. TextBlob

Introduced by Loria (2018), TextBlob is another lexicon-based NLP tool that classifies
sentiment into positive, neutral, and negative. It also calculates polarity (ranging from -1 to 1)
and subjectivity (0 to 1) scores. TextBlob is simple to use and works well for general sentiment
analysis tasks such as product reviews or educational content. However, its performance is

limited when handling informal language and slang.
3. Afinn

Afinn, developed by Nielsen (2011), is a lexicon-based sentiment analysis method for short
texts and microblogs. Each word in a predefined lexicon is assigned a score from -5 to +5, and
the total sentiment of a text is computed as the sum of its individual word scores. Afinn is fast

and easy to implement but lacks deep linguistic parsing and nuance.
4. BERT (Bidirectional Encoder Representations from Transformers)

Introduced by Devlin et al. (2018), BERT is a transformer-based deep learning model that
provides state-of-the-art performance in natural language understanding. It processes text

bidirectionally, allowing it to capture context more effectively than traditional models. BERT
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is powerful for analysing large and complex documents, but it requires substantial

computational resources and large amounts of labelled data for training.

While each method has its advantages, VADER was chosen for this study due to its
effectiveness with short, informal texts and its minimal computational requirements. BERT,
while accurate, was not suitable given the limited tweet data and the need for lightweight

processing.
Several sentiment analysis techniques exist in the literature, each with unique strengths:

e« VADER (Hutto et al. 2014): Lexicon and rule-based, ideal for short texts and social

media content. Fast, simple, handles emojis and slang.

o TextBlob (Loria 2013): Lexicon-based, produces polarity and subjectivity scores. Easy

to use but less effective on informal content.

o Afinn (Nielsen 2011): Assigns scores from -5 to +5 to words. Simple and interpretable

but lacks nuanced text understanding.

e BERT (Devlin et al. 2018): Deep learning model for advanced sentiment analysis on

large, complex datasets. High accuracy but resource-intensive.

Due to its suitability for informal, short-form content and small datasets, VADER was selected

for this study.
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3.4.3 Comparison of Sentiment Analysis Techniques

Method Type Use Cases Advantages Disadvantages
VADER | Rule-based e Social media posts e Fast ¢ Not suitable for
Lexicon e Short and informal e No need for training long texts
texts e Works well with small e Not suitable for
datasets other domains
e No need for extensive
computational resource
e Specifically designed for
social media posts
e Able to handle emojis and
slangs (has specific emoji
lexicon)
TextBlob | Rule-based e General short texts e Easy to implement and use e Not great for
Lexicon e Product reviews e Can show text polarity and informal texts
e Educational subjectivity o Less effective
sentiment analysis with slangs and
emojis (no
specific emoji
lexicons)
Afinn Lexicon- e Short texts e Simple implementation e Not great in
based e SMS e Fast advanced
e Text scoring e Does not need a huge sentiment
computational resource analysis  and
parsing
BERT Machine e Long complex texts e Suitable for large datasets e Not great with
Learning - sentiment analysis e Transfer learning small and
based e NLP capability medium  size
e Document analysis e Deep context datasets
e Nuanced text understanding and e Requires large
analysis processing computational
resources

Table 3.4 Sentiment Analysis Techniques Comparison
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3.4.4 Sentiment Labelling and Stock Prediction Implementation
To label tweets and analyse their sentiment using VADER, the NLTK library and
SentimentIntensity Analyzer class were used. Figure 3.11 shows how tweets are evaluated for

sentiment and assigned a label based on their compound score.

SentimentIntensityAnalyzer

le veet

"$AGY additional tenements expand Rincon Lithium Project Landholdings to 8,606Ha, prc

ent or Th Ch

analyzer.polarity_scores(tweet)

:", sentiment_scores)

y C D d on the
sentiment_scores[ ‘compound’] >= ©.05:
sentiment = ‘positive’

elif sentiment_scores[ ‘compound’'] <= -0.05:

sentiment = ‘negative’
sentiment ‘neutral ’

Output tl 1
print(f“Tweet: {tweet}")
print(f"“Sentiment Label: {sentiment}")

rt SentimentIntensityAnalyzer

nltk.download( 'vader_Lexicon")

senti t analyzer

SentimentIntensityAnalyzer()

Figure 3.11 VADER Sentiment Analysis Code to Label Tweets

After assigning sentiment labels, the resulting features—along with tweet interactions like
likes, views, reshares, and comments—were fed into an XGBoost model to predict the next
trading day’s stock price. Figures 3.11 and 3.12 show the Python implementation of the

machine learning pipeline, from feature engineering to prediction and visualization.
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sklearn.model_selection in train_test_split
xgboost imp XGBRegressor

sklearn.met i t mean_squared_error

~t matplotlib.pyplot as plt

't seaborn as

e ta from th e
data = pd.read_excel(r'C:\_MyFiles\_PhD\Sentiment Analysis\Data\Companies\Wesfarmers_2023-202

data = pd.read_excel(r'C:\_MyFiles\_PhD\Sentiment Analysis\Data\Companies\Wesfarmers_2023-202

print(data)

ture
data[ 'Is Shared'] = data[ ‘Nubmer of Reshare'].apply(
data[ ‘'Is Liked'] = data[ ‘Number of Likes'].apply(la
data[ 'Is Viewed'] = data[ 'Number of Views'].apply(la
data[ 'Is Commented'] = data[ '‘Number of Comments'].apply(]l
data[ ‘Negative Sentiment'] = data[ 'VADER'].apply(la

‘Is Lil S TsiCol nte |
'Is Liked 'Is Commented 'Negative Sentiment']]

>

data{fzIs Shared',

data[ ‘Price_NextTradingDay ']
print(X)

# Train-test split

X_train, X_test, y_train, y_test = train_test_split(X, Y, test_size=0.4, random_state=101)

# Define d train oost m
xgb_model = XGBRegressor(objective='reg:squarederror', random_state=101)
xgb_model.fit(X_train, y_train)

# Predictions

predictions = xgb_model.predict(X_test)

Figure 3.12 XGBoost Regression Pipeline with Tweet Interaction Features

56



# Analyze the sentiment of the tweet
sentiment_scores = analyzer.polarity_scores(tweet)

¢ Display the sentiment sc
brint("“Sentiment Scores:", sentiment_scores)

# Classify the tweet b d on
sentiment_scores[ ‘'compound’] >= ©.50:
sentiment = ‘positive’
sentiment_scores[ ‘compound’] <= -0.50:
sentiment = ‘negative’

sentiment 'neutral’
# Output the result

print(f"Tweet: {tweet}")
print(f"Sentiment Label: {sentiment}")

Figure 3.13 Model Evaluation and Visualization of Predictions

3.5 Chapter Summary

This chapter presented the methodological framework for analysing the stock market
performance of lithium-related companies in Australia using machine learning techniques and
sentiment analysis. Three research questions were addressed through progressively complex
models: Support Vector Machine (SVM) for historical price-based classification, XGBoost and
Linear Regression for integrating traditional news features, and XGBoost with VADER-
labelled sentiment for modelling social media influence. Each model was tailored to its data
source, leveraging domain-specific features such as announcement categories, tweet
interactions, and sentiment scores. By combining structured financial data with unstructured
text from news and social media, this chapter lays the groundwork for evaluating the predictive
power and practical implications of each approach. The following chapter will focus on the
empirical results, model performance comparisons, and discussion of key findings. Ethics

approval for this research was obtained and is provided in Appendix A.
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Chapter 4 — Findings

4.1 Research Question 1

To investigate the trend of lithium-ion batteries related stock market in Australia, I used
historical stock price data of seven lithium-related companies in Australia and utilised Support
Vector Machines (SVM) model to estimate the direction of the stock price of the companies on

the next trading day.

4.1.1 Results and Findings
Each point in Figure 4.1 to 4.7 represents three pieces of information about each companies’
stock on a specified trading day
e The x-coordinate of a point shows the average of the company stock’s price gap
over 9 days leading to the trading day. A positive momentum means most of these
9 days, the stock experienced an increasing-price trend.
e The y-coordinate of a point is a measure of the magnitude of changes in price over
9 days. It is possible that a stock experiences a positive momentum across 9 days
but a negative overall price change.
e The colour of a point depicts the sign of the price gap. Green point means a positive
gap, meaning an increasing direction in price, and blue point means a negative price

change.

