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ABSTRACT— With the continuing active research on deep 

learning, research on stock price prediction using deep learning has 

been actively conducted in the financial industry. This paper 

proposes a method for predicting stock price movement using stock 

and news data. The stock market is affected by many variables; thus, 

market volatility should be considered for predicting stock price 

movement. Because stock markets are efficient, all kinds of 

information are quickly reflected in stock prices. We create a new 

fusion mix by combining price and text data features and propose a 

hybrid information mixing module designed using two map blocks 

for effective interaction between the two features. We extract the 

multimodal interaction between the time-series features of the price 

data and the semantic features of the text data. In this paper, a 

multilayer perceptron-based model, the hybrid information mixing 

module, is applied to the stock price movement prediction to 

conduct a price fluctuation prediction experiment in a stock market 

with high volatility. In addition, the accuracy, Matthews correlation 

coefficient (MCC) and F1 score for the stock price movement 

prediction were used to verify the performance of the hybrid 

information mixing module. 

How to Cite this Article: 
 

Divya, C., Teja, G. C., Kumar, M. V. & Yasin, S. 

(2026). Hybrid Information Mixing Module for 
Stock Movement Prediction. International Journal 

of Creative and Open Research in Engineering 

and Management, <i>02</i>(04). 
https://doi.org/10.55041/ijcope.v2i4.395 

 

License:  

 

This article is published under the terms of the 

Creative Commons Attribution 4.0 International 
License (CC BY 4.0), which permits unrestricted 

use, distribution, and reproduction in any 

medium, provided the original author(s) and the 
source are credited. 

 

© The Author(s). Published by International 
Journal of Creative and Open Research in 

Engineering and Management. 

 

    
 

    https://doi.org/10.55041/ijcope.v2i4.395 

 

https://ijcope.org/
mailto:nurjasd@gmail.com
mailto:vijaymukka21@gmail.com
mailto:chanagalladivya2005@gmail.com
mailto:chanagalladivya2005@gmail.com
mailto:bairynikitha2003@gmail.com
mailto:ganjicharanteja09@gmail.com


International Journal of Creative and Open Research in Engineering and Management 

ISSN: 3108-1754 (Online) 

Volume 02 Issue 04 April-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/ 2 

 

 

 

INTRODUCTION 

Stock market prediction is a challenging task due to 

the highly dynamic and volatile nature of financial 

markets, where prices are influenced by multiple 

factors such as historical trends, company 

performance, global events, and public sentiment. 

Traditional methods that rely only on past price data 

often fail to capture these complex relationships, 

resulting in lower accuracy. To overcome this 

limitation, this project proposes a hybrid deep 

learning approach that combines stock price data with 

textual data such as tweets. Time-series models like 

LSTM and GRU are used to analyze historical price 

patterns, while BERT is used to extract sentiment 

features from text data. These features are integrated 

using a Hybrid Information Mixing Module based on 

a Multilayer Perceptron (MLP), enabling better 

interaction between numerical and textual 

information. The system predicts whether stock 

prices will increase or decrease, aiming to improve 

accuracy and support better decision-making for 

investors and analysts. 

I. PROBLEM DEFINITION 

Predicting stock price movements is a challenging 

task due to the complex, volatile, and dynamic nature 

of financial markets, where prices are influenced by 

both historical numerical data and qualitative 

information such as news. Traditional models that 

rely solely on price data or textual information fail to 

capture the interaction between these heterogeneous 

sources, limiting their predictive accuracy. Rapid 

market reactions to new information further 

complicate forecasting, especially in highly volatile 

conditions. Therefore, there is a need for a robust 

framework that can effectively fuse time-series price 

features with semantic news features, model their 

multimodal interactions, and provide accurate and 

reliable stock price movement predictions, enhancing 

decision-making for investors. 

1.2 PROJECT FEATURES 

Several studies have explored the use of deep learning 

techniques for stock market prediction by integrating 

multiple data sources such as historical stock prices 

and social media data. Data preprocessing methods, 

including handling missing values and applying 

normalization techniques like Min-Max scaling, are 

commonly used to improve data quality and model 

performance. Advanced natural language processing 

models such as BERT are widely adopted for 

extracting meaningful semantic features from textual 

data like tweets, enabling better understanding of 

public sentiment and its impact on market trends. For 

analyzing time-series data, models such as LSTM and 

GRU are extensively used due to their ability to 

capture temporal dependencies and patterns in stock 

price movements. Hybrid approaches that combine 

numerical and textual features using models like 

Multilayer Perceptrons (MLP) have shown improved 

prediction accuracy compared to single-model 

techniques. These systems typically perform binary 

classification to predict stock movement (increase or 

decrease) and are evaluated using performance metrics 

such as accuracy, precision, recall, and F1-score. 

