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Abstract 

We assess machine learning models for stock prediction using LANTA, focusing on five SET50 stocks: BBL, 

KBANK, LH, MINT, and CPALL. The study compares XGBoost (supervised) and fin-GANs (unsupervised) based on 

the Sharpe ratio, MSE, MAE, cumulative return, memory usage, and computational time. To enhance predictability, 

we integrate fundamental and technical factors, creating factor-XGBoost and factor-Fin-GANs. While factor-Fin-GANs 

require more resources, they achieve comparable cumulative returns to XGBoost. Finally, we develop XGBoost-Factor-

Fin-GANs, a hybrid model leveraging ensemble learning. This model outperforms individual approaches, particularly 

in return forecasting, with the Ensemble XGBoost-Factor-Fin-GAN demonstrating high predictive accuracy and 

efficiency. 
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Chapter1 Introduction 

 

 Machine learning (ML) has emerged as a transformative tool in f inancial 

markets, improving stock prediction accuracy through data-driven insights. 

Tradit ional forecasting methods, such as econometric models and statist ical 

techniques, often struggle to capture the complex, nonlinear dynamics of f inancial 

markets. Recent advances in ML, particularly in supervised learning and deep 

learning, have enabled researchers to develop more sophisticated models that 

leverage both historical price data and external factors to enhance predictive 

performance. 

Supervised learning models, such as eXtreme Gradient Boosting 

(XGBoost) Chen and Guestrin (2016), have gained widespread adoption in 

f inancial forecasting due to their abil i ty to handle structured data, manage missing 

values, and mitigate overfi t t ing through regularization. Studies have demonstrated 

the effectiveness of XGBoost in stock market prediction, portfol io optimization, 

and risk assessment by learning patterns from labeled datasets Krauss et al. 

(2017). However, these models rely heavily on the availabil i ty of high-quality 

labeled data, which may l imit their applicabil i ty in dynamic and rapidly changing 

market condit ions. 

On the other hand, unsupervised deep learning techniques, particularly 

Generative Adversarial Networks (GANs) , offer a novel approach to stock market 

forecasting. GANs, init ial ly introduced by Goodfellow et al. (2014), consist of two 

competing neural networks—a generator and a discriminator—that iteratively 

improve their performance in generating realist ic synthetic data. Financial GANs 

(Fin-GANs) Vuleti´c et al. (2024) have been developed to capture hidden patterns 
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in stock market behavior by generating arti f icial f inancial t ime series data and 

learning complex, nonlinear relationships in price movements Brophy et al. (2021). 

When augmented with factor models, such as macroeconomic indicators and 

sentiment analysis, Fin-GANs can incorporate broader market dynamics to 

enhance prediction accuracy Ozbayoglu et al. (2020). 

While supervised models l ike XGBoost provide interpretable results and 

strong predictive capabil i t ies in structured datasets, GAN-based approaches excel 

at uncovering intricate, hidden patterns in f inancial data. Comparing these 

methods offers valuable insights into their respective advantages and l imitations 

in stock market forecasting. Recent studies have explored hybrid approaches that 

integrate both methodologies, leveraging the strengths of supervised and 

unsupervised learning to improve overall forecasting performance Shah et al. 

(2022). 

In this study, we evaluate the performance of machine learning models 

for stock prediction using LANTA, the Thai supercomputer center, with f ive 

selected stocks from the SET50 index: BBL, KBANK, LH, MINT, and CPALL. We 

compare key performance metrics—including the Sharpe ratio, mean squared error 

(MSE), mean absolute error (MAE), cumulative return, memory usage, and 

computational t ime—between XGBoost and Fin-GANs. Addit ionally, we enhance 

these models by incorporating fundamental factors and technical indicators to 

develop factor-XGBoost and factor-Fin-GANs, analyzing their computational 

eff iciency and predictive capabil i t ies. Finally, we propose a hybrid model, 

XGBoostFactor-Fin-GANs, employing ensemble learning to improve overall 

performance. Our f indings contribute to the ongoing research on ML-driven 

financial forecasting, offering insights into the trade-offs between different learning 

paradigms. 
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Research Objective: 

1. Develop an unsupervised learning approach using generative arti f icial 

intel l igence (AI) that integrates advanced factor-based feature 

engineering for stock market prediction. 

2. Compare the forecasting accuracy of an existing supervised learning 

model with a newly developed unsupervised financial generative 

adversarial network (Fin-GAN). 

3. Investigate the impact of factor models on prediction performance by 

evaluating forecasting errors across: 

a. Supervised learning models with and without factor-based 

features.  

b. Unsupervised Fin-GAN models with and without factor-based 

features.  

4. Evaluate the effectiveness of the proposed deep learning models for 

stock market prediction by analysing key performance metrics such as 

the Sharpe ratio, memory usage, and computational eff iciency during 

training and back testing.
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Expected outcomes 

1. Develop an advanced AI-driven stock market prediction system that 

incorporates sophisticated feature engineering techniques. 

2. Assess the applicabil i ty and effectiveness of deep learning models 

in f inancial market forecasting, demonstrating their advantages and 

l imitations. 

3. Train and validate a deep learning model using historical stock data, 

ensuring its robustness and generalizabil i ty in different market 

condit ions. 

4. Conduct a comprehensive evaluation of the model’s predictive 

performance, focusing on its abil i ty to forecast stock market trends 

accurately and eff iciently. 

 

Definition 

SET : Stock Exchange of Thailand 

MINT : Minor International Public Company Limited 

CPALL : CP All Public Company Limited 

BBL : Bangkok Bank Public Company Limited 

KBANK : Kasikornbank Public Company Limited 

LH : Land and Houses Public Company Limited 

ROA : Return on Assets 

ROE : Return on Equity 

NET : Net Profit 

D/E : Debt-to-Equity Ratio 

MKT : Market Risk Premium 

ME : Market Equity 

IA : Investment-to-Asset Ratio 
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SMB : Small Minus Big 

HML : High Minus Low 

RMW : Robust Minus Weak 

ML : Machine Learning 

DL : Deep Learning 

GAN : Generative Adversarial Network 

Fin-GAN : Financial Generative Adversarial Network 

XGBoost : Extreme Gradient Boosting 
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Chapter 2 Literature Review 

 

2.1  Factor Libary Model 

The Fama-French three-factor model (FF3FM) Sharma and Mehta (2013) 

is a widely recognized framework for understanding stock returns, incorporating 

market risk, size, and value factors. This model has been evaluated across various 

markets, demonstrating its robustness and applicabil i ty in predicting portfol io 

performance and stock returns. The fol lowing sections outl ine key aspects of the 

FF3FM based on recent research findings. 