What [ estimated is a line (or a curve or a hyperplane) that puts the data points on two sides of
it. An ideally estimated line is a line that perfectly separates the blue points and green points,
meaning this line estimates the direction of change in the stock price. In the next step after
estimation, we decomposed our data into two subsets, called a training subset and a test dataset,
and tried to forecast the direction of change in stock price in the test dataset using the
explanatory variables, which are stock momentum and stock volatility, of the training dataset.

The results of all companies show that the green and blue points are not fully separated by the
line, whish show that SVM model could not predict the direction of the price using only

historical momentum and volatility.
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Figure 4.1 Estimated Results for Vulcan Company
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Figure 4.2 Estimated Results for Liontown Resources Company

59



MineralResources

-
——
-——
- e
——
_——
=
- -
L r—
-

Volatility (%)
=
%
‘e
£
L ]

—10 -

T et DR

-
- —-— bl I —
-

) ) ] )
-0.75 =050 -0.25% 0.00 025 0.50 075
Mormentum

Figure 4.3 Estimated Results for Mineral Resources Company
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Figure 4.4 Estimated Results for Orocobre Limited Company
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Figure 4.5 Estimated Results for Piedmont Lithium Company
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Figure 4.6 Estimated Results for Pilbara Minerals Company
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4.2 Research Question 2

4.2.1 Research Question 2: XGBoost Results

Having a dataset of stock price data of 40 lithium-related companies and their traditional news
categories, I applied the XGBoost ML algorithm on the data outlined above, then using feature
importance estimation, examined the impact of features A to G on the stock market closing

price of each of the 40 companies (see Table 4.1) (Kianrad et al., 2024).

Number of Companies by Feature Importance

Small Cap Mid Cap Large Cap Total
Feature
A 18 3 5 26
B 18 3 4 25
C 14 3 8 25
D 16 3 7 26
E 16 5 8 29
F 16 5 7 28
G 14 4 7 25

Number of Companies

27 5 8 40

Table 4.1 Number of companies by feature importance and market capitalization

As illustrated in Table 4.1, it's common for multiple features to be significant for a single
company simultaneously. For instance, Feature A is important for 18 out of the 27 total small-
cap companies. Similarly, Feature B is also crucial for 18 small-cap companies, indicating a
notable overlap among the small-cap companies for which Features A and B are relevant. To
provide a clearer understanding, the numerical data in Table 4.2 can also be expressed as

percentages, as demonstrated in Table 4.2 (Kianrad et al., 2024).
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Number of Companies by Feature Importance
Small Cap Mid Cap | Large Cap | Total
Feature
18/27 3/5 5/8 26/40
A (66.67%) (60.00%) | (62.50%) | (65.00%)
18/27 3/5 4/8 25/40
B (66.67%) (60.00%) | (50.00%) | (62.50%)
14/27 3/5 8/8 25/40
C (51.85%) (60.00%) | (100.00%) | (62.50%)
16/27 3/5 7/8 26/40
D (59.26%) (60.00%) | (87.50%) | (65.00%)
16/27 5/5 8/8 29/40
E (59.26%) (100.00%) | (100.00%) | (72.50%)
16/27 5/5 7/8 28/40
F (59.26%) (100.00%) | (87.50%) | (70.00%)
14/27 4/5 7/8 25/40
G (51.85%) (80.00%) | (87.50%) | (62.50%)

Table 4.2 Feature Importance (%)

In Table 4.2, the percentage calculated based on the number of companies in the specific

category affected by the feature divided by the total number of companies in the category.

For example, feature A was significant in determining the closing stock price of 18 small cap
companies, out of 27 small cap companies studied. Feature B was significant in determining
the closing stock price of 25 companies, out of 40 total companies studied, so the percentage

is 15/40 = 62.50%.

In Figure 4.8, the colours of the bars denote different features (i.e., types of announcements).
The y-axis represents the percentage of companies for which each feature was significant in
determining their closing stock prices. The x-axis categorizes the companies based on their

market capitalization. For instance, Feature F, depicted in green, is crucial for 87.5% of large-
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cap companies (7 out of 8 companies). However, when considering the entire sample of
companies (small, mid, and large cap), Feature F is important for 70% (28 out of 40 companies)

(Kianrad et al., 2024).
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Figure 4.8 Feature Importance (%) Across Different Company Market Capitalization
A (Quoted Securities)

B (Unquoted Securities)

C (ASX Market Announcements)

D (Quarterly, Half-Yearly, and Annual Reports)

E (Meetings and Presentations)

F (Positive Financial Announcements)

G (Positive Technical Announcements)

As depicted in Figure 4.8, for small-cap companies, Features A (Quoted Securities) and B
(Unquoted Securities) are the most significant factors affecting share prices, each with an
importance rating of 67%. This indicates that the prices of 18 out of the 27 small-cap companies
studied are influenced by Features A and B. Additionally, Features D (Quarterly, Half-Yearly,
and Annual Reports), E (Meetings and Presentations), and F (Positive Financial
Announcements) each have an equal impact on the share prices of small-cap companies, with
an importance of 60%. Features C (ASX Market Announcements) and G (Positive Technical
Announcements) have the least effect, influencing the stock prices of nearly half of the small-
cap companies. Notably, positive financial announcements (Feature F) are more influential than

positive technical announcements (Feature G) for small-cap companies.

In the case of medium-cap companies, as shown in Figure 4.8, Features E and F are the most
impactful, with an importance rating of 100%. This suggests that both features are critical in
determining the stock prices of all 5 medium-cap companies studied. Feature G follows with
an 80% importance rating. Features A, B, C, and D have similar but less significant
contributions compared to other factors. Similar to small-cap companies, the impact of positive
financial announcements (Feature F) is greater than that of positive technical announcements

(Feature G) for medium-cap companies (Kianrad et al., 2024).
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In Figure 4.8, it is evident that for large-cap companies, Features C (ASX Market
Announcements) and E (Meetings and Presentations) are the most crucial. All eight large-cap
companies analysed are significantly affected by these factors. It's noteworthy that the impacts
of Features D (Quarterly, Half-Yearly, and Annual Reports), F (Positive Financial
Announcements), and G (Positive Technical Announcements) on the stock prices of these
companies are similar. In contrast to small-cap companies, Features A (Quoted Securities) and

B (Unquoted Securities) have the least impact on the stock prices of large-cap companies.

The real-world implications of Features A and B on the stock prices of large-cap companies
can be observed in the following instances. On March 2, SQM reported its 2021 earnings,
showing a substantial increase in net income. However, SQM’s stock price did not experience
a significant rise until May 18, coinciding with the announcement of its Q1 earnings report and
the approval of an interim dividend. Similarly, Livent’s announcement of increasing its stake
in Nemaska Lithium and its Q1 results, followed by its collaboration news with Lilium, led to

notable increases in its share price (Kianrad et al., 2024).

In a broader perspective, Feature E (Meetings and Presentations) was a key predictor of stock
prices for the largest proportion of companies analysed (73%), as shown in Figure 2. Feature F
(Positive Financial Announcements) was the second most significant predictor, affecting 70%

of the companies (Kianrad et al., 2024).
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Figure 4.9 Changes in Lithium price and the average share price of companies

Figure 4.9 presents the trends in lithium prices alongside the average share price of a selected
sample of 40 lithium companies from May 2020 to September 2022. During this period,
particularly in 2022, the price of lithium carbonate saw a significant increase, reaching record
highs. This surge was primarily driven by the escalating demand from the electric vehicle (EV)
industry. In January 2022, a notable rise in lithium carbonate prices had a consequential impact
on the average share prices of these companies, which peaked until April 2022 before
undergoing a decline. However, despite these fluctuations, lithium prices remained elevated
throughout the first half of 2022, exceeding market predictions. This was largely due to a
renewed demand surge from China, contributing to an over 123% increase in lithium prices

between January and September 2022 (Kianrad et al., 2024).

The IEA Critical Minerals Market Review 2023 underscores that the sales of EVs and the
consumer trend towards larger vehicles (which require larger batteries) were key factors in the

tripling of lithium demand between 2017 and 2022.

In 2021, despite the challenges of the COVID-19 pandemic and supply chain bottlenecks, sales
of electric vehicles (EVs) nearly doubled to 6.6 million, as reported by the International Energy
Agency (IEA). The momentum continued into the first quarter of 2022, with EV sales surging
by 75% compared to the same period in 2021, reaching a remarkable 2 million units. This
upward trend in EV sales persisted throughout the first half of 2022. The IEA now anticipates
that EVs will constitute approximately 13% of the total market share, signalling a positive

outlook for the lithium market, which is crucial for EV battery production.

