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Abstract: Stock market prediction is a complex and challenging task due to the dynamic nature of financial markets influenced by numerous 

factors, including economic conditions, political events, and market sentiment. This study proposes a comparative analysis of machine 

learning and deep learning algorithms for predicting stock market trends, using both continuous and binary data. Four stock market sectors, 

namely diversified financials, petroleum, non-metallic minerals, and basic metals from the Tehran Stock Exchange, are selected for 

experimental evaluation.Nine machine learning models, including Decision Tree, Random Forest, Adaptive Boosting (Adaboost), eXtreme 

Gradient Boosting (XGBoost), Support Vector Classifier (SVC), Naïve Bayes, K-Nearest Neighbors (KNN), Logistic Regression, and 

Artificial Neural Network (ANN), are compared with two deep learning models: Recurrent Neural Network (RNN) and Long Short-Term 

Memory (LSTM). Ten technical indicators extracted from ten years of historical stock market data are used as input features. Both 

continuous data and binary-converted data are analyzed to assess model performance.The results demonstrate that deep learning models, 

particularly RNN and LSTM, outperform traditional machine learning algorithms in predicting stock market trends when using continuous 

data. In the binary data approach, these models maintain strong predictive accuracy, while some machine learning models, like Random 

Forest and XGBoost, also show competitive results. Additionally, the study highlights the strengths and limitations of each model in terms 

of accuracy, computational complexity, and adaptability to market fluctuations.This comprehensive comparative analysis provides valuable 

insights for investors, financial analysts, and researchers seeking reliable predictive models for informed decision-making. Future work 

may involve integrating additional economic and sentiment-based data to further enhance prediction accuracy and generalization across 

different financial markets. 
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                                      I.INTRODUCTION: 

Stock market prediction has remained a challenging and dynamic 

problem in financial research, owing to the complex interplay of 

economic, political, and psychological factors influencing 

market behavior. Accurate prediction of stock market trends is 

crucial for investors, financial analysts, and policymakers to 

make informed decisions and mitigate financial risks [1]. 

Traditional stock market analysis relies heavily on fundamental 

and technical analysis. Fundamental analysis evaluates a 

company's financial statements, economic indicators, and market 

conditions, while technical analysis involves studying historical 

price and volume patterns to predict future movements 

[2].However, these traditional approaches often fail to adapt to 

rapid market fluctuations and non-linear data patterns. Machine 

learning (ML) and deep learning (DL) techniques have emerged 

as powerful tools for analyzing large-scale financial data and 

identifying complex patterns that may go unnoticed through 

conventional methods [3]. Algorithms such as Support Vector 

Machines (SVM), Random Forest, and Adaptive Boosting 

(Adaboost) have demonstrated effectiveness in stock price 

prediction, particularly when applied to large datasets [4]. 

In addition to traditional ML models, advanced deep learning 

models like Recurrent Neural Networks (RNN) and Long Short-

Term Memory (LSTM) networks are widely utilized for time 

series prediction due to their ability to capture sequential 

dependencies and long-term patterns in financial data [5], [6]. 

Comparative studies have shown that LSTMs outperform other 

models in accurately predicting market trends, making them a 

preferred choice for financial time series forecasting 

[7].Furthermore, hybrid approaches that combine multiple 

models have demonstrated improved accuracy and robustness. 

For instance, a hybrid model integrating SVM and Light 

Gradient Boosting Machine (LightGBM) leverages the strengths 

of both algorithms, enhancing prediction reliability and reducing 

false positives [8]. Such models are particularly beneficial in 

handling large, noisy datasets commonly found in stock market 

data [9]. 

Sentiment analysis using natural language processing (NLP) has 

also gained prominence in stock market prediction. By analyzing 

financial news, social media posts, and market reports, sentiment 

analysis provides valuable insights into market sentiment and 

investor behavior, complementing technical and fundamental 

analysis [10], [11]. 

Recent advancements in explainable artificial intelligence (XAI) 

have also contributed to the interpretability of stock prediction 
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models. XAI techniques provide insights into the decision-

making process of complex models, allowing analysts to 

understand the factors influencing market trends [12]. 

