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ABSTRACT 

 

During the COVID-19 pandemic, Capital A Berhad, previously known as AirAsia, encountered 

substantial financial difficulties. This raised concerns about its financial health and PN17 

classification status. Hence, this study examines the company’s financial distress by combining 

sentiment analysis with financial data using time-series methods. It investigates how market 

sentiment, drawn from news outlets and customer reviews, influences financial performance 

and highlights discrepancies between the Altman Z-score and the government’s PN17 

classification. Furthermore, the study analyzes the effects of restructuring announcements and 

market expansion efforts on the company’s financial outcomes. Therefore, three forecasting 

approaches are compared: time-series analysis of market indices, company-specific financial 

data, and market sentiment analysis. In this stage, advanced techniques such as LSTM networks 

for financial data and market indices, alongside BERT model for sentiment analysis, are 

utilized to construct predictive models. The study follows the CRISP-DM framework, with 

performance assessed through metrics like mean squared error (MSE) and confusion matrices. 

This is to evaluate the model's accuracy and robustness. Thus, by outlining the strengths and 

weaknesses of each approach, this research offers valuable insights to internal auditors and 

decision-makers at Capital A Berhad, supporting enhanced risk management and financial 

forecasting practices. 

 

Area of Study (Minimum 1 and Maximum 2): Deep Learning-Driven Business Forecasting, 

Financial Risk Analytics 

 

Keywords (Minimum 5 and Maximum 10): Financial Distress Prediction, Risk Management, 

Sentiment Analysis, Time Series Forecasting, PN17 Classification, LSTM Networks 
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Chapter 1 

Introduction 

In this chapter, the background and motivation of the research, our contributions to the 

field, and the outline of the study shall be discussed. 

 

1.1  Problem Statement and Motivation  

As highlighted in the abstract, Capital A Berhad, formerly known as AirAsia, faced 

significant challenges during the COVID-19 pandemic. Hence, this study examines the 

company’s financial distress by combining sentiment analysis with financial data using 

time-series analysis. The primary goal is to predict financial distress, as reflected in the 

government’s PN17 status, and to analyze the impact of market sentiment—sourced 

from news outlets and customer reviews—on the company’s financial performance. 

 

Although the Altman Z-score consistently identifies Capital A Berhad as being in 

financial distress, its PN17 status suggests a contrasting perspective. This research aims 

to investigate this discrepancy by considering not only the company’s financial metrics 

but also how announcements regarding PN17 status, restructuring initiatives, and 

market expansion efforts during the pandemic influence its performance. 

 

The first motivation for this study stems from the importance of Capital A Berhad as a 

major player in Malaysia’s aviation industry and its significant contribution to the 

regional economy. Its financial stability directly affects various stakeholders, including 

investors, employees, and the broader economic ecosystem. The second motivation 

arises from the observed discrepancy. This underscores the fact that traditional financial 

metrics often fail to account for non-financial factors. For instance, market sentiment, 

that can shape financial outcomes. Finally, the third motivation is the need to 

understand how sentiment correlates with financial performance. Thus, this will offer a 

more comprehensive view of financial distress. 

 

By quantitatively analyzing changes in market sentiment and their correlation with the 

company’s financial data, this study seeks to develop a predictive model for forecasting 
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financial distress. The findings aim to provide deeper insights into the factors 

contributing to financial risk and offer a holistic perspective on financial health. 

 

1.2  Objectives 

The first two objectives are addressed in final year project 1, while the remaining two 

are tackled in final year project 2 which is the current project. 

 

The first objective focuses on scraping and cleaning relevant data related to Capital A 

Berhad. This is to prepare it for subsequent data analysis. In fact, this involves 

collecting historical financial data, market indices, and sentiment-related textual data 

from various sources such as customer reviews. Therefore, the goal is to ensure that the 

dataset is clean, reliable, and structured to facilitate effective analysis using time-series 

and sentiment analysis techniques. 

 

The second objective aims to investigate the financial risk of Capital A Berhad by 

employing both time-series analysis and sentiment analysis models. For instance, 

models like Long Short-Term Memory (LSTM) networks for time-series analysis and 

TextBlob for sentiment analysis. These models will help evaluate how market 

sentiment and financial data correlate to predict financial risk. 

 

The third objective involves comparing the models used for time-series and sentiment 

analysis. This is to determine which approach provides the most accurate predictions 

of financial distress. Hence, this will include evaluating the performance of the models 

and their ability to handle different types of data, offering a deeper understanding of 

their strengths and limitations. 

 

Finally, the fourth objective seeks to combine the results of the time-series and 

sentiment analyses to interpret the broader business implications of financial distress. 

Thus, by integrating insights from both models, the study will explore how sentiment 

and financial data together can offer a more comprehensive view of a company’s 

financial health and its potential for recovery or further distress. 
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1.3  Project Scope and Direction  

The scope of this study encompasses the collection and analysis of three main types of 

data. The first is market index data, including historical financial information for 

Capital A Berhad and related market indices. The second involves financial data, such 

as Capital A Berhad’s financial statements, including balance sheets, income 

statements, and cash flow statements. At the same time, sentiment data will be gathered. 

For instance, these sentiment data shall consist of customer reviews, news articles, and 

other textual content which are related to Capital A Berhad. Next, all data will undergo 

preprocessing to ensure high-quality, reliable datasets. 

 

Additionally, the study focuses on developing and applying time-series analysis 

models, such as LSTM. This is to analyze market index and financial data, alongside 

implementing sentiment analysis techniques like Text Blob for textual data. It is also to 

be noted that the analysis period spans from 2004 to 2024. Thus, covering the time 

before, during, and after the pandemic. Next, the processed data from Capital A Berhad 

will be used with these models to evaluate their effectiveness in predicting past financial 

distress or stability. In fact, this evaluation will rely on metrics like Mean Squared Error 

(MSE) and a confusion matrix, classification report to assess the models' performance 

in forecasting future financial health. Lastly, the study will explore the correlation 

between sentiment data and economic performance to create a more accurate picture. 

Furthermore, it is important to note that the scope does not include optimizing the real-

time implementation of the developed models or creating a fully automated forecasting 

system. 

 

1.4 Contributions 

 This research contributes to understanding the financial health and performance of 

Capital A Berhad, particularly in the context of the challenges faced during the COVID-

19 pandemic. By focusing on this prominent company in Malaysia’s aviation sector, 

the study provides valuable insights into how external factors, such as market sentiment 

and public perception, interact with traditional financial data to affect its stability. This 

is because Capital A Berhad plays a significant role in the regional economy, coupled 

with its status under financial distress as indicated by the Altman Z-score and its PN17 

classification. Thus, this presents a unique case for exploring the limitations of 
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conventional financial metrics and the importance of incorporating non-financial data 

sources into predictive models. 

 

Besides, this study contributes to the broader body of knowledge regarding Capital A 

Berhad’s financial strategies and challenges, especially during the pandemic. This 

includes its efforts in restructuring and expanding into new markets. Therefore, by 

analyzing news articles, customer reviews, and how these efforts influenced the 

company’s financial trajectory, the study sheds light on the complex factors that drive 

a company's performance in times of crisis. This offers insights into how sentiment 

analysis can complement traditional financial analysis in assessing a company’s risk 

and stability. Hence, these findings have practical implications for investors, financial 

analysts, and policymakers who are interested in understanding the multifaceted nature 

of financial distress and recovery. This is essential in industries significantly impacted 

by global disruptions, such as the aviation sector. 

 

Lastly, this study contributes to the field of financial distress prediction by performing 

a comparative analysis of time series analysis using market indices, time series analysis 

with financial data, and market sentiment analysis. Therefore, by examining these three 

approaches side by side, financial distress indicators and their significance can be 

identified. Besides, this comparison also fills a gap in existing research. For example, 

previous studies either focus on individual methods or compare market index-based 

predictions across sectors without targeting specific companies. 

 

1.5  Report Organization 

The details of this research are organized in the following chapters. In Chapter 1, the 

problem statement, objectives, scope, and contributions of the study are introduced. In 

Chapter 2, a literature review, covering Capital A Berhad formerly known Air Asia’s 

background, financial distress metrics, and past studies on time series and sentiment 

analysis, along with a comparative analysis of strengths and weaknesses is provided. In 

Chapter 3, an overview of the system model, including diagrams, equations, and a 

timeline is provided. This illustrates the integration of time series and sentiment 

analysis for financial performance evaluation.  Next, Chapter 4, focuses on 

implementing system design, featuring block diagrams, hardware and software 
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specifications, and machine learning workflows for decision trees, LSTM forecasting, 

and sentiment analysis using TextBlob, FinBERT, and BERT. In Chapter 5, the 

experimental setup, data extraction, preprocessing, imputation, and analysis, followed 

by time-series and sentiment modeling, combined results, and implementation 

challenges are described. In Chapter 6, the system’s performance is evaluated, testing 

results are discussed, and project challenges, and objectives are assessed whether they 

are met. Finally, Chapter 7 concludes the research, summarizing key findings and 

providing recommendations for future improvements. Therefore, this structured 

approach ensures a comprehensive exploration of financial distress prediction through 

combined analytical methods. 
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Chapter 2 

Literature Review 

2.1 Capital A Berhad/Air Asia  

2.1.1 Capital A Berhad/Air Asia Overview 

Capital A Berhad, formerly AirAsia Group Berhad, is a Malaysian holding company. 

In fact, the company transitioned into a low-cost carrier in 2001 under Tony Fernandes's 

leadership. In general, the company primarily invests in and manages a diverse range 

of travel and lifestyle businesses [1]. It is to be noted that this introduction shall provide 

some context on the significant events that occurred during the period for a more 

comprehensive analysis.  

 

During pre-pandemic 2019, AirAsia had established itself as the largest airline in 

Malaysia by fleet size and destinations with an operation of over 166 routes across 25 

countries [1]. Regardless, AirAsia faced challenges in late 2019 due to rising 

operational costs and increasing competition within the aviation sector. Hence, the 

company is reported to have suffered net losses of approximately $66 million and have 

its liabilities exceeded its assets by $430 million [2]. 

 

As for during the pandemic in March 2020, the airline had to suspend most of its flights. 

Thus, it leads to substantial revenue losses. As a result, the company took steps to 

reduce costs. For instance, implementing layoffs and cutting compensation. 

Meanwhile, the company also accelerated its shift toward digital transformation and 

expanded its operations into e-commerce, logistics, and food delivery [2]. Fortunately, 

by 2023, the airline experienced a strong recovery in passenger traffic, surpassing pre-

pandemic load factors. For instance, from January to June 2023, AirAsia Philippines 

achieved a 92% load factor, demonstrating robust demand for air travel [3]. 

 

In the post-pandemic period, as this report is being written, the company is in the 

process of selling its aviation business to AirAsia X Bhd (AAX) for RM6.8 billion to 

fortify both businesses and improve their financial situation. In fact, the goal of this 

action is to enable the business to leave Malaysia's PN17 category and improve it’s 

balance sheet. The company is reportedly intended to concentrate on its non-aviation 
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endeavors after the sale, including digital services and logistics, with its logistics 

division, Teleport, already showing notable development [4]. 

 

2.1.2 Past Studies on Capital A Berhad 

The studies done on Capital A Berhad/Air Asia, can mainly be divided into 2 categories. 

The first category consists of recent studies that had been done on the financial impact 

of the COVID-19 pandemic on Capital A, focusing on revenue losses, restructuring 

efforts, and recovery strategies. 

