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Abstract 

Using machine learning for stock prediction has gained a lot of interest 

recently. Many studies show that machine learning algorithms can forecast stock 

movements effectively by using historical data. However, most current methods 

mainly focus on short-term predictions based on past stock prices and technical 

indicators, such as the RSI and MACD. In this research, we take a different 

approach. We use 41 quarters of financial statement data to explore the 

possibility of predicting long-term stock returns based on fundamental 

indicators. The model includes important financial ratios, such as profitability, 

leverage, efficiency, liquidity, and market value ratios, to create a predictive 

framework. trained three machine learning algorithms: RF, LSTM, and GRU, 

predict relative return and selected  portfolios by selecting stocks with higher 

predicted relative return using these machine learning models. The selected 

portfolios outperformed the TASI benchmark in the Saudi equity market, 

achieving higher returns and portfolio values. The findings emphasize the 

advantages of employing financial ratios in predicting the top 10 high-returning 

stocks in a mid-to-long-term investment situation, achieving over 66% higher 

excess returns for all models with lower risk profiles. Also, the selection of the 

top 5 high-return stocks achieved over 79% excess returns, proving the 

effectiveness of applying ML techniques based on financial ratios for stock 

prediction. In addition to financial ratios, the research also incorporates technical 

indicators derived from OCHLV data and using LSTM model to enhance the 

model’s ability to capture short-term market dynamics. The model demonstrates 

strong predictive performance, achieving a low MAE of 0.0238 and a high 

coefficient of determination R² of 0.97, confirming the model’s high predictive 
accuracy on technical features. 
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Chapter 1 Introduction  

1.1 Problem Definition 

      Despite the increasing use of artificial intelligence in financial markets, most 

stock prediction models focus mainly on technical analysis. They often overlook 

the valuable insights found in corporate financial statements. Traditional machine 

learning models also have difficulty capturing complex, non-linear relationships 

between fundamental financial indicators and stock price behavior. This research 

aims to fill this gap by creating a machine learning-based model that predicts 

stock trends using fundamental financial data. Specifically, the research looks at 

how key profitability ratios, such as ROA, ROC, ROE, and ROCE, affect stock 

price movements. The main goal is to improve the accuracy, clarity, and 

reliability of long-term stock price predictions by using AI-driven methods. 

  

 1.2. Thesis Objectives 

This research aims to develop a new relative-return-based stock selection 

technique based on financial statement data and machine learning methods. 

Furthermore, it integrates stock price forecasting as a secondary component for 

the sake of facilitating informed decision-making protocols. In general, the prime 

emphasis lies in facilitating financial analysts and investors in developing their 

decision-making process through a data-centric process for evaluating stocks for 

medium- and long-term horizons. 

 

1.3 Thesis Contribution 

Evaluating machine learning methods for medium- and long-term stock 

prediction based on fundamental analysis. We do so by comparing the prediction 

performance of three advanced machine learning methods based on fundamental 

analysis using financial statements. 

 

 

 



2 
 

1.4 Thesis Organization  

This thesis contains six chapters that address the key aspects of the research. 

Chapter 1: Introduction presents the problem definition, outlines the objectives, 

and highlights the contributions of this research. Chapter 2: Overview covers the 

basic concepts concerning research. It describes principles of stock market 

analysis, specifically a description of the theoretical foundations that underline 

the methodological strategy of this thesis. In addition, it contains basic 

information about the RF, LSTM, and GRU models, which we used in this 

research. Chapter 3: Related Work reviews the literature on stock prediction 

techniques, including traditional statistical models and contemporary machine 

learning strategies. It focuses on previous research on predicting stock 

performance using financial ratios using machine learning. Chapter 4: Proposed 

Approach describes the research methodology adopted in this research, including 

data description, Data Preprocessing, moving time-period strategy, and the 

applied machine learning models RF, LSTM, and GRU. Chapter 5: Experimental 

Results and Discussion reports the experimental configuration, evaluation 

metrics, and results of the proposed models. The results are benchmarked against 

the TASI and assessed based on excess return, Top-K stock selection, and 

portfolio score, followed by a discussion of their implications for investment 

strategy in practical terms. Finally, Chapter 6: Conclusion and Future Work 

summarizes the major findings and contributions of this research, highlighting 

the success of integrating financial ratios with machine learning for medium- and 

long-term stock forecasting. Moreover, it specifies the limitations of the research 

and suggests directions for further research to build on and improve the current 

research. 
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Chapter 2 Overview 

2.1 Introduction 

The main reason for predicting stock price movements is the chance for profit. 

Since financial markets began, investors have looked for ways to forecast stock 

performance to find profitable opportunities. This involves buying stocks 

expected to increase in value and selling them for a profit. Over the years, many 

stock prediction methods have appeared, but their consistency and reliability are 

still debated. 

Stock prediction methods can generally be grouped into three main categories: 

Fundamental Analysis, this approach predicts stock prices by looking at the 

financial health of companies using publicly available data, including financial 

statements and economic indicators. It aims to estimate a stock's true value. 

Technical Analysis, this technique relies only on past market data such as 

prices and trading volumes. In contrast to fundamental analysis, technical 

analysis assumes that all public information is already included in a stock’s price. 
It is based on three main ideas: 

• Market action discounts everything.  

• Prices are moving in trends. 

• History repeats itself. 

Sentiment Analysis, this method assesses investor sentiment by examining 

news articles, analyst reports, and online commentary related to specific stocks 

or the overall market. It seeks to identify the current mood or emotional tone 

influencing investor behavior. 

Among these methods, technical analysis and sentiment analysis are mainly 

used for short-term predictions, for days or even hours, while fundamental 

analysis is usually applied for mid- to long-term forecasts, spanning quarters or 

years. Recently, ML and data mining techniques into financial modeling have 

gained significant attention. Many existing ML-based stock prediction studies 

focus on short-term forecasting using technical indicators or sentiment data. 