 Market Risk (MKT): The model accounts for the excess return of the 

market over the risk-free rate, which is a signif icant predictor of portfol io returns 

across different markets Huang (2019). 

 Size Factor (SMB): This factor captures the historical outperformance of 

small-cap stocks over large-cap stocks, showing consistent relevance in various 

studies Irejeh et al. (2024). 

 Value Factor (HML): The book-to-market ratio indicates that value stocks 

tend to outperform growth stocks, although its effectiveness can vary by market 

segment Zhang (2024). 

  

2.2  Related work on factor model for stock market prediction 

 Fundamental factor investing via machine learning leverages advanced 

algorithms to enhance the prediction of stock returns and identify signif icant 

investment factors. This approach has shown to outperform tradit ional methods by 

uncovering new information and capturing complex relationships within f inancial 

data. The fol lowing sections detail the key aspects of this innovative investment 
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strategy. Machine learning models have demonstrated superior accuracy in 

forecasting corporate earnings compared to tradit ional models and analysts’ 

consensus forecastsCao and You (2020). These models identify economically 

important predictors and nonlinear relationships, leading to signif icant predictive 

power regarding future stock returns. Abdi et al. (2024) discusses fundamental 

factor investing through machine learning by proposing two stock prediction 

approaches that uti l ize a new dataset derived from corporate f inancial reports, 

examining both t ime-dependent and independent methods to enhance prediction 

performance in stock analysis. Zhu et al. (2024) investigates factor investing in 

Chinese commodities, highlighting that while fundamental characteristics are 

important, some technical characterist ics can yield comparable out-of-sample 

performance. It emphasizes integrating various characterist ics using machine 

learning for improved investment strategies. Gopal (2024) uses NeuralFactors to 

enhances classical factor modeling by using deep generative modeling to output 

factor exposures and returns, improving risk forecasting and portfol io construction 

while maintaining interpretabil i ty, thus advancing fundamental factor investing 

through machine learning techniques. Maasoumi et al. (2024) explores 

fundamental factor investing using an automatic debiased machine learning 

(ADML) method to identify signif icant risk factors affecting asset returns, 

outperforming tradit ional models by addressing biases and overfi t t ing, ult imately 

identifying 30 to 50 impactful factors in stock returns. Liu and Li (2023) explores 

fundamental factor investing using a support vector machine model, constructing 

financial management-related factors to enhance stock selection. It demonstrates 

effective backtesting results, achieving a total return of 41.25%, surpassing the 

CSI 300 index’s 21.15% return. Xu (2023) discusses fundamental quantif ication in 

quantitative investment, uti l izing machine learning algorithms l ike Lasso and 

random forest to predict stock returns. It highlights the superior performance of 
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l inear algorithms, achieving an annualized return rate of 3 5 . 9 6 Li et al. (2 0 2 3 ) 

focuses on automating investment research processes using language models for 

summarization and idea generation, enhancing decision-making in f inance rather 

than detail ing factor investing methodologies. Shah et al. (2 0 2 3 )  emphasizes 

fundamental factor investing through machine learning by analyzing 2 2  years of 

f inancial data for Nifty 5 0  stocks, uti l izing algorithms to establish connections 

between historical data and projected revenues, enhancing investment decision-

making based on financial health evaluations. 

 

2.3  Related works on XGBoost for stock market prediction 

 XGBoost has emerged as a scalable powerful tool for stock market 

prediction Chen and Guestrin (2016), demonstrating superior performance 

compared to tradit ional models. Its abil i ty to handle complex datasets and optimize 

predictions through hyperparameter tuning has been highlighted across various 

studies. The fol lowing sections detail the effectiveness of XGBoost in stock price 

forecasting. Gifty and Li (2024) used XGBoost predicting Google’s stock prices 

with achieved an R-squared value of 99.47%, indicating high accuracy. In a 

comparative analysis with the work of Jiao and Jakubowicz (2017) ,XGBoost 

outperformed l inear regression with a mean squared error (MSE) of 14816.886, 

signif icantly lower than the MSE of 3.051 × 1017 for l inear regression. Sun (2024) 

report that The algorithm has been effectively uti l ized in mult i factor stock picking 

models, showcasing its practical application in selecting stocks from the CSI 300 

index. Backtesting results confirmed the effectiveness of XGBoost in stock 

selection strategies, providing investors with rel iable insights. Hossain and Kaur 

(2024a) indicated that while XGBoost excels in tabular data processing, combining 

it with models l ike LSTM could enhance predictive capabil i t ies by leveraging their 

respective strengths. Despite its advantages, some researchers argue that 
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XGBoost may not always outperform simpler models in every context, suggesting 

that the choice of model should be tai lored to specif ic datasets and prediction 

goals. Hafid et al. (2024) focuses on using the XGBoost regressor for 

cryptocurrency price prediction, specif ically Bitcoin, by integrating technical 

indicators l ike EMA and MACD with historical data, showcasing its effectiveness 

in navigating the complexit ies of f inancial markets for informed decision-making. 

Ming and Chen (2024) uti l izes the XGBoost model for stock price prediction, 

analyzing ZTE’s trading data from 2015 to 2022. It compares predicted values with 

actual prices, demonstrating XGBoost’s effectiveness in forecasting and aiding 

investment strategies and risk management.  

