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Abstract of Praxis

Understanding the Price Impact of Coordinated Retail Investors:
An NLP Study on r/WallStreetBets

This study explores the effectiveness of hybrid models in predicting meme stock
prices and returns by incorporating coordinated retail investor signals from social media
platforms, specifically r/WallStreetBets. Motivated by extreme market volatilities, such
as the GameStop (GME) rallies in 2021 and 2024, which exposed vulnerabilities in
market efficiency during coordinated retail trading. This study starts with statistical
models (ARIMA and MLR) and deep learning models (RNN, LSTM, and GRU) as the
baseline models. It then uses sentiment analysis models (FinBERT, LLaMA-3, GPT-2,
RoBERTa, SieBERT, and VADER) to produce sentiment scores of the r/WallStreetBets
posts. In parallel, participation metrics such as comment volume, upvote ratios, and post
scores are used as proxies for the level of coordinated retail trading activities. These
features are integrated into deep learning models and evaluated using both statistical error

metrics and financial performance metrics.

Empirical findings demonstrate that GRU models consistently outperform
traditional baseline methods on historical price data, while the incorporation of Reddit-
derived social media signals provides strong predictive accuracy and investment utility
across all architectures. Notably, participation metrics exhibit stronger explanatory power
than sentiment scores alone, underscoring the importance of user engagement in
reflecting retail investor coordination. Hyperparameter optimization further improves
model performance, particularly within LSTM architectures, yielding superior Sharpe

Ratios and reduced drawdowns.
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retail investors:

coordinated retail risk

meme stock:

meme stock frenzy

Glossary of Terms

Non-institutional investors who trade stocks, bonds, and
other securities in smaller amounts, typically using online
platforms. They lack institutional resources but have gained
influence through social media-driven movements.
Coordinated retail risk arises when large groups of retail
investors act collectively, often through social media,
distorting stock prices, increasing volatility, and leading to
market inefficiencies and mispricing, impacting broader
financial stability.

“A meme stock refers to a stock that gains popularity
through social media platforms and online communities,
often resulting in significant price volatility driven by retail
investors rather than the stock's fundamentals.” Examples
include GameStop and AMC. (Costola et al., 2021)

“A “meme stock frenzy” refers to a phenomenon in the stock
market where certain companies experience rapid and
dramatic price increases, driven primarily by online
popularity and collective action from retail (individual)
investors, rather than the company*‘s fundamental financial

performance or value.” (Aggarwal et al., 2023) One of the

XVvi



market capitalization

reddit score:

ticker:

S&P 500:

VIX:

Fund flow:

most researched examples is the “GameStop Frenzy” in

early 2021.

Market cap is the total value of a company's stock
outstanding shares. It reflects the company's size in the stock

market.

“On Reddit, the score of a post or comment is the upvotes
minus the downvotes. It indicates the popularity or approval
of a post within the community.”

A ticker symbol is a unique combination of letters assigned
to a publicly traded stock or asset. It is used to identify the
stock on exchanges.

“The S&P 500 is a stock market index that tracks the
performance of 500 large, publicly traded companies in the
U.S. It is a key indicator of the overall health of the U.S.
stock market and economy.” ()

The VIX measures the market's expectation of future

volatility based on options prices.

Fund flow refers to the movement of capital into or out of
financial markets or asset classes. It reflects where investors
are allocating their money and can indicate trends in market

sentiment.
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Interest rate:

Dollar index:

CPI:

GDP:

PMI:

The interest rate is the cost of borrowing money, expressed
as a percentage of the loan amount. Central banks, like the
Federal Reserve, set benchmark interest rates, influencing
the rates charged by banks and affecting the economy.

The Dollar Index (DXY) measures the value of the U.S.
dollar relative to a basket of foreign currencies. It is used to
gauge the strength of the dollar in the global market.

The CPI measures the average change in prices paid by
consumers for goods and services over time. It is a key
indicator of inflation and reflects the cost of living.

GDP is the total market value of all goods and services
produced within a country during a specific period. It is used
as a broad measure of a country's economic activity and
health.

PMI is an economic indicator based on surveys of
purchasing managers in manufacturing and services sectors.
It measures business activity, including new orders,
inventory levels, production, and employment, and helps

assess economic health.

xviii



Chapter 1 Introduction

1.1 Background

Since 2021, social media has emerged as an increasingly influential factor in stock
pricing, fundamentally reshaping the landscape of financial markets (Chacon, Morillon,
& Wang, 2023). A striking example of this phenomenon occurred in November 2021,
when the stock price of GameStop (GME) skyrocketed by a more than twenty folds
(Betzer & Harries, 2022), fueled by coordinated trading strategies within the subreddit
r/WallStreetBets (Guan, 2022). This online community, comprised largely of retail
investors, leveraged social media platforms to disseminate trading ideas, share insights,
and rally support for specific stocks, significantly impacting market dynamics. However,
the surge was not sustainable; by December of the same year, GME’s stock price
plummeted by 93%, exposing the volatility and inherent risks associated with such

speculative trading (SEC Staft, 2021).

During the time period, approximately seven other stocks garnered significant
attention on social media, for example in August 2021 alone AMC Entertainment (AMC)
received more than 6000 mentions at r/Wallstreetbets a little bit less than GameStop
(GMC), demonstrating similar patterns of price fluctuations (Ausick, 2021). The resulting
market disruptions not only imposed severe challenges on market makers, who struggled
to manage the unexpected volatility, but also undermined the overall efficiency of the

market structure (Eaton, Green, Roseman, & Wu, 2021). Price distortions caused by



social media frenzies led to a significant decrease in market effectiveness, leaving many

investors with substantial financial losses (Gianstefani, Longo, & Riccaboni, 2022).

In May 2024, a notable surge in retail investor engagement in meme stocks,
primarily triggered by the return of key social media influencer "Roaring Kitty" (Keith
Gill) to platforms like X and Reddit, reignited market concerns (Singh & Kashyap, 2024).
This resulted in significant investor losses, particularly among short sellers, with some
estimates approaching nearly double the entire market capitalization of the targeted stock
at certain points during the peak volatility (Singh & Kashyap, 2024; Chussler, 2024).
These events collectively suggest that coordinated retail trading activities on social media
platforms can impose growing challenges in market stability and efficiency. Thus,
understanding such activities and their potential impact on the market structure is critical.
This research combines the most advanced NLP models to parse the sentiments and
participation intensity of the posts in social media platforms and combines them with
deep learning models to better predict the stock price during increasing market

volatilities.

1.2 Problem Statement

The coordinated actions among retail investors can introduce risk which skews
stock prices, reduces price accuracy, leading to losses for investors which are nearly

double the stock’s entire market capitalization.

Guan (2022) introduced coordinated retail risk, describing how collective trading
behavior among retail investors can distort stock prices by driving large volumes of retail
trading and increasing volatility. These actions were often organized through social media

platforms like r/WallStreetBets and resulted in significant deviations of meme stocks
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prices from their financial fundamentals, where these deviations could not be explained
by traditional valuation metrics such as changes in company earnings expectation or
balance sheets (Baker & Wurgler, 2006). This deviation ultimately diminish the accuracy
of market pricing and impair market efficiency (Yousaf et al., 2022), thereby elevating
the potential for acute, albeit transient, market dysfunctions (Brunnermeier, 2009;
Fetiniuc et al., 2015). For example, the GameStop rally in May 2024 resulted in investors
losing over $13 Billion in the week of May 10, 2024, which is nearly double the
company’s market capitalization (Chussler, 2024). These findings indicate that the
coordinated retail actions on social media platforms can trigger unpredictable financial

impacts and cause potential market instability.

1.3 Thesis Statement

Pricing models that incorporate the impact of coordinated retail investors are

required to improve the price prediction performance of meme stocks.

To improve the performance of meme stock price prediction, pricing models must
take the impact of coordinated retail investor behavior into account. Traditional asset-
pricing models focus on the fundamentals and historical data. They are insufficient in the
acute and volatile price movements of meme stocks driven by the coordinated retail
investor behaviors organized through platforms like r/WallStreetBets. These retail-driven
movements introduce a new layer of complexity, what Guan (2022) describes as
coordinated retail risk, where collective actions lead to extreme volatility and price

distortions detached from intrinsic value.

Integrating social sentiment analysis and indicators of retail coordination into

pricing models is essential to predict the price and returns. This approach enhances

3



predictive performance and supports the development of risk-aware tools for navigating
meme stock volatility. A hybrid model that combines deep learning architecture and NLP
models with financial modeling will help bridge the gap between theory and the real-
world behavior of increasingly influential retail investors coordinates through social

media platforms.

1.4 Research Objectives

This study investigated the effectiveness of deep learning architectures and the
hybrid models in predicting meme stock prices or returns using sentiment metrics
calculated using FinBERT, LLaMA-3, GPT-2, RoBERTa, SieBERT, and VADER.
Additionally, participation features such as number of comments, upvotes, scores, and
upvote ratio from posts on the r/WallStreetBets subreddit were incorporated into the
model. Model performance is measured by financial evaluation metrics including Sharpe
Ratio with the goal of capturing both predictive power and the investment utility. This
study proposes a robust meme stock pricing framework that reflects both market

fundamentals and the impacts of coordinated retail investor activities on social media.

1.5 Research Questions

RQI1: How do ARIMA, MLR, RNN, and GRU models compare in their

effectiveness for predicting meme stock prices?

The intent of this research question is to explore and compare the predictive
capabilities of time series models - ARIMA, MLR, RNN, and GRU to predict meme
stock prices. The question aims to evaluate the effectiveness of these models by

analyzing their predictive accuracy, and sensitivity to price fluctuations. The outcome of



this comparison will help determine which modeling approach is best suited for meme

stocks.

RQ2: Do participation metrics from r/WallStreetBets (e.g., comment count,
upvotes, post score) contribute more significantly to meme stock price prediction models

than sentiment metrics?

This research question investigates the relevant importance of participation-based
versus sentiment-based features derived from r/WallStreetBets in predicting meme stock
returns, using deep learning models evaluated in RQ1. It assesses whether the SHapley
Additive exPlanations (SHAP) values for the transformed participation-based features of
number of comments, upvotes, scores, upvote ratios are statistically significantly greater
than those for sentiment scores generated by FinBERT, LLaMA-3, GPT-2, RoBERTa,
SieBERT, and VADER. The outcome of this research question is intended to validate the
different contributions of the feature classes to model output and provide evidence-based
guidance on how information from social media should be prioritized in predictive

modeling frameworks.

RQ3: To what extent does incorporating sentiment and participation metrics from
r/WallStreetBets using FinBERT, LLaMA-3, GPT-2, RoBERTa, SieBERT, and VADER

improve meme stock price return Sharpe Ratio?

This research question addresses the impact of integrating sentiment analysis from
r/WallStreetBets, a forum known for influencing meme stocks, into price prediction
models. By leveraging advanced NLP techniques such as FinBERT, Llama 3, GPT-2,

RoBERTa, SieBert and VADER, the study aims to quantify how much incorporating



social sentiment and participation metrics improves the Sharpe Ratio of meme stock price

return predictions.

RQ4: Which hyperparameters in RNN, LSTM and GRU models have the greatest

impact on improving meme stock return prediction?

This research question aims to identify the critical hyperparameters in the RNN,
LSTM and GRU models that most significantly influence the performance of meme stock
return predictions when they combine traditional financial price prediction metrics with

the sentiment and participation metrics from r/WallStreetBets.

1.6 Research Hypotheses

H1: GRU will produce the most effective meme stock price model.

H?2: Participation metrics will show significantly higher average SHAP values

than sentiment metrics across the test set

H3: Incorporating sentiment and participation metrics from r/WallStreetBets
using FInBERT, Llama 3, GPT-2, RoBERTa, SieBert and VADER will improve meme

stock price return prediction Sharpe Ratio by at least 30% compared to baseline models.

HA4: For r/WallStreetBets price return prediction using RNN, LSTM and GRU, the

learning rate and number of units will have the greatest impact on Sharpe Ratio.

1.7 Scope of Research
This praxis proposes an advanced price prediction model tailored to a defined set
of meme stocks, with historical stock price data from January 1, 2020, to September 24,

2024. Betzer and Harris (2022) suggested that retail trading grows rapidly in 2020,



therefore the study chose January 2020 as the starting sample. The study chose
September 2024 as the end of the sample period as it is the most updated date for the
research. This research focused on the most widely studied meme stock in the 2021 retail
trading frenzy - GameStop (GME) (SEC Staff, 2021). This study explored price
predictions using both statistical and deep learning models. It further incorporated the
sentiment and participation metrics derived from r/WallStreetBets posts into the deep
learning models. A set of advanced machine learning and NLP models was utilized in this
research to quantify the sentiment of these retail investors, while participation metrics —
were used to represent the enthusiasm of these investors. These metrics served as proxies
to the coordinated actions that influence meme stock prices beyond financial
fundamentals. By incorporating these coordinated retail trading activity features into deep
learning models, the research aims to enhance model performance with higher prediction
accuracy and Sharpe Ratios. This research provides retail investors, industry
practitioners, and regulators with deeper insight into understanding meme stock volatility

and help them respond to the risks posed by retail-driven market disruptions accordingly.

1.8 Research Limitations

The research focuses on meme stocks during the 2021 meme stock frenzy, these
stocks gained popularity in social media discussions and their price exhibited strong
pricing volatility during this period (Nakstad & Hasle, 2022). This selection does not
include any recent emerged stocks, since the newly emerge meme stock could behave

differently due to the changing market conditions and investor expectations.

Additionally, the research utilizes social media data exclusively from

r/WallStreetBets, the most prominent online forum for coordinated retail investor



activities during 2021 meme stock phenomenon (Betzer & Harries, 2022). While
r/WallStreetBets played a critical role in influencing stock prices during the period of
interest (Betzer & Harries, 2022), it represents only one source of retail sentiment and
does not encompass all platforms where similar discussions and coordination may occur.
The study does not incorporate data from Twitter, Facebook, YouTube and other social
media platforms, where meme stock discussions also take place and could offer
additional predictive insights (Eliner and Kobilov, 2023; EBC Financial Group, 2025).
Moreover, the study was unable to access sentimental data from private or semi-private
communication channels such as instant messaging apps (e.g., Telegram, Discord) and
live-streaming services, which have become increasingly popular for real-time
coordination among retail investors. (Eliner and Kobilov, 2023; EBC Financial Group,

2025;).

1.9 Organization of Praxis

This praxis has five chapters to fully address the research questions and
systematically evaluate the corresponding hypotheses. Chapter 1 provides the background
and the scope of the research. It calls out the challenges of meme stock price distortions
driven by coordinated retail investors. It states the research questions along with the
testable hypotheses. Chapter 2 provides an extensive review of literature that informs this
research, including existing research on stock price prediction. It also reviews the rise of
retail investor trading and the growing popularity of meme stocks, the recent advances in
sentiment analysis on social media posts and the statistical and financial evaluation
metrics such as RMSE and Sharpe Ratio. Chapter 3 reviews the research methodologies

of this study, including data collection and pre-processing, data cleaning, feature



engineering and selection, machine learning models, model training and validation as
well as model evaluation using metrics such as Sharpe Ratio. Chapter 4 provides the
summary statistics of the analysis as well as empirical findings to validate research
questions and its hypotheses tests. Lastly, Chapter 5 provides deeper discussion of the
findings and conclusions, documents the key contributions, research limitations and the

opportunities for future research.



Chapter 2 — Literature Review

2.1 Introduction

Coordinated retail trading activities through social media platforms play a key
role in the emergence of meme stocks (SEC Staff, 2021; Guan, 2022; Sornette et al.,
2023; Aggarwal et al., 2024). These activities fuel retail investors’ enthusiasm, trigger
market hype and dump of the targeted stocks and amplify the price swings which turn out
to hinder the market stability. (SEC Staff, 2021; Guan, 2022; Sornette et al., 2023;

Aggarwal et al., 2024)

This literature review examines researches in stock price prediction
methodologies, retail investing, the unique dynamics of meme stocks, the use of
sentiment analysis on social media posts and its application to meme stock prediction, as
well as the evaluation metrics to account for risk-adjusted returns financial performance
metrics in financial forecasting. It also highlights recent development of hyrid modeling
which integrate sentiment analysis of social media data into deep learning models to
achieve better predective performance. This hybrid modeling helps to evaluate the price
impacts which coordinated retail trading activities have on meme stocks, it demonstrates
that the sentiment analysis using LLMs helps researchers better understanding meme
stock pricing(Wang & Luo, 2024). The central focus of the review is the application of
LLMs, such as FinBERT, LLaMA 3 and GPT, for nuanced sentiment analysis of large-
scale social media data content. This capability is important for meme stocks, where
market sentiment often diverges from traditional valuation principles, and collective

trading actions are heavily influenced by online narratives (Bozza, 2024).
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This review lays the groundwork for analyzing how the integration of LLM-
driven sentiment analysis with deep learning architecture can improve the meme stock

return prediction model performance.

