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ABSTRACT. The financial sector has undergone a major transformation through the incorporation of machine learning 

(ML) techniques, improving decision-making and predictive accuracy. This research explores the application of several 

ML algorithms to a dataset of historical stock prices to forecast future price movements. We conduct a comparative 

analysis of traditional models, including linear regression, and advanced ML techniques, including random forests, 

decision trees, and approaches like Long Short-Term Memory (LSTM) networks. Our analysis reveals that while 

traditional models establish a baseline, advanced techniques substantially outperform them regarding accuracy and 

reliability. This research also emphasizes the ethical challenges of using machine learning in finance, particularly in 

terms of model interpretability and data privacy. 

 

1. Introduction 

The utilization  of machine learning (ML) in the financial industry has fundamentally changed 

the way financial institutions, investors, and analysts approach decision-making. Traditionally, 

financial analysis relied heavily on statistical methods and human expertise to identify market 

trends, manage portfolios, and predict stock prices. However, through the advent of big data and 

advances in computational power, ML has arisen as a powerful tool that can handle extensive 

quantities of data, extract meaningful patterns, and generate more precise predictions than 

conventional methods . 
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Financial markets generate massive amounts of data every day, including historical stock 

prices, trading volumes, and real-time market data. This vast quantity of data presents both an 

opportunity and a challenge: the potential for better decision-making through data-informed 

insights, and the difficulties of processing and analyzing such large datasets effectively. Machine 

learning algorithms are particularly effective for this purpose because they are able to 

automatically analyze data and adjust to new patterns and improve predictions over time without 

being explicitly programmed for each task [2]. As a result, the financial industry is increasingly 

turning to machine learning for tasks ranging from credit scoring and fraud detection to stock 

price prediction and algorithmic trading ([14], [ 7]). 

Forecasting stock prices has always been a critical area of focus in finance, as it directly 

impacts investment strategies, risk management, and market stability. Accurately forecasting 

stock prices can lead to substantial financial gains, while poor predictions can result in significant 

losses. Traditionally, stock price prediction was approached using statistical methods like time-

series analysis, autoregressive models, and econometrics. However, these techniques often 

struggle to capture the complexities of financial landscape, which are affected by a wide array of 

elements of such as investor sentiment, macroeconomic indicators and company-specific news 

[12]. 

The random nature and volatility of stock markets pose a challenge for traditional forecasting 

models. Financial time series are often non-linear, non-stationary, and exhibit high noise levels. 

Machine learning models, especially advanced ones like deep learning, have shown a superior 

ability to handle such complexity. They can learn hidden patterns in the data and are capable of 

modeling non-linear relationships, making them more effective in predicting stock price 

movements than traditional methods ([16], [17]). This study focuses on leveraging machine 

learning algorithms to forecast stock prices and compare their performance to traditional 

statistical models . 

Machine learning offers numerous advantages over traditional methods in financial decision-

making. It allows for the real-time processing of vast datasets and can incorporate a variety of 

factors simultaneously to predict future trends more accurately. In stock price prediction, 

machine learning algorithms can analyze historical data to reveal patterns that would be difficult 

or impossible to detect through manual analysis [6]. Moreover, machine learning models excel at 

time-series prediction by tracking long-term relationships in sequential data. Long Short-Term 

Memory models can preserve crucial information from earlier data points, enabling them to 
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predict future stock prices more accurately compared to traditional methods like linear regression 

[3]. 

The use of machine learning in financial markets is not limited to stock price prediction. It has 

also proven effective in other fields, such as credit evaluation, where machine learning models 

determine borrowers' creditworthiness by examining financial data and repayment history [17]. 

Similarly, machine learning algorithms are widely used in fraud detection, where they can 

identify unusual patterns in transaction data that may indicate fraudulent activity [15]. By 

automating complex tasks and improving predictive accuracy, machine learning significantly 

enhances financial decision-making, offering stakeholders new ways to maximize returns and 

manage risks . 

