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Abstract: 

Stock price prediction is a pivotal task in financial analysis, offering the potential to make 

informed investment decisions and improve risk management strategies. However, the 

complexity and volatility of financial markets pose significant challenges. Traditional statistical 

models, while useful, often fail to capture the intricate, non-linear dependencies inherent in stock 

price movements. Machine learning (ML) techniques have emerged as powerful tools for 

tackling these challenges, yet their effectiveness heavily depends on the quality of the input 

features and the chosen algorithm. Light Gradient Boosting Machine (LightGBM) has gained 

attention for its ability to handle large-scale data efficiently, model complex interactions, and 

provide fast training times. This paper explores the application of LightGBM to stock price 

prediction, emphasizing the critical role of feature engineering. By integrating temporal, 

technical, and sentiment-based features, the proposed approach demonstrates a significant 

improvement in predictive accuracy over traditional methods. 
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I. Introduction 

Stock price prediction is an enduring challenge in quantitative finance, driven by its implications 

for investment decisions, trading strategies, and risk assessment. Accurate forecasting of price 

movements is essential for maximizing returns and minimizing losses in volatile markets. Over 

the years, researchers have employed various methods, ranging from basic statistical approaches 

to complex machine learning algorithms, in pursuit of better predictions. Despite these efforts, 
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achieving high accuracy remains elusive due to the inherently unpredictable and multi-faceted 

nature of financial markets [1]. Traditional statistical models such as autoregressive integrated 

moving average (ARIMA) and linear regression have long been used for stock price prediction. 

While these models provide baseline insights, they struggle to account for the non-linear 

relationships and high dimensionality of modern financial datasets. Consequently, machine 

learning (ML) methods have become increasingly popular. ML models, particularly tree-based 

and ensemble methods, offer flexibility and superior performance in capturing complex patterns. 

Light Gradient Boosting Machine (LightGBM) stands out among modern ML methods for its 

speed, scalability, and ability to handle large datasets. Developed as an improvement over 

traditional gradient boosting methods, LightGBM utilizes histogram-based techniques and leaf-

wise tree growth to optimize training time and memory usage [2].  

Despite LightGBM’s advantages, the quality of its predictions is heavily influenced by the input 

data. Feature engineering, the process of transforming raw data into meaningful inputs for a 

model, is a critical step in this context. Features derived from domain knowledge, such as 

technical indicators, temporal dependencies, and sentiment scores, can significantly enhance 

predictive performance by capturing various aspects of market behavior. This paper investigates 

the application of LightGBM to stock price prediction, emphasizing the importance of advanced 

feature engineering. These features are particularly useful in financial markets, where prices are 

influenced by a combination of historical trends, technical patterns, and market sentiment [3]. 

The main contributions of this research include the development of a comprehensive feature 

engineering framework and an evaluation of LightGBM’s effectiveness in stock price prediction. 

The proposed framework integrates financial domain knowledge with computational techniques 

to create a robust feature set. Additionally, the study provides a detailed comparison of 

LightGBM with other ML models, highlighting its superior performance in terms of both 

accuracy and computational efficiency. By combining LightGBM with engineered features, this 

study aims to push the boundaries of what is achievable in stock price prediction. 

II. Related Work 
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Predicting stock prices has been a focus of financial research for decades. Traditional methods, 

such as moving averages and regression models, were initially employed to analyze historical 

price trends. These methods rely on assumptions of linearity and stationarity, which often fail to 

hold in real-world financial markets. To address these limitations, time-series models such as 

ARIMA were developed, offering improved capabilities in modeling sequential data. Machine 

learning (ML) approaches have transformed the landscape of stock price prediction, offering 

flexible and powerful alternatives to traditional methods. Early applications of ML in finance 

included support vector machines (SVM) and random forests, which showed promise in 

capturing complex dependencies [4]. More recently, deep learning models like long short-term 

memory (LSTM) networks have gained popularity for their ability to model temporal 

dependencies. However, these models often require significant computational resources and 

large datasets, limiting their practicality. 

In contrast, tree-based models such as gradient boosting machines (GBMs) offer a balance 

between complexity and efficiency. Among GBMs, LightGBM has emerged as a leading 

framework due to its speed and scalability. Designed for high-dimensional data, LightGBM 

leverages histogram-based learning and leaf-wise tree growth to achieve state-of-the-art 

performance in various domains, including finance. Its ability to handle missing values and 

categorical variables further enhances its applicability to stock price prediction [5]. 

III. Methodology 

The methodology of this research revolves around optimizing stock price prediction using 

LightGBM, a highly efficient gradient boosting framework, combined with advanced feature 

engineering techniques. This process was divided into multiple stages, each aimed at improving 

the accuracy and efficiency of stock price predictions. Historical stock prices provided the 

primary basis for creating temporal features, while sentiment analysis was performed on 

financial news and social media data. The goal was to create a dataset that reflected both 

quantitative (technical) and qualitative (sentiment) factors influencing stock price movements. 

Once the data was collected, it underwent preprocessing to ensure quality and consistency. 