 

For instance, during the COVID-19 pandemic, a study from Indonesia analyzed 

AirAsia Group Berhad's business decisions using SWOT (Strengths, Weaknesses, 

Opportunities, Threats) and PEST (Political, Economic, Social, Technology) 

frameworks. The study's focus was on the company's strategy to diversify digitally 

through its "AirAsia Digital" brand. This includes SuperApp, Teleport logistics, and 

BigPay fintech. In fact, the study explored how the pandemic significantly reduced 

airline revenues. For instance, AirAsia incurred losses of RM992.89 million in Q2 2020 

and RM5.87 billion in Q4 2020. In contrast, by late 2020, AirAsia Digital is said to 

have contributed 42% to overall revenue. For instance, the AirAsia App reported a 15% 

increase in revenue, generating RM12 million, while BigPay reduced losses by 41%, 

and Teleport recorded an EBITDA of RM17 million. This highlights the success story 

of the company on diversifying its revenue. Unfortunately, while the study highlights 

AirAsia's ability to adapt and respond to challenges, it does not fully explore the broader 

effects of restructuring on the company’s overall performance or market confidence 

[5]. 

 

Another analysis by Simply Wall Street in 2024, done after the pandemic, had studied 

how Capital A Berhad, formerly AirAsia Group Berhad, recently saw its stock rise by 

29% in a single month. The study reviewed that the quick jump suggests renewed 

interest from investors and the impressive 94% revenue increase which uncovers the 

company’s strong short-term performance. Thus, offering an insightful analysis on the 

company's current growth. However, it is notable that the stucy lacks a comprehensive 

evaluation of the company's broader financial health. Instead, the study focuses on 
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short-term revenue improvements and the company's stocks without assessing the 

sustainability of AirAsia Digital and its competitiveness against established players [6]. 

The second category of studies done on the company consist of sentiment analysis using 

surveys which are related to Capital A Berhad's customer service, satisfaction, loyalty 

and price. 

 

For instance, an Indonesian study provides a more advance survey on the impact of 

service quality, price, and customer satisfaction on customer loyalty among AirAsia 

airline customers. Despite surveying a total of 206 respondents using a traditional 

questionnaire, the data were analyzed using Structural Equation Modeling (SEM) with 

Lisrel 22 software. In fact, the study found that price was identified as the most 

influential factor in customer satisfaction. On the other hand, customer satisfaction 

itself had the most significant effect on customer loyalty. However, the data collected 

represents a snapshot at a single point in time. At the same time, it also limits insights 

into long-term customer behavior or changes in loyalty over time. Hence, this study can 

be further expanded by investigating the impact of all this towards the company’s 

financial performance [7]. 

 

Besides, a Malaysian study examined how Capital A Berhad faced significant financial 

distress due to liabilities exceeding assets, declining flight demand, and border closures. 

Then, it provides an analysis on customer sentiment based on the survey of 100 

Malaysians before and during this challenging period. Thus, highlighting the efforts by 

the company to secure funding through loans and the public perceptions towards the 

strategies. However, the study does not offer an in-depth analysis of long-term recovery 

strategies or how market sentiment might impact the company’s financial performance 

[2]. 

 

2.2 Financial Distress Metrics 

In this part of the literature review, there will be a brief explanation of the difference 

between Altman Z-Score and PN17. In general, the Altman Z-Score and PN17 (Practice 

Note 17) are both tools used to assess the financial health of companies. However, they 

serve distinctive purposes. 
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For instance, the Altman Z-Score is a financial formula developed by Edward Altman 

in 1968. It combines five key financial ratios using a weighted formula to produce a 

single score that indicates financial health. In terms of interpretation, a Z-Score above 

2.99 indicates a low risk of bankruptcy, while a score below 1.81 suggests a high risk 

[8]. On the other hand, PN17, or Practice Note 17/2005, is a regulatory framework 

established by Bursa Malaysia. It is used to classify listed companies that are 

experiencing financial distress. In fact, the companies that fall under this classification 

may be at risk of delisting if they do not rectify their financial issues. For context, a 

company may be classified as PN17 if it meets any of the following criteria. The first 

is if shareholders' equity is less than 25% of total paid-up capital. The next is if 

Receivers have been appointed to manage the company's assets. The third is if the 

company has defaulted on loan payments. The fourth is when auditors express adverse 

opinions on financial statements. Lastly, it happens when the company has ceased 

operations or has no significant business activities [9].  

 

The following table below shows a more comprehensive comparison of the two 

financial metrics based on the following reference [8][9]. 

Table 2.2 Comparison Table Between Altman Z-Score and PN-17 Classification 

Aspect Altman Z-Score PN17 

Purpose Predicts bankruptcy risk 

Classifies Malaysian 

companies in financial 
distress 

Methodology 
Quantitative score based on 5 

key financial ratios 

Qualitative criteria set 

by Bursa Malaysia 

Outcome 
Provides a score indicating risk 

level 

Triggers regulatory 
actions and 

requirements 

Applicability 

Used broadly across various 
markets 

Specific to companies 

listed on Bursa 
Malaysia 

 

 

In the case of Capital A Berhad, formerly known as AirAsia Group, it was classified as 

a PN17 company based on three key criteria. Firstly, the company’s shareholders’ 

equity dropped below 25% of its issued and paid-up capital and was less than RM40 

million in 2020. Secondly, Capital A faced payment defaults. This includes the failure 

to meet loan and financial obligations, which severely affected its liquidity and 

operational efficiency. Lastly, the company’s external auditor, Ernst & Young PLT, 
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issued an unqualified audit opinion for the financial year ending December 31, 2019, 

signalling potential insolvency. Hence, all these factors combined led to Capital A’s 

designation as a PN17 company since July 8, 2020 [10]. 

 

2.3 Past Studies on Time Series Analysis  

Due to the limited data points, LSTM model and ARIMA model will be applied and 

studied. This is because LSTM model can leverage its memory cell to retain important 

information overtime. Thus, allowing said model to learn from fewer observations [11]. 

On the other hand, ARIMA model can effectively model available data by using its 

statistical properties while also serving as a benchmark.  

For instance, a study proposed predictive models using Ensemble Empirical Mode 

Decomposition (EEMD), Time series model such as Long Short-Term Memory 

(LSTM) networks, and Facebook's Prophet algorithm, combined with Explainable AI 

(XAI) techniques to predict high-risk financial environment much like current study. 

However, in this study, they use Boruta feature selection algorithm to identify the 

significance of each technical indicators to predict each financial stress variable. Then, 

Ensemble Empirical Mode Decomposition (EEMD) is used to decompose complex, 

nonlinear, and nonstationary time series into simpler subseries or IMFs. These IMFs 

will simplify the method to capture trends. This could be noted as the figure below 

shows one of the technical key indicators known as FSI which are undergoing EEMD 

to simplify the trends [12].  

 

Figure 2.3.1 EEMD Application 
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Hence, the LSTM model will learn patterns and relationships from historical data to 

predict future values. In this study, the LSTM model uses memory cells to retain 

relevant information about past financial stress patterns while forgetting irrelevant data 

to prevent issues like "vanishing gradient". Finally, the models are evaluated using both 

static (one-day ahead) and dynamic (multi-step ahead) forecasting based on Nash-

Sutcliffe Efficiency (NSE), Index of Agreement (IA) and Theil’s Inequality Coefficient 

(TI). Furthermore, the paper conducts a rigorous comparison between EMD-LSTM and 

EEMD-Prophet models against traditional predictive models such as ARIMA, 

SARIMA, Bayesian Structural Time Series Forecasting (BSTSF), and a simple Multi-

layer Perceptron (MLP) model with EEMD-LSTM being the best in financial 

forecasting in original dataset and during pandemic dataset. The comparison could be 

seen as below [12].  

 

Table 2.3.1 Performance Comparison between Time Series Model for Financial 

Prediction 

 
 

Hence, this study contributed to the combination of two hybrid predictive frameworks. 

For example, the combination of Ensemble Empirical Mode Decomposition (EEMD) 

for time series decomposition and Long Short-Term Memory (LSTM) networks. The 

study had also implemented the use of Explainable AI (XAI), such as Permutation 

Feature Importance and LIME (Local Interpretable Model-agnostic Explanations) to 

enhance interpretability for LSTM which is crucial for decision making.  As mentioned 

in the paper, this is something that is not widely used. Besides, the study had also 
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validated the robustness of the LSTM model against other time series models making 

it one of the most comprehensive studies done on financial distress forecasting [12].   

In fact, most studies apply LSTM model and ARIMA model for stock forecasting. For 

instance, a study investigates a hybrid forecasting model combining LSTM model and 

ARIMA model for algorithmic investment strategies. In fact, the hybrid model, referred 

to as LSTM-ARIMA, was tested against standalone LSTM and ARIMA models across 

three major equity indices: S&P 500, FTSE 100, and CAC 40. In fact, the models were 

evaluated based on their ability to predict the next day’s closing price and generate 

profitable buy/sell signals under various investment strategies. In the end, the study 

confirms the superior performance of LSTM-ARIMA in most scenarios [13]. Next, 

another study evaluates the performance of ARIMA and LSTM models in forecasting 

Apple’s stock closing prices over a multi-year period. Once again, the result indicates 

that the LSTM model is superior. This is because it achieves higher predictive accuracy 

measured by RMSE. However, it is to be noted that both models lack the ability to 

incorporate external factors, such as economic or political events which may cause 

fluctuations. Therefore, the paper highlights the need for hybrid approaches to improve 

predictions in complex financial markets [14]. Additionally, the superiority of applying 

LSTM model and ARIMA model in financial forecasting is further cement by the third 

paper. For instance, this study aims to compare the predictive capabilities of ARIMA, 

LSTM, and Transformer models in forecasting stock prices of three Moroccan credit 

companies listed on the Casablanca Stock Exchange known as EQD, LES, SLF. As 

usual, the LSTM model outperformed ARIMA and Transformer in forecasting 

accuracy, achieving R² values exceeding 0.99 for EQD and LES, and 0.95 for SLF. 

However, it is worth noting that the study affirms that ARIMA model performed 

reasonably well for linear relationships but lagged in capturing complex patterns [15]. 

In conclusion, the three studies here have limited exploration of external economic 

factors affecting predictions despite their novelties. 

 

2.4 Past Studies on Sentiment Analysis 

Due to time constraints, the Text Blob model and BERT model will be applied and 

studied. This is because the Text Blob model is ideal for its quick and simple analysis 

which can be used as a benchmark whereas BERT model provides a powerful 

framework for complex analysis. For context, Text Blob model returns polarity and 
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subjectivity of a sentence. For instance, the polarity score lies between [-1,1], with -1 

defines a negative sentiment and 1 defines a positive sentiment. This is because Text 

Blob model has semantic labels that help with fine-grained analysis [16]. As for the 

BERT model, it processes text sequentially, either from left to right or right to left. This 

means that BERT model looks at all the words in a sentence simultaneously [17]. 

In fact, most studies had applied BERT model to conduct sentiment analysis for the 

finance field. For instance, a study explores sentiment analysis in financial markets. 

Mostly focusing on analyzing textual financial data such as news articles, earnings 

reports, and market commentary. In fact, it combines traditional lexicon-based 

sentiment analysis using the Loughran-McDonald dictionary with advanced machine 

learning techniques using the BERT model. In the end, the study reaffirms the superior 

performance of BERT for financial sentiment analysis, achieving high accuracy (90%) 

compared to traditional methods [18]. Finally, another study examines financial 

forecasting by comparing sentiment analysis (SA) and technical analysis (TA) 

indicators using a genetic programming (GP) algorithm. The goal is to determine 

whether sentiment analysis features (derived from the text, titles, and summaries of 

articles) can outperform technical analysis. In the end, the study shows that SA 

outperforms TA for some companies but not others. Thus, raising questions about 

sectoral or contextual influences on the model's performance [19]. 

