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Abstract - Accurate stock price prediction is a 

significant challenge in financial markets due to 

their inherent volatility and complexity, which are 

influenced by various factors such as economic 

indicators, market sentiment, and geopolitical 

events. This paper proposes a  

novel approach to stock price prediction by 

integrating Long Short-Term Memory (LSTM) 

networks with Convolutional Neural Networks 

(CNN), aiming to improve prediction accuracy 

beyond traditional methods.  

We leverage a comprehensive dataset comprising 

historical stock prices and various technical 

indicators, including Moving Averages (MA), 

Relative Strength Index (RSI), and Bollinger Bands, 

to capture both historical trends and market signals. 

The data preprocessing phase involved handling 

missing values, normalizing data, and creating 

lagged features that reflect previous stock price 

movements, which are crucial for time series 

forecasting.  

The proposed architecture begins with an LSTM 

layer to effectively model the temporal 

dependencies within the sequential data, allowing 

the model to remember long-term trends. This is 

followed by several convolutional layers that extract 

spatial features from the input time series, enhancing 

the model’s ability to recognize patterns and 

fluctuations in stock prices. The hybrid LSTM-CNN 

model is trained using a robust backpropagation 

algorithm, ensuring convergence and optimal 

performance. Extensive experiments are conducted 

on diverse stock market datasets, demonstrating the 

model's superior predictive power compared to 

standalone LSTM and CNN models, as well as 

traditional statistical  

 

methods. Performance metrics such as Mean 

Absolute Error (MAE) and Root Mean Squared 

Error (RMSE) are used to evaluate the model's 

accuracy, highlighting its potential  in  real-world  

applications.  The integration of LSTM and CNN 

not only captures the temporal and spatial dynamics 

but also mitigates the risk of overfitting, leading to 

more reliable stock price predictions. Our findings 

suggest that this innovative approach can 

significantly aid investors and financial analysts in 

making informed decisions.  

  

1. Introduction  

  

Accurate stock price prediction plays a pivotal 

role in the financial industry, influencing 

investment strategies and risk management 

practices. As market dynamics continue to 

evolve, there is an increasing demand for 

advanced methodologies that can provide 

reliable forecasts of stock movements. 

Traditional statistical models, while useful, 

often fall short in capturing the intricate 

patterns and nonlinear relationships present in 

financial time series data. In light of this, the 

application of machine learning techniques has 

garnered significant interest due to their ability 

to analyze vast amounts of historical data and 

identify complex correlations.  

  

This research proposes a hybrid model that 

integrates Long Short-Term Memory (LSTM) 

networks with Convolutional Neural Networks 

(CNN) to enhance the accuracy of stock price 

forecasting. LSTM networks are a type of 

recurrent neural network (RNN) specifically 

designed to handle sequential data, making 

them well-suited for time series analysis. They 
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can learn and remember long-term 

dependencies, enabling them to capture trends 

and patterns in stock prices over time. This 

capability is crucial for financial data, where 

past prices can significantly influence future 

movements.  

  

On the other hand, CNNs are renowned for their 

proficiency in feature extraction, particularly in 

image and spatial data. In the context of time 

series forecasting, CNNs can be employed to 

identify local patterns in the data, such as support 

and resistance levels, that might indicate future 

price movements. By applying convolutional 

layers to the input data, the model can 

automatically extract relevant features without 

the need for extensive manual feature engineering.  

  

The integration of LSTM and CNN in a single 

architecture allows the model to leverage the 

strengths of both approaches. The LSTM 

component captures the temporal dependencies of 

stock prices, while the CNN component extracts 

meaningful features from the input data, leading to 

a more comprehensive understanding of the factors 

driving price changes. This hybrid  

approach aims to enhance predictive performance 

compared to traditional machine learning methods, 

which often rely on linear assumptions and may not 

account for the complexities of financial data.  