During the third quarter, demand for lithium-battery chemistry remained strong, especially in
China, contributing to the surge in lithium prices. This demand drove lithium prices to record

highs in 2021, with the upward trend persisting well into 2022 (Kianrad et al., 2024).
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4.2.2 Research Question 2: Linear Regression Results

E (94%), G (93%) Large
WES D (100%) Large
SQM C (100%) Large 24.53
PLS F (94%) Large 14.55
MIN Large 13.6
1GO Large 11.76
AKE Large 8.97
LTHM Large 5.61
LTR Medium 4.09
AVZ Medium 2.75
CXO Medium 2.46
SGML C (90%) Medium 2.37
SYA F (94%) Medium 1.95
LKE C (95%) Small 1.37
INR A (99%), B (95%) Small 1.13
VUL C (99%), G (99%) Small 1.04
AGY F(91%) Small 0.72429
NMT F (94%), G (90%) Small 0.59101

B (100%), C (100%), G
ASN (100%) Small 0.53831
PLL F (94%) Small 0.49064
GLN G (100%) Small 0.46295
GL1 B (100%), F (99%) Small 0.3904
ALB D (94%), Small 0.254
FFX A (98%), F (96%) Small 0.23625
LPI Small 0.23276
AZL Small

B (100%), C (99%), G
JRL (94%) Small

B (100%), C (100%), E
EUR (95%) Small

B (93%), C (97%), E
LPD (92%) Small
ESS A (98%) Small
EMH F (100%), G (100%) Small
INF C (99%), G (97%) Small
LEL A (100%) Small
LIT Small
ALY D (100%), F (99%) Small

B (100%), F (100%), G
KZR (100%) Small
BMM B (100%), F (96%) Small
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MHK C (93%) Small
A8G Small
VKA B (100%), C (100%) Small

Table 4.3 Companies, market capitalisation categories and quantities, and confidence levels of
different features

Table 4.3 shows the companies studied, their market capitalisation at the time of study, their

market capitalisation category and the features that had confidence level of over 90%.

Market capitalisation category of each company category is determined by its market
capitalisation. Companies with market capitalisation over 5 billion are categorised as Large,
companies with market capitalisation between 2 billion and 5 billion are categorised as

Medium, and companies with market capitalisation less than 2 billion are categorised as small.

For example, features E and G have confidence level of 94% and 93% for BHP company
(Large), while features C and G have confidence level of 99% for VUL company (small).

Table 4.4 below shows the summary of feature importance across different company market
capitalisations. As Table 4.4 shows, feature A is important in 4 out of 27 small companies, while
feature B is important in 9 out of 27 small companies, and so on. The Total column shows the
total amount of importance for each feature across small, medium, and large companies. Each
feature can be important across different companies, so the total amount of importance of each

feature can be more than 40 (number of companies studied).

> 90% Small | Mid Large Total

A (Quoted Securities) 4 0 0 4
B (Unquoted Securities) 9 0 0 9
C (ASX Market Announcements) 9 1 1 11
D (Quarterly, Half-Yearly, and Annual Reports) 2 0 1 3
E (Meetings and Presentations) 2 0 1 3
F (Positive Financial Announcements) 9 1 1 11
G (Positive Technical Announcements) 8 0 1 9
Number of Companies ‘ 27 ‘ 5 8 40

Table 4.4 Feature Importance Across Different Company Market Capitalisations.
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Feature Importance Across Different Company Market Captitalisations

12

10

(o]

[«)]

»H

N

D E
HSmall mMid m Large

Figure 4.10 Feature Importance Across Different Company Market Capitalisations

Figure 4.10 shows the feature importance across companies with different market
capitalisation. For example, feature A is important for 4 small companies, feature C is important

for 9 small companies, one medium company, and one large company.

> 90% Small Mid Large Total

A 14.81% | 0.00% | 0.00% | 10.00%
B 33.33% | 0.00% | 0.00% | 22.50%
C 33.33% | 20.00% | 12.50% | 27.50%
D 741% | 0.00% | 12.50% | 7.50%
E 741% | 0.00% | 12.50% | 7.50%
F 33.33% | 20.00% | 12.50% | 27.50%
G 29.63% | 0.00% | 12.50% | 22.50%
Number of

Companies 27 5 8 40

Table 4.5 Feature Importance Across Different Market Capitalisations (Percentage)
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Feature Importance Across Different Company Market Captitalisations (Percentage)
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Figure 4.11 Feature Importance Across Different Market Capitalisations (Percentage)

Figure 4.11 shows the percentage of feature importance across different market capitalisation
groups. For example, features C and F are important in 20% of mid-cap companies, while they
are important in more than 25% (27.50%) of total companies studied. Features B, C, and F are
important in 33.33% of small-cap companies, while feature B is not important for mid-cap and
large-cap companies. Feature G is important in 29.63% of small-cap companies and 12.50% of

large-cap companies.

In Figures 4.12 to 4.51, if P-Value (P> |t|) is less than 0.1, then the feature has a statistically

significant impact on the stock price of the next trading day.

0.
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0.
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Figure 4.12 BHP Company (Linear Regression Model Results)
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Figure 4.15 PLS Company (Linear Regression Model Results)
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Figure 4.18 AKE Company (Linear Regression Model Results)
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Figure 4.21 AVZ Company (Linear Regression Model Results)
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Figure 4.24 SYA Company (Linear Regression Model Results)

75



rice_FirstLag

rice_FirstLag

OO OOOOOO®
OO OO OPOOO®

Figure 4.27 VUL Company (Linear Regression Model Results)
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Figure 4.29 NMT Company (Linear Regression Model Results)
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Figure 4.30 ASN Company (Linear Regression Model Results)

1.62e-18
.004
.004
.003

77

0.
0.
0.
0.
0.
0.
0.
0.

-4.06e-17
.017
.008
.004
.006
.008
.007




rice_FirstLag

.387e-16

-0.0029

-0.0628

0.0113

©.0967

-0.0193

rice_FirstlLag 0017

OO OOOO®O®

A
B
©
D
E
F
G
P

Figure 4.33 GL1 Company (Linear Regression Model Results)
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Figure 4.36 LPI Company (Linear Regression Model Results)
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Figure 4.39 EUR Company (Linear Regression Model Results)
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Figure 4.42 EMH Company (Linear Regression Model Results)
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Figure 4.45 LIT Company (Linear Regression Model Results)
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Figure 4..48 BMM Company (Linear Regression Model Results)
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Figure 4.51 VKA Company (Linear Regression Model Results)
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4.3 Research Question 3
In this study, the aim was to show the impact of features of the tweets (number of likes, number
of views, number of comments, number of reshares and sentiment label) posted by Australian

lithium-related companies on their stock prices.

I used VADER, a rule-based sentiment analysis method, introduced by Hutto, C. J., & Gilbert,
E. (2014) to classify company tweets into three categories of positive, negative, and neutral.
Hutto, C. J., & Gilbert, E. (2014) combined quantitative and qualitative methods and algorithms
to introduce a model to analyse the sentiment of the texts. They compared their model to eleven
sentiment analysis methods and VADER provided more accurate results. VADER builds a list
of lexicon features and uses grammatical and syntactical rules to analyse the text sentiment and

assign a label to the text.

The computed sentiment label then will be used as a feature in a XGBoost machine learning
model. Finally, we add some additional features such as price lag, number of likes, number of
reshares, number of views, and number of comments and run our XGBoost model to estimate

the impact of the incorporated features on the change direction of stock price of the company.

Below screenshots show the result of the XGBoost model run on each company’s data.

[s Commented
egative Sentiment

Figure 4.52 AGY Company (XGBoost Model Results)

As we can see in the results, Is Shared and Is Liked features have statistically significant impact
on the stock price data of the company on the next trading day. This shows tweets with more
like and shares had more impact on the stock price of the company, compared to the tweets
with more comments. The results also show that the Negative Sentiment feature has no
statistically significant impact on the stock price of the company in the selected data period.
For this company, the comments of the tweets have some impact on the stock price of the
company on the next trading day, but the impact is not statistically significant as the Confidence

Level is less than 90%.
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Figure 4.53 BMM Company (XGBoost Model Results)

Figure 4.53 demonstrates the results of our XGBoost model on BMM company’s stock data.
As our model shows, the Is Liked feature (which indicates the number of likes of each tweet)
has a statistically significant impact on the stock price of the company’s next trading day, with
Confidence Level of 99%. The other features, [s Shared (number of reshares of each tweet) and
Is Commented (number of comments of each tweet) have Confidence Level of 68% and 62%,
but they don’t impact the stock price of the next trading day significantly. While the sentiment
label of the tweet (Negative Sentiment which shows if the tweet sentiment’s label is negative)

does not impact the stock price of the company on the next trading day.

