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Abstract: Stock market prediction has long been a challenging task due to its complex and dynamic 

nature. Investors, traders, and financial analysts seek accurate methods to forecast stock prices and 

make informed decisions. In recent years, machine learning techniques, particularly decision tree-

based methods, have gained prominence for their ability to handle complex data and provide 

interpretable results. This research paper aims to explore the application of decision tree-based 

methods, including traditional decision trees, random forests, and gradient boosting, in stock 

market prediction. We analyze historical stock price data and various relevant features to construct 

predictive models and evaluate their performance. The study also investigates the impact of different 

parameters and feature engineering techniques on model accuracy and robustness. Our findings 

demonstrate the potential of decision tree-based methods as effective tools for stock market 

prediction and highlight their advantages and limitations in this domain.. 

 

Keywords: Stock market prediction, decision tree, random forest, gradient boosting, machine 

learning, feature engineering, financial analysis. 

 

I. INTRODUCTION 

Stock market prediction is a critical area of research in finance, with significant implications for investors, 

traders, and financial institutions. Accurate prediction of stock prices can help stakeholders make informed 

investment decisions, manage risks, and maximize returns. Traditional methods of stock market analysis often 

fall short in capturing the complexity and non-linearity of financial data. Machine learning techniques have 

emerged as promising tools for stock market prediction, offering the ability to model intricate relationships 

within datasets. 

Decision tree-based methods are a subset of machine learning algorithms that have gained attention for their 

simplicity, interpretability, and capability to handle both numerical and categorical data. This paper investigates 

the application of decision tree-based methods, including traditional decision trees, random forests, and gradient 

boosting, in stock market prediction. 

 

II. LITERATURE REVIEW 

2.1 Traditional Stock Market Prediction Methods 

Traditional stock market prediction methods have been used for decades. These methods include: 

 Fundamental Analysis: This approach involves analyzing a company's financial statements, industry 

trends, and economic indicators to determine the intrinsic value of a stock. 

 Technical Analysis: Technical analysts study historical price and volume data to identify patterns and 

trends in stock prices, helping them make short-term trading decisions. 

 Time Series Analysis: Time series analysis uses historical stock price data to forecast future prices 

based on past patterns and trends. 

 

2.2 Machine Learning in Stock Market Prediction: 

Machine learning techniques have gained popularity in stock market prediction due to their ability to handle 

large and complex datasets. Some machine learning models used in this context include: 
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 Regression Models: Linear and nonlinear regression models are used to predict stock prices based on 

historical data and relevant features. 

 Neural Networks: Deep learning models, such as artificial neural networks, have been applied to stock 

market prediction tasks, leveraging their ability to capture complex patterns. 

 Support Vector Machines: SVMs are used to classify stocks into different categories, such as buy, hold, 

or sell, based on historical data and market indicators. 

 Ensemble Methods: Ensemble methods, such as random forests and gradient boosting, combine 

multiple models to improve prediction accuracy. 

 

2.3 Decision Tree-Based Methods: 

Decision tree-based methods have gained prominence in various machine learning applications due to their 

simplicity and interpretability. These methods include: 

 Traditional Decision Trees: Traditional decision trees partition the data into subsets based on feature 

values, creating a tree-like structure of decisions. 

 Random Forests: Random forests are an ensemble method that builds multiple decision trees and 

combines their predictions to improve accuracy and reduce overfitting. 

 Gradient Boosting: Gradient boosting is another ensemble method that sequentially builds decision 

trees, with each tree aiming to correct the errors of the previous ones. 

 

2.4 Algorithm 

G. J. Sawale and M. K. Rawat [45], Just as billions of dollars are exchanged every day, every dollar transacted 

in the market is the result of speculation. Every day, market behaviour impacts the future of entire enterprises. 

Since the Stock Market has existed, financial experts have tried to predict it. The sentiment analysis-based ML 

method is now being used and tested in the financial markets. Having the capacity to accurately predict trend 

changes is a seductive promise of wealth and influence for a financial expert. When things become out of 

control, stock market issues and the challenges they raise easily make their way to the open creative mind.  

G. Ranibaran, M. -S. Moin, S. H. Alizadeh and A. Koochari [46], The stock market and its tendencies are erratic 

in the world of finance. Accurate forecasting is essential for trading strategy in the dynamic, complicated, 

nonlinear, and non-parametric stock market. Researchers were drawn to this necessity in order to track changes 

and anticipate the next step. It is believed that news stories have an impact on the stock market.  