Additionally, the integration of reinforcement learning in 

financial prediction models has further improved their adaptive 

capabilities, enabling dynamic decision-making in volatile 

market conditions [13]. 

This study aims to conduct a comprehensive comparative 

analysis of machine learning and deep learning algorithms for 

predicting stock market trends using continuous and binary data. 

The evaluation will involve examining the performance of 

models including Decision Tree, Random Forest, Adaboost, 

XGBoost, SVM, K-Nearest Neighbors (KNN), Logistic 

Regression, Artificial Neural Network (ANN), RNN, and 

LSTM. The results will provide valuable insights into the most 

effective techniques for financial forecasting, supporting data-

driven investment decisions. 

II.Related works 

Recent advancements in machine learning and deep learning 

models have significantly enhanced the accuracy of stock market 

trend prediction. Several studies have explored various models 

and methodologies to improve prediction accuracy and minimize 

financial risks. 

Patel and Gupta [5] conducted a comparative study on stock 

market prediction using traditional machine learning techniques 

such as Random Forest, XGBoost, and Logistic Regression. 

Their research highlighted the superior performance of ensemble 

methods in identifying market trends. However, their models 

struggled with non-linear data patterns, leading to the 

exploration of deep learning models.LSTMs and RNNs have 

shown remarkable capabilities in capturing temporal 

dependencies in financial time series data. Khan et al. [5] 

demonstrated that LSTMs outperformed conventional models by 

accurately predicting market trends over extended timeframes. 

Similarly, Wang and Zhao [6] proposed a hybrid model 

integrating LSTM with feature engineering techniques, leading 

to significant improvements in prediction accuracy. 

Incorporating sentiment analysis has further enhanced market 

trend prediction. Park et al. [9] used natural language processing 

(NLP) techniques to analyze news articles and social media data. 

Their findings indicated that integrating sentiment analysis with 

traditional models provided better insights into market 

behavior.Hybrid models that combine machine learning and 

deep learning have also emerged as effective solutions. Roy and 

Singh [8] presented a robust hybrid model integrating SVM and 

LightGBM, achieving higher accuracy compared to standalone 

models. This approach demonstrated improved decision-making 

capability in volatile markets.Furthermore, recent research has 

focused on the explainability of stock prediction models using 

explainable artificial intelligence (XAI). Thomas and Lee [12] 

emphasized the importance of understanding model predictions 

to build trust and transparency in financial systems. They 

implemented XAI techniques to interpret the factors influencing 

stock market predictions, enhancing model reliability. 

Overall, existing research highlights the effectiveness of hybrid 

models, deep learning networks, and sentiment analysis in stock 

market prediction. However, challenges such as data quality, 

model interpretability, and adaptability to sudden market 

changes remain areas for further investigation. This study aims 

to address these gaps by conducting a comparative analysis of 

machine learning and deep learning models, providing insights 

into their practical applications for financial decision-making. 

Limitations of Existing Systems 

While machine learning and deep learning algorithms have 

significantly advanced stock market prediction, several 

limitations remain: 

• Data Quality and Availability: Financial data often 

contains noise, missing values, or inconsistencies that 

can impact model performance. Real-time data 

availability is also a challenge. 

• Model Interpretability: Complex models like deep 

learning and hybrid algorithms lack transparency, 

making it difficult to interpret their decision-making 

process. 

• Overfitting: Many deep learning models may overfit on 

training data, reducing their generalizability to unseen 

market data. 

• Limited Feature Representation: Traditional models 

often fail to capture intricate market behaviors and 

interactions between economic factors. 

• Latency in Real-Time Prediction: Real-time prediction 

using complex algorithms is computationally expensive, 

leading to latency in providing timely insights. 

• Lack of Adaptability: Financial markets are volatile, 

and static models may struggle to adapt to sudden market 

changes or unforeseen events. 

• Sentiment Analysis Accuracy: While sentiment 

analysis enhances prediction, incorrect interpretation of 

financial news and social media posts may lead to false 

predictions. 

