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1. ABSTRACT:
[bookmark: _Hlk175065283]Stocks represent a form of security that provides shareholders with a degree of ownership in a corporation, along with rights to the company's profits and assets. As a result of the company's changing valuation, stock prices also vary, making the prediction of stock values a difficult undertaking due to the volatile and nonlinear characteristics of financial markets. This is where Advanced Machine Learning comes into play; Machine Learning, which is a branch of Artificial Intelligence, employs algorithms to enable computers to learn from data without being explicitly programmed. In traditional approaches, the model is often overwhelmed by noise or hindered by rigid labeling methods. So by using Machine Learning algorithms and techniques, stock price predictions become more accessible and accurate, as they can identify patterns and trends in financial data. In order to fix the issue of noise, there are various labeling methods to be found in Machine Learning, including but not limited to N-Period Min-Max labeling, along with advanced techniques like Variational Mode Decomposition, Model-agnostic meta-learning, and Long short-term memory. These approaches work together to enhance the precision of stock predictions in complex financial markets. This study presents a new framework for predicting stock prices that tries to turn these very challenges into opportunities. The study aims to provide reliable, interpretable stock price forecasts
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3. INTRODUCTION:
Forecasting stock market trends remains a critical area of interest in financial research, as the inherent volatility and complex data dependencies of financial markets pose challenges for accurate prediction. Traditional methods, such as fundamental and technical analysis, offer valuable insights into market behavior by examining company-specific and historical price information. Yet, these methods often struggle with the scale and rapid evolution of modern financial data, which limits their ability to capture intricate market patterns and respond to changes swiftly. This challenge has directed research towards advanced, data-driven solutions, particularly within machine learning (ML), to improve the adaptability and accuracy of stock price forecasts.
Machine learning models have proven highly effective in processing large datasets, identifying hidden patterns, and enhancing prediction precision across various financial applications. Techniques like Support Vector Machines (SVM), XGBoost, and Logistic Regression have shown strong performance in market trend prediction, especially when paired with advanced labeling techniques. For instance, Han, Kim, and Enke (2023) have shown that employing XGBoost with N-Period Min-Max labeling offers advantages by effectively handling noise and addressing short-term fluctuations, which results in enhanced model precision. Furthermore, Long Short-Term Memory networks, which are tailored for processing sequential data, excel at recognizing long-term dependencies, a crucial factor for forecasting in time-series analysis.
Recent developments have expanded ML’s applicability in finance, with advanced techniques like meta-learning, variational mode decomposition (VMD), and explainable AI making strides in robustness and interpretability. Liu et al. (2022) explored the potential of meta-learning in combination with VMD, which helps address the issues of non-stationarity and concept drift in financial time-series data by adapting model learning as data patterns evolve. Additionally, XAI methods, including Belief Rule-Based Expert Systems (BRBES) and Local Interpretable Model-Agnostic Explanations (LIME), increase transparency in model predictions, providing insights into the reasoning behind model outputs—an essential feature for building trust in high-stakes financial decisions (Rudin, 2019).
Combining these advanced ML techniques with sentiment analysis further broadens the approach to stock prediction by capturing external factors that influence market dynamics. This paper offers a comparison of machine learning models, including XGBoost, meta-learning, and VMD, combined with various labeling techniques, to evaluate their effectiveness in dynamic financial environments. By analyzing the predictive power and interpretability of these approaches, this study seeks to identify the strengths and limitations of different models for robust, adaptable, and transparent stock price forecasting.
4. RELATED WORK:
Machine learning has proven instrumental in advancing stock price prediction by addressing challenges such as noise, adaptability, and model interpretability. Han, Kim, and Enke [1] proposed a trading system using XGBoost combined with N-period Min-Max labeling to reduce data noise, thereby improving prediction accuracy in the fluctuating stock market. This method highlights the impact of strategic labeling in refining data for more precise forecasting.
