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Abstract 

The stock market is a place where prices change a lot and are affected by 

things that happened in the past, what people think about the market, and the 

state of the economy. It is really hard to guess what stock prices will be in the 

future because financial information is complicated and can change quickly. 

Old ways of doing things often use tools or people looking at the data, which 

may not be good enough to find patterns in how stock prices change over a 

long time. Recently artificial intelligence and deep learning have made it 

possible to create systems that can help investors make decisions with data. 

This study is about a system that uses intelligence to predict what will happen 

in the stock market and analyze it. The system uses a kind of deep learning 

model called "long short-term memory" and a dashboard that people can 

interact with as well as a smart chatbot. We collect stock market data, clean 

it up, and use it to train the long short-term memory model to guess future 

stock prices. The dashboard shows users a lot of information, including 

charts, averages, price trends, and market statistics, so they can understand 

how stocks are doing. The chatbot also answers questions about the stock 

market and helps users learn about it. 

The system was built using Python, Streamlit, TensorFlow, Pandas, Plotly, 

and the Yahoo Finance API. We tested it. Found that the Long Short-Term Memory model is good at finding patterns 

in old stock data, and the dashboard and chatbot make it easier for users to understand the information. The tests also 

showed that all parts of the system work well, including getting data, making predictions, calculating numbers, showing 

information on the dashboard, and talking to the chatbot. This application is a tool for students, researchers, and people 

who are new to investing. It also sets the stage for making it better in the future by adding things like looking at how 

people feel about the market, optimizing portfolios, and adding timely financial news to make predictions more accurate 

and help people make better investment decisions. 

The stock market prediction system uses stock market prediction and long short-term memory and deep learning and a 

financial chatbot and technical analysis and moving average and time series forecasting and a Streamlit dashboard. The 

stock market prediction system is based on stock market prediction. It uses Long Short-Term Memory and Deep 

Learning, and it has a financial chatbot, and it does technical analysis, and it uses moving averages. It does time series 

forecasting, and it has a Streamlit dashboard. 
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1. Introduction 

The stock market plays a significant role in the global economy by providing opportunities for investment, capital 

generation, and wealth creation. Every day, millions of transactions are executed across financial markets, making stock 

price movements highly dynamic and influenced by various factors such as company performance, economic policies, 

global events, and investor sentiment. Due to this complexity, accurately predicting future stock prices remains one of 

the most challenging problems in financial analytics. 

Traditional approaches to stock market analysis rely on technical indicators, historical price trends, and expert 

knowledge to estimate future market behavior. Although these methods provide useful insights, they often struggle to 

capture the nonlinear and time-dependent characteristics of stock market data. With the rapid advancement of artificial 

intelligence (AI) and deep learning, intelligent prediction models have emerged as effective tools for analyzing large 

volumes of financial data and identifying hidden patterns that are difficult to recognize through conventional techniques. 

Among various deep learning models, Long Short-Term Memory (LSTM) has gained considerable attention for time-

series forecasting because of its ability to retain long-term dependencies in sequential data. Unlike traditional machine 

learning algorithms, LSTM networks are specifically designed to learn temporal relationships, making them well suited 

for predicting stock price movements based on historical market data. By analyzing previous price sequences, LSTM 

can generate future price predictions that support more informed investment decisions. 

In addition to prediction, investors require intuitive visualization tools to interpret market trends effectively. Technical 

indicators such as the 20-day Moving Average (MA20) and 50-day Moving Average (MA50) are widely used to identify 

short-term and medium-term market trends. Interactive candlestick charts, trend analysis, and statistical visualizations 

further enhance the understanding of market behavior by presenting financial information in a clear and meaningful 

manner. 

This research proposes an AI-powered stock market prediction and analysis system that combines LSTM-based deep 

learning, technical analysis, and an intelligent financial chatbot within a unified dashboard. Historical stock market data 

are collected and preprocessed before training the LSTM model to forecast future stock prices. The system also provides 

interactive visualizations, including candlestick charts, MA20 and MA50 indicators, trend analysis, and real-time market 

information through a user-friendly Streamlit interface. The integrated chatbot assists users by answering stock market-

related questions and explaining financial concepts. 

The proposed system aims to provide an efficient and practical decision-support platform for students, researchers, and 

beginner investors by combining predictive analytics, visualization, and intelligent user assistance. Furthermore, the 

developed framework establishes a foundation for future enhancements such as sentiment analysis using financial news, 

portfolio optimization, real-time market alerts, and advanced deep learning models for improved forecasting accuracy. 

2. Literature Review 

Recent developments in artificial intelligence (AI), machine learning (ML), and deep learning (DL) have significantly 

transformed the field of financial analytics. The availability of large volumes of historical stock market data and 

increased computational capabilities have encouraged researchers to develop intelligent models capable of forecasting 

stock prices with greater accuracy. Numerous prediction techniques have been proposed, ranging from traditional 

statistical methods to advanced deep learning architectures. This section reviews previous research related to stock 

market prediction, technical analysis, deep learning models, and AI-based financial decision support systems. 

Early research in stock market forecasting primarily relied on statistical models such as moving average (MA), 

autoregressive integrated moving average (ARIMA), and exponential smoothing. These approaches analyze historical 

price movements to estimate future trends and are computationally efficient for short-term forecasting. However, they 
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often struggle to capture nonlinear relationships and sudden market fluctuations caused by economic events, investor 

behavior, and external factors. 

Machine learning techniques introduced a more data-driven approach to stock market prediction. Algorithms such as 

linear regression, support vector machines (SVM), decision trees, random forests, and K-nearest neighbors (KNN) have 

been widely investigated for forecasting stock prices. These models learn patterns from historical datasets and provide 

improved prediction accuracy compared to traditional statistical methods in many scenarios. Nevertheless, most 

conventional machine learning algorithms require extensive feature engineering and may have difficulty modeling long-

term sequential dependencies within financial time-series data. 

Deep learning has further advanced stock market prediction by enabling automatic feature extraction and learning 

complex temporal patterns directly from historical price sequences. Artificial Neural Networks (ANNs) demonstrated 

encouraging performance for financial forecasting, while Recurrent Neural Networks (RNNs) introduced the ability to 

process sequential information. However, standard RNNs often suffer from the vanishing gradient problem, limiting 

their capability to retain long-term information during training. 

To overcome this limitation, Long Short-Term Memory (LSTM) networks were introduced as an improved recurrent 

architecture capable of learning long-term dependencies in sequential data. Their ability to model temporal relationships 

makes them particularly suitable for financial time-series forecasting. 