Visualization techniques, including graphs and 

confusion matrices, are often used to analyze and 

compare model performance. Additionally, many 

systems provide user-friendly interfaces for data input, 

model training, and result analysis, along with support 

for batch processing to handle large datasets efficiently. 

Despite these advancements, challenges such as data 

noise, model complexity, and generalization remain, 

highlighting the need for more robust and efficient 

hybrid models. 

II. METHODOLOGY 

The proposed system follows a structured methodology 

to predict stock price movements by integrating both 

numerical stock data and textual sentiment data. The 

overall workflow consists of data collection, 

preprocessing, feature extraction, model development, 

training, and evaluation. 

2.1 Data Collection 

The system utilizes two primary data sources: 

•Stock Price Data: Historical stock prices (open, high, 

low, close values) collected from financial datasets.  

•Textual Data: Social media data such as tweets 

related to stock market trends and companies.  

These datasets are used to capture both quantitative 

market behavior and qualitative public sentiment. 

2.2 Data Preprocessing 

Data preprocessing is performed to improve data 

quality and model performance: 

•Missing values are handled by replacing them with 

appropriate values (e.g., zeros).  

•Stock data is normalized using Min-Max scaling to 

bring all features into a common range.  

•Tweets are cleaned by removing noise such as special 

characters and irrelevant content.  

•The dataset is shuffled and split into training (80%) 

and testing (20%) sets.  

2.3 Feature Extraction 

Feature extraction is carried out separately for both data 

types: 

•Text Features: A pre-trained BERT (Bidirectional 

Encoder Representations from Transformers) model is 

used to convert tweets into numerical embeddings that 

represent semantic meaning.  

•Time-Series Features: Stock price data is processed 

using deep learning models like LSTM (Long Short-

Term Memory) and GRU (Gated Recurrent Unit) to 

capture temporal dependencies and trends.  

2.4 Feature Fusion 

The extracted features from stock data and tweet 
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embeddings are combined to form a unified feature 

set. This fusion enables the model to learn 

relationships between market trends and public 

sentiment. 

2.5 Model Development 

Three models are developed and compared: 

1.LSTM Model – Uses combined features to predict 

stock movement.  

2.Hybrid Model (LSTM + GRU) – Integrates both 

LSTM and GRU layers to enhance learning 

capability.  

3.Extended Hybrid Model (LSTM + GRU + 

Bidirectional) – Incorporates bidirectional learning 

for better feature optimization.  

All models are implemented using deep learning 

frameworks such as TensorFlow and Keras. 

2.6 Training and Testing 

•Models are trained using the training dataset with 

multiple epochs and batch processing.  

•Dropout layers are used to reduce overfitting.  

•Model weights are saved and reused to optimize 

training time.  

2.7 Performance Evaluation 

The performance of the models is evaluated using 

standard metrics: 

•Accuracy  

•Precision  

•Recall  

•F1-Score  

•Confusion Matrix  

These metrics help in assessing the effectiveness of 

the system in predicting whether stock prices will 

increase or decrease. 

2.8 Prediction 

The final trained model is used to predict stock price 

movement for new input data. The system outputs a 

binary result indicating whether the stock price will 

go up or down. 

 

III. PROPOSED SYSTEM 

 

The proposed system aims to improve stock market 

prediction by using a hybrid deep learning approach 

that overcomes the limitations of existing methods. It 

integrates multiple data sources, including historical 

stock price data and social media data such as tweets, 

to provide a more comprehensive understanding of 

market behavior. The system uses advanced 

techniques like BERT for sentiment analysis to 

extract meaningful information from textual data and 

understand public opinion. At the same time, LSTM 

and GRU models are applied to analyze time-series 

stock data and capture patterns and long-term 

dependencies effectively 

4.IMPLEMENTATION DETAILS 

 

The implementation phase focuses on developing the 

proposed system using appropriate tools, technologies, 

and deep learning models. This section describes the 

practical execution of the system, including 

environment setup, data handling, model building, and 

prediction process. 

