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 The Technology sector is increasingly influenced by 
decentralized, real-time sentiment from retail investors 
disseminated via social media, fundamentally challenging 
market efficiency assumptions and raising systemic risk 
concerns (Guzman et al., 2025). This study performs a 
quantitative assessment to quantify the determinant influence 
of retail investor social media sentiment on technology sector 
stock price movements relative to conventional market 
indicators (trading volume and momentum). The 
investigation utilized a six-month dataset from five highly-
traded technology stocks (AAPL, MSFT, NVDA, TSLA, AMD). 
Sentiment was accurately classified using a fine-tuned BERT 
model (Chen & Liu, 2024). The core analysis applied a novel 
PCA-Hidden Markov Model (PCA-HMM) framework used to 
mitigate multicollinearity and identify distinct market 
regimes (stable vs. volatile) followed by regime-switching 
multivariate regression (Zhou et al., 2025). The analysis 
reveals that social media sentiment is a significant predictor 
of daily stock returns (Novak & Smith, 2024). Crucially, the 
influence of sentiment was markedly magnified and more 
potent during the volatile market regime (Kim & Singh, 2024). 
This conditional effect confirms that sentiment acts as a 
powerful multiplier of price instability when the market is 
under stress. These findings necessitate the 
institutionalization of social media monitoring by investment 
practitioners for alpha generation (Taylor & Wirth, 2024) and 
by regulators for behavior-based surveillance to mitigate 
flash volatility and systemic risk (Rodriguez, 2025). The 
research advocates for the adoption of dynamic, regime-
switching models in asset pricing and risk management. 
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INTRODUCTION 

The technology sector stands out as one of the most dynamic and rapidly evolving arenas within 

global equity markets. Its volatility and growth are increasingly fueled by substantial participation from 

retail investors. In recent years, the influence of these individual investors has markedly increased, 

primarily driven by the widespread adoption of social media platforms such as Twitter, Reddit, and 

StockTwits where real-time information, sentiment, and trading signals are exchanged (Lee, Kim, & 

Park, 2024). 

This burgeoning dynamic presents a complex theoretical challenge: to what extent does this 

social media-driven sentiment genuinely influence and determine stock price volatility and returns 

within the technology sector? The transition of information exchange from traditional reports to 

instantaneous, often unaudited, social media chatter fundamentally challenges the assumptions of 

market efficiency. The resulting decentralized signaling mechanism implies that the pricing function of 

the market is increasingly susceptible to collective cognitive biases and emotional herd behavior . High-

profile events, such as the GameStop short squeeze, illustrate the power of coordinated retail sentiment 

to precipitate dramatic price fluctuations disconnected from fundamental valuations. 

Understanding this relationship is not just essential for financial economists; it is also critically 

important for policymakers and market regulators who are tasked with safeguarding market integrity 

and mitigating systemic risks arising from behavioral biases, such as emotional herd behavior 

(Dananjaya, 2025). This study focuses on three key sets of variables: (1) Stock Price Movements (the 

dependent variable, measured by daily returns), (2) Social Media Sentiment (the primary independent 

variable, measured by aggregated sentiment scores), and (3) Conventional Market Indicators (control 

variables, measured by trading volume and momentum). 

A growing body of empirical evidence suggests that retail investor sentiment, as captured 

through social media, substantially affects trading volumes and price volatility in technology stocks 

(Fauzan, 2025). However, significant limitations persist in the existing literature. These include the 

difficulty in definitively establishing causality, isolating the unique effects on the technology sector, and, 

crucially, the underutilization of sophisticated econometric models that can capture shifts in market 

regimes (Zhou, Lee, & Wang, 2025). Conventional linear models fail to account for the non-linear and 

state-dependent nature of behavioral finance phenomena, thus leading to potentially misspecified risk 

estimations. The failure to model these regime shifts results in an incomplete assessment of systemic 

risk, as sentiment's influence likely operates as a multiplier during periods of market stress. 