  

The primary objective of this study is to evaluate the 

performance of the LSTM-CNN hybrid model in 

predicting stock prices. We will benchmark its 

performance against several traditional machine 

learning algorithms, such as linear regression, 

decision trees, and support vector machines. Our 

experiments will utilize a dataset comprising 

historical stock prices and various technical 

indicators, allowing for a robust analysis of the 

model's predictive capabilities.  

  

The findings of this research will contribute valuable 

insights into the application of deep learning 

techniques in financial forecasting. By 

demonstrating the effectiveness of the LSTM- CNN 

hybrid model, we aim to provide investors and 

financial analysts with a more accurate tool for 

making informed decisions in an increasingly 

complex market landscape.  

.  

patterns present in historical stock price data. As a 

result, these methods may lead to inaccurate 

predictions, adversely affecting investment 

strategies and decision-making processes.  

  

In particular, the shortcomings of conventional 

time series models become evident when faced 

with the dynamic nature of stock prices, which 

can fluctuate dramatically due to unforeseen 

events or shifts in market sentiment. Moreover, 

many existing models rely on linear 

assumptions and limited feature sets, failing to 

account for the multifaceted nature of financial 

data. Consequently, there is an urgent need for 

innovative approaches that can more effectively 

model the complexities of stock price 

movements.  

  

3. Methodology A. Data Collection  

Historical stock data for Apple Inc. (AAPL) 

from January 2020 to December 2023 was 

obtained from Yahoo Finance. The dataset 

included daily closing prices, which were pre- 

processed to handle missing values and 

normalized using Min-Max scaling. To ensure 

data reliability, any outliers or anomalies were 

carefully addressed using statistical methods.  

B. Feature Engineering  

Key features such as moving averages, RSI, 

MACD, and Bollinger Bands were derived. 

These features were chosen for their relevance 

in identifying market trends and patterns. A 60- 

day look-back period was used to create input 

sequences, ensuring a robust temporal context. 

Additionally, lagged features were included to 

capture dependencies between historical and 

current data.  

2. PROBLEM STATEMENT  

  

The financial markets are characterized by 

their inherent volatility, influenced by a 

multitude of factors such as economic 

indicators, market sentiment, and 

geopolitical events. This complexity presents 

significant challenges in accurately 

predicting stock prices. Traditional 

forecasting methods, including statistical  

C. Model Architecture  

1. CNN Component: Extracts local patterns 

and short-term trends from input sequences. 

The CNN layer consists of 2 convolutional 

layers with ReLU activation functions and 

MaxPooling for dimensionality reduction.  

2. LSTM Component: Captures long-term 

dependencies, analyzing sequential data 

effectively. Two LSTM layers were 
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implemented with 50 units each and dropout 

layers to prevent overfitting.  

3. Dense Layers: Combines features and 

outputs the predicted stock price. The final 

dense layer uses a linear activation function.  

D. Training and Evaluation  

• Training Split: 80% training, 20% 

testing.  

• Optimizer: Adam, with an initial 

learning rate of 0.001.  

• Loss Function: Mean Squared Error 

(MSE).  

• Evaluation Metrics: RMSE, Mean 

Absolute Error (MAE), and R². These 

metrics were chosen for their ability to 

provide both absolute and relative 

error measurements.  

E. Tools and Technologies  

Python libraries such as TensorFlow, Keras, 

Pandas, and Matplotlib were used for model 

development, training, and visualization. The 

training process was performed on a GPU to 

reduce computation time.  

Dependencies inherent in stock price 

movements. Following the LSTM layer, we 

integrate one or more convolutional layers 

that serve to extract spatial features from the 

output of the LSTM. In this stage, we apply 

activation functions, such as ReLU, and may 

include pooling layers, like MaxPooling, to 

reduce dimensionality and enhance feature 

extraction.  

  

 

  

Related Work  

Traditional Stock Price Prediction Methods  

Fundamental analysis evaluates a stock’s 

intrinsic value and predicts its price trend 

by analyzing the company’s financial 

condition, performance, and industry 

prospects. This approach is grounded in 

value investing theory, positing that stock 

prices eventually reflect the true worth of 

a company.  

