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Abstract—There is a great deal of room for inaccuracy, speculation, fast price fluctuations, and ambiguity when
tweeting about the Bitcoin price. Using the Q learning method to get accurate Bitcoin price projections is not
feasible because to the intrinsic volatility and unpredictability of Twitter views. Bitcoin price volatility, the
likelihood of errors, and the difficulties in generating accurate results with the present Q learning strategy all
contribute to the fact that there is no certain method to predict Bitcoin values using Twitter views. The suggested
Q-learning approach is an effort to address these concerns; it places a higher value on enhanced accuracy, precision,
and flexibility than on lowering volatility and uncertainty in Twitter-based prediction models. One of the major
challenges in achieving reliable Bitcoin price predictions is training Q-learning to handle the dynamic nature of
sentiment data from Twitter. With Bitcoin price estimates based on Twitter perspectives inherently unstable and
prone to speculation, the suggested Q-learning technique aims to overcome these shortcomings. As an example, it
is difficult to draw accurate inferences from Twitter sentiment data because of the wide range of opinions expressed
within, as this data is always changing. The suggested Q learning method for Bitcoin price forecasting using Twitter
views surpasses the current system in terms of accuracy, precision, and flexibility by mitigating the system's
intrinsic volatility and uncertainty while maintaining a competitive degree of temporal complexity.

Keywords: Bitcoin Price Predictions, Q Learning Approach, Volatility Mitigation, Twitter Opinion-Based
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1. Introduction

Predicting Bitcoin values based on Twitter remarks has always been fraught with conjecture and unknowns. A more
dependable and accurate approach is required for forecasting since these forecasts are so unexpected, with their
rapid fluctuations and possible mistakes caused by several sources. The inherent ambiguity and diversity of Twitter
opinions makes it such that the conventional Q learning method, even when used as a basis for prediction models,
struggles to achieve accuracy.

According to the challenge description, predicting the value of Bitcoin using comments expressed on Twitter is a
very uncertain and subjective process. Quick oscillations, probable errors, and accuracy worries are foundational
to the existing Q learning technique and the source of the issue. The importance of Bitcoin to the financial system
makes it all the more urgent to develop a more accurate prediction model. Improving accuracy, precision, and
flexibility are the primary objectives of the suggested Q learning method. This study aims to manage the intricacies
of these difficulties by focusing on minimising uncertainty and volatility in predictions made from Twitter views.

Improving Bitcoin price forecasts using Twitter views is the main goal of this study. We use a Q learning method
to do this. The model's stated goal is to address the accuracy issues brought on by sentiment volatility; this will help
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alleviate worries about instability and speculation. An further challenge that the suggested model seeks to solve is
how to adjust the Q learning method to fit the ever-changing nature of sentiment data retrieved from Twitter.
Making more accurate, precise, and adaptable Bitcoin price estimates is the goal of the project, which attempts to
replace the current technique with a more dependable one.

In instance, this research has the potential to radically change the methodology behind Bitcoin price estimates that
rely on Twitter preferences. It is critical to promote the development of more accurate bitcoin forecasting models
in order to address concerns related to speculation and volatility. Everyone from crypto fans and scholars to
practitioners attempting to stay up with the ever-changing industry may benefit from this study.

2. Research Methodology

2.1 Research Area:The study's overarching goal is to refine methods for forecasting Bitcoin values using data
collected from Twitter users' opinions. A more trustworthy and accurate method of predicting is clearly required
as these predictions are full of uncertainty and speculation, vulnerable to sudden changes, and may be inaccurate
due to a number of factors. The inherent ambiguity and diversity of Twitter emotions makes standard Q-learning
a tough approach to achieve accuracy with, even though it provides a solid basis for prediction models. The
purpose of this paper is to investigate the main problems with utilising Twitter views to forecast Bitcoin prices
and to provide solutions to these problems. To overcome the inherent speculation and uncertainty, the main aim
when utilising Twitter viewpoints to anticipate Bitcoin prices is to maximise accuracy, precision, and flexibility..
The secondary goal of this research is to provide light on the dynamic nature of Twitter sentiment data so that
academics and industry professionals may better foresee how the bitcoin market will behave. This research offers
a fresh perspective on the methodologies used to predict Bitcoin prices, which can be useful for academics,
cryptocurrency enthusiasts, and financial specialists.