The primary objective of this resarch is to explore and evaluate the effectiveness of different 

machine learning techniques for stock price prediction. We apply various algorithms, including 

traditional models like linear regression, tree-based models like decision trees and random 

forests, and advanced deep learning approaches such as LSTM networks, to a dataset of historical 

stock prices from the S&P 500 index. The study aims to evaluate the accuracy and reliability of 

these models in forecasting stock prices and to determine which techniques are most effective for 

this task . 

By conducting a comparative analysis of these models, this study contributes to the growing 

body of literature on machine learning applications in finance. Specifically, we seek to 

demonstrate that advanced machine learning models, such as LSTM, outperform traditional 

methods in stock price prediction by capturing complex patterns and temporal dependencies in 

the data [10]. Additionally, the study addresses key ethical considerations in the use of machine 

learning for financial decision-making, such as the interpretability of complex models and the 

importance of maintaining data privacy [1].  

This research also provides practical insights for investors, financial analysts, and market 

participants, offering a framework for integrating machine learning into financial decision-

making processes. As machine learning continues to evolve and improve, its potential 

applications in finance are likely to expand, leading to more accurate predictions, better risk 

management, and more efficient market strategies. 

 

2. Literature Review 

The application of machine learning (ML) in finance has gained significant attention from 

both academics and practitioners due to its ability to handle large datasets, uncover complex 
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relationships, and improve predictive accuracy. ML algorithms have become crucial in tasks such 

as fraud detection, credit scoring, portfolio management, and stock price prediction. This section 

reviews the literature on ML applications in finance, focusing on stock price forecasting, 

advancements in machine learning models, and ethical concerns. 

2.1.  Machine Learning in Financial Forecasting 

Machine learning offers distinct advantages over traditional prediction models like 

autoregressive integrated moving average (ARIMA), which often struggle with complex financial 

data. ML models, like decision trees and support vector machines, have shown higher accuracy 

in predicting stock prices by identifying patterns that traditional models miss [6]. Ensemble 

learning methods, including gradient boosting machines (GBM) and random forests, consistently 

outperform linear models by better handling nonlinearity and noise in financial data [16]. 

Recent developments in deep learning have further enhanced the ability to predict stock prices 

by capturing long-term dependencies and patterns in sequential data [10]. LSTM models 

outperform traditional models by learning both short- and long-term trends in financial markets, 

making them ideal for predicting volatile and noisy stock price data [17]. 

2.2. Advances in Deep Learning for Stock Price Prediction 

Deep learning techniques, especially LSTM networks, represent a major leap forward in 

forecasting stock prices. These models excel at handling sequential data and capturing long-term 

dependencies, which are vital for time-series forecasting [6]. LSTM models retain information 

from previous data points, enabling more accurate predictions. Studies, such as those by ([3], [17] 

) have shown that LSTM networks outperform traditional models in predicting financial trends. 

Additionally, CNN-LSTM hybrid models have emerged as effective tools for modeling both 

spatial and temporal patterns, improving predictive accuracy [18, 19]. 

2.3. Ensemble Learning in Finance 

Ensemble learning methods, like random forests and gradient boosting, are highly effective 

in financial applications. These techniques combine the predictions of multiple models to enhance 

robustness and accuracy. Shrivastav and Kumar [16] showed that random forests consistently 

outperform individual decision trees and linear models by capturing complex interactions 

between variables.  

2.4. Ethical Considerations in Machine Learning for Finance 

Despite its advantages, machine learning raises ethical concerns, particularly around model 

interpretability, data privacy, and fairness. Advanced models like LSTM and GBM often function 

as “black boxes,” making it difficult to understand their decision-making processes. This lack of 
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transparency is a significant issue in finance, where decision-making has far-reaching 

consequences [8]. There are ongoing efforts to create explainable AI (XAI) methods aimed at 

improving the interpretability of models [4]. 

Data privacy is another critical concern, as financial institutions collect vast amounts of 

sensitive data. Ensuring the anonymization and security of this data is paramount [11]. 