2.2 Stock Price Predictions

Stock price prediction is an active research topic in both academia and industry.
Fama (1965) introduced the "efficient market", claimed that “stock prices follow a
random walk, suggesting that future price movements cannot be predicted based on past
data alone” (Sewell, 2011). Fama further conducted a “comprehensive review of the
theory and empirical work on efficient capital markets”. His foundational work has a
lasting impact on the development of pricing models and inspires more sophisticated
predictive models such as ARIMA, MLR and neural networks (Kumbure et al., 2022).
Box & Jenkins (1976) introduced ARIMA models to perform time series analysis and
remain actively utilized in financial data modeling (Taylor, 2000; Vuong et al., 2024)).
White (1988) innovatively adopted artificial neural networks (ANNs) in price prediction
for the daily return rate of IBM stock. His research documents that ANNs can handle
non-linear relationships and the noises often carried in the financial data. The additional
benefit of non-reliance on strict statistical assumptions together with its capacity to
capture non-linear relationships and robust to noises in the financial data makes ANNs a
strong tool in financial forecasting (Chen et al., 2023). Fischer and Krauss (2018) further
pointed out that a variant of ANNs (LSTM) is outperforming traditional models in
predicting the daily S&P 500 stock movements with an annualized Sharpe Ratio of 5.8

vs. 1.7. The advancements in deep learning, such as RNNs and their variants, have
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proven highly effective in capturing temporal dependencies and addressing the challenges

mentioned above in handling financial datasets (Graves, 2012; Seabe et al., 2025).

With the emergence of social media discussions on financial investments and their
growing impact on market prices, the researchers start to conduct sentiment analysis on
this information to refine their stock price prediction models (Seabe et al., 2025).
Machine learning models like VADER and LLMs (e.g. FinBERT and GPTs) are actively
used to capture the market sentiment in financial price predictions. (Zhang, 2003 ; Tsai &
Wang, 2009 ; Bao et al., 2017 ; Siami-Namini & Namin, 2018 ; Zeng & Jiang, 2023 a ;
Kim et al., 2023). The research from Karim & Foysal (2022), Jaiswal & Singh (2022), Li
& Qian (2023), and Shobayo et al. (2024) “underscored the growing potential of hybrid
models that combine traditional financial indicators with advanced machine learning
techniques to address the increasingly dynamic and multifaceted nature of financial

markets.”

The comparative efficacy of raw stock prices versus returns as predictive features
in financial forecasting remains complex and nuanced, with performance advantages
varying by model architecture, forecast time horizon, and feature selection. Kamalov et
al. (2021) provided valuable insight through their comprehensive analysis “using 10-year
data from ten large-cap U.S. stocks across four machine learning models (logistic
regression, random forest, MLP, and LSTM)”. Their results showed that raw prices
consistently outperformed returns as standalone predictive inputs for directional price
movement prediction, with LSTM models presenting the most significant advantage of
AUC by up to 0.03. The authors attributed this advantage to behavioral finance factors,

suggesting that traders exhibit stronger psychological responses to absolute price levels
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than to relative returns. Notably, this performance difference diminished when technical
indicators such as RSI were incorporated, suggesting that auxiliary features can demolish

the inherent advantage of raw prices in model performance.

The predictive value of raw price structures finds additional support in pattern
recognition studies. Savin et al. (2006) noted that traditional technical analysis patterns
based on raw price formations “(the "head-and-shoulders" price patterns) generated
statistically significant risk-adjusted excess returns” of 5-7% annually across S&P 500
and Russell 2000 indices. This suggests that raw price structures embed predictive signals
that are diluted through return-based transformations. Complementing this perspective,
Greenwood and Shleifer (2014) analyzed the dual influence of returns and price levels on
investor expectations, finding that while recent returns strongly influenced return
forecasts, cumulative price levels (which is the historical return aggregation) also exerted

measurable effects on market sentiment and subsequent price movements.

Long-term predictability studies further complicated dichotomy. Guo (2021)
noted that aggregate U.S. market returns historically exhibit near-zero serial correlation,
aligning with the Efficient Market Hypothesis. However, he also finds that first-month
quarterly returns showed correlations with future returns which indicates that certain
temporal return patterns may outperform raw prices. Kamalov et al. (2021) further
suggests that raw prices demonstrate superior performance for short-term directional
predictions particularly for those that can model general non-linear price patterns, while
returns are better when combined with technical indicators or specific temporal patterns.
These empirical findings guide the study to employ raw prices in baseline models to

evaluate the prediction effectiveness of deep learning models (RQ1); while using returns
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in the multi-variant analyses that incorporated market dynamics, macroeconomic factors
and proxy measures for coordinated retail trading activities to evaluate the price impact
of coordinated trading behaviors (RQ2-RQ4). This approach utilizes the strength of each

formation and stays consistent with established literature.

The following subsections provide a deeper review of the literature about meme
stock price prediction in applying time series analysis, MLR, and deep learning models.
Offering a comprehensive review of how each methodology addresses the particular

challenges inherent in stock price predictions.

2.2.1 Time Series Prediction

Time series analysis serves as critical tools in stock price prediction, with
ARIMA is one of the most widely used ones (Vuong et al., 2024). Box and
Jenkins (1976) introduced ARIMA to model the linear patterns in financial data.
Since it’s simple, explainable with strong theoretical support for linear and
stationary time series data, ARIMA remains a popular benchmarking tool in
financial literature (Liu, 2024; Shobayo et al., 2024). However, the linear and
stationary assumption makes it vulnerable to effectively handle the non-linear and
volatile signals in some financial markets. (Petrica et al., 2016; Ade, 2023; Liu,
2024; Shobayo et al., 2024). Taylor further points out that these limitations make
ARIMA especially struggle in handling patterns driven by investor behavior,

market sentiment and external shocks.
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Equation I - ARIMA

Ve=CH 0y g+ -+ 0V p+ 0161+ + 06 g +€
Where:
y; : differenced series (after applying d times differencing);
@;: AR coefficients;
0;: MA coefficients;
€;: white noise (error term);
c: constant

To address the constraints, Zhang (2003) proposed a hybrid model of
ARIMA-neural networks to capture the non-linear patterns through neural
networks, this hybrid model achieves performance improvement over ARIMA
models with MSE decrease from 18.87% to 16.13%. Cruz et al. (2022) also
combined ARIMA with machine learning techniques in predicting the price
movements of meme stocks demonstrating that hybrid models achieve better

performances.

Recent research has further addresses challenges of time series models in
financial predictions. For example, Pizzutilo & Roncone (2017) documented that
using state-space models such as Kalman filters can effectively handle noisy and
irregular data that often hinder model performance of regular time series models.
Erlemann et al. (2025) introduces Seasonal Autoregressive Integrated Moving-

Average with Exogenous Variables (SARIMAX). This model enhances ARIMA
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with macroeconomic signals and market dynamics. This enhancement allows

SARIMAX to predict S&P 500 index with R? values greater than 80%.

2.2.2 Multilinear Regression Modeling

Multiple Linear Regression (MLR) models integrate multiple explanatory

variables to capture the diverse factors influencing stock prices such as market

dynamics and macroeconomic indicators, (Mali et al. 2017; Khaing, 2019; Antad

et al., 2023; Hu, 2023; Shobayo et al., 2024). Fama and French (1993) introduced

a “three-factor model that incorporates market risk, size, and value factors in
stock return predictions”. This model sets the groundwork for expanding

regression techniques to stock price predictions.

Equation 2 - MLR

Y = Bo+ Pixy + Baxy + -+ Prxp + €
Where:
y: dependent variable;

X,. independent variables (e.g., market/macro

indicators),

P regression coefficients,

€. error term.

Recent research tests the effectiveness of MLRs in various contexts.

Cuvelier (2022) compared MLR with a set of predictive models and found that

MLR is effective to predict price movements for meme stocks such as GameStop
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and AMC. Nivetha and Dhaya (2017) documented that MLR could be enhanced
by quantified sentiment analysis. Around the same time, Izzah et al. (2017)
extended the application of MLR by developing a mobile app for stock prediction.
They integrated a moving average technique into MLR, that improved model real-

time accuracy.

With the expansion of MLRs to integrate more datasets from multiple
sources, the studies found that proper data preprocessing is critical to the
performance of MLR models. Asghar et al. (2019) refined stock data and
improved the predictive accuracy of MLR from 66%-69% of benchmark models
to 76.41%. Around the same time, Ihlayyel et al. (2018) enhanced MLR’s features
by combining it with statistical metrics for feature selection. This integration
allowed the model to better capture the impact of external factors such as news
sentiment to stock prices. Zhen et al (2025) also found that advanced feature
selection techniques will improve the performance of MLR by obtaining the most
informative variables which will reduce noise and avoid overfitting in financial

prediction models.

More recently, researchers have extended the usage of MLRs in various
directions. Kanakam et al. (2022) “introduced a model that combined MLR with
SVM regression, achieving prediction accuracy of 93% in predicting close price”.
This hybrid approach addressed some of the linearity constraints of MLR while
maintaining its interpretability. Mahtab et al. (2023) employed incremental
learning techniques to enhance MLR’s responsiveness to market changes. They

incorporating a rolling mean absolute error (MAE) metric and stochastic gradient
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descent (SGD), to continuously adapt MLRs to new market data that

accommodate well in volatile market conditions.

These findings collectively demonstrate that MLR continues to be a
valuable model which can incorporate extra information to adapt to the growing
complicated market conditions and maintain strong predictive performance and

interpretability. (Shobayo et al., 2025).

2.2.3 Recurrent Neural Networks, LSTM and GRU

“Recurrent Neural Networks (RNNs) are a class of neural networks
specifically designed to handle sequential data by maintaining an internal memory
state that captures information from previous inputs” (Rumelhart et al., 1986;
Seabe et al., 2025). “This architecture enables RNNs to process temporal
dependencies, making them a natural choice for time series tasks such as stock
price prediction” (Rumelhart et al., 1986). Bengie et al., 1994 highlighted that
traditional RNNs often experience vanishing or exploding gradients in capturing
long-term dependencies for stock price prediction. Hochreiter and Schmidhuber
(1997) introduced LSTM to address this challenge. They introduced a gating
mechanism to preserve information in long-term dependencies using input gate,
forget gate and output gate. This improvement enables LSTM to be widely
applied to stock price predictions (Greff et al., 2017; Livieris et al., 2020;
Chavhan et al.; 2024). While the gate mechanism allows LSTM to capture long-
term dependence, it may result in computational complexity and excessive
processing time. Cho et al. (2014) introduced GRUs to simplify the LSTM

architecture by combining the forget and input gate as update gate and retain a
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reset gate. This design reduces computational overhead and improves training
speed with comparable effectiveness in financial time series modeling. (Chung et

al., 2014 ; Sethia & Raut, 2019 ; Gao et al., 2021 ; Xiao et al., 2024).

Equation 3 - RNN

h’t = tanh (thxt + Whhh't—l + bh)
y: = tanh (Wy, h; + b,,)

Where: x.: input at time t; h;: hidden state at time t; Wyp, Wyp, W,

weight matrices; by, b,,: biases.

Equation 4 - LSTM

fe = oW« [he—q, x] + bf)
ip = o(W; * [he—1, %] + by)
C; = tanh (W, - [he_1, x¢] + bc)
Ce = fi * Comq +ip * G
o =0 (W, - [hi_q,x¢] + by)
h: = o; * tanh (C})

Where: f,: forget gate; i,: input gate; C,: candidate memory; Cy: cell

state; o;: output gate; h;: hidden state.

Equation 5 - GRU

zy = o(Wyxy + Uzhe_q + by)
e = o(Wexy + Uphe_y + by)
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flt = tanh (Wyx; + Uy (1¢ * he—1) + bp)
he =1 —=2z)*he_q + 2z, % flt)

Where: z,: update gate; 1,: reset gate; h,: candidate hidden state; h,:

current hidden state.

2.2.3.1 The Evolution and Application of Neural Networks in Stock Price
Prediction

To model the complex non-linear patterns in financial data, a growing
number of literatures applied neural networks in stock price prediction. In a
survey conducted by Melveetil & Mohanty (2024), the number of publicaitons
using neural networks to predict stock price grew from 200 publications in
2015 to approximately 500 publications in 2021. Fischer and Krauss (2017)
documented that LSTM outperformed Random Forest (RAF) and Logistic
Regression (LOG) in both statistical and financial metrics. They found that
compared with LOG, LSTM improved the accuracy of directional predictions
from 52.2% to 54.3% an average daily return from 0.28% to 0.46% and
annualized Sharpe ration from 1.7 to 5.8. Bao et al. (2017) further enhanced
LSTM performance through wavelet transformation. They improved
prediction accuracy in developing and relatively developed markets. In
developing markets, this transformation decreases the mean absolute
percentage error (MAPE) from 0.07 levels to 0.02 levels. While in the
relatively developed markets, this transformation decreased the MAPE from

0.03 levels to 0.02 levels.
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And the correlation coefficient (R) increased from 60% to over 90% in
both markets. Financial metrics also improved from 7% to above 60% in
developing markets, from 16% to 64% in relatively developed markets and
from 8% to 46% for developed markets. While the enhancement in prediction
accuracy was less pronounced in mature indices like S&P 500 and DJIA, the
results demonstrated that LSTMs is adaptive to different markets. Akita et al.
(2016) also demonstrated LSTM's capability to integrate textual data from
news articles with numerical data yielded an overall profit of 12,119,000 Yen,
greatly outperforming Simple-RNN (2,625,400 Yen) while the profit for SVR
and Multi-Layer Perceptron (MLP) are negative. GRUs have emerged as a
compelling alternative to LSTMs, offering comparable performance with
reduced computational overhead. Initial studies by Akita et al. (2016) and
Nelson et al. (2017) confirmed GRUs' effectiveness in integrating multiple
data sources and predicting stock price directions using technical indicators.
In a cross-market study, Shen et al. (2018) found that GRU networks achieved
higher prediction accuracy across US, European and Hong Kong, improving
the accuracy from 45% of benchmark models to over 51% for S&P 500 with
even higher improvements in the other two markets. While from financial
outcome perspective, the GRU achieved the most notable performance boost
in the U.S. market, with daily returns increasing from under 0.08% to
approximately 0.175% more than doubling the benchmark models (Shen et
al., 2018). Most recent comparative analyses by Sendi et al. (2025) revealed

that GRUs performs best among GRU, LSTM and Transformers in three out
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of five stocks they researched, with better efficiency due to its simpler gating
mechanism which requires fewer parameters and enables faster convergence
that as a result reduces the computational cost and training time. These
findings collective make GRU an effective and computationally efficient

choice, especially in scenarios with limited computational resources.

2.2.3.2 Advanced Hybrid Architectures and Recent Innovations

Hybrid models are also introduced in recent studies to enhance model
performance. For example, Karim et al. (2022) introduced a hybrid model Bi-
LSTM-GRU to optimize long-term predictions. Jaiswal and Singh (2022)
developed a CNN-GRU architecture for feature extraction. Li and Qian (2023)
developed a GRU-Transformer hybrid model to incorporate frequency
decomposition via CEEMD, their model is particularly effective for high-
frequency financial data. Chen et al. (2023) improved GRU-based model with

dataset reconstruction to address challenges of overfitting and data scarcity.

2.2.3.3 Preprocessing and Feature Engineering Developments
Preprocessing techniques and feature engineering are important initial
steps for modeling. Thlayyel et al. (2018) documented that incorporating
information extracted from financial news improves stock price model
performance. In this research, additional features such as market dynamic,
macroeconomic factors, sentiment and participation metrics from social media
platforms are also considered. All the features explored in this research are
provided in the data dictionary in Table 3-1. With data collected across

multiple data sources, this research uses preprocessing tools provided in
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Scikit-Learn Python Libraries. Scikit-Learn Python Libraries provide scaling
methods like MinMaxScaler, StandardScaler and RobustScaler(Scikit Learn.,
2025). The selection of scaling methods will impact model performance. For
instance, Amorim et al. (2022) found that RobustScaler consistently
outperformed MinMaxScaler and StandardScaler in classification tasks
involving highly imbalanced datasets (with imbalance ration >9). Ma (2024)
further explored the influence of scaling methods on deep learning
architectures and reported that MinMaxScaler and MaxAbsScaler performed
well for stable assets, RobustScaler was more effective for volatile assets like
Bitcoin. Moreover, Qi et al. (2023) enhanced prediction accuracy through the
combination of GRU models with wavelet and CEEMDAN decomposition,
particularly effective for major market indices like the S&P 500 that reduced
the RMSE from 27.74(ARMIA) and 26.34 (LSTM) to 23.51 (GRU). These
preprocessing innovations have significantly contributed to more robust

predictions in complex financial markets.