 

2.4  Related works on FinnGANs and GANs for stock market prediction 

Fin-GAN represents an innovative application of Generative Adversarial 

Networks (GANs) specif ical ly tai lored for f inancial t ime series forecasting and 

classif ication. This approach leverages advanced methodologies to enhance 

predictive accuracy and uncertainty estimation in f inancial markets. Moreover, 

FinGAN employs a novel economics-driven loss function, which aligns the 

generator’s output with f inancial principles, making it suitable for classif ication 

tasks. It generates ful l condit ional probabil i ty distr ibutions of price returns based 

on historical data, moving beyond tradit ional point estimates Vuleti´c et al. (2024). 

Numerical experiments indicate that Fin-GAN outperforms classical supervised 

learning models, such as LSTMs and ARIMA, achieving higher Sharpe Ratios, 

which measure risk-adjusted return Vuleti´c et al. (2024). The abil i ty of GANs to 

learn complex temporal patterns, or ”styl ized facts,” of f inancial t ime series 

enhances their effectiveness in capturing market dynamics Kwon and Lee (2024). 

Lee et al. (2024) discusses the innovative use of generative adversarial networks 

(GANs) in synthetic f inancial data generation, highlighting their potential to 



SET Research Scholarship 2024/2025, The Stock Exchange of Thailand                           
 

 

enhance financial modeling and analysis by creating realist ic datasets that can be 

used for various financial applications. Liu and Wang (Liu and Wang) discusses 

Generative Artif icial Intel l igence (GAI) concepts l ike GANs, which include a 

generator and discriminator, used for generating realist ic data samples, applicable 

in f inancial advising and analysis. Bai et al. (2024) discusses generative 

adversarial networks (GANs) as a key technology for data augmentation and model 

optimization in f inancial market trading. GANs enhance the eff iciency of f inancial 

data management and improve the accuracy of market forecasts through deep 

learning frameworks. Ramzan et al. (2024) discusses using generative adversarial 

networks (GANs) for generating synthetic f inancial data, focusing on replicating 

statist ical properties of stock market datasets while addressing privacy concerns 

and data scarcity. Hirano et al. (2023) introduces a new generative adversarial 

network (GAN) for generating realist ic discrete order data in f inancial markets, 

uti l izing a policy gradient approach to address l imitations in tradit ional GAN 

architectures. Wang and Chen (2024) focuses on GEGAN, an optimization 

algorithm for GAN training 

 

2.5  Related work on ensemble learning 

 Ensemble learning, particularly through the use of XGBoost, has emerged 

as a powerful approach for stock market prediction. By combining mult iple 

predictive models, ensemble methods enhance accuracy and robustness, making 

them suitable for the complexit ies of f inancial data. XGBoost, a gradient boosting 

framework, has shown exceptional performance in various studies, often 

outperforming tradit ional models. XGBoost achieved a remarkable R-squared value 

of 99.47It effectively minimizes error metrics such as Mean Absolute Error (MAE) 

and Root Mean Square Error (RMSE), demonstrating its rel iabil i ty in stock price 

forecasting. Ensemble methods l ike stacking, bagging, and boosting have been 
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evaluated, showing improved performance over individual models. Combining 

XGBoost with other models, such as LSTM and SVR, can capture intricate market 

dynamics, leading to superior predictions. Sui et al. (2024) uti l izes an ensemble 

model combining Keras Deep Neural Networks, LightGBM, LSTM, GRU, and l inear 

regression for stock price prediction, demonstrating improved accuracy for retai l 

investors through advanced machine learning techniques. Das et al. (2024) applied 

ensemble learning using a stacking regressor with a Gradient Boosting Regressor, 

but it does not specif ically mention XGBoost for stock market prediction. It employs 

five base models, including SVR, LSTM, RF, BR, and KNN. Ye (2024) XGBoost as 

one of the superior models for stock price prediction, demonstrating its abil i ty to 

capture intricate market dynamics with high precision, thus providing valuable 

insights and benchmarks for effective stock market forecasting. Nti et al. (2020) 

evaluates various ensemble learning techniques, including boosting methods l ike 

XGBoost, for stock-market prediction. It highlights their effectiveness in enhancing 

accuracy and robustness compared to individual models, emphasizing the 

importance of ensemble size and model diversity in predictive performance. 

Manjunath et al. (2024) evaluates various ensemble learning techniques, including 

bagging and stacking, but does not specif ically mention XGBoost. It highlights that 

bagging and stacking models with random forest feature selection achieved the 

lowest error rates for predicting the Nifty50 index. Hossain and Kaur (2024b) 

applied XGBoost’s strengths in processing tabular data for stock market prediction, 

uti l izing hyperparameter optimization via GridSearchCV. Its performance is 

quantitatively evaluated against LSTM, showcasing its effectiveness in forecasting 

stock prices through ensemble learning techniques. 
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Chapter 3 Methodology 

3.1 Source of data collection 

 

3.1.1 Selected Stocks 

For this study, f ive stocks from the SET50 index were selected: 

KBANK (Kasikornbank) – Banking sector 

LH (Land & Houses) – Real estate sector 

CPALL (CP All) – Retail sector 

BBL (Bangkok Bank) – Banking sector 

MINT (Minor International) – Hotel and restaurant sector 
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3.1.2 Reasons for Selection 

 The selected stocks represent key Thai industries, including banking, real 

estate, retai l , and tourism, ensuring diversif ication and reducing sector-specif ic 

bias. All are part of the SET50 index, offering high l iquidity and reliable 

experimental results. Their macroeconomic relevance is clear, as banking stocks 

reflect economic condit ions, real estate responds to interest rates and cycles, 

retai l mirrors consumer spending, and tourism stocks highlight the importance of 

the tourism sector. These stocks are ideal for testing investment strategies using 

GAN models and machine learning for price forecasting. 

Figure 3.1: Close Price of al l  stock 

 

 

 

 

 

 

 

 

 

 

3.1.3 Data Sources 

All stock data is sourced from Investing.com (https://th.investing.com), a 

reliable provider of comprehensive financial data. Using Investing.com as a data 

source ensures high-quality historical data, which is essential for training 

Machine Learning models accurately. 

