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I. INTRODUCTION 

 
Stock market investment, a cornerstone of global 
business, has experienced unprecedented growth, 
becoming a lucrative, yet complex field [1,2]. 
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 [3–5]. 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 [6]. 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 [7,8]. 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. 
 

II. LITERATURE SURVEY 
 
The prediction of stock market trends has long been 
a challenging and heavily researched area in financial 
computing. Traditional approaches largely relied on 
supervised learning models such as Artificial Neural 
Networks (ANN), Support Vector Machines (SVM), 
and Random Forests, which utilize historical price 
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data and technical indicators to forecast future stock 
movements. However, these models often fall short 
in adapting to dynamic market environments and 
external factors like news or investor sentiment. 
With the rise of deep learning, more sophisticated 
architectures such as Convolutional Neural Networks 
(CNNs), Recurrent Neural Networks (RNNs), and 
Long Short-Term Memory (LSTM) networks have 
been adopted for time series analysis due to their 
ability to capture temporal dependencies. LSTM, in 
particular, has shown promise in financial 
forecasting, though its application is limited in real-
time trading scenarios where decision-making is 
critical. Reinforcement Learning (RL) has emerged as 
a powerful alternative, enabling models to learn 
optimal trading strategies through environment 
interaction. 
 
 Despite these advancements, standalone RL models 
often lack contextual awareness from unstructured 
textual data, which plays a vital role in market 
fluctuations. Recent studies have attempted hybrid 
solutions, combining LSTM with sentiment analysis 
to improve decision support. However, 
comprehensive frameworks integrating deep 
reinforcement learning with sentiment analysis and 
robust preprocessing methods remain scarce. 
 To Networks (DQN), LSTM, NLP techniques (BERT + 
TF-IDF), and Variational Mode Decomposition (VMD) 
to deliver enhanced predictive accuracy and 
strategic decision-making in stock trading, 
particularly focusing on gold market data. 
 
Background 
This section provides essential context for 
understanding the research presented in 
this paper.  
 
Deep Learning 
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 bridge this 
gap, the present study introduces a novel 
architecture combining Deep Q- 
 

 
  
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. 
 
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 
pattern. 
 
Reinforcement Learning 
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, 
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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. 
 
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 [26,27]. 
 
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 [28]. 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. 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. 
 
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 [33]. 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 [34]. The 
actor-only approach estimates the gradient of the 
objective by maximizing rewards with respect to the 
policy parameters based on an estimate. The actor-
only approach is also known as the policy gradient 
method. Here, the policy function parameter will 
take the state and action as input to return the 
probability of the action in the state . Suppose θ is 
the policy parameter, Gt is the expected reward at 
time t, and the estimate for maximizing rewards is 
given in Equation . The actor–critic approach will 
form the policy as the actor will select actions, and 
the critic will evaluate the chosen actions. Hence, in 
this approach, the policy parameters θ will be 
adjusted for the actor to accelerate learning. The 
policy parameter θ of the actor is adjusted to 
maximize the total future reward. Policy learning is 
done by maximizing the value function 
 
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 Appl. Syst. Innov. 2023, 6, 106 8 of 
21 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 
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III. Sentiment Analysis 

 
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. 
 
Maximize the reward predicted by the critic. Here, 
the value function estimate for the current state is 
summed as a baseline to Proposed Novel 
Architecture for Stock Market Prediction 
This research is developed to predict stock prices by 
utilizing the DRL model, NLP, and the variational 
mode decomposition plus RNN. 
 
Sentiment Analysis Phase 
NLP will determine general sentiments from news 
releases or social media to integrate with state 
representation. Sentiment analysis is considered for 
better prediction because media and news influence 
stock movements. Sentiment analysis uses the 
models, namely, the multinomial classification model 
and BERT classifier, to evaluate the accuracy of 
sentiment prediction. More than one model can be 
applied by combining them to improve prediction 
accuracy. Here, NLP will demystify text data to solve 
the language problem. The approach is used to 
identify unexplored weaknesses in the model and to 
understand if media will play a role in predicting 
stock pricesmaximize the reward predicted by the 
critic. Here, the value function estimate for the 
current state is summed as a baseline to  
Proposed Novel Architecture for Stock Market 
Prediction 
This research is developed to predict stock prices by 
utilizing the DRL model, NLP, and the variational 
mode decomposition plus RNN. 
 
NLP will determine general sentiments from news 
releases or social media to integrate with state 
representation. Sentiment analysis is considered for 
better prediction because media and news influence 
stock movements. Sentiment analysis uses the 

models, namely, the multinomial classification model 
and BERT classifier, to evaluate the accuracy of 
sentiment prediction. More than one model can be 
applied by combining them to improve prediction 
accuracy. Here, NLP will demystify text data to solve 
the language problem. The approach is used to 
identify unexplored weaknesses in the model and to 
understand if media will play a role in predicting 
stock prices datasets to determine how the words 
are relevant in each dataset related to a particular 
stock. 
 