 

 

2.5 Strength and Weakness Comparison  

In conclusion, previous studies focus on either sentiment analysis or time series analysis 

for financial distress prediction, with most study on Capital A Berhad directed on 

sentiment analysis or from investor’s perspective. The following table below shows the 

strength and weakness of each paper mentioned in the literature review in comparison 

to current study.  

 

Table 2.5 Strength and Weakness Comparison Table Between Papers in Literature 

Review 

 Past Studies on Capital 
A Berhad/Air Asia 

Past Studies on Time 
Series Analysis 

Past Studies 
on 
Sentiment 
Analysis 

Current 
Study 
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 Category 1 
[5] [6] 

Category 2 
[7] [2] 

[12] [13] [14] 
[15] 

[18] [19]  

Specifically 
Directed at 
Capital A 
Berhad 

Yes Yes    Yes 

Involved 
Company 
Financial 
Data 

Yes  Yes   Yes 

Involved 
Market 
Index 

Yes  Yes Yes  Yes 

Involved 
Company 
Stock 

Yes  Yes Yes  Yes 

Involved 
Explainable 
AI 

  Yes   No 

Involved 
Customer 
Reviews 

 Yes    Yes 

Involved 
News and 
social 
media 

    Yes No 

Span over 
pre, during 
and post 
pandemic 

 Yes Yes  Yes Yes 
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CHAPTER 3 

3.1  System Model Diagram 

Figure 3.1.1 System Model Diagram 
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In this study, the system methodology is based on CRISP-DM. In fact, the first phase 

is known as the business understanding phase which is used to understand the business 

and formulate critical questions. This phase ensures that forecasting efforts align with 

organizational objectives and environment. Therefore, the historical timeline of Capital 

A Berhad is investigated by going through its official page, reading its financial 

statement and recent news. All the information collected is recorded and simplified in 

the literature review. This is crucial to further our understanding of the business 

operation of the company.     

 

Next, the second and third phase known as data understanding and data preparation 

which can break down to 4 distinct subsections. The first being the data extraction 

phase, the pdf file of the finance data such as quarterly income statement, quarterly 

balance sheet, quarterly cashflow from Capital A Berhad are downloaded from KLSE 

Screener before using OCR scanners to convert them into csv files. In fact, the market 

index of the company and the KLSE stock market data is also downloaded from the 

Bursa Malaysia as csv file. At the same time, relevant text related to Capital A Berhad 

is collected to conduct sentiment analysis by using BeautifulSoup to convert them into 

csv files. For example, customer review from Skytrax. This is to ensure that the data 

collected is relevant to the study.  

 

During the subsection known as data preprocessing phase, the dataset collected will be 

cleaned to handle the missing values, format the date and conduct data analysis. Data 

will also be scaled and normalized to ensure that it is suitable for time series analysis. 

For instance, financial data from 2004 to 2024 are collected quarterly which made up 

of 80 observation points. However, the finance data exists 14 columns with missing 

data. Therefore, KNN imputation and FCMI imputation is conducted to find out which 

method is the best before using data analysis to compare the results of pre- and post-

imputation using metrics like R-squared, median, and mean. 

 

Next, feature selection is conducted to reduce the number of features by using Decision 

tree with max depth = 5 to identify the most important features from 306 variables. The 

result selects top 5 and top 12 features from the FCMI-imputed dataset for modelling. 
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On the fourth phase which is known as modelling. In this case, two parallel approaches 

known as sentiment analysis and time series analysis are employed to forecast financial 

trends. For sentiment analysis, text data is processed using ROBERTA a type of BERT, 

FinBERT, and TextBlob, with the results fed into an LSTM model to integrate 

sentiment insights. Meanwhile, pure time series analysis trains a separate LSTM model 

exclusively on structured financial data. In fact, both LSTM models share identical 

architectures (2 LSTM layers → 1 dense hidden layer → 1 output layer) and training 

configurations (Adam optimizer, 100 epochs, batch size 16), with data split via forward-

window cross-validation (test size 10, 5 iterations) to maintain temporal integrity. 

Finally, the sentiment-only and finance-only LSTM outputs are compared, before 

employing both sentiment and finance data on LSTM to evaluate the impact of text 

sentiment on forecasting accuracy. Thus, ensuring robust insights for decision-making. 

 

Figure 3.1.2 Data Splitting Cross Validation Example 

 

 

The fifth phase is known as Evaluation. In this case, for time series analysis, MSE 

scores and MAE scores are used to evaluate the LSTM model. For sentiment analysis, 

confusion matrix and classification report are used to compare between the BERT 

model, FinBERT model and the Text Blob Model. To compare the best models between 
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the model trained with only text data, the model trained with only finance data and the 

model trained with both text and finance data, the average MSE and MAE scores are 

compared for each fold as seen in Figure 3.1.1. 

 

The last phase is known as Deployment. In this case, the delivery is the result taken 

from the time series analysis and the sentiment analysis using the time series forecasting 

model. The combination of both results is used to compare against the PN17 

classification to determine if sentiment analysis would truly help leverage a more 

competent financial distress signal using business insight learned in the process.  

 

3.2  Equation 

The target for forecasting is the Altman Z-score. Here is the original Altman’s Z-score 

formula and threshold written as follows [20]: 

ζ = 1.2A + 1.4B + 3.3C + 0.6D + 1.0E 

Where: 

• Zeta (ζ) is Altman’s Z-score 

• A is the Working Capital/Total Assets ratio 

• B is the Retained Earnings/Total Assets ratio 

• C is the Earnings Before Interest and Tax/Total Assets ratio 

• D is the Market Value of Equity/Total Liabilities ratio 

• E is the Total Sales/Total Assets ratio 

Table 3.2.1 Original Z-score Threshold 

Z-score range Indications 

Z-score < 1.8 Distress Zone 

1.8 < Z-score < 3.0 Grey Zone 

Z-score > 3.0 Safe Zone 

 

However, after certain experimentations that will be further discussed in the paragraphs 

that followed, it is found out that a modified Altman’s Z-score formula and threshold 

taken from a Malaysian-based financial article works better for financial distress 
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prediction for Capital A Berhad because it’s modified Altman Z-scoret is more align 

with the PN17 classification as it is localized. The modified formula and threshold are 

written as follows [20]: 

ζ = 6.56A + 3.26B + 6.72C + 1.05D + 3.25 

Where: 

• Zeta (ζ) is Altman’s Z-score 

• A is the Working Capital/Total Assets ratio 

• B is the Retained Earnings/Total Assets ratio 

• C is the Earnings Before Interest and Tax/Total Assets ratio 

• D is the Market Value of Equity/Total Liabilities ratio 

Table 3.2.2 Modified Z-score Threshold 

Z-score range Indications 

Z-score < 1.1 Distress Zone 

1.1 < Z-score < 2.6 Grey Zone 

Z-score > 2.6 Safe Zone 

This discrepancy arises because the original Altman Z-score and its thresholds are more 

conservative. This means it consistently classified the company in the grey or distress 

zones despite the PN17 classification indicating a more positive outlook. As shown in 

figure 3.2.1, the original Z-score placed the company in the grey or distress zones from 

the December 2005 quarter to the June 2006 quarter, contradicting the PN17 

classification during that period. 

 

However, pairing the original Altman Z-score calculation with the modified thresholds 

improves accuracy. Notably, the modified Altman Z-score combined with the modified 

thresholds aligns closely with the PN17 classification. For context purpose, as 

illustrated in the figure, green text indicates correct classifications, while red highlights 

misclassifications: 

Figure 3.2.1 Evidence to justify the modification of Altman Z-score and Threshold  
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Additionally, the disparity between the original and modified Altman Z-score models 

becomes particularly evident when examining the period from September 2019 to 

December 2021. This is because while the original Z-score and thresholds prematurely 

flagged the company as being in financial distress, the modified version demonstrated 

greater alignment with the actual PN17 classification timeline. 

 

For context, in 2019, the company reported net losses due to rising maintenance and 

overhaul costs, the adoption of MFRS16 (Malaysian Financial Reporting Standard 16 

which increases reported liabilities and share losses from AirAsia India [34] [35] [36]. 

However, these challenges alone did not necessarily indicate imminent financial 

distress. Similarly, in early 2020, the company faced severe revenue declines that 

plummeted to RM3.13 billion from RM11.86 billion in comparison to the previous year 

[37]. This is due to COVID-19 travel restrictions. In fact, this was also accompanied by 

a transition to positive net debt of RM756 million as borrowing increased [37]. And yet, 

according to PN17 Classifications, the company only entered the grey zone in 

September 2020. Thus, suggesting that its financial deterioration was more gradual than 

the original Z-score implied. 

 

Therefore, this discrepancy highlights the original Altman Z-score have a lack of 

nuance in distinguishing between temporary setbacks and genuine financial distress. In 

contrast, the modified Z-score and adjusted thresholds proved to be more accurate since 

it manages to mirror the PN17 classification’s gradual progression from the grey zone 

rather than immediately signaling distress. Once again, this underscores the modified 

formula and threshold’s superior reliability in reflecting true financial health. 

Figure 3.2.2 Second Evidence to justify the modification of Altman Z-score and 

Threshold 

 



CHAPTER 4 

Bachelor of Computer Science (Honours)  
Faculty of Information and Communication Technology (Kampar Campus), UTAR 

21 
 

Therefore, as seen in the table below, it is more justified to use the modified Altman 

Z-score and modified threshold as target for forecasting due to its higher accuracy in 

classifying a PN17 classification.  

 

Table 3.2.3 Accuracy Comparison Table for PN17 Classification 

Accuracy against PN17 classification (%) 

Using Modified 

Altman Z-score 

Calculation 

Method and 

Modified 

Threshold 

Using Modified 

Altman Z-score 

Calculation 

Method and 

Original 

Threshold 

Using Original 

Altman Z-score 

Calculation 

Method and 

Original 

Threshold 

Using Original 

Altman Z-score 

Calculation 

Method and 

Modified 

Threshold 

93.75 92.50 83.75 85.00 
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3.3 Timeline 

 

Figure 3.3.1 Timeline for FYP1 

 

 

 

Figure 3.3.2 Timeline for FYP2 
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CHAPTER 4 

System Design 

4.1   System Block Diagram  

 

Figure 4.1.1 System Block Diagram 

Based on the diagram above, this system is a machine learning pipeline designed 

for sentiment analysis and time series forecasting. This begins with data 

extraction followed by preprocessing, imputation, and analysis to clean and explore the 
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data. For sentiment analysis, it employs TextBlob, FinBERT (financial-tuned BERT), 

and BERT to gauge sentiment from text. Then, decision trees are used to help select 

key features. The system evaluates sentimental data performance using confusion 

matrices and classification reports. Simultaneously, an LSTM model analyzes temporal 

patterns in time series data to predict Altman Z-score. The data splitting is conducted 

using forward window to spil5 the data into 5 folds with each fold has a test set of 10 

consecutive observations. In fact, the training data expands with each fold while the test 

data move forward in time. The result from the combination of the best from 

sentimental and time series analysis model is then used to derive business insights, such 

as correlating sentiment with market trends for financial distress forecasting to support 

decision-making. Lastly, the entire workflow leverages Python, GPU, and RAM for 

efficient computation. 

