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Abstract: Financial markets' volatility, driven by economic, political, and psychological factors,
complicates stock price forecasting and investment decisions. This paper proposes a real-time stock
trend analysis and investment support system using a hybrid deep learning ensemble of GRU, LSTM, and
Transformer models with attention mechanisms for accurate price predictions from live API data (e.g.,
Yahoo Finance). It integrates K-means clustering for risk-based asset categorization (stocks, mutual
funds, gold, bonds), decision trees for personalized buy/hold/sell recommendations, and portfolio
optimization via MPT or reinforcement learning. An interactive dashboard visualizes trends, predictions,
and insights, empowering users with data-driven, diversified strategies to enhance returns and manage
risks.
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I. INTRODUCTION

The stock market operates as a highly dynamic and volatile environment, where asset prices fluctuate incessantly due to
a complex interplay of factors including geopolitical events, monetary policies, shifting investor sentiment, and
individual company performances. Accurately forecasting stock trends and deriving profitable investment strategies in
this landscape remains a formidable challenge for both retail and institutional investors, who rely on analytical tools to
discern patterns and mitigate financial risks. However, conventional forecasting approaches—such as ARIMA
statistical models, moving averages, and other technical indicators—frequently fall short in capturing the intricate,
nonlinear, and temporally dependent structures inherent in financial time-series data.

In recent years, deep learning (DL) and artificial intelligence (AI) have emerged as transformative paradigms for
handling large-scale, high-dimensional datasets, outperforming classical methods by automatically extracting hidden
features and modeling long- and short-term dependencies. Architectures like Long Short-Term Memory (LSTM)
networks, Gated Recurrent Units (GRU), and Transformer-based models with self-attention mechanisms have
demonstrated exceptional efficacy in time-series forecasting tasks. This paper presents a comprehensive Real-Time
Stock Trend Analysis and Investment Support Tool powered by DL, which seamlessly integrates real-time data
ingestion from reliable APIs (e.g., Yahoo Finance, Alpha Vantage, Finnhub), advanced hybrid prediction models, and
intelligent recommendation engines. By combining GRU-LSTM-Transformer fusion with variational autoencoders
(VAESs) for data denoising, K-means clustering for multi-asset risk categorization (stocks, mutual funds, gold, bonds),
decision trees/random forests for actionable buy/hold/sell signals, and Markowitz Modern Portfolio Theory (MPT) or
reinforcement learning for optimized portfolios, the system delivers interpretable insights via an interactive dashboard.
Ultimately, this framework bridges the divide between cutting-edge Al-driven predictions and practical investment
decision-making, laying the groundwork for autonomous financial advisory systems.
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II. SYSTEM REQUIREMENT:
A. Hardware Requirement

¢ Processor: Intel i5 or higher — to process large historical datasets and perform computations efficiently.
¢ RAM: Minimum 8 GB — required for loading datasets and training models without delays.
* Storage: At least 20 GB — to store historical datasets, trained models, and logs.

¢ GPU (Optional but Recommended): NVIDIA GTX 1050 or higher — accelerates training of LSTM, GRU,
and Transformer models.

* Internet Connection: High-speed, stable connection — essential for fetching real-time stock data and
streaming API updates

B.  Software Requirement

¢ Operating System: Windows 10 or Linux — standard platforms for Python and deep learning frameworks.

¢ Programming Language: Python 3.x — widely used for data processing, modeling, and API integration.

¢ Deep Learning Frameworks: TensorFlow, Keras, PyTorch — used to build and train models like GRU,
LSTM, and Transformer.

* Machine Learning Libraries: Scikit-learn, LightGBM, XGBoost — for clustering, ensemble learning, and
prediction refinement.

¢ Data Handling Libraries: Pandas, NumPy — to clean, organize, and process datasets efficiently.

*  Visualization Tools: Matplotlib, Seaborn, Plotly, Streamlit — for plotting trends, creating dashboards, and
displaying live predictions.

* Feature Engineering Libraries: pandas ta or ta-lib — to calculate technical indicators like RSI, MACD,
EMA, and Bollinger Bands.

C. Data Set Requirement
1. Training Module (Offline Historical Data)
For training the deep learning models, the system uses historical datasets covering multiple asset classes:
a) Stock:
»  Source: Yahoo Finance or Kaggle
»  Data: Daily OHLCV (Open, High, Low, Close, Volume, Adjusted Close) for NSE/BSE or S&P 500
»  Purpose: Teach the model patterns and trends in stock prices.

b) Gold:
»  Source: Kaggle or MCX India historical prices
«  Data: Daily open-close price, high-low, volume

e Purpose: Include alternative investment for portfolio analysis and risk diversification.