In addition to predictive modeling, technical analysis remains an important component of stock market decision-making. 

Indicators such as the 20-day Moving Average (MA20), 50-day Moving Average (MA50), Relative Strength Index 

(RSI), and Moving Average Convergence Divergence (MACD) are frequently used by traders to identify trends, 

momentum, and potential market reversals. These indicators provide valuable insights into market behavior and are 

often integrated with machine learning models to improve investment analysis and visualization. 

 

The increasing adoption of web-based financial platforms has also encouraged the development of interactive stock 

market dashboards that combine data visualization with analytical tools. Modern dashboards enable users to monitor 

historical prices, visualize candlestick charts, compare multiple stocks, and evaluate technical indicators through an 

intuitive interface. Frameworks such as Streamlit have simplified the deployment of these analytical applications by 

providing interactive dashboards that support real-time data visualization and user-friendly navigation. Such platforms 

improve accessibility for students, researchers, and investors by presenting complex financial information in a structured 

and understandable manner. 

Another emerging research area is the integration of artificial intelligence-based chatbots into financial applications. 

Financial chatbots assist users by answering frequently asked questions, explaining market terminology, and providing 

basic investment guidance. Unlike conventional search-based systems that have recently gained popularity, lightweight 

rule-based chatbots remain practical for educational and research-oriented applications because they are computationally 

efficient, easy to implement, and capable of delivering consistent responses for predefined financial queries. 

Recent studies have also explored hybrid approaches that combine deep learning models with technical analysis to 

improve forecasting performance. Instead of relying solely on predicted prices, these systems incorporate technical 

indicators, graphical visualization, and interactive interfaces to support investment decision-making. Such integrated 

solutions provide users with both predictive insights and analytical tools, enabling a more comprehensive understanding 

of market behavior. However, many existing systems focus primarily on prediction accuracy while giving limited 

attention to usability, visualization, and interactive user assistance. 

Despite the significant progress achieved in stock market forecasting, several research gaps remain. Many prediction 

models are evaluated only in offline environments without being integrated into user-friendly applications. Some 
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systems require extensive computational resources, making them unsuitable for educational or small-scale 

implementations. Others provide prediction results without offering sufficient visualization or explanatory support, 

making it difficult for inexperienced users to interpret the outcomes. Furthermore, only a limited number of studies 

combine deep learning-based prediction, technical analysis, and chatbot-assisted guidance within a single application. 

The proposed research addresses these limitations by developing an AI-powered stock market prediction and analysis 

system that integrates an LSTM-based prediction model with an interactive Streamlit dashboard and an intelligent 

financial chatbot. The system combines historical stock data analysis, technical indicators such as MA20 and MA50, 

candlestick chart visualization, and chatbot-assisted user interaction into a unified platform. By integrating prediction, 

visualization, and financial guidance, the proposed approach provides a practical decision-support system that enhances 

both analytical capability and user experience. This integrated framework contributes to making stock market analysis 

more accessible for students, researchers, and beginner investors while establishing a scalable foundation for future 

enhancements involving real-time news analysis, portfolio optimization, and advanced deep learning techniques. 

 

3. Problem Statement 

The stock market is characterized by rapid price fluctuations, high volatility, and the continuous influence of economic, 

political, and social factors. These dynamic conditions make it difficult for investors to accurately predict future stock 

prices using conventional analytical methods. Many investors, particularly beginners, rely on historical trends, manual 

interpretation of charts, or basic technical indicators, which often provide limited insight into complex market behavior 

and may lead to poor investment decisions. 

Existing stock market prediction systems frequently focus on either price forecasting or technical analysis but rarely 

provide a comprehensive platform that combines prediction, visualization, and user assistance. Traditional statistical 

models often struggle to capture the nonlinear and sequential nature of financial time-series data, while some advanced 

deep learning solutions require high computational resources and are not easily accessible to ordinary users. In addition, 

many prediction systems present numerical outputs without offering meaningful visualizations or explanations that help 

users understand market trends and the reasoning behind predictions. 

Another limitation is the lack of interactive support for users who are unfamiliar with financial concepts and technical 

terminology. Many existing applications assume prior knowledge of stock market analysis, making them less effective 

for students, beginner investors, and individuals seeking to learn about financial markets. The absence of an integrated 

guidance mechanism further reduces the usability of these systems. 

To address these challenges, this research proposes an AI-powered stock market prediction and analysis system that 

integrates Long Short-Term Memory (LSTM) deep learning for stock price forecasting, technical analysis using moving 

average (MA20 and MA50) indicators, interactive dashboard visualizations, and an intelligent financial chatbot. The 

proposed system aims to provide accurate prediction, meaningful market analysis, and user-friendly financial guidance 

within a single platform, thereby supporting informed investment decisions and improving the accessibility of stock 

market analytics. 

4. Objectives of the Study 

The primary objective of this research is to design, develop, and evaluate an AI-powered stock market prediction and 

analysis system that utilizes Long Short-Term Memory (LSTM) deep learning for forecasting stock prices. The proposed 

system aims to assist users by combining intelligent prediction, technical analysis, interactive visualization, and financial 

guidance within a single platform, thereby supporting informed investment decisions and improving the accessibility of 

stock market analytics. 
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The specific objectives of this study are as follows: 

1. To collect and preprocess historical stock market data for developing a reliable prediction model. 

2. To implement a Long Short-Term Memory (LSTM) deep learning model for forecasting future stock 

prices based on historical time series data. 

3. To analyze stock market trends using technical indicators such as the 20-day moving average (MA20) 

and 50-day moving average (MA50). 

4. To develop an interactive dashboard using the Streamlit framework for visualizing stock prices, 

candlestick charts, technical indicators, and prediction results. 

5. To design and integrate an intelligent financial chatbot capable of answering stock market-related 

queries and assisting users with financial concepts. 

6. To evaluate the performance of the proposed prediction model using suitable evaluation metrics and 

compare predicted values with historical market data. 

7. To perform functional testing to verify the accuracy of stock data retrieval, prediction generation, 

technical indicator calculations, dashboard visualization, and chatbot responses. 

8. To provide a user-friendly decision-support platform that benefits students, researchers, and beginner 

investors by simplifying stock market analysis. 

9. To establish a scalable framework that can be extended with real-time financial news, sentiment 

analysis, portfolio optimization, and advanced deep learning techniques. 