Equation 6 - Robust Scaler

! = x; — Q2(x)
bQ3(x) — Q1 (x)

“where x; is the original data point, Q2(x) is the median (second
quartile), Qi(x) is the first quartile, and Qjs(x) is the third quartile of

)

the feature x.’
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2.2.3.4 Summary Stock Price Prediction Models

The consolidated literature reveals a clear evolution in neural network
applications for stock price prediction, from basic RNN implementations to
sophisticated hybrid architectures. While both LSTM and GRU models have
proven effective for capturing temporal dependencies in financial data, recent
innovations in hybrid architectures and preprocessing techniques have further
enhanced their capabilities. The field continues to advance through the
integration of multiple data sources, improved feature engineering, and
innovative model architecture, leading to more reliable and accurate financial

forecasting systems.

2.3 Retail Investor Trading

The evolution of retail investor trading has undergone profound changes, driven
by the enriching digital trading platforms, increased access to real-time financial

information, and the growing influence of online communities.

Barber and Odean (2013) documented the transition of broker intermediate
trading to zero-commissioned online trading platforms. Their research showed that
reduced transaction cost and improved market information transparency have inspired
retail investor participation and enabled more diverse groups of retail investors to actively
engage in the financial market. Statman et al. (2006) examined the psychological and
social aspects of retail trading, they documented an increase in heard behavior and
overconfidence in retail investors, particularly when the hype occured on social media
platforms. Kalayci & Potters (2011) found that the rise of social media and online forums

with real-time incormation sharing and collective decision-making amplified this
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behavioral shift. In the U.S. Census Bureau's Quarterly Financial Report, retail trading
volumes increased from approximately $20 billion per quarter after the financial crisis to
over $100 billion during the pandemic which approximately quintupled in 15 years.
Although the quarterly retail trading volume decreased to around $70 billion following
the 2022 trading frenzy, it rebounded to near $80 billion in the end of 2024 (U.S. Census

Bureau., 2025).

These studies collectively demonstrate the emergence of retail trading which is
heavily influenced by technological innovations, social connectivity, and behavioral
factors. The ongoing integration of digital tools and platforms continues to redefine the
landscape, presenting new challenges and opportunities for market participants and

regulators alike.

The phenomenon of coordinated retail trading represents a newer development in
market dynamics (Gianstefani et al., 2022; Schultz, 2024). Studies by Eaton et al. (2021)
examined how social media platforms like subreddit r/WallStreetBets facilitate the
formation of retail investor communities and enable coordinated trading activities. This
research highlighted the potential for retail investors to impact market prices through

concentrated action.

2.4 Meme Stocks

“The rise of emerging social media platforms and low-commission trading
services has fueled a surge in retail investing activity, marking a shift in financial market
dynamics” (Betzer & Harries, 2022). Meme stocks, which first gained prominence in
early 2021 during the COVID-19 pandemic, represent stocks that attract heightened

interest from retail investors, “primarily through the social media platform Reddit and its
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subreddit, r/WallStreetBets” (Nobanee & Ellili, 2023). These stocks are characterized by
fluctuations in price and trading volume, driven by the collective actions of retail
investors. (Betzer & Harries, 2022; Chacon et al., 2023; SEC Staff, 2021). Social media
serves as a coordination mechanism that enables retail investors to synchronize their

trading activities, leading to substantial spikes in both prices and volumes.

This phenomenon has brought about implications for financial markets, as the
coordination among retail investors often disrupts traditional market behaviors and
challenges established institutional strategies (Cruz et al., 2022). Gianstefani et al. (2022)
further identify the “echo chamber effect” (amplifying collective action and influences
financial market stability) of meme stocks which underscores the transformative “role of
social media in shaping investor behavior and market dynamics” (Gianstefani et al.,

2022).

This section introduces Reddit and its subreddit, r/WallStreetBets, and explores
how r/WallStreeBets became the hub for retail investors through the posts and active
discussions. Next, this section reviews the “meme stock frenzy”, documenting the role of
social media during the surge in retail trading, and the broader market impact of the

coordinated retail trading activities.

2.4.1 Reddit and r/WallStreetBets

Reddit brands itself as the “front page of the internet” is the social media
platform formed by interest-based communities known as “subreddits” that
redditors sharing their observations and ideas with or without moderation

(Reddit., 2025). Jaime Rogozinski created the subreddit r/ WallStreetBets (WSB)
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in 2012 to provide a platform for retail investors interested in high-risk/reward
short-term trading. He intends to inspire discussions among retail investors with
additional investment avenues beyond traditional long-term investments like
401Ks (Otani, 2023). The active discussions on WSB helped retail investors
facilitate large-scale real-time information sharing and coordination and make it a
growing important factor in the financial markets. (Goldstein et al., 2025).. WSB
has gained prominence as a hub for retail investors through the posts and active
discussions. Anderson (2015) highlighted Reddit’s unique community structure
and voting system, which allows user-generated content to gain traction and
influence rapidly. This decentralized model has enabled WSB to amplify
collective narratives, fostering coordinated trading actions that have had

measurable impacts on financial markets (Anderson, 2015).

The GameStop (GME) price swings in early 2021 serves as the most
notable example of Reddit’s financial influence. “A short squeeze occurs when
short sellers are forced to buy back borrowed shares quickly (often at rising
prices) due to limited share availability or margin calls”. This surge in buying can
drive prices even higher, creating a feedback loop that 'squeezes' short sellers out
of their positions, particularly in hard-to-borrow stocks where such events are
more common and costly (Schultz, 2024). Anand and Pathak (2021)
“demonstrated that the tone and volume of discussions on WSB predicted
intraday returns, trading volumes, and volatility for GME”. They find that the top
5% most comment-provoking redditors on r/WallStreetBets boosted returns by

approximately 4.8 times, volatility by 1.57 times, and ask volume by 3.56 times
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compared to the average users. This event highlighted how a relatively small
group of influential users could drive market behavior, showcasing the power of
collective sentiment on platforms like Reddit. Xia et al. (2024) further
emphasized the role of social media in accelerating market volatility, illustrating
how rapid information dissemination through platforms like Reddit can disrupt

traditional market dynamics.

While Reddit empowers retail investors, it also presents risks of
misinformation and manipulation. Chen (2012) underscored the challenges of
loose moderation, which can enable the spread of misleading content within the
platform. This risk is particularly relevant in the context of meme stocks, where
speculative trading is influenced by shared narratives and collective sentiment.
“This is evidenced by research, such as that by Aloosh et al. (2023 a)”,
demonstrating that since the COVID-19 pandemic, meme stock portfolios
exhibiting the highest "irrational attention" (with highest meme stock ticker
mentions) have shown a dramatic rise in correlation with the S&P 500.
Specifically, the highly mentioned meme stocks saw an over 80% increase in
correlation for their returns alone, and nearly a 400% increase when part of a
50/50 portfolio with the S&P 500, a stark contrast to the minimal correlation
changes observed in the least mentioned ticker group. Duggan and Smith (2013)
noted that Reddit's predominantly young, male user base aligns with the
demographic most likely to engage in high-risk, speculative trading. As Cruz et al.
(2022) and Sornette et al. (2023) observed, this dynamic foster herd behavior,

amplifying the market impact of coordinated actions.
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2.4.2 Meme Stock Frenzy

The phenomenon of meme stocks has garnered attention in finance
literature, representing a convergence of retail trading activity, social media
influence, and shifting market dynamics. The GameStop frenzy refers to “the
unprecedented surge in GameStop (GME) stock prices in January 2021, driven by
coordinated retail investors on Reddit’s r/ WallStreetBets” (Guan, 2022). The
frenzy began as a short squeeze targeting hedge funds that had heavily shorted
GameStop, a struggling video game retailer. Retail investors, mobilized through
Reddit, “collectively bought shares and call options, driving the stock price from
$17.25 to over $500 (pre-split) in weeks” (Adinarayan, 2021). Hasso et al. (2022)
analyzed retail investor behavior during the “GameStop frenzy” of early 2021,
revealing a nuanced picture of participants. Their study, based on transaction-level
brokerage data, highlighted that many retail investors engaged in speculative
trading and often exited positions before the bubble peaked. While the study
provides valuable insights, its reliance on a single brokerage platform limits its

generalizability across the broader retail trading landscape.

Aggarwal et al. (2024) further explored the origins of meme stocks. They
contribute meme stocks emergence to the growing zero-commission trading
platforms and the coordination facilitated on social media platforms like WSB.
Their work emphasizes the transformative impact of retail trading on stock price
movements and proposes a broader research agenda examining corporate
governance and regulatory implications. While the study offers a strong

theoretical framework, it lacks empirical data to quantify these impacts,
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highlighting a gap in understanding the direct market effects of coordinated retail

actions.

“Quantitative studies offer valuable insights into the market behavior of
meme stocks”, notably a recent study by Yousaf et al. (2022) employing a
quantile-connectedness approach, “they investigated the relationship between
meme assets and traditional financial instruments”. Their findings reveal a
nuanced dynamic: meme stocks act as drivers of shock transmission (refers to the
process by which a sudden change or disturbance in one financial asset or market
(a "shock") affects other assets or markets) during extreme market conditions,
while acting as shock receivers during stable periods. More specifically, their
analysis demonstrates that the meme assets contribute the largest shocks to the
system with GameStop accounting for 82.72%, and AMC for 94.22%.
Furthermore, during extreme upward market movements (when asset returns
exceed the 95th percentile), meme stocks emerge as net shock transmitters,
exhibiting positive net spillovers of 0.24 for GME and 3.2 for AMC, which
contrasts sharply with negative spillovers for traditional stocks (-12.24) and US
Treasuries (-4.76). This spillover analysis suggests that the sudden shock like
short squeezes or price bubbles in meme asset markets may spill over to the

broader financial markets.

More literature documented the challenges brought by the coordinated trading
activities of meme stocks. Bozza (2024) examined the “high volatility anomaly”
of meme stocks with lower portfolio performances comparing to low-volatility

counterparts and suggests that more robust pricing models are needed to account
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for the extreme volatility driven by coordinated retail actions for meme stocks.
Guan (2022) demonstrates that incorporating retail investor behavior into pricing
models improves model prediction accuracy. Regulatory and market reports also
emphasize the significance of retail investor behavior. The 2021 SEC Staff Report
provides detailed analysis on how coordinated retail trading amplified market
volatility during events like the GameStop short squeeze. These empirical
findings collectively underscore the importance of understanding the price impact

of coordinated retail trading of meme stocks.

2.5 Social Media Sentiment Analysis

Behavioral Finance provides a framework to analyze how investor sentiment
impacts their investing behavior and as a result influencing the stock returns in financial
markets (Chohan & Kerckhoven, 2023). A set of literature reviews the relationships
between stock returns and non-financial factors like weather and beliefs (Hirshleifer &
Shumway, 2003; Dowling & Lucey, 2005; Cao & Wei, 2005; Keef & Roush, 2007; Shu
& Hung, 2009). These findings suggest external factors influence investors’ decisions
through impacting their mood and this indirect impact sometimes leads to price and

return fluctuations unrelated to financial fundamentals.

Traditional asset-pricing models often do not take psychological dimensions of
investor behavior into account. This makes their model hard to explain some emotion
driven market movements. Behaviral finance, on the other hand focuses on discussing the
influence mood and sentiment have on the market, but lacks the theoretical structure
(Sakariyahu et al., 2023; Hao, 2025). Dowling & Lucey (2005) and Hirshleife (2015)

documented that financial models can better process investor behavior after integrating
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the mood factors. Shu (2010) further demonstrated that incorporating mood factors into
tasset-pricing models improve the predictive power of models. For example, the study
finds that a 0.1 change in time preference can lead to greater than 10% variation in
expected returns. The study also finds that decreasing the risk aversion from 2 to 1 can
increase approximately 5.7% in asset prices. These findings together suggest that

integrating sentiment factors into pricing models can improve their performance.

Recent studies have also reviewed the emergence of social media platforms such
as r/WallStreetBets, and how it amplified coordinated actions among retail investors.
Antweiler and Frank's (2004) show that sentiments from unstructured data of online
forums influence the stocks’ trading volume and volatility. They find that a one standard
deviation increase in number of messages can lead to a 0.16 standard deviation increase
in trading volume the next day. Researchers further analyzed the relationship between
collective sentiment from social media platforms and stock price movements. For
example, Li et al. (2020) and Jaiswal & Singh (2022), have demonstrated that LSTMs
and CNN:s is effective “in capturing the temporal and linguistic nuances of financial
sentiment, particularly in the context of meme stocks like GameStop”. Hutto and Gilbert
(2014) demonstrated that VADER is effective in analyzing social media content and
influences market sentiment. “Obthong et al. (2020) conducted a comprehensive survey
on the use of machine learning (ML) for stock price prediction, systematically analyzing
the strengths and weaknesses of various ML algorithms.” Their study emphasized that
sentiment analysis contributes significantly to price movements, suggesting that
sentiment indicators derived from social media and news sources can influence market

behavior. Specifically, the survey cites Li & Li (2024) demonstrated notable
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improvements in prediction accuracy of using sentiment-based analysis: for individual
stocks, accuracy rose from 53.1% to 58.7%; at the sector level, it increased from 55.8%
to 61.2%; and for stock indices, it climbed from 57.9% to 63.5%. By incorporating
sentiment data, ML models are better equipped to capture the influence of retail investor

sentiment, which are often key drivers in price fluctuations.

In more recent studies, meme stock frenzy analysis used Transformer based
models such as BERT and its variants, LLaMA 3 and GPT to extract investor sentiments
from social media platforms. For example, Li (2022) uses fine-tuned transformers to

extract insights from social media and financial news.

2.5.1 VADER

Hutto & Gilbert (2014) designed VADER to analyze the sentiment on
social media contents. It is rule-based approach leveraging lexicon of sentiment-
laden words and contextual features, which makes it efficient in processing the
unstructured and noisy data. Hutto & Gilbert (2014) found that VADER
outperforms human raters, with accuracy improving from 84% to 96% in
sentiment analysis. Since VADER can pick up the nuances of informal,
emotional-intense language prevailing on social media platforms such as Twitter
and Reddit, it then becomes a popular tool for market sentiment analysis. (Hutto

& Gilbert, 2014).

Furthermore, Wang and Luo (2024) demonstrated that VADER can
effectively capture the sentiment of social media posts from the subreddit

r/WallStreetBets, with the performance improvement in stock price predictions.
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Soni and Mathur (2023) found that “VADER outperformed traditional machine
learning algorithms in predicting stock market trends, achieving an accuracy rate
of 72.7%”. Khandelwal et al. (2024) showed that combining VADER with
machine learning models like Linear Regression could improve stock price
prediction performance. These findings further validate that VADER can
effectively incorporate social media sentiment in market analysis.

Equation 7 - VADER

Y valence scores

Compound Score Formula: compound =

\/(Z valence scores)?2+a

Where: « is the normalization constant.

2.5.2 FINBERT, RoBERTa and SieBERT

“FinBERT, developed by Araci (2019), is finetuned for financial texts,
including earnings reports, and news articles. FInBERT achieves an accuracy of
86%, up from 71%. (Araci; 2019) This improvement is also reflected in the cross-
entropy loss, which decreases from 0.81 to 0.37. “This specialized training
enables FInBERT to capture the nuances of financial language, making it more
effective than general-purpose sentiment analysis models in understanding the

sentiments that drive market movements” (Araci, 2019).