 

4.2   Hardware and Software Specifications  

4.2.1  Hardware 

The hardware involved in this project is a standard laptop device. The laptop will be 

used to run the dataset and execute the time series algorithms for financial distress 

forecasting. Here are the main specifications: 

Table 4.2.1.1 Specifications of laptop 

Description Specifications 

Model IdeaPad 3 15ITL6 

Processor 11th Gen Intel(R) Core (TM) i5-1135G7 @ 2.40GHz   2.42 

GHz 

Operating System Windows 10 64-bit 

Graphic Intel® Iris ® Xe Graphics 

RAM Samsung 12.0 Micron Tech GB 3200MHz 

Storage NVMe SAMSUNG MZALQ256HBJD-00BL2 256GB 

 

4.2.2 Software  

Here are the following software applications required for the system: 

Google Colab 

Google Colab is a free, cloud-based platform for creating and sharing interactive 

notebooks. It comes pre-installed with widely used data science and machine learning 
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libraries (e.g., TensorFlow, PyTorch, pandas). This software primarily supports Python 

and enables the leverage of GPUs and TPUs for accelerated computation. While it 

supports other languages like R, Python will be the primary language used in this case. 

Microsoft Excel 

Microsoft Excel is powerful spreadsheet software developed by Microsoft that is 

widely used for data analysis, reporting, and automation of calculations. Excel provides 

a grid-based interface where users can store, organize, and analyze data. This software 

will be used to conduct univariate and multivariate analysis.  

 

4.3   Machine Learning Design  

 4.3.1 Decision Tree (Feature Importance Workflow)    

 

Figure 4.3.1.1 Decision Tree Regressor Diagram 

The decision tree algorithm recursively partitions the dataset into subsets by evaluating 

feature values, aiming to minimize impurity by using decision rules learned from input 

features. Therefore, the process identifies the most discriminative features by reducing 

the error in calculating the target variable during each split [38]. 

 

In this case, a decision tree regressor is used to identify important financial features for 

the modified Altman Z-score. Firstly, the tree recursively splits the data based on 

features that minimize prediction error using MSE criterion. After training, the model 

calculates feature importance scores using Gini importance to rank variables by their 

predictive power,  
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4.3.2 LSTM algorithm (Forecasting Workflow)   

 

Figure 4.3.2.1 LSTM Diagram 

Long Short-Term Memory (LSTM) is a specialized Recurrent Neural Network (RNN) 

architecture designed to handle sequential data. Thus, making it well-suited for time 

series forecasting. In this case, predicting future Altman Z-scores. Unlike traditional 

RNNs, LSTMs use memory cells and three key gates to capture long-term 

dependencies effectively. In fact, LSTM requires data input in sequences [39]. For 

instance, the model processes data in sequential windows of past observations. Thus, 

preserving temporal relationships through careful data splitting. 

 

As seen in Figure 4.3.2, the first component is the forget gate. This is used to determine 

which information to discard using sigmoid activation. Next, the input gate is used to 

update the cell state using both sigmoid and tanh. Finally, the output gate is used to 

filter the updated cell state to produce the hidden state. In short, the cell state maintains 

long term dependencies while the hidden state handles short term context. These two 

components work together to capture complex temporal patterns in the time series 

model [39].  

 

In this project, the LSTM model is built with TensorFlow/Keras. It consists of two 

LSTM layers (64 and 32 units) followed by dense layers (16 and 1 unit), using ReLU 

activation and Glorot uniform initialization for weights. Lastly, the model is trained 

using time-series cross-validation (5 splits) with early stopping to prevent overfitting. 
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4.3.3 TextBlob (Sentiment Analysis Workflow)  

 

Figure 4.3.3.1 Text Blob Diagram 

 

Text Blob is just a lexicon-driven tool for quick sentiment analysis. In this case, it used 

a predefined sentiment dictionary for sentimental analysis. Its polarity ranges from -1 

which is negative sentiment to +1 which is positive sentiment. Then, for each word in 

a sentence, a weighted average sentiment score will be applied [40]. However, unlike 

FinBERT and BERT, Text Blob’s rule-based approach lacks contextual nuance which 

makes it inferior to transformer models. 

 

4.3.4 FinBERT (Sentiment Analysis Workflow)   

 

 

Figure 4.3.4.1 FinBERT Diagram 

FinBERT is a financial-domain-specific BERT transformer model fine-tuned for 

finance domain. This means it retains BERT’s multi-layer bidirectional transformer 

encoder, which is used to generate contextual embeddings for input tokens [41]. 

However, unlike BERT’s original pre-training, FinBERT is pre-trained with six 

different self-supervised tasks. Therefore, this allows it to capture richer semantic and 
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language knowledge specific to the financial domain [42]. Lastly, it has a SoftMax layer 

to predict sentiment as such as negative, neutral, positive [43]. In this study, a pretrained 

model from "yiyanghkust/finbert-tone” will be loaded to perform the sentimental 

analysis comparison. 

  

4.3.5 BERT (Sentiment Analysis Workflow) 

BERT model is a transformer-based language model. It is trained using encoders, which 

is used to learn the language and generate embeddings [41].  

 

 

Figure 4.3.5.1 RoBERTa Diagram 

In this case RoBERTa which is a type of BERT model, is applied in the project. It uses 

the uses the standard transformer encoder architecture. This structure consists of 

multiple layers of self-attention and feed-forward neural networks. The self-attention 

feature lets the model weigh the importance of each word in the context of the entire 

input sequence. Thus, capturing nuanced relationships and dependencies. Like BERT, 

RoBERTa is pre-trained using dynamically changed masking patterns. During training, 

a random subset of input tokens is masked, and the model learns to predict the original 

values of these masked tokens using the surrounding context [44]. It is mainly trained 

on labeled sentiment datasets such as Twitter. This makes it better at contextual 

understanding. So, it can handle negation and complex phrasing.  In this study, a 

pretrained model from "cardiffnlp/twitter-roberta-base-sentiment" will be used for 

sentimental analysis comparison. 
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CHAPTER 5 

System Implementation  

5.1  Hardware Setup 

Table 5.1.1 Computing Resources in Google Colab Cloud Environment 

Hardware Accelerator CPU 

RAM  12.67 GB (11.39 GB free) 

Disk Space 107.72 GB (36.91 GB used) 

Runtime Limitations Colab disconnects after 30 minutes of inactivity (or ~12 hours 

for active usage). 

Runtime Type Python 3/ R 

 

Table 5.1.2 Local Hardware 

CPU Spes Intel (1.64 GHz base) 

GPU Specs Intel(R) Iris(R) Xe Graphics 

RAM Capacity 11.8 GB (7.9 GB USED) 

Storage SSD (RAID) 

 

5.2  Software Setup 

Before starting to develop the project, these are the software needed to be installed and 

downloaded in my laptop: 

1. Google Colab (Python 3.10) 

2. Microsoft Excel 

Table 5.2.1 Table of Key Libraries 

Key libraries related to Libraries 

Deep Learning Models TensorFlow/Keras  

Sentiment Analysis NLTK, TextBlob, Hugging Face’s transformers (e.g., 

FinBERT), BeautifulSoup 

Data Processing Pandas, NumPy, scikit-learn  

Visualization Matplotlib, Seaborn, Plotly 
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5.3  Setting and Configuration 

1. LSTM Model Configuration: 

Table 5.3.1 LSTM Model Configuration 

Number of LSTM layers 2  

Hidden units per layer Layer 1: 64, Layer 2: 32 

Dense layers 1 hidden Dense (16 units), 1 output Dense (1 unit) 

Batch size 16 

Epochs 100 

Optimiser Adam (learning_rate=0.001) 

Loss function Mean Squared Error (MSE) 

Weight initialization Seed (42) 

Shuffle False 

 

2. Dataset Configuration: 

Data Sources 

• Finance data: quarterly balance sheet, quarterly cash flow statement, 

quarterly income statement, historical data for Capital A Berhad and the 

FTSE Malaysia KLCI index (2004-2024, 80 data points) 

• Text data: Skytrax review (2011-2024, 852 data points)  

 

3. Google Colab Settings: 

• Mount Google Drive for storing datasets 

 

5.4  System Operation 

5.4.1  Data Extraction  

5.4.1.1  Data Mining 

To support financial distress prediction, quarterly financial reports—including the 

balance sheet, cash flow statement, and income statement—were collected alongside 

historical data for Capital A Berhad and the FTSE Malaysia KLCI index from KLSE 

Screener website and Investing.com Website. These datasets are downloaded from their 

pdf format before being go through OCR scanning and formatted into csv file. This is 

to ensure compatibility, ease of processing, and flexibility for tasks like cleaning, 

normalization, and feature selection. This is because they are essential for evaluating a 
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company’s financial health and understanding its market environment. For instance, 

financial reports allow for the computation of critical metrics, such as the Altman Z-

score, liquidity ratios, and profitability indicators, which signal financial stability. On 

the other hand, Capital A Berhad’s historical data provides a detailed view of its 

performance, while FTSE Malaysia data offers insights into broader economic trends 

for contextual analysis. The data ranges from 31/12/2004 to 31/9/2024, a total of 80 

data points. Hence, this integrated approach combines company-specific insights with 

market trends to improve the accuracy of financial distress forecasting models. 

 

Figure 5.4.1.1.1 KLSE Screener Website 

 

 

Figure 5.4.1.1.2 Excel Sample of Capital A Berhad Historical Data 
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5.4.1.2  Text Mining 

During this phase, customer reviews were exclusively extracted from the Skytrax 

website. Skytrax, as illustrated in the figures, is an international air transport rating 

organization based in the UK. A data mining script using BeautifulSoup and HTTP 

request was employed to directly extract daily reviews from the website, resulting in a 

total of 853 reviews collected from 2011 to 2024. These reviews were organized by 

year and stored in a CSV file, as depicted in the figure. The dataset includes columns 

such as date, header, rating, content, aircraft, traveler type, seat type, route, date flown, 

seat comfort, cabin staff service, inflight entertainment, ground service, Wi-Fi & 

connectivity, value for money, recommendation status, and food & beverages. 

However, for the purpose of data preprocessing, only the date, rating, and content 

columns were utilized for sentiment analysis. 

 

Figure 5.4.1.2.1 Skytrax Website 
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Figure 5.4.1.2.2 Excel Sheet Sample of Text Mined 

 

5.4.2 Data Preprocessing 

The code begins by utilizing a custom class, DriveDataLoader, to streamline data 

ingestion. First, files such as quarterly income statements, balance sheets, cash flow 

statements, and market indices are loaded into Google Colab via google drive using 

specified file paths.  

 

After loading the datasets, symbols such as commas, percentages, and dashes are 

removed or replaced with zeros to standardize numeric columns. This ensures 

compatibility with numerical computations. Next, columns, except for dates, are 

converted to numeric types, with invalid entries coerced into NaN. This step avoids 

errors during calculations. Then, the code filters records based on specific date ranges 

(2004–2024) and focuses on quarterly and monthly intervals relevant to financial 

reporting cycles. Besides, the date column is standardized into a uniform format, 

enabling consistent time-series analysis.   

The script separates preprocessing logic for quarterly and monthly data due to 

differences in granularity and reporting: 

• Quarterly Data: Includes income statements, balance sheets, and cash flows. 

Columns with all-zero values are dropped, ensuring only meaningful metrics 

remain.  

• Monthly Data: Includes stock prices and indices. Special attention is given to 

scaling values, such as converting billions to millions. Thus, ensuring uniform 

units across datasets. Data is filtered to specific months to align with quarterly 

data (e.g. March, June, September, and December) representing key reporting 

periods. 
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Lastly, the processed data is prepared for deeper financial analysis through feature 

engineering. For instance, modified Altman Z-score is calculated to predict financial 

distress. Components like working capital, retained earnings, and EBIT are derived 

from the balance sheet and income statement. These are combined using a weighted 

formula to compute the Z-Score for each date. Aside of that, key Financial Ratios are 

also calculated. For instance, liquidity, profitability, solvency, and efficiency ratios are 

computed since they offer insights into a company's operational health. 

