
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Conference - Volume 10 RACCES -2026                          SJIF Rating: 8.659                              ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | www.ijsrem.com                                     DOI: IJSREM.RACCES012                                                  |        Page 1 
 

AI BASED STOCK PRICE TREND PREDICTION 

Devi Priya.N1, Dharani.J2, Jensi Merlina.A3, Shajitha.N4, Renukha.M5 

1,2,3,4UG Student., Artificial Intelligence & Data Science, Bharathiyar Institute of Engineering for Women 

(Autonomous), Salem, Tamilnadu, India 
5Assistance Professor, Artificial Intelligence & Data Science, BharathiyarInstitute of Engineering for Women 

(Autonomous), Salem, Tamilnadu, India 

 

---------------------------------------------------------------------***--------------------------------------------------------------

Abstract -Stock market prediction has long been 

considered a challenging problem due to the highly 

dynamic and uncertain nature of financial markets. Stock 

prices are affected by several internal and external factors 

such as economic conditions, company performance, 

geopolitical events, and investor sentiment. Traditional 

statistical approaches often fail to capture the complex 

nonlinear relationships present in financial time-series 

data. With the rapid development of Artificial Intelligence 

and Machine Learning techniques, new opportunities have 

emerged to improve the accuracy of stock market 

forecasting. 

 

This research proposes an intelligent stock price trend 

prediction system that utilizes a Long Short-Term 

Memory (LSTM) neural network combined with technical 

analysis indicators. Historical stock market data is 

collected and preprocessed to remove inconsistencies and 

normalize the values for model training. Several technical 

indicators including Simple Moving Average (SMA), 

Exponential Moving Average (EMA), Relative Strength 

Index (RSI), and Moving Average Convergence 

Divergence (MACD) are computed to capture market 

momentum and price movement patterns. 

 
The LSTM model is trained on sequential financial data to 

learn temporal dependencies and generate predictions 

regarding future stock price trends. The prediction results 

are further validated using signals generated from 

technical indicators in order to increase reliability. In 

addition, the system includes an automated notification 

module that informs users when a strong trend signal is 

detected. Experimental analysis demonstrates that 

integrating deep learning techniques with financial 

indicators improves prediction performance and provides 

useful insights for investors. The proposed framework can 

serve as a decision-support tool for traders and financial 

analysts. 
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          I.INTRODUCTION 
 

The stock market is a critical component of modern 
financial systems. It allows companies to raise capital while 
providing investors opportunities to generate financial returns 
through trading activities. However, predicting stock price 

movements remains a complex and uncertain task. Market 
fluctuations are influenced by various factors including 
economic conditions, government policies, global events, 
company announcements, and investor psychology. 

Traditionally, investors rely on two main methods to analyze 
stock markets: fundamental analysis and technical analysis. 
Fundamental analysis focuses on evaluating a company's 
financial performance, including revenue growth, profitability, 
and overall business health. Technical analysis, on the other 
hand, studies historical price data and trading volumes to 
identify patterns that may indicate future price movements. 
While both approaches are widely used, they often require 
significant manual effort and may not effectively analyze large 
datasets. 

With the advancement of Artificial Intelligence and Machine 
Learning technologies, automated systems can now analyze 
complex financial datasets and extract useful patterns. Machine 
learning algorithms can learn from historical data and generate 
predictions about future market behavior. These methods have 
become increasingly popular in financial forecasting research. 

Among various machine learning models, deep learning 
architectures such as Recurrent Neural Networks (RNN) and 
Long Short-Term Memory (LSTM) networks have shown 
promising results for time-series forecasting tasks. LSTM 
networks are particularly suitable for analyzing sequential data 
because they can capture long-term dependencies within 
historical records. 

In this research, an AI-based stock price trend prediction 
system is developed using an LSTM neural network and 
multiple technical indicators. The objective of the proposed 
system is to predict whether a stock price will move upward or 
downward in the near future. By combining deep learning 
models with technical indicators such as SMA, EMA, RSI, and 
MACD, the system aims to improve the reliability of stock 
market predictions and provide meaningful insights for 
investors. 

 

              II. PROPOSED SYSTEM 

The proposed system introduces an intelligent framework 
for predicting stock market trends by combining deep learning 
techniques with technical analysis indicators. The primary 
objective of this system is to assist investors in understanding 
potential market movements by analyzing historical stock price 
data and identifying meaningful patterns within the data. 

