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Abstract: The stock market is an interlinked and fast-changing financial ecosystem shaped by many economic, political
and psychological forces. This thus creates considerable difficulty for both investor and analyst in accurately forecasting
stock price movements. With the advent of Al in recent past a lot of research has focused on improving forecast precision
for assisting in better trading decision making. The paper critically evaluates the previous research on Al-propelled stock
market prediction in three main fields: Machine Learning (ML), Deep Learning (DL), and Reinforcement Learning (RL)
methodologies. While machine learning techniques such as Support Vector Machines (SVM) and Random Forests stand
out, the discussion also brings together recent developments in deep learning architectures like Recurrent Neural
Networks (RNN) and Long Short-Term Memory (LSTM) networks. It also covers reinforcement learning approaches for
optimizing automated trading schemes. The review demonstrates how sentiment analysis and hybrid architectures have
an impact on predictive efficacy. It describes the main results, comparative evaluations and gaps that are found in the
present research to provide a structured information on the recent evolution in this area. It's hoped that through this work,
researchers and practitioners will find a treasure trove of knowledge when creating intelligent and effective stock market
advisory systems.

Keywords: Artificial Intelligence, Deep Learning, Machine Learning, Reinforcement Learning, Stock Market Prediction,
Trading Strategy.

l. INTRODUCTION

The stock market plays a crucial role in the global economy by enabling capital formation and wealth generation.
However, predicting stock price movements remains one of the most challenging tasks due to the highly dynamic,
nonlinear, and stochastic nature of financial markets. Stock prices are influenced by multiple factors, including economic
indicators, geopolitical events, company performance, investor sentiment, and market volatility. Traditional statistical
approaches such as regression models and time-series forecasting techniques have been widely used in early financial
prediction systems; however, these models often struggle to capture complex nonlinear patterns and long-term
dependencies present in financial data [1], [4].

In recent years, Atrtificial Intelligence (Al) techniques have emerged as powerful tools for financial forecasting and
trading decision support. Machine Learning (ML) algorithms such as Support Vector Machines, Decision Trees, and
Random Forests have been extensively applied for stock trend classification and price prediction tasks [1], [3]. These
models improve predictive capability by learning nonlinear relationships from historical market data and technical
indicators. Nevertheless, traditional ML approaches require significant feature engineering and may not effectively model
sequential dependencies in time-series data [4].
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Deep Learning (DL) methods have further advanced stock market prediction by automatically extracting hierarchical
features from large datasets. Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks are
particularly suitable for sequential financial data due to their ability to capture long-term temporal dependencies and
mitigate the vanishing gradient problem [5], [6]. Several studies have demonstrated that deep learning architectures
outperform conventional machine learning models in terms of prediction accuracy and robustness [7], [8].

Additionally, Reinforcement Learning (RL) has gained increasing attention for developing automated trading systems
that focus on strategy optimization rather than mere price forecasting [9], [10]. RL-based models enable agents to learn
optimal buy, sell, or hold actions through interaction with market environments, thereby supporting dynamic portfolio
management and adaptive trading strategies [11], [12].

The main contributions of this review are threefold: (i) systematic categorization of Machine Learning, Deep Learning,
and Reinforcement Learning techniques applied to stock market prediction, (ii) comparative evaluation of hybrid and
sentiment-based models to analyze their strengths and limitations, and (iii) identification of major research gaps and
future directions for building intelligent and adaptive Al-driven trading advisory systems.

Despite significant advancements, there remains a need for a structured and comprehensive understanding of the
evolution, strengths, limitations, and integration of various Al-based techniques applied to stock market prediction.
Therefore, this study presents a systematic literature review of Machine Learning, Deep Learning, and Reinforcement
Learning approaches, along with hybrid and sentiment-based models, to identify current research trends, challenges, and
future directions for developing intelligent and efficient stock market advisory systems.

1. LITERATURE REVIEW

A. Machine Learning Approaches

Machine Learning (ML) techniques were among the earliest Al techniques applied in stock market prediction. Traditional
supervised learning algorithms such as Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), Decision Trees,
and Random Forests are widely used for stock price predictions and market classification [1], [2]. These models depend
on historical price data, technical indicators, and engineered features to model future value predictions. Several studies
showed that SVM and ensemble methods can show better performance than well-established statistical models because
of their ability to handle nonlinear relationships [3], [4]. Random Forest and Gradient Boosting approaches are very
robust to overfitting and increase the stability of prediction ability. Traditional ML models, however, often require
extensive feature engineering and may struggle to capture long-term temporal dependencies present in financial time-
series data [4].