 

Table 5.4.2.1 Altman Z-Score Formula Table 

 

As seen in the table below, on average the modified Altman Z-Score from 2019 to 2024 

are all under financial distress due to their lower 1.1 score causing a disparity with the 

PN17 classification while those during December of 2004 to June of 2019 are under 

non-distress which is aligned with the PN17 classification. 

 

Table 5.4.2.2 Altman Z-Score Calculated against PN-17 Classification 

Date Altman Z-Score with 

Modified Formula 

Altman Z-Score with Modified 

Formula and Modified 

Threshold 

PN-17 

Classification 

[23][24] 

30/9/2019 3.548451068 Non-distress Non-Distress 

31/12/2019 2.990271279 Non-distress Non-Distress 

Variables Acquisition Method Calculation method 

Working Capital Calculated total current assets- total current 

liabilities [21] 

Total Assets Calculated   total non-current assets + total current 

assets 

Retained Earnings Direct   

Market Value of Equity Calculated stock price x shares outstanding [22] 

Total Liabilities Calculated  total non-current liabilities + total 

current liabilities 

Operating Revenue Direct   
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31/3/2020 2.540029199 Grey Non-Distress 

30/6/2020 1.94354196 Grey Non-Distress 

30/9/2020 1.806126529 Grey Grey 

31/12/2020 0.42963478 Distress Grey 

31/3/2021 0.427696081 Distress Grey 

30/6/2021 -0.158214753 Distress Grey 

30/9/2021 -0.391064235 Distress Grey 

31/12/2021 0.029645639 Distress Grey 

31/3/2022 -0.762250194 Distress Distress 

 

Based on the table below, these financial ratios can be used to apply on the financial 

data collected from the quarterly report to evaluate financial performance. These 

financial ratios will be used with other financial data to go through feature selection.  

 

Table 5.4.2.3 Financial Ratios Formula Table 

Financial 

Ratios 

Descriptions [25] Indicators Formula Source 

Liquidity 

Ratios 

The ability of a company to 

fulfil its short-term financial 

commitments and manage 
immediate funding needs. 

Current 

Ratio 

total current 

assets / total 

current liabilities 

[26] 

Profitability 

Ratios 

The ability of a company to 

achieve profitability is 

relative to its income and 
available resources. 

Operating 

Profit 

Margin 

operating profit / 

revenue 

[27] 

Net Profit 

Margin 

profit after 

taxation / revenue 

[28] 

Return on 

Assets 
(ROA) 

net profit / total 

assets 

[29] 

Return on 

Equity 

(ROE) 

profit after 

taxation and 

minority interest / 
shareholder funds 

[29] 

Earnings Per 

Share (EPS) 

profit after 

taxation / number 
of shares 

[30] 

Efficiency 

Ratio 

The capability of a company 

to meet its long-term debt 

obligations 

Asset 

Turnover 

revenue / total 

assets 

[31] 

Solvency 

Ratios 

The capability of a company 

to meet its long-term debt 

obligations. 

Debt-to-

Assets Ratio 

total liabilities / 

total assets 

[32] 
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As for the text data, each text CSV file undergoes preprocessing through a specialized 

function that standardizes and cleans the data. This process involves removing 

predefined patterns such as URLs or irrelevant fragments, stripping special characters, 

and converting all text to lowercase for uniformity. Once cleaned, the processed text is 

organized into a new data frame and saved as a CSV file named cleaned_reviews. The 

resulting data frame includes columns for the Timestamp (date and time of the review), 

Review/Text (cleaned review content), Source (origin of the review), and Rating 

(numerical rating given by the reviewer). The figure below shows the differences 

between the original review and the cleaned review 

 

Table 5.4.2.4 Comparison of Original Text and Cleaned Text in Excel File 

Original Text Cleaned Text 

  

  

 

5.4.3 Data Imputation & Analysis 

However, for the finance data, there are 14 columns that have missing data that are 

required to be inputted. The 14 columns are known as: 

 

Table 5.4.3.1 Missing Columns with Missing Rows 

 Columns with Missing Rows Missing Rows (%) 

1 Average stage length (km) 11.25 

2 Unit fuel price (US$/barrel) 15 

3 Total equity 6.10 

4 Prepayment, deposits and other receivables 15 

5 Sales in advance 26.25 

6 Reserves 8.75 

7 Staff costs 31.25 

8 Aircraft fuel expenses 31.25 

9 Maintenance, overhaul, user changes and other related expenses 31.25 
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10 User charges and other related expenses 33.75 

11 Finance income 31.25 

12 Finance costs 31.25 

13 Number of aircraft at the period 3.75 

14  Debt-To_Equity 6.10 

 

 

Figure 5.4.3.1 Evidence of Missing Data 

5.4.3.1 KNN Imputation 

To handle the missing data, K-Nearest Neighbors (KNN) is conducted. First, 

the load_data function reads the CSV file, parsing dates as the index and converting all 

columns to numeric values, while also turning non-numeric entries such as blank cells 

into NaN. It then drops any columns that are entirely NaN. The knn_impute function 

then handles missing data by first creating a copy of the DataFrame and identifying 

missing values. Next, it standardizes the data using StandardScaler before 

applying KNNImputer, which fills NaN values based on neighboring data points. In 

this case, the n_neighbours are set to standard 5. This means the missing value will be 

imputed with the mean of the 5 closest rows' values for that feature. The imputed data 

is then rescaled back to its original range. Finally, the function returns to a DataFrame 

where only the originally missing values are replaced, preserving existing valid data. 

 

 Figure 5.4.3.1.1 Evidence of Imputed Data using KNN imputation 
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Additionally, a scatter plot is used to compare the R-squared (R²) values of 

variables before and after imputation, helping assess how imputation affects model 

performance. In this case, variables with an absolute R² difference (rsq_diff) greater 

than 0.02 will be labelled. This avoids cluttering the plot with minor changes. Thus, 

focusing only on variables where imputation had a meaningful impact. Based on the 

figure below, most data predictably fall along the diagonal line which means the 

imputation had no effect. Those points that cluster above the diagonal lines means the 

imputed values strengthened the variable’s relationship with the target. For instance, 

the reserves, prepayment_deposits_and_other_receivables and finance_income are the 

columns that slightly strengthened relationship with the target. At the same time, the 

points that cluster below the diagonal line means imputed values weakened the 

variable’s relationship with the target, possibly introducing noise or bias. For instance, 

the sales_in_advance, total_equity, 

maintenance_overhaul_user_changes_and_other_related_expenses, finance_costs and 

average_stage_length_km are the columns that weakened relationship with the target.  

 

 

Figure 5.4.3.1.2 Comparison of R Square Values before and after KNN Imputation 
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5.4.3.2 FCMI Imputation 

In this case, the data is imputed by prioritizing features with the strongest relationships 

to the target variable, which in this case is the column with missing data based on an 

article [45]. This type of imputation is known as Feature Correlation based Missing 

Data Imputation. 

 

 For instance, the select_top_correlated_features() function identifies the top-k features 

most correlated with a target column using only complete cases. The 

core fcmi_imputation() function performs feature-correlation-based imputation: it 

trains a linear regression model on complete cases using the top-k correlated features 

to predict missing values in the target column, first imputing missing values in the 

features themselves using mean imputation. Next, 

the impute_all_missing_columns() function imputes all columns with missing values 

in ascending order of missingness to maximize available data for subsequent 

imputations. This approach combines correlation-based feature selection with 

regression imputation, making it more sophisticated than simple mean/median 

imputation while remaining computationally efficient. The sorting by missing rate 

ensures columns with fewer missing values are imputed first. Thus, creating better 

anchors for later imputations. 

 

Figure 5.4.3.2.1 Evidence of Imputed Data using FCMI imputation 

 

Based on the figure below, most data predictably fall along the diagonal line which 

means the imputation had no effect. Those points that cluster above the diagonal lines 

means the imputed values strengthened the variable’s relationship with the target. For 

instance, the aircraft_fuel expenses and prepayment_deposits_and_other_receivables 

are the columns that slightly strengthened relationship with the target. At the same time, 

the points that cluster below the diagonal line means imputed values weakened the 
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variable’s relationship with the target, possibly introducing noise or bias. For instance, 

the sales_in_advance, total_equity, 

maintenance_overhaul_user_changes_and_other_related_expenses, finance_costs and 

finance income are the columns that weakened relationship with the target.  

 

 

Figure 5.4.3.2.2 Comparison of R Square Values before and after FCMI Imputation 

 

5.4.4 Time Series Analysis 

5.4.4.1 Decision Tree Modelling for Feature Selection 

In this phase, the python script utilizes the Decision Tree Regressor to analyze 

financial data, aiming to identify and focus on the most significant features that impact 

the modified Altman Z-Score. First, the script separates datetime columns from the 

features (X) and assigns the Altman Z-Score as the target variable (y). The data is then 

split into training and testing sets using a 70-30 ratio. The parameters of the decision 

tree model are set with a max_depth of 5 to prevent overfitting. The model is then feed 

with the training data, and extracts feature importance to identify the most influential 

features. The model is then retrained using only these important features by filtering 

out zero-importance ones to improve efficiency and interpretability. Finally, it 

evaluates the model's performance on the test set using Mean Squared Error (MSE) and 

R² score and saves the feature importance rankings to a CSV file.  
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Next, the two imputed finance data that are implemented using KNN 

imputation and FCMI (Fully Conditional Specification Multiple Imputation) are then 

feed to the decision tree model. The results reveal notable differences. Notably, the 

finance data using both methods have the period between 31/12/2020 to 31/12/2021 

removed since they weren’t aligned with the PN17 classification. This is to ensure that 

the decision tree model only select features that follows the PN17 classification by 

reducing the noise and retaining only relevant finance data. 

 

Table 5.4.4.1.1 Table of Important Features from KNN Imputed Finance Data 

 Important Features from KNN Imputed Finance Data Importance 

1 depreciation_and_amortisation/_depreciation_of_ 
property_plant_and_equiptment 

0.7885931 

2 debt-to-assets_ratio 0.1751300 

3 debt_to_equity 0.0181335 

4 purchase_of_property_plant_and_equipment 0.0094325 

5 current_ratio 0.0038242 

6 cash_and_cash_equivalents_at_end_of_the_financial_period 0.0023100 

7 intercompany_balances 0.0013784 

8 share_of_results_of_jointly_controlled_company_adjustment 0.0003827 

9 unrealised_foreign_exchange_plan 0.0003761 

10 teleport_(logistics)_non_airline_ebitda 0.0002412 

11 current_taxation 0.0001379 

12 sectors_flown/_no._of_flights 0.0000581 

13 receivables_and_prepayments 0.0000022 

 

Table 5.4.4.1.2 Table of Important Features from FCMI Imputed Finance Data 

 Important Features from FCMI Imputed Finance Data Importance 

1 depreciation_and_amortisation/_depreciation_of_ 

property_plant_and_equiptment 

0.7885931 

2 debt-to-assets_ratio 0.1751300 

3 debt_to_equity 0.0181335 

4 purchase_of_property_plant_and_equipment 0.0094325 

5 current_ratio 0.0038242 

6 share_of_results_of_jointly_controlled_company_adjustment 0.0026927 

7 intercompany_balances 0.0013784 

8 unrealised_foreign_exchange_plan 0.0003761 

9 teleport_(logistics)_non_airline_ebitda 0.0002412 

10 current_taxation 0.0001379 

11 sectors_flown/_no._of_flights 0.0000581 

12 receivables_and_prepayments 0.0000022 
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With KNN-imputed data, the model selects 13 important features out of 305, yielding 

an MSE of 1.2622 and an R² of 0.9152. While still strong, these metrics are 

outperformed by the FCMI-imputed dataset, where only 12 features are deemed 

important. Thus, achieving a lower MSE of 0.8231 and higher R² of 0.9447. 