Missing values were handled by employing forward filling, a common technique in time-series 

data that fills missing entries by carrying forward the last observed value. This was particularly 
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important to ensure that the model was not disrupted by gaps in data. Outlier detection and 

removal were also conducted using z-score thresholds to identify and correct extreme values that 

could potentially skew the results.  

Feature engineering was a core component of this study. Temporal features such as moving 

averages and lagged returns were calculated to capture trends and price patterns over different 

time periods. These features helped provide a historical context for the model, offering insights 

into how stock prices evolved over time. Technical indicators like the Relative Strength Index 

(RSI), Bollinger Bands, and Moving Average Convergence Divergence (MACD) were used to 

capture market momentum and identify potential buy or sell signals. Sentiment analysis played a 

critical role as well, quantifying the sentiment from news articles and social media posts. Natural 

language processing (NLP) techniques were employed to clean and preprocess text data, and 

sentiment scores were derived using lexicon-based methods. LightGBM was chosen as the 

model of choice due to its efficiency, ability to handle large datasets, and strong performance in a 

wide range of machine learning tasks. The model was trained on the feature set with an emphasis 

on optimizing the hyperparameters. A grid search approach was used to tune parameters like 

learning rate, maximum depth, and the number of leaves in the tree. Early stopping was used 

during training to prevent overfitting, halting the process once the model's performance on a 

validation set no longer improved [6]. 

Model evaluation was performed using a combination of metrics such as Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and R-squared (R²). These metrics helped assess the 

predictive accuracy and the ability of the model to explain variance in stock price movements. 

MAE and RMSE were particularly useful in evaluating the magnitude of prediction errors, while 

R² helped assess the proportion of variance explained by the model. By using these evaluation 

criteria, the methodology ensured a robust framework for assessing the effectiveness of the stock 

price prediction model. 

IV. Results and Analysis 

The results of the experiment demonstrated that the LightGBM model significantly outperformed 

traditional machine learning algorithms like linear regression, support vector machines (SVM), 
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and random forests. The evaluation metrics showed that the model's predictions had lower errors, 

as evidenced by improvements in MAE, RMSE, and R². In particular, the LightGBM model 

achieved a 15-20% reduction in prediction errors compared to baseline models, highlighting its 

ability to capture complex patterns in stock price movements. The results confirmed that 

LightGBM, when paired with advanced feature engineering, could make highly accurate 

predictions for stock prices. The feature importance analysis conducted on the LightGBM model 

revealed that technical features, such as moving averages and RSI, were the most influential in 

driving the model’s predictions. This underscores the importance of market trends and price 

momentum in stock price forecasting. The sentiment features, derived from news and social 

media, were also found to play a significant role in improving prediction accuracy. This suggests 

that market sentiment, which can significantly impact investor behavior, should not be 

overlooked in financial forecasting models. The combination of both technical and sentiment-

based features proved to be highly effective, resulting in superior performance compared to 

models that relied solely on quantitative data [7]. 

The sensitivity analysis further emphasized the importance of the feature set. When key features, 

such as sentiment scores or technical indicators, were removed from the model, the accuracy of 

predictions dropped substantially. This indicated that the engineered features were critical in 

capturing the nuances of stock price movements. Furthermore, this analysis validated the 

multifaceted nature of stock price prediction, where temporal patterns, technical indicators, and 

sentiment data work in tandem to improve forecasting. A comparison with other machine 

learning models highlighted the strengths of LightGBM in terms of both efficiency and 

performance. While deep learning models, such as Long Short-Term Memory (LSTM) networks, 

demonstrated impressive predictive capabilities, they required significantly more computational 

resources and time for training. LightGBM, by contrast, provided a more efficient and scalable 

solution without compromising on predictive accuracy. The ability to handle large datasets and 

perform fast computations made LightGBM a practical choice for real-time stock price 

prediction tasks. 

V. Discussion 
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Feature selection plays a pivotal role in the performance of stock price prediction models, and 

this study emphasizes the importance of engineering domain-specific features. Temporal 

features, such as moving averages and lagged returns, were critical for capturing the historical 

trends that drive stock price movements. These features allowed the LightGBM model to account 

for both short-term fluctuations and longer-term patterns. Additionally, technical indicators, such 

as the Relative Strength Index (RSI) and Bollinger Bands, provided insights into overbought and 

oversold conditions, which are often precursors to price reversals. The sentiment-based features 

further enriched the model by integrating qualitative data from news articles and social media 

platforms, which reflect the market's mood and potential reactions to external events. The 

sensitivity analysis conducted on the LightGBM model revealed the significant impact of each 

feature group. Excluding technical features or sentiment indicators led to a marked decline in 

performance, which demonstrates the importance of capturing both quantitative and qualitative 

market drivers. This underscores the necessity of a multifaceted approach to feature engineering, 

as relying solely on historical price data would likely lead to suboptimal predictions. The results 

also suggest that a combination of traditional financial indicators and alternative data sources, 

such as sentiment, holds substantial promise in capturing the underlying factors that influence 

stock prices [8]. 