Is Shared

Is Liked 64.9635
Is Commented 0.8661
Negative Sentiment

Figure 4.54 Mineral Company (XGBoost Model Results)

Figure 4.54 shows the result of our XGBoost model on Mineral company’s stock price data.
The model shows Is Liked feature (number of likes of the tweet) has a statistically significant
impact on the stock price of the next trading day. The Confidence Level of the Is Liked feature
is 100%, and the estimated coefficient for this variable (64.9) is larger than the coefficient of
the other variables. This shows that Is Liked feature has the largest impact on the output (stock
price) compared to Is Shared (number of the tweet’s reshare) and Is Commented (number of
the comments of each tweet). Although the Is Shared feature’s P-Value is 0.14, which shows it
affects the stock price of the next trading day, but it has not been considered statistically
significant as its confidence level is less than 90%. The Is Commented feature has the

Confidence Level of 78%, which shows that it does not have much impact on the next trading
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day’s stock price. Similar to the BMM company, the model shows no relationship between the

negative sentiment of the tweet and the stock price of the next trading day.

Is Shared

Is Liked
Is Commented
Negative Sentiment -0.3274

Figure 4.55 Vulcan Company (XGBoost Model Results)

Figure 4.55 illustrates the results of the XGBoost model on Vulcan company’s stock price data.
Similar to BMM and Mineral companies, the Is Liked feature that indicates the number of likes
of each tweet has confidence level of 100% which means it impacts the stock price of the next
trading’s data significantly. Is Commented (the number of comments of each tweet) shows the
p-value of 0.2, which shows its impact on the output (next trading day’s stock price). As the
confidence level is less than 90%, it has not been considered as statistically significant. The
Negative Sentiment feature which shows the tweet’s label has the P-value of 0.4, which means
while it affects the stock price of the company on the next trading day, its effect is not
significant. Is Shared feature shows the highest P-value among other feature, with 0.9 which

means it has less impact on the stock price compared to the other features.

48.9525

-17.8775
17.0775
-8.8500
Negative Sentiment  13.9975

Figure 4.56 Wesfarmers Company (XGBoost Model Results)

As figure 4.56 shows, Is Shared, Is Liked and Negative Sentiment features have statistically

significant impact of the next trading day’s stock price of the Wesfarmers company. All
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Negative Sentiment (the negative label of the tweet), Is Liked (number of likes of each tweet),
and Is Shared (number of reshares of the tweet) are having the confidence level of 99%, so they

are considered as statistically significant features.

Although Is Commented feature (number of comments on each tweet) shows the confidence
level of 89% and has impact on the stock price of the company on the next trading day, it has

not been considered as statistically significant as its confidence level is less than 90%.

Here’s the summary of the results for all companies studied:

Company |[IsShared (P> |t])|Is Shared (coef) |[Is Liked (P> |t]) |ls Liked (coef) |Is Commented (P > |t]) |Is Commented (coef) [Negative Sentiment (P > |t|) [Negative Sentiment (coef)
AGY 0.074 0.495 0.074 0.495 0.511 0.349|nan 0
BMM 0.68 0.0148 0.001 0.1403 0.622 0.0166|nan 0
Mineral 0.147 474 0  64.9635 0.784 0.8661|nan 0
Vulcan 0.924 0.0474 0 3.0325 0.205 0.3768 0.496 -0.3274
Wesfarmers 0.011 -17.8775 001 170775 0.114 -8.85 0.012 13.9975

Figure 4.57 Summary of the results for all companies studied

In this chapter the findings of the three research questions included, started from the historical
stock prices of lithium-related companies and their effects on the companies’ stock market.
Then I investigated the effects of the company news and announcements on their stock market.
In the next section, I analysed the effects of company tweets and tweets’ features on the stock

market of companies studied.
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Chapter S: Discussion and Conclusion

This chapter presents a comprehensive synthesis of the research findings derived from the three
central research questions, each of which explored how distinct types of data—historical stock
trends, formal corporate announcements, and social media signals—can be leveraged to model
and predict stock market performance in the lithium sector. The study lies at the intersection of
machine learning, financial analytics, and sustainable investment, with a particular emphasis
on Australian lithium-related companies, which play a critical role in the global clean energy

transition.

By employing advanced machine learning models—namely, Support Vector Machines (SVM)
and Extreme Gradient Boosting (XGBoost)—and integrating multiple heterogeneous data
sources, this research develops a robust, data-driven framework for understanding market
behaviour in high-growth, resource-intensive sectors. This chapter outlines the study’s
theoretical, practical, and methodological contributions, addresses key gaps in the existing

literature, highlights critical insights, and suggests directions for future inquiry

5.1 Theoretical Contributions
This thesis advances theoretical understanding in multiple dimensions, particularly in how
diverse and complex data sources can be operationalised through machine learning for financial

analysis.

For RQ1, the application of SVM demonstrated the predictive value of historical stock
indicators such as momentum and volatility. The model, applied to companies like Vulcan and
Pilbara Minerals, achieved approximately 49% accuracy in forecasting next-day stock
direction. While modest, this performance reflects the inherent volatility in commodity markets
and reinforces the utility of linear classification models as effective baselines in financial

modelling (Inthachot et al. 2016 and Dey et al. 2016).

For RQ2, XGBoost models applied to over two years of corporate announcements revealed
how market capitalisation mediates the influence of different communication types. Results
showed that investor reactions were highly dependent on both the content and context of
disclosures, with large-cap firms responding more strongly to formal events like public
meetings and financial reports, while small-caps reacted more to security-related notices. This

nuanced differentiation contributes to financial communication theory by empirically
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validating that "one-size-fits-all" investor communication strategies are suboptimal (Dey et al.

2016).

For RQ3, the integration of social media sentiment—using VADER—and user engagement
metrics showed that digital investor sentiment has measurable effects on market behaviour,
particularly when measured through engagement indicators such as likes, shares, and views.
While sentiment polarity alone had limited predictive strength, the strong performance of
interaction-based features provides a new lens for understanding behavioural finance and

market microdynamics (Smith and O’Hare 2022).

Taken together, these findings contribute to a growing body of knowledge on data fusion in
financial forecasting, demonstrating how machine learning can unify structured and
unstructured signals into a cohesive analytical model. By integrating historical prices, corporate
announcements, and social media engagement, this study uncovers previously unrecognised
patterns in stock price changes—patterns that are not detectable when data sources are analysed
in isolation. This directly advances theoretical understanding by showing that lithium stock
performance is shaped by a multilayered information ecosystem rather than by single-factor

influences.

5.1.1 Addressing Literature Gaps
Beyond these theoretical contributions, the research directly addresses several pressing gaps in

current academic literature:

1. Lack of sector-specific analysis: Most existing stock market studies focus on broad
indices or major tech and industrial sectors. Very few have examined commodity-
specific stocks—particularly lithium—which is increasingly central to global
decarbonisation efforts. This thesis offers a focused investigation of lithium-related
companies, responding to the need for more tailored financial insights into green

cconomy sectors.

2. Underrepresentation of the Australian market: Despite Australia’s leading role in
global lithium production, most academic studies emphasise the U.S. or Chinese
markets. This research contributes critical Australia-specific findings, reflecting the

local market structure, investor behaviour, and regulatory environment.

3. Limited integration of multi-modal data: The majority of prior studies rely on single-

source data, typically historical prices or news sentiment. By integrating time-series
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stock data, structured announcement disclosures, and unstructured social media
content, this thesis creates a multi-dimensional model that mirrors the complexity of

modern financial ecosystems.

4. Neglect of firm-generated digital communications: While social media-based
finance research often focuses on retail investor sentiment or public forums, few studies
have examined company-published content. By analysing tweets posted by lithium
companies themselves, the study reveals how corporate digital narratives affect investor

perception and market outcomes.

5. Minimal application of AI/ML to sustainability-aligned sectors: Although machine
learning is widely used in financial modelling, its application to clean energy-related
domains remains limited. This study contributes to this emerging space by applying
explainable Al methods to a sustainability-critical sector, thereby bridging machine

learning innovation with ESG-aligned investment analysis.