Additionally, machine learning models can introduce bias into financial decision-making. If 

trained on biased data, they may produce unfair outcomes, highlighting the need to ensure 

fairness in ML applications [9]. 

 

3. Methodology 

In this study, we explore the predictive power of various machine learning models for stock 

price prediction using historical data from the S&P 500 index. The methodology is structured into 

four main phases: (1) Data collection and description, (2) Data preprocessing, (3) Machine 

learning model implementation, and (4) Model performance evaluation. Each of these phases is 

essential for building, training, and assessing the performance of the machine learning models. 

3.1. Data Collection and Description 

To develop a robust predictive model, we used a dataset of historical stock prices from the 

S&P 500 index, covering a 10-year period from January 2010 to December 2020. The dataset was 

obtained from Yahoo Finance, a widely used financial data provider, which includes daily stock 

market data such as opening price, closing price, highest price, lowest price, trading volume, and 

adjusted closing price. 

 

Table 1. Structure of the Dataset 

Date Open High Low Close Adj Close Volume 

2010-01-04 111.59 112.24 111.09 112.00 112.00 123456789 

2010-01-05 112.00 112.50 111.50 112.25 112.25 987654321 

2010-01-06 112.25 112.75 111.75 112.50 112.50 456789123 

... ... ... ... ... ... ... 
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The features (or independent variables) used for stock price prediction include: 

Feature Description 

Open Price The price of the stock at the beginning of the trading day. 

High Price The highest price the stock reached during the trading day. 

Low Price The lowest price the stock reached during the trading day. 

Close Price The final price of the stock at the close of the trading day. 

Adjusted Close Price The closing price adjusted for stock splits, dividends, and 

other corporate actions. 

Volume The number of shares traded during the day. 

 

The target variable for the prediction task is the closing price of the stock, as it reflects the value 

of the stock at the end of the trading day and is a key metric for financial analysis. 

 

 

Figure 1. Relationships Between Features and Closing Price 

Figure 1 presents four scatter plots illustrating the relationships between different features and 

the closing price. The first three plots—Open Price vs. Closing Price, High Price vs. Closing Price, 

and Low Price vs. Closing Price—demonstrate a strong positive relationship, indicating that the 



Int. J. Anal. Appl. (2025), 23:18 7 

 

closing price is closely related to the opening, high, and low prices. This suggests that these price 

levels throughout the trading day are significant indicators of the closing value. On the other 

hand, the Volume vs. Closing Price plot does not display a clear trend, indicating that the trading 

volume is not directly correlated with the closing price in a simple linear way. This implies that 

other factors, beyond volume, may significantly influence the closing price. 

4. Data Preprocessing 

Data preparation is a crucial step in the development of ML models. Raw financial data typically 

contains missing values, outliers, and variations in scale, which can negatively affect model 

performance. The following steps were taken to preprocess the data: 

Handling Missing Values: In financial datasets, missing values are common due to trading 

holidays, data collection issues, or other factors. We used two strategies to handle missing data: 

• Forward and Backward Fill: For minor gaps (e.g., one or two missing days), we filled 

missing values with the most recent available data (forward fill) or subsequent data 

(backward fill). 

• Removing Rows: For rows with substantial missing data or inconsistencies, we removed 

the records to maintain data integrity. 

Feature Engineering: In addition to the original features (open, close, high, low, volume), we 

created new features to improve the model’s capability to forecast stock prices. Some of the 

derived features include: 

• Daily Return: The percentage variation in the stock price compared to the previous day, 

calculated as:  

𝐷𝑎𝑖𝑙𝑦 𝑅𝑒𝑡𝑢𝑟𝑛 =
𝐶𝑙𝑜𝑠𝑒𝑡 − 𝐶𝑙𝑜𝑠𝑒𝑡−1

𝐶𝑙𝑜𝑠𝑒𝑡−1
× 100 

• Moving Averages: We calculated moving averages over different time periods (e.g., 7-

day, 30-day) to smooth out price fluctuations and capture trends: 

𝑀𝐴𝑛 =
1

𝑛
∑ 𝐶𝑙𝑜𝑠𝑒𝑡−1

𝑛−1

𝑖=0

 

• Volatility: To capture market risk, we calculated historical volatility as the standard 

deviation of the stock's daily returns over a specific window of time (e.g., 30 days). 