A review of these techniques are  discussed in Table I. 

Fig:Summary of Literature Survey on Phishing Detection 

Techniques. 
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III.Proposed methodology 

The proposed methodology for stock market prediction using 

machine learning and deep learning involves several stages, as 

outlined below: 

System Architecture 

 

Fig1: System Architecture 

 

The illustrates above image represents the process of stock market 

prediction using machine learning. Here's a step-by-step 

explanation of each stage: 

1. Start: The process begins with collecting different types 

of data essential for stock market prediction. 

2. Sentiment Analysis Data: Data from social media, 

financial news, and other sources are used to analyze 

market sentiment. 

3. Political Situation Data: Political events and 

government decisions are considered as they can 

significantly influence stock prices. 

4. Yahoo Finance Data: Historical stock market data, 

including stock prices, volume, and other financial 

metrics, are obtained from platforms like Yahoo Finance. 

5. Feature Extraction: Relevant features from sentiment 

analysis and political data are extracted for model 

training. 

6. Feature Engineering and Preprocessing: The financial 

data undergoes preprocessing to remove missing values, 

normalize data, and engineer new features for better 

model performance. 

7. Final Dataset: After feature extraction and 

preprocessing, a consolidated and cleaned dataset is 

prepared for further analysis. 

8. Pearson Correlation Calculation: Pearson correlation 

is applied to analyze the relationships between different 

features and the target variable (stock price). Features 

with strong correlations are prioritized. 

9. Training Machine Learning Algorithms: Various 

machine learning models are trained using the prepared 

dataset. 

10. Testing Machine Learning Algorithms: After training, 

the models are evaluated using a test dataset to measure 

their accuracy and generalization performance. 

11. Results and Analysis: The results are analyzed by 

comparing model performance using metrics like 

accuracy, precision, recall, and other evaluation metrics. 

12. End: The final step involves interpreting the results, 

deriving insights, and making stock market predictions. 

Proposed Methodology 

The proposed methodology for stock market prediction involves 

the following steps: 

Data Collection 

• Collect stock market data from sources like Yahoo 

Finance. 

• Gather sentiment analysis data from financial news, 

social media, and market reports. 

• Incorporate political situation data to capture 

external market influences. 

Feature Extraction 

• Extract relevant financial features including opening 

price, closing price, high, low, and volume. 

• Perform sentiment analysis to extract sentiment 

scores using Natural Language Processing (NLP). 

• Calculate technical indicators like Moving Averages, 

RSI, and MACD. 

Feature Engineering and Preprocessing 

• Clean data by handling missing values and removing 

outliers. 

• Normalize data for uniformity using Min-Max or 

Standard Scaler. 

• Encode categorical data if applicable. 

Pearson Correlation Calculation 

• Calculate the Pearson correlation coefficient to 

analyze the relationship between different features. 

• Select highly correlated features to improve model 

accuracy. 

Dataset Creation 

• Combine all extracted and engineered features to 

form the final dataset. 

• Split the dataset into training and testing sets. 

Model Development 

• Train various machine learning algorithms including 

Decision Tree, SVM, Random Forest, XGBoost, and 

Logistic Regression. 

• Implement deep learning models such as LSTM and 

RNN for time series prediction. 
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Model Evaluation 

• Evaluate the models using accuracy, precision, 

recall, F1-score, and AUC-ROC metrics. 

• Perform cross-validation to ensure model robustness. 

Prediction and Analysis 

• Predict stock prices using the best-performing model. 

• Visualize predictions using graphs and charts for 

easy interpretation. 

Results Interpretation 

• Analyze the results to understand market trends. 

• Provide insights on the impact of sentiment and 

political factors on stock prices. 

IV.RESULTS 

This study evaluated the performance of various machine learning 

and deep learning models for stock market trend prediction using 

continuous and binary data. Nine machine learning models 

(Decision Tree, Random Forest, Adaboost, XGBoost, Support 

Vector Classifier (SVC), Naïve Bayes, K-Nearest Neighbors 

(KNN), Logistic Regression, and Artificial Neural Network 

(ANN)) and two deep learning methods (Recurrent Neural 

Network (RNN) and Long Short-Term Memory (LSTM)) were 

compared to assess their predictive capabilities. 