By explicitly targeting these research gaps, this study strengthens the interdisciplinary dialogue
between information systems, computer science, finance, and sustainability. Moreover, it
provides a scalable analytical blueprint for future investigations into other high-impact resource

sectors such as cobalt, nickel, and hydrogen.

5.2 Practical Contributions
The practical relevance of this research is evident across various stakeholder groups, including

investors, financial analysts, corporate communicators, and ESG portfolio managers.

e For Investors and Traders: The SVM model provides an accessible and
computationally efficient tool to forecast short-term price movements based on internal
market signals. While not a standalone solution, it offers a baseline for hybrid models

in high-frequency trading contexts.

o For Portfolio Managers: The XGBoost model demonstrated the importance of
tailoring monitoring systems to firm size and announcement type. Large-cap firms
warrant more attention during financial briefings and public meetings, while
monitoring of small-cap firms may benefit from focusing on security disclosures and

listing changes.
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o For Financial Analysts and Data Scientists: The research introduces a framework for
blending structured and unstructured data sources, increasing transparency in feature

importance, and supporting explainability in algorithmic trading models.

e For ESG-Focused Funds: Given the environmental relevance of lithium, the study’s
insights can directly inform ESG investment screening and decision-making, especially
in evaluating how well companies communicate their performance and sustainability

strategy.

5.3 Methodological Enhancements

This study contributes several methodological innovations:

e Developed a rich, domain-specific dataset integrating price history, structured

announcements, and social media content from over 40 companies.

o Employed both linear (SVM) and non-linear (XGBoost) algorithms to explore the

relative strengths of different modelling strategies.

o Applied VADER sentiment analysis to corporate tweets while incorporating social

engagement metrics, a novel combination that extends standard textual analysis.

o Used feature importance interpretation and comparative accuracy to validate model

transparency and relevance, supporting the trustworthiness of Al in financial contexts.

These methodological choices contribute to reproducible, adaptable, and ethically sound

applications of machine learning in financial research.

The primary objective of this study is the investigation and analysis rather than prediction of
the effects of various data sources, including historical data, traditional news, and social media,
on the stock prices of lithium-related companies in Australia. In addressing the second research
question, the study examined how different categories of company announcements (such as
quoted securities, unquoted securities, meetings and presentations, and others) affect the stock
performance of small-cap, medium-cap, and large-cap companies. An XGBoost model was
employed to conduct feature importance analysis, identifying which categories of
announcements exerted the most significant influence on stock price fluctuations across various
market capitalisations. For the third research question, input variables such as tweet likes,
reshares, comments, and sentiment labels were analysed in relation to stock prices on the

subsequent trading day. The aim of this investigation was not to develop a predictive model
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with high statistical performance (e.g., high R-squared), but rather to explore whether
interactions and sentiment expressed through official company tweets contribute to observable
stock price changes. The methodological innovation of this study is in feature engineering,
constructing domain-specific variables (e.g. stock momentum, stock volatility, news
categories, tweets’ sentiment, ...), application design, and multi-layer investigation of
Australian lithium-related companies stock market. The machine learning models used in this
thesis served the analytical purpose effectively, enabling the identification of key influencing
features across heterogeneous data sources. These findings contribute toward the broader
objective of providing actionable insights to inform future research and support the decision-

making processes of stakeholders, investors, financial analysts, and policymakers.

5.3.1 Model Selection Rationale

XGBoost model was selected for investigating the effects of traditional news data (news
articles) and tweets interactions and sentiment on the stock price of lithium-related companies

because of the flowing reasons:

e Small and Medium Sized Structured Tabular Dataset
As the stock price data and the input datasets are structured and tabular, I needed to use a
method that can handle these datasets very well. XGBoost performs well in handling structured
and tabular datasets and identifies the relationship between the news article categories and
tweets interactions and sentiment and stock price. Since tweets interactions (likes, comments,
shares), and sentiment scores are numeric and structured, and news categories transformed to
numeric data, XGBoost performs well in learning from this type of features and analyse this
data. It also works very well with small to medium size datasets. Deep learning models such
as neural networks need large datasets and longer training time, and they might not perform

very well with small datasets.

e Nonlinear Relationships in data
Stock prices are affected by nonlinear combinations of tweets sentiments and interactions, also
by news articles categories. XGBoost performs well in identifying non-linear relationships
between news articles categories features, tweets interactions (features like likes, comments,

shares), and sentiment score and stock price. XGBoost uses decision trees to model the
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complex interactions, while linear models such as Linear Regression or SVM with linear

kernels assume and linear relationships in dataset.

e Feature Importance
XGBoost provides feature importance scores which show the influence of different features
(historical news categories, tweets interactions, tweets sentiment) on the stock price data. This
helps the interpretability and analysis of the results and aligns with purpose of this study which

is investigation (and not prediction) of the effects of various data sources on stock price.

e Handling Missing or Noisy Data
Social media data and traditional news data can be incomplete as some companies don’t share
posts regularly or don’t share news about themselves often. To analyse this kind of data, the
machine learning model needs to be less sensitive to missing and noisy data. XGBoost handles

incomplete data very well compared to basic decision trees and deep learning models.

e Performance and Interpretability

SVM in powerful tool for classification but not great in interpretability in regression so it is not
a great option in this use case. Linear regression has limited ability in capturing complex
relationships in data and it assumes linear relationships, while the relationships in this study’s
data in not always linear.

Random Forest is usually slower and need more processing power, also not easy to tune
compared to XGBoost. Deep learning models including Neural Network models require large
datasets. Compared to above models, XGBoost offers a trade-off in performance,

interpretability and finding the complex non-linear relationships between data.

5.4 Key Insights and Implications
The triangulated findings from RQ1-RQ3 yield several meaningful implications:

e Momentum and volatility remain key technical indicators, supporting their continued

use in predictive models.

o Investor reactions are contingent on the nature and perceived credibility of information

sources, with firm size influencing which types of disclosures matter most.
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o Engagement-based social media metrics outperform sentiment polarity in predictive
strength—suggesting a behavioural shift in how market participants process digital

signals.

o Explainable models with clear feature importance are essential for gaining stakeholder

trust, particularly in ESG-aligned and compliance-sensitive sectors.

These insights are not only academically valuable but also operationally significant for those
building intelligent investment systems and communication strategies in resource-intensive

industries.

One key insight is the disproportionate impact of public meeting and presentation
announcements on the stock prices of large-cap companies. This suggests that institutional
investors and media outlets are more likely to respond to corporate communications from firms
with established market reputations. As such, large firms may need to strategically manage
their investor relations activities to shape market expectations. Conversely, smaller firms may

benefit more from operational or technical disclosures that demonstrate growth potential.

5.5 Limitations

While this research offers significant insights, it is not without limitations:

o The social media dataset (company tweets) was limited by varying levels of corporate

activity; some companies rarely post, affecting consistency and breadth.

o VADER, while effective, may not fully capture financial nuances or sarcasm present in

corporate communications.

o Allmodels were trained and tested retrospectively. Real-time deployment would further

validate their utility and performance.

o The study is geographically focused on Australia; extrapolation to global markets

requires further testing and regional calibration.

5.6 Future Research Directions

To expand on the current work, future research may consider:

o Leveraging transformer-based NLP models (e.g., FinBERT, RoBERTa) for higher-

fidelity sentiment and contextual analysis.
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e Incorporating public sentiment from forums (e.g., Reddit, StockTwits) and

macroeconomic indicators (e.g., lithium futures, interest rates).

o Exploring causal inference and reinforcement learning approaches for adaptive

financial modelling.

o Developing interactive, real-time dashboards for portfolio managers, integrating digital

sentiment and traditional price signals.

e Applying the same multi-source framework to other ESG-aligned commodities,

including cobalt, hydrogen, and rare earth metals.

Future research could explore how the nature of different industries such as those involving
Nickel and Cobalt, which are also essential for battery production modulates the influence of
news and social sentiment on stock prices. Examining sector-specific characteristics may
reveal how regulatory frameworks, public awareness, and investor behaviour uniquely shape

market reactions in various clean energy segments.
Conclusion

This research demonstrates that a multi-source, machine learning—driven approach can
significantly improve the accuracy, transparency, and relevance of stock price prediction
models particularly in fast-evolving, sustainability-critical sectors such as lithium. By
integrating historical price data, corporate disclosures, and real-time digital sentiment, the
study builds a comprehensive model for understanding investor behaviour and market

dynamics.