Normalization: The features in the dataset exhibit different scales (e.g., price ranges and trading 

volumes), which can negatively impact model training. We normalized the features to bring them 

to a comparable scale using min-max scaling: 
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𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

This transformation ensures that all features are within the range of 0 and 1, improving the 

effectiveness of machine learning models, especially those rely on gradient-based optimization 

algorithms like deep learning. 

Data Splitting: To assess the model's effectiveness, the dataset was divided into a training set 

(80%) and a testing set (20%). The training set was utilized to develop machine learning models, 

while the testing set was set aside for evaluating performance on unseen data. 

3.2. Machine Learning Models 

To evaluate the forecasting accuracy of machine learning algorithms, we implemented several 

models, ranging from traditional regression techniques to more advanced deep learning models. 

The following models were used: 

Linear Regression: Linear regression is a Baseline model. This model is a commonly utilized 

statistical approach that describes the relationship between the dependent variable (closing price) 

and one or more independent variables (features). The formula for linear regression is as follows: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝜖 

where 𝑌 is the predicted closing price, 𝑋𝑖 are the independent variables (features), 𝛽𝑖 are the 

coefficients, and 𝜖 is the error term. 

Decision Trees models: These are non-parametric models that divide the data according to 

feature values to form a hierarchical arrangement of decision nodes. Each internal node indicates 

a decision related to a feature, and each leaf node corresponds to a predicted outcome (i.e., closing 

price). Decision trees can model nonlinear relationships and are easy to interpret. 

Random Forest: Random forests are a collective learning method that improves accuracy of 

decision trees through aggregating multiple trees. Each tree is constructed from a random subset 

of the data, and the final prediction is determined by averaging the predictions of all the trees in 

the forest. 

�̂� =
1

𝑁
∑ 𝑇𝑖(𝑋)

𝑁

𝑖=1

 

where 𝑇𝑖(𝑋) represents the prediction of the ith tree, and 𝑁 is the total number of trees in the forest. 

Long Short-Term Memory: LSTM networks are a form of recurrent neural network (RNN) 

designed for time-series data. Unlike traditional feed-forward networks, LSTMs have the ability 

to retain information from previous time steps, which makes them ideal for sequential data like 
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stock prices. The LSTM model learns patterns over time by updating its memory cells based on 

input sequences. The core equations governing the LSTM network are: 

• Forget Gate: Determines how much of the previous state to retain: 

𝑓𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

• Input Gate: Determines how much new information to add to the cell state: 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

• Cell State Update: 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ tanh(𝑊𝐶[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) 

• Output Gate: Decides the next hidden state: 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡) 

The LSTM model is particularly effective in capturing long-term dependencies and trends in 

stock price data. 

Random Forest with Feature Importance: To analyze the importance of each feature, we utilized 

Random Forest’s feature importance scores. These scores quantify the impact of each feature in 

forecasting the stock price by calculating the reduction in the Gini index when a feature is utilized 

to divide a node.  

3.4 Performance Evaluation Metrics 

The effectiveness of these models was assessed using common metrics for regression tasks, 

including: 

Mean Absolute Error: MAE calculates the mean absolute difference between predicted and actual 

values. It is determined using the following formula: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑌𝑖 − �̂�𝑖|

𝑛

𝑖=1

 

where 𝑌𝑖 is the observed value, �̂�𝑖 is the estimated value, and 𝑛 is the quantity of observations. 

MAE presents a straightforward measure of error without emphasizing larger errors, making it 

easy to interpret. 