¢) Mutual Funds:
e Source: AMFI/ Value Research o Data: Historical NAV, returns, and fund type.
«  Purpose: Provide data for generating investment recommendations for low-risk options.

d) Government Bonds / Fixed Income:

«  Source: RBI or Quandl.

»  Data: Bond prices, yields, and interest rates.

»  Purpose: Include stable investment options in the advisory tool.
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e) Technical Indicators (Optional but Recommended):

»  Calculated from OHLCYV data: RSI, MACD, EMA, Bollinger Bands
e Purpose: Helps models understand market momentum, overbought/oversold conditions, and trends

Live Stock Prediction Module (Real-Time Data)

For real-time predictions and portfolio recommendations, the system uses live streaming data:

a) Yahoo Finance API:

»  Provides near real-time quotes, historical and daily updated stock prices.

»  Easyto access via Python finance library.

b) Alpha Vantage API (Free Tier)

«  Offers minute/hour/day-level stock data.

«  Useful for intraday predictions and live testing
¢) Optional:

«  Finn hub API or news/sentiment data for predicting market reactions based on news trends.

II1. SYSTEM ARCHITECTURE

Stock Intelligence System Architecture
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IV. MODULES DEVELOPED

A. Data Collection Module

The Data Collection Module is the first stage of the stock prediction system. It uses the Python yfinance library to
collect historical stock market data from Yahoo Finance. The user enters the stock symbol, start date, and end date, and
the system downloads important stock information such as Open, High, Low, Close, and Volume (OHLCV). After
collecting the data, the module cleans missing or incorrect values to ensure accurate input for the machine learning
model. This module acts as the foundation of the entire prediction system.

B. Data Preprocessing & Feature Engineering Module

The Data Preprocessing & Feature Engineering Module converts raw stock market data into meaningful information
that can be used by machine learning models. It removes missing values and creates important technical indicators such
as Moving Average (MA20), RSI, MACD, and Returns to identify market trends, momentum, and volatility. The
module also prepares sequential data suitable for deep learning models like LSTM and GRU, helping improve the
accuracy of stock price predictions.

= Stock Intelligence Dashboard

Model Configuration

Stock:
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Date Range:
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Feature Set:
Close

® Volume
® OHLCV

Fig. 2. Data Preprocessing & Feature Engineering Module

C. Direction Prediction Module (Classification Model)

The Direction Prediction Module is the core Al component of the system that predicts whether a stock price will move
UP or DOWN. It is built using TensorFlow and Keras with deep learning architectures like LSTM and GRU. The
LSTM layer captures long-term market patterns, while the GRU layer learns short-term dependencies from past stock
data. The model takes the previous 60 time steps as input and outputs a probability value between 0 and 1. Based on
this probability, the system generates a BUY or SELL prediction, helping users understand market direction and make
investment decisions.

Fig. 3. Direction Prediction Module
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D. Price Forecasting Module (Regression Model)

The Price Forecasting Module predicts future stock prices for the next few days using an LSTM and GRU-based
regression model. The model analyzes past stock market data and forecasts the next 10 days’ closing prices. It uses an
iterative prediction method, where each predicted value becomes the input for the next prediction step. The system can
also convert predicted prices into OHLC candle data for better visualization and trend analysis. This module helps
investors with numerical forecasting, investment planning, and understanding future market trends.

E.  Risk Analysis Module

The Risk Analysis Module evaluates the risk level of a stock based on market volatility. It first calculates stock returns
using percentage changes in closing prices, then measures volatility using standard deviation. Based on the volatility
value, the system classifies the stock risk as High, Moderate, or Low. This module helps investors understand potential
financial risk, avoid risky investments, and make better investment decisions with more financial realism.

Fig. 4. Risk Analysis Module
F.  Market Sentiment Analysis Module

The Market Sentiment Analysis Module identifies whether the market sentiment is Bullish, Bearish, or Neutral using
the RSI (Relative Strength Index) indicator. The system analyzes RSI values and applies logic-based rules to classify
market conditions. Higher RSI values indicate bullish market momentum, while lower RSI values indicate bearish
conditions. Based on these calculations, the module labels the market as Strong Bullish, Bullish, Neutral, Bearish, or
Strong Bearish. This helps users better understand market behavior and makes the prediction results more intuitive and
easier to interpret.