“FinBERT has been widely applied in financial sentiment analysis and
stock price prediction, often in conjunction with other machine learning models”
(Zeng & Jiang, 2023 b). Studies by Shobayo et al. (2024), Thomas (2024), and
Cheng and Chen (2021) highlighted its ability to provide sophisticated sentiment
analysis, with some demonstrating improvements through enhancements like
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GPT-augmented distillation and attention mechanisms. Shen and Zhang (2024),
Liu et al. (2023), and Gu et al. (2024) “further explored its integration with LSTM
and BiLSTM networks to improve stock price forecasting by incorporating
sentiment data from financial news.” Other research, including that by Huang et
al. (2023) and Sidogi et al. (2021), confirmed that combining FinBERT with
models like LSTM and GRU networks significantly enhances prediction
outcomes. Studies by Halder (2022), Kim et al. (2023) and Begh Jeet et al. (2024)
used FinBERT to extract sentiment from social media and financial news and

applied them in prediction models of various markets.

Beyond the financial domain variant FinBERT, Liu et al. (2019)
introduced RoBERTa (Robustly Optimized BERT Pretraining Approach).
“RoBERTa is designed with larger batch size with Byte-Pair Encoding (BPE) to
address the undertraining and suboptimal hyperparameters limitations of BERT
and it achieved a substantial performance boost improving accuracy from 72% to
83.2% on the RACE test set.” (Liu et al., 2019). Zhang et al. (2024) applied
RoBERTa to Reddit comment sentiment analysis obtaining an accuracy of 53%
for 28-class classification, that beats Naive Bayes and SVM which have
accuracies below 2%. Holmberg (2025) compared multiple transformer models on
financial news data and reported that “fine-tuned RoBERTa achieved the highest
accuracy (90%) with F1 score of 0.83.” “Furthermore, Miao et al. (2024)
combines GPT and RoBERTa to analyze investors sentiment on Chinese
platforms, reaching 97.61% accuracy, which is a notable improvement over

baseline models”. Seabe et al. (2025) designed a hybrid model Bi-LSTM-
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RoBERTa model for Bitcoin price through “integrating sentiment analysis on
Twitter with deep learning models”. Their model reports a superior performance
with the lowest MAPE (Mean Absolute Percentage Error) of 2.01% (Seabe et al.,
2025). These studies collective demonstrated RoBERTa’s potential in financial

prediction especially when it combines with deep learning models.

In parallel, Hartmann et al introduced SieBERT in 2022 to address key
challenges such as low accuracy, lack of interpretability and poor scalability in
traditional lexicon-based and classical machine learning methods. The SieBERT
model leverages a RoOBERTa based architecture finetuned on extensive sentiment
dataset. Evaluated on 272 datasets comprising over 12 million text documents,
“SieBERT achieved an average accuracy of 88.64% which is significantly higher
than traditional models which typically score below 80%” (Hartmann et al.,
2022). Notably, SieBERT is an open-source tool, which makes it accessible to all
researchers in real-world applications. In a related study, Makin (2024) found that
advanced embeddings significantly enhance accuracies when combined with
LSTM-based model with SieBERT obtaining the highest accuracy (“94.55% on
the TADA dataset and 92% on the IMDB dataset”). While SieBERT is not yet
widely adopted in financial forecasting literature, these findings demonstrate its
effectiveness in parsing unstructured, informal sentiments from social media,
which makes it particularly well-suited for the sentiment analysis on platforms
like Reddit, where investor communication lacks the structure of formal financial

discourse. Given that this study draws sentiment data from retail investors on
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r/WallStreetBets, the integration of SieBERT into the framework offers a robust

supplement to FiInBERT and RoBERTa.

Architecture wise, RoOBERTa and SieBERT share the same base as FInBERT with

a 12-layer, 768-hidden size Transformer, with major difference on the output layer

and loss functions. While FinBERT and RoBERTa typically use a softmax-

activated classifier for multi-class sentiment, SieBERT uses sigmoid with binary

cross-entropy loss for binary sentiment classification. Table 2-1 provides a

comparative summary for these three models. The above studies collectively

demonstrate the efficacy of FinBERT, RoBERTa and SieBERT models in

sentiment analysis and its integration with other machine learning models,

particularly in stock price prediction accuracy improvements.

Table 2-1: Comparative Summary - FinBERT, RoBERTa and SieBERT

Feature

Model Base

FinBERT

BERT-base
architecture finetuned
on financial text
(Malo et al., 2014)

RoBERTa

BERT architecture
with retraining
improvements
(Liu et al., 2019)

SieBERT
RoBERTa-base
architecture finetuned
on social media and
sentiment datasets
(Harmann et al., 2022)

Architecture

“BERT-base (12 layers,
768 hidden size, 12
heads)”

“RoBERTa-base (12
layers, 768 hidden
size, 12 heads)”

RoBERTa-base (same)

Pretrained on 160GB

Finetuned on SemEval,

Pretraining | Finetuned on Financial | (BookCorpus + CC-News | Sentiment140, Amazon,
Corpus PhraseBank + OpenWebText + IMDB, Yelp, Twitter
Stories) datasets
Tokenizer WordPiece tokenizer Byte-Pair Encoding
. BPE (same as RoBERTa
Type (same as BERT) (BPE) tokenizer ( )
. “Tok beddings +
“Token embeddings + oken em. edcings
segment embeddings positional
Input Layer 8 ", g embeddings (no Same as RoBERTa
+ positional
segment

embeddings”

embeddings)”
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Feature FinBERT RoBERTa SieBERT
Output passed to a
[CLS] Token classifier head for
. Same Same
Usage sentiment
classification
Linear classification Linear head (usually Linear class!fler fine-
Output ) . tuned for binary and
head (often 3-class: for binary or 3-way ;
Layer os/neutral/neg) classification) ternary sentiment
P g classification
Finetuned for Masked Language Finetuned with
Training sentence-level Modeling (MLM); no | binary/ternary sentiment
Objective classification (cross- Next Sentence labels using binary cross-
entropy loss) Prediction entropy loss
Financial sentiment General-purpose Social media sentiment
Use Case classification (earnings pretraining; widely detection (especially
Focus reports, analyst used as base for Twitter, Reddit-like
comments, etc.) downstream tasks platforms)
Equation 8 - FinBERT
Architecture:
Input: [CLS] + tokenized sentence
Layer-wise formula: hi(i) = LayerN 07‘m(hl(i)1 + MHA(hl(i)l))
hl(i) = LayerNorm(hl(i) + FEN(hl(i)))
Output: Jpin = Softmax(We;y, - hfg;}S] + brin)
Loss Function: L = —Y.5_, y;log (9;) (Cross-Entropy Loss)
Where:
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“[CLS] is a special token prepended to every input sequence. It is
designed to aggregate the entire sequence s information for classification

task’s;

hl(i) . hidden state for token I at layer [;

“MHA: Multi-Head Attention”;

“FFN: Feed-Forward Network”;

“LayerNorm: Layer Normalization”;

"hers is the pooled output of the [CLS] token”;

“W,b are the learned weights and bias in the classifier layer”;

“yis a probability distribution over sentiment labels (Positive, Neutral, Negative)”.

2.5.3 LLaMA 3 and GPT

“Large language models (LLMs), such as LLaMA 3 and GPT, have shown
great potential in financial sentiment analysis, a key tool for predicting market
trends and asset prices” (Mai et al., 2024). “The foundational work of Vaswani et
al. (2017) introduced the transformer model, which serves as the core architecture
behind GPT.” “Building on this, Radford et al. (2018) proposed pre-training a
language model on large corpora and fine-tuning it for specific tasks, leading to
the development of the first GPT model.” In 2019, Radford et al. introduced GPT-
2, a scaled-up version of the original GPT, demonstrating that larger models could
generalize across diverse NLP tasks without requiring task-specific data or fine-

tuning. GPT-2 remains one of the most widely used open-sourced versions of
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GPT models (Gao, et al., 2023). In response to the rise of OpenAl’s models, Meta
introduced LLaMA 3 in April 2024, which has quickly become one of the most

popular open-sourced LLMs on platforms like Hugging Face (Meta Al, 2024) .

An emerging trend in research studies is the effectiveness of LLMs (e.g.
LLaMA 3 and GPT) in analyzing financial sentiment and forecasting stock prices.
Mai et al. (2024) demonstrates that LLaMA3 effectively acquired financial
domain knowledge during pre-training and outperformed majority baselines.
However, it experienced challenges in handling longer financial texts., making it
less helpful in processing complex narratives in financial news and reports. Liu et
al. (2024) also found that LLaMA3 performs better than VADER and FinBERT in
predicting retail sentiment driven short term price movements like meme stocks.
Kim et al. (2024) further found that LLaMA 3-70B outperformed GPT-4,
FinBERT-FOMC, FinBERT, and VADER in predictive accuracy for sentiment-

driven market predictions.

Furthermore, Fatouros et al. (2023) demonstrated that ChatGPT achieved
substantial improvements in sentiment classification and a strong correlation with
market returns. Kirtac and Germano (2024) also observed that LLMs, including
LLaMA 3, outperform traditional methods in financial sentiment analysis by
boosting the trading strategy Sharpe Ratios. Kang & Choi (2025) found that GPT-
40 can handle complex data for financial sentiment analysis. It improved the
accuracy metrics by up to 10% for some sectors. However, some studies reveal
different results. For instance, Zhang et al. (2023) found that LL.Ms experience

challenges in extracting domain-specific sentiments from longer texts.
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Meanwhile, Shobayo et al. (2024) reported that Logistic Regression outperformed
GPT-4 in certain predictive tasks. Furthermore, Thomas (2024) emphasized the
role of GPT-4 Omni in generating synthetic, domain-specific training data,
highlighting its utility in augmenting smaller models like TinyBERT. (Stempien &
Slepaczuk, 2025) These empirical findings suggest that LLM-based sentiment
analysis with additional information would help financial markets modeling if

crafted carefully.

LLaMA 3 and GPT represent transformative tools for financial sentiment
analysis, offering significant advancements over traditional methods. Table 2-2

provides a comparison summary between these two models:

Table 2-2: Comparative Summary Between GPT-2 and LLaMA3

Feature GPT-2 LLaMA 3
Transformer decoder-only Transformer decoder-only,
Model Base architecture optimized for scale and efficiency
(Radford et al., 2019) (Touvron et al., 2024)

~40GB WebText (curated from 15T high-quality tokens (mixed

Pretraining outbound Reddit links with (.:o.mm.on Crawl, GItHUb'.
Corpus Wikipedia, books, academic
karma >3)
papers)
Tokenizer SentencePiece tokenizer, uses
Tvbe Byte-Level BPE (1,024 vocab size) BPE or Unigram model (128K+
yp vocabulary)
Token embeddings + positional
Input Layer embeddings (signusgidal or Token embeddings + rotary
put tay & positional embeddings (RoPE)
learned)
Linear layer projecting hidden Same (Linear projection to
tput L
Output Layer state to vocabulary logits vocabulary logits)

Number of Ranges from 124M (GPT-2 small) LLaMA 3 models released at 8B
Parameters to 1.5B (GPT-2 XL) and 70B
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Feature GPT-2 LLaMA 3
Attention Standard multi-head self- Grouped Query Attention (GQA)
. . for faster inference and better
Mechanism attention o,
scaling
Training Causal language modeling (next- .
. . e Same: causal language modelin
Objective token prediction) ! guag ng
. . Uses FlashAttention, model
Training

Optimizations

Nonspecific to scaling

parallelism, and AdamW with
gradient clipping

Context
Window

Up to 1,024 tokens

Up to 8,192 tokens for 8B model;
possibly longer for custom
finetuning

Open-Source

OpenAl-released but not fully
open (only model weights, no full

Meta Al, under commercial and
research-friendly license (LLaMA

License . . .
training code) 3 is fully open weights)
— Used in sentiment analysis and Actively used in multi-lingual
Applications . L . . . .
in Finance headline generation in finance | financial reasoning and finetuned

(e.g., Nassirtoussi et al., 2020)

chat models like BloombergGPT

2.6 Evaluation Metrics

Evaluating the model performance in finance needs to combine the traditional

statistical metrics with financial specific metrics due to the risk control demand in stock

price or return predictions. While statistical metrics assess the model's accuracy in

prediction, financial metrics provide a more practical and interpretable understanding of a

strategy's profitability and risk in real-world investment scenarios.

2.6.1 Statistical Evaluation Metrics

“Statistical evaluation metrics are fundamental for assessing the raw

predictive power of machine learning models” (Hyndman & Koehler, 2006). “For

prices or returns predictions, metrics such as MAE, MSE, and RMSE are

commonly employed, quantifying the magnitude of prediction errors” (Shobayo et
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al., 2025). “MAE provides a straightforward average error, while MSE and RMSE
penalize larger errors more heavily due to squaring the differences, with RMSE
being particularly sensitive to outliers” (Hyndman & Koehler, 2006; Patton,
2011). While R? is widely used to measure model fit, it suffers from critical
limitations in financial contexts, particularly for stock return prediction because
financial markets' inherent noise and efficiency often lead to vanishingly low R?
values (typically <5%) (Welch & Goyal, 2017). Moreover, R? is misleading for
nonlinear models (e.g., neural networks), where overparameterization can inflate
in-sample R? while out-of-sample performance deteriorates (Campbell &
Thompson, 2007; Gu et al., 2020). Since R? emphasizes variance explanation
rather than directional accuracy or economic utility, which means that models
with low R? may still generate profitable trading signals (Leitch & Tanner, 1991).
The choice among these statistical metrics often “depends on the specific
objectives of the prediction and the nature of the data” (Welch & Goyal, 2017;

Patton, 2011; Gu et al., 2020).

Equation 9 - Mean Absolute Error

n
1
MAE=—E =P
nillyl il
l:

Equation 10 - Mean Squared Error

1% .,
MSE = - E i —3)
=1
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Equation 11 - Root Mean Squared Error

n
1 .
RMSE = |~ (v = 9"
i=1

Where:
y; represents the actual value for the i-th data point.
y; represents the predicted value for the i-th data point
n represents the total number of data points

L., denote the sum over all n data points

2.6.2 Financial Evaluation Metrics

Beyond statistical accuracy, the ultimate success of a financial predictive
model is its capacity to deliver profitable, risk-adjusted returns in a practical
trading context (Leitch & Tanner, 1991). “The Sharpe Ratio, developed by Nobel
laureate William F. Sharpe (1966), quantifies the excess return generated per unit
of total risk (standard deviation of returns).” Sharpe Ratio (Equation 12 - Sharpe
RatioEquation 12) “is a widely used metric for assessing the risk-adjusted return
of an investment or trading strategy” (Lo, 2002). “A higher Sharpe Ratio indicates
a more attractive risk-adjusted performance, implying that the investment
efficiently compensates for the risk taken” (Coates & Page, 2009). It is
particularly valuable for comparing different investment opportunities or
strategies, as it normalizes returns by their volatility (Coates & Page, 2009).

However, “the Sharpe Ratio has known limitations; it assumes returns are
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normally distributed and treats both upside and downside volatility equally, which
may not align with investors' preferences who are typically more concerned about
downside risk” (Lo, 2002). Moreover, it can be sensitive to the measurement
period and can be manipulated through certain strategies (Cvitani¢ et al., 2007)).
Despite these limitations, it remains a cornerstone in portfolio performance

evaluation.

To address the concern mentioned by Civitanic et al. (2017), the research
also computes the Maximum Drawdown (MDD, Equation 13), which directly
measures downside risk and the resilience of a portfolio or strategy. “MDD
represents the largest peak-to-trough decline in the value of an investment or
trading account over a specified period, expressed as a percentage” (Geboers et
al., 2023). This metric quantifies the worst possible loss for an investor during the
sample period (Geboers et al., 2023; Van Hemert et al., 2020) and serves as a
good indicator to understand the historical vulnerability of the trading strategy.
(Geboers et al., 2023; Van Hemert et al., 2020) Recent research has also explored
its use in portfolio optimization, demonstrating that it’s particularly useful during

times of financial distress (Dorador, 2024; Valle and Beasley, 2019).

Equation 12 - Sharpe Ratio

Sharpe Ratio = B~y

Op

“Where Ry is the portfolio's return, Ryis the risk-free rate, and o,

is the standard deviation of the portfolio's excess return.”
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Equation 13 - Max Drawdown (MDD)

Trough Value—Peak Value

MDD = X 100%

Peak Value

“Where Peak Value is the highest value an investment reached
during a specific period. Trough Value is the lowest value reached

after that peak but before a new peak is established. *

In summary, the use of both statistical and financial metrics in evaluation
process provides a more comprehensive review for financial predictive models
(DeMiguel et al., 2007; Gu et al., 2020). Statistical metrics will help understand
the accuracy perspective of the model, and financial metrics will offer valuable
risk-adjusted performance and downside protection measures to the model that

will better inform investment decisions (Gu et al., 2020).