The system is designed as a hybrid prediction model that 
integrates a Long Short-Term Memory (LSTM) neural 
network with widely used financial indicators. This 
combination enables the model to capture both sequential 
patterns in stock prices and market momentum signals derived 
from technical analysis.In the proposed architecture, historical 
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stock market data serves as the primary input to the system. 
This data typically includes key attributes such as opening 
price, closing price, highest price, lowest price, and trading 
volume. These parameters reflect daily trading activity and 
provide important insights into market behavior. 

To enhance the predictive capability of the system, additional 
market features are extracted using technical indicators such as 
Simple Moving Average (SMA), Exponential Moving Average 
(EMA), Relative Strength Index (RSI), and Moving Average 
Convergence Divergence (MACD). These indicators help the 
system interpret price trends, identify market momentum, and 
detect potential reversal points.The LSTM neural network acts 
as the central prediction engine of the proposed system. LSTM 
models are specifically designed to process time-series data 
and are capable of learning long-term dependencies within 
sequential datasets. By training the model on historical price 
patterns and indicator values, the system learns complex 
relationships between past market behavior and future price 
movements. 

 

Fig-1: Proposed System  

Once the model processes the input data, it generates 
predictions regarding the likely direction of stock price 
movement. The predicted results are categorized into two 
possible trend classes: upward trend and downward trend. To 
improve prediction reliability, the system validates the 
predicted trend by comparing it with signals generated from 
the calculated technical indicators. 

If both the deep learning model and the technical indicators 
indicate the same trend direction, the system considers the 
prediction to be a strong signal. In such cases, the system can 
notify users through an automated email alert containing the 
predicted trend information along with supporting indicator 
signals.Overall, the proposed system provides a data-driven 
decision support mechanism that helps investors interpret stock 
market trends more effectively. By combining the pattern 
recognition capabilities of deep learning models with the 
analytical strength of technical indicators, the system enhances 
prediction reliability and reduces the likelihood of misleading 
signals. 

In addition to prediction capability, the proposed system is 
designed to provide practical support for investors and 
financial analysts. By continuously analyzing historical market 
information and combining it with indicator-based insights, the 
system helps users understand possible future price movements 
more clearly. The hybrid architecture allows the model to 
capture both statistical patterns and market momentum signals, 
improving the overall robustness of the forecasting process. 
Furthermore, the automated notification mechanism ensures 
that users receive timely updates about potential trend changes 
without the need for constant manual monitoring. This feature 

makes the system more efficient and user-friendly, enabling 
investors to respond quickly to emerging market opportunities 
or risks. 

                     III. METHODOLOGY 

The proposed system aims to predict stock price trends by 
integrating deep learning techniques with financial technical 
indicators to improve the accuracy and reliability of market 
forecasting. Stock market data is inherently sequential and 
highly dynamic, making it challenging for traditional statistical 
models to capture complex temporal patterns and nonlinear 
relationships. To address these challenges, the proposed 
methodology utilizes a deep learning framework that processes 
historical stock market information and extracts meaningful 
patterns for trend prediction. 

A key component of the methodology is the integration of 
financial technical indicators with the deep learning model to 
enhance feature representation. Technical indicators are 
mathematical transformations of historical price movements 
that help capture important characteristics such as momentum, 
volatility, and trend direction. By incorporating these 
indicators as additional features, the system can analyze 
market behavior from multiple perspectives rather than relying 
solely on raw price data. This enriched feature representation 
allows the model to identify hidden relationships within the 
financial dataset and better understand the underlying 
dynamics of stock market fluctuations. 

The architecture of the proposed system is designed to analyze 
sequential financial data and identify patterns that may indicate 
future market movements. Through iterative learning, the 
LSTM model gradually adjusts its internal parameters to 
minimize prediction error and improve forecasting 
performance. By combining deep learning capabilities with 
informative financial indicators, the system develops a 
comprehensive understanding of market behavior. As a result, 
the proposed methodology provides a structured and efficient 
approach for analyzing complex stock market data and 
generating reliable predictions of future price trends. 

Furthermore, the proposed framework incorporates a learning 
mechanism that enables the model to adapt to changing market 
conditions over time. Financial markets are influenced by 
numerous internal and external factors, which often result in 
rapid and unpredictable price variations. By analyzing large 
volumes of historical time-series data, the system learns 
recurring patterns and behavioral trends present in stock 
market movements. The LSTM network processes sequential 
information while retaining knowledge from previous 
observations, allowing it to capture long-term dependencies 
that traditional machine learning models may overlook. This 
capability improves the model’s ability to anticipate potential 
market trends and enhances the overall predictive performance 
of the system. 

