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Stock market investment, a cornerstone of global business, has experienced unprecedented growth, becoming a

lucrative, yet complex field. Predictive models, powered by cutting-edge technologies like artificial intelligence (AI),

sentiment analysis, and machine learning algorithms, have emerged to guide investors in their decision-making

processes.
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1. Introduction

Stock market investment, a cornerstone of global business, has experienced unprecedented growth, becoming a

lucrative, yet complex field . Predictive models, powered by cutting-edge technologies like artificial intelligence

(AI), sentiment analysis, and machine learning algorithms, have emerged to guide investors in their decision-

making processes . Key among these techniques are convolutional neural networks (CNNs), recurrent neural

networks (RNNs), and long short-term memory (LSTM), all rooted in neural network methodologies. These

intelligent software systems assist traders and investors in augmenting their trading strategies . However, existing

predictive models struggle to adapt swiftly to unforeseen market events, influenced by intricate external factors

such as economic trends, market dynamics, firm growth, consumer prices, and industry-specific shifts. These

factors impact stock prices, leading to unpredictable outcomes . Hence, a fundamental analysis integrating

economic factors and the ability to analyze financial news and events is imperative. Historical datasets,

fundamental to stock models, often contain noisy data, demanding meticulous handling for accurate predictions.

The volatile nature of stock markets, characterized by rapid fluctuations, requires precise predictions . Diverse

sources of stock market data, including media, news headlines, articles, and tweets, play a crucial role. Natural

language processing (NLP) algorithms, particularly sentiment analysis, enable the extraction of sentiments from

social media, news feeds, or emails. Sentiments are categorized as positive, negative, or neutral through machine

learning (ML) or deep learning (DL) algorithms.

2. Stock Market Prediction Using Deep Reinforcement
Learning
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Stock price prediction efforts have centered on supervised learning techniques, such as neural networks, random

forests, and regression methods . A detailed analysis by authors  underscored the dependency of supervised

models on historical data, revealing constraints that often lead to inaccurate predictions. In a separate study ,

speech and deep learning (DL) techniques were applied to stock prediction using Google stock datasets from

NASDAQ. The research demonstrated that employing 2D principal component analysis (PCA) with deep neural

networks (DNN) outperformed the results obtained with two-directional PCA combined with radial bias function

neural network (RBFNN), highlighting the efficacy of specific methodologies in enhancing accuracy. Another

comprehensive survey  explored various DL methods, including CNN, LSTM, DNN, RNN, RL, and others, in

conjunction with natural language processing (NLP) and WaveNet. Utilizing datasets sourced from foreign

exchange stocks in Forex markets, the study employed metrics like mean absolute percentage error (MAPE), root

mean square error (RMSE), mean square error (MSE), and the Sharpe ratio to evaluate performance. The findings

highlighted the prominence of RL and DNN in stock prediction research, indicating the increasing popularity of

these methods in financial modeling. While this study covered a wide array of prediction techniques, it notably

emphasized the absence of results related to combining multiple DL methods for stock prediction. In a different

studies , four DL models utilizing data from NYSE and NSE markets were examined: MLP, RNN, CNN, and

LSTM. These models, when trained separately, identified trend patterns in stock markets, providing insights into

shared dynamics between the two stock markets. Notably, the CNN-based model exhibited superior results in

predicting stock prices for specific businesses. However, this study did not explore hybrid networks, leaving

unexplored potential in creating combined models for stock prediction. Additionally, advances in machine learning

have led to considerable progress in speech recognition, language processing, and image classification across

various applications . Researchers have applied digital signal processing methods to stock data, particularly

focusing on time series data analysis . Moreover, reinforcement learning (RL) has emerged as a method

capable of overcoming the limitations of traditional supervised learning approaches. By combining financial asset

price prediction with the allocation step, RL algorithms can make optimal decisions in the complex stock market

environment . While LSTM techniques have been extensively researched for stock prediction due to their ability

to efficiently process large datasets, challenges arise from the need for substantial historical data and considerable

computational resources . A critical issue with LSTM models is their limited capacity to offer rational decisions to

investors, such as whether to buy, sell, or retain stocks based on predictions . However, a recent study 

demonstrated the potential of combining LSTM with sentiment analysis, providing valuable support to stock

investors in decision-making processes. Furthermore, researchers have explored support vector machine (SVM)

techniques in time series prediction. Despite their accuracy, SVM models require extensive datasets and involve

time-consuming training processes . In the comprehensive review of existing literature, it became evident that

both supervised and unsupervised machine learning models have limitations, despite their efficiency in predicting

time series data. Researchers have identified specific challenges associated with raw data characteristics, leading

to barriers to accurate stock market predictions .