2.7 Summary

This literature review covers the methodology development, investor landscape
changes, emergence of meme stocks, evolution of supplementing asset-pricing with
behavioral finance concepts and the evaluation standards for financial modeling. Price
prediction models evolve from statistical models to advanced deep learning models,
indicating the growing complexity in financial modeling. The emergence of coordinated
retail trading combined with meme stock phenomenon brings an even more convoluted
challenge to the existing frameworks. The introduction of hybrid models to integrate
newly emerged information into the existing theoretical framework becomes necessary in
addressing these growing challenges. The blooming growth of LLM models brings new

tools to parse and quantify the nuances on social media platforms and helps research to
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evaluate their influence on the financial markets. This body of research provides a clear
path to combine the advanced NLP techniques, with financial modeling and deep learning
architecture that helps understand the price impact of the growing social media driven

coordinated retail actions with intensifying impacts on the financial markets.

The existing literature does not adequately address rapidly shifting market dynamics
driven by recent evolving coordinated retail investor actions on social media platforms
such as r/WallStreetBets. While some research has explored sentiment analysis or used
traditional or deep learning models to build black box prediction models, prior work has
rarely considered the incorporation of sentiment and participation intensity into hybrid
deep learning models to understand which factors are the main drivers of the price
changes. This key research gap in understanding how coordinated retail investors’ actions
and their directional engagements influence the targeted asset prices remains
underexplored. Moreover, prior literature does not account for the relative predictive
power of sentiment versus participation measurements from the social media platforms.
Prior research rarely combines statistical and financial metrics to account for the risk-
adjusted performance in evaluating the prediction models. This research addresses these
gaps by developing and evaluating a hybrid deep learning framework that combines
financial, macroeconomic, and social media data with factor importance analysis to
further quantify and analyze the contribution of each feature groups. This framework
aims to improve predictive accuracy while maintaining risk-adjusted financial
performance and provide a more comprehensive overview of the behavioral and driving

forces that shapes meme stock price movements.

47



Chapter 3 -Methodology

3.1 Introduction

Chapter 3 documents the methodologies used in this research to evaluate the
effectiveness of incorporating participation and sentiment metrics from r/WallStreetBets
into deep learning models to model the meme stock price returns. This section lays out
how this study approaches the design, implementation, and comparison of statistical and
machine learning models in accordance with the research questions and hypotheses listed
in Chapter 1. The design assessed the model capacity to capture the impact of coordinated

retail activities.

The methodology is structured to investigate not only the comparative statistical
performance of these models (RQ1) but also the relative and joint contributions of
participation metrics (e.g. comment counts, post score and upvote ratios) and sentiment
scores (e.g., FInBERT, LLaMA-3, GPT-2) to price return prediction (RQ2—RQ3). Feature
importance is quantitatively assessed using SHAP values, including interaction SHAP for
nonlinear dependencies. To evaluate financial relevance, model performance is primarily
measured using the Sharpe Ratio, which captures both returns and risk-adjusted
profitability, in addition to statistical metrics such as RMSE and MAD (Leitch & Tanner,
1991; Lo, 2002; Hyndman & Koehler, 2006; Cvitanic et al., 2007; DeMiguel et al., 2007;
Campbell & Thompson, 2008; Coates & Page, 2009; Patton, 2011; Welch & Goyal, 2017;
Civitanic et al., 2017; Valle & Beasley, 2019; Gu et al., 2020; Van Hemert et al., 2020;

Geboers et al., 2023; Dorador, 2024; Shobayo et al., 2025).

The chapter proceeds to describe data selection and data pre-processing, feature
engineering which includes a range of statistical transformations and interaction terms,

48



model architecture design, hyperparameter optimization (RQ5), and cross-stock

generalizability tests (RQO6).

This methodology framework is designed to test six key hypotheses: model
effectiveness, feature impact, interaction dynamics, hyperparameter sensitivity, and
transferability. Each question is associated with a specific aspect of meme stock price
modeling in the context of coordinated retail trading behavior proxied by the data from

r/WallStreetBets.

3.2 Data Selection and Pre-processing

Reddit post data are the posts on the r/WallStreetBets subreddit while stock price
and market indicators, including the S&P 500 Index, VIX, US Dollar Index, gold prices,
and Bitcoin prices, were obtained via the Yahoo Finance API (Yahoo Finance, 2025).
Macroeconomic indicators such as the Consumer Price Index (CPI), Gross Domestic
Product (GDP), Purchasing Managers’ Index (PMI), unemployment rate, interest rate,
retail sales, consumer sentiment, non-farm payrolls, job openings, and average hourly
earnings were sourced using the FRED API (St. Louis. Fed, 2025). All datasets other than
subreddit posts were retrieved programmatically using Python and stored in CSV format

for reference and reproducibility.

The data sources vary in time interval: Reddit data are timestamped at the post
level, market data are daily, and macroeconomic indicators are typically released
monthly. To harmonize these temporal differences, all data were transformed to daily
frequency. Reddit posts were aggregated into daily weighted averages by the posts’
number of comments, and for each trading day, the most recently released values were

used for macroeconomic variables. The final dataset was constructed by merging the
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three data categories: social media, market, and macroeconomics. The data is based on

calendar dates to enable unified time-series analysis.

3.2.1 Data source for r/WallStreetBets posts

Academic Torrents was used to collect reddit post information (Awajan &
Jepsen, 2024). It offers subreddit-specific post data spanning from June 2005 to
January 2024, as well as the full archive of Reddit submissions and comments up
to the present. Since subreddit-specific post is not directly available post February
2024, two data sources were used: (1) r/WallStreetBets-specific post data before
February 1, 2024, and (2) full Reddit raw data (including all subreddits) from
February 2024 to September 2024. The latter was filtered to isolate

r/WallStreetBets posts for inclusion in this study.

All datasets were stored in .zst compressed format. The details of
processing steps for extracting and structuring these files are provided in Section
3.2.2. The following chart summarizes the time coverage and source of each

Reddit dataset used in this research.

3.2.2 Processing Reddit files

The Reddit datasets used in this study are stored in the .zst format, which
is a file compression format developed as part of the Zstandard compression
algorithm by Facebook (Collet & Turner, 2016). Zstandard (ZSTD) offers a high
compression ratio and fast decompression speed, making it well-suited for large-

scale text data like Reddit comments and submissions. Academic repositories
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such as Academic Torrents often use .zst files to archive research data as well

(stuck in the matrix et al., 2024).

The research processes the .zst files with the following steps:

1. Decompression: Using zstandard Python library to decompress the files
through streaming these files in JSON Lines format without completely

loading them into memory.

2. Line-by-line Parsing: The JSON Lines format files were processed line by

line to extract relevant data fields such as subreddit, author, title, etc..

3. Filtering for r/WallStreetBets: For the raw Reddit data covering February
2024 onward, a filtering condition was applied to retain only posts where
the filtered records based on the subreddit _id corresponding to
r/WallStreetBets (t5_2th52). This filtering step reduced the volume of data
from nearly 321 million to 119k records (approximately 0.037%) and

ensured focus on the targeted subreddit.

4. Timestamp Conversion: The created utc field in Unix timestamp format,

was converted to datetime to facilitate time-series aggregation.

5. Data Normalization and Export: The extracted and filtered posts were
normalized into a structured tabular format using pandas and saved as .csv
files. This format enables seamless integration with the downstream data

aggregation and modeling pipeline.
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This processing pipeline was applied separately to the two data sources: (1)
the subreddit-specific .zst files from June 2023 to January 2024, and (2) the full
Reddit raw .zst files from February 2024 onward. The result is a unified, clean,

and date-aligned dataset of r/WallStreetBets posts suitable for further analysis.

3.2.3 Reference data for market and macro economy

As outlined in Section 2.2, market dynamics and macroeconomic factors
are critical components in the development of price impact research (Fama and
French, 1993; Cuvelier, 2022; Nivetha and Dhaya, 2017; Izzah et al., 2017;
Abusaba, 2025; Chauhan et al., 2025). Stock price and market data were extracted
using the YahooFinance API, while macroeconomic data was obtained through the
FRED API. All data were collected via Python APIs and saved in CSV format for
subsequent processing. The market data, with daily frequency, includes stock
prices and later derived into their returns, which serve as the dependent variables
for the study. Other datasets, including market indicators, merged with the price
data using a left join. The macroeconomic data, which is released monthly, the
latest available values were assigned to each corresponding day before left joining

with the daily stock price data.

3.3 Text cleaning and processing

Diaa et al. 2024 found that the noise ratio is high in social media posts with 30%

of data classified as irrelevant and more than 60% of posts have limited sentiment

indicators. Omira (2024) notes that interaction metrics like number of comments are

directly related to the popularity and engagement on Reddit. It also found that these
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Reddit engagement metrics are critical for predictive modeling and understanding the
pattern of content virality. To mitigate the noise inherent in Reddit’s open and uncensored
discussion environment, this study filtered r/WallStreetBets post submissions to include
on those with more than 5 comments which decreased the sample by approximately 75%.
Even though no specific filtering thresholds are formulated in the literature, the research
plotted the histogram about the number of comments for the posts (See Figure 4-6) and
chose 5 as the cutoff points for filtering the number of comments. The remaining posts
are then processed to clean relevant text field, specifically the post tile and self text, in
preparation for sentiment analysis and daily aggregation. The text fields are standardized
by converting all characters to lower case, and cleaned by removing URLs, email

addresses, phone numbers, punctuation, extra spaces, newlines as well as emojis.

Subsequently, the research runs sentiment analysis (e.g. VADER, FinBERT,
LLaMA-3, GPT-2, RoBERTa, and SieBERT) on the cleaned text fields. For each post,
sentiment scores were computed using the above six NLP methods. Daily level weighted
average by number of comments is aggregated on these sentiment scores to reflect the
influence of more actively engaged content. A summary weighted sentiment is also
calculated as the ensemble of the six sentiments, serving as an alternative dependent

variable for model development. Figure 3-1 presents the sentiment analysis data flow.

53



Feature extraction

Reddit
post

training

Sentiment score for

VADER > Sentiment1
Average of the each post
sentiment score
. . i h
FInBERT —> Sentiment2 ———cgo '

Lla m33 > Sentiment3 — weighted average sentiment
score and extracted features
for each ticker per day by reddit

. pGSt score
GPT +— sSentiment4 ———— 1
Sentiment and
. participation metrics
RoBERTa > Sentiment 5 for each ticker per day
SieBERT —* Sentiment6

Model Input

Main meta data from
data preparation step

Figure 3-1: Sentiment Analysis Data Flow

Combine

for H2, H3, H4

In addition to sentiment metrics, participation metrics of these posts (e.g.

Table 3-1: Data Dictionary

comment counts, upvotes, downvotes, score and upvote ratio) are also aggregated into
daily level. The comprehensive results of sentiment analyses and participation metrics are

presented in Section 4.2.2. Table 3-1 provides the data dictionary for this analysis.

Variable Definition Metric group
T hei h
Date ' r'ade da'Fe, used as the index when Join Variable
join multiple tables
return Return of the stock Stock Related
volume Trading volume of the stock Stock Related

S&P 500 Close

End of day SP 500 Index

Market Variables

S&P 500 Volume

SP 500 Index trading volume

Market Variables

VIX Close

Standard volatility measurement of
the market

Market Variables

US Dollar Index Close

End of day US Dollar Index, serving as
the measure of strength of UD Dollars

Market Variables

Gold Price Close

End of day Gold Price

Market Variables

Gold Price Volume

Gold trading volume

Market Variables
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Variable

Bitcoin Price Close

Definition

End of day Bitcoin Price

Metric group

Market Variables

Bitcoin Price Volume

Bitcoin trading volume

Market Variables

10-Year Treasury Yield Close

End of day 10-Year Treasury Yield,
serving as the benchmark of most
financial assets

Market Variables

Fund Flow ETF Proxy Close

End of day ETF Fund Flow price

Market Variables

Fund Flow ETF Proxy Volume

ETF Fund Flow trading volume,
serving as the proxy of institutional
demand of the market

Market Variables

NASDAQ100_Close

End of day NASDAQ 100 Index

Market Variables

NASDAQ_SP_dis

Difference between NASDAQ 100
Index and S&P 500 Index

Market Variables

CPI

Consumer Purchase Index

Macro Economy
Indicators

GDP

General Domestic Product

Macro Economy
Indicators

Unemployment Rate

Rate of unemployment, critical to
Fed's rate decision

Macro Economy
Indicators

Interest Rate

Fed's Interest Rate

Macro Economy
Indicators

Retail Sales

Retail Sales

Macro Economy
Indicators

Consumer Sentiment

Sentiment of Consumer spending

Macro Economy
Indicators

Non-Farm Payroll

Number of Non-Farm Payroll, critical
to Fed's rate decision

Macro Economy
Indicators

Average Hourly Earnings

Average Hourly Earnings of laborforce

Macro Economy
Indicators

llama_weighted_sentiment

Daily weighted average of llama
sentiment score of each post

Sentiment Metrics

finb_weighted_sentiment

Daily weighted average of FinBERT
sentiment score of each post

Sentiment Metrics

gpt_weighted_sentiment

Daily weighted average of GPT
sentiment score of each post

Sentiment Metrics

cardiffnlp_weighted_sentiment

Daily weighted average of ROBERTa
sentiment score of each post

Sentiment Metrics

siebert_weighted_sentiment

Daily weighted average of SieBERT
sentiment score of each post

Sentiment Metrics

vader_weighted_sentiment

Daily weighted average of VADER
sentiment score of each post

Sentiment Metrics
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Variable

sum_weighted_sentiment

Definition
Daily weighted average of summary
sentiment score

Metric group

Sentiment Metrics

num_comments

Total number of comments of the

Participation

day

posts per day Metrics
Total number of upvotes of the posts Participation
ups .
per day Metrics
Total number of downvotes of the Participation
downs .
posts per day Metrics
ub ratio Weighted average of upvote ratio for Participation
P- the posts per day Metrics
Totalsum of scores of the posts per Participation
score

Metrics

return_sentiment

return x summary sentiment

Interaction Terms

return_comments

return x number of comments

Interaction Terms

return_score

return x score

Interaction Terms

price_sentiment

price x summary sentiment

Interaction Terms

price_comments

price x number of comments

Interaction Terms

price_score

price x score

Interaction Terms

3.4 Feature Selection

The feature selection process incorporates a comprehensive set of variables drawn

from three domains: market dynamics, macro economy variables, and Reddit-derived

metrics from r/WallStreetBets. (Omole, 2024) The study also performs feature

engineering which generates a variety of features through transformations such as lags,

log, square root etc.. Table 3-2 provides an extensive list of transformations performed in

this step.

Table 3-2: Feature Engineering Transformation

Transformation Function (all numerical columns in Table 3-1

lag lag with step 1to 5
log log

sqrt Square root
diff difference
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Transformation Function (all numerical columns in Table 3-1

rolling average rolling averages for window size 1,3,5
Momentum Change over 5 days
ROC Percentage change over 5 days
z_score Z score

Fibonacci Retracement Levels for the difference between
NASDAQ 100 Index and S&P 500 Index

Fourier Transform Fourier Transformation

Fibonacci Retracement Levels

Interaction Terms As defined in Table 3-1

Transformation operations above introduce NaNs, the research removes the
generated features with more than 30% NaN records. Allison (2002), Little & Rubin
(2002), Tsay (2005) and Hair et al (2010) all emphasize the importance of addressing
missing values properly. Specifically, Hair et al. (2020) suggest the deletion of variables
with a high percentage of missing data, although they do not define a precise cutoff for
what constitutes “high percentage”. Drawing on this guidance, this research adopts a 30%
threshold, removing variables where approximately one in three observations is missing,
to ensure the robustness and reliability of modeling. For the remaining data, extreme
values, specifically positive and negative infinities resulting from feature engineering
transformations were addressed by winsorization(clipping): we replaced the positive
infinite values to the maximum of the variable and replaces the negative infinite values to
the minimum of the variable (Jain et al. 2000; Little & Rubin, 2002) All features are

standardized using a Robust Scaler.

A pairwise correlation matrix was computed for the scaled features. To mitigate
multicollinearity, the research excluded any feature with greater than 90% correlation.

The research then runs a Random Forest Regressor with 100 estimators to assess feature
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importance. The study analyzed using SHAP (SHapley Additive exPlanations) to
interpret feature contributions and calculate the explainer and SHAP values of these

features.