The findings show that the traditional news data and social media data have impact on the stock
prices of lithium-related companies in Australia. Different news categories have different
impacts on the stock prices of the companies in small, medium and large categories. Tweets

sentiments also have impact on the stock market of lithium-related companies studied.

The findings contribute meaningful theoretical advancements, practical tools, and
methodological blueprints that bridge the gap between artificial intelligence, financial
modelling, and sustainable investment. In doing so, this thesis lays the foundation for future
interdisciplinary research that supports informed, responsible, and adaptive decision-making

in financial markets and beyond.
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on 9514 9772 if you cannot find an external investigator through the system.
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Senior Lecturer.
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delivers keynote addresses at major conferences.
Primary AOU*

FEIT.School of Computer Science

Managing Unit

Faculty of Engineering & Information Technology
Please save and continue to the next page
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PhD

Have you been successful in your doctoral/masters assessment? *
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in the attachments section.

Students, please read carefully: Once you have completed this application and followed the

submission instructions, your application will go to your supervisor for review.

Once your supervisor has reviewed and endorsed your application it will come to the Ethics
Secretariat for a pre-review. This pre-review process helps ensure that your application is
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For further information and help in completing your application go to our website
Have you received funding in relation to this research?*

Yes

No

Do you intend to apply for funding in the future?*

Yes

No

Please save and continue to the next page

Disclosure of Interests
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We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

Do any members of the research team (including persons not listed in this application), have

any financial or non-financial interests related to this research?*
Yes

No

Please save and continue to the next page

Section 5: Methodology

Description

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

The purpose of this section is to place your research in context for the HREC and demonstrate
your ability to conduct the research. The HREC may only approve research which is
methodologically sound. Remember to use simple language that can be understood by people

from a variety of backgrounds. Avoid jargon and acronyms.

What are the hypotheses/goals/aims/objectives of your research? Please include a brief

description using plain English explaining your research aims (approximately 100 words)
(4000 character limit)*

Providing Insights that support stakeholders of lithium-ion batteries related companies in their

informed decision making.
Investigating the impacts of various factors on the lithium-related stock market in Australia.
Conducting an empirical and evidence-based study on forecasting lithium-related stock market.

Scattered data from various sources such as historical stock price data, traditional news data
and data from social media will be investigated. This study will help stakeholders,
policymakers, and investors of lithium-related stock market in Australia make informed

decisions with societal benefits.
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Note: Clinical Trials, Recruitment of Participants and Data Collection are dealt with later in

the application so you do not need to describe them in detail below

Please provide a brief description of the research design including research questions and
proposed methods for conducting the research (approximately 250 words) (4000 character
limit)*

Research Questions:

RQ1: What is the trend of lithium-ion batteries related stock market in Australia?

RQ2: How and to what extent do traditional news data impact the trend of lithium-ion batteries
related stock market in Australia? RQ3: How and to what extent do social media data impact

the trend of lithium-ion batteries related stock market in Australia?
Research methodology:

As stock market is naturally volatile, it is very difficult to predict stock trends by using
traditional statistical and regression methods and time series approaches, so new methodologies
and more complicated algorithms need to be used. One of the popular machine learning
techniques used by researchers to predict the stock trends is Support Vector Machine (SVM).
After feature extraction and pre-processing, we obtain a dataset containing the several
indicators as features and price as label. Then, we randomly split the dataset into training and
test sets. Using the training set, we train our empirical models and forecast the test set. In this
study, we used two empirical models of OLS regression and XGBoost decision tree. OLS
stands for ordinary linear regression model and is one of the traditional statistical methods and
XGBoost means extreme gradient boosting and is one of best-performing machine learning
algorithms. It forms many decision trees to forecast but then integrates many weak trees to

form a stronger tree.

Moreover, for more detailed analysis and estimation, we assigned companies into three
categories, based on the capital market. Companies with capital market less than two billion
dollars (According to ASX) are labelled as small cap, companies with their capital market
between two and five billion dollars are labelled as medium cap, and companies with capital
market above five billion dollars are categorised as large cap. We ran our linear regression and
XGBoost models for all three categories separately and compared the results. The following

Table shows the details of the news categories.
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What do you hope the outcome(s) of this research will be? (4000 character limit)*

This study adds to the growing body of research that aims to leverage machine learning to
improve investment strategies and support informed decision-making in financial markets. This
study provides insights into how these techniques can be applied to other markets and assets.
Ultimately, continued research in this area will help investors, stakeholders, and company

managers make more informed decisions and achieve better investment outcomes.
Who do you think will benefit from this research? (4000 character limit)*

Investors, stakeholders, and company managers and policymakers of lithium-related stock

market in Australia.

Please provide a brief description of the significance of your research (approximately 100

words)
(4000 character limit)*

This study will help stakeholders, policymakers, and investors of lithium-related stock market

in Australia make informed decisions with societal benefits.
Please save and continue to the next page
Literature review & references

We recommend you save your application regularly while editing. You can save your

application at any time by clicking on the save button.
For further information and help in completing your application go to our website
Please give a brief literature review. The aim is to explain how your research fits

into the context of other research in the area (REF NS 1.1(c)) (4000 character limit with spaces)

Please note that you cannot paste links into the online form

%

Climate change and deterioration of our natural environment are critical problems. Studies have
shown that the use of energy sources with less carbon emission plays an important role in
environmental sustainability and protection. On the other hand, electrical devices (e.g., mobiles
and laptops) that use lithium batteries as their energy source are widely used in everyday life.

The demand for producing lithium batteries that are environmentally friendly has increased.
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Therefore, providing insights that support lithium market stakeholders in making informed
decision is vital. The Industrial Revolution led to a surge in greenhouse gas (GHG) emissions,
which have become a global concern since the latter half of the 20th century. This has
contributed to the urgent need for GHG reduction as the world moves towards a cleaner and
more sustainable energy future. Identifying trends in the market for renewable energy materials

and technologies is crucial to achieving this goal.

Lithium-ion batteries are a critical technology for a cleaner energy future as they provide a
sustainable means of storing electrical energy from renewable sources like wind and solar
power. They also have a lower environmental impact compared to traditional fossil fuels, with
longer lifespans, less maintenance, and fewer greenhouse gas emissions during their lifecycle
(Zubi et al. 2018). Additionally, recycling, and reusing lithium-ion batteries can further reduce

their environmental impact.

Identifying trends in the market for lithium-ion batteries is significant for investors to make
informed decisions on where to allocate their resources. By analyzing price changes, investors
can identify which lithium-ion battery technologies are likely to experience growth in the
coming years, allowing them to allocate resources more effectively. It can also help
policymakers and industry leaders make more informed decisions about where to invest in

research and development.

Leveraging data analytics and machine learning algorithms is a promising approach to
identifying patterns in lithium-ion battery prices, facilitating informed decision-making and
accelerating the transition towards sustainable energy. Applying machine learning techniques
in predicting stock prices in financial markets is advantageous compared to traditional methods
because it can handle vast amounts of complex data and adapt to changing market conditions
in real-time (Gururaj et al. 2019), Machine learning algorithms can identify non-linear patterns
and correlations in large datasets, providing accurate and reliable predictions that improve over

time (Yun et al. 2021).

This study will harness the power of Al to provide evidence and insight for the trend of lithium
related stock market in Australia. In addition, it will investigate the impact of various factors
that might potentially impact the trend. This study has practical contribution and will support

different stakeholders of lithium related stock market in making data-driven decisions.

Please list the references only used in the literature review and cited in your application
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NOTE: Do not include references you have not used in this application (4000 character limit)

*

Gururaj, V., Shriya V.R., Ashwini K., 2019. “Stock Market Prediction using Linear Regression
and Support Vector Machines,” International Journal of Applied Engineering Research ISSN
0973-4562, Volume 14, pp. 1931-1934.

Yun, K. K, Yoon, S. W., Won, D., 2021. “Prediction of stock price direction using a hybrid GA-
XGBoost algorithm with a three-stage feature engineering process,” Expert Systems with

Applications, Volume 186, p.115716.

Zubi, G., Dufo-Lopez, R., Carvalho, M., Pasaoglu, G., 2018. “The lithium-ion battery: State of
the art and future perspectives,” Renewable and Sustainable Energy Reviews, Volume 89, pp.