10. To demonstrate the practical application of artificial intelligence and deep learning in financial 

forecasting and intelligent decision-support systems.  

Technologies Used: 

Python  

Python is the primary programming language used to develop the entire application. It provides a simple syntax and 

extensive library support for machine learning, data processing, and web application development. 

Streamlit  

Streamlit is used to develop the interactive web interface of the application. It allows users to interact with the AI chatbot 

and visualize stock market data through a simple and user-friendly dashboard. 

Pandas 

Pandas is used for collecting, cleaning, organizing, and analyzing stock market data. It helps process large datasets 

efficiently and prepares the data for visualization and analysis. 

NumPy  

NumPy provides numerical computing capabilities and supports mathematical operations required for processing stock 

market data and calculating technical indicators. 

Yahoo Finance (yFinance API) 

The yFinance API is used to retrieve historical and real-time stock market data for selected companies, enabling the 

dashboard to display updated financial information. 
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Matplotlib 

Matplotlib is used to generate basic charts and graphical representations of stock market data, helping users understand 

price movements and trends. 

Plotly 

Plotly is used to create interactive charts such as line graphs and candlestick charts, providing a dynamic and visually 

appealing stock market analysis. experience. 

 

 

5. Proposed Methodology 

The proposed methodology presents a structured framework for developing an AI-powered stock market prediction and 

analysis system that combines deep learning, technical analysis, and an intelligent financial chatbot within a unified 

platform. The methodology is designed to transform historical stock market data into meaningful predictions while 

providing users with interactive visualizations and financial guidance through a user-friendly dashboard. 

The proposed system follows a systematic workflow consisting of stock market data collection, data preprocessing, 

feature preparation, LSTM model training, stock price prediction, technical analysis, chatbot interaction, and dashboard 

visualization. Each stage plays an important role in improving prediction accuracy, enhancing user experience, and 

supporting informed investment decisions. 

Unlike conventional stock analysis systems that focus only on price prediction, the proposed methodology integrates 

multiple functional components into a single application. The LSTM model is utilized to capture temporal dependencies 

in historical stock prices, while technical indicators such as the 20-day Moving Average (MA20) and 50-day Moving 

Average (MA50) are employed to analyze market trends. An intelligent financial chatbot is incorporated to answer stock 

market-related questions and assist users in understanding financial concepts. The complete system is deployed through 
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a Streamlit-based interactive dashboard, enabling users to visualize stock performance, analyze trends, and obtain 

prediction results in real time. 

The methodology emphasizes simplicity, scalability, and practical usability. By integrating prediction, visualization, and 

user interaction, the proposed system provides an effective decision-support platform suitable for students, researchers, 

and beginner investors. Furthermore, the modular design allows future integration of advanced deep learning models, 

sentiment analysis, portfolio optimization, and real-time financial news services. 

5.1 System Overview 

The proposed system is designed to forecast future stock prices using historical market data and provide users with 

comprehensive analytical tools through an interactive web dashboard. Historical stock data, including opening price, 

closing price, highest price, lowest price, and trading volume, are collected from reliable financial data sources and 

prepared for model development. The processed data are then supplied to the LSTM deep learning model, which learns 

historical price patterns and generates future stock price predictions. 

Alongside prediction, the system performs technical analysis using moving average indicators (MA20 and MA50) to 

identify short-term and medium-term market trends. Interactive candlestick charts and graphical visualizations enable 

users to examine stock performance from multiple perspectives. An intelligent financial chatbot further enhances the 

application by providing quick responses to frequently asked stock market questions, making the platform more 

accessible to users with varying levels of financial knowledge. 

The complete system consists of the following major phases: 

• Stock Market Data Collection 

• Data Preprocessing 

• LSTM Model Training 

• Stock Price Prediction 

• Technical Analysis (MA20 and MA50) 

• Intelligent Financial Chatbot 

• Dashboard Visualization 

• User Interaction 

5.2 Data Collection 

The first stage of the proposed methodology involves collecting historical stock market data required for training and 

evaluating the prediction model. Reliable historical market information forms the foundation of the forecasting process, 

as the performance of the deep learning model depends on the quality and consistency of the input data. In this research, 

stock market data are obtained using the Yahoo Finance financial database through the yFinance Python library, which 

provides convenient access to publicly available historical stock information. 

The collected dataset contains daily stock trading records for the selected companies over a specified time period. Each 

record includes essential market attributes that describe the trading activity of a stock on a particular day. These attributes 

are used for trend analysis, visualization, and future price prediction. 

The primary features collected from the dataset include: 

• Opening Price (Open) 

• Closing Price (Close) 

• Highest Price (High) 

• Lowest Price (Low) 
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• Trading Volume 

• Trading Date 

Among these attributes, the closing price is considered the primary feature for training the LSTM prediction model 

because it represents the final market value of a stock at the end of each trading session. The remaining features support 

market analysis and visualization through technical indicators and candlestick charts. 

The collected historical data are stored in a structured format and verified for completeness before further processing. 

Using a reliable financial data source ensures consistency in the prediction process while allowing the proposed system 

to analyze historical market behavior effectively. The availability of accurate and continuously updated market 

information also enables the system to generate meaningful predictions and provide users with comprehensive stock 

market analysis through the interactive dashboard. 

5.3 Data Preprocessing 

Data preprocessing is a critical stage in the proposed methodology because the accuracy of the prediction model largely 

depends on the quality of the input data. Raw stock market datasets may contain missing values, inconsistent records, 

and fluctuations that can negatively affect model performance. Therefore, the collected historical stock data undergo 

several preprocessing steps before being used for training the LSTM model. 

Initially, the dataset is examined to identify missing or duplicate records. Any incomplete entries are removed or 

appropriately handled to maintain data consistency. The stock records are then arranged chronologically to preserve the 

sequential nature of financial time-series data, which is essential for LSTM-based forecasting. 

After cleaning the dataset, the relevant features required for prediction are selected. In this research, the closing price is 

chosen as the primary feature because it reflects the final trading value of a stock at the end of each market session and 

serves as the target variable for future price prediction. 

Since stock prices vary over a wide numerical range, feature scaling is performed using the MinMaxScaler technique. 

This method transforms the data into a normalized range between 0 and 1, enabling the LSTM model to learn more 

efficiently and reducing the influence of large numerical values during training. Normalization also improves 

convergence speed and enhances the stability of the learning process. 

To prepare the data for time-series forecasting, the normalized closing prices are converted into sequential input samples. 