M ntiment

7 Strong Bearish

Fig. 5. Market Sentiment Analysis Module

G. Feature Contribution Module (Explainable Al)

The Feature Contribution Module explains how much each input feature affects the stock prediction result. It calculates
the correlation between features such as RSI, MA20, Volume, Open, High, Low, and stock returns to determine their
importance. The contribution values are then converted into percentages and displayed as a bar chart for easy
visualization. This Explainable AI (XAI) approach helps users understand which features influence the prediction the
most, increasing trust, transparency, and academic value of the Al model.
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Fig. 6. Feature Contribution Module

H. API & Backend Module

The API & Backend Module manages communication between the frontend interface and the machine learning models.
It is built using FastAPI and provides API endpoints such as "POST /predict’ to handle user requests. When a user
sends input data, the backend performs data fetching, feature engineering, and model prediction processes, then returns
the prediction results in JSON format. This module connects all components of the system, enables real-time
interaction, and makes the application scalable and efficient.

I Visualization & Dashboard Module

The Visualization & Dashboard Module provides a graphical interface to display stock predictions and analytical
insights in an easy-to-understand format. It is built using HTML, Tailwind CSS, and Chart.js to create interactive and
user-friendly dashboards. The module displays candlestick charts, prediction metrics such as RMSE, MAE, and MAPE,
confidence bars, and feature contribution charts. This helps users visually analyze stock trends, understand model
performance, and interact with the prediction system more effectively.
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Fig. 7. Price Prediction
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A.  Investment Analysis Module

The Investment Analysis Module evaluates different investment options such as stocks, mutual funds, gold, and bank
bonds based on their risk and return levels. The system analyzes historical market data, calculates returns, measures
volatility, and classifies the risk associated with each asset. Stocks are identified as high-risk with higher returns,
mutual funds as medium-risk, gold as low-risk, and bank bonds as very low-risk investments. This module helps users
compare investment options and choose suitable assets according to their financial goals and risk tolerance.

i Mutual Funds

Fig. 8. Investment Analysis Module

B.  Mutual Fund Investment Support

The Mutual Fund Investment Support Module analyzes different types of mutual funds such as Equity, Debt, and Hybrid
funds based on risk, expected returns, and investment duration. The system collects and categorizes mutual fund data,
calculates risk and return levels, and recommends the most suitable investment option for the user. It uses machine
learning techniques like Decision Tree, Random Forest, and K-Means, along with deep learning models such as DNN
and LSTM, to provide personalized and data-driven recommendations. This module also helps users compare multiple
mutual funds and supports beginner-friendly investment planning.

Mutual Fund Investment Support

By |

B%-15%

Fig. 9. Mutual Fund Investment Support Module

C. Gold Investment Support

The Gold Investment Support Module nalyses different gold investment options such as Physical Gold, Digital Gold, and
Gold ETFs based on market trends, risk, and stability. The system collects historical gold price and market data, studies
price trends and volatility, and recommends the safest and most suitable investment option. It uses machine learning
and deep learning techniques like K-Means, Decision Tree, DNN, and LSTM to provide trend-based and data-driven
suggestions. The module also displays gold price trend graphs on the dashboard, helping users make informed low-risk
investment decisions.

Glf st Sppot

Fig. 10. Gold Investment Support Module
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D. Compare Investment Options

First, data about Mutual Funds, Gold, and Bank Bonds is collected. Then, the system analyzes the level of risk and how
easily the investment can be converted into cash (liquidity). After processing the data, the results are displayed in a
simple comparison table so users can quickly understand which option is safer, riskier, or more flexible for investment
decisions

Compare Ivesmen Ot

o Find

Fig. 11. Compare Investment Option

E. Portfolio Optimization Module

First, the system collects investment data related to Mutual Funds, Gold, and Bank Bonds. Then, it analyzes and extracts
important factors like risk level and liquidity. Using machine learning techniques such as K-Means clustering and
Decision Tree or Random Forest models, the investments are grouped and compared. Finally, the results are displayed
in a simple table or visual format so users can easily understand and choose the best investment option according to
their needs.

M investment Recommendation
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Fig. 12.Portfolio Optimization Module

F. Visualization & Dashboard Module

First, it gathers outputs from different analysis and optimization modules. Then, the data is processed and organized to
create charts, tables, cards, and graphs such as line charts and pie charts. These visuals are displayed on the dashboard
so users can easily understand investment performance, risk, returns, and trends. The system can also use ML/DL
techniques to predict future trends and improve data analysis.