However, these models often neglect real-world factors like transaction costs, 

which can affect the practical use and reliability of their results. 
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This research aims to fill this gap by examining machine learning methods for 

long-term stock prediction based on fundamental analysis. The research 

specifically investigates the predictive power of financial statement data in 

estimating future stock performance. To achieve this, we compare the prediction 

performance of three machine learning models trained on fundamental financial 

features. Our dataset includes quarterly financial data from 100 companies listed 

on the TASI (Tadawul All Share Index) between 2015 and 2025. We assess 

model performance by ranking 70 stocks based on their predicted relative returns 

and building portfolios accordingly. The actual returns of these portfolios serve 

as the main measure for evaluating prediction accuracy and model effectiveness. 

 

2.2 Essential Concepts 

In [2][6], Random Forest (RF) was shown to have better portfolio 

performance. However, LSTM and GRU models excel in modeling temporal and 

sequential dependencies. Due to these strengths, we chose these models in this 

work. 

 

2.2.1 Random Forest (RF) 

Random Forest (RF) is a powerful ensemble learning technique that has 

become popular for stock selection and financial forecasting. Initially introduced 

by Breiman in 2001 [12] and further developed in conjunction with Cutler [10], 

RF is based on the concept of decision trees. While training, the model develops 

several decision trees, each of which is grown using a randomly drawn subset of 

data and input variables. Such randomness helps to promote tree diversity and 

avoids the possibility of overfitting, thus leading to improved generalization 

capability of the model. 

By using bootstrap aggregation (bagging), RF also stabilizes predictions and 

reduces variance, rendering it a reliable and efficient means of stock performance 

prediction. In stock selection, RF uses historical financial and market data to 

recognize patterns that could predict stocks' future trend or value. These 

predictive patterns, as shown in Figure 2.1, offer useful recommendations to 

investors and portfolio managers in making sound decisions. 
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2.2.2 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) networks were introduced by Hochreiter 

and Schmidhuber in 1997 [13] as a solution to the vanishing gradient problem in 

RNNs. The vanishing gradient effect happens when the gradient of the loss 

function vanishes quickly when performing backpropagation through time, 

making it difficult for standard RNNs to learn and capture long-term 

dependencies. 

LSTM expands the RNN architecture by adding a memory cell that can retain 

information for long periods [4], thus keeping valuable contextual information 

intact even when there are large intervals between related inputs. It makes LSTM 

very suitable for modeling sequential data. Unlike standard RNNs, LSTM adds a 

gating mechanism controlling information flow into and out of the memory cell. 

Three gates specifically include input gate, forget gate, and output gate control 

how information is added, forgotten, and propagated. Each of the gates is 

controlled by a sigmoid activation function, which produces numbers between 0 

and 1, effectively modulating the amount of information flow. As a result of these 

characteristics, LSTMs have been universally used in many fields such as natural 

language processing, speech recognition, and financial time series prediction, 

where long-term temporal dependencies need to be captured. It is defined by the 

following equations: 

Figure 2.1 Random Forest [3] 

 

Decision Tree - 3 Decision Tree - 2 Decision Tree - 1 
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The input gate activation 

 

Where: 

 𝑥𝑡 is the input at time t 

 ℎ𝑡−1 is the hidden state at time t-1 

 𝑤𝑖 is the weight matrices 𝑏𝑖 is the bias vector 

  

The forget gate controls the flow of information from the memory cell into the 

hidden state. It determines what information to keep or discard from the memory 

cell. It is defined by the following equations: 

 

Where: 

 𝑓𝑡 is the forget gate activation 

 𝑤𝑓  is the weight matrices 

 𝑏𝑓 is the bias vector. 

    

The output gate controls the flow of information from the memory cell to the 

hidden state and output. It is defined by the following equations: 

 

Where: 

 𝑂𝑡 is the output gate activation 

       𝑤𝑜 the weight matrices 

 𝑏0 is the bias vector 

 

The memory cell has the following equations: 

𝒊𝒕 = 𝝈(𝒘𝒊 ⋅ [𝒉𝒕−𝟏𝒙𝒕] + 𝒃𝒊)  (2.1) 

𝒇𝒕 = 𝝈(𝒘𝒇 ⋅ [𝒉𝒕−𝟏𝒙𝒕] + 𝒃𝒇) (2.2) 

𝒐𝒕 = 𝝈(𝒘𝒐 ⋅ [𝒉𝒕−𝟏𝒙𝒕] + 𝒃𝒐) (2.3) 
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Where: 

 𝐶̃𝑡 is the memory cell 

 𝑤𝑐  is the weight matrices   𝑏𝑐  is the bias vector. 

 

The output of the LSTM at time t is given by: 

 

Where: 

 ℎ𝑡 is the hidden state at time t. 

 

Figure 2.2 shows the internal architecture of  LSTM unit. it shows how input 

data 𝑥𝑡and previous hidden state ℎ𝑡−1 are processed through several gates: the 

forget gate 𝑓𝑡, input gate 𝑖𝑡, candidate cell state 𝐶̃𝑡 , and output gate 𝑜𝑡. These 

gates control the flow of information and update the cell state , allowing the 

model to retain long-term dependencies. The updated hidden state ℎ𝑡 is then 

passed to the next step. Non-linear activation functions such as sigmoid σ and 

tanh are used to regulate the data through each gate. This gating mechanism helps 

LSTM networks overcome the vanishing gradient problem found in traditional 

RNNs, making them effective for sequential data modeling like time series 

prediction. 