However, fundamental analysis has 

limitations. Firstly, obtaining accurate 

and comprehensive financial 

information is challenging, and the 

information may not be timely. 

Secondly, valuing a  

company involves many complex 

factors and assumptions, introducing 

subjectivity and uncertainty.  

Additionally, changes in the 

macroeconomic environment and 

industry competition are difficult to 

predict accurately, potentially impacting 

the company’s performance 

unexpectedly.  

Technical analysis focuses on studying 

historical stock price and volume data 

through charts and various technical 

indicators to identify patterns and 

trends, thereby predicting future prices.  

Common tools include moving averages, the 

relative strength index (RSI), and Bollinger 

Bands The rationale behind technical analysis 

is the assumption that market behavior 

encompasses all known information, 

implying that stock price movements already 

reflect all available information.  

Nonetheless, its limitations are evident. 

Technical analysis heavily relies on the 

repetition of historical data patterns, yet 

markets are dynamic, and past patterns 

may not recur. Furthermore, technical 

indicators tend to lag, often generating 

misleading signals. Moreover, technical 

analysis is insensitive to market 

disruptions and significant changes in 

fundamentals.  

  

Application of Machine Learning in Stock 

Forecasting  

Decision tree algorithms construct a 

tree-like structure to make decisions 

based on different feature values, 

classifying or regressing stock prices. In 

stock forecasting, decision trees can 

determine whether stock prices will rise 

or fall based on multiple features in 

historical data. advantageous for their 

interpretability, but they are prone to 
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overfitting and have limited predictive 

power for complex stock market data 

with a single decision tree model.  

SVM finds an optimal hyperplane to classify or 

regress data [3]. In stock forecasting, it maps 

stock data to high-dimensional space and 

identifies the optimal classification boundary to 

predict price movements. SVM excels in 

handling small sample sizes and high-

dimensional data, but it is computationally 

intensive and sensitive to kernel function 

selection.  

However, the effectiveness of these machine 

learning algorithms in stock forecasting is 

constrained by various factors. The nonlinearity 

and nonstationarity of stock markets limit the 

expressive power of linear models, and market 

noise and outliers can interfere with model 

learning and prediction.  

  

Result Analysis  

The dataset for this project was sourced from 

Yahoo Finance using the yfinance library and 

includes daily closing prices of Apple Inc. 

(AAPL) stock from January 1, 2020, to 

December 31, 2023. It contains around 1008 

records with two columns: date and closing price. 

Preprocessing involved handling missing values 

using forward-fill or backward-fill methods, 

normalizing the closing prices with Min-Max 

scaling, and splitting the data into 80% for 

training (January 2020–December 2022) and 20% 

for testing (January 2023–December 2023). This 

clean dataset provided a solid foundation for 

accurate analysis and stock price prediction.  

  

 

  

Result Table  

This table contains the evaluation metrics for 

your prediction model:  

  

  
  

  

  

Conclusion  

The model successfully predicted stock 

prices with notable accuracy, achieving an 

R² value of 0.949, which reflects its ability 

to explain approximately 94.9% of the 

variance in stock prices. Key error metrics, 

including MSE (38.702), MAE (5.085), 

and RMSE (6.221), indicate that the 

predictions were close to the actual values, 

with minor deviations. These deviations 

were primarily observed during periods of 

high market volatility or unexpected 

external factors, such as major news 

events, which the model could not fully 

account for. The results align closely with 

the expected outcomes, validating the 

effectiveness of the model for trend 

prediction. However, slight deviations 

highlight areas where the model can be  

improved,  particularly  in  handling  complex  

  

  

  

market dynamics and sudden shifts in 

stock prices. Despite these challenges, the 

solution demonstrates a solid foundation 

for stock price forecasting and serves as a 

robust tool for analyzing historical and 

future trends in the financial domain. The 

insights gained from this project 

underscore the importance of using clean, 

high-quality data and a well-structured 

machine learning approach. This model 

lays the groundwork for further 

improvements and practical applications 

in real-world financial forecasting 

systems.  
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