3.5 Machine Learning Models

This study uses both statistical and deep learning models to predict meme stock
price movements. It further conducts sentiment analysis with deep learning models to
quantify the sentiments on r/WallStreetBets posts. These sentiment metrics combined
with the participation metrics on the forum are then incorporated into the model to model

the price impact of coordinated trading activities.

The first research question analyzes the price levels time series data. It uses
statistical models such as ARIMA and MLR. To further model the sequential and non-
linear patterns in the data, the study also explores RNNs, LSTMs and GRUs (Graves,
2012; Chung et al., 2014; Akita et al., 2016; Fischer and Krauss, 2017; Bao et al., 2017;
Nelson et al., 2017; Greff et al., 2017; Shen et al., 2018; Iworiso, 2020; Sendi et al.,
2025). RNNs are good at handling sequential data but have challenges in learning long-
term dependencies due to vanishing gradient problems (Rumelhart et al., 1986; Bengio et
al., 1994; Hochreiter & Schmidhuber 1997; Graves, 2012). LSTMs are introduced to
address the vanishing gradient issue in learning long-term dependencies. They use input
gate, forget gate, and output gate mechanism to preserve long-term information
(Hochreiter & Schmidhuber 1997; Graves, 2012; Cho et al., 2014; Chung et al., 2014;
Greff et al., 2017; Fischer & Krauss, 2017; Bao et al., 2017; Nelson et al., 2017; Iworiso,
2020). Later, GRUs are introduced to simplify the LSTM architecture. (Cho et al., 2014)

GRU architecture combines the forget and input gate as update gate and retain a reset
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gate. This design reduces computational overhead and improves training speed with
comparable effectiveness in financial modeling. (Chung et al., 2014 ; Sethia & Raut,

2019 ; Gao et al., 2021 ; Xiao et al., 2024).

Beyond traditional market and macroeconomic variables, the study further
incorporates sentiment and participation metrics from r/WallStreetBets to serve as the
proxies of coordinated retail trading activities. To quantify this, sentiment scores are
derived from r/WallStreetBets posts using the NLP models discussed in Section 3.3.
These models provide a comprehensive assessment of retail sentiment by leveraging both
traditional and deep learning-based machine learning models. The resulting sentiment
features are aggregated into ensemble scores and combined with Reddit participation

metrics (e.g., post volume, comment counts, and user activity).

3.6 Model Training and Validation

The training process begins with data collection and processing (e.g. meme stock
prices, market dynamics, macroeconomic variables, along with sentiment and
participation metrics derived from r/WallStreetBets posts). After feature engineering, the

dataset is split into training, validation, and test sets for model evaluation.

For each machine learning model in Hypothesis 1, the training data uses historical
stock prices, and for the remaining models the training data used both historical stock
prices and extracted features post feature engineering. The validation data is used to tune
hyperparameters and avoid overfitting. The test set is reserved for final performance

evaluation and is not exposed to the model in training and validation stages.
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The models are trained using gradient descent-based optimization techniques,
with the Adam (Adaptive Moment Estimation) optimizer. The research uses Adam
optimizer considering its adaptive learning rate and computational efficiency. To further
mitigate overfitting, the research also uses early stopping to track the performance
metrics on validation set. The research uses grid search and random search for key
hyperparameters finetuning for deep learning models (RNN, LSTM, and GRU). These
searches are performed iteratively to identify optimal configurations that balance model

complexity with predictive performance.

The Figure 3-2 and Figure 3-3 present the workflow of model training and

validation process in this study.

———  ARIMA
——— MLR
H1
Stock data
Training and
validation — RNN
— GRU

Figure 3-2: Baseline Models Workflow
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Figure 3-3: Deep Learning Models Workflow
3.7 Model Evaluation

The model uses both statistical and financial metrics to assess the performance of
the trained models. The statistical metrics include MAE, MSE, and RMSE, which
evaluates the prediction accuracy on test data. Better model performance requires lower
values across these metrics. The research also uses financial metrics such as Sharpe Ratio
to evaluate the risk-adjusted returns. This metric considers both return and risk, makes it
useful in comparing financial prediction models. It represents the excess return per unit of
risk which is meaningful model performance comparison in actual trading context. The
higher Sharpe Ratio means higher predictive quality with respect to both return

magnitude and risk.

To determine the statistical significance of incorporating Reddit-derived sentiment

and participation metrics, the study conducts paired t-tests and ANOVA to SHAP values
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of these metrics. These tests help evaluate whether the importance (e.g., ARIMA and

MLR) are statistically meaningful.

3.8 Summary

The study combines data from multiple sources in formats. Daily stock prices and
market data are retrieved using YahooFinance API and monthly macroeconomic data are
collected using the FRED API. Both datasets are retrieved using Python and saved as
CSYV files for replication. Reddit post submissions from r/WallStreetBets were sourced
from Academic Torrents (January 2022—January 2024) and supplemented with Reddit
raw data (February 2024 onward), filtered using the subreddit id: t5 2th52. Text data

from post titles and self-text fields were cleaned for sentiment analysis.

To align the different temporal frequencies, Reddit sentiment and participation
metrics were aggregated daily, while the latest available values were used for
macroeconomic variables. Additional features were engineered using lagged time series
transformations to capture temporal and nonlinear patterns. Random Forest Regressor

and SHAP analysis were used for feature selection.

The research split data into training, validation, and test sets. (Chohan &
Kerckhoven, 2023) The study starts by applying ARIMA, Multiple Linear Regression
(MLR), RNN, and GRU models to establish baseline predictive performance for meme
stock prices (RQ1). It follows by sentiment analysis using machine learning and LLM
models to quantify the sentiment of r/WallStreetBets posts and creates ensembled
sentiment metrics. The study compares their predictive contribution with the participation
metrics of r/WallStreetBets to the stock return prediction models (RQ2). These sentiment

and participation metrics, combined with the market dynamics, and macroeconomic
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factors are used to train RNN, LSTM and GRU for evaluating the improvements in
statistical and financial evaluation metrics over baseline models (RQ2-3). The study tunes
the hyperparameters of these models to identify the configurations that contribute most to

model performance (RQ4).
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Chapter 4 - Results

4.1 Introduction

This chapter documents the empirical findings to validate the four hypothesis tests
framed to address the corresponding research questions in Chapter 1. The exploratory
analysis of original and processed data, the distribution of sentiment and participation
metrics and feature evaluation summary are provided in Section 4.2. The sentiment
scores are generated from six language models: VADER, FiInBERT, LLaMA-3, GPT-2,
RoBERTa, and SieBERT, and ensembled into summary sentiment score. It then builds
baseline models of ARIMA, MLR, RNN and GRU to evaluate their ability to predict
meme stock prices using historical price, against the prediction capacity by incorporating
the market and macro economy features (RQ1). Building on top of this foundation, the
study evaluates the effectiveness of Reddit-derived sentiment and participation metrics to
estimate the impact of the coordinated retail action on the price return using SHAP
analysis during feature engineering process (RQ2). The subsequent sections show the
results achieved by incorporating sentiment and participation metrics into deep learning
models (RNN, LSTM, GRU), with a focus on enhancing Sharpe Ratio as a risk-adjusted
performance metrics (RQ3). Finally, the study assessed the impact of hyperparameter

tuning to identify configurations that significantly influence predictive performance
(RQ4).
4.2 Data Cleaning and Pre-processing

The details of data across multiple sources such as financial time series,
macroeconomic factors, unstructured Reddit posts data are provided in Chapter3. To

integrate these different data sources into one model requires careful preprocessing. The
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data cleaning process involves handling missing values, filtering out invalid records,
parsing and normalizing Reddit post content, and aligning all datasets at a unified daily

frequency to enable meaningful temporal analysis.

Prior to model training, all numerical features are scaled using RobustScaler. The
Comparing to standard normalization techniques, RobustScaler is less sensitive to
outliers and better suited for financial data with volatile distributions (Amorim et al.,
2022; Ma, 2024; Scikit Learn, 2025). Text data from Reddit is preprocessed to remove
noise (e.g. URLs, emojis, and special characters) before applying sentiment analysis
models. The following sections present a summary of exploratory data analysis, derived
sentiment and participation metrics, and feature evaluation results, providing insight into

the structure and predictive potential of the cleaned dataset.

4.2.1 Exploratory Data Analysis

Figure 4-1 presents the daily closing price of GameStop (GME) stock
(blue), its 100-day (orange) and 200-day (green) moving averages. (Prenestino,
Barbierato, & Gatti, 2025) The chart shows the price surge and subsequent
retraction during the 2021 “meme stock frenzy” (Adinarayan, 2021; Guan et al.,
2022; Hasso et al., 2022; Aggarwal et al., 2024; Yousaf et al., 2024), consistent
with patterns reported in prior literature. Since 2021, GME’s price has continued
to exhibit heightened volatility, with another sharp spike observed in early 2024.
Compared to the NASDAQ-100 index (pink), GME shows greater price
fluctuations, reflecting its speculative nature and the influence of retail-driven

trading activity.
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Figure 4-1: GameStop Price Trend from 2020 to September 2024

Given the volatility in GME's stock price and supported by financial
modeling literature suggesting that price returns offer a more stable and
interpretable signal than raw prices (Tsay, 2005; Kamalov et al., 2021; Alparalan
& Kin, 2021; Lopez-Lira & Tang, 2024), this study adopts daily price return as
the dependent variable for the models tested in H2 through H4. Figure 4-2
displays the trend of GME's daily price returns over the study period, showing
bursts of high return variability aligned with periods of coordinated retail trading
(SEC Staff, 2021; Betzer & Harries, 2022; Chacon et al., 2023; Nobanee & Ellili,

2023).
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Figure 4-2: GameStop Daily Return Trend from 2020 to September 2024

Figure 4-3 provides a correlation heat map across GME’s closing price,
market dynamics, and macroeconomic indicators. The analysis shows that most
individual features have low to moderate correlation with GME’s closing price,
with the highest Bitcoin price (correlation = 0.51). In contrast, strong inter-
correlations are observed among macroeconomic variables: the S&P 500 index is
highly correlated (>75%) with gold prices, Bitcoin prices, CPI, GDP, and the
NASDAQ-100 index; the 10-year Treasury yield shows high correlation with the
U.S. Dollar Index and several other macro variables. These findings inform the
feature engineering and selection process by identifying clusters of redundant
features and highlighting the unique signal GME price may carry in relation to

broader market indicators.
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Figure 4-3: Correlation Heatmap between Close Price with Market Dynamics and

relationships among GME’s closing price, sentiment metrics, participation

metrics,

Macro Economy Indicators

Figure 4-4 presents a correlation heat map illustrating the linear

and selected interaction terms. The chart reveals strong positive

correlations within the participation metrics—particularly between the comment

counts, upvotes, and downvotes. More specifically, the correlations between

upvotes, downvotes and score (upvotes — downvotes) are above 99%, while

number of comments also shows a strong correlation (94%~99%) of this cluster.
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High multicollinearity is problematic for statistical and machine learning models
because it can result in unstable and uninterpretable estimations and reduced
statistical power. To address the high multicollinearity issue, and the limited
availability of upvote and downvote data in some cases, the study retains only the
number of comments during feature engineering combining with upvote ratio and
score as a representative proxy for post engagement. This feature of engineering
decision effectively addresses the multicollinearity problem and ensures a
comprehensive presentation of participation metrics: comment counts reflect the
volume of discussion about the post, score shows the net approval of participants,
and upvote ratio presents the proportion of agreement to the post. Notably, the
linear correlations between GME’s closing price and the Reddit-derived sentiment
and participation metrics are relatively weak with correlation less than 10%.
Similarly, daily return exhibits limited correlation with these variables. These
findings support the decision to employ deep learning models (e.g. RNN, LSTM,
and GRU). These models can capture nonlinear relationships and temporal
dynamics that linear models may fail to detect (Chung et al., 2014; Akita et al.,
2016; Fischer and Krauss, 2017; Bao et al., 2017; Nelson et al., 2017; Greff et al.,

2017; Shen et al., 2018; Iworiso, 2020; Sendi et al., 2025).
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Figure 4-4: Correlation Heatmap between Close Price with Sentiment Metrics,

Participation Metrics and Interaction Terms

4.2.2 Sentiment and Participation Metrics Summary

Table 4-1 presents the frequency of summary sentiment scores calculated
by the six sentiment models on r/WallStreetBets posts. Each model's output is
assigned a numerical weight (1 represents positive, 0 represents neutral, and —1
represents negative) to calculate a composite sentiment score, results range from —
6 (all models are negative) to +6 (all models are positive). Posts with composite
sentiment score above 0 are assigned positive, those below 0 are assigned

negative, and those equal to 0 are assigned neutral. The results show that this
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ensemble method effectively captures majority sentiment consensus, with over
93% of posts receiving a clear majority vote (i.e., at least three out of six models
aligned in sentiment classification). This high level of agreement underscores the
reliability of the summary sentiment metric as a robust, model-agnostic indicator
of crowd sentiment. Figure 4-5 visualizes this distribution in the form of a bar

chart, offering a clear overview of sentiment trends across the dataset.

Table 4-1: Summary distribution of title sentiment across models

positive_count neutral_count negative_count records score cumsum sum_sent

6 0 0 241 6 241 positive
5 1 0 1564 5 1,805 positive
5 0 1 243 4 2,048 positive
4 2 0 3390 4 5,438 positive
4 1 1 1548 3 6,986 positive
3 3 0 6133 3 13,119 positive
4 0 2 92 2 13,211 positive
3 2 1 4112 2 17,323 positive
2 4 0 3953 2 21,276 positive
3 1 2 1279 1 22,555 positive
2 3 1 7334 1 29,889 positive
1 5 0 528 1 30,417 positive
3 0 3 147 0 30,564 neutral

2 2 2 3693 0 34,257 neutral

1 4 1 2618 0 36,875 neutral

2 1 3 2517 -1 39,392 negative
1 3 2 4148 -1 43,540 negative
0 5 1 236 -1 43,776 negative
2 0 4 522 2 44,298 negative
1 2 3 3638 2 47,936 negative
0 4 2 987 2 48,923 negative
1 1 4 2591 3 51,514 negative
0 3 3 1478 3 52,992 negative
1 0 5 629 -4 53,621 negative
0 2 4 1687 -4 55,308 negative
0 1 5 1122 -5 56,430 negative
0 0 6 273 -6 56,703 negative
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Figure 4-5 Distribution of Summary Sentiment Score per Post

As detailed in Table 4-2, 53.6% of posts are classified as positive, while
35.0% are negative, and 11.4% are neutral. This distribution indicates a generally

optimistic sentiment tone in r/WallStreetBets discussions during the study period.

Table 4-2: Sentiment Summary Distribution

sentiment summary records %
positive 30417 54%
neutral 6458 11%
negative 19828 35%

Figure 4-6 and Figure 4-7 display the histograms of three participation
metrics derived from r/WallStreetBets posts: number of comments, post score
(upvotes minus downvotes), and upvote ratio. The results show that about 37% of
posts received fewer than five comments, and 35.7% had a post score below 10—
suggesting limited engagement and lower potential influence on market behavior.

To ensure the quality and relevance of the sentiment data, the study filters out
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posts with fewer than five comments prior to daily aggregation of sentiment and
participation metrics. Figure 4-7 shows that about half of the posts have an upvote
ratio (Equation 14) of 80% and above, this skew toward high upvote ratios
suggests a level of directional alignment among Reddit users, potentially
reflecting coordinated sentiment or collective trading intentions. These findings
support the use of participation metrics alongside sentiment scores as proxies for
retail investor coordination in the predictive models.

Equation 14 - upvote ratio

up votes
up votes+ down votes

upvote ratio =

Number of Comments Score of Post

| | |
=
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Figure 4-6:Distribution of Comments and Score of r/WallStreetBets Posts
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Figure 4-7: Distribution of r/WallStreetBets Posts Upvote Ratio

4.2.3 Feature Evaluation

As noted in Chapter 3, the dependent variables consist of six sets: stock
price, market variables, macro economy indicators, r/WallStreetBets sentiment
and participation metrics, and interaction terms between price/return with
sentiment/participation and upvote ratio. The praxis further added multiple
transformations such as difference, lag, moving average, log, standard deviation,
momentum, and rate of return and cross terms of these factors in the feature
engineering process. The research goes through the feature reduction process
described in Chapter 3 and computes the SHAP (SHapley Additive exPlanations)
values for the features indicating that market dynamics, interaction terms and
participation metrics are contributing strongly to the model performance. Figure
4-8 presents the box plot of mean absolute SHAP values for each variable group,

and Figure 4-9 presents the top features of the SHAP summary plot. Detailed and
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further statistical testing around the model contribution of the features are

conducted in Section 4.3.2.