 

 

 

 

 

 

 

 

 

 

𝒄̃𝒕 = 𝒕𝒂𝒏𝒉(𝒘𝒄 ⋅ [𝒉𝒕−𝟏, 𝒙𝒕] + 𝒃𝒄 (2.4) 

𝒉𝒕 = 𝒐𝒕 ∗ 𝒕𝒂𝒏𝒉(𝒄𝒕) (2.5) 
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2.2.3 Gate Recurrent Unit (GRU) 

The Gated Recurrent Unit (GRU) is a type of recurrent neural network (RNN) 

architecture proposed by Kyunghyun Cho et al. [9] in 2014. It is very similar to 

the Long Short-Term Memory (LSTM) network [15], frequently achieving the 

same performance. Nevertheless, the GRU is more computationally efficient, 

needing fewer parameters, which decreases training complexity as well as 

memory requirements. 

GRU is particularly suited for handling sequential data by facilitating the easy 

flow of information through time steps. This makes it very effective in 

scrutinizing historical stock data for dominant patterns and trends that can 

potentially affect future performance. Therefore, GRU serves a central role in 

stock forecasting models, facilitating more accurate predictions and enabling 

better-informed investment choices. The Gated Recurrent Unit (GRU) is also 

ubiquitous in sequence modeling and financial time series forecasting, where 

long-term temporal dependencies must be modeled. It is characterized by the 

following equations: 

 

 

Where: 

 𝑟𝑡 is the reset gate activation 

 𝑤𝑟 are the weight matrices 𝑏𝑟 is the bias vector 

 

The update gate determines how much of the past information should be carried 

forward to the current state: 

 

Where: 

 𝑧𝑡 is the update gate activation 

 𝑤𝑧 are the weight matrices 

𝒓𝒕 = 𝝈(𝒘𝒓 ⋅ [𝒉𝒕−𝟏𝒙𝒕] + 𝒃𝒓) (2.6) 

𝒛𝒕 = 𝝈(𝒘𝒛 ⋅ [𝒉𝒕−𝟏𝒙𝒕] + 𝒃𝒛) (2.7) 

Figure 2.2 The architecture of LSTM [14] 
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 𝑏𝑟 is the bias vector. 

The candidate hidden state computes the new content to be added, regulated by 

the reset gate: 

 

Where: 

 ℎ̃𝑡 is the candidate hidden state, 𝑤ℎ are the weight matrices, and 𝑏ℎ is the bias 

vector. 

The hidden state of the GRU at time 𝑡 is given by blending the previous hidden 

state with the candidate hidden state, controlled by the update gate: 

 
 

 

Where : ℎ𝑡 is the updated hidden state at time 𝑡. 

 

Figure 2.3 shows the internal architecture of the GRU. It consists of two main 

gates: the reset gate 𝒓𝒕 and the update gate 𝒛𝒕. These gates regulate the flow of 

information across time steps. The reset gate determines how much of the 

previous hidden state 𝒉𝒕−𝟏 should be considered when computing the candidate 

activation 𝒉̃𝒕 . The update gate controls how much of the previous hidden state is 

retained versus how much of the new candidate activation 𝒉̃𝒕 is used to form the 

current hidden state 𝒉𝒕 . This balance allows the GRU to preserve long-term 

dependencies when necessary while remaining computationally efficient. 
 

 

 

 

 

 

 

 

 

 

𝒉̃𝒕 = 𝒕𝒂𝒏𝒉(𝒘𝒉 .  [𝒓𝒕 ∗ 𝒉𝒕−𝟏 𝒙𝒕] + 𝒃𝒉) (2.8) 

𝒉𝒕 = (𝟏 − 𝒛𝒕) ∗ 𝒏𝒕−𝟏 + 𝒛𝒕 ∗ 𝒉𝒕 (2.9) 
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Figure 2.3 The architecture of GRU  [15]  

Chapter 3 Related Work  

3.1 Introduction  

Stock price forecasting has always been a finance and data science problem 

since markets are dynamic, volatile, and multi-factorial. Previously, stock 

prediction was largely reliant on statistical and econometric models that involved 

histories of past prices. However, with swift advancements in ML and DL in 

recent years, efforts have been made to utilize more sophisticated methods 

involving both technical indicators and fundamentals. 

 

3.2 Related Work  

In recent years, numerous studies have explored the application of machine 

learning techniques in stock prediction. Gupta, H., & Jaiswal, A. [1] in 2024 

reviewed multiple approaches, including traditional techniques like Moving 

Averages and ARIMA, alongside deep learning models such as RNN, LSTM, 

CNN, and Full CNN. Using S&P 500 index data for evaluation, the research 

compared these models based on error metrics such as MAE, RMSE, and MSE. 

The findings emphasize that models with lower MAE values offer more accurate 

predictions, enabling investors to better anticipate market trends and maximize 

returns. Additionally, Tsai, P.-F., Gao, C.-H., & Yuan, S.-M. [2] in 2023, the 

study highlights the practical value of machine learning models RF, FNN, GRU, 

and FinGAT in enhancing portfolio management. These models outperform 

traditional benchmarks like TW50, improving stock selection and risk-adjusted 

returns. Despite challenges related to fiscal year misalignment, they demonstrate 

robust predictive performance. the models deliver higher precision than random 

selection, offering investors reliable strategies across Top-10 and Top-20 

portfolios. Overall, the findings support the use of these models for informed 

investment decisions in dynamic market environments. On the other hand, 

Lu, C., & Xu, Y, in [3] 2023 This study introduces a TRNN for efficient stock 

price prediction using price-volume data. By incorporating trading volume and 

applying sliding windows for preprocessing, the model captures key market 

trends and turning points. Unlike traditional RNN and LSTM models, TRNN 

enhances both prediction accuracy and training efficiency through two-
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dimensional representation of price-volume relationships. Experimental results 