3. Background

3.1. Deep Learning
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Artificial neural networks (ANNs) replicate the complex operations of the human brain, enabling tasks such as

classification and regression. ANNs comprise interconnected neurons organized in layers. Traditionally limited to a

few layers due to computational constraints, modern ANNs, powered by GPUs and TPUs, support numerous

hidden layers, enhancing their ability to detect nonlinear patterns as shown in Figure 1. Deep learning with ANNs

finds applications in diverse fields, including computer vision, health care, and predictive analysis.

Figure 1. The architecture of an artificial neural network.

3.2. Recurrent Neural Network

Recurrent neural networks (RNNs) excel in processing sequential data. They possess a memory feature, retaining

information from previous steps in a sequence as shown in Figure 2. RNNs incorporate inputs (“x”), outputs (“h”),

and hidden neurons (“A”). A self-loop on hidden neurons signifies input from the previous time step (“t − 1”).

However, RNNs face challenges like the vanishing gradient problem, mitigated by techniques like long short-term

memory (LSTM) units. For instance, if the input sequence comprises six days of stock opening price data, the

network unfurls into six layers, each corresponding to the opening stock price of a single day. However, a

significant challenge confronting RNNs is the vanishing gradient problem, which has been effectively addressed

through various techniques, including the incorporation of long short-term memory (LSTM) units into the network.
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Figure 2. Unfolded recurrent neural network.

3.3. LSTM

LSTM enhances RNNs’ memory, crucial for handling sequential financial data. LSTM units, integrated into RNNs,

have three gates: input gate (i), forget gate (f), and output gate (o). These gates use sigmoid functions to write,

delete, and read information, addressing long-term dependencies and preserving data patterns. In the LSTM

architecture illustrated in Figure 3, three gates play pivotal roles:

Figure 3. LSTM architecture.

Input Gate (i): This gate facilitates the addition of new information to the cell state.

Forget Gate (f): The forget gate selectively discards information that is no longer relevant or required by the

model.

Output Gate (o): Responsible for choosing the information to be presented as the output.

Each of these gates operates utilizing sigmoid functions, transforming values into a range from zero to one. This

mechanism empowers LSTMs to adeptly write, delete, and read information from their memory, rendering them

exceptionally skilled at handling long-term dependencies and preserving crucial patterns in data. Crucially, LSTMs

address the challenge of the vanishing gradient, ensuring that gradient values remain steep enough during training.
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This characteristic significantly reduces training times and markedly enhances accuracy, establishing LSTMs as a

foundational technology in the domain of sequence prediction, especially for intricate datasets prevalent in financial

markets.

3.4. Reinforcement Learning

Reinforcement learning involves an agent making decisions in different scenarios. It comprises the agent,

environment, actions, rewards, and observations. Reinforcement learning faces challenges such as excessive

reinforcements and high computational costs, especially for complex problems. The dynamics of reinforcement

learning are encapsulated in Figure 4, illustrating the interaction between the agent and its environment. Notably,

states in this framework are stochastic, meaning the agent remains unaware of the subsequent state, even when

repeating the same action.

Figure 4. The reinforcement learning process.

Within the realm of reinforcement learning, several crucial quantities are determined:

Reward: A scalar value from the environment that evaluates the preceding action. Rewards can be positive or

negative, contingent upon the nature of the environment and the agent’s action.

Policy: This guides the agent in deciding the subsequent action based on the current state, helping the agent

navigate its actions effectively.

Value (V): Represents the long-term return, factoring in discount rates, rather than focusing solely on short-term

rewards (R).

Action Value: Like the reward value, but incorporates additional parameters from the current action. This metric

guides the agent in optimizing its actions within the given environment.
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Despite the advantages of reinforcement learning over supervised learning models, it does come with certain

drawbacks. These challenges include issues related to excessive reinforcements, which can lead to erroneous

outcomes. Additionally, reinforcement learning methods are primarily employed for solving intricate problems,

requiring substantial volumes of data and significant computational resources. The maintenance costs associated

with this approach are also notably high.

This study focuses on predicting gold prices based on next-day tweets sourced from news and media datasets.

Gold prices exhibit rapid fluctuations daily, necessitating a robust prediction strategy. To achieve accurate

predictions, this research employs a comprehensive approach integrating deep reinforcement learning (DRL), long

short-term memory (LSTM), variational mode decomposition (VMD), and natural language processing (NLP). The

prediction time spans from 2012 to 2019, utilizing tweets related to gold prices. DRL is enhanced by incorporating

sentiment analysis of media news feeds and Twitter data, elevating prediction accuracy. The dataset used for this

analysis was retrieved from the link https://www.kaggle.com/datasets/ankurzing/sentiment-analysis-in-commodity-

market-gold accessed on 1 February 2023. This dataset, spanning from 2000 to 2021, encompasses diverse news

sources and is meticulously classified as positive or negative by financial experts, ensuring the robustness and

reliability of the data.