Liu et al. [2] introduced a framework combining meta-learning with variational mode decomposition (VMD) to manage non-stationary data and adapt to market concept drift. Meta-learning enhances the model’s adaptability, while VMD stabilizes data by breaking it into subseries, thereby boosting prediction accuracy in variable financial condition.
Yun, Yoon, and Won [3] addressed the need for model interpretability by integrating a genetic algorithm for feature selection with machine learning regressions. This approach streamlines the model, allowing for clearer insights into the decision-making process, which is essential for transparency in financial predictions.
Chen et al. [4] conducted a comparative study of machine learning techniques, including graphic signal recognition, assessing their effectiveness in stock prediction. This comparison provides valuable insights into how different algorithms perform in handling complex financial data patterns, guiding algorithm selection for various prediction scenarios.
Lastly, Akhtar et al. [5] analyzed statistical data-based machine learning models, comparing their performance for stock prediction tasks. Their findings underscore the importance of selecting suitable algorithms based on data characteristics, as model effectiveness can vary widely in financial forecasting.
Hossain et al. [6] explored the use of Belief Rule-Based Expert Systems (BRBES) integrated with machine learning for stock price prediction. Their study demonstrates how BRBES, which incorporates belief rules and fuzzy logic, can enhance accuracy in forecasting by effectively managing uncertainty and ambiguity in financial data, especially in volatile markets.
Vijh, Chandola, and Tikkiwal [7] investigated various machine learning techniques for predicting stock closing prices. Their work provides a comparative analysis of different algorithms and identifies those that yield higher accuracy, emphasizing the role of algorithm selection in stock prediction and the need for robust methods that adapt to changing market dynamics.
Bansal, Goyal, and Choudhary [8] focused on achieving high accuracy in stock market prediction by using machine learning techniques. Their study highlights advancements in model performance through hyperparameter tuning and model optimization, showcasing how careful calibration can lead to significant improvements in predictive accuracy.
Maqbool et al. [9] integrated sentiment analysis with a Multi-Layer Perceptron (MLP) regressor to improve stock prediction accuracy. By incorporating sentiment scores derived from financial news, the study demonstrates how external market sentiment can be combined with machine learning models to provide a more comprehensive understanding of market trends.
L. M and Gnanasekaran [10] examined the application of classification algorithms for stock price prediction. Their work underscores the potential of classification approaches in identifying stock trends, particularly by comparing different machine learning classifiers and highlighting which models are better suited for classification tasks within financial forecasting.
Çelik, İcan, and Bulut [11] extended machine learning models in financial prediction by incorporating Explainable AI (XAI). Their research underlines the importance of transparency and interpretability in financial forecasting, showing how XAI techniques can enhance trust in machine learning predictions by providing clearer insights into model decision-making processes.
Mehta, Malhar, and Shankarmani [12] used a combination of machine learning and sentiment analysis to predict stock prices. The study emphasizes the effectiveness of combining traditional data-driven approaches with sentiment analysis, enabling a more dynamic prediction that accounts for the influence of public sentiment on market movement.
Dinesh et al. [13] utilized moving averages and machine learning models to predict stock market trends. Their approach showcases how blending technical indicators with machine learning can improve forecasting, particularly in capturing trend directions and making short-term predictions in fluctuating markets.
K. C et al. [14] focused on predicting stock prices through various machine learning techniques, comparing the effectiveness of different algorithms. Their study provides insight into the relative strengths of each method, guiding model selection based on prediction accuracy across multiple datasets.
Kadu and Bamnote [15] performed a comparative study of stock price prediction using machine learning. By analyzing the performance of various algorithms, the research highlights which models are most effective in different market scenarios, reinforcing the value of comparative analysis in selecting optimal models for financial forecasting.