292-308.
Please save and continue to the next page
Methods and methodologies

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

In order to consider your research, the HREC will need to know what it will involve for your

participants (REF NS 3.1)

What kinds of methods and methodologies will you use in your research? (More than one box

may be checked)*
Quantitative
Qualitative

Does your research involve collection and/or use of secondary data? (e.g. existing / routinely

collected data etc.)*
Yes
No

Please save and continue to the next page
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Qualitative

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website
What qualitative methodology and methods will be using in this research?
Section 1: Qualitative methodology*
Auto-ethnography

Historical research

Action research

Narrative enquiry

Biographical research

Case study

Phenomenology

Indigenous research paradigm
Discourse analysis Grounded theory
Other *(Please describe below)
Please describe other methodologies™
Interview with experts

Section 2: Qualitative methods*
Participants observation

Covert observation

On-line research

Psychological testing/assessment
Verbal protocol

Journaling
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Artifact analysis
Document/Policy analysis
Access to records

Audio/video recording

Life story or oral history

Focus groups

Structured interviews
Semi-structured interviews
Unstructured interviews

Other * (Please describe below)

Please describe how interviews will be conducted, including how many participants will be
involved (from each participant group if there is more than one group/cohort), the amount of
time required of participants for this, whether it will be recorded, and any other information

applicable (4000 character limit)*

We will conduct interviews until saturation point of data
Please save and continue to the next page

Section 6: Research participants/subjects part 1
Participant involvement

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

What time commitment will the research involve for your participants?
NOTE: This information must be included in any information to participants
(4000 character limit)*

We will interviews for about 45 minutes.

In what location will the research/data collection take place?
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NOTE: This information must be included in any information to participants (4000 character

limit)*
Online
What travel, if any, does the research involve for your participants?

NOTE: This information must be included in any information to participants (4000 character

limit)*
NA
Please include any additional information relating to participants that you think relevant

NOTE: This information must be included in any information to participants (4000 character
limit)*
NA

Describe and justify any benefit, payment or compensation the participants will receive. For
research being conducted with Aboriginal and Torres Strait Islander People, the described
benefits from research should have been discussed with and agreed to by the Aboriginal or
Torres Strait Islander research stakeholders. (REF NS 2.1) and 4.7.8 & 4.7.9) (4000 character
limit)*

NA

Please save and continue to the next page

Recruitment of participants

We recommend you save your application regularly while editing. You can save your

application at any time by clicking on the save button.
For further information and help in completing your application go to our website

In line with the National Statement, the definition of participants includes not only those
humans who are the primary focus of the research but also those who will be affected by the

research.

The HREC regards the principle of respect for persons as of paramount importance. (REF NS
1.1(d), 1.6-1.9, 1.10, 2.1).
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How will you initially select and contact your participants? More than one box may be checked,

if appropriate*

Advertisement/flyer

E-mail

Telephone

Internet

Organisation

Personal contact

Letter

Other contact method to be used

Outline how you will obtain participants' contact details*
Through organizational website and my professional network and my supervision team
Please describe your recruitment plan/strategy*

I will approach participants (experts) via email and after achieving the consent based on their

preference I will conduct online interviews.

How many participants do you intend to recruit? (If you are intending to recruit different groups
of participants, please answer all relevant questions for each group, e.g. control group, test

group, etc) (4000 character limit)*
12-25

Explain how and why you have chosen this number. If the research is quantitative, explain the
power calculations; if the research is qualitative, explain why the proposed number is likely to

result in adequate data based on evidence/literature. For guidance, check our Fact Sheets.*

Based on Erfani et al 2015, we will reach to saturation point of data by conducting interview

with 12-25 experts
Describe your inclusion and exclusion criteria for participants*

Inclusion criteria: Expertise in Machine Learning and analysis of structured and semi-

structured data
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Please save and continue to the next page
Consent

We recommend you save your application regularly while editing. You can save your

application at any time by clicking on the save button.

For further information and help in completing your application go to our website
Will you be obtaining written consent?*

Yes

No

Please provide sample documents in attachments list at the end of the application form

Please use the following HREC templates when creating an information sheet and consent

form: HREC templates

Do you believe there will be any special issues relating to consent in your research? (REF NS

1.13,2.2, 2.3, Chapter 4)*

Yes

No

Are the participants able to consent fully? (REF NS Chapter 2, 4.4, 4.5)*
Yes

No

Please save and continue to the next page

Limited disclosure

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

Does this research involve limited disclosure to participants? (REF NS 2.3)*
Yes

No
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Please save and continue to the next page
Ethical considerations specific to participants

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

Indicate if your research will involve the following populations (as per the National Statement)

other than as incidental participants

(i.e. they are not included in the design of the project but may be participants) (REF NS Chapter
4)

*
Women who are pregnant and the human foetus

Children and young people

People in dependent or unequal relationships

People highly dependent upon medical care who may be unable to give consent
People with a cognitive impairment, an intellectual disability or a mental illness
People who may be involved in illegal activities

People who are incarcerated

Aboriginal and Torres Strait Islander Peoples

People in other countries

None of the above

If your research is being conducted in Australia, does it involve Culturally and Linguistically

Diverse (CALD) People (other than incidentally)?*

Yes

No

Does your research involve Defence or the Department of Veteran Affairs in any way?*
Yes
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No

Please save and continue to the next page
Section 7: Research participants/subjects part 2
Risk/harm

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

Risk or harm could be described as damage or hurt to the wellbeing, interests or welfare of an
individual, institution or group. Harm could range from physical hurt or damage such as illness
or injury, to psychological or emotional hurt or damage, such as embarrassment or distress.
Please note that as a researcher, you are not necessarily immune from risk yourself and should

give careful consideration to this question (REF NS 2.1).
NOTE:

It is really important that you carefully consider all potential risks that could occur, even if they

seem negligible.
Please do not provide one-word answers to any of the questions below.

Describe, as best as you can, any possible risks to research participants, subjects and related

groups

NOTE: This information must be included in any information to participants (4000 character
limit)*
Interviews will be conducted online in a secure environment

How would you categorise the magnitude of potential risk? (e.g. inconvenience, discomfort,

harmful, painful)
Explain why you believe this is so (4000 character limit)*

The questions posed to participants revolve around their experience with machine learning
algorithms. The estimated risk primarily pertains to inconvenience due to the time participants

spend providing responses to these questions.
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How would you categorise the likelihood of risk? (i.e. slight, possible, likely, probable,

unavoidable)
Explain why you believe this is so (4000 characters)*

For experts with machine learning expertise, the risk is relatively low since the questions do
not require them to reflect on issues that they would not have otherwise thought about.
However, there is still a potential inconvenience related to the time commitment required to
provide thoughtful and accurate responses. Participants may need to allocate additional time,

which could interfere with their regular schedules and other commitments.
What strategies will you use to minimise and/or manage the risks? (4000 character limit)*

To mitigate the inconvenience related to time commitment, researchers can employ several
strategies. Firstly, pre-screening participants based on their areas of expertise allows for
tailored questionnaires, focusing on relevant topics and avoiding unrelated questions. This
customization minimizes the time required for responses. Secondly, clear communication
regarding the estimated time commitment before participation helps participants plan and
prepare accordingly. Lastly, providing flexible response options, like allowing participants to
answer the question later, accommodates their schedules and reduces the pressure of rushing

through the task.

Discuss likely or possible risk to researchers (including yourself), and your strategies for

minimising such risks (4000 character limit)*

There are no foreseen risks to researchers in this project. All data collection will be conducted
remotely, eliminating the need for researchers to travel to alternate locations such as participant

homes or places of employment. Consequently, the risk to researchers is considered negligible.
Please save and continue to the next page
Pre-existing relationships

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

Are there likely to be any pre-existing relationships with research participants? (e.g.

employer/employee, colleague, friend, relation, student/teacher, etc) (REF NS 4.3)*
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Yes

No

Will you be recruiting UTS staff and/or students as research participants?*
Yes

No

Please save and continue to the next page

External organisations

We recommend you save your application regularly while editing. You can save your

application at any time by clicking on the save button.

For further information and help in completing your application go to our website
Indicate if your research will involve any of the following:*

Institution

Organisation

Community Group

None of the above

Please save and continue to the next page

Section 8: Data

Data collection & use

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website
Does your research involve access to student records at this University?*
Yes

No
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Provide an analysis plan outlining how the aims/objectives will be met, the statistical methods

to be used, and who will be carrying out the analysis. *

I will extract the stock market data of lithium-related companies in Australia and will utilize
machine learning to investigate the impacts of historical stock data, traditional data and social

media data on trend of stock market in Australia.