Root Mean Square Error: This is a commonly utilized metric that gives more weight to larger 

errors due to the squared term. It is computed as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑌𝑖 − �̂�𝑖)

2
𝑛

𝑖=1

 



10 Int. J. Anal. Appl. (2025), 23:18 

 

RMSE is particularly useful when large errors are undesirable, as it penalizes them more than 

MAE. 

R-Squared (R²): R² assesses the proportion of variation in the response variable that can be 

explained by the explanatory variables. It is computed as:  

𝑅2 = 1 −
∑ (𝑌𝑖 − �̂�𝑖)

2𝑛
𝑖=1

∑ (𝑌𝑖 − �̂�)
2𝑛

𝑖=1

 

A higher R² indicates that the model explains more of the variance in the data. 

4. Results and Discussion 

4.1. Model Performance Comparison 

The use of the machine learning models in this study is summarized in Table 2, which presents 

the metrics: MAE, RMSE, and R². These metrics present how each technique performed in 

predicting stock prices. 

Table 2. Evaluation Metrics of Machine Learning Models 

Model MAE RMSE R² 

Linear Regression 3.45 4.67 0.72 

Decision Trees 2.98 3.89 0.80 

Random Forest 2.45 3.12 0.87 

Long Short-Term Memory (LSTM) 1.87 2.34 0.92 

 

The Linear Regression model, serving as a baseline, showed acceptable performance, with 

an R² of 0.72, explaining 72% of the variance in stock prices. However, its higher MAE and RMSE 

values indicate that it struggles to model the complex, nonlinear relationships present in financial 

data, which is consistent with prior findings [10]. Linear regression is often outperformed by 

more complex models in financial tasks rarely holds true in volatile financial markets. 

The Decision Tree model improved upon linear regression with lower MAE (2.98) and 

RMSE (3.89) values, and a higher R² score of 0.80. Decision trees are better suited for modeling 

nonlinear relationships in the data, which explains their stronger performance in this study. 

However, decision trees tend to overfit, particularly when handling time-series data, which may 

account for the model's limitations regarding accuracy. These results are consistent with those 

reported by Shrivastav and Kumar [16], who found that decision trees performed well in stock 

price prediction but were outperformed by ensemble methods due to their overfitting tendencies. 
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The Random Forest model demonstrated substantial improvements over both linear 

regression and decision trees, with an MAE of 2.45, RMSE of 3.12, and an R² of 0.87. As an 

ensemble method, random forests reduce the overfitting problem by averaging the predictions of 

multiple decision trees, leading to more accurate and stable predictions. This aligns with the 

findings of [16], who noted that random forests consistently deliver higher accuracy in stock price 

prediction by effectively capturing non-linear relationships and interactions between features. 

Similar conclusions were drawn by [9], who also highlighted the robustness of random forests in 

handling noisy and complex financial datasets. 

The LSTM model outperformed all other models, achieving the lowest MAE (1.87) and RMSE 

(2.34), along with the highest R² value (0.92). This confirms the effectiveness of LSTM networks 

in capturing the sequential nature of stock prices and learning long-term dependencies in the 

data. LSTMs are particularly suited for time-series forecasting tasks like stock price prediction, 

where past data points influence future outcomes. The enhanced performance of LSTM in this 

study is consistent with the work of [17], who demonstrated that LSTM models significantly 

outperform traditional models in predicting hedge fund returns, a task closely related to stock 

price forecasting.  

4.2. Feature Importance Analysis 

We conducted a feature importance analysis using the Random Forest model to understand the 

contribution of each feature to the stock price predictions. The results are presented in Table 3 as 

well as in Figure 3. 

 

Table 3. Feature Importance Scores from Random Forest 

Feature 
Importance 

Score 

Previous Close Price 0.45 

Trading Volume 0.30 

High Price 0.15 

Low Price 0.10 
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Figure 3. Feature Importance Scores 

The analysis shows that the Previous Close Price had the highest importance score (0.45), 

indicating that past stock prices are the most significant predictor of future stock prices. This 

finding aligns with research by [6], who found that previous stock prices are highly predictive of 

future movements due to market momentum and investor behavior patterns. Trading Volume, 

with a score of 0.30, also emerged as a key feature, reflecting the significance of market liquidity 

in influencing stock prices. This is consistent with the conclusions drawn by [9], who found that 

trading volume is a critical factor in predicting short-term price movements, as it often indicates 

the intensity of market sentiment. 

