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Abstract: 

In the digital era, online sentiment has emerged as a critical factor influencing financial markets, 

shaping investor behavior and asset price dynamics. This study investigates the relationship 

between online sentiment—derived from social media, news, and financial forums—and equity 

price movements across global markets. Using sentiment analysis techniques and econometric 

modeling, we quantify the predictive power of online sentiment for short-term and medium-term 

stock returns. Results indicate that positive sentiment correlates with upward price movements, 

while negative sentiment signals potential declines, highlighting the role of digital information in 

market predictability. The findings provide insights for investors, portfolio managers, and 

policymakers seeking to leverage digital signals for market strategies. 
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forecasting 

Introduction 

In recent years, financial markets have undergone a profound transformation driven by the 

integration of digital technologies, the proliferation of social media platforms, and the increasing 

accessibility of real-time information. Traditional market theories, which largely relied on 

historical pricing, fundamental analysis, and insider knowledge, are being complemented—and in 

some cases challenged—by novel sources of data, particularly online sentiment derived from 

social media, news platforms, and online forums (Yacoubian, 2025; McGurk, Nowak, & Hall, 

2020). The rise of digital communication channels has fundamentally altered how investors form 

expectations, make decisions, and respond to market signals. Consequently, understanding the 

predictive power of online sentiment has become a crucial endeavor for scholars, practitioners, 

and policymakers who seek to assess market efficiency, risk, and price discovery mechanisms in 

the digital age (Chen, De, Hu, & Hwang, 2013). 
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Online sentiment reflects the aggregated opinions, emotions, and expectations of investors 

expressed through digital platforms. Studies have shown that positive sentiment expressed on 

social media often corresponds with upward price movements, whereas negative sentiment tends 

to precede declines in equity valuations (Çoban, Uçar, Ulusay, & Kaya, 2025; Li, 2025). The 

mechanisms behind this relationship are multifaceted. First, online sentiment can serve as a real-

time proxy for investor mood, allowing market participants to anticipate shifts in demand for 

specific stocks or sectors (Ben Cheikh, Amiri, & Loukil, 2023). Second, social media and news 

platforms facilitate rapid dissemination of information, reducing the time lag between news events 

and investor reactions, thereby enhancing market responsiveness (Kim-Hahm, Abou-Zaid, & 

Mohd, 2025; Wang, Xiang, Xu, & Yuan, 2022). Third, the collective wisdom embedded in online 

discourse, sometimes referred to as the “wisdom of crowds,” enables investors to gauge prevailing 

market sentiment even in the absence of formal reporting or disclosures (Easley, O’Hara, & 

Srinivas, 1996). 

The predictive relevance of online sentiment is particularly salient in the context of short-term 

market fluctuations and high-frequency trading. McGurk et al. (2020) demonstrate that real-time 

sentiment indicators can explain intraday price movements, suggesting that social media serves as 

both a source of information and a catalyst for market volatility. Similarly, Peivandizadeh, Hatami, 

Nakhjavani, and Alizadehsani (2025) employ machine learning models to show that integrating 

sentiment features significantly improves the accuracy of stock price predictions, underscoring the 

value of digital sentiment as a quantitative tool in financial forecasting. These findings challenge 

traditional models that rely solely on historical returns or fundamental indicators, highlighting the 

need to incorporate behavioral and psychological dimensions into market analysis. 

From a theoretical perspective, the relationship between online sentiment and market predictability 

can be understood through the lens of investor behavior and information diffusion theories. 

Signaling theory and behavioral finance suggest that sentiment-driven information can influence 

investor expectations, creating feedback loops that amplify market trends (Smales, 2016; Hung & 

Lai, 2022). At the same time, asymmetries in access to sentiment data and the ability to process 

large volumes of online information may confer advantages to technologically adept investors, 

potentially affecting market efficiency (Yao, Li, Liu, & Liu, 2025; Wang et al., 2022). Thus, the 
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study of online sentiment extends beyond simple correlation analysis; it provides insights into the 

structural and behavioral dynamics that shape modern financial markets. 