 

Notably, both methods share 13 identical features with closely aligned importance 

scores, suggesting these variables are robust predictors regardless of imputation 

technique. However, the superior performance of FCMI underscores its effectiveness 

in preserving meaningful data relationships during imputation. Besides, both methods 

also share the same top five overlapping features with the same R square score of 

0.9215 after being further cut from the 13 and 12 features.    

 

Table 5.4.4.1.3 Table of Overlapping Top 5 Important Features from KNN and FCMI 
Imputed Finance Data 

 Overlapping Top 5 Important Features from KNN and FCMI 

Imputed Finance Data 

Importance 

1 depreciation_and_amortisation/_depreciation_of_ 
property_plant_and_equiptment 

0.7885931 

2 debt-to-assets_ratio 0.1751300 

3 debt_to_equity 0.0181335 

4 purchase_of_property_plant_and_equipment 0.0094325 

5 current_ratio 0.0038242 

 

For further explanation in the high overlap in important features and the similar 

importance scores between KNN and FCMI imputation methods, likely occur because 

only 14 of the 305 original columns required imputation. Besides, both methods 

introduced comparable adjustments to missing values, as evidenced by their nearly 

identical squared errors against the original data's mean (FCMI: 56,859.22 vs KNN: 

54,206.44) and median (FCMI: 87,760.25 vs KNN: 88,639.10). This minimal 

divergence suggests the imputations preserved the dataset's core statistical 

relationships, causing the decision tree model to identify largely the same predictive 

features from both versions 
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Table 5.4.4.1.4 Comparison Between the figure of FCMI imputed mean against 

original mean and the figure of KNN imputed mean against original mean. 
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Table 5.4.4.1.5 Comparison Between the figure of FCMI imputed median against 

original median and the figure of KNN imputed median against original median. 

 

While both methods yielded 13-12 key features with strong agreement, FCMI's slightly 

better performance (lower MSE of 0.8231 vs 1.2622 and higher R² of 0.9447 vs 0.9152) 

may reflect its superior handling of multivariate relationships during imputation. The 

results validate using these overlapping features, particularly from FCMI for 

subsequent forecasting models. This is because they reliably capture the underlying 

financial drivers of the Altman Z-Score regardless of imputation technique. 

 

Therefore, the 12 key features from FCMI imputation, along with the top five 

overlapping features identified by both methods, will each serve as inputs for an LSTM 

model designed to forecast future Altman Z-Scores.  

 

Figure 5.4.4.1.1 Decision Tree Diagram of the Top 5 Overlapping Important Features 

 

5.4.4.2 LSTM Modeling 

From the 305 features, the 12 features selected from the FCMI imputed finance data, 

and the 5 overlapping features selected from the decision tree shall be used to forecast 

the Altman Z-score in two separate LSTM models before comparison.  In this case the 

code implemented is used to predict quarterly time series data, specifically the Altman 

Z-Score.  

 

It starts by setting random seeds for reproducibility and loading the dataset from a CSV 

file. The data is preprocessed using StandardScaler to normalize features and split into 

sequences with a look-back window of 5-time steps as seen in Table 5.4.4.2.1. The 
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LSTM model, built with TensorFlow/Keras, consists of two LSTM layers (64 and 32 

units) followed by dense layers (16 and 1 unit), using ReLU activation and Glorot 

uniform initialization for weights. The model is trained using time-series cross-

validation (5 splits) with early stopping to prevent overfitting. Predictions are inverse 

transformed to their original scale. Additionally, the performance metrics (MAE, MSE) 

are calculated for each fold. Finally, the results (actual vs. predicted Z-Scores) are 

visualized in a plot.  

 

Here are the figure and table based on the top 12 features using LSTM model: 

  

Table 5.4.4.2.1 MAE and MSE of top 12 Features used in LSTM model 

Fold Period Trained Period Tested MAE MSE 

1 31/12/2004 - 31/03/2012 30/06/2012 - 30/09/2014 0.217 0.070 

2 31/12/2004 - 30/09/2014 31/12/2014 - 31/03/2017 0.452 0.320 

3 31/12/2004 - 31/03/2017 30/06/2017 - 30/09/2019 0.501 0.474 

4 31/12/2004 - 30/09/2019 31/12/2019 - 31/03/2022 3.280 13.608 

5 31/12/2004 - 31/03/2022 30/06/2022 - 30/09/2024 0.734 0.860 

 

Figure 5.4.4.2.1 LSTM diagram of top 12 features used to forecast modified Altman 

Z-Score 

 

Here are the figure and table based on the top 5 features using LSTM model: 

 

Table 5.4.4.2.2 MAE and MSE of top 5 Features used in LSTM model 

Fold Period Trained Period Tested MAE MSE 

1 31/12/2004 - 31/03/2012 30/06/2012 - 30/09/2014 0.782 0.862 

2 31/12/2004 - 30/09/2014 31/12/2014 - 31/03/2017 0.494 0.343 
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3 31/12/2004 - 31/03/2017 30/06/2017 - 30/09/2019 0.989 1.871 

4 31/12/2004 - 30/09/2019 31/12/2019 - 31/03/2022 3.761 16.270 

5 31/12/2004 - 31/03/2022 30/06/2022 - 30/09/2024 1.012 1.364 

 

 

Figure 5.4.4.2.2 LSTM diagram of top 5 features used to forecast modified Altman Z-

Score 

Based on Table 5.4.4.2.3, the LSTM model utilizing the top 12 important features from 

FCMI-imputed financial data demonstrates superior performance by achieving average 

MAE and MSE scores of 1.0367 and 3.0663, respectively. Coincidentally, both models 

perform terribly on the fourth fold. This decline can be attributed to the training data 

(31/12/2004 - 30/09/2019) failing to capture the unprecedented patterns present in the 

test data (31/12/2019 - 31/03/2022). This is because this period coincides with the 

company's first ever period of financial distress, as classified under PN17, which was 

caused by the COVID-19 pandemic which is an event with no historical precedent. 

Hence, the model's inability to adapt to these novel conditions explains the spike in 

errors. However, the subsequent reduction in MAE and MSE during the fifth fold 

indicates that the model regained stability once the pandemic's immediate impact 

subsided. 

 

Table 5.4.4.2.3 Comparison between Average MAE and MSE of top 12 Features and 

top 5 Features used in LSTM model 

 Average MAE Average MSE 

Using the top 12 important features 1.0367 3.0663 

Using the top 5 important features 1.4076 4.1419 
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5.4.5 Sentiment Analysis 

To ensure accurate sentiment analysis, the preprocessed 852 text data from the year 

2011 to 2024 will be evaluated using three models: TextBlob, FinBERT, and BERT. 

Their performance will be assessed through classification reports and confusion 

matrices, with sentiment scores validated against the actual review ratings. Therefore, 

the most reliable sentiment scores will then be used as inputs to forecast the Altman Z-

Score which is known as a financial distress metric via an LSTM model. Hence, making 

a more comprehensive financial distress forecasting model for Capital A Berhad. 

 

5.4.5.1 Text Blob Modelling 

The preprocessed text data first undergo sentiment analysis by using 

add_textblob_analysis function. It is used to calculate two numerical metrics known as 

polarity (ranging from -1 for negative to +1 for positive sentiment) and subjectivity 

(ranging from 0 for objective to 1 for subjective text) for each entry in the specified text 

column under the name of 'Cleaned_Review'. Additionally, it assigns a categorical 

sentiment label known as 'positive', 'negative', or 'neutral' based on the polarity score. 

Next, The function returns the DataFrame with the original columns (e.g., timestamp, 

text, rating, source) alongside the new sentiment columns, streamlining further analysis 

of textual sentiment trends. 

 

The figure below shows how the reviews are categorized according to the levels of their 

sentiment polarity.  

 

 

Figure 5.4.5.1.1 Text Blob Sentiment Polarity Categorizing Scale 
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Figure 5.4.5.1.2 Example Output of the Text Blob Sentiment Data after Sentiment 

Analysis  

 

 

 

The confusion matrix reveals TextBlob's performance in classifying sentiments against 

actual ratings. For negative sentiment, the model correctly identified 228 reviews but 

misclassified 212, which can be further break down into 12 as neutral and 200 as 

positive. In fact, the neutral sentiment had the weakest performance, with only 1 correct 

prediction out of 31. This is because most of the neutral sentiments were mislabeled as 

positive. In contrast, positive sentiment showed strong detection, with 361 correct 

predictions. However, there are also some which are also falsely labeled. This indicates 

that while TextBlob excels at identifying positive sentiments. At the same time, it 

struggles with neutral and negative classifications, particularly in distinguishing 

negative from positive reviews. This is probably due to class imbalance with majority 

text data in negative class and positive class instead of neutral class. 

 

Figure 5.4.5.1.3 Text Blob Confusion Matrix 
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The classification report provides deeper metrics for each sentiment class. Negative 

sentiment achieved 88% precision but only 52% recall, meaning while predictions were 

mostly correct, many actual negatives were missed. Neutral sentiment performed 

poorly across all metrics with 7% precision and 3% recall. Thus, suggesting the model 

fails to recognize neutral content. At the same time, the positive sentiment had a high 

recall of 95% but moderate precision of 62%. This means it has over-prediction of 

positives. In short, Text Blob have an overall accuracy of 69%. However, the macro-

average F1-score of 0.48 highlights significant imbalance, with neutral sentiment 

dragging down performance.  

Figure 5.4.5.1.4 Text Blob Classification Report 
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5.4.5.2 FinBERT Modeling 

In this case to access the specialized BERT model trained for financial text, the pre-

trained "yiyanghkust/finbert-tone" model is loaded along with its tokenizer. Then, 

the predict_sentiment() function processes input text by tokenizing it. This is done by 

using truncation and padding for consistency before feeding it to FinBERT, and 

extracting the predicted sentiment class. Next, the labeled sentiment data from 

FinBERT (0=neutral, 1=positive, 2=negative) is mapped to a readable label. 

The analyze_with_finbert() function then applies this prediction to a DataFrame 

column adding a new column ("finbert_sentiment") with the results. This enables 

domain-specific sentiment analysis for financial texts like earnings reports or news. 

 

The figure below shows how the reviews are categorized according to the levels of their 

sentiment polarity.  

Figure 5.4.5.2.1 FinBERT Sentiment Polarity Categorizing Scale 

 

 

Figure 5.4.5.2.2 Example Output of the FinBERT Sentiment Data after Sentiment 

Analysis  
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According to the confusion matrix, for negative sentiment, FinBERT correctly 

identified 170 reviews but misclassified 270, with 257 negative texts incorrectly label 

as positive and 13 as neutral. This indicates a difficulty in distinguishing negative from 

positive sentiments. Next, the neutral sentiment showed slightly better performance 

than TextBlob, with 14 correct predictions, but still suffered from misclassifications 

with 14 neutral texts incorrectly labeled as negative and 3 as positive. In 

comparison, positive sentiment had moderate success, with 211 correct predictions, but 

a significant portion was mislabeled with 55 as negative and 116 as neutral. Therefore, 

this suggests FinBERT struggles to accurately classify neutral and negative sentiments. 

This is likely due to its training in financial reports, which often employ cautious or 

positively skewed language to mitigate stakeholder concerns. When applied to 

customer reviews which is the text data we used, the text data have a different domain 

with more direct and varied emotional expressions. Hence, this bias causes 

misalignment. Specifically, FinBERT's tendency to over-predict negative sentiment 

which is observed in a high false-negative rate may stem from its financial domain 

training, where even neutral statements are treated conservatively. This mismatch 

highlights the need for domain adaptation or hybrid modeling to improve granularity. 