Describe any foreseeable future use of this data; such as sharing with other researchers,
secondary use for related research, publishing for unrelated research and non-research purposes
and any other possible uses. Please note this information must be included in the participant

information sheet.*

NA

Do you have a research data management plan?*
Yes

No

Please save and continue to the next page
Section 9: Additional information

Other ethical issues

We recommend you save your application regularly while editing. You can save your
application at any time by clicking on the save button. For further information and help in

completing your application go to our website

If there are any additional ethical issues which you do not believe have been covered by this

form, please explain them for the HREC: (4000 character limit)*

NA

Please save and continue to the next page

Section 10: Attachments

Attachments

We recommend you save your application regularly while editing. You can save your

application at any time by clicking on the save button.
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For further information and help in completing your application go to our website
I have attached the following supporting documents
Doctoral or Masters assessment (i.e. panel's report)*
Yes

N/A

Sample research advertisement/announcement

Yes

N/A

Participant Information Sheet(s)*

Yes

No

Informed consent form(s)*

Yes

N/A

Explanations of any technical terms used *

Yes

N/A

Research data management plan (RDMP)*

Yes

No

Standard Operating Procedures

N.B. May include a distress or disclosure protocol [see UTS HREC Disclosure Guidelines
under University policies and guidelines], Faculty of Health - Low Risk protocol; procedures
for participant screening, physiological, or biological sampling and/or laboratory or safety

procedures where relevant.
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Yes
No

Please explain why any of the above items have not been attached (either softcopy/hardcopy)

and when they will be provided (4000 character limit)*
Those items are not applicable
Documents attached to this application:
How to attach documents
1. Click on 'Add'
Ensure the fields are as follows:
Document type- soft copy
Name: Include the document name and version number Description: This field is optional

2. You can then either select the file you want to upload OR drag and drop it where it says

'Drop file here'
3. Click on 'OK'

Note: Please use the following HREC templates when creating an information sheet, consent
form, verbal script, etc.: HREC templates. All submitted documents should be titled, and have

have version control included in the footer.*
1 Document type Soft copy
Name CAl Form AhmadKianrad
Reference (Document Title) CA1 Form AhmadKianrad.pdf
Description  CA1 Form Ahmad Kianrad
2 Document type Soft copy
Name DataManagementPlan Stash AhmadKianrad

Reference (Document Title) DataManagementPlan Stash AhmadKianrad.pdf
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Description  DataManagementPlan AhmadKianrad
3 Document type Soft copy

Name HREC-Template Participant information sheet-consent form - 07 Oct

2022(3) AhmadKianrad

Reference (Document Title) HREC-Template Participant information sheet-consent

form - 07 Oct 2022(3) AhmadKianrad.docx
Description
Reminder to student applicants:

1. Please note that once your application is submitted it will go directly to your supervisor

and not to the Committee.

2. We strongly recommend notifying your supervisor that you have submitted your

application in case of any technical issues, to avoid potential delays in the review process.

3. Once your supervisor endorses your application it will go to your Local Research Office

for endorsement before coming to the Ethics Secretariat for review.

4, Your electronic application must be endorsed by your supervisor by the Local Research

Office (LRO) submission deadline.

5. Please also ensure that the Primary AOU listed at the end of the Investigators page is
updated to your supervisor's AOU. This will show in the table under 'Internal personnel listed
below', once you add them. If you need any assistance with this please contact
Research.Ethics@uts.edu.au or call 9514 9772. Please note that this is particularly important if
you have a dual role as a staff/student as your application could go to the wrong faculty for

review through the automated process.
Declaration
Declaration

I have answered all questions in the risk assessment truly and completely to the best of my

knowledge

I will notify the UTS Human Research Ethics Committee of any variation to this research that

may alter the level of risk associated with it

137



This research will be undertaken in compliance with the UTS Research Policy or any

replacement or amendment thereof

This research will be undertaken in compliance with the Australian Code for the Responsible

Conduct of Research and National Statement on Ethical Conduct in Human Research
Please click on the "Submit" button in the Actions menu.

Confirmation

Confirmation by Local Research Office Low Risk

Application type*

Research (student project)

Internal personnel listed on this ethics protocol*

1 Primary No
ID
Surname Kianrad

Given Name Ahmad
Full Name  Mr Ahmad Kianrad
Position Chief Investigator
Type Domestic
AOU FEIT.School of Computer Science
Managing Unit Faculty of Engineering & Information Technology
Email Address Ahmad.Kianrad@student.uts.edu.au
Work Number
2 Primary
ID
Surname Gandomi

Given Name Amir H
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Full Name  Prof Amir H Gandomi

Position Chief Investigator

Type Internal

AOU FEIT.The Data Science Institute

Managing Unit Faculty of Engineering & Information Technology

Email Address Amirhossein.Gandomi@uts.edu.au

Work Number 5081
Primary Yes
ID

Surname Erfani

Given Name FEila

Full Name  Dr Eila Erfani

Position Chief Investigator

Type Honorary

AOU FEIT.School of Computer Science

Managing Unit Faculty of Engineering & Information Technology
Email Address Eila.Erfani@uts.edu.au

Work Number 1098

External personnel listed on this ethics protocol*

1

Primary

ID

Surname Hasani
Given Name Karim

Full Name Dr Karim Kaveh Hasani
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Position Chief Investigator
Type External
AOU
Managing Unit
Email Address
Work Number
2 Primary
ID
Surname Razmjou Chaharmahali
Given Name Amir
Full Name  Dr Amir Razmjou Chaharmahali
Position Chief Investigator
Type External
AOU
Managing Unit
Email Address @uts.edu.au
Work Number
Confirmed by:*
James Tan
Faculty reference number if applicable (e.g. faculty TRIM number, otherwise write "N/A")
n/a
Please select "Local Research Office review" from the dropdown list.*
FEIT research manager

Date of review*
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01/08/2023
The Local Research Office has certified that:

This application has been deemed low risk by the Faculty/School/Centre in accordance with

the National Statement on Ethical Conduct in Human Research (Chapter 2.1).

All information in this application and supporting documentation is correct and as complete as

possible.

This research will be undertaken in compliance with the UTS Research Ethics and Integrity

Policy or any replacement or amendment

This research will be undertaken in compliance with the Australian Code for the Responsible

Conduct of Research and National Statement on Ethical Conduct in Human Research.
Yes

No

Confirmation by ADR

Application type

Human

Internal personnel listed on this ethics protocol

1 Primary No
ID
Surname Kianrad

Given Name Ahmad

Full Name  Mr Ahmad Kianrad
Position Chief Investigator

Type Domestic

AOU FEIT.School of Computer Science

Managing Unit Faculty of Engineering & Information Technology
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Email Address Ahmad.Kianrad@student.uts.edu.au
Work Number

Primary

ID

Surname Gandomi

Given Name Amir H

Full Name  Prof Amir H Gandomi

Position Chief Investigator

Type Internal

AOU FEIT.The Data Science Institute

Managing Unit Faculty of Engineering & Information Technology

Email Address Amirhossein.Gandomi@uts.edu.au

Work Number 5081
Primary Yes
ID

Surname Erfani

Given Name FEila

Full Name  Associate Professor Eila Erfani

Position Chief Investigator

Type Honorary

AOU FEIT.School of Computer Science

Managing Unit Faculty of Engineering & Information Technology
Email Address Eila.Erfani@uts.edu.au

Work Number 1098
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External personnel listed on this ethics protocol
1 Primary
ID
Surname Hasani
Given Name Karim
Full Name  Dr Karim Kaveh Hasani
Position Chief Investigator
Type External
AOU
Managing Unit
Email Address
Work Number
2 Primary
ID
Surname Razmjou Chaharmahali
Given Name Amir
Full Name  Dr Amir Razmjou Chaharmahali
Position Chief Investigator
Type External
AOU
Managing Unit
Email Address @uts.edu.au
Work Number

Faculty reference number if applicable (e.g. faculty TRIM number)
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n/a
Declaration:
I am aware that this research is being conducted within this Faculty/School/Centre.

I am satisfied that the researchers have met all Faculty/School/Centre requirements in relation

to this research

I am satisfied that this research has been deemed low risk by the Faculty/School/Centre in

accordance with the National Statement on Ethical Conduct in Human Research
(Chapter 2.1).

This research will be undertaken in compliance with the UTS Research Ethics and Integrity

Policy or any replacement or amendment thereof.

This research will be undertaken in compliance with the Australian Code for the Responsible

Conduct of Research and National Statement on Ethical Conduct in Human Research.
Yes

No

Date Approved/Endorsement™

20/08/2023

Comments

This question is not answered.
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