demonstrate that TRNN outperforms standard RNN and LSTM models in both 

accuracy and computational efficiency. Kunathananon, T. [4] in 2022 the study 

highlights the effectiveness of LSTM  in stock price prediction by capturing long-

term dependencies, handling noise, and minimizing human bias. LSTM 

outperformed models like linear regression and DNN, particularly for SET50 

stocks. While performance varied across industries, the results demonstrate 

LSTM's value as a low-cost, accurate forecasting tool. The study suggests future 

work should explore additional factors and updated data to enhance prediction 

accuracy, reinforcing LSTM’s role in improving financial decision-making. Lu, 

Z.-Y. [5] In 2022, the study proposed a CMPS for stock portfolio management 

by integrating stock quotes and financial indices. Using deep Q-networks and 

self-attention mechanisms, the model captured time-series patterns and inter-

stock correlations. An enhanced version, CMPS-RF, incorporated a risk-free 

asset strategy to manage market risk. Experimental results on the Shanghai Stock 

Exchange 50 showed that both CMPS and CMPS-RF outperformed benchmark 

models in profitability and achieved superior risk-adjusted returns, highlighting 

their potential for robust investment strategies. Huang, Y., Capretz, L. F., & Ho, 

D. [6] in 2021 highlighted the effectiveness of LSTM in predicting stock prices 

using financial statements and market data. LSTM demonstrated superior 

performance compared to linear regression and DNN models, particularly for 

stocks in the SET50 index, due to its ability to capture long-term dependencies 

and reduce noise and bias. While model performance varied across industries, 

the results support the use of LSTM as a low-cost, accurate forecasting tool. The 

study also suggests that incorporating more recent and diverse data could further 

enhance prediction accuracy. Heo, J., & Yang, J. Y. [7] in 2016 explored stock 

price fluctuation prediction using SVM based on fundamental analysis. Financial 

indicators such as assets and profits were used as inputs to assess a company's 

condition and predict future price movements. Results showed that SVM-based 

forecasts outperformed expert predictions, particularly in the short term. 

However, predictability declined over time, aligning with the Efficient Market 

Hypothesis, which suggests that market prices eventually reflect all available 

information. Cho, K., Van Merriënboer, B., Gulcehre, C., Bahdanau, D., 

Bougares, F., Schwenk, H., & Bengio, Y. [8] in 2014, This paper introduces the 

RNN Encoder-Decoder architecture, comprising two recurrent neural networks: 
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one for encoding input sequences into fixed-length vector representations, and 

another for decoding these into output sequences. Joint training is applied to 

optimize the conditional probability of a target sequence given a source sequence. 

The model enhances machine translation performance by supplying learned 

phrase-level conditional probabilities to a traditional log-linear framework. 

Additionally, it demonstrates the ability to capture semantically and syntactically 

rich phrase representations. Cutler, A., Cutler, D. R., & Stevens, J. R. [9] in 2012. 

RFs ensemble learning methods composed of multiple decision trees, where each 

tree is constructed using a randomly sampled subset of features. As the number 

of trees increases, the generalization error converges almost surely. The overall 

performance depends on both the strength of individual trees and the correlation 

among them. Randomized feature selection at split nodes improves robustness 

and yields competitive error rates compared to methods like AdaBoost, 

particularly in noisy environments. Additionally, internal out-of-bag estimates 

facilitate the evaluation of model error, variable importance, and feature 

interactions, making the approach applicable to both classification and regression 

tasks. Han, S., & Chen, R.-C. [10] in 2007 the study introduced a stock prediction 

method that integrates SVM with financial statement analysis. Unlike traditional 

technical analysis, this approach leverages financial indices derived directly from 

periodically released company reports, resulting in more reliable and stable 

predictions. The experimental results showed improved accuracy compared to 

using SVM alone. Furthermore, the method enables the discovery of association 

rules among financial indicators and supports customized evaluation aligned with 

shareholder expectations. Despite its strengths, limitations exist—such as 

potential bias in expert-evaluated benchmarks, limited sample size, and data 

manipulation risks. Future research aims to expand the dataset and refine 

prediction accuracy based on real-world comparisons. 
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Chapter 4 Proposed Approach 

4.1 METHODOLOGY 

Three machine learning models: Random Forest (RF), Long Short-Term 

Memory (LSTM), and Gated Recurrent Unit (GRU), are used in this research to 

forecast stock performance using ratios from financial statements. The models 

leverage past quarterly data to predict future stock returns. The models are 

evaluation using the Mean Absolute Error (MAE) and other metrics such as 

Excess Return, Top-k Precision, and Portfolio Score. 

 

4.1.1 Data Description 

Within the Saudi stock market (TASI), our stock pool comprises 51 companies 

selected based on sectoral representation. These include the Energy sector, which 

consistently holds the highest market capitalization; the Materials sector, 

recognized as the largest non-oil contributor; and the Capital Goods sector. The 

TASI index serves as the benchmark for evaluating portfolio performance, 

providing a standard against which to compare the returns of model-generated 

portfolios. 

The selected stocks span the period from Q1 2015 to Q1 2025, covering 41 

quarters of financial data. Based on this comprehensive dataset, we developed 

four predictive models to estimate the relative return of stocks. The goal is to 

identify the top 5 and top 10 performing stocks each quarter to construct 

optimized investment portfolios. Portfolio returns are then compared to the TASI 

index to evaluate relative performance. 

Additionally, OHLCV (Open, High, Low, Close, Volume) data was collected 

for the same stock pool to support realistic investment simulations. Opening 

prices were used to represent the feasible purchase price of each stock at the 

beginning of the investment period. This approach ensures that return 

calculations reflect actual market conditions, offering a more accurate 

assessment of portfolio performance. 