Figure 4-8: Distribution of Mean Absolute SHAP Values

Further statistical tests comparing the contributions of different feature
groups, particularly participation versus sentiment metrics, as presented in Section
4.4.2, offering deeper insights into which variables drive model accuracy and how

they relate to the study’s research questions.

75



High
return_zscore se e e s = s ems o
return_comments_zscore
return_momentum
return_sentiment_zscore
return_comments_momentum
Close_lagl
return_comments_mas
return_sentiment_momentum
return_std3
return_sentiment_ma3

num_comments_std3

Feature value

Close_momentum
num_comments_momentum
return_sentiment_ma5

return_lag2

Volume_lag4

score_momentum

vader weighted_sentiment_fft_abs
llama_weighted_sentiment_lagl

siebert_weighted_sentiment_lag2

Low

-10 0 10 20
SHAP value (impact on model output)

Figure 4-9: Top features SHAP summary plot

4.3 Model Results

This section shows the predictive performance of the machine learning models
described in Chapter 3, structured according to the corresponding research questions
(RQs). The baseline models include statistical models (e.g. ARIMA and MLR) and deep
learning models (e.g. RNN, LSTM and GRU) are used to predict the meme stock prices.
These models are evaluated based on statistical metrics such as MAE, MSE, RMSE and

R?. The study then computes sentiment scores of r/WallStreetBets, combining them with
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participation metrics, market dynamics and macroeconomic factors to predict the meme
stock returns using deep learning models (e.g. RNN, LSTM, and GRU). The study
computes the SHAP values for each feature after the feature selection process and
compares the mean absolute SHAP values of sentiment metrics and participation metrics
feature groups using Welch’s t-test, Permutation test, and Mann—Whitney U test. These
tests are designed to assess whether the contributions of these two feature groups to
model performance differ significantly. The above models are evaluated using both
statistical performance metrics and the financial performance metrics such as Sharpe
Ratio and Max Drawdown to assess the risk-adjusted return prediction accuracy. The
results explore how integrating proxies of coordinated retail trading activities into meme
stock price returns predictions improve model performance over baseline models, and
how hyperparameter tuning impacts predictive outcomes. Collectively, these results
provide an extensive evaluation of how effective the models are in capturing the complex

drivers of meme stock price movements.

4.3.1 Baseline Models

The research starts with constructing a set of baseline models to establish
the benchmark on model performance of meme stock price prediction. The first
set of baseline models are ARIMA and MLR followed by deep learning models.
These models are trained on the stock price time series data with MLR
incorporated market dynamics and macroeconomic factors during prediction.
Together, these baseline models offer reference points against the more complex

models in subsequent sections.
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Table 4-3 shows model results ARIMA and MLR. The findings indicate
that these models face substantial challenges in accurately predicting the price
levels of meme stocks. Specifically, the ARIMA model yields an RMSE of
approximately 5.7 with R? below 10%, reflecting weak predictive accuracy in
capturing price dynamics for a time series model. The MLR model performs even
more poorly, with an RMSE exceeding 10 and a negative R?, suggesting that
linear relationships among market dynamics and macroeconomic indicators are

insufficient for explaining meme stock price behavior.

Table 4-3: ARMIA and MLR Model Results

Model Parameters Metrics
p d q RMSE MAD R-sq
5 1 2 6.8915 4.7876 -0.3337
30 1 2 6.5293 4.6907 -0.1972
10 1 2 6.4073 4.6737 -0.1529
7 1 2 6.93 4.8061 -0.3486
ARIMA 10 2 2 5.8929 4.1721 0.0248
10 3 2 23.2476 18.8708 | -14.1772
10 2 4 5.7241 4.0588 0.0799
10 2 5 5.708 4.054 0.0851
10 2 7 5.8189 4.1015 0.0491
10 2 6 6.6518 4.6326 -0.2425
Original X lists 13.1143 10.585 -3.8297
X removed highly correlated features 12.3551 9.9052 -3.2868
PCA on X variables 38.2298 37.0411 | -40.0429
MLR Ridge regression 37.9702 37.0412 | -39.4875
Lasso Regression 38.168 37.0412 | -39.9103
Gradient Boosting Regressor 11.9358 37.0412 -3.0007
Neural Network Model 47.309 37.0412 | -61.8524

* Blue cells highlighted the ARIMA models with the best performance metrics

In contrast, Table 4-4 reports the results from deep learning models (RNN,
LSTM, and GRU) trained on price time series. All three models achieve R? values

above 60% and RMSE:s less than half of that produced by ARIMA. Among them,
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GRU delivers the strongest performance, with an RMSE as low as 2.79 and an R?
exceeding 78%, indicating that they are better at modeling the nonlinear and

sequential nature of meme stock price dynamics.

Table 4-4: RNN, LSTM and GRU Model Results

ML model hyper-parameters Metrics
n timesteps  epochs  ConYSTOPPINE oo MAD R-sq
patience
80 50 8 18.4849 17.7348 -6.9158
OnlyY
RNN 80 50 8 3.6506 1.7193 0.6913
60 50 5 3.2656 1.4509 0.7423
60 10 NA 3.3348 1.539 0.7312
30 50 5 3.107 1.3807 0.7362
OnlyY
80 50 8 3.5239 1.5429 0.7123
60 50 5 3.5848 1.7081 0.6894
60 10 NA 3.8678 2.0362 0.6384
LSTM 30 50 5 3.6581 1.7534 0.6344
X &Y (PCA of X +scaled X and Y)
50 50 10 21.0475 19.6937 | -11.2407
80 50 NA 9.2756 7.8198 -1.3773
5 50 NA 22.8711 19.085 -13.4538
80 50 8 3.6014 1.6975 0.6995
60 50 5 3.1999 13432 0.7525
60 10 NA 3.2144 1.5909 0.7503
30 50 5 2.9119 1.2007 0.7683
GRU 10 50 5 2.8759 1.2381 0.7715
5 50 5 2.7913 1.143 0.7831
50 50 10 10.9769 10.1893 -2.3294
80 50 NA 17.4916 15.2703 -7.4541
5 50 NA 39.7951 36.7294 | -42.7586

* Blue cells highlighted the GRU models with the best performance metrics

Section 4.3.1 establishes the baseline models in GME stock prices and
returns forecasting. The results show that deep learning models using only price

data outperform regression models in predictive accuracy. Among them, the GRU
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model performs best, achieving an R? close to 78%, along with the lowest RMSE
and MAD, indicating strong fit and minimal prediction error. In contrast, when
market dynamics and macroeconomic indicators are included as independent
variables, model performance deteriorates, with R? values turning negative, which
aligns with prior findings in financial literature that highlight the limited
explanatory power of structured variables in highly volatile markets (Semenova &
Winkler, 2021; Soltani & Boujelben, 2022; Matthies et al., 2023; Borgioli et al.,
2024). Due to the non-linearity of these models, and the instability of R2 results,

it was determined to be inconclusive for meme stock predictions.

4.3.2 Coordinated Retail Trading Integrated Models

Building on the baseline models, this section evaluates the predictive
performance of models that incorporate Reddit-based sentiment and participation
metrics as proxies for coordinated retail trading behavior. By integrating these
features into deep learning models, the study aims to assess whether user-
generated signals from r/WallStreetBets enhance forecasting accuracy for meme
stock price returns. These models draw on a richer set of inputs, including
transformed price data, market dynamics, macroeconomic indicators, and Reddit-
derived sentiment metrics and participation metrics such as ensemble sentiment

scores, comment counts, and upvote ratios.

The analysis addresses Research Question 2 (RQ2), 3 (RQ3) and 4 (RQ4)
by comparing the effects of sentiment and participation metrics on model
performance as well as assessing the predicative accuracy among the models. The

section also explores whether the inclusion of these variables leads to
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improvements in both traditional error metrics and financial performance metrics
(e.g. the Sharpe Ratio and Max Drawdown), documenting relevance of

coordinated trading signals for financial modeling. (Holmberg, 2025)

4.3.2.1 Statistical Testing of Feature Importance

To evaluate the relative importance of participation metrics versus
sentiment metrics in predicting meme stock price movements (RQ2), the
study conducts a series of statistical tests comparing their mean absolute
SHAP values. Specifically, Welch’s t-test, Permutation test, and Mann—
Whitney U test are applied to assess whether the contributions of these two

feature groups to model performance differ significantly.

Table 4-5 shows that the results consistently support that participation
metrics (e.g. number of comments, scores and upvote ratio) contribute
significantly more to the models’ predictive power than sentiment metrics. All
tests yield p-values below standard significance thresholds, confirming the
robustness of the finding across both parametric (Welch’s t-test) and non-
parametric (Permutation and Mann—Whitney U) methods. These results
suggest that user engagement and interaction levels on Reddit serve as
stronger signals of meme stock price movements than sentiment alone,

highlighting the predictive value of coordinated trading behavior. (RQ?2)
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Table 4-5: Participation vs Sentiment Metrics Statistical Testing Results

Test Conclusion

---Comparison of Average SHAP Values ---
Average SHAP value for Group A Participation (across all rows): 0.0008
Average SHAP value for Group B Sentiment (across all rows): 0.0003

--- One-Sided T-Test Results (Testing if Group A > Group B) ---
T-statistic: 4.2095

P-value: 0.0000

Significance Level (alpha): 0.05

Conclusion: With a p-value of 0.0000 (which is less than 0.05), we reject the null hypothesis.
There is statistically significant evidence to suggest that the average SHAP value of Group A
Welch's t-test (Participation) is greater than that of Group B(Sentiment).

Observed difference in average importance (Group A Avg - Group B Avg): 0.0006

--- Permutation Test Results ---
Number of permutations: 5000
P-value (one-sided, Group A Participation Avg > Group B Sentiment Avg): 0.0226
Significance Level (alpha): 0.05

Conclusion: With a p-value of 0.0226 (which is less than 0.05), we reject the null hypothesis.
There is statistically significant evidence to suggest that the average importance of Group A
Permutation test Participation features is greater than that of Group B Sentiment features.

Mann-Whitney U Statistic: 353.0000

P-value (Mann-Whitney U, one-sided A >B): 0.0236

Conclusion (Mann-Whitney U): With p=0.0236 < 0.05, reject HO.
There is statistically significant evidence that the feature importance values of Group A
Mann-Whitney U Test (Participation) tend to be greater than those of Group B (Sentiment).

4.3.2.2 Model Results

This subsection presents the results of deep learning models (e.g.
RNN, LSTM, and GRU) after incorporating Reddit-based sentiment and
participation metrics as well as their interacted terms with prices and returns
as additional features. These models intend to capture both the temporal
patterns of stock price movements, and the influence of coordinated retail
trading behavior reflected in r/WallStreetBets activity. The goal is to
determine whether integrating these unstructured social signals improves

predictive accuracy compared to the baseline models.
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The analysis addresses Research Questions 3 and 4 (RQ3 & RQ4) by
evaluating improvements in standard prediction metrics (RMSE, MAE, R?) as
well as financial performance measures (the Sharpe Ratio and Max
Drawdown). Prediction metrics are compared against the baseline models and
financial metrics are compared among themselves to identify the models with
the best robustness and risk-adjusted performance when coordinated retail

actions are included.

Table 4-6 shows the results of the initial runs of the RNN, LSTM, and
GRU models with coordinated retail trading features. All three deep learning
models obtain lower RMSE values against their respective baseline models,
indicating improved prediction accuracy. Notably, the annualized Sharpe
Ratios for RNN and GRU are approximately 5.0, which is higher than both
the actual return Sharpe Ratio of 0.25 and the S&P 500 Sharpe Ratio of 2.14
over the same period (Pizzutilo & Roncone, 2017). While LSTM
underperforms in the direct strategy (yielding a negative Sharpe Ratio), it
achieves a Sharpe Ratio of 1.162 using the sign strategy, the strategy leverages
the model’s directional accuracy and scales position size based on prior actual

returns.

These findings suggest that the deep learning models, particularly
GRU and RNN, deliver superior risk-adjusted performance, balancing returns
with lower volatility. Furthermore, the maximum drawdowns for the direct
strategy across all three models remain below 7%, outperforming the 30.43%

drawdown of actual returns. This highlights the models’ ability to reduce
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downside risk, demonstrating their resilience and stability in volatile market
conditions. On average, the Sharpe Ratio achieved using deep learning models
is 2.33x that of the actual returns and thus improved the financial metrics by

more than 200%. (RQ3)

Table 4-6: Model Results for Initial Run

RNN L5TH GRU
RMSE 2.7274782 2.6716983 2.6888394
MAD 1.2381631 1.1122896 1.1362832
RZ -3.75% 8.45% -8.17%
Direct Strategy
Sharpe Ratioc (annualized) 4,956 -1.3484 5.4814
Max Drawdown 2.8662 3.8112 6.6741
Sign Strategy
Sharpe Ratioc (annualized) @.1852 1.162 -1.839
Max Drawdown 38.11 35.99 75.86

The study then fine-tunes the models using Keras Tuner,
optimizing key hyperparameters to enhance performance. For LSTM
models, the best-performing configuration includes 50 units, a learning
rate of 0.01, a dropout rate of 0.1, and a clipnorm of 1.0. This tuned model
achieves a direct strategy Sharpe Ratio of 5.06 and a maximum drawdown
of just 4.65%, reflecting strong risk-adjusted performance and improved
downside protection. Notably, the most impactful change from the initial
configuration was the adjustment of the learning rate, which increased

from 0.00005 to 0.01 during tuning.

The model also shows a slight improvement in prediction accuracy,

with an RMSE of 2.6736, which is marginally lower than that of the
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Cumulative Return

baseline LSTM model with an RMSE of 3.5239. Figure 4-10: LSTM
Model Training History and Model Summary presents the training history,
selected hyperparameters, and both statistical and financial evaluation
metrics for the optimal LSTM model. The results show that the learning
rate had the largest impact on model performance enhancement during

hyperparameter finetuning.

LSTM Maodel Training History

Best hyperparameters for LSTM:
| iidation Lo units: 50
learning_rate: 0.01
dropout_rate: 0.1
clipnorm: 1.0
tuner/epochs: 2
tuner/initial_epoch: @
tuner/bracket: 4
tuner/round: ©

Statistical Metrics:
Mean Squared Error: 7.1481

Root Mean Squared Error: 2.6736
! “wochs 0 ® Mean Absolute Error: 1.1342
Cumulative Strategy Returns RZ Scor\e H a . 0031

—— Actual Retums
Direct Strategy

—— sign Strategy

—— Hybrid Strategy

FﬂwummA/\PJNf«\JwLJ, Financial Metrics:

Direct Strategy Sharpe Ratio: 5.0556
Sign Strategy Sharpe Ratio: 0.9759
Hybrid Strategy Sharpe Ratio: 0.6588
Direct Strategy Max Drawdown: 4.6512
Sign Strategy Max Drawdown: 28.4400
Hybrid Strategy Max Drawdown: 22.5007

Figure 4-10: LSTM Model Training History and Model Summary

Figure 4-11 shows the training history and hyperparameter tuning
summary for the RNN models. The optimal configuration is identified
with 70 units, a learning rate of 0.0001, a dropout rate of 0.1, and a
clipnorm of 1.0, resulting in a direct Sharpe Ratio of 1.92 and a maximum
drawdown of 7.30%. Compared to the baseline, the key hyperparameters
that improved model performance were the number of units (increased

from 50) and the learning rate (increased from 0.00005). The final model
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achieved an RMSE of 2.8156, which is lower than the baseline RNN

model with RMSE of 3.107. These results suggest that for relatively

simpler architectures like RNNs, tuning both the number of units and the

learning rate is critical to optimizing performance.
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learning_rate: 0.0001
dropout_rate: 0.1
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tuner/epochs: 2
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tuner/bracket: 4
tuner/round: ©

Statistical Metrics:

Mean Squared Error: 7.9274

Root Mean Squared Error: 2.8156
Mean Absolute Error: 1.3294

R2 Score: -0.1056

Financial Metrics:

Direct Strategy Sharpe Ratio: 1.9232
Sign Strategy Sharpe Ratio: -0.8219
Hybrid Strategy Sharpe Ratio: -1.7560
Direct Strategy Max Drawdown: 7.3080
Sign Strategy Max Drawdown: 64.5800
Hybrid Strategy Max Drawdown: 46.0595

nFigure 4f11: RNN Model Training History and Model Summary

Figure 4-12 show the training history and hyperparameter tuning

summary for the GRU models. The optimal GRU configuration consists of

96 units, a learning rate of 0.01, a dropout rate of 0.2, and a clipnorm of

1.0. This tuned model achieved a direct strategy Sharpe Ratio of 3.4872

and a maximum drawdown of just 1.6795%, indicating strong risk-

adjusted performance and excellent downside protection. Key
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improvements over the baseline model include increases in the number of

units (from 50), learning rate (from 0.00005), and dropout rate (from 0.1),

all of which contributed to greater model flexibility and more robust

learning. Although the RMSE of 2.6803 is only marginally lower than that

of the baseline GRU, the improved financial metrics suggest modest

benefits from tuning.
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Best hyperparameters for GRU:
units: 96
learning_rate: 0.01
dropout_rate: 0.2
clipnorm: 1.0
tuner/epochs: 4
tuner/initial_epoch: ©
tuner/bracket: 3
tuner/round: ©

Statistical Metrics:

Mean Squared Error: 7.1837

Root Mean Squared Error: 2.6803
Mean Absolute Error: 1.1230

R2 Score: -0.0018

Financial Metrics:

Direct Strategy Sharpe Ratio: 3.4872
Sign Strategy Sharpe Ratio: -0.0608
Hybrid Strategy Sharpe Ratio: ©.3249
Direct Strategy Max Drawdown: 1.6795
Sign Strategy Max Drawdown: 32.3200
Hybrid Strategy Max Drawdown: 17.9258

Figure 4-12: GRU Model Training History and Model Summary

These results indicate that while introducing more variation during

training, particularly via a higher learning rate, helped stabilize GRU

performance, the magnitude of improvement was less substantial compared to

the LSTM model. The little drawback of financial metrics for RNN and GRU

also suggests that Mini-Batch Gradient Descent introduces noise during
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optimization which might lead to local optimization. In summary,
hyperparameter tuning led to a significant enhancement in financial
performance for LSTM, with over a 400% increase in Sharpe Ratio, but
yielded no substantial gains for RNN and GRU models, partially addressing

Research Question 4 (RQ4).