A.R. Fonseca et al [47]., The multiple elements that affect stock price changes are frequently challenging to 

identify and model. Analyzing price trends and using the information at hand to assess investments and spot 

trading opportunities can be fruitful. Financial data, on the other hand, are non-stationary, meaning that their 

statistical features are constantly changing. As a result, the financial market presents a difficult setting in which 

to apply machine learning techniques because these methods can only produce accurate predictions for data that 

is consistent with what they have already observed. In this study, Support Vector Machines (SVM), a machine 

learning technology, are used to evaluate whether they can be used as a tool to assist stock market traders in 

making decisions. SVM combines some input signals and produces buy/sell recommendations for a given 

securities as outputs based on a set of technical indicators and past price changes. Several Brazilian stock time-

series from the Brazilian (B3) and American (NYSE) stock exchanges are included in the collection. These 

time-series represent varied market dynamics and come from different economic sectors.  

B. Panwar, G. Dhuriya, P. Johri, S. Singh Yadav and N. Gaur [48], Since its inception, the stock market has 

demonstrated the effects of both high and low prices. It is the pinnacle of all financial activity and trade. When 

the Dow Jones Industrial Average dropped 777.68% in 2008, the stock market meltdown revealed to the world 

that business had reached its lowest point. These stock prices can be forecasted using a number of machine 

learning techniques, and these algorithms may be applied using the supervised learning method. We have test 

data for supervised learning, and we train the models using this data. Despite the possibility that the outcomes 

from training the model may be different from the actual, it has been noted that accuracy is frequently 

acceptable.  

S. Vazirani, A. Sharma and P. Sharma [49], The stock market data analysis has received interest as a result of 

technological advancements and the investigation of new machine learning models, as these models give traders 

and businesspeople a platform to select more lucrative stocks. Given the size and complexity of these data, a 

more effective machine learning model is constantly being considered for daily forecasts.  
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L. K. Shrivastav and R. Kumar [50], When it comes to time series forecasting, the Autoregressive Integrated 

Moving Average (ARIMA) model is the most widely used and accepted model. Even yet, there are certain 

specific parametric restrictions on this model's ability to capture nonlinear patterns in the context of stock 

market prediction. These issues are easily resolved using support vector machines (SVM), a cutting-edge neural 

network approach that is included in the ARIMA model.  

J. Park, K. Ma and H. Leung [51], For stock prediction and sentiment analysis, a nonlinear Granger causality 

method based on support vector machines (SVM) is suggested. Our prediction method incorporates a nonlinear 

relationship between Twitter sentiment and stock that has been demonstrated to have greater statistical relevance 

at particular lags.  

I.Kumar, K. Dogra, C. Utreja and P. Yadav [52], The impact of numerous factors on stock prices makes stock 

prediction a challenging and extremely complex task. To get over these issues, machine learning techniques 

have been used in this work to anticipate stock prices. Five models have been created for the work that has been 

done, and their abilities to forecast stock market patterns are compared. Y. Yujun, Y. Yimei and L. Jianping 

[53], A machine learning technique called the support vector machine (SVM) was created using statistical 

learning theory. The SVM is frequently used in prediction and classification. The complexity of the financial 

time series makes it less accurate to use conventional forecasting techniques. In this essay, we investigate 

support vector machine-based financial time series forecasting. Although the prediction process moves slowly, it 

can increase the financial time series' prediction accuracy. The experimental outcomes demonstrate the 

predictability of this support vector machine-based strategy. 

K. N. Devi, V. M. Bhaskaran and G. P. Kumar [54], Today's stock market is one of India's primary sources of 

funding and serves as a major accelerator of the nation's economic expansion. Forecasting the stock market is an 

extremely challenging and complex endeavour since it depends on a variety of variables, including political 

events, investor emotion, and economic conditions. The stock market series are typically chaotic, noisy, 

nonparametric, dynamic series. Support Vector Machine (SVM) has gained popularity and outperformed 

Artificial Neural Network (ANN), despite the fact that various soft computing techniques have been employed 

extensively. SVM is innovative and excels in many applications, however the difficulties in selecting 

appropriate SVM parameters (C,, and ) limit its applicability. The Cuckoo Search (CS) optimization technique is 

based on swarm intelligence, and it is relatively easy to adjust the SVM's parameters. When compared to ANN 

and SVM in the prediction of stock price movement, the suggested hybrid CS-SVM technique has been shown 

to be able to produce better results. 

D. Wang, X. Liu and M. Wang [55], proposes a way for predicting the price patterns of stock futures, which is 

crucial for making investing decisions. This method uses a hybrid approach. Our approach entails two primary 

steps: I. Raw Data Treatment and Features Extraction, and II. DT-SVM Hybrid Model Training, in order to 

handle enormous amounts of futures data. For our investigation in this paper, we use actual transaction data 

from stock futures contracts. The information is initially kept in a distributed database. precision rate, best 

average recall rate, and best average F-One rate by 5%, 19%, and 12%, respectively. 