2.2 Literature Review

Review of Existing Literature: The enormous speculation and market volatility make it very risky to try to
forecast the Bitcoin price using Twitter ideas. The fast volatility of these predictions, together with the fact that
they might be wrong for a variety of reasons (as shown in previous studies), makes them infamously difficult to
predict.. Research has shown time and time again that using the traditional Q learning strategy for forecasting is
not enough; a more robust and reliable methodology is required. Research has acknowledged the difficulties in
attaining accuracy because of the inherent unpredictability and ambiguity in Twitter opinions, which aligns with
the worries expressed in this study's issue statement. According to the study, there is a lot of guesswork and
ambiguity involved when trying to estimate Bitcoin prices from Twitter perspectives. The present Q learning
technique is associated with fast oscillations, possible errors, and accuracy problems, as highlighted in previous
publications. In keeping with the trajectory described in the literature, the suggested Q learning model aims to
improve the accuracy, precision, and flexibility of predictions made from Twitter views in order to reduce
volatility and uncertainty.

2.3 Existing System

Presently, the data presented in Improving Bitcoin Price Predictions is structured as follows: Topics covered in
"A Q Learning Approach to Mitigate Volatility and Uncertainty in Twitter Opinion-Based Forecasts" revolve
upon the difficulties of using Twitter views to forecast Bitcoin values. The usual Q learning technique, which is
the foundation of prediction models, has accuracy problems because of the ambiguity and variety in Twitter
opinions. Because these predictions are dependent on conjecture and unknowns, there is a higher chance of
inaccuracy, rapid fluctuations, and other problems. The Q learning paradigm, which prioritises enhanced accuracy,
precision, and flexibility, is one way to tackle these difficulties. It aims to account for the dynamic nature of
sentiment data on the network in order to decrease the volatility and unpredictability of forecasts based on Twitter
views. A more reliable alternative to the existing approach that can manage the complexities of volatility and
speculation has to be developed, according to research, so that Bitcoin price estimates may be reorganised. In this
volatile cryptocurrency market, the end goal is to improve Bitcoin price forecasts and develop new methods for
predicting market movements.

2.3.1 Challenge 1: Inherent Volatility and Speculation: One major issue with the existing approach is that it
uses Twitter views as a basis for Bitcoin price predictions. This makes the system vulnerable to speculation and
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market volatility. Predictions based on Twitter views are susceptible to errors, inaccuracies, and changes in
opinion very quickly, according to the data. The current Q learning technique is unable to provide trustworthy
predictions due to the fact that Twitter opinion is very unpredictable, leading to speculation and instability.
Because of this limitation, it is very difficult to make reliable and precise predictions about Bitcoin values.

2.3.2 Challenge 2: Constrained Adaptation to Dynamic Twitter Sentiment Data: The data also shows that the
current approach isn't adaptable enough to handle the ever-changing nature of Twitter sentiment information.
Opinions on Twitter are susceptible to heavy impact from popular emotions and current events, making it difficult
for the existing Q learning system to keep up. Data demonstrates how challenging it is to get trustworthy Bitcoin
price predictions using Q learning, considering the dynamic nature of sentiment data from Twitter. Because of
this limitation, the system has challenges in keeping up with the constantly changing opinions on Twitter, which
hinders its ability to provide accurate and timely predictions.

2.4 PROPOSED SYSTEM

Using our Q learning model, we want to fix the problems with the current method of predicting Bitcoin value
based on Twitter sentiment. The Q learning approach prioritises enhancing accuracy, precision, and flexibility as
a first step in addressing the unexpected and uncertain nature of predictions. The current Q learning technique has
problems with accuracy, possible errors, and rapid changes; the suggested framework addresses these difficulties
head-on. For a second, the proposed Q learning model intends to rectify the present system's poor performance in
responding to dynamic Twitter sentiment data. To overcome the hurdles of integrating Q-learning into real-time
sentiment data, it is crucial to quickly adapt to the constantly changing environment of Twitter views. We provide
a Q-learning method that, according to the data, ought to be more exact, accurate, and flexible than the present
system, all while keeping the same degree of temporal complexity.

2.4.1 Advantage 1 Improved Precision and Accuracy: To make better predictions about the future value of
Bitcoin, the proposed Q learning method is being considered. The algorithm is focusing on these areas in an effort
to make Twitter-based predictions with less risk and uncertainty. More accurate and exact predictions are the goal
of the proposed system, which employs sophisticated learning algorithms and actively reacts to the dynamics of
sentiment data in an effort to remedy the issues highlighted by the present system's shortcomings. The improved
accuracy and precision may be used to build a more trustworthy model for predicting Bitcoin values.

