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Abstract: Financial markets can be influenced by quantitative price movements or by qualitative behavioral factors such 

as news sentiment and investor psychology. Historical stock prediction models are traditionally based on data, but they 

are usually not good for finding any trading decisions and tend to fail us. This paper presents an AI stock market trading 

strategy advisor system that combines Long Short-Term Memory (LSTM) networks (for price prediction) with FinBERT-

based Natural Language Processing (NLP) using financial sentiment and Deep Q-Network (DQN) reinforcement learning 

as deep neural networks for intelligent decision making. It simulates actual trading conditions using historical market 

data and financial news. The LSTM module predicts future price trends, FinBERT estimates sentiment based on financial 

headlines, and the DQN agent learns with regard to the return and sentiment signal the best trading decisions including 

Buy / Sell / Hold in the market based on the expected values and direction of the returns. Experimental study shows that 

the integrated strategy of this approach in their experimental implementation enables better decision-making support than 

the classic strategies based on combining technical forecasting with behavior-based decision support, because their 

combination is more effective than the application-level forecasting approach. 
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I. INTRODUCTION 

 

Stock market prediction has long been considered a complex task due to its volatile and non-linear nature. Traditional 

forecasting approaches primarily rely on historical price trends and technical indicators to estimate future market behavior 

[4], [5]. However, real-world financial markets are influenced not only by past data but also by qualitative factors such 

as financial news, investor sentiment, and market perception [8], [9]. 

 

Recent advancements in Natural Language Processing (NLP), particularly models like FinBERT, have enabled the 

extraction of sentiment from financial text data, providing valuable contextual insights into market trends [20]. In parallel, 

reinforcement learning techniques such as Deep Q-Networks (DQN) have been explored for automated trading decisions 

by learning optimal strategies through interaction with market environments [14]. 

 

This paper proposes an AI-based stock market trading strategy advisor that integrates LSTM-based price prediction, 

FinBERT-driven sentiment analysis, and a Deep Q-Network (DQN) reinforcement learning agent into a unified 

framework for intelligent trading decision support. 
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II. LITERATURE SURVEY 

 

Machine learning models such as LSTM have demonstrated effectiveness in capturing time-series patterns in stock price 

prediction [6], but they often overlook external influences such as market sentiment. Sentiment analysis techniques using 

NLP have been applied to understand the impact of financial news on stock movements [9]; however, they lack the 

capability to generate trading decisions. 

 

Reinforcement learning approaches such as DQN enable automated trading strategies [24], yet many existing systems 

rely solely on technical indicators without integrating predictive insights or behavioral signals. Therefore, there is a need 

for an integrated framework combining prediction, sentiment analysis, and intelligent decision-making. 

 

III. PROPOSED SYSTEM 

 

This paper proposes an AI-based stock market trading strategy advisor that integrates prediction, sentiment analysis, and 

intelligent decision-making into a unified framework. The system consists of three core modules. The first module uses 

a Long Short-Term Memory (LSTM) network to analyze historical stock data and forecast future price trends. The second 

module employs FinBERT-based Natural Language Processing to evaluate financial news sentiment and capture 

behavioral market signals. The third module utilizes a Deep Q-Network (DQN) reinforcement learning agent to generate 

trading decisions such as Buy, Sell, or Hold based on predicted returns, sentiment scores, and technical indicators. By 

combining time-series forecasting with sentiment understanding and adaptive learning, the proposed system moves 

beyond traditional prediction models and provides a decision-support mechanism for trading strategy formulation. 

 

 
Fig 1: Architecture of the Proposed AI-Based Trading Strategy Advisor 

 

IV.   SYSTEM ARCHITECTURE 

 

The proposed system is designed as a multi-layer framework that integrates prediction, sentiment analysis, and decision-

making components to generate intelligent trading strategies. The architecture begins with the collection of historical 

stock market data and financial news headlines from reliable sources such as Yahoo Finance. The historical price data is 

processed by the LSTM module to forecast future price movements, while the financial news headlines are analyzed 

using the FinBERT-based sentiment analysis module to extract positive, negative, or neutral sentiment signals. 

 

The outputs from both the LSTM prediction module and the sentiment analysis module are combined with technical 

indicators such as SMA50, SMA200, and trading volume to form the input state for the Deep Q-Network (DQN) 

reinforcement learning agent. The DQN agent learns optimal trading policies by evaluating market conditions and 

generates actionable decisions in the form of Buy, Sell, or Hold signals. 

 

This layered architecture enables the system to integrate technical trends with behavioral insights, allowing adaptive and 

informed trading strategy formulation rather than relying solely on traditional prediction models. 

 

V.   METHODOLOGY 

 

The methodology includes data collection, prediction, sentiment analysis, and decision-making stages. Historical market 

data is used to train the LSTM model, while financial news is processed using FinBERT to determine sentiment. The 

predicted returns are calculated using: 

 

                           Predicted Return = (Predicted Price − Current Price) / Current Price 
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These values, along with technical indicators, form the state input for the DQN agent, which learns optimal trading 

strategies. 