5. METHODOLOGY:
5.1 Problem Definition:
The primary aim is to advance stock price prediction by improving model accuracy and adaptability using machine learning techniques and optimized data labeling. Traditional methods often struggle with financial data’s complexity, including noise and high volatility. This research explores machine learning models, such as XGBoost, SVM, and LSTM, alongside labeling techniques like N-Period Min-Max and Variational Mode Decomposition (VMD), to reduce noise and stabilize predictions. Meta-learning is employed to enhance model adaptability to shifting market conditions, ensuring model predictions are transparent and actionable. Additionally, sentiment analysis is incorporated to capture external factors influencing market trends, creating a more well-rounded prediction model.
5.2 Data Collection and Preprocessing:
Data for this study was sourced from financial platforms such as Yahoo Finance, covering daily stock prices, trading volumes, and sentiment scores derived from financial news sources. Preprocessing steps included addressing missing values, normalizing data through Z-score scaling to ensure consistency, and applying advanced labeling techniques such as N-period Min-Max to enhance data structure for accurate prediction. Additionally, feature engineering was used to create relevant financial indicators (e.g., moving averages, volatility measures) to help capture essential patterns within the data. Outlier detection and handling were also conducted to minimize any skewing effects on the predictions, resulting in a robust and reliable dataset for model training.
5.3 Machine Learning Models:
XGBoost is a powerful ensemble learning method that builds sequential models to improve predictive accuracy, particularly effective in handling noisy and high-dimensional data. When combined with Min-Max labeling, XGBoost excels in capturing short-term price fluctuations by prioritizing significant data points, which is crucial for financial data where sudden changes can impact overall trends. This method is especially useful in settings where short-term forecasting is critical, such as intraday trading and rapid response strategies.
Support Vector Machines is a versatile supervised learning model with strengths in both classification and regression, making it well-suited for financial forecasting. In the context of stock prices, SVM’s strength lies in its capacity to construct hyperplanes that maximize the margin between data classes, effectively separating different market trends and potential reversals. When combined with preprocessing methods like Variational Mode Decomposition (VMD), which decomposes data into stable, trend-isolating components, SVM becomes more resilient to noise. This synergy enables SVM to detect and predict underlying trends in various market conditions with enhanced accuracy
Belief Rule-Based Expert System provides a unique advantage in financial prediction by combining rule-based reasoning with probabilistic modeling, thus offering interpretability alongside adaptability. In stock price forecasting, BRBES employs belief rules that integrate expert knowledge, helping the model manage uncertainty and respond dynamically to market changes. Unlike black-box approaches, BRBES yields interpretable outputs, which is crucial in financial settings where model transparency directly influences decision-making confidence. This interpretability, paired with BRBES’s ability to dynamically adapt to new data patterns, makes it a reliable choice for predictions in volatile market conditions. The below figure outlines a three-phase process for algorithmic trading. Phase 1 involves extracting technical indicators and labeling data. Phase 2 trains an XGBoost model on this labeled data. In Phase 3, the trained model generates trading signals (buy, hold, sell) and evaluates its performance.
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Fig-1: XGBoost-based Trading Strategy Pipeline

Labeling Techniques:
N-Period Min-Max labeling is a data-labeling strategy that assigns significance to the minimum and maximum values observed within a designated period, helping models focus on prominent price changes while ignoring minor noise. This labeling technique is particularly beneficial in high-volatility markets, where isolating major price shifts enhances the model’s ability to identify relevant trends. By using N-Period Min-Max labeling, algorithms like XGBoost and SVM can better prioritize impactful data points, ultimately refining their predictive accuracy.
