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ABSTRACT 

 

Investor sentiment, alongside historical price movements and macroeconomic signals, 

plays a significant role in influencing financial markets. However, the effect of news 

sentiment on stock prices is often delayed rather than instantaneous, and conventional 

binary sentiment representations are insufficient to capture these dynamic and lagged 

relationships for short-term forecasting. Furthermore, the effectiveness of sentiment 

extraction may vary depending on the underlying language model used. This project 

aims to develop a sentiment-based stock forecasting system that predicts next-day stock 

prices using financial news data. News articles are collected from multiple sources, 

including The Star, Free Malaysia Today, i3Investor and Yahoo Finance, and 

transformed into sentiment scores using different GPT models. These sentiment signals 

are aligned with stock closing prices to support short-term forecasting for Malaysian 

banking stocks, specifically Maybank and Public Bank. A comparative analysis of 

sentiment representations generated by GPT-5, GPT-5-mini, and GPT-5-nano is 

conducted to evaluate their effectiveness in capturing meaningful market signals. 

Subsequently, the integrated sentiment and stock data are incorporated into a prediction 

framework based on the Autoregressive Distributed Lag (ARDL) model, which 

captures both historical price dependencies and lagged sentiment effects. The model 

predicts next-day closing prices using current price and sentiment information, with 

optimal lag structures selected automatically based on model performance. Model 

evaluation is conducted using RMSE, MAE, and AIC. Last but not least, to enhance 

usability and interpretability, a web-based user interface is developed, enabling users 

to configure parameters such as bank selection, GPT model, and news source, perform 

predictions, visualize forecasting results, compare model performance, and analyse 

sentiment effects. The results demonstrate that the ARDL model achieves strong short-

term forecasting performance, with RMSE values of approximately 0.13 and predicted 

prices closely tracking actual trends. For Maybank, the selected ARDL(1,3) model 

incorporates sentiment lags; however, lag removal experiments and Error Correction 

Model (ECM) analysis indicate that the 3-day sentiment lag is not statistically 

significant and can be excluded. In contrast, for Public Bank, the selected ARDL(1,0) 

model excludes sentiment entirely, suggesting limited predictive contribution of 
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sentiment in this case. Further analysis shows that larger models such as GPT-5 

generate more variable and informative sentiment scores, leading to richer lag 

structures, whereas smaller models such as GPT-5-nano produce more unstable but less 

informative sentiment, resulting in simpler models and less consistent lag selection. 

Overall, the project presents a complete end-to-end stock prediction system that 

integrates data collection, sentiment extraction, modelling, and user interaction, 

demonstrating the practical applicability of sentiment-aware forecasting in financial 

analysis. 

 

 

Area of Study (Minimum 1 and Maximum 2): NLP stock analysis 

Keywords (Minimum 5 and Maximum 10): Sentiment Analysis, NLP, ARDL 

Regression, Short-Term Trend, Stock Price Direction  
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CHAPTER 1 

 

Introduction 

Stock prices are influenced not only by earnings reports, interest rates, or GDP 

data, but also by investor sentiment, as widely documented in prior studies [1] and [2].In 

this digital age, a vast number of investor sentiment is shared through financial news, 

analyst opinions, and discussions on social media platforms such as Twitter, Reddit, 

and financial blogs. This view is further supported by studies on social media sentiment 

and financial markets [3]. 

Although traditional stock forecasting models have performed well using 

historical and technical indicators, they fall short when it comes to real-time analysis. 

This is because traditional models are not designed to process unstructured textual data 

or to understand the nuances of human language. This is the reason that why integration 

of sentiment analysis into forecasting frameworks is significant. It is enhancing 

predictive accuracy, particularly for short-term stock trend. 

The use of advanced NLP techniques provides an opportunity to overcome the 

shortcomings of earlier sentiment analysis methods, as discussed in [4]. Tools like 

ChatGPT, has demonstrate the ability to interpret complex textual data with high 

accuracy. This project is utilizing ChatGPT to classify and quantify sentiment from 

financial news and combining these sentiments with historical stock data. This project 

proposes the application of the ARDL regression model to capture both short-run and 

long-run relationships between sentiment and stock price trends due to the ability to 

model delayed sentiment effects, capturing how sentiment from previous days may 

continue to influence stock behavior. 

 

1.1  Problem Statement and Motivation 

Even though the usability of financial news and public comment is increasing, many 

traditional predictive models still ignoring this useful source. Sentiment analysis in the 

financial domain remains a challenging task due to several reasons: 
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i. Ambiguity and Sarcasm: Financial news and commentary often use nuanced language. 

Sarcastic remarks or ambiguous statements can be misclassified by simple sentiment 

tools. 

ii. Context-Specific Vocabulary: Financial jargon and context-dependent meanings (e.g., 

“beat estimates” vs. “missed expectations”) can lead to inaccurate sentiment labeling. 

iii. Simplistic Classification: Some models reduce sentiment into binary (positive/negative) 

categories, overlooking the spectrum of emotions and market responses. 

iv. Lack of Integration with Time-Series Models: Even when sentiment is correctly 

extracted, few systems adequately integrate this data with models like ARDL that can 

measure both immediate and delayed effects on stock prices. 

v. Variability Across News Sources: Financial news is collected from multiple platforms, 

each with different writing styles, credibility levels, and reporting focus. These 

differences may lead to variations in sentiment interpretation. 

This project addresses this gap by employing ChatGPT for more nuanced sentiment 

extraction and integrating this data into an ARDL model to predict short-term 

movements in stock prices. 

 

1.2  Research Objectives 

1.2.1  To perform sentiment analysis on financial news data. 

News will be collected from a variety of financial news platforms, such as Yahoo 

Finance, The Star, Free Malaysia Today, i3Investor, etc., to analyze how sentiments 

from different sources influence stock market movements. Perform sentiment analysis 

using the GPT-5 models, specifically the GPT-5 variant developed by OpenAI, to 

classify news into 1(strongly positive) to -1(strongly negative). This analysis aims to 

evaluate the emotional tone of financial news from different sources and provide 

reliable sentiment insights for future applications. 

1.2.2  To implement ARDL regression for predicting stock trends. 

Apply the Autoregressive Distributed Lag (ARDL) model to quantify the relationship 

between news sentiment and stock data changes, and forecast short-term stock trends 

based on the sentiment analysis results. This method allows for analyzing both short-

term dynamics and long-term equilibrium between variables. The goal is to enhance the 
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accuracy of stock trend forecasts by incorporating the temporal effects of news 

sentiment on stock performance. 

1.2.3  To evaluate the performance of different GPT models on stock prediction. 

Different GPT models (GPT-5, GPT-5-mini, and GPT-5-nano) will be used to generate 

sentiment scores, which are then incorporated into the ARDL model. The performance 

of these models will be evaluated by comparing forecasting accuracy metrics such as 

RMSE, MAE, and AIC. The objective is to analyze how variations in sentiment 

generation affect model performance, lag selection, and overall prediction accuracy. 

1.2.4  To develop web-based UI for stock prediction based on news. 

A web-based user interface will be developed using Streamlit to provide an interactive 

platform for users to explore forecasting results. The interface allows users to select 

different banks, GPT models, and news sources, and visualize outputs such as stock 

price trends, sentiment trends, and ARDL forecasting results. 

The objective is to improve the accessibility and interpretability of the system by 

presenting complex analytical outputs in a user-friendly and interactive format. 

 

1.3  Project Scope and Direction  

This project aims to develop a sentiment forecasting system that predicts short-

term stock market trends by integrating automated data collection, natural language 

processing, and time series regression (ARDL regression). The process begins with the 

development of a custom program to automatically collect real-time and historical stock 

data along with related financial news from online sources such as financial news 

platforms. This automated data pipeline ensures that the analysis is based on timely and 

relevant information. 

The next phase is going to apply sentiment analysis to the collected news 

content using ChatGPT, which is capable of understanding and interpreting financial 

text. ChatGPT will classify the sentiment of each news into three categories based on 

its content, whether positive, negative, or neutral. These sentiment scores will be time-

stamped and synchronized with the stock data which have the same time-stamp to create 

a structured dataset for further analysis. 
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Finally, the project will apply the Autoregressive Distributed Lag (ARDL) 

regression model to analyze the time relationship between sentiment scores and stock 

price movements. The ARDL model is selected because it is able to capture both short-

term dynamics and long-term trends, making it well-suited for forecasting in financial 

time series. The system aims to provide a robust and interpretable prediction of stock 

trends by modeling how past and current sentiment influences market behavior. This 

project will initially focus on a selected set of stocks or indices, offering a practical 

demonstration of how advanced NLP and econometric techniques can be combined for 

financial forecasting. 

 

1.4 Contributions 

This project makes several meaningful contributions to the financial forecasting domain 

and NLP application: 

i. Advanced Sentiment Analysis in Finance: It reveals the application of ChatGPT for 

performing sentiment analysis specifically in the financial domain. Different GPT 

model has different capable of understanding nuanced financial language and 

delivering sentiment insight. 

ii. Integrated Framework for Forecasting: The project introduces the integration of 

sentiment analysis with the ARDL regression model, allowing for a comprehensive 

examination between sentiment and stock price movements. 

iii. News Source Impact Analysis on Stock Prediction: This study investigates how 

sentiment derived from different financial news sources influences stock prediction 

performance. The analysis highlights that variations in news content and reporting style 

can affect sentiment signals and model outcomes. 

iv. Web-based user interface development: A web-based system is developed to 

visualize stock prices, sentiment trends, forecasting results, and model comparisons. 

The dashboard enhances interpretability and provides a practical interface for analyzing 

sentiment-driven stock prediction. 
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1.5  Report Organization 

The details of this research are shown in the following chapters. Chapter 2 

presents a literature review, summarizing Previous Works on Stock Prediction and 

Sentiment Analysis Using Large Language Models, while highlighting their limitations 

and also some situation that didn't considered by authors. Chapter 3 show the proposed 

method, basically talk about the sentiment analysis framework and the modeling 

approach for forecasting short-term stock trends. Chapter 4 discusses the preliminary 

work, we only focus on data collection, preprocessing, and data integration in FYP1. 

Finally, Chapter 5 concludes the study and suggesting potential directions for future 

research. 
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CHAPTER 2 

 

Literature Reviews 

 

2.1  Previous Works on Stock Prediction and Sentiment Analysis 

In recent years, stock forecasting has gained attention due to the growing number of 

investors. Here is some research that explored various models that integrate machine 

learning, sentiment analysis, and time series forecasting to predict stock trends. This 

chapter reviews significant improvements in this domain, focusing on sentiment 

extraction methods and predictive models used in stock trend forecasting. The strengths 

and limitations of each approach are discussed to highlight the existing constraints and 

justify the proposed methodology in this study. 

2.1.1  Using Several Machine Learning Methods 

In [5], Q. Xiao and B. Ihnaini proposed a stock prediction model to help stock investors 

make proper investment decisions by using tweets, news, and historical stock data. 

They send the news and tweets data to the sentiment analysis test section(Financial 

PhraseBank and Tweets_labelled_09042020_16072020) to select the most appropriate 

technology(VADER sentiment analysis, Loughran-McDonald word dictionary, and 

FinBERT Model) for applying sentiment analysis and generated weighted scores for 

both of them, both news and tweets scores are summed up as input features after apply 

holiday effect processing. While stock data, turn into binary changes. If the next day's 

value is higher than today, change the value to 1; otherwise, change the value to 0 and 

the outcome considers an expected result in machine learning. By the way, they also 

contain retweet counts when they are calculating the weighted score of tweet data. Their 

results show that Naïve Bayes is the best classification algorithm, which indicated an 

accuracy rate of 62.4% compared to other researchers which only get 63.6% accuracy 

by using seven features, to show that their system is more effective. 

This model has several limitations. First, their sentiment analysis approach relies on 

predefined models like VADER, Loughran-McDonald, and FinBERT, which may not 

perfectly handle the financial news and tweets when sarcasm, abbreviations, or 

emerging financial jargon appears in the news and tweets. Second, their binary 
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classification of stock movement (1 for increase, 0 for decrease) may oversimplify the 

market, it might ignore the magnitude of changes that could be crucial for investors. 

Additionally, the accuracy rate of 62.4% shows that the performance of the model still 

needs to be improved, particularly in feature engineering and data processing. 

