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Abstract 

Stock price prediction relies heavily on market sentiment, but it is still difficult to identify truly meaningful signals from 

social media because of the volume of noise and flimsy engagement measurements. In this paper, sentiment signal 

extraction is formulated as a delayed reward recommendation issue using a unique reinforcement learning framework. The 

method uses actual market input instead of static labels by simulating the task as an agent that learns to suggest tweets 

based on their potential to increase predicted accuracy. Due to the scarce and delayed nature of market signals, the agent 

may differentiate between those that are useful and those that are misleading or irrelevant by using a reward function that 

aligns with 48-hour post-publication stock movements. When combined with a Long Short-Term Memory (LSTM) 

network for price forecasting, the suggested approach shows that, in contrast to employing sentiment variables directly, 

integrating the RL-based suggestion enhances prediction performance. Tests conducted on Apple stock data from 2014 to 

2016 demonstrate that using agent-selected tweets improves the system's R-squared scores and reduces prediction errors. 

The findings indicate that dynamically adjusting comment selection in unstable financial settings can be achieved using 

reinforcement learning. This study combines market-based incentive design, financial text mining, and reinforcement 

learning to provide a viable method for improving the reliability of sentiment-driven stock predictions. To further validate 

this framework's robustness, future research may expand it to include more equities and explore integrating it with other 

market signals. 
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1. Introduction 

The machine learning (ML) community has shown interest in intelligent trading systems in conventional stock trading. 

For example, a comprehensive assessment of machine learning studies [1] found that supervised learning methods are often 
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used in systems that consider financial trading as a market prediction issue. Even if supervised learning-based prediction 

has proven successful, a formulation based on sequential decision-making systems may be more effective due to the 

addition of usual trading operations expenses [2]. 

In this regard, a number of Reinforcement Learning (RL) studies [2-5] have shown advantages in resolving financial 

trading challenges by using a decision-making process that determines the optimal course of action to optimize long-term 

success on a particular asset. Researchers usually use feature representations that is only related to asset price time series 

while creating RL systems [2-4]. According to some methods of machine learning in the finance industry [1, 6], integrating 

textual data from external financial news with characteristics extracted from price time series yields positive outcomes in 

the supervised learning-based market forecasting assignment. 

Recent effective exploration of natural language processing approaches to extract characteristics for a sequential 

decision-making process has been noted by some RL writers [5, 7, 8]. There are still many unanswered problems, 

especially regarding market sentiment momentum and the instability of RL approaches, despite the fruitful efforts along 

this promising new path. In the first, the market's dominant sentiment for a particular asset is extracted and captured [6] and 

in the second, the instability and difficulty of generalizing RL approaches [9] are discussed. These issues are exacerbated 

by the financial market environment's stochasticity [10]. 

Numerous studies integrating sentiment analysis and long short-term memory neural networks have been conducted in 

recent years to anticipate market prices. However, social data is noisy, which makes it difficult to extract useful 

information from it. This study uses reinforcement learning to identify truly important social data. To predict stock prices,  

we formulate the signal extraction problem as a reinforcement learning task, where the agent's goal is to suggest tweets that 

are the most relevant and instructive. 

 

 
Figure 1. 

An ideal agent that recommends useful tweets. 

 

We start by introducing the two main restrictions that form the reinforcement system. The first restriction is that a 

comment's actual worth may become apparent after some time. The incentive for tweet recommendations is not 

instantaneous and is not provided immediately. The second limitation is that, although there may be many comments, not 

all of them are worthwhile. The agent must have the ability to filter out noise and select comments with high value. 

The agent's objective in the task, which we classified as a reinforcement learning issue, is to determine whether to 

suggest a tweet based on its context. Stock data and tweet characteristics are included in the state representation. The 

activity is organized as both a recommendation and a non-recommendation. The immediate input from the market is 

intended to be the reward. The tweet suggestion scenario for each day may be seen as a standalone episode: the agent sees 

a tweet, decides what to recommend, and then gets paid by the market according to how "correct" or helpful that choice 

was in retrospect. By using this framework, the model is able to learn from real market results and identify patterns that 

may be hard to explicitly define. 
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The following is a summary of this study's primary contributions: In order to assess the informativeness of social 

media posts, we proposed a novel reward function based on actual market outcomes. Our work connects social media 

processing, financial signal analysis, and reinforcement learning, offering a framework for reliable comment 

recommendation that aligns with economic impact. 

 

2. Related Works 
Given its learning principles that map observable conditions to possible transactions aiming for large payouts, RL 

approaches seem to be a logical answer for developing effective trading strategies. By presenting the Recurrent RL (RRL) 

architecture with a variant of the policy gradient approach for the direct approximation of parametric policies from gradient 

ascent over previous actions and rewards, the first trading RL paper, published in 1997, rose to prominence [4]. Because of 

how impactful this groundbreaking work was, scholars are continually expanding on its fundamental concepts and 

framework [2, 3].  