The dataset was compiled through web scraping from the Saudi Exchange 

(Tadawul) [15] and other reputable financial data providers [16][17]. 
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4.1.2 Financial Ratios 

We use 13 financial ratios as input features for the predictive models, consistent 

with those employed in research [5]. These ratios, along with their respective 

calculation formulas, are presented in Table 1. 

 

Ratio Calculation Description 

Current Ratio Current Assets ÷ Current 

Liabilities 

Measures a company’s ability to pay short-
term obligations with short-term assets. 

Debt to Equity Total Debt ÷ Shareholders’ 
Equity 

Shows the proportion of debt used relative to 

equity financing. 

Long Term 

Debt/Capital 

Long-Term Debt ÷ (Long-Term 

Debt + Shareholders’ Equity) 
Indicates the proportion of long-term debt in 

the total capital structure. 

Asset Turnover Revenue ÷ Average Total Assets Measures how efficiently assets are used to 

generate revenue. 

Inventory 

Turnover 

Sales ÷ Inventories Shows how often inventory is sold and 

replaced over a period. 

Receivable 

Turnover 

Net Credit Sales ÷ Receivables Indicates how effectively receivables are 

collected. 

Days Sales in 

Receivables 

(Receivables ÷ Net Credit Sales) 

× 365 

Measures the average collection period for 

receivables. 

Book Value Per 

Share  

(Shareholders’ Equity − 
Preferred Equity) ÷ Total 

Outstanding Shares 

Represents the equity value allocated to each 

outstanding share. 

Gross Profit 

Margin 

(Revenue − COGS) ÷ Revenue Shows the percentage of revenue remaining 

after direct costs. 

EBITA Margin EBITA ÷ Revenue Measures profitability before interest, taxes, 

and amortization. 

EBIT Margin EBIT ÷ Revenue Measures profitability before interest and taxes. 

Net Income 

Margin 

Net Income ÷ Revenue Shows the percentage of revenue remaining as 

net profit. 

Return on Assets  Net Income ÷ Total Assets Measures efficiency in using assets to generate 

profit. 

Return on 

Capital  

EBIT ÷ (Total Debt + 

Shareholders’ Equity) 
Evaluates returns generated from total capital 

employed. 

Return on 

Equity  

Net Income ÷ Shareholders’ 
Equity 

Measures return generated on total 

shareholders’ equity. 
Return on 

Common Equity  

Net Income Available to 

Common Shareholders ÷ 

Common Equity 

Focuses on returns to common 

shareholders, excluding preferred equity. 

Table 4.1 13 Financial Ratios 
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4.1.3 Data Preprocessing 

The original data set had a wide range of both financial and non-financial 

variables, but it was also a dataset with a lot of missing values. A large part of 

the missing values formed large clusters for some features and other missing 

values were randomly placed in the dataset. A combination of feature removal 

and data imputation techniques were found to be adequate to resolve these 

missing values. 

We removed features that had over 50 percent missing data, the remaining 

features still contained some sparse missing values. These were resolved using 

linear interpolation with adjacent quarter values. If, for example, the ROE for Q3 

2015 was absent, we would estimate it by taking the 2Q and 4Q values for 2015, 

averaging them, and assigning that as the ROE for Q3 2015. 

Subsequently, the dataset was standardized to normalize the features. Each 

input variable was transformed to have a mean of 0 and a standard deviation of 

1. This standardization ensures that all features contribute equally during model 

training. In addition to improving consistency, normalization enhances the 

model’s convergence by reducing the risk of being trapped in local minima. Z-

score normalization was used, defined by the following equation: 

 

Where: 

µ is the mean of x 𝜎 is the standard deviation of x 

 

After completing the data preparation, the final dataset included 70 companies, 

each with 41 quarterly records over a 10-year period, resulting in a total of 2,091 

records. For further analysis, 13 financial ratios were extracted, as detailed in 

Section 4.1.2. 

 

 

 

 

 

𝑧 = 𝑥 −  µ𝜎  (4.1) 
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4.1.4 Calculation of the Target Variable – Relative Return 

The absolute returns quarterly of stock is defined as follows in Equation (4.2): 

 

 

Where: 𝑅𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒(𝒒) is absolute returns quarterly of stock 

cp(q) is the stock’s price on the last day of quarter q 

op(q) is the stock’s price on the first day of quarter q. 
 

To control movements in the market, and better isolate company specific 

performance, we measure the relative return by adjusting the absolute return of 

the stock with respect to a market benchmark. The relative quarterly return is 

defined in Equation (4.3): 

 

 

 

 𝑅𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 is the quarterly absolute return of stock for quarter q, and the 𝑅𝑇𝐴𝑆𝐼 is 

the quarterly return of the TASI as a benchmark portfolio. The absolute return of 

a stock is susceptible to influence not just from the company’s performance but 

also from the broader stock market conditions. This inherent volatility makes it 

a less stable target for model learning. Consequently, we perform preprocessing 

by converting absolute returns into relative returns, which serves as the training 

target for our modeling efforts. 

 

 

 

 

 

 

𝑹𝒂𝒃𝒔𝒐𝒍𝒖𝒕𝒆(𝒒) = 𝒄𝒑(𝒒)𝒐𝒑(𝒒) − 𝟏 
(4.2) 

𝑹𝒓𝒆𝒍𝒂𝒕𝒊𝒗𝒆 (𝒒) = 𝑹𝒂𝒃𝒔𝒐𝒍𝒖𝒕𝒆(𝒒) − 𝑹𝑻𝑨𝑺𝑰 (𝒒) (4.3) 
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4.1.2. Data Split and Moving Time Period 

The RF models encompass a total of 32 quarters for each moving period. The 

initial data from the moving period span from 2015Q1 to 2023Q1, and so forth. 