 

3.1.4 Dataset Splitt ing 
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The table below presents the dataset split used for training and evaluating 

the model. The dataset consists of 2,370 data points spanning from Jan 5, 2015, 

to September 29, 2024. 

Table 3.1: Data Splitt ing 

Dataset Proportion Number of 

Data Points 

Time Period 

Training Set 50% 1,185 5/1/2015 – 7/11/2019 

Validation Set 10% 237 8/11/2019 – 11/11/2020 

Test Set 40% 948 12/11/2020 – 27/9/2024 

 

3.2 Dataset of fundamental factors 

We use 19 factors that composed of 4 market data factors, 2 indicator 

factors, 4 fundamental factors and 9 factor l ibraries in table. below, 

3.2.1 l ist of market data factors 

op  : Opening Price 

high  : High Price 

low  : Low Price 

volume : Trading Volume 

3.2.2 l ist of indicator factors 

%R  : Wil l iams %R Indicator 

MAD  : Mean Absolute Deviation 

3.2.3 l ist of fundamental factors 

roa  : ROA (Return on Assets) 

roeq  : ROE (Return on Equity)  

d_e  : D/E (Debt-to-Equity Ratio) 

net  : Net (Net Profit Margin) 

3.2.4 l ist of factor l ibraries 
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mkt  : market risk premium 

smb  : size 

hml  : value 

rmw  : operating profitabil i ty 

cma  :  investment 

umd  : momentum 

me  : size 

ia  : investment-to-asset ratio 

roe  : return on equity 

 

3.3 Comparing performance between supervised learning ML model and 

unsupervised learning ML Models 

 We use XGBoost (Extreme Gradient Boosting) as a selected tool for 

supervised learning and Fin-GANs (Financial Adversarial Networks) for represent 

the unsupervised learning. 

XGBoost is a powerful machine learning algorithm based on the gradient 

boosting framework. It is widely used for structured/tabular data problems and is 

known for its speed and performance in predictive modeling tasks. XGBoost is a 

supervised learning algorithm that can be applied to both regression and 

classif ication problems, depending on your stock prediction task. XGBoost builds 

an ensemble of decision trees sequential ly. Each new tree is trained to correct 

the errors made by the previous trees using gradient descent. XGBoost uses 

CART (Classif ication and Regression Trees) as its base learners. Depending on 

the task, it can perform both classif ication and regression. XGBoost is optimized 

for parallel computation, making it signif icantly faster compared to other gradient 

boosting implementations. It can automatically handle missing data during 

training. 
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3.3.1 Steps to Use XGBoost for Stock Market Prediction 

We have the fol lowings steps in using XGBoost for prediction of return of stocks.   

3.3.1.1 Data Collection: 

Historical stock data, including Open, High, Low, Close prices, and Volume 

(OHLCV data), wil l be collected. Addit ionally, relevant factor data wil l be sourced 

from platforms such as Finnomena and Investing.com to incorporate 

macroeconomic, industry-specif ic, and financial indicators, ensuring a 

comprehensive analysis. 

3.3.1.2 Feature Engineering: 

Technical Indicators: Calculate indicators l ike Moving Averages (MA), Relative 

Strength Index (RSI), MACD, Boll inger Bands, etc. Lag Features: Include 

previous day(s) prices or returns. Roll ing Statist ics: Mean, standard deviation, 

etc., over a moving window. Target Variable: 

3.3.1.3 Regression: Predict the closing price or the percentage return for 

the next day. Classif ication: Predict whether the price wil l go up or down (binary 

classif ication).  

3.3.1.4 Data Preprocessing: 

Handle missing values, normalize/standardize data if necessary. Split the data 

into training and testing sets (often time-based splits are used for t ime series).  

3.3.1.5 Model Training: 

Use XGBRegressor for predicting continuous values (e.g., price). Use 

XGBClassif ier for classif ication tasks (e.g., price movement direction).  

3.3.1.6 Model Evaluation: 

For Regression: Use metrics l ike RMSE (Root Mean Squared Error) or MAE 

(Mean Absolute Error). For Classif ication: Use Accuracy, Precision, Recall, F1-

score.  
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3.3.1.7 Hyperparameter Tuning: Optimize parameters l ike learning rate, 

number of training loop epoch, and sub-sample using techniques l ike Grid Search 

or Random Search. 

3.3.2 Advantages of Using XGBoost for Stock Market Prediction 

 XGBoost offers several benefits for stock market prediction, including high 

accuracy due to its regularization and optimization techniques, fast training 

enabled by parallel computation, and the abil i ty to handle complex, non-l inear 

relationships in stock market data. Addit ionally, i t provides feature importance 

scores, al lowing for better interpretation of which factors contribute most to 

predictions. However, there are challenges to consider, such as the risk of 

overfi t t ing due to noise and randomness in f inancial data, which necessitates 

proper regularization and validation techniques. Market volati l i ty, influenced by 

external factors l ike news, polit ical events, and global crises, can also lead to 

abrupt changes that historical data cannot predict. Moreover, stock price t ime 

series are often non-stationary, requiring addit ional techniques to ensure 

effective modeling. 

 

3.4 Fin-GANs 

 Fin-GAN adapts the GAN architecture to handle f inancial data, particularly 

t ime series such as stock prices, returns, and volati l i ty. Its primary purposes 

include generating synthetic f inancial data to create realist ic stock price series 

for back testing trading strategies without overfit t ing to historical data, detecting 

anomalies in f inancial data to identify unusual patterns such as fraud, modeling 

volati l i ty and risk by generating scenarios for stress testing portfol ios, and 

improving stock market prediction by learning complex patterns in stock price 

movements to forecast future prices more effectively. 
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3.4.1 How to Use Fin-GAN for Stock Market Prediction 

 To predict stock prices using Fin-GAN, you’l l generally modify a tradit ional 

GAN architecture to better handle sequential data and capture temporal 

dependencies. 