RRL [10] belongs to the class of policy-based reinforcement learning, which has issues with high variance and 

convergence to local optima. On the other hand, value-based techniques like Deep Q-Learning (DQN) are also prominent 

in this field [11] have bias but show less volatility. The actor-critic approaches later appear as a hybrid effort to remedy the 

aforementioned shortcomings. In the video gaming industry, for example, the Asynchronous Advantage Actor-Critic 

(A3C) algorithm has shown superior performance compared to earlier state-of-the-art DQN techniques [11]. This 

comparison was quickly repeated in an active trading issue study [6], which again came to similar results about the A3C 

architecture's potential. 

Using supervised learning to extract market information from textual news for market prediction has long been a 

promising approach [12, 13]. Furthermore, a substantial amount of research uses price time series and textual news 

information for market forecasting, according to surveys on machine learning approaches. 

[1, 6]. Only lately, however, have a few RL works looked into this strategy. Feuerriegel and Prendinger [8] 

supplemented their Q-learning algorithm with a sentiment dictionary, sometimes known as a lexicon, to extract word-level 

sentiment from textual news. In order to generate sentiment-charged reward features that serve as stand-ins for investors' 

sentiment, other studies [7] used the inverse RL approach. However, our method integrated these emotion reward 

characteristics into a supervised market predictor rather than employing them to train a trading strategy. In order to 

enhance the RL market's state representation, Yunan et al. [5] recently used deep learning-based techniques to produce 

word embeddings and market forecasts. The aim of reinforcement learning in our study is to extract useful information 

from social data, and we use the Proximal Policy Optimization (PPO) method, which is based on Schulman's Trust Region 

Policy Optimization [14]. 

Reinforcement learning has been used increasingly in recommendation issues, particularly in cases where input is non-

deterministic or delayed, in the context of recommendation and feedback alignment. An RL-based trading agent that 

integrates Twitter sentiment has been developed by researchers in the financial and social spheres [15], highlighting the 

potential of external signals in directing policy optimization. To enable more precise long-term credit assignment, this 

study treats the daily tweet set as an episode and models the market's post hoc reaction as a reward. 

Few studies have included market responses as a delayed feedback mechanism for natural language prioritization, 

despite the fact that previous market-aware modeling studies have mostly concentrated on predictive modeling of price 

fluctuations [16] In the context of market-based incentive design and external validation, connecting textual qualities with 

downstream economic indicators has been proven to be beneficial in recent work in financial text analysis [17] these 

methods usually depend on static labeling or direct monitoring. Our system, on the other hand, uses market returns as a 

reward signal to determine how informative tweets are, offering a grounded and dynamic assessment criterion that does not 

require human annotation. 

Recent studies on comment suggestion [12, 17] have mostly focused on engagement-based heuristics and supervised 

learning algorithms in the context of tweet recommendation and signal extraction.  While some [18] employ likes, retweets, 

or user votes as a stand-in for quality, such systems use attributes like comment length, sentiment polarity, or user 

information to estimate helpfulness. These signals, however, are often noisy and influenced by popularity. The problem of 

matching tweet value with real-world consequences, particularly in high-noise areas like financial discourse, is not well 

addressed by more recent work [19], which examined robust signal extraction using semi-supervised techniques and pre-

trained language models. 

 

3. Approach 
 

 
Figure 2.  

Integrate the recommendation into the prediction. 
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3.1. Reinforcement Learning System and Reward Design 

State, action, and reward are the three fundamental components that must be specified in order to create a 

reinforcement learning system. The current stock data, number of likes, number of commenters' followers, and embeddings 

of the comment text are all part of our system's state. Our system's activity is only set up to suggest or not recommend. 

Since the incentive signal instructs the agent on what constitutes "valuable" tweets, its design is crucial. Instead of 

using flimsy measures like likes or retweets, we want the incentive in this case, to represent market validation of a tweet. 

Based on the correlation between tweets and the success or failure of the market movement forecast, the agent should 

develop its own concept of value. Based on the trade's 48-hour market performance, we can determine the payoff for 

suggesting a certain tweet. For instance, the agent's choice to suggest a tweet that expresses pessimism about the stock 

price should be rewarded positively if the token's price does, in fact, decrease considerably over the course of the next 48 

hours. On the other hand, suggesting a tweet that was positive but the token price fell, would result in a negative reward. 

Here is how we really put the reward function into practice: 

• +1 for recommending a tweet that correctly anticipated the outcome, or not recommending a tweet that 

incorrectly anticipated the outcome. 