 

Figure 5.4.5.2.3 FinBERT Confusion Matrix 

 

In the classification report, negative sentiment achieved 71% precision but only 39% 

recall. This means while predictions were often correct, many true negatives were 

missed. At the same time, the neutral sentiment had abysmal precision of 4% but a 
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higher recall of 45%. Thus, reflecting over-prediction of neutrals at the cost of 

accuracy. Positive sentiment excelled in precision of 93% but had modest recall of 

55%. Thus, highlighting conservative predictions that missed many true positives. In 

short, the overall accuracy of 46% and macro F1-score of 0.42 underscore poor balance 

across classes, with neutral sentiment dragging down performance.  

 

Figure 5.4.5.2.4 FinBERT Classification Report 

 

 

5.4.5.3 BERT Modeling 

RoBERTa which is a transformer model, is fine-tuned for Twitter sentiment and loaded 

using "cardiffnlp/twitter-roberta-base-sentiment" along with it’s tokenizer. In fact, the 

tokenizer preprocesses text by truncating/padding inputs to 512 tokens for consistency. 

The predict_batch function processes text in batches with default size 8 for efficiency. 

Then it tokens each batch and feeds it to the model without gradient computation to 

save memory. The model's logits, also known as raw predictions, are converted to class 

labels known as "positive," "neutral," "negative" using the model's configuration 

mapping. Next, the analyze_with_bert function applies this batch prediction to a 

DataFrame adding a new column "bert_sentiment" with the predicted labels.  

Figure 5.4.5.3.1 RoBERTa Sentiment Polarity Categorizing Scale 
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Figure 5.4.5.3.2 Example Output of the RoBERTa Sentiment Data after Sentiment 

Analysis  

 

 

The confusion matrix reveals that RpBERTa excels at classifying negative sentiment 

by correctly identifying 389 out of 440 negative reviews with an accuracy of 88% with 

minimal misclassifications. As for neutral sentiment, performance is weak with only 6 

correct predictions out of 31 and 19 misclassified as negative and 6 misclassified 

positive. This indicates difficulty in detecting nuanced neutral language. At the same 

time, positive sentiment shows strong but imperfect results, with 305 correct 

predictions and a recall of 80%. However, 33 were mislabeled as negative and 44 as 

neutral. This suggests RoBERTa’s Twitter-trained model prioritizes clear-cut 

sentiments such as negative or positive cases over ambiguous neutral cases. Thus, 

aligning with its social media optimization where neutral tones are rarer. 
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Figure 5.4.5.3.3 RoBERTa Confusion Matrix 

 

 

The classification report highlights BERT’s high precision of 88% and recall of 88% 

for negative sentiments and high precision of 94% and high recall of 80% for positive 

sentiments. Thus, reflecting reliable detection of polarized language. However, neutral 

sentiment performs poorly with a precision of 7% and a recall of 19%. Thus, 

underscoring its tendency to over-classify texts as negative or positive. At the same 

time, 82% overall accuracy and 85% of weighted F1-score demonstrate robust 

performance for imbalanced datasets, but 62% of macro F1-scores exposes weakness 

in neutral-class handling. This trade-off is possible due to scarce neutral sentiments.  

 

Figure 5.4.5.3.4 RoBERTa Classification Report 
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Based on the performance of the three models, the RoBERTa model have the best 

classification. Therefore, it’s sentimental column is then used in LSTM model for 

modified altman-z score prediction. 

 

In the code, the aggregate_sentiment_to_quarterly function converts daily/monthly 

sentiment data into quarterly aggregates aligned with financial reporting periods. Next, 

it maps categorical sentiment labels such as negative, neutral, positive to numerical 

values such as 0, 1, 2. Then, quarterly statistics such as mean sentiment, standard 

deviation, count of reviews, and ratios of positive/negative sentiments are computed. 

For periods with missing data, it defaults to neutral values. The output is a DataFrame 

structured for merging with financial data. But in this case, it won’t be used to combined 

with finance data yet to observe how the forecasting model would fare with only 

sentimental data.  

 

Next, the prepare_lstm_data_with_sentiment function merges this quarterly sentiment 

data with modified Altman Z-Scores and scales all features using StandardScaler. It 

handles cases where only sentiment features are used and creates time-series sequences 

for LSTM training by sliding a window of t look_back periods. The output includes 

scaled features (X), targets (y), scalers for inverse transformations, and aligned dates 

for plotting. The results are as follows: 

 

Table 5.4.5.3.1 MAE and MSE of sentimental data used in LSTM model 

Fold Period Trained Period Tested MAE MSE 

1 31/12/2004 - 31/03/2012 30/06/2012 - 30/09/2014 0.831 0.736 

2 31/12/2004 - 30/09/2014 31/12/2014 - 31/03/2017 0.670 0.485 

3 31/12/2004 - 31/03/2017 30/06/2017 - 30/09/2019 0.769 1.013 

4 31/12/2004 - 30/09/2019 31/12/2019 - 31/03/2022 4.045 18.538 

5 31/12/2004 - 31/03/2022 30/06/2022 - 30/09/2024 4.656 21.753 
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Figure 5.4.5.3.5 LSTM diagram of sentimental data used to forecast modified Altman 

Z-Score 

 

In comparison to the forecasting result using only financial data, the LSTM model 

behaves worst on average. However, this model notably performs better the 3 fold with 

finance model having a MAE of 0.989 and MSE of 1.871 against the sentimental only 

model with a MAE of 0.769 and MSE of 1.013. 

 

Table 5.4.5.3.2 Average MAE and MSE of sentimental data used in LSTM model 

Average MAE Average MSE 

2.1942 8.5050 

 

5.4.6  Combined Result Analysis 

In the following section, finance data and sentimental data are both used to forecast 

Altman Z-score. Although, in this case the combined data had lowered the average 

MAE and Average MSE, it manages to reduce the MAE and MSE during the fourth 

fold which both models had perform terribly in. This hints that sentimental data had 

greater influence especially in times of crisis. This happens due to staff turnover, which 

might lead to lower quality service due to shorthandedness.  

 

Table 5.4.6.1 MAE and MSE of finance and sentimental data used in LSTM model 

Fold Period Trained Period Tested MAE MSE 

1 31/12/2004 - 31/03/2012 30/06/2012 - 30/09/2014 0.384 0.181 

2 31/12/2004 - 30/09/2014 31/12/2014 - 31/03/2017 0.524 0.352 
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3 31/12/2004 - 31/03/2017 30/06/2017 - 30/09/2019 0.544 0.623 

4 31/12/2004 - 30/09/2019 31/12/2019 - 31/03/2022 3.108 11.741 

5 31/12/2004 - 31/03/2022 30/06/2022 - 30/09/2024 1.069 2.039 

 

 

 

Figure 5.4.6.1 LSTM diagram of finance and sentimental data used to forecast 

modified Altman Z-Score 

 

Table 5.4.6.2 Average MAE and MSE of finance and sentimental data used in LSTM 

model 

Average MAE Average MSE 

1.1257 2.9872 

 

5.5  Implementation of Issues and Challenges 

There exist three types of challenges faced during the implementation. The first is 

known as technical challenges. This is because there exists environmental limitation 

because Google Colab’s GPU runtime was used, but session timeouts required frequent 

checkpointing and rerunning when left for 40 minutes. This meant all the code had to 

be rerun again which waste time.  

 

The second is known as modelling challenges. This is because there exists class 

imbalance in financial distress labels with most of them congregation in 2021 to 2024. 

This led to training at the fourth fold for the three models to experience a difficulty 
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since it is the first time the model encounters a period where the modified Altman Z-

score dropped below the 1.1 threshold. Though notably, the addition of sentimental data 

seems to help reduce the MAE score during this unexpected turmoil.  

 

Besides, there exist relatively low sentimental data with neutral statements which 

causes it to be more easily misclassified. This is because most times people who left 

review are affected by intense emotions either good or bad which compel them to 

submit a review on the service provided.  

 

The fourth challenge faced is known as the integration challenge. This is because using 

numerical financial data with categorical sentiment scores required custom feature 

engineering. This is because financial data are categorized quarterly while sentimental 

scores sometimes have a few more in a single day or sometimes none. This means 

sentimental data needs to be aggregated to quarterly before fusing with finance data to 

predict the modified Altman Z-score. 

 

5.6  Concluding Remark 

In terms of Time Series Analysis, The LSTM model using only financial data 

demonstrates that incorporating the top 12 important features yields better forecasting 

performance than using only the top 5 features, as shown in Table 5.6.1. This is 

probably because the greater versatility and robustness of the top 12 important features 

in predicting the modified Altman Z-score, whereas relying on only the top 5 important 

features may limit the model's predictive capacity. 

 

Table 5.6.1 Comparison between Average MAE and MSE of top 12 Features and top 

5 Features used in LSTM model 

 Average MAE Average MSE 

Using the top 12 important features 1.0367 3.0663 

Using the top 5 important features 1.4076 4.1419 

 

In terms of Sentiment Analysis, BERT outperforms TextBlob and FinBERT in 

classifying customer reviews due to its pretraining on conversational data such as 

Twitter. In fact, FinBERT, while specializing in financial texts, is better suited for 

institutional reports or earnings commentary rather than direct customer feedback. 
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Table 5.6.2 Comparison of Sentiment Analysis Models 

 

When integrating sentiment scores into the LSTM model using BERT model, it is noted 

that text data alone performs poorly because customer reviews provide only a single 

perspective. For instance, like service quality. Therefore, a more holistic approach such 

as incorporating internal reports, shareholder opinions, or news analysis could probably 

improve accuracy. 

 

On average, the LSTM model using only financial data achieves the best results, This 

is followed by the hybrid (finance + text) model, while the text-only model performs 

worst as seen in Table 5.6.3. 

 

Table 5.6.3 Performance of LSTM Models with Different Inputs 

Input Data Avg. MAE Avg. MSE 

Finance only 1.0367 3.0663 

Text only 2.1942 18.5050 

Finance + Text (Hybrid) 1.1257 2.9872 

 

However, during periods of financial turmoil such as the COVID-19 pandemic, 

the hybrid model excels. This is seen in the 4th fold (test period: 2020–2022), the hybrid 

model achieved lower errors with the score of MAE being 3.108 and score of MSE 

being 11.741  compared to finance-only model with the score of MAE being 3.761 and 

the score of MSE being 16.270 and text-only model with the score of MAE being 4.045 

and score of  MSE being 18.538 as seen in Table 5.6.5. This suggests that customer 

Text Blob FinBert BERT 

 

 

 

• Basic sentiment 

interpretation without 

contextual depth 

• More negative bias (financial 

reports often mask turmoil with 

positive language) 

• Best for customer reviews 

(trained on social media 

data) 
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sentiment becomes more predictive during crises, as seen with airline companies 

experiencing service declines and increased complaints prior to financial deterioration. 

 

Table 5.6.4 Model Performance During Crisis (4th Fold) 

Input Data MAE MSE 

Finance only 3.761 16.270 

Text only 4.045 18.538 

Finance + Text (Hybrid) 3.108 11.741 
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CHAPTER 6 

System Evaluation and Discussion 

6.1 System Testing and Performance Metrics 

To evaluate the model's robustness, extensive testing using time-series cross-validation 

(5 folds) are conducted to ensure the model generalizes across different economic 

conditions. Therefore, the key performance metrics included: 

• Mean Absolute Error (MAE) and Mean Squared Error (MSE) for regression 

accuracy. 

• Feature importance analysis via decision trees to identify the most predictive 

financial indicators  

• Pre post imputation analysis by using the R square, median, mean and square 

error on the imputed data.  