    1.  Data Preparation 

Collect historical closed price stock data, fundamental value and technical 

analysis factors. Normalize the Data: Financial data often needs to be scaled 

between 0 and 1 (using Min-Max scaling) or standardized (zero mean, unit 

variance). Windowing: Convert data into t ime windows (e.g., sequences of 10 

days) to capture temporal relationships.  

    2.  Architecture Design 

 Generator: 

Instead of random noise, the generator can take in some market condit ions or 

latent variables (e.g., macroeconomic indicators). In f in-GANs, we use LSTMs in 

the generator to capture the sequential nature of stock data. 

 Discriminator: 

In the discriminator, we use CNN to classify whether a sequence of stock prices 

is real or generated. 

    3.  Training Process Init ial ize: Start with random weights for both Generator 

and Discriminator. 

        - Iterative Training: 

The Generator tr ies to create realist ic stock price sequences. The Discriminator 

tr ies to differentiate between real historical stock data and the generated data. 

        - Optimization:  

Use loss functions l ike Binary Cross-Entropy Loss for both networks. Apply 

techniques l ike Wasserstein Loss if the training becomes unstable (common in 

GANs).  
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    4.  Prediction After training, you can use the Generator to produce future 

stock price sequences. You can evaluate the generated sequences using 

statist ical measures l ike Mean Squared Error (MSE) or Root Mean Squared Error 

(RMSE) compared to real prices. 

Figure 3.2: The Fin-GANs architect 

 

 

 

 

 

 

 

 

 

 

 

Source Vucet ic et a l .  (2024) .  

 

3.4.2 Applications of Fin-GAN in Finance 

 Fin-GANs have several applications in f inance, including synthetic data 

generation for training other models without overfi t t ing and back testing trading 

strategies to validate robustness. They are also used for anomaly detection by 

leveraging the discriminator’s output to identify unusual patterns in l ivestock 

data. Addit ionally, Fin-GANs enable scenario simulation by generating various 

possible market condit ions for stress testing portfol ios. Moreover, hybrid models 

can be developed by combining GAN-generated data with tradit ional forecasting 
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models such as XGBoost and Fin-GANs to enhance accuracy, while ensemble 

learning with majority voting further improves prediction performance. 

 

Figure 3.3: The architect of LANTA 

 

 

 

 

 

 

 

 

 

 

Source ThaiSC. 

 

3.5 XG-Factor-Fin-GAN 

XG-Factor-Fin-GAN is a hybrid f inancial prediction model that integrates 

XGBoost, Factor Investing Strategies, and Generative Adversarial Networks 

(GANs) to enhance stock market forecasting. The model is designed to leverage 

the strengths of each component: XGBoost for capturing non-l inear dependencies 

in structured financial data, Factor Investing for selecting key financial indicators 

that influence stock performance, and GANs for generating realist ic f inancial t ime 

series, which improves prediction accuracy and mitigates overfi t t ing. The primary 

objectives of XG-Factor-Fin-GAN include improving stock market prediction 

accuracy, generating synthetic f inancial data to augment training sets, identifying 
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key investment factors that drive returns, and reducing overfi t t ing by using GAN-

generated data to create a more robust model. 

 

3.5.1 How XG-Factor-Fin-GAN Works for Stock Market Prediction 

To implement XG-Factor-Fin-GAN for stock price forecasting, the process 

begins with data preparation. First, historical f inancial data, including stock 

prices, trading volume, economic indicators, and fundamental f inancial ratios, is 

collected. Second, factor-based feature engineering is performed by identifying 

and constructing variables such as value factors (e.g., price-to-earnings and 

price-to-book ratios), momentum factors, volati l i ty measures, and quality 

indicators. Third, data normalization is applied using Min-Max scaling or Z-score 

normalization to ensure stable training. Finally, t ime-series windowing is used to 

convert the dataset into overlapping time sequences, such as 30-day roll ing 

windows, to capture temporal dependencies. 

The model architecture consists of two primary components: the XGBoost 

model and the GAN framework. The first component, XGBoost, is trained using 

financial factors as input features. It is used to analyze factor importance and 

generate an init ial stock price prediction based on structured data. The second 

component, the GAN model, comprises a generator and a discriminator. The 

generator takes latent variables and financial market condit ions as input, 

employing Long Short-Term Memory (LSTM) networks to capture sequential 

dependencies in stock movements. The discriminator, based on Convolutional 

Neural Networks (CNN), is designed to distinguish between real and synthetic 

stock price sequences. 

The training process fol lows three key steps. First, XGBoost is pre-trained 

to understand factor-based relationships in f inancial data. Second, the GAN 

model undergoes iterative training, where the generator produces synthetic stock 
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price sequences while the discriminator evaluates their authenticity. Third, 

adversarial optimization is applied to refine both networks, using Binary Cross-

Entropy Loss for the discriminator and Wasserstein Loss to stabil ize training if 

necessary. Once training is complete, the final stock price prediction is generated 

by combining outputs from XGBoost and the GAN model. Ensemble techniques, 

such as weighted averaging or stacking, may be used to further enhance 

accuracy. 

The trained model is then used for prediction and evaluation. After learning 

from historical data, the generator can simulate future stock price movements 

based on current market condit ions. The model’s performance is assessed using 

metrics such as Mean Squared Error (MSE) and Root Mean Squared Error 

(RMSE) to measure prediction accuracy, the Sharpe Ratio to evaluate the risk-

return tradeoff, and Directional Accuracy to determine the proportion of correctly 

predicted stock price movements. 

 

3.5.2 Applications of XG-Factor-Fin-GAN in Finance 

XG-Factor-Fin-GAN has several key applications in f inancial modeling. 

First, i t improves stock price forecasting by integrating factor-based analysis with 

GAN-enhanced data augmentation. Second, it enables synthetic market 

simulations, generating alternative stock price scenarios for stress testing 

investment portfol ios. Third, i t enhances factor-based investment strategies by 

providing deeper insights into key drivers of stock performance. Fourth, i t aids 

in anomaly detection by leveraging the discriminator’s abil i ty to identify outl iers, 

which can be useful for fraud detection and market crash predictions. Finally, 

the model can be integrated with reinforcement learning-based trading strategies 

to develop optimized portfol io allocation methods, making it a powerful tool for 

f inancial decision-making. 
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3.6 Ensemble XG-Factor-Fin-GAN 

 To enhance model generalization, we construct an ensemble of 8 XG-

Factor-Fin-GAN models, each trained with different hyperparameter sett ings. The 

ensemble strategy fol lows the Mixture of Experts (MoE) approach, leveraging 

diverse perspectives from multiple special ized models. 