The proposed system uses a sliding window approach in which the previous 60 trading days are considered as input to 

predict the stock price of the following trading day. These sequential samples allow the LSTM network to learn temporal 

dependencies and recognize patterns in historical stock price movements. 

Finally, the processed dataset is divided into training and testing subsets. The training data are used to develop the 

prediction model, while the testing data evaluate its ability to forecast unseen stock prices. This preprocessing pipeline 

ensures that the input data are clean, normalized, and properly structured for accurate deep learning-based stock market 

prediction. 

5.4 LSTM Model Development 

The Long Short-Term Memory (LSTM) network is the primary deep learning model employed in the proposed system 

for stock price prediction. LSTM is a specialized type of Recurrent Neural Network (RNN) designed to process 

sequential and time-series data while overcoming the limitations of traditional RNNs, particularly the vanishing gradient 

problem. Its capability to retain long-term dependencies enables it to identify meaningful patterns in historical stock 

prices, making it well suited for financial forecasting. 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 08 Augustl-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              9 

 

In the proposed system, the preprocessed historical stock data are provided as sequential input to the LSTM model. Each 

input sequence consists of the closing prices from the previous 60 trading days, which are used to predict the closing 

price of the next trading day. During training, the network continuously learns the relationships between past and future 

stock prices by adjusting its internal weights through backpropagation and optimization techniques. 

The LSTM architecture consists of memory cells and three gating mechanisms: the Forget Gate, Input Gate, and 

Output Gate. The Forget Gate determines which information from previous time steps should be discarded, the Input 

Gate selects new information to be stored in memory, and the Output Gate generates the information required for the 

final prediction. These mechanisms enable the model to preserve important historical information while eliminating 

irrelevant data, resulting in improved prediction accuracy for time-series datasets. 

After training, the developed LSTM model is used to generate future stock price predictions based on newly available 

historical data. The predicted values are transformed back to their original scale and displayed through the interactive 

dashboard alongside historical stock prices, technical indicators, and graphical visualizations. This integration enables 

users to compare historical trends with predicted values for better market analysis. 

The LSTM model was selected because of its ability to learn complex temporal relationships within financial data, its 

effectiveness in handling sequential information, and its superior forecasting capability compared to many traditional 

machine learning techniques. These characteristics make LSTM an appropriate choice for developing an intelligent stock 

market prediction system that supports data-driven investment analysis and decision-making. 

5.5 Technical Analysis Module 

In addition to stock price prediction, the proposed system incorporates a technical analysis module that assists users in 

understanding market trends through widely used financial indicators. Technical analysis evaluates historical price 

movements to identify patterns and potential market directions, enabling investors to make more informed decisions. 

The system utilizes the 20-day moving average (MA20) and 50-day moving average (MA50) as the primary indicators 

for trend analysis. 

The 20-day Moving Average (MA20) represents the average closing price of a stock over the previous twenty trading 

days and reflects short-term market behavior. Similarly, the 50-day moving average (MA50) calculates the average 

closing price over the previous fifty trading days, providing insight into medium-term market trends. By comparing 

these two indicators, users can identify the overall market direction and evaluate changes in price momentum. 

The proposed system continuously computes MA20 and MA50 using historical closing prices retrieved from the stock 

market dataset. These indicators are displayed together with the stock price chart, allowing users to observe the 

relationship between the current market price and its moving averages. The visualization helps users recognize trend 

changes more effectively than numerical data alone. 

To further support market analysis, the system determines the market trend using a rule-based approach. When the 

current stock price is above both MA20 and MA50, and MA20 remains above MA50, the market is identified as bullish, 

indicating a potential upward trend. Conversely, when the current stock price falls below both moving averages and 

MA20 remains below MA50, the market is classified as bearish, indicating a potential downward trend. In situations 

where neither condition is satisfied, the market is considered neutral, suggesting that no strong directional trend is 

present. 

The technical analysis module is integrated into the interactive dashboard, where moving averages and historical stock 

prices are presented through graphical visualizations, including candlestick charts. This combination of predictive 

analytics and technical indicators enables users to interpret stock market behavior more effectively and supports better 

investment analysis within a single platform. 
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5.6 Intelligent Financial Chatbot 

To improve user interaction and make stock market information more accessible, the proposed system incorporates an 

intelligent financial chatbot. The chatbot serves as an interactive assistance module that helps users understand basic 

stock market concepts, technical terms, and commonly asked financial questions. By providing immediate responses to 

predefined queries, the chatbot enhances the overall usability of the application, particularly for beginner investors and 

students who may have limited knowledge of financial markets. 

The chatbot operates using a rule-based keyword matching approach. A predefined knowledge base containing 

frequently asked stock market questions and their corresponding responses is created within the system. When a user 

enters a query, the chatbot analyzes the input by identifying relevant keywords and matches them with the stored 

knowledge base. If a matching keyword is found, the corresponding response is returned to the user. This approach 

enables fast response generation while maintaining consistency and accuracy for supported financial topics. 

The chatbot is integrated directly into the Streamlit dashboard, allowing users to access financial guidance without 

leaving the application. It can provide explanations for common concepts such as stock prices, market trends, moving 

averages, investment terminology, and basic trading principles. This interactive feature simplifies financial learning and 

supports users in understanding the analytical results generated by the prediction system. 

Unlike advanced conversational systems that require cloud-based artificial intelligence services or external APIs, the 

proposed chatbot operates entirely within the application. This design reduces computational requirements, improves 

response time, and enables the system to function independently without relying on internet-based language models. 

Although the chatbot currently provides responses only for predefined stock market queries, its modular architecture 

allows future expansion by incorporating natural language processing (NLP) techniques and large language models 

(LLMs) for more advanced conversational capabilities. 

The integration of the intelligent financial chatbot with the prediction model and visualization dashboard creates a 

unified platform that combines stock price forecasting, market analysis, and interactive financial assistance. This 

enhances the overall user experience by providing both analytical insights and educational support within a single 

application. 

5.7 Dashboard Development 

An interactive dashboard is developed to provide users with a centralized platform for stock market prediction, technical 

analysis, and financial visualization. The dashboard is implemented using the Streamlit framework, which enables the 

development of responsive and user-friendly web applications using Python. The primary objective of the dashboard is 

to present stock market information in an organized and interactive manner, allowing users to analyze historical trends 

and predicted stock prices with ease. 