The High Price and Low-Price features had lower importance scores (0.15 and 0.10, 

respectively), suggesting that while they do contribute to the model's predictions, their impact is 

less pronounced than the previous close price and trading volume. These results align with earlier 

research, such as [17], which suggest that extreme values within a trading day (i.e., high and low 

prices) provide some insight into market volatility but are not as influential in long-term 

predictions compared to closing prices. 

4.3. Interpretation of Results 

The results of this study are consistent with the broader literature on machine learning 

applications in stock price prediction. The superior performance of ensemble methods, 

particularly Random Forest, in handling nonlinear relationships and reducing overfitting aligns 

with the findings of [6], who emphasized the robustness of ensemble techniques in financial 

forecasting tasks. The LSTM model's outstanding performance in capturing temporal 
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dependencies also reflects similar conclusions from studies by ([3], [17]), both of which 

highlighted LSTM's ability to handle time-series data effectively in financial markets. 

Our results also mirror the findings of [6], who compared traditional statistical models 

with machine learning algorithms and demonstrated that deep learning models, especially LSTM 

networks, outperform linear models in predicting stock prices. This performance gap is attributed 

to LSTM's ability to maintain and use long-term historical data, which is particularly important 

in highly volatile markets where price movements are influenced by both recent and long-past 

events. 

Additionally, [3, 17] discussed the limitations of linear models in financial forecasting, 

particularly their inability to handle the inherent volatility and nonlinearity of stock market data. 

Our study supports these conclusions, showing that linear regression performed significantly 

worse than tree-based models and LSTMs in capturing the complex patterns that drive stock 

prices. 

Although the LSTM model performed best in this study, there are several limitations and 

challenges associated with its implementation. LSTM networks require significantly more 

computational resources and time to train compared to traditional models like linear regression 

or decision trees. The increased complexity of the model architecture, which involves multiple 

layers and memory cells, can lead to challenges in hyperparameter tuning, which requires careful 

optimization of parameters such as the number of layers, learning rate, and sequence length to 

avoid overfitting or underfitting. 

Furthermore, while LSTM models can capture sequential dependencies in data, stock 

prices are also influenced by external factors that are not captured in the historical price and 

volume data used in this study. These external factors include macroeconomic indicators, 

company-specific news, geopolitical events, and investor sentiment. Future studies could 

integrate such external data sources, like news sentiment evaluation or macroeconomic metrics, 

to enhance the predictive power of LSTM models. Zhang et al. [18], explored hybrid models that 

combined deep learning with sentiment analysis and demonstrated further improvements in 

prediction accuracy by incorporating non-price data into the model. 

Another limitation is the interpretability of deep learning models. Unlike decision trees 

or linear regression, LSTM models function as "black boxes," making it challenging to understand 

how they reach specific predictions. This absence of clarity can be a challenge in financial markets, 
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where interpretability is important for understanding risk and making informed decisions. 

Efforts to improve model interpretability, such as the development of explainable AI (XAI) 

techniques, could help address this limitation [4]. 

Figure 3 indicates that the predicted closing prices (green) closely follow the actual closing 

prices (orange) for the test set, suggesting that the model is reliable in capturing the trends of the 

stock prices. However, there are some deviations, suggesting limitations in capturing sudden 

market movements. This aligns with the general observation that advanced models can predict 

trends but may still struggle with unpredictable events. 

 

Figure 3. Predicted vs. Actual Closing Prices 

4.4. Ethical Considerations 

The use of machine learning in finance raises several ethical concerns that must be addressed. 