2.4.2 Advantage 2: Increased Adaptability and Flexibility to Dynamic Data: An additional benefit of the
suggested Q learning technique is its ease of adaptation to the dynamic nature of Twitter sentiment data. It is
difficult to get accurate and up-to-date predictions with the current method since it cannot adjust to the ever-
changing nature of Twitter viewpoints. The suggested approach intends to circumvent this restriction via
integrating capabilities that allow for quick responses to the ever-changing sentiment patterns. Better and more
timely forecasts of Bitcoin prices are produced by this model's enhanced flexibility, which enables it to stay up
with the constantly evolving sentiment data from Twitter.

2.5 PROPOSED ARCHITECTURE: In order to address the issues with the current way of predicting Bitcoin
prices using Twitter perspectives, the Q learning strategy is developed. Improving accuracy, precision, and
flexibility takes precedence, which helps to overcome the inherent instability and speculation in projections.
Immediate fluctuations, likely mistakes, and precision-related problems with the current Q learning method are
the primary targets of this approach. Additionally, the proposed Q learning model may effortlessly adapt to
changing Twitter sentiment data, in contrast to the current system's lack of efficiency in this regard. With these
problems fixed, our approach should help Q learning work better with dynamic sentiment data. In order to provide
a more advanced and reliable alternative to the current system while maintaining a competitive level of complexity
in terms of time, the data-driven Q learning approach is carefully crafted to exhibit improved accuracy, precision,
and flexibility. The intended Q learning architecture is to provide a thorough remedy to the issues with the existing
method, with the ultimate goal of making Bitcoin price predictions based on Twitter sentiment more accurate and
robust.
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Fig 1: Proposed Architecture for Enhancing Bitcoin Price prediction.

An improved Q-learning model with features including modules to handle sentiment data dynamics, accuracy-
enhancing mechanisms, flexibility modules, and volatility-mitigating units is part of the proposed framework for
better Bitcoin price prediction using a Q-learning method. In addition to fixing issues with inherent instability and
conjecture, the primary goal is to increase overall accuracy and adaptability.

2.5.1 Q-Learning System: It is feasible to forecast Bitcoin values based on Twitter opinions thanks to the Q
learning model housed in the structure's core. Designed to address the inherent uncertainty and guesswork in
prediction, this strategy prioritizes better accuracy, precision, and flexibility.

2.5.2 The Module for Dynamic Sentiment Data: To address the challenges posed by the ever-changing nature
of Twitter sentiment data, the design features a module that manages the ever-shifting environment of Twitter
sentiment. This module makes it easy for the Q learning model to adapt to different sentiment patterns.

2.5.3 State-of-the-Art Mechanism for Accuracy and Precision: An important aspect is a mechanism that strives
to enhance the accuracy and precision of Bitcoin price predictions. What this means is that in order to make more
reliable predictions, we must use advanced learning algorithms that have been fine-tuned to the dynamics of
sentiment data.

2.5.4 Module for Flexibility: There is a flexibility module in the design to deal with the fact that Twitter opinions
are always evolving. Quickly adapting to shifting sentiment patterns is made possible by this module, enabling
the Q learning model to provide accurate and timely predictions.

2.5.5 The Complexity of Competitive Time: Part of the proposed layout is devoted to maintaining a competitive
degree of temporal complexity, which is critical for effectiveness. The system's ability to provide accurate
predictions in the face of complicated volatility and uncertainty is ensured by this approach.

2.5.6 Volatility Mitigation Unit: Recognizing difficulties associated with intrinsic volatility, the design
incorporates a specific component to reduce volatility in Bitcoin price forecasts. Working in tandem with other
parts, this unit stabilises forecasts and reduces the severity of sudden changes.

2.5.7 Adaptability Enhancement Block: The purpose of this building component is to make the Q learning
model more flexible in general. It encompasses strategies and algorithms to overcome limitations of the current
system in adapting to dynamic Twitter sentiment data, providing more reliable forecasts.

2.5.8 Reliability and Precision Validation Module: The proposed architecture introduces a validation module
to assess the reliability and precision of Bitcoin price predictions. This module evaluates the accuracy of forecasts
generated by the Q learning model, ensuring alignment with the intended objectives.