To address these limitations, instead of binary classification, we can implement a 

regression-based approach, which could provide a more accurate prediction of stock 

price movements. For example, the Autoregressive Distributed Lag (ARDL) regression 

model is suitable for this task, because it can identify relationships between sentiment 

scores and stock data. The difference with traditional classification models is that 

traditional classification models merely predict directional trends (e.g., up or down), 

but ARDL regression allows us to quantify the extent of stock data changes in response 

to sentiment shifts while considering time lags. This approach can improve forecasting 

accuracy by incorporating temporal dependencies and enabling better interpretation of 

the underlying economic relationships. 

2.1.2 Using Dictionary-Based Sentiment Detection and Some Machine Learning 

In [6], K. Joshi, B. H. N, and J. Rao proposed a method to automate sentiment detection 

for stock price prediction to simplify the process. We can identify overall news polarity 

based on the words in the news. So they used a polarity detection algorithm for initially 

labeling news and making the training set. This algorithm is a dictionary-based 

approach, the positive and negative words are created using general and finance-

specific sentiment words. They also created their own dictionary for stop word removal, 

which also includes finance-specific stop words for pre-processing text data. 

There are some constraints in [6]. Their dictionary-based polarity detection algorithm 

is limited in adaptability because financial terminology evolves over time. Sentiment 

in the financial text cannot be easily classified because it may include sarcasm, 

abbreviations, etc. A rule-based approach may not always perform well on unseen data. 

Furthermore, customizing stop-word dictionaries requires huge human resources. 

2.1.3 Using Stock Data and Semi-Supervised Learning  

In [7], S. Paul and S. Vishnoi proposed two models, one is to extract the sentiments 

based on the sentiments of news, second is the prediction of movement of stock returns 

based on adjusted close price. They primarily use the Semi-Supervised Learning 
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Technique, which includes both Manual Classification and Automatic Classification 

methods for labeling news sentiment. The labeled data is used to train and evaluate 

machine learning models, such as SVM and LSTM. The outcome of the Price-Only 

Method is like the expected outcome for machine learning, to compare its performance 

with the sentiment-based approach. A key advantage of this approach is that by 

combining sentiment analysis with stock price movements, the model can leverage both 

qualitative and quantitative data, which might potentially improve prediction accuracy 

compared to using the Price-Only Method. 

The limitation in [7] that has been mentioned by authors already, is less effective for 

prediction purpose, insufficient for prediction of large movements in stocks. This is 

because there have several factors affecting stock price movement, and impact of news 

only take up 52%. Additionally, their model didn't considered other factors, such as 

transaction cost, borrowing cost and the tendency of large trading to move the market. 

2.1.4 Using News Collected by Sentiment140 and Multilayer Perceptron Models 

Chakraborty et al. [8] employed the Sentiment140 dataset in their study on predicting 

stock movement from Twitter sentiment. This dataset is available on Kaggle, and it 

contains about 1.6 million labeled tweets obtained via the Sentiment140 API. Each 

tweet is automatically tagged as either positive or negative, represented by the labels 

“1” and “0.” To prepare the data for model training, the authors randomly split it into 

two parts: approximately 1.52 million tweets were allocated for training, while around 

80,000 tweets were used for testing. The distribution of the dataset between positive 

and negative categories is shown in Table 2.1. 

Table 2.1 Data distribution of research paper [8] 

 

As shown in Table 2.1, the data is reasonably balanced with an almost equal amount of 

Positive and Negative tweets in both the Sentiment 140 testing and training data. 

After that, they used Boosted Regression Tree and Multilayer Perceptron models to 

predict the next day's stock movement by using the present day's tweets containing the 
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"stock market", "StockTwits", and "AAPL" as input of machine learning. Furthermore, 

the result of this paper implies that Neural Networks has better performance compare 

with the Boosted Regression Tree. It is also clear that too high and too low differences 

in Stock Indexes are challenging to predict with a Boosted Regression Tree. However, 

except for those days, Their models perform well on the given data set. 

The limitation in [8] is collected dataset by using Sentiment 140 only may cause the 

model not general enough, because Sentiment 140 is a widely used dataset of 1.6 

million tweets created by Stanford researchers to help develop and evaluate sentiment 

analysis models. This dataset may not fully represent the present stock market. 

Additionally, their Boosted Regression Tree struggles with extreme stock price 

movements, leading to inaccuracies on volatile trading days. 

2.1.5 Using Deep-Learning-Based Financial Text Sentiment Classification Method 

In [9], the authors proposed a deep-learning-based financial text sentiment 

classification method that integrates domain adaptation techniques to address the issue 

of insufficient labeled samples in financial text classification. Their approach consists 

of three main components: an abstract extraction module using a pre-trained 

model(seq2seq ), a feature extraction subnetwork based on a bidirectional LSTM, and 

the last, a Sentiment Classification Subnetwork and Domain Classification Subnetwork. 

The model effectively leverages both labeled and unlabeled data by incorporating 

domain adaptation with sentiment classification and domain classification losses. The 

results of this paper show that this method improves the accuracy of sentiment 

classification in financial texts compared to traditional machine learning. A key 

advantage of this approach is it reduces the impact of invalid information on 

classification, which might enhance model performance in real-world financial 

applications. 

In [9], the pre-trained seq2seq abstract extraction model is directly adopted, but the 

financial terminology evolves over time, it may cause outdated after few years ago. 

Moreover, domain adaptation techniques may introduce transfer learning limitations if 

the target domain is significantly different from the source domain. 
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2.2 Sentiment Analysis Using Large Language Models 

With the rise of Large Language Models (LLMs), sentiment analysis in financial 

domains has entered a new phase of development. LLMs can understand context, 

semantics, and domain-specific expressions with greater depth and nuance compared 

with traditional sentiment analysis tools. Their capacity to perform zero-shot and few-

shot learning enables them to adapt to diverse financial texts without vast labeled 

datasets. This section explores how LLMs are applied in financial sentiment analysis 

and prediction and the limitations of LLM-based models, such as computational 

complexity and reduced performance on fine-grained sentiment tasks. 

2.2.1 Using ChatGPT for Sentiment Analysis and Price Prediction in the 

Cryptocurrency Market 

In [10], Large Language Models (LLMs) have emerged as powerful tools for financial 

sentiment analysis due to their ability to efficiently extract, quantify, and interpret 

sentiment from textual data. One of the most advanced LLM-based systems that 

leverages natural language processing and deep learning techniques to understand and 

generate human-like language is ChatGPT. Researchers have started exploring AI 

applications in analyzing financial sentiment, which means AI techniques are integrated 

into economic and financial domains. Researchers use ChatGPT to capture, clean, filter, 

and perform sentiment analysis on online data so that they are able to analyze the 

sentiment of textual data to ensure high reliability of the result. The regression models 

showed that adding sentiment indicators greatly improved prediction accuracy, 

underscoring the critical role that sentiment acts in financial risk forecasting and 

decision-making. 

However, the study acknowledges certain limitations. One of the significant constraints 

is the inherent volatility and unpredictability of the cryptocurrency market can 

challenge the model's forecasting performances. Additionally, the reliance on textual 

data from social media and news sources may introduce biases and noise, potentially 

affecting the sentiment analysis accuracy. 

2.2.2 Using Large Language Models to Enhancing Financial Sentiment Analysis 

This study targets the application of LLMs in the financial sentiment analysis domain, 

where understanding sentiment often requires domain-specific knowledge. Zhang et al. 
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propose a retrieval-augmented language modeling framework (RA-LLM) that enhances 

LLMs with extra context. The model will retrieve relevant documents or prior reports 

and incorporate them into the cue when analyzing a financial news item or tweet. These 

contextual cues help the LLM interpret implicit meaning and jargon more accurately 

[11]. 

A significant limitation mentioned by the authors is that financial texts are typically 

short and lacking in context, it causes making them difficult to interpret even for large 

models [11]. Furthermore, the quality of the retrieval mechanism will directly affect 

performance. If it retrieved irrelevant documents, it may introduce bias or confusion, 

and reduce the overall effectiveness of the system. 

The authors recommend improving the retrieval mechanism with better ranking and 

filtering mechanisms to address these issues [11]. They also suggest integrating a fine-

tuning phase by using domain-specific corpora, which could help the LLM understand 

the implicit cues of financial texts.  

2.2.3 A Reality Check of Sentiment Analysis in the Era of Large Language Models 

Zhang et al. conduct a thorough evaluation of how large language models (LLMs) 

perform on a wide range of sentiment analysis tasks, such as GPT and BERT-based 

variants [12]. These tasks consist of simple polarity classification and complex forms 

like aspect-based sentiment analysis and emotion detection. The authors test 13 tasks 

across 26 datasets, and finally provide a realistic benchmark named "SentiEval". They 

compare performance in both zero-shot and few-shot settings to understand the actual 

utility of LLMs when labeled data is not enough. 

Authors have identified one key limitation, which is LLMs can perform basic sentiment 

classification tasks normally, but they often fall short on more complex sentiment 

understanding, such as identifying sentiment tied to specific aspects or managing 

nuanced and implicit expressions of emotion. The models also don't perform well in 

tasks that require deeper contextual reasoning or multi-hop inference, these scenarios 

indicate a gap between general language understanding and fine-grained sentiment 

interpretation. 

2.2.4 Integration of Explainable AI Techniques with Large Language Models for 

Enhanced Interpretability in Sentiment Analysis 
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Thogesan and his colleagues explore the integration of explainable AI (XAI) techniques 

with LLMs to improve transparency in sentiment analysis. They propose a framework 

where the outputs of LLMs are fulfilled by interpretability methods such as SHAP 

(Shapley Additive explanations) and attention-based visualizations [13]. The goal is to 

make sentiment predictions more transparent, especially in sensitive areas like mental 

health and finance, it means the experts that have certain knowledge understand the 

LLMs prediction, because understanding why a model predicted a certain sentiment is 

just as important as the prediction itself. 

The limitation of the paper [13] is adding explainability layers to LLM-based models 

will introduced computational overhead. Furthermore, interpretability tools like SHAP 

are traditionally designed for smaller models and may not scale effectively with the 

complexity of LLMs. There's also a risk that explanations can be misleading if the LLM 

prediction is not readable to experts. 

2.3 Prediction Method Implemented in This Project 

While various machine learning models and sentiment analysis techniques have been 

applied in stock prediction, many studies still cannot capture the time-dependent 

relationship between investor sentiment and stock price movements effectively. Most 

approaches are limited to predicting the price changes without considering the temporal 

lag of sentiment effects. This project adopts a regression-based method to address this 

issue. The ARDL regression is particularly suitable for examining both short-term and 

long-term relationships between sentiment and stock data, even when the variables are 

integrated at different orders. 

 

2.3.1 ARDL Regression Model 

The equation of ARDL (Autoregressive Distributed Lag) regression model is 

𝑦𝑡 = 𝑎1𝑦𝑡−1 + …𝑎𝑗𝑦𝑡−𝑗 + 𝑏0𝑥𝑡 + …𝑏𝑘𝑥𝑡−𝑘 + 𝑒𝑡 

The same model can be written as 

𝑦𝑡⁡= ∑ 𝑎𝑖𝑦𝑡−𝑖
𝑗
𝑖=1  + ∑ 𝑏𝑙𝑥𝑡−𝑙

𝑘
𝑙=0  + 𝑒𝑡 
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An ARDL (Autoregressive Distributed Lag) regression model is a dynamic time series 

model used to analyze the relationship between a dependent variable and one or more 

independent variables, where the independent variables can have both current and 

lagged values. ARDL models are technically AR-X models that have been mentioned 

in the paper [14], it is focused on the exogenous variables and select the correct lag 

structure from both the endogenous variable and the exogenous variables. ARDL 

models are also closely related to Vector Autoregressions, and a single ARDL is 

effectively one row of a VAR. The key distinction is that an ARDL assumes that the 

exogenous variables are exogenous in the sense that it is not necessary to include the 

endogenous variable as a predictor of the exogenous variables. 

In this project, we extracted sentiment scores from online financial news using natural 

language processing (NLP) techniques. ARDL regression enables the modeling of 

delayed sentiment effects, capturing how sentiment from previous days may continue 

to influence stock behavior. This approach provides more insight than binary 

classification models, as it not only forecasts direction but also quantifies the magnitude 

of price movements over time. 

I have found support for this methodology in a recent study, which is Alawajee et al., 

who applied a Nonlinear ARDL (NARDL) model to investigate the asymmetric impact 

of investor sentiment on housing and stock market returns in Saudi Arabia [15]. 

Although their sentiment data was constructed using principal component analysis from 

traditional economic indicators, their application of NARDL illustrates the model's 

strength in capturing nuanced sentiment effects on market performance.  