We partitioned these data into three segments: the training set, the validation set, 

and the test set, comprising 24 quarters, 8 quarters, and 1 quarter, respectively as 

in Figure 4.1. The training set facilitates model weight optimization, and the 

validation set aids in finetuning hyperparameters, ensuring model convergence 

without overfitting. Subsequently, we employ the test set to predict the relative 

return of the 51 stocks. 

 

 

 

 

 

 

 

 

 

The LSTM and GRU models span a total of 35 quarters for each moving 

period, with the initial data originating from 2015Q1 to 2023Q3 and so on. We 

segment this data into the training set, validation set, and test set, consisting of 

20 quarters, 6 quarters, and 4 quarters, respectively as in Figure 4.2. Like the 

previous models, the training set facilitates model weight optimization, and the 

validation set aids in hyperparameter fine-tuning, guaranteeing model 

convergence without overfitting. 

 

 

 

 

 

 

 

 

Figure 4.1. Rolling Window Data Splitting for Random Forest Training 

Figure 4.2. Rolling Window Data Splitting for LSTM and GRU Training 
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4.1.4 Evaluation Metrics 

To evaluate the effectiveness of the predictive models and the constructed 

portfolios, three key performance metrics were utilized: 

 

4.1.4.1 Excess Return  

This metric measures the difference between the average return of the 

constructed portfolio and that of the benchmark index (TASI), providing insight 

into the value added by the model's stock selection strategy. 

Excess returns are a useful measure to evaluate the performance of an investment 

portfolio. By comparing portfolio returns to those of a benchmark, investors can 

determine whether the portfolio is generating value above the benchmark. 

The excess return on a benchmark 𝐸𝑅𝑇𝐴𝑆𝐼(𝒒) of portfolio p for quarter q is 

formulated as follows in Equation (4.4): 

 

 

Where: 

 𝑅𝑝(𝑞) is the actual absolute return RTASI(q) is the actual absolute return of TASI index 

 

4.1.4.2 Top-k Precision 

This assesses the accuracy of the model in identifying the true top-performing 

stocks within each quarter, offering a direct evaluation of predictive ranking 

quality. The precision of k is used to measure the percentage of overlap between 

a list of top k stocks with the highest predicted returns, which is ‘predicted top k 
stocks’, and a list of top k stocks with the highest actual return, which is ‘actual 
top k stocks. The higher the precision of the top-k, the more accurate the 

prediction of the model will be. Top-k precision can be calculated as follows via 

Equation (4.5): 

 

 

𝑬𝑹𝒑 = {𝜫𝒒=𝟏𝒏 𝟏 + 𝑹𝒑(𝒒)} − {𝜫𝒒=𝟏𝒏 𝟏 + 𝑹𝑻𝑨𝑺𝑰(𝒒)} (4.4) 
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Where: 𝑘 The number of top stocks selected ∩ Intersection, the number of stocks that appear in both the predicted and actual 

top-k lists 

For Top-5 out of 51 stocks: 5/51 = 9.8%  

For Top-10 out of 51stocks: 10/51 = 19.6% 

 

4.1.4.3 Portfolio Score 

A portfolio score is a composite metric used to provide a quick assessment of 

an investment portfolio's quality. It typically incorporates factors such as risk 

level, risk-adjusted performance, diversification, fees, and resilience under 

market stress. While the specific methodology and components may vary by 

provider, the overarching goal is to offer a comprehensive overview of how 

effectively a portfolio aligns with an investor’s objectives and risk preferences, 
thereby guiding potential areas for improvement. 

As a risk-adjusted metric, it integrates both return and standard deviation to 

evaluate not just the magnitude but also the consistency of portfolio performance 

over time. Together with other evaluation criteria, portfolio score serves as a 

robust and practical framework for assessing both predictive accuracy and the 

real-world utility of investment strategies. 

In our research, we use the same modified portfolio score [2] to measure the 

equally weighted portfolio as used in previous related works. In Equation (4.7), 

a higher portfolio score indicates the selection of a portfolio with high return and 

low risk. 

𝑻𝒐𝒑 − 𝒌 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 = |𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 𝒌 ∩ 𝑨𝒄𝒕𝒖𝒂𝒍 𝒌|𝒌  (4.5) 

  

𝑲 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏𝒓𝒂𝒏𝒅𝒐𝒎 = 𝑲 𝑻𝒐𝒕𝒂𝒍 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒔𝒕𝒐𝒄𝒌𝒔 (4.6) 

  

Portfolio Score = 𝑹𝑷̅̅ ̅̅𝝈𝑷   (4.7) 
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Equation (4.8) to calculate average actual relative return 𝑅̅𝑎 after subtracting the 

quarterly TASI index return, as shown below: 

 

Where: 𝑅𝑎(𝑞) is the actual absolute return for quarter q. 

 

 

Where: 

• N is total number of quarters 

• 𝑅𝑎(𝑞) is actual relative return in quarter q 

• 𝑅̅𝑎 is average actual relative return across all quarters 

 

4.1.3. Training 

The training set, validation set, and test set are constructed by progressing 

through sequential time periods using a rolling window approach. 

Once a model is trained and its hyperparameters fine-tuned using the validation 

set, it is evaluated on the corresponding test set within that rolling period. In each 

test window, the model generates predicted relative returns for all 51 stocks in 

the investment universe. These predicted returns are then sorted in descending 

order to facilitate stock ranking. 

Following this ranking process, two portfolios are formed: the Top-5 portfolio, 

composed of the five stocks with the highest predicted returns, and the Top-10 

portfolio, containing the top ten predicted performers. This stock selection and 

portfolio formation process is repeated across all rolling periods, resulting in a 

dynamic, time-aware investment simulation, as shown in Figure 4.3.  