The dashboard allows users to select a stock symbol from the available list and retrieve its historical market data. After 

the required stock is selected, the system displays key financial information, including opening price, closing price, 

highest price, lowest price, trading volume, and historical price movements. These data are presented through interactive 

graphical components that improve data interpretation and user engagement. 

To support technical analysis, the dashboard displays candlestick charts together with the 20-day Moving Average 

(MA20) and 50-day Moving Average (MA50) indicators. These visualizations enable users to observe price trends, 

identify market direction, and compare historical price movements with technical indicators. The dashboard also presents 

the predicted stock price generated by the LSTM model, allowing users to compare forecasted values with historical 

market data. 
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The intelligent financial chatbot is integrated within the dashboard to provide immediate assistance for stock market-

related queries. Users can interact with the chatbot without navigating away from the application, making the platform 

more convenient and accessible. This integration combines prediction, visualization, and financial guidance within a 

single interface, improving the overall user experience. 

The dashboard is designed with a modular architecture, enabling individual components such as stock prediction, 

technical analysis, data visualization, and chatbot interaction to function independently while remaining seamlessly 

connected. This design improves maintainability, simplifies future enhancements, and allows additional features to be 

incorporated with minimal modifications. Overall, the Streamlit-based dashboard serves as the central interface of the 

proposed system by transforming complex financial data into clear, interactive, and meaningful visual representations 

that support informed investment analysis. 

5.8 Prediction Workflow 

The proposed system follows a structured workflow that integrates stock data acquisition, deep learning-based 

prediction, technical analysis, and user interaction within a single application. Each stage of the workflow contributes 

to transforming raw historical stock data into meaningful predictions and visual insights. The sequential execution of 

these stages ensures efficient processing, accurate forecasting, and an interactive user experience. 

The prediction workflow is carried out through the following steps: 

1. The user selects a stock symbol through the Streamlit dashboard. 

2. The system retrieves historical stock market data, including Open, High, Low, Close, and Volume, from 

the Yahoo Finance database using the yFinance library. 

3. The retrieved data undergo preprocessing, including data cleaning, chronological ordering, feature 

selection, and normalization using the MinMaxScaler technique. 

4. The normalized closing price data are converted into sequential input samples using a 60-day sliding 

window and supplied to the trained LSTM model. 

5. The LSTM model analyzes historical price patterns and predicts the future closing price of the selected 

stock. 

6. The predicted value is transformed back to its original scale and stored for visualization. 

7. Simultaneously, the system calculates the 20-day moving average (MA20) and 50-day moving average 

(MA50) to identify short-term and medium-term market trends. 

8. The dashboard displays historical stock prices, candlestick charts, moving averages, predicted stock 

prices, and market trend information in an interactive format. 

9. Users can interact with the integrated financial chatbot to obtain explanations of stock market concepts, 

technical indicators, and investment-related queries. 

10. The complete analysis, prediction results, and visualizations are presented through the dashboard, 

enabling users to interpret market behavior and make informed investment decisions. 

The proposed workflow integrates data acquisition, preprocessing, prediction, technical analysis, visualization, and user 

interaction into a unified framework. This systematic approach ensures that the application provides reliable forecasting 

results while maintaining an intuitive and user-friendly interface suitable for educational, research, and financial analysis 

purposes. 

5.9 Advantages of the Proposed Methodology 

The proposed methodology offers a comprehensive framework for stock market prediction and analysis by integrating 

deep learning, technical analysis, and an intelligent financial chatbot into a single platform. Unlike conventional stock 

analysis systems that focus on only one aspect of market evaluation, the proposed methodology combines forecasting, 

visualization, and user interaction to provide a complete decision-support environment. 
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The utilization of the Long Short-Term Memory (LSTM) model enables the system to learn temporal relationships from 

historical stock price data, resulting in more reliable predictions for time-series forecasting. By analyzing sequential 

market data, the model effectively captures long-term dependencies that are difficult to identify using traditional 

prediction techniques. 

The integration of technical indicators such as the 20-day Moving Average (MA20) and 50-day Moving Average 

(MA50) further enhances market analysis by helping users identify short-term and medium-term trends. These 

indicators, combined with interactive candlestick charts and graphical visualizations, provide a clear representation of 

stock market behavior and support better interpretation of prediction results. 

Another significant advantage of the proposed methodology is the inclusion of an intelligent financial chatbot. The 

chatbot improves user engagement by providing immediate responses to common stock market queries and explaining 

financial concepts in an interactive manner. This feature makes the application particularly beneficial for students, 

beginner investors, and users with limited financial knowledge. 

The Streamlit-based dashboard provides an intuitive and responsive interface that allows users to access prediction 

results, technical analysis, and chatbot assistance from a single platform. The modular architecture adopted in the 

proposed methodology simplifies system maintenance and facilitates future enhancements, such as integrating sentiment 

analysis, portfolio optimization, advanced deep learning models, and real-time financial news. 

Overall, by combining intelligent forecasting, technical analysis, interactive visualization, and financial assistance, the 

system supports informed investment decisions while establishing a flexible foundation for future research and 

development in AI-driven financial analytics. 

6. System Architecture and Design 

6.1 Overall System Architecture 

The system architecture defines the overall structure and operational flow of the proposed AI-powered stock market 

prediction and analysis system. It integrates multiple functional modules, including data acquisition, data preprocessing, 

deep learning-based prediction, technical analysis, dashboard visualization, and an intelligent financial chatbot. These 

modules work together to provide an efficient and interactive platform for stock market analysis and decision support. 

The architecture begins with the collection of historical stock market data from the Yahoo Finance database using the 

yFinance library.  

The retrieved data include Open, High, Low, Close, Volume, and Date attributes, which are essential for prediction and 

market analysis. After data acquisition, the information is passed to the preprocessing module, where missing values are 

handled, the dataset is normalized, and sequential input samples are prepared for model training. 

The processed data is then supplied to the Long Short-Term Memory (LSTM) deep learning model. The LSTM network 

analyzes historical stock price patterns and generates future stock price predictions by learning temporal relationships 

within the time-series data.  

The prediction results are further processed and integrated with technical indicators such as the 20-day Moving Average 

(MA20) and 50-day Moving Average (MA50), allowing the system to identify market trends and support investment 

analysis. 

The processed information is displayed through a Streamlit-based interactive dashboard. The dashboard presents 

historical stock prices, predicted values, candlestick charts, moving averages, and market trends using graphical 

visualizations.  
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Additionally, an intelligent financial chatbot is integrated into the dashboard to provide instant responses to stock 

market-related queries, enabling users to better understand financial concepts and analytical results. 