 

2.4 Summary 

In summary, the literature that has been reviewed emphasizes the significance of 

sentiment analysis in stock trend prediction. It demonstrates that predictive accuracy 

may be improved because of integrating different artificial intelligence (AI) techniques 

with various data sources, such as news, tweets, and stock data. While traditional 

models like dictionary-based sentiment analysis and basic machine learning techniques 

offer foundational insights, they have poor performance when capturing contextual 

nuances in financial language. Large Language Models (LLMs) present an opportunity 



CHAPTER 2 

14 
Bachelor of Computer Science (Honours)  

Faculty of Information and Communication Technology (Kampar Campus), UTAR 
 

to enhance sentiment extraction through deeper linguistic understanding, such as 

ChatGPT. However, predictive accuracy is insufficient without a robust framework to 

model the time effects of sentiment on stock data. The study suggested the use of 

sentiment analysis and ARDL regression to more precisely predict short-term stock 

movements. 

This is the reason we integrate sentiment analysis with the Autoregressive Distributed 

Lag (ARDL) regression model. The ARDL model enables the modeling of delayed 

sentiment effects, capturing how sentiment from previous days may continue to 

influence stock behavior. This directly aligns with the project's objective, leveraging 

ChatGPT for sentiment classification and applying ARDL to predict short-term stock 

trends. The proposed solution aims to produce a more comprehensive and 

interpretable model that addresses both the limitations and opportunities highlighted 

throughout the literature review by combining modern NLP with established 

econometric techniques. 
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CHAPTER 3 

 

SYSTEM METHODOLOGY/APPROACH  

The methodology of this project is designed to develop a web-based forecasting 

system that predicts short-term stock trends using sentiment analysis. All of the 

techniques that have been implemented in this project will be clarify in this chapter. 

 

3.1 System Overview 

This research adopts a mixed-method research design that integrates 

quantitative time series analysis of stock data with sentiment analysis of news. The 

objective is to examine how news sentiment influences short-term stock trends and 

understand the interactions between financial news and investors' behavior. The 

following research processes are designed to achieve this aim. 

Figure 3.2 presents an overview of the proposed methodology. The study begins 

with data collection, where news and stock data are automatically retrieved using web 

scraping techniques in Python. After that, the raw data retrieved in the previous stage 

will go through the pre-processing stage to convert it into a format suitable for analysis. 

Afterward, sentiment analysis will be conducted on the news data after conversion, 

where the news are evaluate sentiments using ChatGPT (-1 to 1). Subsequently, 

appropriate statistical methods are used to analyze the relationship between news 

sentiment and stock price movements. Finally, the ARDL regression model will be 

implemented to forecast the short-term trends of stock prices based on the relationships. 
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Figure 3.1 The process of developing a stock prediction model 

  

3.2     Data Collection 

The data collection is done using Python programming to automate the data 

collection process of news and stock market data. We gather news from a number of 

trusted financial news sources for 2 years (The Star, i3Investor, Yahoo Finance, Free 

Malaysia Today, etc.) and stock market data from stock market databases or APIs, 

which are open source. Data extraction rules and API calls allow the data collection 

process to be efficient, consistent and scalable. The data is extracted within a time 

period to make it relevant and to be able to compare news sentiment and short-term 

stock performance. 

The news data is financial news stories about the chosen Malaysian banks. We 

have used The Star, Free Malaysia Today, i3Investor and Yahoo Finance. This was 

because they offer publicly available financial/market-related information and they 

cover a variety of news. The Star and Free Malaysia Today offer general financial and 

business news, i3Investor offers market discussions and company news from an 

investor's perspective, and Yahoo Finance offers financial market and stock 

information. 
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The stock data set includes the closing prices of the banks, primarily Maybank 

and Public Bank. Closing price is our main financial variable because it is the final price 

at which a stock is traded for the day. The aim is to forecast the closing price of the next 

day based on the current and past days' information. Other price variables (such as open, 

high, low, volume) might be helpful in future studies but have been excluded for this 

project in order to preserve a link between sentiment and the target variable. 

 

3.3     Data Pre-processing 

Pre-processing of data is needed because the scraped news and financial time-

series data are generally noisy, have missing values, different formats, duplicate records 

and gaps during non-trading days. The pre-processing process guarantees the final 

modelling data is consistent, meaningful and ready for ARDL modelling. 

For the scraped news data, pre-processing consists of filtering out duplicate 

news, standardising the date format, validating that the article content is not missing, 

and that the news article is linked to the right source. The date is converted to a daily 

basis that would allow the sentiment score to be consolidated and matched with daily 

stock prices. The text content is cleaned before sentiment scoring. This involves 

removing extra spaces, formatting characters and others that do not have financial 

information. The cleaning of the text is not about simplifying the text, as the GPT 

models need this information for sentiment analysis. Rather, the purpose of text 

cleaning is to remove noise that may mislead the sentiment analysis but retain the 

financial information of the article. 

 The news are analysed for sentiment by different GPT-5 models (GPT-5, GPT-

5-mini, GPT-5-nano). GPT-5 models are used to assess the sentiment of each news data 

and classify them into three classes (positive, negative and neutral). These GPT-5 

models gives a sentiment score of each news from -1.00 (negative) to 1.00 (positive) 

and a sentiment score of 0.00 would indicate a neutral sentiment for the whole data. 

Pang and Lee highlight that sentiment can be represented using different types of scales, 

including categorical labels and numerical ratings, depending on the task requirements 

[16]. While Pang and Lee (2008) discuss numerical sentiment scales such as 1–10, they 

do not enforce a specific range. The key requirement is that sentiment should be 

represented in a way that preserves relative polarity and intensity. In this project, a -1 

to 1 scale is used instead because it provides a symmetric and centered representation, 
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where 0 clearly represents neutral sentiment. This is particularly suitable for regression 

models like ARDL, where having a zero-centered variable improves interpretability 

and stability. This is superior to only applying machine learning because it is able to 

integrate the context of the articles and subtle hints. It can help to gain a better 

understanding of the news' impact on investors. 

For stock price data the date column is re-formate and sorted. The data are 

checked for missing trading-day values for stock markets, which are not operating on 

weekends and public holidays. These non-trading days are not the same as missing 

observations due to data problems. The stock price value is treated with care by using 

other stock data, if available. The resulting stock data set has a uniform date field and 

closing price. 

 

3.4     Data Integration 

After the data has been pre-processed, the sentiment data and the stock data 

need to be synchronised for sentiment data and stock data to be assessed jointly. We 

need to make sure that both data sets are aligned in time by joining them on dates. We 

may need to gather the data again or merge at this point. By this, we ensure that each 

sentiment score can be paired up with the stock data and combine the two datasets into 

one dataset for the next stage analysis. 

Next, the data is cleaned and daily sentiment values are created. When more 

than one news item is published for a bank on a day, the sentiment scores of these news 

items are combined into a daily sentiment value. This makes the sentiment variable to 

be at the same daily level as the stock closing prices. The result of the pre-processing 

stage is the creation of a dataset with date, stock closing price and daily sentiment score 

for various sources. 

 

3.5     Stock Prediction 

In this study, the stock prediction model is derived from Autoregressive 

Distributed Lag (ARDL) model, which takes into account the autoregressive nature of 

stock prices and the lagged impact of sentiment-related factors. 

The equation of ARDL (Autoregressive Distributed Lag) regression model is 

𝑦𝑡 = 𝑎1𝑦𝑡−1 + …𝑎𝑗𝑦𝑡−𝑗 + 𝑏0𝑥𝑡 + …𝑏𝑘𝑥𝑡−𝑘 + 𝑒𝑡 
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The same model can be written as 

𝑦𝑡⁡= ∑ 𝑎𝑖𝑦𝑡−𝑖
𝑗
𝑖=1  + ∑ 𝑏𝑙𝑥𝑡−𝑙

𝑘
𝑙=0  + 𝑒𝑡 

In the ARDL model, 𝑦𝑡represents the dependent variable at time 𝑡, which in this 

study refers to the stock closing price. The term 𝑦𝑡−𝑖denotes the lagged values of the 

dependent variable, capturing the autoregressive behavior of stock prices. The variable 

𝑥𝑡 represents the independent variable, which corresponds to the sentiment score 

derived from news data, while 𝑥𝑡−𝑙 denotes its lagged values, capturing delayed 

sentiment effects. 

The coefficients 𝑎𝑖measure the influence of past stock prices on the current 

value, whereas 𝑏𝑙represent the impact of current and past sentiment values on stock 

prices. The parameters 𝑗and 𝑘denote the number of lags included for the dependent and 

independent variables, respectively. Finally, 𝑒𝑡 is the error term, which captures 

unexplained variations and is assumed to be white noise. 

In this paper, we cast the forecasting problem as a one-step-ahead prediction 

problem. The response variable is defined as a one-day ahead shift of the closing price, 

so that information about the current and past days is used to forecast the closing price 

of the following day. The optimal orders (p, q) are selected via expanding-window 

cross-validation. The training set is expanded in multiple folds, and the models are 

validated on the next set of data. The average performance across folds is calculated for 

each lag combination and the best model is determined according to its predictive 

accuracy and quality. Once the optimal lag structure is identified, the final ARDL model 

is estimated using the training data set and validated using a walk-forward strategy. 

This involves re-estimating the model as the data set is expanded. 

 

3.6     Model Evaluation 

To further analyze the dynamic relationship between sentiment and stock price 

movements, the Error Correction Model (ECM) representation of the ARDL model is 

employed. The ECM is formulated as: 

𝛥𝑌𝑡⁡=𝛼0 + ∑ 𝛽𝑖𝛥𝑌𝑡−𝑖
𝑝−1
𝑖=1  + ∑ 𝛾𝑗𝛥𝑋𝑡−𝑗

𝑞−1
𝑗=1  + 𝜆(𝑌𝑡−1 − 𝜃𝑋𝑡−1) + 𝜀𝑡 

In the ECM formulation, Δ𝑌𝑡represents the first difference of the dependent 

variable, defined as Δ𝑌𝑡 = 𝑌𝑡 − 𝑌𝑡−1 , capturing short-run changes in stock prices. 
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Similarly, Δ𝑌𝑡−𝑖and Δ𝑋𝑡−𝑗denote lagged differences of the dependent and independent 

variables, respectively. 

The coefficients 𝛽𝑖and 𝛾𝑗measure the short-run dynamic effects of past changes 

in stock prices and sentiment on current price changes. The term(𝑌𝑡−1 − 𝜃𝑋𝑡−1) is an 

error correction term (ECT), it is derived from the long-run relation between stock 

prices and sentiment. It is a measure of the previous period's out of equilibrium. The 

adjustment coefficient, λ, measures the speed at which the equilibrium is restored. If 

the coefficient λ is negative and statistically significant, this implies the presence of a 

long-run relationship between sentiment and stock prices, and that the adjustment 

process takes place. In this analysis, the ECM is built up in several steps. First, we 

create lagged variables for the dependent variable and sentiment variables. Next, first 

differences are taken to represent short-run dynamics. Third, a long-run regression is 

run to obtain the long-run relationship, which is used to generate the error correction 

term. Finally, the ECM regression is estimated with the differenced variables and the 

error correction term.  

Besides the ECM analysis, a lag significance analysis is also performed to assess 

the impact of sentiment with various lags. We examine the coefficients and significance 

of lagged sentiment variables, to test whether sentiment has a lagged or instantaneous 

effect on stock prices. This helps to understand the timing of sentiment effects, such as 

whether sentiment has an immediate or delayed impact on stock prices, and whether 

sentiment is a part of the long-run equilibrium. 

Model performance is evaluated using Root Mean Squared Error (RMSE), 

Mean Absolute Error (MAE), and Akaike Information Criterion (AIC), defined as 

follows: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
 ∑ (𝑦 − 𝑦̂)𝑛

𝑖=1
2 

𝑀𝐴𝐸 = 
1

𝑛
 ∑ |𝑦 − 𝑦̂|𝑛

𝑖=1  

𝐴𝐼𝐶 = 2𝑘 − 2ln⁡(ℒ) 

In the evaluation metrics, 𝑦represents the actual observed value, while 𝑦̂denotes 

the predicted value generated by the model. The variable 𝑛 is the total number of 

observations in the evaluation set. 
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For AIC, 𝑘⁡represents the number of estimated parameters in the model, and 

ℒ⁡denotes the maximized value of the likelihood function. The AIC metric balances 

model goodness-of-fit and complexity, penalizing models with a larger number of 

parameters to avoid overfitting. 