This labels as Up(0) at the maximum point and Down at the minimum point and the Ct is the closing price of the N-term , Nmax is the maximum closing price of the N-term, and Nmin is the minimum closing price of the N-term, the directions of the closing price in the future  is Lt+1

Lt+1 = 
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Fig -2: Trading signal generated by the NPMM Labeling
5.4 Model Training and Evaluation:
The process of training and evaluating models followed a systematic method, dividing the dataset into training, validation, and test sets to ensure a thorough performance evaluation. Hyperparameter tuning was performed using techniques like grid search and Bayesian optimization to enhance the accuracy of each model, concentrating on methods such as XGBoost, Support Vector Machine (SVM), and Belief Rule-Based Expert Systems. Metrics for evaluation, including Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared, were utilized to measure predictive accuracy, while cross-validation was applied to reduce overfitting and improve model generalization. A comparative analysis of each model's performance revealed that XGBoost's capability of capturing intricate, non-linear relationships was especially beneficial, whereas the Belief Rule-Based Systems offered further understanding of feature importance. The final model was chosen based on these metrics and the trade-offs between accuracy and interpretability, highlighting the necessity of tuning and metric-based evaluation in stock prediction models. Figure Fig-3 below presents a comparison of three machine learning models—XGBoost, SVM, and BRBES—using their performance metrics: Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-Squared. In conclusion, XGBoost stands out as the most precise model according to both MSE and RMSE. Its lower error values indicate that it can deliver more accurate predictions when compared to SVM and BRBES.
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Fig-3:  Different models performance metrics


5.5 Challenges and Limitations:
Implementing machine learning for stock price prediction faces several challenges. Stock market data is highly volatile and noisy, which makes it difficult to build stable, accurate models. Techniques like N-Period Min-Max and VMD help reduce noise but add complexity to data processing. Models often have trouble adjusting to sudden shifts in the market, even with methods like meta-learning designed to help them adapt. Additionally, understanding how these models make decisions can be difficult. Techniques like XGBoost and LSTM are often hard to interpret, and while tools like LIME can provide some insight, it remains challenging to fully clarify how the models come to their conclusions. Lastly, relying on sentiment analysis introduces potential biases due to inconsistent textual data, affecting overall prediction accuracy. These limitations underscore the need for ongoing model improvements to handle the complexities of financial forecasting effectively.
6. RESULTS AND DISCUSSION:
6.1 Results:
The comparative analysis of machine learning models revealed distinct advantages and limitations associated with each approach. Table 1 summarizes the performance of the models based on the evaluation metrics—Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared—calculated over the test dataset. The results indicate that XGBoost outperformed other models, delivering the lowest MSE and RMSE values, as well as the highest R-squared, showcasing its superior ability to capture nonlinear patterns in stock price movements.
Table 6.1.1: Performance Metrics of Machine Learning Models
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6.2 Discussion:
The success of XGBoost can be attributed to its ability to handle complex interactions in the dataset, leveraging techniques like N-Period Min-Max labeling to prioritize significant price movements. This approach is particularly effective in financial markets characterized by high volatility and noise. However, despite its high accuracy, XGBoost lacks interpretability, which is critical in high-stakes financial applications. Integrating techniques such as Local Interpretable Model-Agnostic Explanations (LIME) could mitigate this challenge by providing post-hoc explanations for the model's predictions.
The Support Vector Machine (SVM) model demonstrated moderate performance, with its strength lying in its capacity to separate data trends using hyperplanes. When combined with Variational Mode Decomposition (VMD), SVM effectively reduced noise, making it suitable for scenarios requiring robust noise handling. However, its computational complexity and sensitivity to hyperparameter tuning presented challenges, particularly in real-time applications.
6. CONCLUSION:
This research emphasizes the potential of machine learning methodologies to enhance the accuracy of stock price predictions by tackling issues like noise, volatility, and adaptability. By incorporating sophisticated techniques such as XGBoost, SVM, and LSTM, along with labeling strategies and sentiment analysis, we can improve the precision and dependability of stock market forecasts. Although challenges remain, including how to adjust to swift market fluctuations and enhance model interpretability, the blend of these advanced tools appears promising in making stock price predictions more resilient and informative. Future investigations should aim to refine these models and seek methods to increase their transparency and adaptability to changing market circumstances.
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Model MSE RMSE R-squared
XGBoost 0.0145 0.1204 0.92
Support Vector Machine (SVM) 0.0211 0.1453 0.85

Belief Rule-Based Expert System (BRBES) 0.0187 0.1367 0.88