  

𝑹̅𝒂 = 𝟏𝑵 ∑ 𝑹𝒂(𝒒)𝒒=𝑵𝒒=𝟏  
(4.8) 

𝝈𝒂 = √𝟏𝑵 𝜮𝒒=𝟏(𝑹𝒂(𝒒) − 𝑹̅𝒂)𝟐 

(4.9) 
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Three distinct models were developed in this study: Random Forest (RF), 

implemented using the scikit-learn library in Python; and two recurrent neural 

networks, Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), 

both implemented using the PyTorch deep learning framework. 

 

 

 

 

 

 

 

 

 

 

 

These models were trained independently on the same dataset, with their 

respective architectures and hyperparameters optimized using the validation set. 

The use of multiple models allows for comparative analysis of performance 

across different machine learning paradigms, ensemble-based versus deep 

sequential learning. 

 

After predictions are generated for each rolling window, the top-k strategy is 

implemented, where the top 5 and top 10 ranked stocks are selected to construct 

investment portfolios. These portfolios are hypothetically for the duration of the 

test quarter, after which they are rebalanced based on the next period’s 
predictions. This process continues for all rolling windows, simulating a real-

time, mid-term and long-term investment strategy. 

 

 

 

 

 

 

 

 

Figure 4.3 Model Training Architecture 
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4.1.3.1 Random Forest Hyperparameters 

Using scikit-learn to develop the RF model. Hyperparameters are 

tuned with the validation set for preventing overfitting where the number of 

estimators is 1000 and the optimization criterion used SE. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4 presents the feature importance derived from RF model. The 

importance score reflects the contribution of each financial ratio in predicting 

stock returns. Among the features, the Current Ratio and Book Value Per Share 

emerged as the most influential, indicating their strong predictive power in the 

model. Other notable features include Return on Assets, Return on Capital, and 

Return on Equity, all of which are key profitability indicators. Features such as 

Debt to Equity, Long-Term Debt to Capital, and Asset Turnover also contributed 

meaningfully. At the lower end, features like EBIT Margin and Net Income 

Margin showed relatively less impact. This distribution suggests that liquidity 

and value-related ratios are more informative for the RF model in forecasting 

relative returns than some profitability or efficiency measures. 

Figure 4.4. Importance of features of RF model 
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4.1.3.2 LSTM Hyperparameters  

  Using  Pytorch to develop LSTM models. LSTM are tuned using the validation 

set to prevent overfitting, as shown in Table 4.2. 

 

Name of Hyperparameters Optimized Result 

Window size 8 

Hidden size 64 

Epochs 100 

Batch size 128 

Dropout rate 0.4 

Input size 13 

Layers 2 

Loss Function MAE 

Learning rate 0.0005 

Optimizer Adam 

Table 4.2 Hyperparameters of LSTM model 

4.1.3.3 GRU Hyperparameters 

Using  Pytorch to develop GRU models. Hyperparameters of GRU are tuned 

using the validation set to prevent overfitting, as shown in Table 4.3. 

 

Name of Hyperparameters Optimized Result 

Window size 4 

Hidden layers 1 

Hidden dimension 36 

Epochs 100 

Batch size 128 

Loss function MAE 

Dropout rate 0.4 

Input size 13 

Layers 2 

Learning rate 0.0001 

Optimizer Adam 

Table 4.3 Hyperparameters of GRU model 
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Chapter 5 Experimental Results and Discussion 

5.1 Results 

The evaluation compares three models RF, LSTM, and GRU using three key 

portfolio performance metrics: Excess Return, Top-k, and Portfolio Score,  

between the TASI benchmark, and Top-5 and Top-10 stock selections. The 

comparison is made against the TASI benchmark and includes Top-5 and Top-

10 stock selection strategies. Table 5.1 presents the evaluation results. Among 

the tested models, the GRU model achieved the highest Portfolio Score of 0.61 

for Top-10 selection, reflecting strong performance in terms of return relative to 

risk. The TASI benchmark, serving as a baseline, had a natural Top-5 and Top-

10 inclusion rate of 9.8% and 19.6%, respectively, given the 51-stock universe. 

 

 RF LSTM GRU 
TASI 

Top - K Top 5 Top 10 Top 5 Top 10 Top 5 Top 10 

Portfolio 

Score 

0.51 0.48 0.55 0.56 0.58 0.61 0.29 

Excess 

return 

79.3% 48.8% 65.1% 61.4% 58.2% 66.8% Baseline 

0% 

Top-k 

Precision 

16.2% 23.6% 19.1% 21.4% 22.8% 29.5% - 

MAE 1.63 1.14 0.22 0.13 0.14 0.11 - 

STD 20.1% 12.5% 11.2% 13.6% 14.3% 10.2% 11.3 

Table 5.1 Models Evaluation 

For TASI Top-5 out of 51 stocks: 5/51 = 9.8%  

For TASI Top-10 out of 51stocks: 10/51 = 19.6% 

 

5.1.1 High Portfolio Scores 

In Table (5.1) among the models, the GRU model achieved the highest 

performance, which made a Portfolio Score of 0.61, as Section 4.1.4.3 and 

Equation (4.8) shows that as a metric designed to strike an equilibrium between 

stock return profitability and investment risk. It is calculated by averaging the 

returns over quarters and dividing by the investment risk. Higher portfolio scores 

denote stable and advantageous portfolio from a financial perspective. 
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5.1.2 High Excess Return 

As shown in Table 5.1, the RF model achieves the highest excess return of 

79.3% in the Top-5 stock selection. However, this high return is accompanied by 

greater volatility, as indicated by its relatively high STD = 20.1%, which may 

imply increase investment risk. 

In contrast, the GRU model delivers an excess return of 66.8% in the Top-10 

portfolio, which is also notably strong and competitive. More importantly, GRU 

achieves this return with the lowest STD is 10.2% among all models, indicating 

superior risk-adjusted performance and return stability. This makes GRU more 

suitable for investors because of ER with lower risk. 