This approach emphasizes the importance of combining data-
driven intelligence with financial domain knowledge. The 
inclusion of technical indicators alongside deep learning 
techniques helps the model interpret price movements more 
effectively by incorporating both statistical patterns and market 
momentum signals. This hybrid framework improves the 
robustness of the prediction process and reduces the likelihood 
of misleading forecasts caused by short-term market noise. By 
integrating advanced neural network models with established 
financial analysis techniques, the proposed system provides a 
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reliable analytical tool for understanding stock market 
behavior and supports investors in making more informed and 
strategic decisions. 

 

 

Fig-2: Architecture of AIBased Stock Price Trend 
Prediction System 

3.1 Data Collection 

The first stage of the system involves collecting historical 
stock price data from reliable financial data sources. The 
dataset typically contains daily trading information such as 
opening price, closing price, highest price, lowest price, and 
trading volume. 

These attributes provide valuable information regarding stock 
price movement and market activity. Historical datasets 
covering several months or years are used so that the model 
can learn patterns across different market conditions.The 
collected dataset is divided into training and testing sets. In this 
project, the dataset is split in an 80:20 ratio, where 80% of the 
data is used for model training and 20% is reserved for testing 
and evaluation. 

3.2 Data Preprocessing 

Raw financial data often contains missing values, 
inconsistencies, and noise that can negatively affect model 
performance. Therefore, preprocessing is an essential step 
before feeding data into the machine learning model. 

The preprocessing stage involves the following operations: 

• Handling missing values 

• Removing noise and inconsistencies 

• Data normalization 

• Time-series sequence generation 

Min-Max normalization is applied to scale numerical values 
between 0 and 1. This ensures that all features contribute 
equally during model training and prevents features with large 
values from dominating the learning process.Additionally, the 
time-series data is converted into sequential input windows so 
that the LSTM model can learn temporal relationships between 
past and future stock prices. 

3.3 Technical Indicator 

Technical indicators play an important role in analyzing stock 
market behavior. In this system, four widely used indicators 
are calculated from historical price data. 

Simple Moving Average (SMA) calculates the average 
closing price over a specified number of days. It helps smooth 
price fluctuations and identify the general direction of the 
market trend. 

Exponential Moving Average (EMA)is similar to SMA but 
assigns more weight to recent price values. This allows the 
indicator to respond more quickly to price changes. 

Relative Strength Index (RSI)is commonly used to evaluate 
the momentum of stock price movements and to identify 
potential market reversal points. When the RSI value rises 
above 70, it typically suggests that the stock may be 
overbought, meaning the price has increased rapidly and could 
experience a downward correction. On the other hand, when 
the RSI value falls below 30, it indicates that the stock may be 
oversold, implying that the price has dropped significantly and 
may potentially move upward in the near future. 

Moving Average Convergence Divergence 
(MACD)indicator measures the relationship between two 
moving averages and helps identify changes in price 
momentum. It is commonly used to detect potential trend 
reversals. 

These indicators are used as additional features for the LSTM 
model and also serve as confirmation signals for predicted 
stock trends. 

3.4 LSTM Model  

The core component of the proposed system is the Long Short-
Term Memory (LSTM) neural network, a type of recurrent 
neural network specifically designed for time-series 
forecasting problems.Unlike traditional neural networks, 
LSTM models can retain information over long sequences, 
making them suitable for analyzing financial data where past 
trends influence future price movements. 

 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Conference - Volume 10 RACCES -2026                          SJIF Rating: 8.659                              ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | www.ijsrem.com                                     DOI: IJSREM.RACCES012                                                  |        Page 4 
 

Fig-3: LSTM Model Architecture used for Stock Price 
Trend Prediction 

The prediction model in this study is built using a Long Short-
Term Memory (LSTM) neural network designed to analyze 
sequential financial data. The architecture begins with an input 
layer that accepts normalized time-series data representing 
historical stock market information. This data is then processed 
through one or more LSTM layers that are responsible for 
identifying temporal relationships and learning underlying 
patterns in stock price movements over time. To improve the 
generalization capability of the model and reduce the risk of 
overfitting, a dropout layer is incorporated, which randomly 
deactivates a portion of neurons during the training process. 
Finally, a dense output layer produces the predicted trend 
result based on the learned features. The model is trained using 
historical stock market datasets across several training epochs, 
allowing the network to gradually minimize the loss function 
and improve its prediction accuracy. 