RMSE and MAE evaluate the accuracy of the prediction, in which lower values 

are better. AIC measures the goodness-of-fit and complexity of a model, with lower 

values signifying a better model. Lag removal experiments are performed to test the 

effect of removing lag terms from the lag structure. A comparison of lag structures can 

be made using RMSE and MAE, and the optimal lag structure can be determined. 

 

3.7     Web-Based User Interface Development 

In the last stage, a user interface is created to tie all system components together. 

A local web-based framework is used to develop the interface, enabling interactive use 

of the model. The system offers multiple interactive capabilities, such as selecting 

banks, GPT models and news providers. The user interface allows users to display stock 

price, sentiment, and comparison charts like Actual vs Predicted. 

Furthermore, the user interface provides the user with the ability to assess model 

performance (RMSE, MAE and AIC), next-day prediction, and dynamic experiments 

with lag removal. The ECM module is also provided, allowing users to examine the 

error correction term and its significance. This interactive interface turns the prediction 

model into an interactive system with both prediction and analysis features.
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CHAPTER 4 

 

SYSTEM DESIGN 

4.1     Integrated Data Processing and Prediction Pipeline 

The integrated data processing and prediction pipeline of the proposed stock 

trend forecasting system is illustrated in Figure 4.1. The diagram presents a high-level 

overview of how data flows through the system, from data acquisition to final 

prediction and visualization, rather than focusing solely on user interactions. 

The process begins with the collection of stock price data and financial news 

from multiple sources. The collected data is then passed through a data preprocessing 

stage, where cleaning, alignment, and transformation are performed to ensure 

consistency across time-series and sentiment data. 

Following preprocessing, sentiment analysis is conducted using GPT-based 

models, which assign a sentiment score to each news item. The processed sentiment 

data is then integrated with stock price data and used as input for the ARDL modeling 

component. 

The ARDL model captures both the autoregressive nature of stock prices and 

the lagged effects of sentiment variables. The model is trained using an expanding-

window cross-validation approach to determine the optimal lag structure. Model 

performance is evaluated using metrics such as RMSE, MAE, and AIC. 

To further analyze the relationship between sentiment and stock prices, the 

Error Correction Model (ECM) is applied to examine both short-run dynamics and 

long-run equilibrium behavior. Additional analyses, including lag significance and lag 

removal experiments, are conducted to better understand the temporal impact of 

sentiment. 

Finally, the results of the forecasting and analysis are presented through a 

graphical user interface (GUI), which allows users to visualize stock trends, compare 

model performance, and interpret sentiment effects. 
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Figure 4.1 Integrated Data Processing and Prediction Pipeline for Sentiment-Based 

Stock Forecasting 

 

4.2     System Components Specifications 

The proposed system is organized into three main components, which is News and 

Stock Data Preparation, Stock Prediction and Web-Based User Interface. Each 

component corresponds to a specific part of the system workflow, as illustrated in the 

system block diagram, and performs a well-defined function within the overall 

forecasting pipeline.  

4.2.1 News and Stock Data Preparation 

The News and Stock Data Preparation is presented in Figure 4.2.1, the News 

and Stock Data Preparation is responsible for generating a ready-to-model data set for 

forecasting purpose. The module takes financial news and stock price data from various 

sources.  

The system gathers around two years of financial news data from various 

sources, such as The Star, Free Malaysia Today, i3Investor and Yahoo Finance. These 

include varied financial news, investor-oriented comments and market-specific news. 

The news data is saved and appended to CSV files. 
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The news data is cleaned and merged to eliminate inconsistencies and 

standardise its format. The sentiment values are calculated using various GPT models 

and are then appended and averaged daily. This ensures that sentiment scores 

correspond to the stock price data's time scale. 

Meanwhile, daily stock prices are also obtained, mainly from Yahoo Finance. 

Data is supplemented through additional data collection to address missing values. The 

sentiment and stock closing price datasets are then merged by date to create a single 

dataset. This process guarantees that stock data is matched with the corresponding 

sentiment data. 

The last step is converting the dataset into a format suitable for further modeling 

by creating the target variable for stock price prediction. This results in a compact data 

set with stock price, sentiment and prediction target, which is saved for the Stock 

Prediction component. 
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Figure 4.2.1 Flowchart of News and Stock Data Preparation  
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4.2.2 Stock Prediction  

Figure 4.2.2.2 shows the Stock Prediction process in details, the Stock 

Prediction component is the main module of the system which is used for stock price 

prediction and model analysis. It uses the Autoregressive Distributed Lag (ARDL) 

model to incorporate the temporal aspect of the stock prices and the lagged effects of 

sentiment variables. 

The Stock Prediction process starts by loading the dataset from the News and 

Stock Data Preparation part. The dataset consists of aligned stock closing prices and 

aggregated sentiment scores, where sentiment values are derived from news data using 

different GPT models. Although this dataset is already prepared for modeling, but an 

additional data preparation step is conducted to clean the data. Figure 4.2.2.1 shows the 

missing stock closing price values in the final dataset, this may occur due to external 

data source limitations such as network fluctuation. Therefore, additional data 

validation and cleaning procedures are performed, including handling missing stock 

closing price values using external data sources (e.g., Yahoo Finance API), to ensure 

data completeness for time-series modeling. 

 

Figure 4.2.2.1 Missing Stock Closing Price Values Occur in final dataset 
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The dataset is split into training and testing sets using a time-series split, where 

the first 80% of observations are used for training and the remaining 20% for testing, 

ensuring that future information is not used in model training. The optimal lag orders 

(p, q) are selected using an expanding-window cross-validation method. This allows 

the model to be evaluated with increasing training data sizes, which enhances the 

model's generalisation performance. 

After determining the best lag order, the ARDL model is refitted on the training 

data set. The model is then used to conduct walk-forward forecasting, in which forecasts 

are made in a rolling manner. This mimics real-life forecasting, where models are 

learned incremental to the incoming data. 

The performance of forecasting is assessed using Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE) and Akaike Information Criterion (AIC). These 

measures offer a combination of an indicator of forecasting accuracy and quality, 

combining both model error and complexity. 

Besides forecasting, this component also provides a number of analytical 

functions to improve interpretability. It permits to display performance of different GPT 

models to evaluate the effect of sentiment generation techniques. To support model 

comparison across different sentiment models, an intermediate result storage 

mechanism is implemented. The ARDL model results, including forecasting outputs 

and performance metrics, are stored after each model is trained. This allows the system 

to accumulate results from multiple sentiment models before conducting comparative 

analysis. It also supports sentiment lag importance analysis to assess the impact of 

sentiment at various lags, which helps to determine whether stock price response is 

instantaneous or lagged. 

Also, if the selected lag structure meets the necessary criteria (p and q >=1), the 

Error Correction Model (ECM) is built to examine short-run and long-run relationships 

between sentiment and stock returns. The system also allows lag removal testing by 

removing some of the lag variables to check whether reduced model complexity can 

lead to better prediction accuracy. These analytical functions offer in-depth insights 

into the interaction between sentiment and stock prices, contributing to the robustness 

and interpretability of the model. 
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Figure 4.2.2.2 Flowchart of Stock Prediction  
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4.2.3 Web-Based User Interface 

The functions of Web-Based User Interface are as shown in Figure 4.2.3, the 

user interface offers an interactive platform, allowing users to set up the stock price 

forecasting model and display the analysis results. Users can choose the bank they are 

interested in, the GPT model for generating sentiment, and the news source. They 

define the data set and the modeling process undertaken by the system. This 

customization approach enables the system to perform experiments under varying 

conditions. 

The interface also supports a comprehensive set of visualization and analytical 

functions. It shows the trends of stock price and sentiment over time, and integrated 

views that demonstrate the interaction between sentiment and stock price. Furthermore, 

it shows results of stock price forecasting by plotting the actual and forecasted stock 

prices. 

The interface also presents the results of quantitative assessments, including 

Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Akaike 

Information Criterion (AIC). Additionally, it allows the analysis of multiple GPT 

models, to illustrate the impact of different sentiments on forecasting outcomes. 

In addition, the interface displays the results of lag selection, which are obtained 

using cross-validation (CV), to indicate how the best ARDL models are chosen. It also 

presents sentiment lag importance analysis, which assesses the importance and 

statistical significance of sentiment lags. 

For more advanced analysis, the system also presents the results of the Error 

Correction Model (ECM), including the coefficient and significance of the error 

correction term, to reveal the existence of long-run equilibrium relationships. It also 

displays the results of lag removal tests, which assess the impact of changing the lag 

structure on the model's performance. 

In summary, the Web-Based User Interface brings together all the components 

of the system and provides an interactive display of the results. This allows users to 

better understand the forecasting results and better understand how sentiment 

influences stock returns. 
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Figure 4.2.3 Web-Based User Interface Functional Components Diagram 



CHAPTER 4 

31 
Bachelor of Computer Science (Honours)  

Faculty of Information and Communication Technology (Kampar Campus), UTAR 
 

4.3     System Components Interaction Operations 

The system components interact in a specified sequence of steps, as shown in 

the use case-driven diagram. 

It all starts with the user interface, where the user chooses the parameters. The 

parameters include which bank to focus on, which GPT model to use for sentiment 

analysis and which news source to use. Depending on the user's choice, the system 

retrieves the relevant dataset from the data source component. This data is then fed into 

the data processing component, which cleans, aligns, and pre-processes the data in a 

way that is ready for modeling. The cleaned data is then sent to the ARDL modeling 

component. 

In the modeling component, the system begins by preparing the data by creating 

lag variables and the dependent variable for prediction of the next day. Next, the data 

is divided into training and testing sets of data. Cross-validation is used to determine 

the lag order of the ARDL(p, q) model. Once the lag order is selected, the ARDL model 

is fitted. Walk-forward forecasting is then applied to provide forecasts for the test data. 

Model performance is assessed by comparing the predictions with the real values. 

The evaluation and analysis module processes the forecasting output to 

calculate the root mean square error (RMSE), mean absolute error (MAE) and AIC. It 

also conducts further analyses, such as comparison of different models, importance of 

sentiment lags, and ECM analysis. If the user chooses to remove lags, the system 

automatically adjusts the lag structure and re-computes the model performance, 

enabling comparison of the two models. 

Lastly, the results are displayed on the user interface using different plots, tables, 

and other performance metrics. This allows users to understand the forecasting results 

and how sentiments and stock prices are related.
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CHAPTER 5 

 

SYSTEM IMPLEMENTATION 

5.1    Hardware Setup  

The hardware used in this project is a personal laptop, as shown in Table 5.1. 

The system is developed and executed in a specific environment to support data 

collection, preprocessing, and model implementation. 

The laptop is equipped with an Intel Core i5-12500H processor, 8GB of RAM, 

and sufficient storage capacity. This configuration is adequate for handling data 

processing tasks and time series modeling, including ARDL regression and forecasting 

operations. The sentiment analysis is performed using external GPT APIs rather than 

locally trained models. Therefore, the system can be effectively implemented using 

commonly available hardware without the need for high-performance computing 

resources. 

Table 5.1 Specifications of laptop 

Description Specifications 

Model Acer Aspier N515-58 

Processor Intel Core i5-12500H 

Operating 

System 

Windows 11 

Graphic Intel UHD Graphics, NVIDIA GeForce RTX 3060 Laptop GPU 

Memory 8GB RAM 

Storage 475GB 

 

5.2    System Implementation 

This section outlines the overall implementation process of the proposed 

system, its cover the process from raw data collection to structured dataset preparation. 

The implementation is divided into three main parts: data collection, data pre-

processing, and data integration. 
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5.2.1 News and Stock Data Preparation 

5.2.1.1 Data Collection 

This stage involves gathering raw datasets required for the project, including 

financial news articles and historical stock price data. Web scraping techniques and 

automated extraction scripts were employed to retrieve data from multiple online 

sources, ensuring both breadth and relevance. In addition, other scripts might be 

developed to scrape news from other sources in FYP2, such as Maybank’s official 

website. 

i. News Data Extraction 

The code below calls several functions: theStar(), i3Investor(), yahooFinance(), 

and freeMalaysiaToday(). Since each website has a different HTML structure, a 

separate web scraping script is required for each one. The extracted data is cleaned and 

standardized (for example, dates are converted into a consistent format like YYYY-

MM-DD). Finally, each function saves the results into a separate CSV file (e.g., theStar() 

generates TheStarNews.csv, i3Investor() generates I3InvestorNews.csv, etc.), so that 

the scraped news data can be reused later for sentiment analysis or further processing. 