2261



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 45 No. 2 (2024)

3.Proposed Algorithm
Proposed Algorithm Steps for Improving Bitcoin Price Predictions:

1. Initialization: Initialize the Q learning model with parameters prioritizing enhanced accuracy, precision, and
flexibility.Establish the sentiment data dynamics module to manage the continuously evolving landscape of
sentiments on Twitter.

2.Learning from Historical Data: Train the Q learning model using historical Bitcoin price data obtained from
Twitter opinions. Incorporate the adaptability enhancement block to overcome limitations in adjusting to dynamic
Twitter sentiment data.

3.Adapting to Dynamic Sentiment Trends: Implement the sentiment data dynamics module to enable the Q
learning model to seamlessly adapt to evolving sentiment trends. Utilize the flexibility module to augment
adaptability to the rapidly changing nature of Twitter opinions.

4.Enhancing Accuracy and Precision: Activate the advanced accuracy and precision mechanism to fine-tune
the accuracy of Bitcoin price predictions.Employ learning mechanisms strategically adjusted to the dynamics of
sentiment data for more precise and reliable forecasts.

5.Mitigating Volatility: Activate the volatility mitigation unit to specifically tackle challenges associated with
inherent volatility in Bitcoin price predictions. Collaborate with other components to stabilize predictions and
diminish rapid fluctuations.

6.Validation and Evaluation: Employ the reliability and precision validation module to assess the accuracy and
dependability of Bitcoin price predictions.

Evaluate the Q learning model's performance against intended objectives.

7.Fine-Tuning and Optimization: Fine-tune the Q learning model based on evaluation results to further improve
accuracy, precision, and adaptability. Optimize parameters and mechanisms to achieve the desired level of
reliability in forecasting Bitcoin prices.

8.Continuous Monitoring and Updating: Implement a continuous monitoring mechanism to track changes in
Twitter sentiments and adjust the model accordingly. Regularly update the Q learning model to remain current
with the dynamic nature of Twitter sentiment data.

The proposed algorithm endeavors to overcome challenges in the existing system by integrating a Q learning
approach with specialized components, presenting a comprehensive and innovative solution for enhancing Bitcoin
price predictions based on Twitter opinions."

A. RL and Q-Learning: In this segment, we outline our method for predicting Bitcoin prices through the analysis
of Twitter data, utilizing a simple reinforcement learning method with the Bitcoin market as its contextual
environment. The introductory part provides a concise overview of reinforcement learning (RL) and delineates
our suggested RL strategy, specifically designed to tackle volatility and uncertainty inherent in predictions based
on Twitter opinions.

In this segment, we provide an in-depth explanation of our A.RL and Q-Learning strategy employed for the
prediction of Bitcoin prices based on Twitter data. Our methodology relies on a fundamental reinforcement
learning framework, structured as a Markov Decision Process (MDP) and denoted by the tuple <S, A, r, P,y >.
Here, S and A represent sets of states and actions, respectively, with y € [0, 1] representing the discount factor.
The MDP includes a transition probability function P : S x A — S, mapping states and actions to a probability
distribution over subsequent states, and r : S X A — R, signifying the reward.

B. Bitcoin price learning: The provided information delves into the problem of "Bitcoin Price Learning" and
delineates the state space (S), action space (A), and reward function (r) components integral to a Q-learning
strategy for predicting Bitcoin prices based on Twitter data. It encompasses the definition of states, actions, and
rewards, elucidating how the action space is determined as a percentage change in the current Bitcoin price. The
document introduces three distinct reward functions: Simple Difference Reward (SDR), Relative Difference
Reward (RDR), and Comparative Difference Reward(CDR).
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Fig 2: Bitcoin Q-Learn: Navigating Price Prediction with Reinforcement Learning.
Predicting Bitcoin prices through a Q-learning approach, with a specific emphasis on Twitter opinions.
|.State Space (S) Definition:
\[S_t=(AP_t, TS_t)\]
Here, \(AP_t\) is the actual Bitcoin price, and \(TS_t\) is the tweet sentiment score at time \(t\).
I1. Action Space (A) Definition:
\[ A =\{-1000, -999, ..., 0, ..., 999, 1000\} \]

This defines the set of possible actions the agent can take, representing the predicted percentage change in Bitcoin
price.