3.5 Trend Classification 

Once the LSTM model generates predictions, the system 
performs trend classification to determine the direction of 
stock price movement. 

The predicted trend is classified into two categories: 

• Uptrend – Stock price expected to increase 

• Downtrend – Stock price expected to decrease 

To improve prediction reliability, the LSTM output is 
combined with signals obtained from technical indicators. 
When both the LSTM model and indicators agree on the trend 
direction, the system generates a stronger and more reliable 
signal. 

3.6 Email Notification 

To enhance usability, the system includes an automated 
email notification module.Whenever a strong trend signal is 
detected, the system automatically sends an email alert to 
registered users.The system sends an automated email alert to 
notify users about the predicted market trend. The message 
includes the expected trend direction (either upward or 
downward), a brief summary of the technical indicator signals 
supporting the prediction, and the exact time when the 
prediction was generated.This feature allows investors to 
receive updates without continuously monitoring the system 
manually. As a result, the system becomes more practical for 
real-world financial applications. 

            IV. EXPRIMENT AND RESULT 

The experimental evaluation of the proposed system was 
carried out to examine the effectiveness of the deep learning 
model in predicting stock price trends. The experiment focuses 
on analyzing how accurately the system can identify future 
market movements using historical financial data and technical 
indicators.The dataset used in the experiment was divided into 
training and testing sets with an 80:20 ratio. The LSTM model 
was trained over multiple epochs to capture temporal 
dependencies in stock price data. 

4.1 Experimental Setup 

To perform the experiment, historical stock market data 
was collected and used as the primary dataset for training and 
testing the prediction model. The dataset contained daily stock 
information such as opening price, closing price, highest price, 
lowest price, and trading volume. These attributes were used to 
represent the overall behavior of stock price fluctuations. 

Before training the model, the collected dataset was processed 
using several preprocessing techniques. Data cleaning was 
performed to handle missing or inconsistent values present in 
the dataset. After cleaning, normalization techniques were 
applied to scale the numerical values within a uniform range. 
This step ensures that all input features contribute equally 
during model training and improves the learning efficiency of 
the neural network. 

The dataset was then divided into two parts: a training set and 
a testing set. The training dataset was used to allow the LSTM 
model to learn patterns from historical stock movements, while 
the testing dataset was used to evaluate the model's prediction 
performance on unseen data. 

 

Fig-4: LSTM Model Architecture for Time Series 
Prediction 

The experiments were implemented using the Python 
programming language along with popular machine learning 
libraries such as TensorFlow, Keras, NumPy, and Pandas. 
These tools provide efficient frameworks for data 
preprocessing, model development, and evaluation. 

4.2 Model Training 

During the training phase, the Long Short-Term Memory 
(LSTM) network was used to process sequential financial data. 
The input to the model consisted of time-series sequences 
generated from historical stock prices and calculated technical 
indicators.The LSTM network learns temporal relationships 
between past and future stock price values. Through repeated 
iterations, the model adjusts its internal weights to minimize 
prediction error. This learning process allows the system to 
identify complex patterns that influence stock market trends. 

To avoid overfitting and improve generalization capability, 
techniques such as dropout layers and validation monitoring 
were incorporated during the training process. These 
techniques help ensure that the model performs well not only 
on training data but also on new unseen data. 
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Fig-5: Model Performance Graph 

The use of dropout layers helped prevent overfitting and 
improved the model’s ability to generalize to unseen data. The 
performance of the model was evaluated using several standard 
evaluation metrics. 

Several evaluation metrics were used to measure the 
performance of the prediction model. Accuracy was applied to 
determine how frequently the model correctly identifies the 
stock market trend. Error-based measures such as Mean 
Squared Error (MSE) and Root Mean Squared Error (RMSE) 
were used to assess the difference between predicted values 
and actual stock prices. In addition, Precision and Recall were 
calculated to analyze how reliably the system classifies upward 
and downward market movements. 

The experimental results indicate that the LSTM model 
achieves higher prediction accuracy compared to traditional 
regression-based methods. 