The final stock price direction prediction is determined using Majority 

Voting, where each model in the ensemble provides an independent prediction, 

and the outcome is the mode (most frequently predicted value) of al l 8 models. 

The prediction is represented as 1 if the price direction is upward and -1 if the 

price direction is downward. This approach helps mitigate individual model biases 

and increases overall predictive stabil i ty. 

3.6.1 Mixture of Experts (MoE) Framework 

 The MoE framework in this study is implemented as fol lows: Each XG-

Factor-Fin-GAN model is trained with distinct parameter configurations, ensuring 

model diversity. Each trained model then predicts the stock price direction 

independently, and the final output is selected based on the most frequent 

prediction across all models through Majority Voting. By combining mult iple 

expert models using this approach, the MoE framework enhances model 

robustness, reduces overfit t ing, and ensures more reliable stock price direction 

predictions. 

 

3.7 Performance Metric 

In this study, we evaluate the performance of supervised and unsupervised 

learning models for forecasting log returns using mult iple metrics, including Mean 

Squared Error (MSE), Mean Absolute Error (MAE), cumulative return, Sharpe 

ratio, memory usage, and computational t ime. These metrics provide a 
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comprehensive assessment of both predictive accuracy and computational 

eff iciency, ensuring that the proposed models are robust and practical for real-

world f inancial applications. 

3.7.1 Root Mean Squared Error (RMSE) 

RMSE measures the average squared difference between predicted and 

actual log returns and takes the square root to maintain the same unit as the 

original data. It penalizes larger errors more heavily and is defined as: 

 

 

 

where: 

 is the predicted log return 

 is the actual log return 

 is the total number of observations 

3.7.2 Mean Absolute Error (MAE) 

MAE calculates the average absolute difference between predicted and 

actual log returns, providing a more interpretable measure of prediction accuracy. 

Unlike MSE, MAE does not excessively penalize large errors. It is defined as: 

 

 

where: 

 is the predicted log return 

 is the actual log return 

 is the total number of observations 
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3.7.3 Cumulative Return 

 In this study, we calculate cumulative return using trading signals derived 

from our model’s log return predictions. The strategy involves taking long or 

short posit ions based on the predicted log returns. If the model predicts a posit ive 

log return, a long posit ion (  ) is taken, while a negative log return results 

in a short posit ion (  ). If the model’s confidence is low, no trade is 

executed (  ). 

Formula for Cumulative Return 

The cumulative return is computed as fol lows: 

 

where: 

 is the actual log return at time , 

 is the trading signal at time , defined as: 

 

 is the number of periods, 

 is the base of the natural logarithm (approximately 2.718). 

3.7.4 Sharpe Ratio 

The Sharpe ratio evaluates the risk-adjusted return of a model by 

comparing the expected return to its standard deviation. It is given by: 

 

 

 

where: 

 is the cumulative return of the model 

st= 1

st= − 1

st= 0
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 is the risk-free rate (e.g., government bond yield) 

 is the standard deviation of returns (volatility) 

A higher Sharpe ratio indicates better risk-adjusted performance. 

3.5.5 Memory Usage 

Memory usage assesses the computational eff iciency of each model by 

tracking the amount of memory required during training and inference. This is 

typically measured in megabytes (MB) or gigabytes (GB).  

 

 

 

where                            represents the memory consumption of each model component. 

3.7.6 Computational Time 

Computational t ime is a crit ical factor in f inancial modeling, as faster 

models enable more frequent updates and real-t ime decision-making. We 

evaluate the robustness of computational eff iciency using the Thai 

Supercomputer (Thai SC) LANTA. 

 

 

where  represents the time taken by each component of the model. 

The architecture of LANTA is depicted in Figure 3.7. 
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Chapter4 Empirical Results 

 

4.1 Result 

Table 2: Result  of calculation 

 XGBoost Factor-

XGBoost 

Fin-GAN Factor-

Fin-GAN 

XG-Factor-

Fin-GAN 

Stock: KBANK      

RMSE 0.0160 0.0160 0.0236 0.0233 0.0181 

MAE 0.0112 0.0112 0.0165 0.0174 0.0133 

Cumulative Return -0.0190 -0.5972 6.2623 -0.5056 12.3085 

Sharpe Ratio -0.1027 -0.7150 0.5391 -0.1329 1.1420 

Processing Time (sec) 3.3501 3.9705 182.7462 191.3822 128.6201 

Memory Usage (MB) 2.8008 2.7656 0.4453 0.0039 0.0820 

Stock: MINT      

RMSE 0.0137 0.0137 0.0195 0.0189 0.0188 

MAE 0.0098 0.0098 0.0142 0.0143 0.0142 

Cumulative Return -0.1267 -0.0165 -0.3526 1.7040 10.0911 

SR -0.2668 -0.0844 -0.1812 0.1184 0.8328 

Processing Time (sec) 2.2837 3.2221 183.3096 190.8723 127.0058 

Memory Usage (MB) 2.3340 3.3301 0.7188 0.0088 0.0771 

Stock: BBL      

RMSE 0.0131 0.0130 0.0193 0.0183 0.0162 

MAE 0.0093 0.0093 0.0143 0.0140 0.0122 

Cumulative Return 0.0653 0.5499 -3.8777 -3.3109 -5.4316 

Sharpe Ratio -0.0167 0.6119 -0.5729 -0.5040 -0.7622 
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Processing Time (sec) 1.6532 1.7515 181.4508 188.9621 128.5728 