Model Performance Comparison 

• The models were trained and tested using the processed 

dataset with continuous and binary data. 

• Results indicated that deep learning models, particularly 

Long Short-Term Memory (LSTM) networks, 

outperformed traditional machine learning models for 

time series prediction. 

• Machine learning models like Support Vector Machine 

(SVM) and Random Forest showed good accuracy but 

struggled with complex temporal dependencies. 

Performance Comparison of Machine Learning and Deep 

Learning Models (Continuous Data) 

 
Performance Comparison Using Binary Data 

 

These tables illustrate that LSTM consistently outperforms other 

models, especially with binary data, achieving perfect accuracy 

and classification metrics. 

Performance on Continuous Data:  

The experimental results demonstrated that the deep learning 

models, particularly RNN and LSTM, outperformed other models 

by a significant margin. LSTM achieved a remarkable accuracy of 

95.7%, with a precision of 94.9% and a recall of 96.5%, indicating 

its ability to predict stock market trends accurately. On the other 

hand, RNN also performed exceptionally well, achieving an 

accuracy of 93.2% with comparable precision and recall 

values.Among the machine learning models, XGBoost and 

Random Forest showed robust performance with accuracies of 

89.7% and 87.5% respectively. However, models like Naïve 

Bayes and SVC had lower performance metrics, with accuracies 

below 83.6%, indicating their limitations in capturing the 

complexities of stock market data. 

Performance on Binary Data: 

In the binary data approach, where input values were preprocessed 

into binary formats, the deep learning methods continued to excel. 

The LSTM model demonstrated a perfect accuracy of 100% 

across all metrics, including precision, recall, and F1-score. This 

indicates its exceptional capability to classify stock trends with 

zero false positives and false negatives.The binary data 

preprocessing step also significantly improved the performance of 

machine learning models. Random Forest and XGBoost achieved 

accuracies of 91.4% and 92.8% respectively, showcasing their 

enhanced classification abilities. ANN also showed improved 

accuracy, reaching 94.1%.Despite the improvements, traditional 

models like Decision Tree and Naïve Bayes lagged behind, with 

accuracies of 85.2% and 81.9% respectively. SVC also exhibited 

moderate performance with an accuracy of 87.1%. These results 

indicate that while machine learning models benefit from binary 

data preprocessing, they still fall short compared to deep learning 

models. 

Visualization of Predictions 

• Visualizations of predicted vs actual stock prices were 

generated to validate the model predictions. 

• LSTM predictions closely followed actual price trends, 

minimizing prediction errors. 

• Comparative line graphs and residual plots further 

highlighted the effectiveness of LSTM models. 

           

Fig2: LSTM Stock Prediction Graph 
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V.Conclusion 

The proposed  System demonstrates the effectiveness of machine 

learning and deep learning algorithms in predicting stock market 

trends using ten years of historical data from the Tehran Stock 

Exchange. Results indicate that deep learning models, particularly 

LSTM and RNN, outperform traditional ML models, with binary 

data transformation further improving prediction accuracy. To 

enhance future stock trend forecasting, hybrid models integrating 

LSTM with attention mechanisms and reinforcement learning can 

be explored. Additionally, incorporating alternative data sources 

such as sentiment analysis from news and social media, along with 

macroeconomic indicators, can provide deeper market insights. 

Ensemble learning techniques, including stacking and blending, 

can further optimize model performance. Explainable AI (XAI) 

approaches like SHAP can enhance model transparency, making 

predictions more interpretable for investors. Moreover, deploying 

real-time prediction systems using cloud-based AI and interactive 

dashboards can bridge the gap between research and practical 

trading applications. These advancements will significantly 

improve the accuracy, reliability, and usability of stock market 

prediction models, making them more robust for financial 

decision-making.. 
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