The modular architecture ensures that each functional component operates independently while maintaining seamless 

communication with other modules. This design improves scalability, simplifies maintenance, and allows additional 

functionalities, such as sentiment analysis, portfolio optimization, and real-time financial news integration, to be 

incorporated in future versions of the system. 

The overall architecture of the proposed system is illustrated in Figure 6.1, which demonstrates the interaction between 

the major modules from data collection to prediction, visualization, and user interaction. 

 

Figure 6.1  
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6.2 Data Processing and LSTM Prediction Module 

The Data Processing and LSTM Prediction Module is the core component of the proposed system, responsible for 

preparing historical stock market data and generating future stock price predictions. This module ensures that the 

collected data are transformed into a suitable format for deep learning while maintaining data quality and consistency 

throughout the prediction process. 

Initially, historical stock market data are retrieved from the Yahoo Finance database using the yFinance Python library. 

The dataset contains daily trading information, including the opening price, closing price, highest price, lowest price, 

trading volume, and trading date. These records provide the historical information required for forecasting future market 

behavior. 

Once the data are collected, preprocessing operations are performed to improve data quality. The dataset is examined 

for missing values and inconsistencies, after which the records are arranged chronologically to preserve the sequential 

nature of stock market data. The closing price is selected as the primary feature for prediction, and the values are 

normalized using the MinMaxScaler technique to improve the efficiency and stability of the learning process. 

The normalized data are then converted into sequential samples using a 60-day sliding window. Each sequence 

represents the stock prices of the previous sixty trading days and serves as the input for predicting the closing price of 

the following trading day. This sequential representation enables the LSTM model to learn temporal dependencies and 

identify hidden patterns within historical stock price movements. 

After preprocessing, the sequential data are supplied to the trained LSTM model. The model analyzes historical trends, 

learns long-term relationships between stock prices, and generates future price predictions. The predicted values are 

converted back to their original scale and forwarded to the visualization module, where they are presented alongside 

historical prices and technical indicators. 

The integration of efficient data preprocessing with the LSTM prediction model enables the proposed system to generate 

reliable forecasting results while ensuring that the prediction process remains accurate, scalable, and suitable for real-

world financial analysis. 

6.3 Technical Analysis Module 

The Technical Analysis Module enhances the proposed system by providing analytical indicators that assist users in 

understanding stock market trends and price movements. In addition to the predictions generated by the LSTM model, 

this module performs technical analysis using the 20-day Moving Average (MA20) and 50-day Moving Average 

(MA50), which are widely used by investors to evaluate short-term and medium-term market behavior. 

The module automatically calculates MA20 and MA50 from the historical closing prices of the selected stock. The 

MA20 indicator represents the average closing price over the previous twenty trading days, while MA50 represents the 

average closing price over the previous fifty trading days. These indicators help smooth short-term price fluctuations 

and provide a clearer view of the overall market trend. 

To identify the market direction, the system compares the current stock price with the calculated moving averages. When 

the current price remains above both MA20 and MA50, with MA20 positioned above MA50, the system identifies a 

bullish trend. Conversely, when the current price falls below both moving averages and MA20 remains below MA50, 

the market is classified as bearish. If neither condition is satisfied, the system indicates a neutral market trend. 

The calculated technical indicators are presented through interactive visualizations, including candlestick charts and 

trend graphs. These graphical representations enable users to compare historical stock prices with moving averages, 

identify trend changes, and interpret market behavior more effectively. The integration of technical analysis with deep 
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learning predictions provides users with additional analytical support, allowing them to validate prediction results using 

established financial indicators. 

Overall, the Technical Analysis Module complements the LSTM prediction model by combining forecasting with 

market trend analysis, thereby improving the reliability, interpretability, and practical usefulness of the proposed stock 

market analysis system. 

6.4 Intelligent Financial Chatbot and Dashboard 

The Intelligent Financial Chatbot and Dashboard Module serves as the primary user interface of the proposed system by 

integrating stock market prediction, technical analysis, and financial guidance into a single interactive platform. The 

module is developed using the Streamlit framework, which enables users to access analytical tools through a simple, 

responsive, and web-based interface. 

The dashboard allows users to select a stock symbol and retrieve its historical market data for analysis. After the stock 

is selected, the system displays historical price movements, predicted stock prices, candlestick charts, moving average 

(MA20 and MA50) indicators, and market trend information. Interactive charts and graphical visualizations enable users 

to analyze stock performance efficiently and compare historical data with the predicted results generated by the LSTM 

model. 

An intelligent financial chatbot is integrated into the dashboard to provide immediate assistance for stock market-related 

queries. The chatbot operates using a rule-based keyword matching mechanism that identifies relevant keywords from 

user input and returns predefined responses from its knowledge base. It provides explanations of stock market concepts, 

technical indicators, investment terminology, and basic trading principles, thereby helping users better understand the 

analytical information presented by the system. 

The integration of the chatbot within the dashboard eliminates the need for users to switch between multiple applications 

while performing stock market analysis. Prediction results, technical indicators, graphical visualizations, and financial 

guidance are available within a unified interface, improving usability and enhancing the overall user experience.  

Overall, the Intelligent Financial Chatbot and Dashboard Module provides an efficient and user-friendly environment 

that combines forecasting, visualization, and interactive financial assistance, making the proposed system suitable for 

students, researchers, and beginner investors. 

6.5 System Workflow and Advantages 

The proposed system follows a systematic workflow that integrates data acquisition, preprocessing, prediction, technical 

analysis, visualization, and user interaction into a unified framework. Initially, the user selects a stock symbol through 

the Streamlit dashboard. The system then retrieves the corresponding historical stock market data from the Yahoo 

Finance database using the yFinance library. The collected data are preprocessed by removing inconsistencies, arranging 

the records chronologically, and normalizing the closing prices before they are supplied to the LSTM prediction model. 

The trained LSTM model analyzes the historical stock price sequences and predicts the future closing price of the 

selected stock. Simultaneously, the system calculates the 20-day moving average (MA20) and 50-day moving average 

(MA50) to evaluate short-term and medium-term market trends. Based on these indicators, the system identifies whether 

the market is bullish, bearish, or neutral. All analytical results, including historical prices, predicted values, moving 

averages, candlestick charts, and trend information, are displayed through the interactive dashboard. 