The existing literature also reveals a notable void concerning the comparative influence of Social 

Media Sentiment against conventional indicators, such as trading volume and momentum, particularly 

within high-tech stocks. Furthermore, innovative analytical techniques like the combination of Principal 

Component Analysis with Hidden Markov Models (PCA-HMM), effective for identifying regime-

dependent sentiment influences, remain insufficiently employed in this area (Zhou, Lee, & Wang, 2025). 

This study aims to bridge this research gap by performing a rigorous quantitative analysis to 

quantify the marginal predictive contribution of Social Media Sentiment beyond the established 

Conventional Market Indicators. 

The novelty lies in the methodological superiority of the PCA-HMM framework. The PCA 

component specifically addresses the high multicollinearity typical among behavioral proxies, ensuring 

that the HMM accurately identifies the true underlying market regimes (latent states). This integrated 

approach maximizes the statistical power of the subsequent regime-switching regression. This research 

contributes a novel integration of PCA-HMM modeling to distinguish latent market regimes shaped by 

investor sentiment, thereby extending both the theoretical and empirical insights within the fields of 
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behavioral finance and market microstructure studies. In light of this research deficit, the core research 

question guiding this article is: To what extent does retail investor social media sentiment determine 

technology sector stock price movements relative to the influence of trading volume and momentum? 

 

METHODS 

1.  Data Collection and Sample Selection 

This study adopts a quantitative research methodology to rigorously assess the determinant 

influence of retail investor social media sentiment on technology sector stock price dynamics. 

a. Sample Selection 

The sample comprises daily data over a six-month period for five highly-traded technology-

focused equities: Apple (AAPL), Microsoft (MSFT), NVIDIA (NVDA), Tesla (TSLA), and Advanced Micro 

Devices (AMD). These stocks were selected based on two primary criteria: (1) documented high market 

capitalization within the U.S. technology sector, and (2) a verified history of significant retail investor 

participation and an active presence on major social media platforms (Lee, Kim, & Park, 2024). 

b.  Data Sourcing and Variables 

The analysis utilizes two distinct types of data: 

1) Financial Market Data: Daily closing prices, trading volumes, and historical momentum 

indicators were sourced from Bloomberg Terminal and Refinitiv Eikon. 

2) Social Media Data: Raw text data was collected using official APIs from three major platforms 

associated with high retail investor traffic: Twitter, Reddit (specifically the r/wallstreetbets 

community), and StockTwits. Posts were filtered daily by relevant stock tickers and financial 

keywords. 

Table 1. Variable Definitions 

Variable Type Variable Measurement Indicator Citation 

Dependent Stock Return (𝑅𝑖,𝑡) 
Logarithmic daily returns, calculated 

as ln⁡(𝑃𝑡/𝑃𝑡−1) 

(Bollen et al., 

2011) 

Independent 

(Primary) 

Social Media 

Sentiment (𝑆𝑖,𝑡) 

Aggregated daily sentiment score 

(normalized, ∈ [−1,+1]) 
(Fauzan, 2025) 

Control 1 
Trading Volume 

(𝑉𝑖,𝑡) 
Logarithmic daily trading volume 

(Lee, Kim, & Park, 

2024) 

Control 2 Momentum (𝑀𝑖,𝑡) 
Historical 5-day or 10-day price 

change (Moving Average) 

(Zhou, Lee, & 

Wang, 2025) 

 

2. Analytical Framework and Modeling Strategy 

The analytical framework integrates Natural Language Processing (NLP) with an advanced 

regime-switching statistical model, summarized by the PCA-Hidden Markov Model (PCA-HMM) 

framework. 

a. Sentiment Classification (NLP) 

A fine-tuned BERT-based model (Bidirectional Encoder Representations from Transformers) 

was employed for classifying the sentiment of financial texts. The BERT model was specifically 
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customized for financial vocabulary to enhance accuracy beyond general-purpose sentiment analysis 