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/568 507

7 1ssN W)
4 2581-0429 5

B\ IJARSCT /¢




( IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
I JARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal gD €O
ISSN: 2581-9429 Volume 6, Issue 10, May 2026 Impact Factor: 8.2

@ Investment Support Dashboard X

C 127.00.1:55 k T i tm Summarize(f) &

= Stock Intelligence Dashboard

7 Stocks (Top Toch)

Mutual Fund Investment Support Gold Investment Support

o
n.2%

Al Recommendation

Gold s the best performer at 10.235%. t's the safest 'Safe Haven' right
now.

21,50,000

Fig. 13.Investment Page

V. ADVANTAGES OF THE PROPOSED SYSTEM
1) Real-Time Prediction
The system continuously collects live financial data from APIs, enabling real-time stock trend analysis and faster
investment decisions.
2) High Prediction Accuracy
By using advanced deep learning models like LSTM, GRU, and Transformers, the system can capture complex market
patterns and improve forecasting accuracy.
3) Handles Complex Market Data
Techniques such as Autoencoders and Variational Autoencoders (VAE) help clean noisy and unpredictable financial
data, making predictions more stable and reliable.
4) Automated Investment Support
The tool not only predicts stock trends but also provides buy, hold, and sell recommendations along with portfolio
suggestions for better decision-making.
5)  Supports Multiple Investment Options
It analyzes different asset classes such as stocks, mutual funds, gold, and bonds, helping users diversify investments
and reduce financial risk.
6) Risk Classification
Machine learning techniques like clustering classify investments into different risk categories, helping users understand
safer and riskier options easily.
7) Interactive Dashboard Visualization
The system displays outputs through charts, graphs, and dashboards, making financial analysis simple and
understandable even for non-technical users.
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VI. DISADVANTAGES OF THE PROPOSED SYSTEM
1) High Computational Cost
Deep learning models like LSTM, GRU, and Transformers require powerful hardware, more memory, and longer
processing time.
2) Prediction Uncertainty
Stock market prices are highly volatile and affected by unexpected events, so predictions may not always be accurate.
3) Dependency on APIs and Internet
The system depends on real-time financial APIs and internet connectivity. Any API failure or slow network can affect
system performance.
4) Requires Regular Model Updates
Financial markets change continuously, so the Al models must be retrained frequently to maintain prediction accuracy.

VII. CONCLUSION
The proposed Real-Time Stock Trend Analysis and Investment Support System Using Deep Learning presents an
advanced and intelligent approach for financial forecasting and investment decision-making. Traditional stock market
prediction methods often fail to handle the highly dynamic, non-linear, and volatile nature of financial markets. To
overcome these limitations, the system integrates powerful deep learning techniques such as LSTM, GRU, and
Transformer models along with machine learning algorithms to provide more accurate and reliable stock trend
predictions.
The system is designed to collect and process real-time financial data from APIs like Yahoo Finance and Alpha
Vantage, enabling users to receive updated market insights instantly. Through modules such as data collection,
preprocessing, risk analysis, market sentiment analysis, price forecasting, and portfolio optimization, the platform
offers a complete financial analysis environment. It not only predicts stock price movements but also provides practical
investment support through buy, hold, and sell recommendations.
An important strength of the project is its ability to analyze multiple investment options including stocks, mutual funds,
gold, and bank bonds. By comparing these assets based on risk, return, and liquidity, the system helps users make
smarter and more diversified investment decisions. The inclusion of machine learning techniques like K-Means
clustering, Decision Trees, Random Forests, and Explainable Al (XAI) improves transparency, risk classification, and
recommendation quality.
The interactive dashboard and visualization modules make complex financial information easy to understand through
charts, graphs, cards, and analytical reports. This user-friendly interface allows both technical and non-technical users
to monitor market trends, analyze predictions, and understand investment strategies effectively. Additionally, the use of
Al-based forecasting and trend analysis increases the practical value of the system in real-world financial applications.
Overall, the project successfully demonstrates how artificial intelligence, deep learning, and real-time analytics can be
combined to build a smart financial advisory platform. The system helps investors reduce risk, improve decision-
making, and gain better insights into market behavior. In the future, the project can be further enhanced by integrating
news sentiment analysis, reinforcement learning, blockchain-based security, and more advanced predictive models to
create a fully autonomous Al-driven investment assistant.
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