The integrated financial chatbot operates alongside the dashboard by responding to stock market-related queries using a 

predefined knowledge base. This feature enables users to understand financial concepts, technical indicators, and 

prediction results without leaving the application. The interaction between all modules ensures a smooth flow of 
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information from data collection to prediction and visualization, thereby providing a comprehensive stock market 

analysis platform. 

The complete architecture and workflow of the proposed system are illustrated in Figure 6.1 (System Architecture 

Diagram) and Figures 6.2.1 and 6.2.2 (Data Flow Diagram) and Figure 6.3 (Use Case Diagram), which demonstrate 

the interaction among all functional modules from stock data collection to user interaction. 

 

Figure 6.2.1 

 

Figure 6.2.2 
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Figure 6.3 

 

7. Experimental Results and Functional Testing 

7.1 Experimental Setup 

The proposed AI-powered Stock Market Prediction and Analysis System was implemented and evaluated to assess its 

performance in forecasting stock prices, performing technical analysis, and providing interactive financial assistance. 

The experimental setup was designed to verify the functionality of each system component under a real-world stock 

market analysis environment. 

The application was developed using Python as the primary programming language. The user interface and dashboard 

were implemented using the Streamlit framework, while historical stock market data were obtained through the 

yFinance library. Data preprocessing operations, including normalization and sequence generation, were performed 

using Pandas, NumPy, and Scikit-learn. The TensorFlow/Keras framework was utilized to develop and execute the 

Long Short-Term Memory (LSTM) model for stock price prediction. Interactive charts and graphical visualizations were 

generated using Plotly. 

The experiments were conducted using historical stock market data containing daily trading information such as Open, 

High, Low, Close, Volume, and Date. The collected data were preprocessed before being supplied to the LSTM model 

for training and prediction. The generated prediction results were compared with historical market trends and displayed 

through the interactive dashboard along with technical indicators and candlestick charts. 

The experimental evaluation focused on verifying the operational performance of the proposed system, including stock 

data retrieval, data preprocessing, LSTM-based prediction, technical analysis using MA20 and MA50, dashboard 

visualization, and chatbot response generation. The results obtained from these experiments demonstrate the 

effectiveness of the proposed system in providing reliable stock market analysis and an interactive user experience. 

7.2 Stock Price Prediction Results 

The primary objective of the proposed system is to predict future stock prices using the Long Short-Term Memory 

(LSTM) deep learning model. After completing data preprocessing and model training, the system generates predicted 

closing prices based on historical stock market data. The prediction results are displayed through the Streamlit 

dashboard, enabling users to compare forecasted prices with actual historical market values. 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 08 Augustl-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              18 

 

The trained LSTM model successfully learns the temporal patterns present in historical stock price data and produces 

future price estimates for the selected stock. The predicted values closely follow the overall trend of the historical closing 

prices, demonstrating the model's capability to capture long-term dependencies within financial time-series data. 

Although minor deviations are observed during periods of high market volatility, the prediction results remain consistent 

with the general market movement. 

To improve result interpretation, the predicted stock prices are presented graphically alongside the historical closing 

prices. This comparison allows users to evaluate the prediction accuracy visually and understand the relationship 

between actual and forecasted values. The visualization also enables users to identify upward trends, downward trends, 

and stable market conditions more effectively. 

The prediction results indicate that the LSTM model provides meaningful forecasts by learning historical price behavior 

rather than relying solely on statistical averages. The integration of prediction outputs with technical indicators and 

interactive visualizations further enhances the usability of the system by allowing users to interpret market trends from 

multiple perspectives. 

Overall, the experimental results demonstrate that the LSTM-based prediction model effectively supports stock market 

forecasting and serves as a reliable component of the proposed AI-powered stock market prediction and analysis system. 

7.3 Technical Analysis Results 

The Technical Analysis Module was evaluated to verify its ability to identify market trends and provide meaningful 

visual insights using historical stock market data. The system successfully calculated the 20-day moving average 

(MA20) and 50-day moving average (MA50) for the selected stocks and displayed these indicators alongside the 

historical price data through the interactive dashboard. 

The calculated moving averages effectively smoothed short-term price fluctuations, enabling users to observe the overall 

market direction more clearly. The MA20 indicator reflected short-term price movements, whereas the MA50 indicator 

represented medium-term market trends. By comparing these indicators with the current stock price, the system 

successfully identified market conditions as bullish, bearish, or neutral according to the implemented trend analysis 

rules. 

The dashboard also generated interactive candlestick charts, allowing users to examine daily stock price movements, 

including opening, closing, highest, and lowest prices. These visualizations provided a comprehensive representation of 

market behavior and complemented the prediction results produced by the LSTM model. The integration of moving 

averages with candlestick charts enabled users to analyze trend changes and validate prediction outcomes more 

effectively. 

The experimental results confirmed that the Technical Analysis Module functioned correctly by generating accurate 

moving averages, identifying market trends, and presenting financial information through clear visual representations. 

The combination of technical indicators and graphical visualization enhanced the interpretability of stock market data 

and improved the overall analytical capability of the proposed system. 

7.4 Functional Testing 

Functional testing was performed to verify that each module of the proposed system operates according to the specified 

requirements. The testing process evaluated the major functionalities, including historical stock data retrieval, LSTM-

based stock price prediction, technical analysis, dashboard visualization, and chatbot response generation. The results 

confirmed that all core modules functioned correctly and produced the expected outputs. 
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Table 7.1 Functional Testing Results 

Test ID Test Case Expected Result Actual Result Status 

FT-01 
Historical Stock 

Data Retrieval 

Historical stock data should be 

successfully retrieved from 

Yahoo Finance. 

Historical stock data retrieved successfully. Pass 

FT-02 
LSTM Stock Price 

Prediction 

The system should predict the 

future stock price based on 

historical data. 

Future stock price predicted successfully. Pass 

FT-03 

Moving Average 

Calculation (MA20 

& MA50) 

MA20 and MA50 should be 

calculated correctly and 

displayed. 

Moving averages calculated and displayed 

accurately. 
Pass 

FT-04 
Dashboard 

Visualization 

Charts, prediction results, and 

technical indicators should be 

displayed correctly. 

Dashboard displayed all visualizations 

successfully. 
Pass 

FT-05 
Financial Chatbot 

Response 

Chatbot should return the 

correct response for stock 

market queries. 