L. Liu, Y. Shao and X. Hui [56], Contagion In financial crises, time prediction is a hot research area. This article 

proposed a fuzzy information granularity SVM-based prediction model for contagion time. Granularity fuzzy 

and SVM are used to anticipate the similarity index and estimate the stock index's boundaries.  

Y. Lin, H. Guo and J. Hu [57], For the purpose of predicting stock market trends, an SVM-based method is 

suggested. The two components of the suggested method are the prediction model and feature selection. A 

correlation-based SVM filter is used in the feature selection phase to rank and choose a high-quality subset of 

financial indices. Additionally, the ranking is used to evaluate the stock indicators.  

 

III. METHODOLOGY 

3.1 Data Collection and Preprocessing: 

To conduct our analysis, we collected historical stock price data from various sources. This data includes daily 

or intraday price information for a selected set of stocks. Additionally, we collected relevant features such as 

trading volume, economic indicators, and news sentiment scores. Data preprocessing steps included cleaning 

missing values, normalizing data, and feature engineering to create meaningful predictors for our models. 

3.2 Model Construction: 

We constructed three types of models based on decision tree-based methods: 

 Traditional Decision Tree Model: We built a traditional decision tree to directly predict stock prices 

based on historical data and engineered features. 
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 Random Forest Model: A random forest model was constructed by training an ensemble of decision 

trees on the same data. This model provides improved prediction accuracy and robustness. 

 Gradient Boosting Model: The gradient boosting model was implemented to sequentially build 

decision trees, with each tree focused on minimizing the errors made by the previous ones. This often 

leads to enhanced prediction performance. 

 

3.3 Model Evaluation: 

To evaluate the performance of our models, we used various metrics commonly employed in stock market 

prediction tasks. These metrics include: 

 Mean Absolute Error (MAE): MAE measures the average absolute difference between predicted and 

actual stock prices. 

 Root Mean Squared Error (RMSE): RMSE penalizes larger prediction errors more heavily and 

provides a measure of the model's accuracy. 

 Cross-validation Techniques: We employed cross-validation techniques to ensure that our models 

generalize well to unseen data. This involved splitting the dataset into training and testing sets multiple 

times to assess the models' stability. 

 Feature Importance Analysis: We conducted feature importance analysis to identify which features had 

the most significant impact on the prediction outcomes. This information is valuable for feature 

selection and understanding the driving factors behind stock price movements. 

 

IV. RESULTS AND DISCUSSION 

4.1 Performance Comparison: 

We compared the performance of our decision tree-based models with traditional stock market prediction 

methods, including fundamental analysis, technical analysis, and time series analysis. Our decision tree-based 

models consistently outperformed traditional methods, demonstrating the predictive power of these machine 

learning approaches. 

 

4.2 Impact of Feature Engineering: 

Feature engineering played a crucial role in improving the predictive accuracy of our models. By selecting 

relevant features and transforming them appropriately, we were able to capture essential information for stock 

price prediction. Different feature engineering techniques were explored, and their impact on model 

performance was analyzed. 

 

4.3 Model Robustness: 

To ensure the robustness of our models, we conducted sensitivity analysis by varying hyperparameters and 

feature sets. This analysis helped identify potential sources of model instability and guided us in selecting the 

most suitable parameter configurations. Overfitting mitigation strategies, such as early stopping and 

regularization, were also applied to enhance model robustness. 
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Figure: Confusion Matrix for Random Forest 

 
Table: Result Parameters for Random Forest 

 
Figure: Classification Report of Logistic Regression 
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Figure: Classification Report of Decision Tree 

 
Figure: Classification Report of Random Forest 

 
Figure: Comparison between algorithms. 
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V. CONCLUSION 

In conclusion, this research paper investigates the application of decision tree-based methods, including 

traditional decision trees, random forests, and gradient boosting, for stock market prediction. Our findings 

demonstrate the effectiveness of these methods in capturing complex patterns in financial data and providing 

interpretable results. We also highlight the impact of feature engineering and parameter tuning on model 

performance and robustness. 

The results indicate that decision tree-based methods offer significant advantages over traditional stock market 

prediction techniques. They provide accurate forecasts while maintaining interpretability, making them valuable 

tools for financial analysts and investors. Future research may explore additional enhancements and extensions 

to further improve predictive accuracy in this domain. 
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