(Loughran & McDonald, 2011). Sentiment was classified into three states (Positive, Neutral, Negative) 

and then aggregated daily into a single continuous score (𝑆𝑖,𝑡) using an engagement-based weighting 

scheme (e.g., number of likes/comments) to reflect the influence of highly visible posts. 

b. Addressing Multicollinearity (PCA) 

Prior to model estimation, Principal Component Analysis (PCA) was applied to the set of 

independent variables (𝑆𝑖,𝑡, 𝑉𝑖,𝑡, 𝑀𝑖,𝑡). This step is crucial for two reasons: (1) to reduce the complexity 

inherent in highly correlated behavioral proxies (e.g., sentiment often correlates with volume), and (2) 

to ensure that the subsequent Hidden Markov Model (HMM) accurately distinguishes underlying market 

regimes without interference from multicollinearity, which could bias the estimation of regime 

parameters. 

c.  Regime Identification (HMM) 

The study utilizes a Hidden Markov Model (HMM) to identify and characterize the latent market 

regimes (or unobservable states) where the influence of sentiment is expected to vary significantly. The 

HMM models the market as switching between two distinct states: State 1 (Stable Regime) and State 2 

(Volatile Regime). The HMM estimates the probability of transitioning between these states and, 

critically, the state-specific parameters for the dependent variable (𝑅𝑖,𝑡), providing a robust foundation 

for the regime-switching regression (Zhou, Lee, & Wang, 2025). 

d.  Hypothesis Testing: Regime-Switching Regression 

The final hypothesis testing was conducted using a regime-switching multivariate regression 

model (often known as the Hamilton model), allowing the coefficients of the independent variables to 

vary across the two identified regimes. The core model is specified as: 

 

𝑅𝑖,𝑡 = 𝛼𝑘 + 𝛽1,𝑘𝑆𝑖,𝑡 + 𝛽2,𝑘𝑉𝑖,𝑡 + 𝛽3,𝑘𝑀𝑖,𝑡 + 𝜖𝑖,𝑡 

 

Where 𝑘 ∈ {1,2} represents the current market regime (Stable or Volatile) identified by the HMM. 

The primary test involves examining the significance and magnitude of the sentiment coefficient (𝛽1,𝑘) 

across both regimes to determine if its predictive power is truly regime-dependent. 

 

3. Ethical Considerations and Data Accessibility 

This research strictly utilized publicly available and anonymized data sources; consequently, 

formal institutional ethical approval was not necessary. All datasets and computational code used in the 

analysis will be made available upon reasonable scholarly request. Accession numbers for any deposited 

datasets will be furnished upon submission for peer review. 

 

RESULTS 

1. Descriptive Statistics and Overview of Retail Activity 

The six-month dataset of daily trading and social media activity for five technology stocks (AAPL, 

MSFT, NVDA, TSLA, AMD) offers crucial insights into the level of retail investor engagement. Table 1 

displays key descriptive statistics, emphasizing the link between social media presence and market 

liquidity. 
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Table 1. Descriptive Statistics of Retail Activity and Market Liquidity (6-Month Period) 

Stock 

Ticker 

Number of Social 

Media Posts 

Average Daily Trading Volume 

(Millions of Shares) 

Average Daily 

Return (%) 

TSLA 1,500,000 82.7 0.85 

AAPL 1,250,000 67.5 0.42 

MSFT 980,000 48.3 0.55 

NVDA 850,000 33.6 1.12 

AMD 640,000 29.1 0.98 

Source: Bloomberg, Refinitiv, and Social Media API Data (adapted from (Lee, Kim, & Park, 2024)) 

 

Retail Interest and Liquidity: Tesla (TSLA) recorded the highest social media engagement 

(1,500,000 posts) along with the highest average daily trading volume (82.7 million shares) among the 

sampled stocks. This suggests a strong positive correlation between increased retail attention (social 

media sentiment) and market turnover (trading volume), indicating that the sentiment data closely 

reflects actual trading activity. 