 

The predicted returns from the LSTM model and sentiment scores from FinBERT are combined with technical indicators 

to form the state input for the Deep Q-Network (DQN) reinforcement learning agent. The DQN agent learns optimal 

trading strategies based on market conditions and generates trading decisions in the form of Buy, Sell, or Hold actions, 

enabling the integration of quantitative forecasting with behavioral insights for improved decision support. 

 

VI.  IMPLEMENTATION 

 

The proposed system was implemented through the following stages: 

• Historical stock data was collected using financial APIs for training and evaluation.  

• Data preprocessing was performed to extract relevant features such as price trends, volume, SMA50, and SMA200.  

• An LSTM model was developed to forecast future stock price movements.  

• Financial news headlines were processed using the FinBERT model to extract sentiment scores.  

• Sentiment outputs were categorized into positive, negative, or neutral signals.  

• The predicted returns and sentiment scores were combined with technical indicators to form the state input.  

• A Deep Q-Network (DQN) reinforcement learning agent was implemented to learn optimal trading strategies.  

• The DQN agent generated trading actions in the form of Buy, Sell, or Hold decisions.  

• The overall system was developed using machine learning and reinforcement learning libraries to integrate prediction, 

sentiment analysis, and decision-making into a unified framework. 

 

VII.   EXPERIMENTAL SETUP 

 

The proposed system was evaluated using historical stock market data obtained from Yahoo Finance. The dataset includes 

key market indicators such as price and volume along with technical indicators like SMA50 and SMA200. The model 

was tested on selected global and Indian stocks to analyze performance under different market conditions. 

 

The LSTM model was used for price prediction, FinBERT for sentiment analysis of financial news, and a Deep Q-

Network (DQN) agent for generating trading decisions. The system performance was evaluated by comparing the AI-

based strategy with a traditional Buy-and-Hold approach. 

 

VIII.   RESULT ANALYSIS 

 

The performance of the proposed AI-based trading strategy advisor was evaluated by comparing its outcomes with a 

traditional Buy-and-Hold approach. The system utilized LSTM for price prediction, FinBERT for sentiment analysis, 

and a Deep Q-Network (DQN) agent for generating trading decisions based on market conditions.The implementation 

results are demonstrated through system interface visualization, model training progress, and strategy performance 

comparison. 

 

Table 1: Performance Metrics of Proposed AI Strategy 

 

Metric Value 

Sharpe Ratio 0.6110 

Max Drawdown -0.3440 

Total Return 0.3030 

 

The performance metrics indicate stable returns and controlled risk under the proposed AI-based strategy. 
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Table 2: Model Comparison 

 

Model Used Prediction Capability Sentiment Awareness Decision Making 

LSTM Yes No No 

FinBERT No Yes No 

DQN Limited No Yes 

Proposed System Yes Yes Yes 

 

The proposed integrated system outperforms individual models by combining prediction, sentiment analysis, and 

decision-making capabilities. 

 

 
Fig 2: Streamlit-Based Interface for AI Trading Strategy Analysis 

 

 
Fig 3: LSTM Model Training Performance 
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Fig 4: Training Progress of DQN Reinforcement Learning Agent 

 

 
Fig 5: Equity Growth using AI-Based Trading Strategy 
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Fig 6: Comparison between AI Strategy and Traditional Buy-and-Hold Approach 

 

The results indicate that the proposed system provides improved decision-support capability by adapting to both technical 

trends and sentiment signals. Unlike traditional strategies that rely solely on market trends, the AI-based approach 

dynamically adjusts trading actions in response to predicted returns and market sentiment. 

 

The integration of prediction, sentiment understanding, and reinforcement learning enabled the system to make informed 

Buy, Sell, or Hold decisions, contributing to more stable trading behavior under varying market conditions. 

                                         

IX.  ADVANTAGES 

 

The proposed AI-based trading strategy advisor offers several advantages over traditional prediction systems: 

• Combines technical price trends with behavioral sentiment analysis  

• Provides actionable trading decisions instead of only predictions  

• Adapts dynamically to changing market conditions using reinforcement learning  

• Reduces reliance on manual interpretation of market signals  

• Supports both global and Indian stock market analysis  

• Integrates forecasting, sentiment understanding, and decision-making into a unified framework 

 

X.   CONCLUSION 

 

This paper presented an AI-based stock market trading strategy advisor that integrates LSTM-based price prediction, 

FinBERT sentiment analysis, and a Deep Q-Network (DQN) reinforcement learning agent into a unified framework. 

Unlike traditional models that focus only on forecasting, the proposed system combines technical trends with behavioral 

insights to generate actionable trading decisions. 

 

The integration of prediction, sentiment understanding, and adaptive learning enables the system to respond effectively 

to changing market conditions. The results demonstrate that the proposed approach enhances decision-support capability 

and contributes toward intelligent trading strategy formulation. 

 

XI.   FUTURE WORK 

 

The proposed system can be further enhanced by incorporating real-time data integration for live trading analysis. Future 

improvements may include portfolio optimization using multi-stock strategies and the implementation of advanced 

reinforcement learning techniques for improved decision-making. Additionally, integrating risk management 

mechanisms and expanding the system to support multi-agent trading environments can further strengthen its practical 

applicability. 
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