I11. Rate of Change (\(\alpha\)) Definition:

\[ \alpha = \frac{AP_t - AP_{t-1}}{AP_{t-1}}\]

The rate of change of the actual Bitcoin price compared to the previous step.

1V. Simple Difference Reward (SDR):

\[ \text{SDR}(r_t) = -JAP_t - PP_t|\]

The reward function based on the absolute difference between the actual price (\(AP_t\)) and the predicted price
(\(PP_t\)).

V. Relative Difference Reward (RDR):

\[ text{RDR}(r_t) = \frac{PP_t - ZR1}{AP_t - ZR1} \times 100\% \]

The reward function based on the relative difference, using the zero-reward value (\(ZR1Y)).

VI.Comparative Difference Reward (CDR):

\[ text{CDR}(r_t) = \frac{PP_t - ZR2}{AP_t - ZR2} \times 100\% \]

The reward function based on the comparative difference, using the zero-reward value (\(ZR2\)).

VII. Zero-Reward Values:

\[ ZR1 = PP_{t-1} + (PP_{t-1} \cdot \alpha) \]

\[ ZR2 = PP_{t-1} + (PP_{t-1} \cdot \alpha + 2I) \]

Computing two zero-reward points based on the predicted price at time \(t-1\) and the rate of change (\(\alpha\)).
VIII. Q-Learning Updates:

\[ Q(s_t, a_t) \leftarrow (1 - \alpha) \cdot Q(s_t, a_t) + \alpha \cdot (r_t + \gamma \cdot \max_a Q(s_{t+1}, a)) \]

Updating the Q-values based on the Bellman equation, where \(s_t\) and \(a_t\) are the state and action at time
\(t\), \(r_t\) is the reward, \(\gamma\) is the discount factor, and \(\max_a Q(s_{t+1}, a)\) represents the maximum
Q-value for the next state.

IX. Q-Learning Value Function:

\[ V_\pi(s) = \mathbb{E} \pi[R_t|s_t=s]\]

The expected value of the total reward (\(R_t\)) under policy \(\pi\) starting from state \(s\).

X. Q-Learning Action-Value Function:

\[ Q_\pi(s, a) = \mathbb{E} \pi[R t|s t=s,a t=a]\]

The expected value of the total reward (\(R_t\)) under policy \(\pi\) starting from state \(s\) and taking action \(a\).
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XI. Q-Learning Initialization:
\[Q(s,2) =01]
Initializing the Q-values to zero.
4. Input Data

Examining the supplied dataset, which covers Bitcoin's historical market information from January 1, 2015, to
February 18, 2015, reveals various patterns and trends. The fluctuations in opening (Open), highest (High), lowest
(Low), and closing (Close) prices illuminate the dynamic nature of the cryptocurrency market during this
timeframe. Noteworthy are instances where the labels label_up5 and label_up2 are denoted as "TRUE," indicating
periods when the closing price underwent significant upward movements, either by 5 or 2 units, respectively.
Conversely, the presence of label_down5 and label_down2 marked as "TRUE" signifies intervals when the closing
price experienced noteworthy downward shifts, either by 5 or 2 units. The associated volume data provides
valuable insights into trading activities, with elevated volumes often aligning with periods of heightened market
participation. This comprehensive dataset lays the groundwork for training and assessing models, specifically the
proposed Q learning approach, with the objective of refining Bitcoin price predictions by tackling the volatility
and uncertainty associated with Twitter opinion-based forecasts.

Fig 3: The dataset comprises daily details of Bitcoin prices, encompassing date, opening, highest, lowest,
and closing values, along with trading volume. It also incorporates binary labels denoting price changes of
either 5 units or 2 units.

5. Experimental Findings

5.1 Prediction for Upward Movement by 5 Units: 5.2 Prediction for Upward Movement by 2
Units:

- Accuracy: 60.00% - Accuracy: 70.00%

- Precision: 50.00% - Precision: 77.78%
5.3 Prediction for Downward Movement by 5 Units: 5.4 Prediction for Downward Movement by 2
Units:

- Accuracy: 40.00% - Accuracy: 50.00%
- Precision: 0.00% - Precision: 62.50%

The trial's results show a prediction accuracy of 50.00% and a precision of 62.50% for a 2 unit drop in Bitcoin
price. The accuracy number shows a good level of precision in spotting and estimating unassuming lower moves
in Bitcoin costs. While the model's precision for foreseeing up moves is higher, it actually works really hard of
anticipating this specific measure of cost change.These exploratory discoveries feature how the Q learning
technique performs contrastingly while estimating specific levels of Bitcoin cost changes. In spite of its
noteworthy presentation with regards to expecting minor cost transforms, it battles with regards to more prominent
varieties, particularly when there is a significant drop in cost. Improving the model's performance in different
market situations and with different scenarios of price changes could need further investigation and tweaking.