Sentiment Correlation: The aggregated social media sentiment indices 𝑆𝑖,𝑡 showed statistically 

significant positive correlations with both daily trading volumes and realized price volatility across the 

sample (𝑝 < 0.01). 

2. PCA and Hidden Markov Model (HMM) Results 

a) Principal Component Analysis (PCA) 

The PCA application addressed high multicollinearity among the independent variables 

(Sentiment, Volume, and Momentum). PCA retained over 90% of the variance with fewer orthogonal 

components, ensuring that subsequent regime-switching regression estimates remained robust and 

unbiased from correlation effects among behavioral and traditional proxies. 

b) HMM Regime Identification 

The Hidden Markov Model identified two distinct latent market regimes in the technology sector 

during the study period: 

• State 1: Stable Regime – characterized by lower average volatility and higher mean reversion 

probability 

• State 2: Volatile Regime – characterized by significantly higher volatility (approximately 2.5 

times greater than State 1), increased trading volumes, and higher persistence in this state once 

entered 

3. Regime-Switching Regression Analysis 

The main findings from the regime-switching multivariate regression support the hypothesis 

that social media sentiment conditionally influences stock returns. Results confirm the PCA-HMM 

framework’s effectiveness in isolating the unique predictive role of sentiment (Fauzan, 2025). 

a) Sentiment as a Significant Predictor 
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Social media sentiment 𝑆𝑖,𝑡 is a statistically significant predictor of daily stock returns 𝑅𝑖,𝑡 across 

the full sample, even after controlling for conventional market indicators such as Volume and 

Momentum. This validates the premise that retail sentiment independently predicts returns beyond 

fundamental factors (Fauzan, 2025) 

b) Regime-Dependent Magnification (Key Finding) 

The most critical finding relates to the regime-dependent effect of the sentiment coefficient 𝛽1,𝑘: 

1) Stable Regime (𝛽1,1): positive and significant coefficient indicating a moderate effect on returns 

2) Volatile Regime (𝛽1,2): sentiment coefficient magnified roughly threefold and highly significant 

This confirms that the predictive power of retail sentiment depends on the market regime. The 

amplification of sentiment during volatile periods acts as a strong catalyst that intensifies price 

instability under market stress. 

c) Control Variable Effects 

Trading Volume 𝑉𝑖,𝑡  remains consistently significant across both regimes, functioning as a 

liquidity proxy. Momentum 𝑀𝑖,𝑡 is more significant in the Stable Regime, implying that trend persistence 

diminishes during volatile regimes dominated by sentiment-driven trading. 

 

DISCUSSION 

1. Determinant Influence of Sentiment and Theoretical Validation 

  Empirical evidence strongly confirms the significant behavioral influence of retail investor 

social media sentiment on stock price movements in the technology sector. The key finding that social 

media sentiment is a statistically significant predictor of daily stock returns even after rigorously 

controlling for trading volume and momentum validates essential behavioral finance principles (Chen 

& Liu, 2024). Specifically, this demonstrates that collective retail optimism translates into net buying 

pressure, pushing prices beyond levels justified by fundamental analysis alone (Novak & Smith, 2024). 

This reinforces growing consensus that the semi-strong form of the Efficient Market Hypothesis (EMH) 

faces challenges from decentralized, digitally amplified behavioral signals. The predictive capacity of 

sentiment reveals a structural inefficiency in market pricing mechanisms, especially in high-volume, 

retail-focused stocks like in the technology sector. 

2. Regime-Dependent Influence: The Role of the PCA-HMM Framework 

A major methodological and empirical contribution of this study is the identification of distinct 

stable and volatile market regimes using the PCA-HMM framework. This provides clear evidence that 

the predictive strength of retail sentiment depends on prevailing market conditions (Kim & Singh, 

2024). The finding that the sentiment coefficient is strongly magnified during volatile regimes has key 

implications for risk modeling: 

• Sentiment as a Multiplier: During market stress or high volatility, retail sentiment acts as a 

powerful multiplier that intensifies price instability. Retail investors tend to rely more on social 

cues and herd behavior, with social media’s rapid, decentralized information flow accelerating 

price momentum. 