4.3 Performance Evaluation 

TheAfter completing the training process, the model was 
evaluated using the testing dataset. Several evaluation metrics 
were used to analyze the effectiveness of the prediction model. 
The performance of the system was measured using metrics 
such as prediction accuracy and error analysis. 

The experimental results demonstrated that the deep learning–
based approach was capable of identifying meaningful patterns 
within financial time-series data. By combining LSTM 
networks with technical indicators, the system achieved 
improved trend prediction performance compared with 
traditional statistical methods. 

 

Fig-6: LSTM Performance 

The integration of indicators such as Simple Moving Average, 
Exponential Moving Average, Relative Strength Index, and 
MACD helped the model better understand price momentum 
and market conditions. As a result, the prediction system was 

able to provide reliable signals regarding possible upward or 
downward stock trends. 

4.4 Result Analysis 

The results obtained from the experiment indicate that the 
proposed system can effectively analyze historical stock data 
and generate useful predictions about future market trends. The 
model successfully captured sequential dependencies present 
in the financial dataset and used them to forecast price 
movements. 

The study found that deep learning techniques greatly 
enhanced the system’s ability to capture complex patterns in 
time-series data. The LSTM-based model proved more 
effective than traditional prediction methods. It showed 
improved performance in understanding underlying market 
dynamics. Additionally, the framework was better at detecting 
meaningful trends. Overall, it generated more reliable and 
insightful prediction signals. 

Deep learning methods enabled the model to better 
interpret intricate temporal dependencies in the data. The 
LSTM approach outperformed conventional models in 
recognizing subtle market movements. As a result, it provided 
more accurate and informative trend predictions. 

 

Fig-7: Result Analysis Graph 

However, stock markets are inherently volatile and influenced 
by many external factors such as economic & political events, 
and unexpected market news.while the prediction system can 
provide valuable analytical insights, it should be considered as 
a supportive decision-making tool rather than a guaranteed 
forecasting mechanism.  

 

                      V. CONCLUSION 

This research work presented an intelligent stock price trend 
prediction system using Artificial Intelligence techniques. The 
proposed model utilizes Long Short-Term Memory (LSTM) 
neural networks to analyze historical stock market data and 
identify patterns in time-series information. By learning from 
past price movements, the system is capable of predicting 
potential future trends such as uptrend and downtrend. This 
approach improves the capability of traditional forecasting 
methods that often struggle with complex and non-linear 
financial data. 

A major strength of the proposed system is the integration of 
technical indicators with deep learning models. Indicators such 
as Simple Moving Average (SMA), Exponential Moving 
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Average (EMA), Relative Strength Index (RSI), and Moving 
Average Convergence Divergence (MACD) were incorporated 
into the prediction process. These indicators provide additional 
insights about price momentum, market strength, and possible 
trend reversals.  

The combination of these indicators with LSTM predictions 
helps improve the reliability of the overall forecasting 
process.The system also includes an automated notification 
module that enhances usability for investors and analysts. 
When a strong trend signal is detected, the system 
automatically sends an email alert containing prediction results 
and indicator confirmations. This feature helps users receive 
timely updates without continuously monitoring the stock 
market. As a result, the system becomes more practical and 
convenient for real-world applications. 

Experimental results demonstrate that the proposed model 
performs better than traditional regression-based forecasting 
approaches. The LSTM network effectively captures long-term 
dependencies present in stock market time-series data. 
Performance metrics such as accuracy, Mean Squared Error 
(MSE), and Root Mean Squared Error (RMSE) indicate 
improved prediction performance.  

The inclusion of technical indicators further enhances decision 
reliability by validating the predictions generated by the deep 
learning model.Although the proposed system improves 
prediction accuracy, it is important to understand that stock 
markets are inherently unpredictable. External factors such as 
economic conditions, political events, company 
announcements, and global financial news can significantly 
influence stock prices. Therefore, the system should be 
considered as a decision-support tool rather than a fully 
automated trading solution. 

Future improvements can further enhance the effectiveness of 
the system. Potential extensions include integrating real-time 
stock market data through APIs, incorporating sentiment 
analysis from financial news and social media, and 
experimenting with advanced deep learning architectures such 
as GRU and Transformer models. Additionally, improving 
model optimization techniques can boost prediction accuracy. 
Expanding the dataset with diverse market conditions may also 
strengthen model robustness. Finally, deploying the system as 
a user-friendly application can increase its practical usability. 
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