 
Sentiment Analysis Phase 

 
Price Prediction Phase 
In this crucial phase, historical data are meticulously 
gathered and utilized to generate accurate price 
predictions. Recognizing the inherent complexity of 
stock price data, our approach employs long short-
term memory (LSTM) due to its efficacy in handling 
temporal dependencies within time series data. 
Stock prices often exhibit noise, making direct 
analysis challenging. To mitigate this challenge, the 
raw signal undergoes a preprocessing step using 
variational mode decomposition (VMD) before 
being fed into the LSTM network as illustrated in 
Figure 7. VMD plays a pivotal role in enhancing the 
quality of our predictions. Its unique ability lies in 
effectively handling noisy data and isolating 
essential features. Unlike other methods, VMD excels 
in feature selection, making it robust against noise 
interference. By identifying the intricate relationship 
between the asset and market sentiment, VMD 
provides a solid foundation for our analysis. The 
architecture leverages the VMD component to 
address the complexities of real-world signals, which 
often comprise multiple frequency components. 
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VMD achieves this by employing distinct filters to 
separate these components. The filtering process, 
based on intrinsic mode functions (IMFs), proves 
instrumental in denoising the signals, ensuring that 
the subsequent time series data are clear and 
reliable. During the VMD phase, the input signal is 
intelligently divided into five sub-signals. 
 In sentiment analysis, the neural classifier TF-IDF 
(term frequency–inverse document frequency) is 
used. This algorithm will use the frequency of words 
in the news or media  
  

 
 
The Deep Reinforcement Learning Phase 
The last phase is the DRL model, from which the final 
decision is generated. The input to this phase is the 
output from the sentiment analysis module, the 
predicted prices from the LSTM, and some technical 
indicators. The DRL used in this phase is deep Q 
learning with a reply buffer. The neural network is 
trained to generate the Q values for all the possible 
actions based on the current environment state, 
which is fed to the neural network as input. 
 
Implementation and Discussion of Results 
The implementation of our framework is carried out 
utilizing cloud GPUs, leveraging the advantages of 
cloud computing for enhanced processing 
capabilities. Rigorous evaluation and fine-tuning of 
each code module are conducted to ensure optimal 
accuracy at every phase. The efficiency of the 
proposed framework is comprehensively evaluated 
and compared with benchmark trading strategies to 
validate its effectiveness preprocessing models are 
tested to determine the most accurate algorithm. 
 
Implementation 
The proposed framework for stock market prediction 
integrates sentiment analysis, time series 
forecasting, and deep reinforcement learning to 

generate trading decisions. Initially, historical stock 
price data were collected using the Yahoo Finance 
API, while sentiment data were sourced from a 
publicly available Kaggle dataset containing financial 
news and tweets. The sentiment analysis module 
preprocesses textual data through tokenization, 
stop-word removal, stemming, and lemmatization. 
For feature extraction, a hybrid of Term Frequency–
Inverse Document Frequency (TF-IDF) and BERT 
embeddings was employed to capture both 
semantic weight and contextual meaning. These 
features were then used to train a neural network 
classifier to label news sentiments as positive or 
negative. In the forecasting phase, the raw stock 
prices were decomposed using Variational Mode 
Decomposition (VMD) to isolate meaningful signal 
components and reduce noise. The decomposed 
signals were fed into a Long Short-Term Memory 
(LSTM) network for next-day price prediction. The 
final decision-making module employed a Deep Q-
Network (DQN) that took as input the predicted 
prices, sentiment outputs, and technical indicators 
such as the Relative Strength Index (RSI) and 
Momentum (MOM). The agent was trained to learn 
optimal trading actions (buy, sell, hold) using 
experience replay and Q-value estimation. The entire 
system was implemented in Python using libraries 
such as PyTorch, Scikit-learn, NLTK, and 
HuggingFace 
 
In the sentiment analysis phase, various classification 
algorithms coupled with different 
 
Transformers. This integrated approach enabled the 
model to effectively analyze market trends and make 
intelligent, data-driven trading decisions. 
 

IV. CONCLUSION 
 
This research presents a comprehensive and 
innovative framework that combines natural 
language processing, deep learning, and 
reinforcement learning for stock market prediction, 
with a focus on gold price forecasting. By integrating 
sentiment analysis using BERT and TF-IDF, signal 
decomposition through Variational Mode 
Decomposition (VMD), price forecasting via LSTM, 
and decision-making through Deep Q-Networks 
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(DQN), the proposed system effectively captures 
both the quantitative and qualitative factors 
influencing stock prices. The results demonstrate 
that this hybrid architecture significantly 
outperforms traditional benchmarks such as buy-
and-hold and constant rebalanced portfolios in 
terms of accuracy, Sharpe ratio, and annualized 
returns. Furthermore, ablation studies confirm the 
crucial role of each component, particularly the use 
of VMD for noise reduction and sentiment analysis 
for enhancing decision context. Overall, this research 
not only advances the state-of-the-art in financial 
prediction systems but also provides a robust, 
modular, and scalable solution that can be extended 
to other financial assets beyond gold. Future work 
could explore real-time deployment, portfolio-level 
trading strategies and broader applications across 
dynamic markets. 
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