Model Precision
Mode! Accurac v Time

1a wair reity

Fig 4: Model Accuracy Fig 5: Model Precision Fig 6: Complexity of the training time
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5.5 Training Time Complexity Evaluation:

A very efficient processing time of 0.8841 seconds was shown by the examination of the training time complexity
for the suggested Q learning technique. This conclusion implies the model's aptitude for simplified training,
making it well-suited for real-time applications and conditions defined by resource restrictions. Our goal is to
provide timely predictions using the ever-changing Twitter sentiment data, and the temporal complexity of this
task is competitive. Particularly in situations when market circumstances are changing at a rapid pace, this
capability solves a critical problem with deploying complex forecasting models.Our experimental results show
that our Q learning method for forecasting Bitcoin prices works well and that there is room for improvement. Its
usefulness in reducing the inherent volatility and unpredictability of estimations derived from Twitter opinions is
the main point of emphasis. It will need further study and optimization to make the model work better on other
datasets and in different marketplaces.

- S0
- FFFE
e . .o0ee

Down 2 Acc Ccy: @.5008, Precision: 8.6258
Training T : A.1la94 seconds

Fig 7: The experiments' results show that predicting Bitcoin price changes of varying magnitudes (ranging from
5 units to 2 units) can be done with varying degrees of accuracy and precision. While smaller movements can be
accurately predicted, significant downward trends can be difficult to accurately predict. The training time
complexity is reported at 0.8841 seconds.

5. Performance Evaluation

The assessment procedures used in the exploration, named "Further developing Forecasts of Bitcoin Costs:
Utilizing a Q Learning Approach to Reduce Volatility and Uncertainty in Twitter Opinion-Based Forecasts" are
critical in evaluating the proposed Q learning model's efficacy. The study emphasizes the significance of robust
evaluation metrics in light of the inherent unpredictability and speculative nature of forecasting Bitcoin prices
based on Twitter opinions. The trial results offer an exhaustive assessment, enveloping exactness and accuracy
measurements, for expectations of both vertical and descending developments in Bitcoin costs across different
extents (5 units and 2 units). The accuracy numbers in the results shed light on the model's capacity to accurately
predict certain levels of price fluctuations. Outstandingly, the appraisal handles the hardships of the Q learning
technique in expecting both little and huge cost changes, going past basic expectation exactness. The research
notes that the model is good at forecasting tiny variations, but it isn't great at anticipating big downturns. The
commitment to refining the model through additional scrutiny and optimization underscores a dedication to
enhancing its effectiveness in diverse market conditions, ensuring practical applicability in mitigating volatility
and uncertainty in Bitcoin price forecasts derived from Twitter opinions. In addition, the assessment takes
temporal complexity into account, showing that the model processes data efficiently (0.8841 seconds), which is
in line with the goal of providing accurate predictions in ever-changing market circumstances.

6 .Conclusion

In summary, this study aims to improve Bitcoin price predictions by introducing a customized Q learning approach
to alleviate the volatility and uncertainty inherent in forecasts based on Twitter opinions. The challenges linked
to instability and speculation in predicting Bitcoin prices through Twitter sentiments are effectively tackled by the
proposed Q learning model. The experimental results emphasize the model's diverse performance in predicting
various extents of Bitcoin price changes, demonstrating success in forecasting smaller movements but facing
challenges in accurately predicting larger fluctuations, especially substantial price decreases. The assessment of
the training time complexity showcases the model's efficiency, boasting a processing time of 0.8841 seconds,
making it well-suited for real-time applications and resource-constrained scenarios. These findings collectively
highlight the strengths and areas for improvement in the Q learning approach, underscoring its practical usefulness
in mitigating volatility and uncertainty in Twitter opinion-based forecasts. Further research and optimization
endeavors are recommended to enhance the model's efficacy across a range of datasets and market conditions.
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