 

Figure 5.2.1 Python script of news data retrieval 
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The next section of code is responsible for merging multiple news CSV files 

into a single dataset. Firstly, it searches the current directory for all CSV files that end 

with “News.csv” and prints all of them. Each file corresponds to news articles scraped 

from a different website. The function infer_source_from_filename() automatically 

assigns a news source label (e.g., “The Star”, “i3Investor”, “Free Malaysia Today”, or 

“Yahoo Finance”) based on the filename. This ensures that after merging, you can still 

identify where each article came from. 

After that, all of the CSV files are read into Pandas DataFrames and stored in a 

list. These DataFrames are concatenated into a single merged DataFrame. Next, the 

script performs data cleaning. It drops any records where either the date or the news 

content is missing (NaN), removes duplicate articles, and sorts the articles by date in 

descending order (latest → oldest) and resets the index. Finally, the cleaned and merged 

dataset is saved into a new file named NewsData.csv.  

 

Figure 5.2.2 Python script of merge news data 
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ii. Stocks Data Extraction 

This section of code is designed to scrape and store historical stock data for 

Maybank (1155.KL) from Yahoo Finance. The script navigates to the Yahoo Finance 

page containing Maybank’s historical stock data and pauses for a while to ensure that 

all JavaScript elements are fully rendered before proceeding. Once the page is ready, 

BeautifulSoup is used to parse the HTML and identify the table that contains the stock 

price information. To keep the dataset relevant, the script applies a filter to include only 

records from the past 365 days, discarding any older entries.  

The extracted values are then cleaned and standardized. The commas within 

numeric values are removed, missing values represented by a dash are replaced with 

NaN, and all numerical fields are converted into floating-point format to enable proper 

calculations. The Date column is also converted into a standardized datetime format, 

preparing for future work. Finally, the cleaned and structured stock data is stored in a 

CSV file named Maybank_Stocks_Data.csv. 
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Figure 5.2.3 Python script of stocks data retrieval 
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The code below is used to visualize Maybank’s stock closing price over the past 

year. The script reads the stock data from the CSV file Maybank_Stocks_Data.csv and 

ensures that the "Date" column is correctly converted into a datetime format so that it 

can be properly plotted on the x-axis. The script creates a line graph that plots the "Date" 

against the "Close" values, representing the stock’s daily closing price using matplotlib. 

A line is drawn to connect all these points, to show how the stock price fluctuates over 

time. The graph is labeled with a title, axis labels, and a grid to improve readability. 

Finally, the chart is displayed, allowing for a straightforward visualization of 

Maybank’s stock performance across the last 12 months. 

 

Figure 5.2.4 Python script of stocks data visualization 
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5.2.1.2 Data Pre-Processing 

The raw data are go through pre-processing to improve its quality and usability after 

collection. This includes cleaning, formatting, and transforming data into a consistent 

structure. For news articles, sentiment analysis was performed using different GPT 

models, while for stock data, missing values were handled and date formats 

standardized. 

i. Sentiment Analysis 

The code below is designed to perform sentiment analysis on financial news 

articles about Maybank using OpenAI’s GPT models. It starts by importing the required 

libraries such as pandas, OpenAI, time and etc. The script loads the dataset of news 

articles from newsData.csv and initializes the OpenAI client with an API key.  

After that, a function named gpt_5_sentiment is defined. This function 

constructs a prompt that instructs GPT to act as a financial analyst and assign a 

sentiment score ranging from -1.00 (highly negative) to 1.00 (highly positive), with 

0.00 representing neutral. The function sends this prompt to GPT-5 and retrieves the 

sentiment score, while handling errors by returning None if the request fails. The script 

iterates through every article in the dataset, applies the sentiment analysis function, 

appends the resulting scores to a list, and prints the progress of processing each record. 

The delay of 3 seconds between API calls is to avoid exceeding rate limits. Finally, the 

sentiment scores are stored in a new column of the DataFrame, and saved as gpt-

5_sentiment.csv. This section of code applies to other models also, such as gpt-5-mini 

and gpt-5-nano. 
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Figure 5.2.5 Python script of calling GPT API to perform sentiment analysis 

The code below processes the sentiment analysis results stored in gpt-

5_sentiment.csv to compute the daily average sentiment score of news data. The results 

are rounded to four decimal places for precision and readability. After that, the 

DataFrame is sorted in descending order by date so that the most recent average 

sentiment appears first. Finally, the processed dataset is saved as gpt-

5_avg_sentiment.csv, and both a confirmation message and the resulting DataFrame 

are printed to the console. This step applies to other models also, such as gpt-5-mini 

and gpt-5-nano. 

 

Figure 5.2.6 Python script for calculating average sentiment scores 
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5.2.1.3 Data Integration 

The final step integrates the sentiment scores with stock market data into a single 

dataset. By aligning both datasets based on date to enable further analysis and the 

development of predictive models. 

i. Data Alignment 

This code integrates Maybank’s stock data with the average sentiment scores 

generated from news articles. It loads the stock data (Maybank_Stocks_Data.csv) and 

the sentiment data (gpt-5_avg_sentiment.csv) into two DataFrames. The Date columns 

in both DataFrames are converted into proper datetime objects to ensure accurate 

merging. From the stock dataset, only the Date and Close (closing price) columns are 

retained, as these are the relevant features for analysis. A left join is then performed to 

merge the sentiment scores with the stock closing prices based on matching dates, 

ensuring that all sentiment records are retained even if stock data for a given date is 

unavailable. After merging, the data is sorted in descending order by date, and the row 

index is reset. To handle missing values in the stock prices, forward fill (ffill) is applied 

so that the previous available closing price is used whenever data is missing. Finally, 

the cleaned and merged dataset is saved as gpt-5_Sentiment_And_Closing_Price.csv. 

The same process is used for gpt-5-mini and  gpt-5-nano models also. 

 

Figure 5.2.7 Python script of aligning sentiment scores and closing price 
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5.2.1.4 Github 

Figure 5.2.8 shows the Github repository of this project, Github is used as a data 

storage repository to store data, code, and workflow configurations. The repository is 

used to execute the data preparation code periodically, and store all data generated, 

including initial news data, sentiment analyses, stock price data, and the final ARDL 

datasets. This method of data storage guarantees that the entire system, including the 

Stock Prediction and Web-Based User Interface, has access to the same data. 

The process of updating the repository is integrated into the automated 

workflow. Once the data collection, preprocessing and align steps are run, the new 

datasets are added and pushed to the GitHub repository. This means that the repository 

is always up-to-date with the latest data pipeline status without needing separate 

uploads. 

 

Figure 5.2.8 Github Repository 

Figure 5.2.9 shows the OpenAI API key that used in this project, API key is 

required to securely access the GPT API for sentiment analysis. Instead of hard-coding 

the API key within the source code, the system uses environment variables to manage 

sensitive credentials. The API key is stored as a secret within the GitHub repository 

using the GitHub Actions secrets configuration. 

During workflow execution, the API key is retrieved from the repository’s 

secret storage and injected into the execution environment. This ensures that sensitive 

details are not exposed in the source code and access to external services is secure 

during automated workflows. 
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Figure 5.2.9 Secrets key configure in Github 

The automation of the data preparation process is implemented using GitHub 

Actions in combination with Papermill. GitHub Actions offers a cloud platform for 

running jobs, which can be scheduled or triggered manually. The DataCollection.ipynb 

notebook is run in a reproducible and parameterized way using Papermill. The details 

of the workflow are specified in the pipeline.yml file within the .github/workflows 

directory. The workflow runs various tasks in sequence, such as cloning the repository, 

setting up the Python environment, installing dependencies and running the notebook 

with Papermill. The execution of the notebook produces new datasets, which are 

committed to the repository. This combination allows for a completely automated data 

workflow, with data collection, sentiment generation, preprocessing and dataset 

updating done automatically. This allows for an ever-evolving dataset to be used as a 

source for forecasting and analysis. 

 

5.2.1.5 Papermill 

In addition to the notebook implementation, GitHub is used as the central 

storage platform for the project files and generated datasets. The repository stores the 

raw data, processed sentiment files, stock data, final ARDL datasets, notebook files, 

Python scripts, and workflow configuration files. This allows the Web-Based User 

Interface and Stock Prediction to retrieve updated datasets directly from the repository. 
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The automated execution of the data preparation notebook is handled using 

GitHub Actions and Papermill. GitHub Actions provides the scheduled automation 

environment, while Papermill executes the Jupyter Notebook in a reproducible manner. 

The workflow file is stored under .github/workflows/pipeline.yml. During each 

scheduled execution, the workflow installs the required environment, runs the notebook 

using Papermill, and updates the repository with newly generated data files. 

 

Figure 5.2.10 The Content of Pipeline.yml 

5.2.2 Stock Prediction  

The Stock Prediction is implemented in Python using the ardl.py script. This 

module is responsible for preparing the ARDL modeling dataset, selecting the optimal 

lag order, training the ARDL model, generating forecasts, evaluating prediction 

performance, and conducting additional model analysis such as ECM and lag removal 

testing. 
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The ARDL modeling, evaluation, and analysis component is developed in a 

local Python environment using Visual Studio Code (VS Code). Python version 3.11.x 

is used because it is compatible with the required data science, statistical modeling, and 

visualization libraries. The development environment is supported by the Python, 

Pylance, and Jupyter extensions in VS Code. These extensions assist with code 

execution, debugging, syntax checking, and notebook-based experimentation during 

model development. 

 

5.2.2.1 VSCode  

The ARDL modeling, evaluation, and analysis component is implemented using Python 

in a local development environment. The system uses Python version 3.11.x, which 

provides compatibility with required data science and statistical libraries. 

The development environment is set up using Visual Studio Code (VS Code) with the 

following extensions: 

• Python  

• Pylance  

• Jupyter  

These extensions support code execution, debugging, and interactive notebook 

operations. 

 

5.2.2.2 Virtual Environment Setup 

A virtual environment is created to manage project dependencies and ensure isolation 

from other Python projects. The following commands are executed in the VS Code 

terminal: 

python -m venv .venv 

.venv\Scripts\Activate.ps1 

python -m pip install --upgrade pip 

pip install streamlit pandas matplotlib numpy scikit-learn statsmodels 

The installed libraries support different functions in the Stock Prediction. Pandas and 

NumPy are used for data manipulation and numerical operations. Statsmodels is used 

to implement the ARDL model and OLS-based ECM analysis. Scikit-learn is used to 

calculate evaluation metrics such as MAE and RMSE. Yfinance is used as a 

supplementary source to retrieve missing stock closing prices when required. 
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5.2.2.3 Main Workflow of Stock Prediction  

The main workflow of the Stock Prediction is controlled by the 

run_full_ardl_pipeline() function which is shown as figure below. This function 

connects all major modelling steps into a single pipeline. It receives the dataset as input, 

validates the date and closing price columns, handles missing values when necessary, 

prepares the ARDL dataset, splits the data into training and testing sets, selects the best 

lag order, trains the ARDL model, performs walk-forward forecasting, calculates 

evaluation metrics, and produces a next-day prediction. 

Before the ARDL model is trained, the dataset must be converted into a 

modeling-ready format. This step is implemented using the prepare_ardl_data() 

function. The function identifies sentiment columns, selects the required variables, sorts 

records by date, removes incomplete records, and constructs the next-day closing price 

as the prediction target. The target variable is created by shifting the closing price one 

step forward, which allows the model to predict the next trading day’s closing price 

using current and historical information. 

After the ARDL dataset is prepared, the data is divided into training and testing 

sets using a time-series split. Unlike random splitting, this approach preserves the 

chronological order of the data, which is necessary for stock forecasting because future 

observations must not be used to train models for past predictions. 

The optimal ARDL lag order is selected using the get_best_order() function. 

This function evaluates different combinations of autoregressive lag p and sentiment 

lag q. In the current implementation, the search range is from 0 to 5 for both p and q. 

For each lag combination, an expanding-window cross-validation process is applied. 

The training window increases progressively, while the next portion of the data is used 

as the validation set. This approach is suitable for time-series data because it maintains 

the temporal sequence of observations. 

For every valid ARDL(p, q) combination, the model is fitted using the training 

fold and evaluated on the validation fold. The system calculates MAE, RMSE, and AIC 

for each fold. The average values across all folds are then stored in the cross-validation 

result table. The best lag order is selected by sorting the results based on RMSE, 

followed by MAE and AIC. This selection strategy prioritizes forecasting accuracy 

while still considering model quality. 
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After the optimal lag order is identified, the ARDL model is estimated using the 

run_ardl_model() function. This function fits the ARDL model using the selected p and 

q values, the next-day closing price as the dependent variable, and the sentiment 

variables as explanatory variables. 
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Figure 5.2.11 The run_full_ardl_pipeline() function 
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5.2.2.4 Walk-Forward Forecasting 

The forecasting process is implemented using walk-forward forecasting. This 

method simulates real-world prediction conditions by training the model on available 

historical data and predicting the next observation. After each prediction, the actual 

observation is added to the historical dataset before the next prediction is made. This 

prevents the model from using future data and provides a more realistic evaluation of 

forecasting performance. The prediction results are stored together with their 

corresponding actual values. This output is later used to generate the actual-versus-

predicted forecast chart and to compute performance metrics. 