B. Deep Learning Techniques

Deep Learning (DL) has brought tremendous improvements to stock market prediction through automatic extraction of
complex patterns from raw financial data. Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM)
networks have been used for sequential time-series modeling [5], [6], as they show high effectiveness for model
representations. The vanishing gradient problem and the long-range dependencies in stock price movement are addressed
by LSTM networks. Other recent studies examined hybrid architectures like stacked LSTM and CNN-LSTM maodels for
improved performance [7], [8]. While deep learning models can provide better accuracy than traditional ML methods,
they require large datasets, computational resources, and careful hyperparameter tuning.

C. Reinforcement Learning in Stock Trading

Reinforcement Learning (RL) presents a decision-making framework by which an agent interacts with a trading
environment to maximize cumulative reward [9], [10]. Relative to supervised learning models predicting prices, RL is
aimed at optimizing trading strategies. Such models as Q-Learning, DQN, and policy gradient have been used in
automated trading systems [11], [12]. Dynamic portfolio management and adaptive trading decisions under uncertain
market conditions can be achieved using RL-based models. But there will always be problems in formulating the right
reward functions, managing market volatility and achieving training stability [10].

D. Hybrid Models and Sentiment Analysis

Recent works have focused on the necessity of utilizing a variety of Al strategies for improving prediction performance.
Hybrid models that use LSTM in combination with reinforcement learning or with sentiment analysis of financial news
and social media have shown promising results [13], [14]. Investor sentiment, which is a key determinant in market
behavior [15], [16], is surfaced using natural language processing (NLP) methods. Incorporating technical indicators,
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historical data, and sentiment features can give model robustness [17], [18]. However, problems of noisy textual data,
real-time processing constraints, and explainability are still issues of research.

E. Comparative Analysis of Existing Studies

Table I. Comparative Analysis of Existing Al-Based Stock Market Prediction Studies.

Ref Method Used Key Technique | Dataset Type Strengths Limitations
No.
[1] Machine Learning SVM Historical price Good classification Needs feature
data accuracy engineering
[2] ML Survey Statistical + ML Market + Comprehensive Limited DL coverage
methods technical comparison
indicators
[3] Machine Learning | Random Forest | Stock exchange Handles nonlinear Limited temporal
data data well modeling
[4] ML Survey Multiple ML Financial time- Decade-wide No real-time trading
algorithms series evaluation focus
[5] Deep Learning LSTM Sequential stock | Captures long-term Computationally
data dependencies expensive
[6] Deep Learning LSTM Historical price Solves vanishing Needs large datasets
data gradient problem
[7] Deep Learning Stacked LSTM | Stock price data | Higher accuracy than Overfitting risk
single LSTM
[8] DL Review CNN +LSTM | Financial time- Automatic feature Training complexity
series extraction
9] Reinforcement RL Agent Simulated Strategy optimization Reward design
Learning trading difficulty
[10] Reinforcement DQN High-frequency Adaptive trading Training instability
Learning data decisions
[11] Deep RL DRL-based Market data Real-time automation Requires tuning
trading
[12] DRL Ensemble Dynamic Stock time- Improves robustness Model complexity
Ensemble RL series
[13] NLP + ML Sentiment Financial news Captures market Noisy textual data
Analysis sentiment
[14] Hybrid Model DRL + News + stock Combines price + High processing cost
Sentiment data emotion
[15] NLP Text-based Financial text Improves prediction | Language ambiguity
Sentiment accuracy
[16] NLP Accounting + Financial Enhances Domain dependency
NLP reports transparency analysis
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[17] Hybrid DL Multiple DL Technical + Improved High computation
models historical data generalization
[18] Hybrid Al Al + ML Market Better forecast Complex integration
ensemble indicators stability

111.PROPOSED INTEGRATED Al FRAMEWORK (CONCEPTUAL MODEL)

Based on the comprehensive review of existing literature, this section proposes a conceptual Artificial Intelligence (Al)-
based Stock Market Trading Strategy Advisor framework that integrates Deep Learning, Reinforcement Learning, and
Sentiment Analysis techniques. The framework is derived from observed research trends and aims to provide a unified
structure that combines price forecasting and trading strategy optimization within a single intelligent system.

The proposed conceptual model consists of four major components: data acquisition, data preprocessing, predictive
modeling, and strategy optimization. The objective of integrating these components is to enhance prediction accuracy,
adaptability, and decision-making efficiency in dynamic financial environments.