3.5. Deep Reinforcement Learning

Reinforcement learning (RL) operates as a trial-and-error methodology aimed at maximizing desired outcomes.

Deep reinforcement learning (DRL) combines principles of deep learning and RL, where neural networks are

trained to generate values crucial for reinforcement learning, as illustrated in Figure 5. DRL leverages prior

learning from the environment and applies this knowledge to new datasets, enhancing its adaptability and learning

capabilities. This approach revolves around a value function, defining the actions undertaken by the agent. In the

realm of RL, the state is inherently stochastic, mirroring the inherent randomness and transitions found in variables

within dynamic environments like stock markets. These variables shift between states based on underlying

assumptions and probabilistic rules . The Markov decision process (MDP) serves as a fundamental

framework for modeling stochastic processes involving random variables. MDPs are instrumental in describing RL

problems, particularly in managing tasks within rapidly changing environments . Within the RL framework, the

agent, functioning as a learner or decision-maker, interacts with the environment. In the context of MDP, the

interactions between the agent and the environment define the learning process. At each step, denoted as t ∈ {1,

2, 3, …, T}, the agent receives information about the current state of the environment, represented as s_t ∈ S.

Based on this information, the agent selects and executes an action, denoted as a_t ∈ A. Subsequently, if the

agent transitions to a new state, the environment provides a reward, R_(t + 1) ∈ R, to the agent as feedback,

influencing the quality of future actions. This iterative process encapsulates the essence of MDPs in RL problem-

solving, forming a crucial foundation for adaptive learning strategies.

[26][27]
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Figure 5. The DRL process.

3.6. Classification of the DRL Algorithms

Learning in DRL is based on actor or action learning, where policy learning is done to perform the best action at

each state. The policy is obtained from data, and this learning continues with actions based on the learned policy.

The agent will be trained in reinforcement learning based on critic-only, actor-only, and critic–actor approaches. RL

algorithms are classified based on these three approaches .

In the critic-only approach, the algorithm will learn to estimate the value function by using a method known as

generalized policy iteration (GPI). GPI involves the steps of policy evaluation, i.e., determining how good a given

policy is and the next step of policy improvement. Here, the policy is improved by selecting greedy actions in

relation to value functions obtained from the evaluation step. In this manner, the optimal policy is achieved .

3.7. Natural Language Processing

Natural language processing (NLP) analyzes natural languages such as English, French, etc., and makes

computer systems interpret texts like humans. The human language is complicated to understand; hence, this is an

ever-evolving field with endless applications. Every sentence should pass a preprocessing phase with six steps to

build any NLP model. First is the tokenization phase, in which the sentence is split into a group of words. Second,

the lowercasing phase converts every word to its lowercase form. Third, the stop words do not impact the

sentence’s meaning, so they are removed in this step. Fourth, every word is transformed into its root word in the

steaming phase. Last, the lemmatization phase reduces the number of characters representing the word. After this

preprocessing phase, there is the feature extraction in which the sentence is transformed from its textual

representation into a mathematical representation called word embedding. Many word embedding approaches

have been developed over the years. The classical approaches involve wrod2vec and Glove, while the modern

ones include BERT.

3.8. Sentiment Analysis
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Sentiment analysis aims to identify the opinion toward a product from a text. There are three modes toward a

product: positive, negative, and neutral. Two main approaches are used in sentiment analysis: the supervised

approach and the lexicon approach. In the supervised approach, the sentences are provided to the classification

model along with their label, positive or negative. Then, the sentences are transformed into vectors, and the model

makes a classification for these vectors.

On the other hand, the lexicon-based approach relies on the language dictionary itself. The model has a list of

positive and negative words. The sentences are divided into words, each with a semantic score. Finally, the model

calculates the total semantics of the sentence and decides whether it is a positive or negative sentence.

3.9. TFIDF

TF-IDF stands for term frequency–inverse document frequency. It is used for document search by getting a query

as input and finding the relevant documents as output. It is a statistical analysis technique used to know the

importance of a word inside a document. It calculates the frequency of a word inside a document, compares it with

the frequency of the word inside all documents, and compares the two values. The assumption is that if the word is

repeated many times in a document and rarely appears in other documents, this means that this word is vital for

this document.

3.10. BERT

Bidirectional encoder representations from transformers (BERT) is based on deep learning transformers for natural

language processing. BERT is trained bidirectionally, which means it analyzes the word and the surrounding words

in both directions. Reading in both directions allows the model to understand the context deeply. BERT models are

already pretrained, so they already know the word representation and the relationships between them. BERT is a

generic model that can be fine-tuned for specific tasks like sentiment analysis tasks. BERT contains a stack of

transformers, each consisting of an encoder and decoder network. It has two versions, the base version and the

large one, which gives the best results compared to any other model.
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