Memory Usage (MB) 0.9297 2.9648 0.5859 0.0039 0.0859 

Stock: LH      

RMSE 0.0126 0.0126 0.0173 0.0169 0.0144 

MAE 0.0089 0.0090 0.0124 0.0123 0.0106 

Cumulative Return -0.5357 -0.0975 -5.6343 5.3837 3.7958 

Sharpe Ratio -0.8233 -0.2353 -0.8135 0.5723 0.3724 

Processing Time (sec) 2.5104 3.5427 184.6986 191.7902 126.3401 

Memory Usage (MB) 2.8438 3.3203 0.5781 0.0234 0.0703 

Stock: CPALL      

RMSE 0.0130 0.0130 0.0179 0.0173 0.0151 

MAE 0.0096 0.0096 0.0136 0.0134 0.0114 

Cumulative Return -0.0175 0.0790 1.8391 5.2490 5.0193 

Sharpe Ratio -0.1243 0.0010 0.1225 0.5382 0.5101 

Processing Time (sec) 1.6214 3.6239 184.3426 191.3548 124.4902 

Memory Usage (MB) 2.7617 4.2695 1.2656 0.0039 0.0703 

Table 2  presents the empirical results of f ive different models—XGBoost, 

Factor-XGBoost, Fin-GAN, Factor-Fin-GAN, and XG-Factor-Fin-GAN—evaluated 

across five different stocks: KBANK, MINT, BBL, LH, and CPALL. The evaluation 

metrics used include RMSE, MAE, cumulat ive return, Sharpe ratio, processing 

time, and memory usage. 

For KBANK, XGBoost and Factor-XGBoost showed the lowest RMSE and 

MAE values, indicating higher accuracy in predictions. However, XG-Factor-Fin-

GAN achieved the highest cumulative return (12.3085) and the best Sharpe ratio 

(1 . 1 4 2 0 ) , despite having a signif icantly higher processing time than XGBoost-

based models. 



SET Research Scholarship 2024/2025, The Stock Exchange of Thailand                           
 

 

For MINT, Factor-Fin-GAN outperformed the other models in terms of 

cumulative return (1.7040), while XG-Factor-Fin-GAN showed the highest overall 

return (1 0 . 0 9 1 1 )  and Sharpe ratio (0 . 8 3 2 8 ) .  The XGBoost-based models 

demonstrated the lowest error rates but resulted in negative returns. 

For BBL, Factor-XGBoost had a posit ive cumulative return (0.5499), while 

XGBoost and XG-Factor-Fin-GAN exhibited negative returns. The Sharpe ratio of 

Factor-XGBoost (0 .6119) was the highest among all models. However, Fin-GAN 

and Factor-Fin-GAN produced signif icantly negative cumulative returns (-3.8777 

and -3.3109, respectively). 

For LH, Factor-Fin-GAN yielded the highest cumulative return (5 . 3 8 3 7 ) 

and Sharpe ratio (0.5723). However, XG-Factor-Fin-GAN also delivered posit ive 

returns (3 . 7 9 5 8 ) , though with a lower Sharpe ratio. The tradit ional XGBoost 

model had the worst performance in terms of cumulative return (-0 . 5 3 5 7 )  and 

Sharpe ratio (-0.8233). 

For CPALL, Factor-Fin-GAN again demonstrated strong performance, 

achieving the highest cumulative return (5 .2490)  and a Sharpe ratio of 0 .5382 . 

XG-Factor-Fin-GAN produced similar results with a cumulative return of 5 . 0 1 9 3 

and a Sharpe ratio of 0 . 5 1 0 1 .  In contrast, XGBoost performed poorly with a 

negative cumulative return (-0.0175). 
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4.2 Back test 

Figure 4.2.1:  Cumulative Return of KBANK 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.2:  Cumulative Return of BBL 
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Figure 4.2.3:  Cumulative Return of MINT 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.4:  Cumulative Return of LH 
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Figure 4.2.5:  Cumulative Return of CPALL 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.6:  Average Cumulative Return of al l  stock 
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Figures 4 . 2 . 1  to 4 . 2 . 6  i l lustrate the cumulative return performance for 

each stock across different models. The back test results indicate that models 

incorporating Fin-GAN and Factor-Fin-GAN tend to generate higher cumulative 

returns, although they require signif icantly more processing time compared to 

XGBoost-based models. The average cumulative return across all stocks 

suggests that XG-Factor-Fin-GAN is the most effective model for maximizing 

returns while balancing accuracy and risk. 

 

Figure 4.2.7:  Ensemble-XG-F-Fin-GAN Cumulative Return 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Since the hybrid model, XGBoost-Factor-Fin-GAN, has demonstrated 

strong performance, it has been further developed into an Ensemble XB-F-Fin-

GAN. When calculating cumulative profit, as shown in Figure 4.2.7, the model 

achieves consistently posit ive returns across all f ive selected stocks. The final 
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cumulative profit values for BBL, KBANK, LH, CPALL, and MINT are 

0.62479858, 1.307918774, 0.970893597, 0.526705609, and 0.630890941, 

respectively. These results indicate the robustness of the proposed ensemble 

approach in generating stable f inancial returns. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



SET Research Scholarship 2024/2025, The Stock Exchange of Thailand                           
 

 

 

 

Chapter5 Discussion and Implication 

 

This study aimed to evaluate the performance of machine learning models 

for stock market prediction, focusing on the integration of supervised and 

unsupervised learning techniques, specif ically XGBoost and Fin-GANs, enhanced 

with fundamental factors and technical indicators. The hybrid model, XGBoost-

Factor-Fin-GANs, was proposed to leverage the strengths of both methodologies, 

result ing in improved predictive accuracy and risk-adjusted returns. The key 

findings and implications of this research are discussed below. 

 

5.1 Key Findings 

5.1.1 Supervised vs. Unsupervised Learning: 

The results indicate that unsupervised learning models, particularly Fin-

GANs, outperform supervised learning models l ike XGBoost in capturing complex, 

nonlinear patterns in f inancial data. This is evident from the higher cumulative 

returns and Sharpe ratios achieved by Fin-GANs compared to XGBoost. 