Chatbot responded correctly to predefined 

queries. 
Pass 

The functional testing results demonstrate that all major components of the proposed system operated successfully 

without functional errors. Historical stock data were retrieved accurately, the LSTM model generated future stock price 

predictions, the technical analysis module calculated MA20 and MA50 correctly, the Streamlit dashboard displayed 

interactive visualizations, and the financial chatbot provided appropriate responses to user queries. These results confirm 

that the proposed system satisfies its functional requirements and provides a reliable platform for stock market prediction 

and analysis. 

7.5 Discussion of Results 

The experimental evaluation demonstrates that the proposed AI-powered Stock Market Prediction and Analysis System 

effectively integrates deep learning, technical analysis, and interactive financial assistance into a unified platform. The 

LSTM model successfully learned historical stock price patterns and generated future stock price predictions that closely 

followed the overall market trend. Although slight variations were observed during periods of high market volatility, the 

prediction results remained consistent with the historical behavior of the selected stocks. 

The Technical Analysis Module further improved the interpretation of market trends through the calculation of the 20-

day Moving Average (MA20) and 50-day Moving Average (MA50). These indicators enabled users to identify bullish, 

bearish, and neutral market conditions, while the candlestick charts provided a detailed visualization of daily price 

movements. The combination of predictive analytics and technical indicators offered a more comprehensive 

understanding of stock market behavior. 

The Streamlit dashboard successfully integrated all system components into a single user-friendly interface. Historical 

stock data, predicted prices, technical indicators, and interactive visualizations were displayed efficiently, allowing users 

to analyze market performance without requiring advanced technical knowledge. The integrated financial chatbot further 

enhanced the user experience by providing immediate responses to common stock market queries and simplifying 

financial concepts for beginners. 
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The functional testing results confirmed that all major modules operated according to the system requirements. Stock 

data retrieval, data preprocessing, LSTM prediction, technical analysis, dashboard visualization, and chatbot interaction 

were executed successfully without functional issues. The modular architecture also demonstrated good scalability, 

allowing future enhancements such as real-time financial news integration, sentiment analysis, and advanced deep 

learning models. 

Overall, the experimental results validate the effectiveness of the proposed system as an intelligent decision-support 

platform for stock market analysis. The integration of prediction, visualization, and financial guidance provides users 

with a practical and reliable environment for understanding market trends and supporting informed investment decisions. 

Refer the Figure 7.1 (2D structure Daigram). 

                                                                            
Figure 7.1 

                                                                       

8. Advantages and Limitations 

Advantages 

• The proposed system integrates stock price prediction, technical analysis, and financial guidance into a 

single application. 

• The LSTM deep learning model effectively captures long-term dependencies in historical stock market 

data, improving prediction capability. 

• The system provides interactive visualization through candlestick charts, line graphs, and technical 

indicators for better market interpretation. 

• The implementation of MA20 and MA50 indicators assists users in identifying short-term and medium-

term market trends. 

• The Streamlit-based dashboard offers a simple, responsive, and user-friendly interface for efficient stock 

market analysis. 
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• The intelligent financial chatbot provides instant responses to stock market-related queries, making the 

system suitable for beginner investors and students. 

• The modular architecture simplifies system maintenance and allows future integration of additional 

analytical features and prediction models. 

• The proposed framework serves as an educational and decision-support tool for learning and 

understanding stock market behavior. 

Limitations 

• The prediction model relies primarily on historical stock price data and may not fully capture sudden 

market fluctuations. 

• External factors such as economic policies, geopolitical events, company announcements, and investor 

sentiment are not considered in the prediction process. 

• The chatbot is based on predefined rules and keyword matching, limiting its ability to answer complex 

or unexpected financial questions. 

• Prediction accuracy may vary depending on the selected stock, market conditions, and the availability 

of historical data. 

• The current implementation focuses on daily historical stock data and does not support high-frequency 

or intraday trading analysis. 

• The system does not provide automated trading, portfolio optimization, or personalized investment 

recommendations. 

• Internet connectivity is required to retrieve the latest historical stock market data from Yahoo Finance. 

• The current model uses only the LSTM algorithm; incorporating additional deep learning models or 

ensemble techniques may further improve forecasting performance. 

 

9. Future Scope 

The proposed system provides a strong foundation for further research and development in AI-driven financial analytics. 

Future improvements may include the integration of real-time financial news and sentiment analysis to enhance 

prediction accuracy by considering market events and investor opinions. Advanced deep learning models, such as Gated 

Recurrent Units (GRU), Transformer networks, and hybrid prediction models, can also be incorporated to improve 

forecasting performance. 

The AI chatbot can be upgraded using advanced Natural Language Processing (NLP) techniques and Large Language 

Models (LLMs) such as GPT or Gemini to provide more intelligent, context-aware, and conversational responses. Future 

versions of the application may also include personalized portfolio management, real-time news sentiment analysis, 

cloud deployment, mobile application support, user authentication, and automated investment recommendations, making 

the platform more powerful, scalable, and suitable for real-world financial analysis. 

The financial chatbot can be upgraded by integrating natural language processing (NLP) techniques and large language 

models (LLMs) to provide more intelligent and context-aware responses. Additional features such as portfolio 

management, personalized investment recommendations, risk assessment, and mobile application support can further 

improve user experience. These enhancements will transform the proposed system into a more comprehensive financial 

decision-support platform suitable for practical investment analysis and future research applications. 

10. Conclusion 

This research presented an AI-powered stock market prediction and analysis system that integrates Long Short-Term 

Memory (LSTM) deep learning, technical analysis, and an intelligent financial chatbot within a unified Streamlit-based 
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dashboard. The proposed system successfully retrieves historical stock market data, preprocesses the dataset, predicts 

future stock prices using the LSTM model, performs trend analysis through MA20 and MA50 indicators, and provides 

interactive visualizations to support stock market analysis. 

The development of this project strengthened my technical skills in Python programming, API integration, data 

processing with Pandas, interactive visualization using Plotly, and web application development with Streamlit. It also 

enhanced my understanding of the Software Development Life Cycle (SDLC), problem-solving techniques, debugging, 

and system testing. Overall, this project served as a valuable learning experience and provided a strong foundation for 

developing intelligent, data-driven applications in real-world environments. 

Overall, the proposed system demonstrates the practical application of deep learning in financial forecasting and 

provides a scalable framework for future enhancements, including sentiment analysis, advanced forecasting models, and 

real-time market intelligence. The developed application serves as an effective decision-support tool that contributes to 

intelligent stock market analysis and investment planning. 
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