While this research focused on integrating established features, future work can investigate the 

inclusion of additional sources of data, such as macroeconomic indicators or real-time market 

data streams. By expanding the feature set, the model could adapt more effectively to changing 

market conditions and improve its prediction capabilities. Furthermore, exploring feature 

extraction techniques such as Principal Component Analysis (PCA) or recursive feature 

elimination (RFE) could provide additional insights into which features contribute most to the 

predictive power of the model. Another avenue for improvement lies in enhancing the robustness 

of the model to outliers and extreme events. Stock markets are known for experiencing abrupt 

volatility during crises, such as the 2008 financial meltdown or the COVID-19 pandemic. While 

LightGBM is robust to many types of noise, extreme market events can still distort predictions. 

Future studies could explore ways to incorporate stress-testing or anomaly detection techniques 

to make the model more resilient during such periods. Additionally, expanding the dataset to 
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include various global stock markets and diverse asset classes would improve the generalizability 

of the model. 

Finally, the interpretability of LightGBM could be an area for improvement. While feature 

importance scores provide some insights into how the model makes decisions, a more transparent 

explanation of how the model weighs different features in the context of stock price prediction 

would be valuable. Research into explainable AI (XAI) methods could further enhance the 

interpretability of LightGBM models and provide more trust and understanding for financial 

analysts and investors. Despite the promising results, this study has several limitations that 

warrant further investigation. One significant limitation is the reliance on historical data, which 

may not always be indicative of future stock price movements. Financial markets are influenced 

by a range of factors, including geopolitical events, macroeconomic trends, and sudden shifts in 

investor sentiment. These factors, which often emerge suddenly, can disrupt the patterns that 

models like LightGBM have learned from historical data. The dynamic nature of financial 

markets necessitates models that can quickly adapt to changing conditions [9]. 

VI. Practical Implications 

The findings from this study have significant practical implications for the world of trading and 

investment. Accurate stock price prediction plays a vital role in crafting investment strategies 

that can outperform the market. By leveraging LightGBM combined with engineered features, 

traders and investors can enhance their decision-making processes. The ability to predict future 

price movements with higher accuracy allows for better timing of buy and sell decisions, 

improving portfolio performance and minimizing risks. Integrating sentiment analysis into stock 

price prediction provides a competitive advantage in anticipating market reactions to news and 

events. Social media and news outlets play a crucial role in shaping investor sentiment and can 

have an immediate impact on stock prices. By incorporating sentiment data, investors can gain 

insights into market mood and make more informed decisions. Moreover, technical indicators 

such as RSI and MACD can be used to automate trading strategies, including trend-following or 

mean-reversion approaches, which are commonly employed in algorithmic trading [10]. 
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For institutional investors and hedge funds, the ability to model stock price movements with 

advanced ML techniques offers the potential for better risk management. By incorporating 

predictive models into their quantitative strategies, funds can diversify risk, optimize asset 

allocations, and achieve higher returns while maintaining a controlled risk exposure. 

Furthermore, real-time predictive models could be used for high-frequency trading, allowing for 

microsecond decisions based on market trends and sentiment. In addition to institutional 

applications, the research has significant potential for empowering retail investors with 

predictive tools that were once accessible only to large financial institutions. Financial 

technology (fintech) platforms could leverage the findings from this study to offer advanced 

predictive models as part of their services. Retail investors could use these models to inform their 

stock picks and trading strategies, democratizing access to high-level market insights. 

By integrating LightGBM into user-friendly trading apps, investors could receive real-time stock 

price forecasts, alerts, and sentiment-driven predictions directly on their smartphones [11]. 

Additionally, these models could be paired with back testing features, allowing users to evaluate 

different strategies and optimize their trading approaches. The goal would be to make machine 

learning and AI-driven insights more accessible to a broader audience, equipping retail investors 

with the tools needed to make more informed financial decisions. 

Conclusion 

This study explored the optimization of stock price prediction using LightGBM and advanced 

feature engineering. By leveraging temporal, technical, and sentiment-based features, the 

proposed approach achieved significant improvements in predictive accuracy and computational 

efficiency. The findings highlight the potential of LightGBM as a robust tool for financial 

forecasting. The research underscores the importance of feature engineering in enhancing model 

performance. Temporal features captured historical dependencies, technical indicators provided 

insights into market trends, and sentiment analysis incorporated the influence of market mood. 

Together, these features enabled the model to account for the multi-faceted nature of stock price 

movements. LightGBM’s efficiency and scalability make it an ideal choice for handling high-

dimensional, noisy financial data. Its ability to model complex interactions between features 

contributed to its superior performance compared to traditional ML models. The study also 



67 
 

highlighted the value of alternative data sources, such as sentiment analysis, in improving 

prediction accuracy. Despite its success, the study has limitations. The reliance on historical data 

and static features may limit the model’s ability to adapt to sudden market changes. Future 

research could explore dynamic feature generation and real-time data integration to address this 

challenge. Additionally, ensemble methods combining LightGBM with other ML models could 

further enhance predictive performance. 
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