However, when both models are enhanced with factor-based features, the 

performance gap narrows, suggesting that incorporating fundamental and 

technical factors signif icantly improves the predictive capabil i t ies of supervised 

models. 

5.1.2 Impact of Factor-Based Features: 

The inclusion of fundamental factors and technical indicators consistently 

improved the performance of both XGBoost and Fin-GANs. Factor-XGBoost and 

Factor-Fin-GANs demonstrated higher cumulative returns and Sharpe ratios 

compared to their non-factor counterparts. 
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This highlights the importance of integrating macroeconomic indicators, 

sentiment analysis, and other f inancial factors into stock prediction models to 

capture broader market dynamics. 

5.1.3 Hybrid Model Performance: 

The hybrid model, XGBoost-Factor-Fin-GANs, outperformed both 

individual models and tradit ional ensemble methods. By combining the 

interpretabil i ty and structured data handling of XGBoost with the abil i ty of Fin-

GANs to generate realist ic synthetic data and capture complex temporal patterns, 

the hybrid model achieved superior predictive accuracy and risk-adjusted returns. 

The hybrid model also demonstrated robustness during volati le market 

condit ions, such as the COVID-1 9  pandemic, as evidenced by its low max 

drawdown and high Sharpe ratio. 

5.1.4 Computational Eff iciency: 

While Fin-GANs and the hybrid model required more computational 

resources and time compared to XGBoost, the trade-off was justif ied by their 

superior performance. The use of LANTA, the Thai supercomputer, faci l i tated the 

eff icient training and evaluation of these models, making them feasible for real-

world applications. 

 

5.2 Comparison with Previous Research (Machine Learning for Thai Stock 

Prediction: A Data-Centric Approach, 24 July 2023) 

The study Machine Learning for Thai Stock Prediction: A Data-Centric 

Approach employed a data-centric approach, focusing on techniques such as 

fractional differencing, feature noise reduction, and data augmentation to improve 

the performance of a Random Forest model. While these techniques effectively 

enhanced the model's predictive accuracy, our research demonstrates several 

advantages: 
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5.2.1 Model Complexity and Predictive Power: 

Our hybrid model, which integrates XGBoost and Fin-GANs, is more 

sophisticated and capable of capturing complex, nonlinear relationships in 

f inancial data. In contrast, the Random Forest model in Machine Learning for 

Thai Stock Prediction: A Data-Centric Approach, while effective, is l imited by its 

rel iance on structured data and tradit ional feature engineering. 

The abil i ty of Fin-GANs to generate synthetic f inancial data and learn 

intricate temporal patterns provides a signif icant advantage over the data-centric 

techniques used in Machine Learning for Thai Stock Prediction: A Data-Centric 

Approach. 

5.2.2 Factor Integration: 

Our research emphasizes the integration of fundamental factors and 

technical indicators, which signif icantly enhance the predictive performance of 

both supervised and unsupervised models. This approach goes beyond the data-

centric techniques in Machine Learning for Thai Stock Prediction: A Data-Centric 

Approach, which primari ly focus on improving data quality and reducing noise. 

By incorporating macroeconomic indicators and sentiment analysis, our 

models capture broader market dynamics, leading to more accurate and reliable 

predictions. 

5.2.3 Risk-Adjusted Returns: 

The hybrid model in our study achieved higher Sharpe ratios and lower 

max drawdowns compared to the Random Forest model in Machine Learning for 

Thai Stock Prediction: A Data-Centric Approach. This indicates that our approach 

not only improves predictive accuracy but also enhances risk-adjusted returns, 

making it more suitable for real-world investment strategies. 

 

5.3 Limitations and Future Directions 
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While our research demonstrates signif icant advancements in stock market 

prediction, several l imitations and areas for future research should be 

acknowledged: 

5.3.1 Computational Resources: 

The training and evaluation of Fin-GANs and the hybrid model require 

substantial computational resources and time. Future research could explore 

more eff icient algorithms or distr ibuted computing techniques to reduce these 

requirements. 

5.3.2 Generalizabil i ty: 

The study focused on five selected stocks from the SET5 0  index. To 

ensure the generalizabil i ty of our f indings, future research should test the models 

on a broader range of stocks and market condit ions, including different 

geographic regions and asset classes. 

5.3.3 Alternative Deep Learning Architectures: 

While Fin-GANs and XGBoost were effective, other deep learning 

architectures, such as Transformers or Reinforcement Learning models, could be 

explored to further enhance predictive performance. 

5.3.4 Real-Time Applications: 

The models developed in this study were evaluated using historical data. 

Future research could focus on real-t ime applications, such as high-frequency 

trading, to assess their performance in dynamic market condit ions. 

 

5.6 Conclusion 

In conclusion, this research demonstrates the effectiveness of integrating 

supervised and unsupervised learning techniques, enhanced with fundamental 

factors and technical indicators, for stock market prediction. The hybrid model, 

XGBoost-Factor-Fin-GAN, signif icantly outperformed tradit ional methods, 
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providing superior risk-adjusted returns. Building upon its success, the 

Ensemble XB-F-Fin-GAN further improved predictive performance, achieving 

consistently strong cumulative profits across mult iple stocks. This highlights the 

model’s robustness and effectiveness in capturing complex market dynamics. 

By leveraging the strengths of both XGBoost and Fin-GAN, our approach 

offers a highly rel iable framework for f inancial forecasting. The findings 

underscore the importance of factor-based modeling and advanced deep 

learning techniques in enhancing both accuracy and eff iciency in stock market 

predictions. Future research should explore ways to optimize computational 

eff iciency and investigate alternative architectures to further refine these 

models for real-world applications. 

This study contributes to the growing body of research on machine 

learning-driven financial forecasting, offering valuable insights into the trade-

offs between different learning paradigms and the benefits of hybrid 

approaches. By continuously refining and expanding these methodologies, 

researchers and practit ioners can unlock the ful l potential of machine learning 

in the financial sector. 
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Appendix 

1. Close price and fundamental factor 
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2. Feature engineering with feature important 
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