In the first stage, data acquisition involves collecting structured and unstructured financial information. Structured data
includes historical stock market records such as open, high, low, close, and volume (OHLCV) values over a defined time
horizon. Unstructured data includes financial news headlines, market reports, and sentiment-rich textual content from
relevant sources. The integration of both numerical and textual data enables the framework to capture not only
quantitative price trends but also qualitative investor sentiment that significantly influences market behavior.

The second stage focuses on data preprocessing. Numerical financial data is cleaned to handle missing values and
anomalies, followed by normalization or scaling to ensure stable model training. For textual data, Natural Language
Processing (NLP) techniques such as tokenization, stop-word removal, and sentiment polarity scoring are applied.
Sentiment scores derived from financial text are transformed into numerical indicators and aligned temporally with
corresponding stock price data. This integration creates a multi-feature dataset combining technical and sentiment-based
attributes.

The predictive modeling component utilizes a Long Short-Term Memory (LSTM) network due to its effectiveness in
handling sequential time-series data and capturing long-term dependencies in stock price movements. The LSTM model
learns complex nonlinear patterns from historical data and sentiment-enhanced inputs to forecast future price trends. In
practical implementation scenarios, the dataset can be divided into training and testing subsets to evaluate generalization
capability using performance metrics such as Root Mean Square Error (RMSE) or Mean Absolute Error (MAE).

To enhance decision-making beyond price prediction, a Reinforcement Learning (RL) agent is incorporated into the
framework. Unlike supervised learning models that focus solely on forecasting, the RL agent interacts with a simulated
trading environment to learn optimal buy, sell, or hold actions. The agent aims to maximize cumulative rewards while
considering market volatility and risk constraints. This dual integration of LSTM-based forecasting and RL-based
strategy optimization enables the system to function as a comprehensive trading advisory framework rather than a
standalone prediction model.

The final stage involves conceptual deployment considerations. In real-world applications, such an integrated Al
framework can be implemented using scalable machine learning libraries and deployed through web-based or cloud-
supported platforms to provide real-time market insights. Emphasis on explainability mechanisms can further enhance
investor trust and model transparency.

Overall, the proposed conceptual framework highlights how hybrid integration of Deep Learning, Reinforcement
Learning, and Sentiment Analysis can address existing research gaps and provide a structured pathway toward intelligent,
adaptive, and scalable stock market trading advisory systems.

V. RESEARCH GAPS

Despite significant advancements in Artificial Intelligence-based stock market prediction, several limitations and
research gaps remain evident in the existing literature. First, many traditional Machine Learning models rely heavily on
manual feature engineering and predefined technical indicators, which may not fully capture complex market dynamics.
These models often fail to adapt effectively to sudden market fluctuations and high volatility conditions.

Second, although Deep Learning models such as LSTM and hybrid architectures have demonstrated improved forecasting
performance, they typically require large volumes of historical data and substantial computational resources. Moreover,
many studies focus primarily on prediction accuracy without adequately addressing model interpretability, making it
difficult for investors to understand the reasoning behind generated predictions.
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Third, while Reinforcement Learning approaches aim to optimize trading strategies, challenges remain in designing
robust reward functions and ensuring stable training in real-world market environments. Transaction costs, risk
management constraints, and live market uncertainties are frequently overlooked in experimental setups.

Additionally, limited research has explored fully integrated frameworks that combine price forecasting, sentiment
analysis, and trading strategy optimization within a unified system. Real-time deployment and explainable Al
mechanisms remain underdeveloped areas. These gaps highlight the need for more comprehensive, adaptive, and
interpretable Al-driven stock market advisory systems.

V. CONCLUSION

This paper presented a comprehensive review of Artificial Intelligence techniques applied to stock market prediction and
trading strategy development. Machine Learning, Deep Learning, and Reinforcement Learning approaches were
systematically examined to analyze their strengths, limitations, and practical relevance in financial forecasting. While
traditional ML models provide structured and interpretable solutions, Deep Learning models such as LSTM demonstrate
superior capability in capturing nonlinear and temporal dependencies. Reinforcement Learning further enhances trading
systems by enabling adaptive and strategy-driven decision-making.

The review highlights that hybrid frameworks integrating price data, sentiment analysis, and strategy optimization offer
improved robustness and predictive stability. However, challenges related to interpretability, scalability, and real-time
deployment remain open research areas. Future work should focus on developing explainable, scalable, and unified Al-
based trading advisory systems capable of operating effectively in dynamic financial environments.
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