• Sentiment score evaluation using classification report and confusion matrix by 

comparing the score against the review ratings. 

 

6.2 Testing Setup and Result  

For the testing setup, the data is split into five folds. With the 4th fold (2019–2022) 

including the pandemic-driven distress phase, while earlier folds represented stable 

periods. 

 

Based on the hybrid model's superior crisis performance in the 4th fold (2019-2022) 

with its MAE score of 3.108, it suggests firms could monitor customer sentiment to 

anticipate downturns. This finding is affirmed by Capital A Berhad's experience during 

2020. This is because negative sentiment surged due to flight cancellations, refund 

delays, and poor customer service [46] [47]. Thus, testing brand loyalty. Consequently, 

these service declines directly correlated with the company's workforce reductions, 

which included laying off 300+ employees, including 111 cabin crew, 172 pilots, and 

50 engineers [48] and implementing 15-75% salary cuts for remaining staff as part of 

COVID-19 restructuring measures [47]. Unfortunately, the negative sentiment 

persisted through 2021. During this period, the negative sentiments are primarily 

focused on digital service quality and ticketing complaints. Fortunately, by 2022, 

sentiment began improving as the company improve its digital travel platform and 
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gradually resumed normal operations [49]. Therefore, this case demonstrates how 

workforce disruptions and operational stress during crises can amplify customer 

dissatisfaction such as when managing service failures like pandemic-related refunds 

and cancellations. Hence, it highlights the importance of sentimental analysis in 

financial distress forecasting as it directly impacts the end stakeholders, which in this 

case are the customers.   

 

Besides, the performance of the top 12 important features from finance data imply the 

company should prioritize broader financial metrics over a handful of key indicators 

for distress forecasting results. This is because the latter may not be as robust during 

financial crisis. For instance, the top 5 important features failed to include critical post-

pandemic metrics such as teleport_(logistics)_non_airline_ebitda, which is a newly 

introduced measure reflecting Capital A Berhad’s diversification efforts beyond 

aviation, and sectors_flown/no._of_flights, which can be used to track the recovery of 

its airline operations. 

 

Lastly, the result also hinted at the limitations of using only one type of data for 

decision-making. For instance, as seen in the result at Table 5.6.3, text-only models are 

unreliable for standalone use but may supplement traditional analysis during volatility. 

However, this accounts for using only customer reviews data textual data. In fact, 

studies, such as those by Huang et al. [52] and Gupta et al. [53], emphasize the 

predictive power of multi-source textual data, including Management Discussion & 

Analysis (MD&A) sections and audit reports. Furthermore, Huang et al [52]. found that 

sentiment extracted from audit reports provided more significant incremental 

improvements in forecasting financial distress than MD&A sections. This is because 

auditors’ conservative tones often reveal hidden risks that optimistic management 

statements may obscure which make it recommendable to add audit reports as part of 

the text data for future studies. Similarly, Gupta et al. [53] demonstrated that failed 

banks exhibited higher positive sentiment in their annual reports. Thus, suggesting 

potential concealment of financial distress which justify the use of FinBERT to detect 

early distress signal from text data of annual report, a nuance that customer reviews 

alone cannot capture. Hence, relying solely on customer reviews overlooks critical 

insights from structured corporate disclosures for a comprehensive risk assessment. 
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Therefore, it is vital to integrate multi-source textual data, such as audit reports and 

MD&A sections, with traditional financial metrics to enhance predictive accuracy, 

particularly during periods of economic uncertainty or regulatory changes. At the same 

time, although finance-only data performs better alone but the result from the 4th fold 

showed it’s struggles to forecast during a crisis or when there’s a change in the 

standards of the financial report. This was evident in 2019 when the modified Altman 

Z-score misclassified Capital A Berhad’s financial health due to its adoption of MFRS 

16 (Malaysian Financial Reporting Standard 16). This is because the new standard 

required operating leases, including aircraft leases, to be recorded on the balance sheet 

under the Right-of-Use (ROU) approach [50]. Therefore, this significantly inflates the 

reported borrowings and gearing ratios. Hence, this accounting shift increased debt 

visibility and distorted financial ratios. Thus, affecting investor perception [51].  

 

6.3 Project Challenges 

Due to time constraints, the project face challenges such as poor model performance. 

This could be further break down as subsection as seen below: 

 

Firstly, there exist an over-reliance on Decision Trees for feature selection. This is 

because the current pipeline uses decision trees exclusively. This may overlook 

nonlinear relationships captured by other methods. Therefore, to improve feature 

selection, an ensemble feature selection could be implemented in the future. 

 

Secondly, the LSTM model in general have a poor generalization to distress periods. 

This is seen when the model struggled in the 4th fold which is also known as the  

pandemic phase, with finance-only model’s MAE spiking to 3.761. This 

suggests insufficient crisis-era training data or overfitting to stable periods. 

 

Thirdly, the LSTM architecture is suboptimal. This is because the LSTM was not 

hyperparameter-tuned (e.g., layer depth, dropout rates). Thus, limiting its capacity. In 

the future, grid search for optimal layers and activation functions can be implemented 

to optimize the performance of the model. 
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Lastly, there is limited sentiment data which consist of customer-only perspective. 

Therefore, the text data with only customer reviews lack insights from stakeholders, 

employees, or market news. Thus, skewing sentiment analysis. In the future, to improve 

project challenges, text sources needed to be expanded. For instance, earnings call 

transcripts, internal and external audit reports and finance news articles. 

 

6.4 Objectives Evaluation 

Objective 1: Data Scraping and Data Cleaning 

This objective had been fully accomplished in FYP1 through Phase 2 (Data 

Understanding) and Phase 3 (Data Preparation) of CRISP-DM. For instance, the 

finance data such as Quarterly statements (income, balance sheet, cash flow) from 

Capital A Berhad (2004–2024) were extracted from KLSE Screener and converted to 

CSV. The same goes to the market index data which was sourced from Bursa Malaysia 

and the text data gathered from customer reviews at Skytrax which were scraped using 

BeautifulSoup to support sentiment analysis. The 14 missing values from the finance 

data were addressed using KNN imputation FCMI imputation. In the end with FCMI 

selected as the superior method post-evaluation using R-squared, median, mean 

comparisons. The text data are also cleaned from special characters, converted to lower 

case and normalized and scaled for time series compatibility with the finance data. 

Hence, this lead to a clean, structured dataset of 306 financial variables and sentiment-

labeled text. Thus, enabling robust modeling. 

 

Objective 2: Employ time series analysis and sentiment analysis model for financial 

distress prediction   

This objective was achieved in FYP1 and addressed in Phase 4 Modeling while being 

further furnished in FYP2. In terms of time series analysis with finance-only LSTM, 

the important features are then selected via decision tree. Then the LSTM model is used 

to find the best performance between the top 5 or top 12 financial features. The result 

is the latter with the lowest average errors (MAE: 1.0367, MSE: 3.0663). Thus, 

validating financial data’s predictive strength. In terms of sentiment analysis, BERT 

outperformed FinBERT/TextBlob for customer reviews due to its highest accuracy, 

recall and precision.  However, the model with only text data suffers poorly on average 

in terms of performance. Notably, combined sentiment and financial data in LSTM, 
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shows crisis-period superiority  with a MAE of 3.108 in comparison to MAE of. 

finance-only’s model of 3.761. Hence, this fulfilled shows that financial data is 

primarily for stable-period forecasting whereas sentiment help augment accuracy 

during turmoil such as the pandemic in this case.  

 

Objective 3: Compare the model performance used for the time series and sentiment 

analysis  

This objective is achieved in FYP2 and addressed in Phase 5 Evaluation using cross 

validation and metrics. For instance, performance metrics such as MAE and MSE are 

used to determine the best performing model with finance-only LSTM performing best 

with an average of MAE 1.0367 and hybrid LSTM showing crisis resilience with an 

average of MAE 1.1267. 

 

Objective 4: Interpret business implications of results  

This objective is achieved in FYP2 and addressed in Phase 5 Deployment. The results 

provide insights that sentiment trends such as complaint spikes may precede financial 

decline. Thus, urging firms to monitor reviews during times of volatility. Besides, it 

also shows the importance of feature prioritization with Top 12 important financial 

features superseding top 5 important financial features in terms of performance. Thus, 

suggesting broader metric inclusion in risk assessments. Additionally, the result also 

urges for expanding sentiment sources such as adding employee and stakeholder 

feedback to mitigate customer-review bias. Hence, this fulfilled objective demonstrates 

that the company should integrate sentiment data into quarterly risk audits. 

 

Table 6.4.1 Objective Fulfillment 

Objective CRISP-DM Phase Key Outcome 

Data Scraping/Cleaning 2–3 Cleaned financial & text datasets  

Model Employment 4 Hybrid LSTM validated for crisis 

forecasting while finance-only for 

stability. 

Performance 

Comparison 

5 Quantified tradeoffs between model 

types. 
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Business Implications 6 Crisis detection protocols & multi-

source sentiment recommendations. 

 

6.5 Concluding Remark 

In short, this study successfully achieved its four key objectives by following the 

CRISP-DM methodology. Firstly, comprehensive data scraping and cleaning produced 

a robust dataset of financial and sentiment metrics. Next, the time series and sentiment 

analysis models were effectively employed, with the hybrid model proving particularly 

valuable during crises. Thirdly, the model comparisons revealed the dominance of 

financial data for stable periods and the supplemental role of sentiment in turmoil. 

Finally, actionable business insights were derived, emphasizing the need for multi-

source sentiment integration. Therefore, the results validate the hybrid approach’s 

potential for financial distress prediction while highlighting room for improvement. For 

instance, the optimisation of LSTM architectures and the need for sentiment data 

diversity expansion. 
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CHAPTER 7   

Conclusion and Recommendation 

7.1 Conclusion 

In conclusion, this study successfully integrates financial and sentimental data for 

financial distress prediction. Thus, demonstrating that although financial data alone is 

most reliable for financial distress forecasting, but sentiment data adds value especially 

in times of crisis. Besides, this study also helps identify RoBERTa, a type of BERT 

model as an optimal sentiment model for customer reviews.  

 

Although the study successfully achieved its objective and provided further insights, 

there still exists room for improvement for this study. Notably, the sentiment data used 

in this study is limited by its single perspective scope. Furthermore, the model only uses 

a decision tree-based feature which may overlook non-linear relationships, and the 

model also struggles during unprecedented crisis as seen in their performance during 

the 4th and 5th fold.  

 

7.2 Recommendation 

In future studies, model improvement needs to be considered to further enhance the 

performance. This can be done by introducing naïve bayes as a comparison to the 

features selected by decision tree. Besides, LSTM architecture can also be optimised 

by conducting hyperparameter tuning. Secondly, data expansion should also be 

considered. By incorporating multi-source sentiment data, this can help enrich the 

model and balance perspective bias.  Additionally, explainable AI can also be integrated 

to interpret the hybrid model decisions for stakeholders
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APPENDIX 

 

# OCR website to extract text from pdf file 

 
 

# Calculate original and modified altman z-score using Microsoft excel 

 
 

# Calculate fundamental ratios and add them into the original finance data before 

imputation  

 
 

# Imputation Codes for finance data 
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# Code for pre-post imputation analysis using R square scatter plot and summary 

statistics (mean, median, SE Mean) 
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# KNN Summary Statistic (output from code) 
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# FCMI Summary Statistic (output from code) 

 
 

# Code to calculate feature importance using Decision Tree 
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# Code for using  FCMI inputted data as a finance-only LSTM model 
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# Code for sentimental analysis to create a text-only LSTM model  
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# Code for hybrid LSTM model  
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