Model performance is evaluated using the calculate_metrics() function. The 

function computes Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), 

and AIC. MAE measures the average absolute forecasting error, while RMSE penalizes 

larger prediction errors more heavily. AIC is obtained from the fitted ARDL model and 

is used to evaluate model quality while considering model complexity. 

In addition to testing-set forecasting, the system also generates a next-day 

prediction using the predict_next_day() function. This function fits the ARDL model 

using the full available dataset and predicts the next closing price. If no future sentiment 

value is available, the system uses a neutral sentiment value as the default input. This 

allows the dashboard to provide an estimated next-day closing price after the latest 

available observation. 

 

Figure 5.2.12 The predict_next_day() function 
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5.2.2.5 Error Correction Model 

The Stock Prediction also includes an Error Correction Model implementation 

through the run_manual_ecm() function. ECM is only constructed when both the 

autoregressive lag p and sentiment lag q are at least one. This condition is required 

because the ECM formulation depends on lagged values of both the dependent variable 

and the explanatory variable. 

The ECM implementation first creates lagged variables for the dependent 

variable and sentiment variables. It then computes first differences to represent short-

run changes. A long-run regression is estimated using lagged variables, and the residual 

relationship is used to construct the Error Correction Term (ECT). Finally, an OLS 

regression is fitted using the ECT, differenced variables, and selected lag terms. The 

ECT coefficient and p-value are later extracted to evaluate whether the adjustment 

toward long-run equilibrium is negative and statistically significant. 

The Error Correction Term is constructed from the long-run relationship 

between the lagged dependent variable and lagged sentiment variables. This allows the 

system to evaluate whether deviations from long-run equilibrium are corrected over 

time. 

The model also supports lag removal testing. This feature allows selected 

sentiment lags to be excluded from the model so that the forecasting performance of 

the original lag structure can be compared with a simplified structure. The comparison 

is based on RMSE and MAE, which helps determine whether removing less useful lags 

improves prediction accuracy.  
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Figure 5.2.13 The run_manual_ecm() function 

 

5.2.3 Web-Based User Interface 

The Web-Based User Interface is implemented using Streamlit in the app.py 

script. This component provides an interactive platform that allows users to configure 

the forecasting model, execute the ARDL pipeline, and visualize the results. It acts as 

the interface between user inputs and the underlying data preparation and modeling 

components. 

 

5.2.3.1 System Execution 

The forecasting system is executed using Streamlit, which provides a web-based 

interface for user interaction. The application is launched locally using the following 

command: 

 python -m streamlit run app.py 

Once executed, the system opens in a web browser, allowing users to interact with the 

forecasting model and view results dynamically. 
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The sidebar component allows users to configure the forecasting model. Users 

can select the target bank, the GPT model used for sentiment generation, and the news 

source. These selections determine which dataset is loaded and which ARDL model is 

executed. The interface also provides optional controls for displaying training data in 

the forecast chart and for showing the full ARDL summary table. 

 

Figure 5.2.14 The code for sidebar 

In addition, lag removal testing is supported to evaluate simplified model 

structures. The system compares forecasting performance before and after removing 

selected lag variables, allowing users to assess whether model simplification improves 

prediction accuracy. 
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Figure 5.2.15 The code for lag removal 

 

5.3    System Operation (with Screenshot)  

 

Figure 5.3.1 Main user interface showing configuration selection options 
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Figure 5.3.2 Demonstrating the forecasting performance of the ARDL model 

 

Figure 5.3.3 Model performance metrics used to evaluate forecasting accuracy 

 

Figure 5.3.4 ECM analysis and lag removal testing results 
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5.4    Implementation Issues and Challenges 

5.4.1 Data Availability and Quality Issues 

One of the main challenges encountered in this project is the availability and 

quality of financial news data. The dataset is collected from multiple online sources, 

and the amount of news varies across different time periods. 

In particular, there are periods where very few or no news articles are available, 

resulting in sentiment values that are either missing or close to zero. This creates an 

imbalance in the dataset and may affect the reliability of sentiment-based modeling. 

To address this issue, missing sentiment values are handled by assigning neutral 

values (0), and multiple news sources are combined to increase data coverage. This 

helps improve the consistency of the dataset used for modeling. 

 

5.4.2 Limited Impact of Sentiment on Stock Prices 

Another challenge observed during implementation is that sentiment does not 

always have a strong or statistically significant impact on stock prices. In many cases, 

sentiment variables are found to be insignificant in the ARDL model. 

This may be due to the complexity of financial markets, where stock prices are 

influenced by multiple factors beyond news sentiment, such as macroeconomic 

conditions, company performance, and investor behavior. 

Despite this limitation, the model is still useful for exploring potential 

relationships and understanding delayed effects of sentiment on stock prices. 

 

5.4.3 Complexity of Integrating Multiple Components 

The system integrates multiple components, including data collection, 

sentiment analysis, ARDL modeling, ECM analysis, and user interface interaction. 

Managing the interaction between these components presents a challenge in terms of 

system design and implementation. 

Ensuring that each component communicates correctly and produces consistent 

results requires careful structuring of the code and data flow. 

This challenge is addressed by modularizing the system into separate 

components, such as data processing, modeling, and visualization modules. This 

improves maintainability and allows easier debugging and future extension of the 

system. 
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5.5    Concluding Remark 

This chapter has presented the implementation of the stock trend forecasting 

system. The system is successfully developed using a combination of data preparation, 

ARDL modeling, and a web-based user interface. The hardware and software setup 

demonstrate that the system can be implemented using normal computing resources 

without requiring high-cost equipment. 

The integration of multiple components, including automated data collection, 

sentiment analysis using GPT models, and econometric modeling, enables the system 

to perform one-step-ahead forecasting effectively. The inclusion of evaluation metrics, 

lag analysis, and Error Correction Model (ECM) further enhances the analytical 

capability of the system. 

Despite several implementation challenges, such as data availability and quality 

issues and limited impact of sentiment on stock prices, appropriate solutions have been 

applied to ensure system reliability and performance. The developed user interface 

allows users to interact with the model, visualize results, and explore the impact of 

different configurations dynamically. 

Overall, the implementation demonstrates that the proposed approach is feasible 

and practical for short-term stock trend forecasting using sentiment analysis. The 

system not only provides prediction results but also offers valuable insights into the 

relationship between news sentiment and stock price movements.  
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CHAPTER 6 

 

SYSTEM RESULT AND DISCUSSION 

6.1    System Result and Discussion 

This section presents the testing results and performance evaluation of the 

proposed stock price forecasting system. The evaluation is conducted using two 

Malaysian banking stocks, namely Maybank and Public Bank, in order to assess the 

robustness and generalizability of the system across different datasets. 

The dataset used in this study spans approximately two years, from 1 March 

2024 to the current date in 2026. This period includes a sufficient number of financial 

news articles and stock price observations, covering both stable and volatile market 

conditions. Such a dataset allows the system to be evaluated under realistic scenarios 

and supports a more comprehensive analysis of model performance. 

 

6.1.1 Result of News and Stock Data Collection 

The News and Stock Data Preparation is responsible for collecting financial 

news data, preprocessing the collected data, and generating sentiment scores for use in 

the forecasting model. This module forms the foundation of the entire system, as the 

quality of the input data directly affects the performance of the ARDL model. 

The data collection process gathers financial news articles related to Maybank 

and Public Bank from multiple sources, including The Star, Free Malaysia Today, 

i3Investor, and Yahoo Finance. The collected data is stored in CSV format and 

continuously updated through the automated pipeline. 

 

Figure 6.1.1.1 News Data Collected in Github 
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A total of 1,104 news articles were collected across all sources and banks. The 

distribution of the collected news data is summarized as follows: 

• Maybank  

o Free Malaysia Today: 39 articles  

o i3Investor: 334 articles  

o The Star: 217 articles  

o Yahoo Finance: 5 articles  

o Total: 595 articles  

• Public Bank  

o Free Malaysia Today: 12 articles  

o i3Investor: 254 articles  

o The Star: 237 articles  

o Yahoo Finance: 6 articles  

o Total: 509 articles  

This distribution shows that the majority of news articles are sourced from 

i3Investor and The Star, while Yahoo Finance contributes relatively fewer articles. The 

imbalance in the number of articles across sources may influence the sentiment 

aggregation and is considered during analysis. 

This indicates that sufficient data is available for sentiment analysis, which aims 

to perform sentiment analysis on financial news obtained from multiple sources. The 

use of multiple sources also ensures diversity in reporting styles and perspectives, 

which is important for capturing a more comprehensive representation of market 

sentiment. 

 

6.1.2 Result of Data Preprocessing for News and Sentiment Analysis 

After data collection, preprocessing is performed to clean and standardize the 

dataset. This step includes handling missing values, normalizing date formats, and 

merging news data from different sources into a unified structure. The preprocessing 

stage ensures that inconsistencies between different data sources are resolved before 

further analysis. 

The preprocessing results demonstrate that the cleaned dataset is well-structured 

and suitable for analysis. As shown in the figure below, the merging process aligns all 

news articles into a consistent format, allowing sentiment analysis to be performed 
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across all sources. This step is essential because inconsistencies in raw data could 

otherwise introduce noise into the sentiment analysis process. 

 

Figure 6.1.2.1 The news content after data cleaning and merging 

Following preprocessing, sentiment analysis is performed using GPT models. 

Each news article is assigned a sentiment score within the range of -1 to 1, representing 

strongly negative to strongly positive sentiment. The figure below shows the sentiment 

scores are then aggregated on a daily basis and grouped by news source. 

 

Figure 6.1.2.2 The sentiment analysis result for GPT-5 
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Figure 6.1.2.3 The sentiment analysis result for GPT-5-mini 

 

Figure 6.1.2.4 The sentiment analysis result for GPT-5-nano 
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The sentiment analysis results show that sentiment varies over time and across 

different news sources. Some sources exhibit more stable sentiment trends, while others 

show higher variability. This variation indicates that different news platforms may 

emphasize different aspects of financial events, leading to differences in sentiment 

signals. 

Figure 6.1.2.3 supports us to investigate the impact of different news sources on 

stock market movements. The presence of varying sentiment patterns suggests that the 

choice of news source can influence the sentiment input used in the forecasting model, 

which may subsequently affect ARDL model performance.  

 

Figure 6.1.2.5 Relationship between sentiment by selected all source and close price 

 

6.1.3 Result of Data Alignment 

Finally, the News and Stock Data Preparation successfully produces a 

structured dataset that integrates stock price data with sentiment scores derived from 

multiple sources. This dataset serves as the input for the Stock Prediction and enables 

further analysis of the relationship between sentiment and stock price movements. 

During the data alignment process, sentiment scores are synchronized with the 

corresponding stock closing prices based on the date. Since financial news is not 

published every day, some dates may not have available sentiment values. To ensure 

consistency and maintain a continuous time series, missing sentiment values are 

handled by filling them with 0, indicating a neutral sentiment. This approach prevents 

data gaps and allows the ARDL model to process the dataset without interruption while 

preserving the temporal alignment between sentiment and stock price data. 
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Figure 6.1.3.1 The final dataset that included stock closing price and sentiments from 

various sources 

 

6.2 Stock Prediction Result 

6.2.1 Maybank 

6.2.1.1 ARDL Model 

The Stock Prediction is applied to the Maybank dataset to evaluate the 

effectiveness of the ARDL model in forecasting next-day stock closing prices using 

sentiment-derived features. The model incorporates both lagged stock prices and 

sentiment variables to capture temporal dependencies and delayed market reactions. 

The forecasting performance of the model is first evaluated using the actual 

versus predicted stock price comparison. 
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Figure 6.2.1.1.1 GPT-5 Actual vs Predicted Stock Price Comparison for Maybank 

Based on the results, the ARDL model is able to closely follow the overall trend 

of Maybank stock prices. The predicted values align well with the actual values, 

particularly during stable periods. Quantitatively, the model achieves an RMSE of 

approximately 0.13 and an MAE of approximately 0.09, indicating a relatively low 

prediction error. The AIC value further confirms that the selected ARDL(1,3) model 

(means 1 lag for close price and 3 lags for sentiment) provides a good balance between 

model fit and complexity compared to other lag configurations. 