4.3.2.3 Model Results Summary

The model results collectively highlight that deep learning models,
particularly GRU and LSTM have strong performance in forecasting meme
stock returns when enriched with Reddit-derived sentiment and participation
metrics. Among baseline models, GRU trained on price data alone delivered
the best results, confirming its effectiveness in capturing sequential market
patterns. Incorporating Reddit features further enhanced predictive accuracy
and risk-adjusted performance, especially in models utilizing participation
metrics. During Hyperparameter tuning, the research observes significant
improvement in the LSTM model’s Sharpe Ratio from -1.34 to 5.05 and a
drawdown reduction from 5.01% to 4.65%, while benefits for GRU and RNN
were limited. Overall, the findings support that combining market data with
behavioral signals from retail investor communities brings improvement in
model performance. It shows the value of model optimization in volatile

financial contexts.
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Chapter 5 : Discussion and Conclusions

5.1 Discussion

This study investigated the efficacy of deep learning architectures in meme stock
prices and return predictions, using GameStop as a primary case study. The research
integrated sentiment and participation metrics derived from r/WallStreetBets as proxies
for coordinated retail investor actions. The findings confirm that deep learning
architectures excel at learning complex temporal dynamics compared to traditional
financial prediction models. Furthermore, incorporating behavioral data reflecting
coordinated retail activity substantially improves financial forecasting models, as
evidenced by enhanced error-based metrics and risk-adjusted performance outcomes.
Notably, participation metrics contributed more significantly to model performance than

sentiment metrics alone.

5.2 Hypothesis Testing Results

H1: The findings suggest that Hypothesis 1 holds.

The first set of findings supports Hypothesis 1, which posited that among baseline
models, GRU would outperform traditional models in stock prices prediction using only
historical prices. The GRU model has the highest R? (78%) and the lowest RMSE (2.79),
outperforming ARIMA and MLR, both of which struggled with the high volatility of
meme stocks. The ARIMA model produced an RMSE of 5.7 and an R? below 10%, while
MLR, using only market and macroeconomic variables, failed to generalize, yielding an
RMSE above 10 and a negative R They align with existing literature suggesting that
traditional linear models are often insufficient in capturing the non-linear, autoregressive

nature of high-volatility financial assets (Fama, 1970). The deep learning models (RNN,
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LSTM, and GRU) demonstrated an advantage in learning temporal dynamics, particularly
in chaotic markets where investor behavior drives price swings. These results provide
strong empirical support for Hypothesis 1 under Research Question 1, which posited that
GRU would deliver the most effective baseline performance among traditional and deep
learning models, is confirmed. GRU outperformed ARIMA, MLR, RNN, and LSTM in
both error-based metrics (e.g., RMSE, MAE) and explanatory power (R?), demonstrating
its superior ability to model the nonlinear and temporal complexities of meme stock price

movements using price data alone.

Building on these findings, the study evaluated the impact of incorporating
r/WallStreetBets features into the models, directly addressing Research Questions 2 and
3. The inclusion of ensemble sentiment and participation metrics from r/WallStreetBets
improved performance across all indicators. However, these improvements weren't
uniform across all feature types. Participation metrics, such as the comment counts,
upvote ratios, and post scores, demonstrated greater predictive power than sentiment

metrics extracted from subreddit posts.

H2: Statistical testing suggests that the hypothesis holds.

Statistical testing further substantiated this observation. Welch’s t-test,
permutation tests, and Mann—Whitney U tests all indicates that participation metrics
contributing more substantially to model predictions (p<0.05 in all tests) with higher
mean absolute SHAP values. This finding validated Hypothesis 2 that participation
metrics contribute more to model performance than sentiment metrics alone, reinforcing
the idea that user engagement as proxy of coordinated retail actions serves as a stronger

signal of price movement than textual sentiment. These results align with theoretical
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frameworks on herd behavior and informational cascades, suggesting that user
engagement, rather than just the sentiment tone, serves as a more direct proxy for retail
investor influence in meme stock environments. While sentiment analysis captured the
prevailing tone of r/WallStreetBets discussions, user activity levels, as measured by

participation metrics, more accurately reflected market-moving coordination.

H3: The model performance suggests that the hypothesis holds.

Notably, GRU and RNN models that integrated these features achieved Sharpe
Ratios exceeding 5.0. This outperforms the Sharpe ratio of actual returns (0.25) and the
S&P 500 Index (2.14) over the same period (Fantin & Hadad, 2022). These compelling
findings empirically validate Hypothesis 3, which posited that coordinated trading
features would enhance prediction with Sharpe Ratio improved by more than 2x of S&P
500 Index and close to 20x the actual return. Thus, the research verified that Reddit data-
enhanced models will generate a Sharpe Ratio at least 30% greater than baseline models

over the same out-of-sample trading period.

H4: The model finetuning performance suggests that the hypothesis partially

holds.

The study also explored Research Question 4, assessing how hyperparameter
tuning influences model performance. The use of Keras Tuner to optimize learning rate,
unit size, dropout rate, and clipnorm yielded varying degrees of improvement across the
three deep learning architectures. The LSTM model demonstrated the highest
responsiveness to tuning, improving its direct-strategy Sharpe Ratio from negative to

5.06, while reducing max drawdown to 4.65%. The key hyperparameter contributing to
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this gain was the learning rate, which increased from 0.00005 to 0.01. In contrast, RNN
and GRU models showed a slight decline in performance after hyperparameter tuning,
suggesting that mini-batch optimization may have converged to local optima and that
these architectures may be particularly sensitivity to training dynamics. These results
offer partial support for Hypothesis 4, indicating that although hyperparameter
optimization can substantially enhance model performance, its effectiveness is model-
dependent. Finaly, the research assessed the models' resilience using crucial financial
metrics like maximum drawdown, a key indicator of downside risk. All deep learning
models demonstrated superior downside protection compared to both actual returns
(30.43%). The GRU model achieved a remarkable drawdown of only 1.68%. These
results strongly suggest that incorporating r/WallStreetBets derived retail investor
coordination features not only improves return forecasting of meme stocks but also
provides significant practical benefits for risk management in speculative trading

contexts.

5.3 Conclusions

This research demonstrates that integrating coordinated retail action signals from
r/WallStreetBets with traditional financial and macroeconomic variables significantly
enhances the predictive performance of deep learning models for meme stock price and
return forecasting. The study confirms that GRU is the most effective baseline model for
capturing price dynamics, and that participation metrics from r/WallStreetBets offer

powerful explanatory value for meme stock returns than sentiment scores alone.

The findings also show that LSTM models, when carefully tuned, can outperform

other architectures in terms of risk-adjusted financial performance. These results
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highlight the growing need for alternative data sources in quantitative finance. They also
provide empirical evidence supporting the utility of integrating social engagement data

with advanced machine learning techniques.

The research confirms all four hypotheses and addresses the four research
questions by empirically validating the role of deep learning models, r/WallStreetBets-
derived features, and hyperparameter tuning in meme stock price and return prediction.
This comprehensive framework contributes to both academic understanding and practical

modeling strategies in behavioral finance and machine learning..

5.4 Contributions to Body of Knowledge

This study contributes to both academic literature and applied financial research
in integrating r/WallStreetBets signals with financial and macroeconomic data with deep
learning models, evaluating the model performance with both statistical and financial
metrics to assess both accuracy and risk-adjusted performance of the models, and
validating the heard behavior in coordinated retail activities that contributes a robust
modeling framework combining behavioral finance insights with machine learning
techniques in price prediction. It developed a comprehensive modeling pipeline that
effectively integrates social media engagement signals (from r/WallStreetBets),
traditional financial time series data, and relevant macroeconomic indicators into

interpretable deep learning models.

Furthermore, the research provides robust empirical evidence demonstrating that
participation metrics (for example, the number of comments and upvote ratios) from
r/WallStreetBets are significantly more powerful predictors of meme stock returns than

sentiment metrics alone. For example, by incorporating coordinated trading features from
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r/WallStreetBets would enhance prediction with Sharpe Ratio improved by more than 2x
of S&P 500 Index and close to 20x the actual return. This offers a new perspective on the
true value and mechanism of coordinated retail actions in asset pricing, moving beyond
simply analyzing emotional tone. The results also provide strong empirical support for
behavioral theories of herding and informational cascades within retail investing,
particularly on digital platforms. Through rigorous SHAP analysis and statistical testing,
the research offers concrete evidence for these theories, showing how user engagement

directly reflects retail investor influence.

The findings also highlight the distinct architecture-specific behaviors of deep
learning models in financial applications. The findings show that GRU models excel in
general sequence modeling, while LSTM models are highly responsive to
hyperparameter tuning for optimizing risk-adjusted financial outcomes, offering practical
guidance for model selection in quantitative finance. Finally, by demonstrating that
carefully tuned deep learning models can significantly reduce maximum drawdown, this
study adds crucial insights to the literature on risk-adjusted machine learning in
investment decision-making. This emphasizes the practical benefits of advanced

modeling for downside protection in volatile markets.

5.5 Lessons Learned

Initial attempts to use praw.Reddit API to collect Reddit post data from the

r/WallStreetBets subreddit proved insufficient, as the API does not provide access to the

full historical archive of posts relevant to this study. A subsequent approach using

selenium.webdriver for web scraping also failed to capture a complete historical dataset.

94



Further investigation revealed that Pushshift, the previously available official Reddit

historical API, has been discontinued for public use. Additionally, an alternative archival

source, the-eye.eu, only hosted subreddit data prior to 2023 and was shut down in 2025.

As shared in Chapter 3, Academic Torrents were utilized as the data source following

comprehensive review.

While conducting the sentiment analysis, the resource constraints came into play

as it required significantly more time and GPU resources using Llama 3 and GPT. Using

Google Colab the files were split into smaller batches to ensure the completion of the task

within the resource constraints. The original research plan was to use the Gemini 2.5 API,

and GPT-o1 APL. It takes approximately 1 minute for GPT-o1 to process each post. More

challenges resulted due to the fact that Reddit has a limited speech surveillance program,

and more than 90% of the cleaned post data passed to Gemini and GPT-o1 APIs return

errors indicating inappropriate language detection. Given the Blackbox nature of the

results when calling APIs and the surveillance program behind these LLMs, it’s difficult

to flag the trigger words for the language detector. In this case, the six-sentiment analysis

models were utilized to ensure that balanced and reliable results were produced.

The research started by fitting the raw price as baseline and obtained some good

results using deep learning models. During the development of the analysis, the results
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were not stable, and R? was low sometimes even negative. After consulting with advisor
and Finance Professors, the subject matter experts provided the following suggestions:
(1) Consider using dependent variables to create signals — While sophisticated algorithms
can be used to generate dependent variables, the number of variables in the model should
be limited to avoid overfitting and other complications; (2)Using returns instead of price
levels — Since price levels are subject to volatility driven by company fundamentals,
using returns as independent variables provides a more stable basis for modeling; (Seabe,
Moutsinga, & Pindza, 2025) (3) Predicting returns and evaluating model performance —
When predicting returns, R? values tend to be low, particularly for shorter time frames
(e.g., daily return prediction R? is around 0.01). Instead of relying solely on R?, t-statistics
(for significance testing), Sharpe ratios, and other financial metrics should be used to
assess model effectiveness. Notably, monthly return prediction may yield a higher R?, but
the t-statistics will remain the same. As long as the results can show that the signals are
statistically significant, the calculations are convincing from a Finance perspective.
Ultimately, empirical results demonstrated that R? is not ideal for non-linear
applications/datasets such as meme stocks, and should be used with caution and not as a
conclusive measurement of predictive capability; (4) Retail investor sentiment as a
trading factor — Retail investors tend to react quickly and strongly to viral information,
which suggests that retail sentiment might be a factor worth trading against. However,
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this hypothesis requires further verification; (5)Considering (NASDAQ - S&P 500)

correlation structure — Instead of using the S&P 500 Index alone, examining the

NASDAQ-S&P 500 correlation may be more insightful, as S&P 500 companies are more

driven by fundamentals rather than social media sentiment; (6) Create sentiment variables

TSLA is not picking up. TSLA could be a good variable as basic, and the research can

add extra sentiment that is not reflected in the basics. (7) Considering borrowing costs —

The borrowing cost of assets, which is opaque to most retail investors, could be an

important variable. However, incorporating this factor might be beyond the immediate

scope of this research, this could be done in the future.

5.6 Recommendations for Future Research

While the findings offer strong validation of the research hypotheses, several
areas remain valuable for future exploration. For example, future studies could
investigate the generalizability of models trained on one meme stock (like GME) to
others (such as AMC or BBBY). This could involve using network-based similarity
measures, looking at things like overlapping user bases or cross-ticker mentions. And
while r/WallStreetBets is a crucial source for understanding retail coordination, other
social media platforms like Twitter, Discord, and TikTok are also becoming increasingly
popular for these activities. Incorporating data from these platforms could give us an even

more comprehensive view of retail investor coordination and how sentiment spreads.

Since this study focuses more on prediction than on establishing direct cause-and-

effect relationships, future research could delve into causality. Applying methods like
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Granger causality, structural vector autoregression (SVAR), or instrumental variable
techniques could help establish more robust causal claims between r/WallStreetBets

activity and stock price movements.

This research focuses on daily prices and returns prediction. Future studies can
expand this framework to include minute-level or hourly trading data, aligning it with
Reddit post timestamps. This would enhance the temporal granularity of the models and
potentially uncover more intra-day trading signals. Beyond high-frequency modeling, the
future could also explore deploying these models in live trading environments. This
would bring in practical considerations like latency, capital efficiency, and real-time
SHAP explanations, offering more timely transparency to retail investors for better-

informed decisions.

In the future work, it would be beneficial to conduct a systematic comparison
between neural network hybrid models (such as GRU-LSTM or Neural-Network enabled
ARIMA) and more recent state-of-the-art approaches like Transformer based
architectures or XGBoost. GRU-LSTM hybrids could capture both short-term and long-
term dependencies with complementary gating mechanisms, while Neural-ARIMA
models may enhance the interpretability of neural networks and forecasting capability of
traditional time-series models. A comparative study among applications of more
advanced models may provide additional insights into the trade-offs between model
performance, result interpretability, training efficiency, and model adaptability to real-

time and evolving complex information outlets.

Finally, as noted in Section 5.4, incorporating factors that are typically opaque to

retail investors, such as asset borrowing costs, would enhance the informativeness and
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practical relevance of the research. Including such variables could offer deeper insights
into the hidden frictions and structural dynamics that influence meme stock behavior,

thereby making the study more valuable to both academic and investor audiences.
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