Complex models like LSTM networks, while highly accurate, operate in a "black box" manner, 

making it difficult to explain how decisions are made. In financial markets, where decisions based 

on these models can have significant economic consequences, this lack of transparency could lead 

to trust issues or potential misuse of the models. Researches like [1], and [8] emphasized the 

importance of developing transparent and interpretable models to maintain ethical standards in 

financial applications. 

Additionally, the collection and use of large financial datasets raise concerns about data 

privacy and security. In particular, ensuring that sensitive financial data is anonymized and used 

responsibly is critical for protecting individuals and institutions from potential data breaches. 
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Regulatory frameworks play a vital role in regulating the ethical use of data in machine learning 

models [11]. 

5. Conclusion 

This research illustrates the significant potential of ML methods, especially LSTM networks, 

in improving stock prices accuracy. By comparing traditional models like decision trees and 

linear regression with more sophisticated models like Random Forests and LSTMs, it was evident 

that advanced techniques outperformed their simpler counterparts. LSTM networks, in 

particular, excelled at capturing temporal dependencies and non-linear relationships inherent in 

stock market data, providing the most accurate predictions among the tested models. Random 

Forests also showed strong performance, benefiting from ensemble learning to reduce overfitting 

and improve robustness. 

The contributions of this research are twofold. First, it confirms the findings of previous 

studies that advanced machine learning models, particularly deep learning techniques like LSTM, 

offer a more effective approach for financial forecasting, outperforming traditional statistical 

models. Second, this study provides practical insights by comparing the performance of different 

models, showing that features like previous closing prices and trading volume are critical for 

accurate stock price predictions, as highlighted by the feature importance analysis of the Random 

Forest model. 

Despite these promising results, there are several limitations. The LSTM model requires 

significant computational power and extended training periods, making hyperparameter tuning 

a complex task. Future research should explore more efficient techniques for optimizing these 

hyperparameters, such as automated tuning methods. Additionally, while this study focused 

primarily on historical price and volume data, stock prices are affected by a wide range of external 

elements, including macroeconomic indicators, news events, and market sentiment, which were 

not included in the models. Future studies should aim to integrate these external factors to 

improve prediction accuracy further. 

Another challenge is model interpretability, especially with complex models like LSTM, 

which operate as "black boxes." This lack of transparency can hinder decision-making in financial 

markets where understanding the rationale behind predictions is crucial. The development of 

explainable AI (XAI) techniques tailored to financial time-series data could address this issue, 

enabling analysts to trust and interpret machine learning models' predictions better. 
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Future research directions include the incorporation of additional data sources, such as real-

time macroeconomic data, news sentiment, and social media trendswhich could improve the 

models' predictive capabilities. Hybrid models, like those combining Convolutional Neural 

Networks (CNN) with LSTM, could also be explored to process both structured and unstructured 

data. Another promising area for future exploration is reinforcement learning, which could be 

applied to dynamically optimize trading strategies based on real-time market conditions. 

Model robustness and generalization are also critical areas for future investigation. As 

financial markets evolve, models must adapt to changing conditions and remain reliable across 

different time periods. Techniques like transfer learning, which allows models to transfer 

knowledge from one domain to another, could be applied to improve adaptability. 

Lastly, ethical considerations, such as data privacy, fairness, and regulatory compliance, 

should be a priority in future research. As machine learning models become more integrated into 

financial systems, ensuring transparency, fairness, and protection of sensitive data is critical. 

Researchers should continue to develop methods that improve the interpretability and 

accountability of these models while maintaining compliance with regulations like GDPR. 

In conclusion, this study has demonstrated that advanced machine learning techniques, 

particularly LSTM networks, provide substantial improvements in stock price prediction 

accuracy compared to traditional methods. The ability to model temporal dependencies makes 

LSTM especially suited for time-series forecasting, while Random Forests offer a robust 

alternative for capturing non-linear relationships. While challenges remain, the future of stock 

price prediction lies in the continued development and refinement of these techniques, offering 

significant opportunities for improved decision-making in financial markets. 
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