The LSTM model also demonstrates strong performance, particularly in the Top-

5 selection, with an excess return of 65.1%. While it falls slightly short of RF in 

raw return, its lower STD is 11.2% reflects better risk control and prediction 

consistency. 

 

5.1.3 Top-k Precision 

The Top-k Precision metric evaluates the alignment between the predicted top-

k stocks, those expected to produce the highest returns, and the actual top 

performing stocks in each quarter Section 4.1.4.1. Higher precision reflects the 

model’s capability to accurately identify high-return stocks. 

As shown in Table 5.1, the GRU model achieves the highest Top-10 Precision 

at 29.5%, followed by RF at 23.6%, and LSTM at 21.4%. These values notably 

outperform the baseline of TASI benchmark of 19.6% , confirming that all three 

models add predictive value over random chance when constructing Top-10 

portfolios. 

In the more selective Top-5 setting, GRU records the highest precision at 

22.8%, ahead of LSTM at 19.1% and RF at 16.2%. These values exceed the 

baseline of TASI benchmark of 9.8%, demonstrating that even with smaller 

portfolio sizes, the models maintain predictive strength. It is worth noting that 

Top-10 portfolios generally achieve higher precision than Top-5 portfolios. This 

reflects a common trade-off: broader portfolios reduce volatility and improve 

alignment with actual outcomes, while narrower selections may target higher 

returns but with reduced predictive consistency. 
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5.1.4 Predict Stock Price 

In addition to financial ratios, we incorporated technical features derived from 

OCHLV data to enhance the model's ability to capture short-term stock 

movement patterns. 

Figure 5.1: Predicted vs Actual Close Price using OCHLV data. The plot shows 

a strong linear relationship, indicating accurate forecasting by the LSTM model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Matrices Values 

MAE 0.02638 𝑅2
 0.97 

Table 5.2 Evaluation of LSTM Performance on OCHLV Data 

Table 5.2 shows evaluation metrics of the LSTM model's performance. MAE is 

0.0238, indicating that the model's predictions deviate from actual values by a 

small margin on average. R² is 0.97, means 97% of the variance in actual prices. 

This high R² value further confirms the model's robustness and reliability in 

predicting short-term stock price movements using technical indicators. 

 

Figure 5.1 Predicted vs Actual Price (OCHLV Input Features) 
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Chapter 6 Conclusion and Future Work 

6.1 Conclusion  

The successful application of three machine learning models RF, LSTM, and 

GRU for predicting quarterly stock returns and constructing predictive investment 

portfolios, carries significant managerial implications for enhancing portfolio 

management strategies: 

Improved Stock Selection: The superior performance of these models, particularly 

when benchmarked against the TASI index, positions them as valuable tools for stock 

selection. This enables portfolio managers to make more informed and data-driven 

decisions, offering more effective alternatives for discerning investors. 

Optimal Risk–Return Balance: As evidenced by the STD values in Table 5.1, the 

models demonstrate a strong balance between return and risk. This highlights the 

effectiveness of the risk-return management strategy, allowing managers to achieve 

higher returns without significantly increasing portfolio risk, an essential aspect of 

optimizing risk-adjusted performance. 

Methodological Robustness: The consistent outperformance of our models, as shown 

through portfolio scores exceeding the TASI benchmark, reflects their 

methodological strength. This reliability reinforces their practical value in 

maintaining disciplined and effective portfolio strategies. 

Precision Enhancement: While the precision of Top-5 and Top-10 selections may not 

always be statistically significant, the models clearly outperform random stock 

selection. This enables portfolio managers to achieve more predictable results, with 

precision ranges of 6.4% to 13% for Top-5 portfolios and 1.8% to 9.9% for Top-10 

portfolios, enhancing accountability and outcome reliability. 

Expanded Investment Options: The availability of alternative portfolio 

configurations beyond the TASI index or random selection empowers investors with 

more tailored investment strategies. Managers can recommend Top-5 portfolios for 

those seeking higher excess returns with moderate risk, or Top-10 portfolios for more 

conservative investors aiming to reduce volatility while maintaining strong excess 

returns. 

Integration of Technical Indicators for Short-Term Forecasting: The inclusion of 

technical indicators significantly enhances the model's ability to capture short-term 

market dynamics. The model demonstrated strong predictive performance, achieving 

a low MAE of 0.0238 SAR and explaining 97% of the variance in actual stock prices. 
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These results validate the effectiveness of integrating deep learning techniques with 

technical features for accurate and timely short-term stock price forecasting. 

 

In conclusion, the managerial implications highlighted in this research point 

out the strategic advantages and adaptability of the proposed models. They offer 

valuable insights for optimizing portfolio performance in dynamic market conditions 

by enabling enhanced risk-adjusted returns and reliable predictive capabilities. 

Furthermore, the integration of technical indicators into deep learning models 

significantly improved short-term forecasting accuracy, effectively capturing rapid 

market fluctuations. These findings affirm the versatility of machine learning–based 

approaches in supporting both short- and long-term investment decision-making. 

 

6.2 Future Work 

In conclusion, to further improve the risk–return profile of the proposed models, 

future work will focus on integrating additional financial ratios, such as growth 

metrics, cash flow indicators, and macroeconomic variables, into the modeling 

process, aiming to improve predictive precision and robustness. Furthermore, 

refining deep learning models through hyperparameter tuning, feature selection 

using attention mechanisms, and the adoption of hybrid architectures could enhance 

forecasting accuracy and generalizability across varying market conditions. Another 

promising direction involves extending the framework to predict stock prices using 

OHLCV data, enabling more granular modeling of price dynamics and time 

volatility, which may support the development of more advanced trading strategies. 
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