Although minor deviations can be observed during periods of higher volatility 

(2026-01 until 2026-03), the model successfully captures the direction of price 

movements. This demonstrates that the ARDL model is capable of generating reliable 

short-term forecasts for the Maybank dataset. 

 

Figure 6.2.1.1.2 GPT-5 ARDL Result for Maybank 
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6.2.1.2 GPT Models Result Comparison 

To quantitatively evaluate the model performance, RMSE, MAE, and AIC are 

used as evaluation metrics. 

 

Figure 6.2.1.2 Performance Comparison among different GPT model for Maybank 

The results show that all of the GPT models produce similar forecasting 

performance, with RMSE values around 0.12 and MAE values around 0.09. These 

relatively low error values indicate that the model is able to produce accurate 

predictions. The AIC values also suggest that the selected ARDL model achieves a 

good balance between model fit and complexity. 

An important observation from the experimental results is the instability of the 

GPT-5-nano model in sentiment-based stock prediction. Unlike GPT-5 and GPT-5-

mini, which tend to produce consistent ARDL lag structures, GPT-5-nano exhibits 

significant variation in both lag selection and model performance when the dataset is 

slightly updated. 

 

Figure 6.2.1.3 ARDL(0,5) when used GPT-5-nano’s dataset 
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In earlier results, GPT-5-nano selects an ARDL(0,5) structure, indicating that 

the model does not rely on the autoregressive component of stock prices but instead 

depends heavily on multiple lagged sentiment variables. In this configuration, several 

sentiment lag terms are statistically significant, suggesting a strong influence of 

sentiment on stock price movements. 

 

Figure 6.2.1.4 ARDL(1,1) when used GPT-5-nano’s dataset 

However, in later results, GPT-5-nano selects a different lag structure, such as 

ARDL(1,1), and the overall model performance changes accordingly. This shift occurs 

even though the dataset is only slightly updated, indicating that the model is highly 

sensitive to small variations in input data. 

This instability suggests that GPT-5-nano produces less consistent sentiment 

signals compared to larger models. As a result, the ARDL model built on top of GPT-

5-nano sentiment is more volatile in terms of lag selection, statistical significance, and 

forecasting performance. 

From a modeling perspective, this finding highlights the importance of 

robustness in sentiment generation. While GPT-5-nano may occasionally produce 

competitive or even superior results, its lack of stability makes it less reliable for 



CHAPTER 6 

65 
Bachelor of Computer Science (Honours)  

Faculty of Information and Communication Technology (Kampar Campus), UTAR 
 

consistent forecasting. Therefore, larger models such as GPT-5 and GPT-5-mini may 

be more suitable for practical applications where stability is required. 

 

6.2.1.3 Lag Selection Test 

In terms of model structure, both GPT-5 and GPT-5-mini consistently select an 

ARDL(1,3) configuration. This indicates that the model relies on one lag of the stock 

price and up to three lags of sentiment variables to capture the relationship between 

sentiment and price movement. 

Figure 6.2.1.5 GPT-5 Lag Selection Results for Maybank 

The lag selection results highlight that different lag combinations produce 

varying levels of performance, and the ARDL(1,3) model is selected as the optimal 

configuration based on cross-validation with lowest RMSE. This supports the 

methodology described in Chapter 3, where expanding-window cross-validation is used 

to determine the optimal lag order. 

 

6.2.1.4 Error Correction Model 

In addition to ARDL forecasting, the Error Correction Model (ECM) is 

constructed to further examine the dynamic relationship between sentiment and stock 

price movements. 
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Figure 6.2.1.6 Error Correction Model for Maybank GPT 5 

The ECM result provides the coefficient and p-value of the error correction term. 

A negative error correction coefficient indicates that the model has an adjustment 
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mechanism toward long-run equilibrium, while the p-value is used to determine 

whether this adjustment is statistically significant, if p-value < 0.05 means significant; 

otherwise means not significant. Based on the result, the ECM analysis helps evaluate 

whether deviations between sentiment and stock price are corrected over time. However, 

the interpretation depends on whether the selected ARDL lag structure satisfies the 

ECM requirement and whether the error correction term is statistically significant. 

 

6.2.1.5 Lag Removal Test 

Further analysis is conducted to evaluate the statistical significance of sentiment 

variables within the ARDL model. 

Figure 6.2.1.7 GPT-5 Sentiment Lags Significance for Maybank 

The estimated results show that the coefficient for Sentiment.L1 is 0.012 with a 

p-value of 0.412, Sentiment.L2 has a coefficient of -0.008 with a p-value of 0.537, and 

Sentiment.L3 has a coefficient of 0.015 with a p-value of 0.289. All sentiment lag 

variables have p-values greater than 0.05, indicating that none of the sentiment terms 

are statistically significant at the 5% significance level. 

This suggests that, in the case of Maybank, sentiment does not provide strong 

direct explanatory power for stock price movements. However, the inclusion of 

sentiment variables still contributes to the overall model structure and may capture 

delayed or indirect effects. 

Lag removal testing is also performed to evaluate whether simplifying the 

sentiment lag structure improves forecasting performance. The lag removal result 

compares the original ARDL model with the modified model after selected sentiment 

lags are removed. In this case, we try to remove the lag who has the highest p-value. 

The comparison is based on RMSE and MAE. If the modified model produces lower 

RMSE or MAE, it suggests that removing less useful lag terms may improve prediction 

accuracy. If the error values increase after lag removal, it indicates that the removed lag 

terms still contribute useful information to the forecasting model. 
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In addition, the validity of the Error Correction Model (ECM) must also be 

considered. Specifically, the Error Correction Term (ECT) is expected to be negative 

and statistically significant. A negative ECT indicates that the system converges back 

to the long-run equilibrium after short-term deviations. If the ECT becomes positive or 

insignificant after lag removal, it suggests that the long-run relationship may no longer 

be stable, even if short-term prediction accuracy improves. 

This analysis is important because not all sentiment lags contribute equally to 

stock prediction. Some lag terms may introduce noise instead of improving forecasting 

accuracy. Therefore, ECM and lag removal testing provide additional insight beyond 

basic prediction accuracy and help improve the interpretability of the ARDL model. 

Another important finding is the impact of lag removal on model performance. 

In the ARDL(1,3) configuration for Maybank using GPT-5, multiple sentiment lag 

terms are initially included in the model. However, not all lag terms contribute equally 

to forecasting accuracy. 

 

Figure 6.2.1.8 ECM when no lag removed 

The original model includes all sentiment lag terms, but some of these terms are 

not statistically significant. This suggests that certain lag variables may introduce noise 

instead of improving prediction accuracy. 
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Figure 6.2.1.9 ECM when L3 removed 

After removing the sentiment lag with the highest p-value (L3), the model 

performance shows slight improvement. This indicates that the removed lag may not 

provide useful information and may negatively affect the model when included. 

 

Figure 6.2.1.10 ECM when L3 and L2 removed 

Further lag removal was also tested to examine whether additional 

simplification could improve the model. However, after removing both L3 and L2, the 

ECM result becomes slightly weaker compared with removing only L3. Specifically, 

the ECT changes from -0.0288 to -0.0281, while the p-value increases from 0.0054 to 

0.0059. Although the ECT remains negative and statistically significant, the adjustment 

speed toward long-run equilibrium becomes slightly slower. Therefore, L2 is retained 

in the model, and only L3 is removed, as this provides a better balance between 
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forecasting performance and long-run equilibrium stability.This finding suggests that 

the optimal lag structure is not necessarily the most complex one. Including too many 

lag terms may introduce unnecessary complexity and reduce model generalization. 

Therefore, lag removal testing is an important step to identify the most effective model 

configuration. 

Overall, this result highlights the importance of model simplification and 

supports the use of lag analysis as part of the ARDL modeling process. 

 

6.2.2 Public Bank  

6.2.2.1 ARDL Model 

The Stock Prediction is applied to the Public Bank dataset to evaluate the 

effectiveness of the ARDL model in forecasting next-day stock closing prices using 

sentiment-derived features. Unlike the Maybank case, the selected ARDL model for 

Public Bank exhibits a simpler structure, where sentiment variables are not included in 

the final model. 

The forecasting performance of the model is first evaluated using the actual 

versus predicted stock price comparison. 

 

Figure 6.2.2.1 GPT-5 Actual vs Predicted Stock Price Comparison for Public Bank 

Based on the results, the ARDL model is able to closely follow the overall trend 

of Public Bank stock prices. The predicted values align well with the actual values, 

particularly during stable periods. Quantitatively, the model achieves an RMSE of 

approximately 0.05 and an MAE of approximately 0.04, indicating a relatively low 

prediction error. The AIC value further confirms that the selected ARDL(1,0) model 
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(means selected 1 lag for close price and no lag for sentiment) provides a good balance 

between model fit and complexity compared to other lag configurations. 

Although minor deviations can be observed during periods of higher volatility 

that has been mention previously (2026-01 until 2026-03), the model successfully 

captures the direction of price movements. This demonstrates that the ARDL model is 

capable of generating reliable short-term forecasts for the Maybank dataset. 

 

6.2.2.2 GPT Models Result Comparison 

To quantitatively evaluate the model performance, RMSE, MAE, and AIC are 

used as evaluation metrics. 

 

Figure 6.2.2.2 Performance Comparison among different GPT model for Public Bank 

The results show that all of the GPT models produce similar forecasting 

performance, with RMSE values around 0.12 and MAE values around 0.09. These 

relatively low error values indicate that the model is able to produce accurate 

predictions. The AIC values also suggest that the selected ARDL model achieves a 

good balance between model fit and complexity. 

 

6.2.2.3 Lag Selection Test 

In terms of model structure, all GPT models consistently select an ARDL(1,0) 

configuration. 
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Figure 6.2.2.3 GPT-5 Lag Selection Results for Public Bank 

This indicates that the model relies only on one lag of the stock price, while no 

lagged sentiment variables are included. The selection of ARDL(1,0) suggests that 

sentiment does not provide additional explanatory power for the Public Bank dataset in 

the current configuration. 

This result is consistent across all GPT models, further confirming that 

sentiment information does not contribute significantly to the model performance for 

this particular stock. 

 

 

6.2.2.4 Error Correction Model and Lag removal 

Unlike the Maybank case, the Error Correction Model (ECM) cannot be 

constructed for Public Bank. 

As discussed in Chapter 3, ECM requires at least one lag in both the dependent 

variable and the explanatory variable. In this case, the selected ARDL(1,0) model has 

no lagged sentiment variable (q = 0), which violates the necessary condition for ECM 

construction. Therefore, no ECM analysis is performed. 

Since no sentiment lags are included in the selected ARDL model, statistical 

significance testing and lag removal analysis are not applicable for the Public Bank 

case. 
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The absence of sentiment variables in the final model suggests that sentiment 

does not have a statistically significant contribution to explain stock price movements 

for Public Bank within the scope of this study. This differs from the Maybank results, 

where sentiment variables are included but often found to be statistically insignificant. 

This highlights the Public Bank stock change does not rely on news sentiment, 

where the absence of significant sentiment lag effects prevents further investigation of 

long-run equilibrium relationships between sentiment and stock prices. 

 

6.2.3 Web-Based User Interface 

The Web-Based User Interface is developed to provide an interactive platform 

for users to explore the forecasting results and analytical outputs generated by the 

system. The interface integrates data processing, sentiment analysis, and ARDL 

modeling into a single dashboard, allowing users to easily configure inputs and 

visualize outputs. 

As the figure below, the interface provides several configuration options, 

including the selection of bank (Maybank or Public Bank), GPT model (GPT-5, GPT-

5-mini, GPT-5-nano), and news source (individual sources or combined dataset). These 

options allow users to dynamically adjust the input parameters and observe how 

different configurations affect the forecasting results. 

 

Figure 6.2.3.1 Configuration Panel of the Web-Based Interface 
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In addition to model configuration, the interface includes optional display 

settings such as showing training data in the forecast chart and displaying the full 

ARDL summary table. These options enhance the flexibility of the system by allowing 

users to control the level of detail presented in the analysis. 

Once a configuration is selected, the system generates multiple outputs within 

the same interface. These include stock closing price trends, sentiment trends, and the 

ARDL forecasting results. The integration of these components enables users to 

compare actual and predicted values, observe sentiment patterns, and analyze model 

performance in a unified view. 
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Figure 6.2.3.2 Stock Closing Price Trends, Sentiment Trends, and the forecasting 

results in the UI 
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Overall, the Web-Based User Interface enhances the interpretability and 

accessibility of the forecasting system by transforming complex analytical outputs into 

an interactive and user-friendly format. This allows users to better understand the 

relationship between sentiment and stock price movements without requiring in-depth 

technical knowledge. 