• +0.01 to recommend a tweet that correctly predicted the slight change in the token’s price, or not to 

recommend a tweet that incorrectly predicted the slight change in the token’s price. 

• -1 for recommending a tweet that was misleading or wrong, or not recommending a tweet that correctly 

anticipated the outcome. 
We determine the reward ri for suggesting a tweet ci based on how well the tweet matches the market trend observed within 

48 hours after publication. This incentive motivates the algorithm to suggest tweets whose hypotheses or insights are then 

confirmed by actual market activity. Similar to reinforcement learning from human input, this method replaces objective market 

feedback with "human feedback." 

It is difficult for RL algorithms to handle a 48-hour reward delay. When input is delayed, the issue of credit 

assignment becomes more complicated. However, after the market result is recovered, we can calculate the reward since 

each episode can be regarded as ending once the outcome is known. 

Proximal Policy Optimization is used to train the reinforcement system to ensure its stability. Additionally, its 

computational efficiency is a factor in its selection. 

 

3.2. Long-Short-Term-Memory Neural Network Design 

The study's prediction model is based on an LSTM network, which builds on previous developments in stock price 

forecasting. The ability of LSTMs to capture and learn dependencies over long periods of time sets them apart as an 

evolution of conventional RNNs. Their complex architecture, which incorporates memory cells and gating mechanisms, 

allows the network to choose to store or ignore information across long data sequences. This capability, when combined 

with fully connected layers, makes them especially well-suited for time-series forecasting and sequence classification 

applications. The open price, high price, low price, close price, and volume of the stock from the previous L days are 

intended to be the inputs of the LSTM in this study. The feature of market sentiment is optional. The model's projection of 

the closing price is its output. 

A hyperparameter search concerning the sequence time span L was conducted to optimize the model's performance. 

Additionally, an early stopping mechanism was implemented during training to reduce overfitting and ensure the model's 

robustness. This mechanism halts the training process if the loss value on the validation set does not decrease for 50 

consecutive epochs. 

 

4. Experiments 
4.1. Dataset and Data Preprocessing 

The gathered dataset includes two subsets that report on the public tweets of relevant stocks (Twitter dataset) or the 

stock price history over time (Finance dataset). Both of these categories pertain to Apple stocks during the period from 

January 2, 2014, to March 31, 2016. 

4.1.1 . Finance Dataset 

Yahoo Finance provided the stock information. Features pertaining to daily opening and closing prices, daily trading 

volume, the highest and lowest prices were extracted at each time (day) t. It is important to note that the time series under 

examination do not fully cover the 365 days of the calendar year since the stock market is recorded during the working 

days (Monday through Friday, omitting a few holidays throughout the year). The stock price value St ∈ R was then 

remapped into categorical classes yt for each time t, showing either a positive or negative trend, as seen below. 

 

 

4.1.2.  Twitter Dataset 

The Tweets may be obtained in two ways. To begin with, Twitter offers an API for downloading Tweets. However, it 

is not an option for this paper due to the rate restriction and history limit. The second method involved scraping tweets 

directly from the Twitter website. This approach was used to collect daily Tweets for equities of interest from January 2014 

to March 2016. Each sample in the raw tweet data collection was represented as a four-element vector that included the 

text, likes, followers, and publication date. All gathered tweets were released during the same period as the financial data 
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collection. It was important to synchronize tweets published on weekends (or other holidays) with those posted on 

Mondays (or the day after the holiday ended), since tweets could be produced every day. 

In order for the NLP algorithm to effectively extract the pertinent information, tweets must be pre-processed to remove 

unusual symbols, URLs, emojis, and other content. Therefore, the cleaning procedure includes eliminating tweets that 

contain http or .com, eliminating @user, #hashtag, tabs, and excessive spaces, and eliminating tweets that are not in 

English. The sentiment of each cleaned tweet was then determined by feeding it into VADER, a lexicon- and rule-based 

sentiment analysis program that is especially sensitive to feelings expressed on social media. Additionally, the cleaned 

tweets are sent into SBERT, which may be used to calculate tweet embeddings. The sample in the Twitter dataset should 

be a vector with a length of 390 after the preprocessing step. 

 

4.2. Experimental Settings 

Several tests were conducted by altering various variables that could influence the model's performance to thoroughly 

examine the proposed technique and assess its effects. The primary consideration was whether the Long Short-Term 

Memory model performs better with the suggested tweets. A consistent prediction time frame was maintained across all 

configurations to ensure experimental uniformity and facilitate straightforward comparison of trained model outputs. 