4.1 ALGORITHMS USED 

4.1.1 Long Short-Term Memory (LSTM)  

Long Short-Term Memory (LSTM) is a type of 
Recurrent Neural Network (RNN) designed to 
handle sequential data and long-term 
dependencies. It is widely used in time-series 
forecasting because it can effectively capture 
patterns over long periods. LSTM overcomes the 
vanishing gradient problem, which is common in 
traditional RNNs, making it suitable for learning 
complex temporal relationships. In this project, 
LSTM is used to analyze historical stock price data 
and identify trends over time, which helps in 
predicting future stock movements accurately.  

4.1.2 Gated Recurrent Unit (GRU) 
Gated Recurrent Unit (GRU) is a simplified version of 

LSTM that uses fewer parameters while maintaining 

similar performance. It is computationally efficient and 

faster to train compared to LSTM, making it suitable 

for large datasets. GRU effectively captures short-term 

dependencies in sequential data and reduces model 

complexity. In this project, GRU is used alongside 

LSTM to improve efficiency and enhance the model’s 

ability to learn temporal features from stock price data. 

4.1. Bidirectional Recurrent Neural Network 

(Bi-GRU / Bi-LSTM)  

Bidirectional Recurrent Neural Networks process data in 

both forward and backward directions, allowing the 

model to capture information from past as well as future 

contexts. This improves sequence understanding and 

enhances prediction accuracy. By analyzing the data in 

two directions, the model gains a deeper understanding 

of temporal relationships. In this project, a Bidirectional 

GRU is used in the extended model to improve feature 

learning and provide better prediction results. 

 

4.1.4 BERT (Bidirectional Encoder Representations 

from Transformers) 

BERT is a transformer-based model used for Natural 

Language Processing tasks. It is pre-trained on large 

text datasets and is capable of understanding the 

context of words in both forward and backward 

directions. BERT generates high-quality embeddings 

that capture the semantic meaning of text. In this 

project, BERT is used to extract meaningful features 

from tweets, enabling the system to understand public 

sentiment and its impact on stock market movements. 
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4.1.5 Multilayer Perceptron (MLP) 

 

Multilayer Perceptron (MLP) is a fully connected neural 

network used for classification tasks. It is capable of 

learning complex patterns and nonlinear relationships 

between input features. MLP combines multiple 

features and processes them through hidden layers to 

produce accurate predictions. In this project, MLP is 

used as part of the hybrid information mixing module to 

combine features from stock price data and tweet 

embeddings, resulting in improved prediction 

performance. 

 

RESULTS AND DISCUSSION 

 

The results show that the hybrid deep learning 

approach improves stock price prediction accuracy. 

The LSTM model achieved about 79% accuracy, 

while the Hybrid (LSTM + GRU) model improved it 

to around 83%. The Extended Hybrid Model (LSTM 

+ GRU + Bidirectional) performed best with 

approximately 85% accuracy. Evaluation metrics like 

precision, recall, and F1-score also improved across 

models. Overall, combining stock data with tweet 

sentiment using hybrid models provides more 

accurate and reliable predictions. 

Jupiter NoteBook Main Execution: 

Jupyter Notebook Main Execution Screen of the deep 

learning-based image augmentation approach in 

agricultural applications. 

 

 Fig. 1. Final Output Page 

 

 

 

VI. CONCLUSION 

In conclusion, the project has successfully achieved 

its objectives by developing an efficient and 

intelligent system for detecting and classifying 

inappropriate content in YouTube videos using 

advanced deep learning techniques. The use of 

models such as EfficientNet-B7, BiLSTM, and 

attention mechanisms has improved the accuracy and 

reliability of the system, providing effective results in 

content classification. The implementation was 

carefully planned and executed, leading to valuable 

insights and better performance compared to 

traditional methods. In the future, the system can be 

further enhanced by integrating more advanced 

models, expanding datasets, and improving real-time 

processing capabilities. These improvements will 

increase scalability, accuracy, and efficiency, 

ensuring that the system remains relevant and 

contributes to creating a safer online environment. 

 

VII. FUTURE SCOPE 

The future scope of this project includes enhancing 

the model by integrating more advanced deep 

learning techniques such as transformer-based 

architectures and attention mechanisms to further 

improve prediction accuracy. The system can be 

extended by incorporating additional data sources 

like financial news, economic indicators, and global 

market trends for better analysis. Real-time stock 

prediction can be implemented to provide instant 

insights for users. The model can also be deployed on 

cloud platforms to improve scalability and handle 

large datasets efficiently. Furthermore, improving the 

user interface and adding mobile or web-based 

applications can make the system more accessible and 

user-friendly. Continuous learning using updated data 

and user feedback can also help in making the system 

more robust and adaptive to changing market 

conditions. 
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