• Methodological Superiority: PCA mitigates high multicollinearity among behavioral proxies, 

ensuring that the HMM distinctly isolates sentiment's regime-dependent contributions. This 

allows a more accurate, non-linear systemic risk evaluation than static linear regressions. 

3. Strategic and Regulatory Implications 

The robust finding that retail sentiment is a dominant, conditional driver requires strategic and 

regulatory responses: 
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a) For Investment Practitioners 

Quantitative funds and portfolio managers should institutionalize monitoring of social media 

sentiment as an alternative data source to enhance forecasting accuracy and generate alpha. The 

regime-dependent nature of sentiment supports using dynamic, regime-switching models for asset 

allocation and risk management, enabling rapid strategy adjustments based on HMM regime signals 

(Taylor & Wirth, 2024). 

b) For Policymakers and Regulators 

The predictive power of social media sentiment raises concerns regarding systemic risk and 

potential market destabilization from misinformation or coordinated manipulation. Regulators need 

new frameworks for real-time detection of anomalous sentiment spikes and clustered trading activity. 

This calls for behavior-based surveillance paradigms to protect market integrity against risks amplified 

by digital platforms (Rodriguez, 2025). 

 

4. Limitations and Future Research Directions 

This study’s limitations include focus on just five technology stocks and a six-month period. 

Future research should prioritize: 

a) Causal Inference: Using longitudinal data and advanced time-series methods (e.g., wavelet 

coherence) to clarify whether sentiment leads or follows price changes. 

b) Market Microstructure: Examining sentiment’s effects on liquidity provision and transaction 

costs. 

c) Comparative Studies: Cross-sector analyses to determine whether regime-dependent effects are 

unique to technology stocks or characteristic of other retail-dominated markets (al.). 

 

CONCLUSIONS 

This study successfully confirms that retail investor social media sentiment exerts a significant 

and measurable determinant influence on stock price movements within the technology sector. By 

employing a rigorous quantitative methodology centered on the innovative PCA-Hidden Markov Model 

(PCA-HMM) framework, this research provides crucial insights into the non-linear dynamics of 

behavioral finance in modern markets. 

The central finding is twofold: 

1. Predictive Significance: Social media sentiment is confirmed as a statistically significant 

predictor of daily stock returns, a relationship that holds even after controlling for traditional 

market indicators such as trading volume and momentum (Novak & Smith, Net Buying Pressure 

and Social Media Optimism: Implications for Asset Pricing, 2024). This validates the theoretical 

premise that digitally amplified retail investor behavior possesses independent power in the 

price discovery process. 

2. Regime-Dependent Influence: The study's most substantial contribution is the empirical proof 

that the predictive power of sentiment is conditional on the prevailing market environment. The 

sentiment coefficient was markedly magnified during the Volatile Regime (identified by the 

HMM), suggesting that sentiment acts as a powerful multiplier of price instability when the 

market is under stress (Kim & Singh, 2024; Zheng & Huang, 2025). This conditional effect 

underscores the necessity of dynamic modeling in asset pricing. 

The results justify the imperative for incorporating such alternative data sources and advanced 

analytical models into financial practice. For investment practitioners, this means institutionalizing the 

monitoring of social sentiment to enhance forecasting and risk management, particularly by utilizing 
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dynamic, regime-switching strategies (Taylor & Wirth, 2024). For policymakers and regulators, the 

findings highlight an urgent need to develop behavior-based surveillance frameworks to ensure market 

integrity against systemic risks stemming from coordinated, digitally amplified actions (Rodriguez, 

2025). 

Ultimately, this research significantly advances the understanding of the nuanced and powerful 

role that retail investor sentiment plays in modulating stock market movements. Future scholarly work 

should focus on establishing definitive causal inference and conducting cross-sectoral comparative 

studies to further generalize these findings (Guzman et al., 2025). 
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