 

4.2.1. Sequence Time Span 

The model may be able to grasp longer-term relationships in the data and obtain additional contextual information 

from extended sequences. Longer sequences may have drawbacks, too, particularly in fields like the stock market, where it 

can be difficult to identify significant patterns and trends due to noisy and volatile data. Conversely, shorter sequences 

could provide the model with more rapid and targeted input, which would aid in capturing more current patterns and 

trends. This study compares outcomes with various L, with L = 1, 2, 5, 10, in order to determine the optimal L. 

 

4.2.2 .  Discount Factor 

The degree of shortsightedness in the reinforcement learning system is determined by the discount factor. This study 

has compared several discount factors, such as γ = 0.1, 0.5, and 0.8, in order to increase the ultimate forecast accuracy. 

 

4.2.3. Recommendation Contribution 

Two experiments using distinct feature sets, one with the suggested tweets and the other without the market sentiment 

feature, were conducted to evaluate the effectiveness of our reinforcement learning system. 

 

4.3. Evaluation Metrics 

Determining how well the model fits the data in regression analysis requires assessing the model's performance. Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R2) are the four 

key metrics used in this study to evaluate the model. 

 

5. Results Analysis 
5.1. Sequence Time Span 

 

 

Figure 3. 

Prediction curve with different sequence length L.  Arranged from top to bottom are the cases for L = 1, 2, 5, 10. 
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Table 1. 

Evaluation Metrics. 

Model MSE MAE RMSE R2 

L=1 119.63 10.76 10.94 -6.48 

L=2 15.92 3.65 3.99 0.01 

L=5 4.60 1.79 2.14 0.71 

L=10 28.56 4.61 5.34 -0.79 

 

With the lowest MSE and the highest R2, the model with L = 5 performs the best when compared to models with 

various time spans L. This is consistent with the widely held belief that recent trends are more predictive of future 

movements. 

 

5.2. Discount Factor 

 

 

Figure 4. 

Prediction curve with different discount factor γ . Arranged from top to bottom are the cases for γ = 0.1, 0.5, 0.8. 

 
Table 2. 

Evaluation Metrics. 

Model MSE MAE RMSE R2 

γ = 0.1 41.90 5.99 6.47 -1.58 

γ = 0.5 7.32 2.01 2.70 0.55 

γ = 0.8 46.87 6.38 6.85 -1.89 

 

Based on the assessment criteria, we may conclude that γ = 0.5 is the best discount factor γ among the options. When 

the reinforcement system strikes a balance between now and future rewards, it operates well, as indicated by a medium γ. 

 

5.3. Recommendation Contribution 

 

 

Figure 5. 

Prediction curve without tweet recommendation. The upper curve corresponds to the LSTM with RL4TR. The lower curve corresponds to the LSTM. 
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Table 3. 

Evaluation Metrics. 

Model MSE MAE RMSE R2 

LSTM with RL for Tweet Recommendation 4.43 1.56 2.10 0.73 

LSTM 4.60 1.79 2.14 0.71 

 

When it comes to the function of tweet recommendation, the results show that adding a reinforcement system to the 

models has advantages. It seems to improve forecast accuracy. 

The incorporation of the reinforcement learning recommendation system in the examples provided results in a better 

R2, suggesting that it may offer more insights into market movements influenced by public mood. Risk managers may find 

this method especially useful in predicting how the market will respond to news and events in real time. 

 

5.4. Comparison to Supervised Learning and Heuristics 

Another option is supervised learning, which involves training a classifier and classifying comments as "useful" or "not 

useful" depending on the results. This approach is simpler and may perform well in a static setting. However, due to its 

three inherent advantages, we frame this as a reinforcement learning (RL) problem: 

• Constant adaptation: RL picks up new information on its own. 

• Policy optimization: The recommendation policy is directly optimized using RL. 

• Dealing with delayed reward: RL deals directly with delayed feedback. 

Even if supervised learning has its place, reinforcement learning could be more aligned with our long-term objectives, 

particularly in dynamic settings. 

Heuristic techniques, such as giving experienced users or certain keywords priority, are straightforward yet fragile. 

They are not flexible and fail to recognize important but subtle cues. Beyond hard-coded logic, our RL-based method 

enables pattern recognition. 

 

6. Conclusion 
The idea of redefining the sentiment analysis issue as a reinforcement learning task is investigated in this work. 

According to the research, the performance of the prediction model may be significantly enhanced by the suggested 

reinforcement learning approach for determining the actual market mood. 

The study's exclusive emphasis on Apple stocks is one of its limitations. 

In order to assess the sentiment impact on other equities, future research should broaden its focus to include additional 

stocks, especially those less affected by market sentiment. A useful further layer of analysis might also be added by 

contrasting these results with those of other prediction (and sentiment analysis) models or methodologies. However, this 

research emphasizes how crucial it is to select educational tweets that accurately represent the market's mood signal. 
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