 

6.3 Impact of Different News Sources 

The system allows sentiment data to be generated from different news sources, 

including The Star, Yahoo Finance, Free Malaysia Today, and i3Investor, as well as a 

combination of all sources. This provides an opportunity to observe how different 

sources influence forecasting results. 

 

Figure 6.3.1 Performance Metrics when news from all sources are included 

When all news sources are combined, the model produces a balanced sentiment 

signal that reflects a mixture of perspectives. This often results in stable forecasting 

performance. 
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Figure 6.3.2 Performance Metrics when only news from The Star are included 

When using only The Star as the sentiment source, the forecasting results show 

slight variation in RMSE, MAE, and lag selection. This suggests that individual news 

sources may capture specific aspects of market sentiment. 

 

Figure 6.3.3 Performance Metrics when only news from Yahoo Finance are included 

Similarly, using Yahoo Finance produces different prediction results and model 

configurations. This indicates that financial-focused news sources may provide 

sentiment signals that differ from general news platforms. 
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Figure 6.3.4 Performance Metrics when only news from Free Malaysia Today are 

included 

The results from Free Malaysia Today also show variation in model performance and 

lag structure. This further supports the observation that different sources contribute different 

sentiment characteristics. 

 

Figure 6.3.5 Performance Metrics when only news from i3Investor are included 

For i3Investor, which is more investor-oriented, the sentiment signals may reflect 

market opinions rather than formal news reporting, leading to different forecasting behavior. 

Overall, the results indicate that different news sources produce varying sentiment 

signals, which in turn influence ARDL model performance and lag selection. Based on the 

observed results, it can be seen that the performance differences across news sources are 
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relatively small, with RMSE and MAE values remaining within a close range. This suggests 

that no single news source consistently outperforms the others in terms of forecasting accuracy. 

However, certain tendencies can still be observed. When all news sources are combined, 

the model tends to produce more stable results, as the sentiment signal reflects a broader range 

of perspectives. In contrast, using individual sources may lead to slight variations in 

performance and lag selection, indicating that each source captures different aspects of market 

sentiment. 

Despite these observations, the differences are not sufficiently large or consistent to 

conclude that one specific news source is superior. Therefore, this study does not identify a 

single best-performing source, but instead highlights that combining multiple sources may 

provide a more balanced and stable sentiment signal. 

 

6.4    Objectives Evaluation  

The first objective, which is to perform sentiment analysis on financial news 

data, is successfully achieved. The system is able to collect news data from multiple 

sources, including Yahoo Finance, The Star, Free Malaysia Today, and i3Investor, and 

generate sentiment scores using different GPT models (GPT-5, GPT-5-mini, and GPT-

5-nano). The generated sentiment scores are standardized on a continuous scale from -

1 to 1 and successfully integrated into the data pipeline. This demonstrates that 

unstructured textual data can be effectively transformed into structured numerical 

features for further analysis. 

The second objective, which is to implement ARDL regression for predicting 

stock trends, is also successfully achieved. The ARDL model is able to produce reliable 

short-term forecasts, as indicated by low RMSE and MAE values and the close 

alignment between predicted and actual stock prices. In addition, the model supports 

lag selection and dynamic analysis, allowing the system to capture temporal 

dependencies between stock prices and sentiment variables. The implementation of 

ARDL confirms its suitability as a forecasting approach for time-series data in this 

study. 

The third objective, which is to evaluate the performance of different GPT 

models on stock prediction, is successfully achieved. The experimental results show 

that different GPT models produce slightly different sentiment scores, which in turn 

influence lag selection and model structure in certain cases. However, the overall 
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forecasting performance remains relatively consistent across all models, indicating that 

while sentiment generation varies across models, its impact on prediction accuracy is 

limited. This finding provides valuable insight into the role of sentiment models in 

financial forecasting systems. 

The fourth objective, which is to develop a web-based user interface for stock 

prediction based on news sentiment, is successfully achieved. The developed interface 

allows users to configure input parameters, including bank selection, GPT model, and 

news source, and dynamically visualize forecasting results. The system successfully 

integrates front-end interaction with back-end data processing and modeling 

components, demonstrating a complete end-to-end implementation of the proposed 

system. 

Overall, all research objectives are achieved. The system demonstrates strong 

capability in data processing, forecasting, and system integration. However, the 

findings also reveal that the contribution of sentiment variables to stock prediction is 

limited in certain scenarios, particularly when sentiment lags are not selected or are 

statistically insignificant. This suggests that while sentiment analysis provides 

additional contextual information, its effectiveness in stock prediction may depend on 

factors such as data characteristics, lag structure, and model configuration. 

 

6.5    Concluding Remark  

This chapter evaluates the performance of the proposed sentiment-based stock 

forecasting system and discusses the key findings derived from the experimental 

results. The system demonstrates strong forecasting capability in terms of prediction 

accuracy, as indicated by low RMSE and MAE values and the close alignment between 

predicted and actual stock prices. 

However, the results also reveal that sentiment variables are generally not 

statistically significant in many cases, suggesting that their direct explanatory power in 

predicting short-term stock price movements is limited. This indicates that stock price 

dynamics may be influenced more strongly by historical price patterns than by 

sentiment signals alone. 

In addition, the analysis highlights several important insights. The results show 

that smaller language models, such as GPT-5-nano, can produce unstable outcomes, 

with variations in lag selection, statistical significance, and prediction performance 
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when the dataset is slightly updated. This suggests that model robustness is an important 

consideration when using LLM-based sentiment analysis. 

Furthermore, lag removal experiments demonstrate that simplifying the ARDL 

model can sometimes improve forecasting performance, indicating that not all lag 

variables contribute equally and that excessive model complexity may introduce noise. 

The analysis of different news sources also shows that sentiment signals vary across 

sources, although no single source consistently outperforms others. 

Overall, the evaluation confirms that the proposed system is effective as a 

forecasting tool and provides valuable insights into the role of sentiment in financial 

prediction. At the same time, the findings highlight the limitations and challenges of 

using sentiment analysis, emphasizing the need for careful model design, robust 

sentiment generation, and consideration of additional factors in stock market 

forecasting. 
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CHAPTER 7 

 

CONCLUSION AND RECOMMENDATION 

7.1 Conclusion 

This project presents a sentiment-based stock trend forecasting system that 

integrates financial news analysis with time-series modeling. The system begins by 

collecting financial news data from multiple sources, including Yahoo Finance, The 

Star, Free Malaysia Today, and i3Investor. The collected textual data is then processed 

using GPT-based models (GPT-5, GPT-5-mini, and GPT-5-nano) to generate sentiment 

scores on a continuous scale ranging from -1 to 1. These sentiment scores are aligned 

with daily stock closing prices and used as input features for the forecasting model. 

The forecasting component is implemented using the Autoregressive 

Distributed Lag (ARDL) model, which captures both the temporal dynamics of stock 

prices and the lagged effects of sentiment variables. Expanding-window cross-

validation is applied to determine the optimal lag structure, and the model performance 

is evaluated using RMSE, MAE, and AIC. In addition, an Error Correction Model 

(ECM) is constructed in applicable cases to analyze the long-run relationship between 

sentiment and stock prices. A web-based user interface is also developed to allow users 

to interactively explore the forecasting results and model outputs. 

The experimental results reveal several important findings regarding the 

relationship between textual sentiment and financial time series. One of the key findings 

is that the effectiveness of sentiment-based forecasting is highly dependent on the 

characteristics of the generated sentiment data rather than the forecasting model itself. 

Although all three GPT models used in this study (GPT-5, GPT-5-mini, and GPT-5-

nano) share the same Transformer-based architecture, they produce significantly 

different sentiment outputs due to differences in parameter size, training data richness, 

and optimization objectives , which is consistent with findings in prior research on large 

language models [17]. 

In particular, larger models such as GPT-5 demonstrate stronger capability in 

capturing nuanced financial language, including contextual cues such as contrast 

(“but”), uncertainty, and mixed sentiment expressions, which has also been observed 

in previous studies on large-scale language models [18]. As a result, the generated 
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sentiment series exhibits higher variability and richer informational content. In contrast, 

smaller models such as GPT-5-nano tend to produce more neutral and compressed 

sentiment outputs, resulting in lower variance and reduced signal strength. 

These differences in sentiment generation lead to distinct statistical properties 

in the sentiment time series, which directly affect the performance of the ARDL model. 

Since ARDL relies on variations in explanatory variables to detect relationships, 

sentiment series with higher variance and information content are more likely to 

produce meaningful lag structures and stronger predictive performance. Conversely, 

sentiment series with low variability may result in weaker explanatory power and 

different lag selections. 

Another important observation is that the impact of sentiment on stock prices is 

generally weak and often statistically insignificant across different lag structures. In 

many cases, sentiment variables are found to be insignificant regardless of whether they 

are included at the current period or at lagged intervals. For example, in the case of 

Maybank using the GPT-5 model with all news sources, the selected ARDL(1,3) model 

shows that all sentiment lag coefficients have p-values greater than 0.05, indicating a 

lack of statistical significance. 

This finding implies that the relationship between news sentiment and stock 

prices may be weaker than expected, or that sentiment alone is insufficient to explain 

short-term price fluctuations. This observation is consistent with prior studies which 

suggest that sentiment variables may not always exhibit strong statistical significance 

in financial forecasting models [19]. It also reflects the complexity of financial markets, 

where stock prices are influenced by multiple factors beyond textual sentiment, such as 

macroeconomic conditions, firm fundamentals, and investor behavior. 

For Public Bank, the ARDL model results further support the observation that 

sentiment has limited influence on stock price movements. Across different 

configurations, the selected model is consistently ARDL(1,0), indicating that no 

sentiment lag is included in the final specification. 

This suggests that sentiment variables are not selected as relevant predictors 

within the ARDL framework for Public Bank, as they do not improve model 

performance during the lag selection process. In contrast to Maybank, where sentiment 

variables are included but found to be statistically insignificant, the Public Bank results 

indicate that sentiment is excluded entirely due to its lack of contribution to the model. 



CHAPTER 7 

84 
Bachelor of Computer Science (Honours)  

Faculty of Information and Communication Technology (Kampar Campus), UTAR 
 

Furthermore, the Error Correction Model (ECM) analysis  shows that the Error 

Correction Term (ECT) is negative and statistically significant (e.g., ECT ≈ -0.0288, p-

value < 0.01), indicating the presence of a long-run equilibrium relationship between 

the variables. The magnitude of the ECT suggests that approximately 2.8% of the 

deviation from equilibrium is corrected in each period, implying a relatively slow 

adjustment process. However, the adjustment speed is relatively slow, suggesting that 

the relationship between sentiment and stock prices is relatively weak and influenced 

by other external factors. 

Overall, the findings suggest that sentiment analysis can provide useful signals 

for short-term forecasting, but its effectiveness depends heavily on the quality and 

variability of the sentiment data. The study highlights the importance of model 

selection, lag structure analysis, and careful interpretation of sentiment signals in 

financial forecasting applications. 

 

 

7.2 Recommendation 

Based on the findings of this study, several recommendations are proposed for 

future improvement and research. 

Firstly, future work should focus on improving the quality and variability of 

sentiment data. Since the effectiveness of the forecasting model is highly dependent on 

the statistical properties of the sentiment series, more advanced sentiment generation 

approaches should be explored. This may include combining multiple models, applying 

domain-specific fine-tuning, or incorporating additional textual features to enhance 

information richness. 

Secondly, further analysis can be conducted on the statistical properties of 

sentiment time series. Techniques such as variance analysis, autocorrelation analysis, 

and information entropy measurement can be used to better understand how sentiment 

signals influence model performance. This can provide deeper insights into the 

relationship between sentiment and financial data. 

Thirdly, the forecasting framework can be extended by integrating alternative 

modeling approaches. While ARDL provides a strong baseline for linear time-series 

analysis, future studies may explore nonlinear models such as machine learning or deep 

learning approaches to capture more complex relationships. 
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In addition, the system can be enhanced by incorporating additional explanatory 

variables, such as trading volume, technical indicators, or macroeconomic factors. This 

can help improve the robustness and predictive performance of the model. 

Finally, the system can be further developed into a scalable and real-time 

application. Deploying the system in a cloud environment and integrating live data 

streams would allow continuous forecasting and broader practical usage. 
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