Empirical evidence further supports the predictive role of online sentiment across different market 

contexts. Çoban et al. (2025) find that sentiment extracted from Twitter and investment forums 

can forecast equity returns in emerging sectors such as electric vehicles. Li (2025) shows that 

sentiment analysis of social media posts improves both the direction and magnitude prediction of 

stock price changes. Moreover, Yacoubian (2025) provides comprehensive evidence that 

aggregated sentiment metrics have measurable effects on equity price movements, demonstrating 

the utility of digital data in practical trading and investment decision-making. These studies 

collectively establish that online sentiment is a robust, replicable, and economically significant 

predictor of market behavior. 

Despite these advances, several challenges remain in leveraging online sentiment for predictive 

purposes. The heterogeneity of social media platforms, the presence of misinformation, and the 

varying credibility of contributors introduce noise and potential biases in sentiment measurements 

(Chen et al., 2013; Ben Cheikh et al., 2023). Furthermore, the dynamic nature of sentiment implies 

that predictive models must account for temporal decay and contextual factors, including 

macroeconomic conditions, firm-specific events, and global market trends (Yao et al., 2025; Wang 

et al., 2022). Machine learning and natural language processing tools provide promising avenues 

to address these challenges by filtering irrelevant content, detecting sentiment polarity, and 

adapting to evolving linguistic patterns in online discourse (Peivandizadeh et al., 2025; Kim-Hahm 

et al., 2025). 

In summary, the emergence of online sentiment as a predictive factor reflects the broader 

transformation of financial markets in the digital age. By capturing the real-time mood, 

expectations, and reactions of investors, sentiment data provides a complementary lens to 

traditional valuation models, offering actionable insights for traders, portfolio managers, and 

market analysts (Yacoubian, 2025; McGurk et al., 2020). Understanding the mechanisms, 

strengths, and limitations of sentiment-based forecasting is essential for both academic research 

and practical financial applications. The current study aims to build on this foundation by 

systematically examining the relationship between online sentiment and equity price movements, 
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providing empirical evidence of its predictive power and identifying the conditions under which 

sentiment-driven information can enhance market predictability. 

Literature Review 

Understanding the interaction between investor sentiment and equity prices has become a central 

theme in financial economics, driven by the rise of digital communication platforms that transmit 

investor views in real time. Traditional asset pricing models have historically assumed that markets 

are efficient or that information is disseminated symmetrically among investors. However, the 

digital age challenges these assumptions: sentiment expressed on social media, news aggregators, 

and online forums now plays a measurable role in price formation, volatility, and market timing 

(Yacoubian, 2025; McGurk, Nowak, & Hall, 2020). This literature review synthesizes theoretical 

foundations, empirical evidence, methodological approaches, and research gaps related to online 

sentiment and equity price movements, drawing on studies that span behavioral finance, 

computational methods, and market microstructure. 

Theoretical Foundations: Sentiment, Information, and Market Dynamics 

The notion that non-fundamental factors—such as investor mood and sentiment—can influence 

asset prices finds its roots in behavioral finance. Early economic theory, such as Akerlof’s (1970) 

work on information asymmetry, posits that unequal access to information can distort market 

outcomes. Although Akerlof’s analysis did not focus on online sentiment per se, it laid a 

conceptual foundation for understanding how differential information quality and distribution 

affect economic transactions. Building on information economics, Easley, O’Hara, and Srinivas 

(1996) argue that information itself has value in capital markets and that asymmetries in 

information access can influence trading costs and returns. These frameworks support the 

argument that sentiment—essentially aggregated investor expectations—can exert influence when 

market participants interpret and act on digital signals differently. 

Behavioral theories further explain why sentiment matters even in the presence of rational 

investors. Smales (2016) and Hung and Lai (2022) suggest that investor sentiment captures 

psychological biases and herd behavior, which can overpower fundamentals in the short run. 

Signaling models imply that sentiment might convey indirect information about future earnings, 

macroeconomic conditions, or liquidity that is not yet reflected in traditional metrics. When large 
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groups of investors share sentiment online, collective expectations can shape price dynamics, 

indicating that sentiment data may capture elements of market expectations not encapsulated by 

fundamental indicators alone. 

Empirical Evidence on Sentiment and Price Movements 

A growing empirical literature demonstrates that online sentiment correlates with and sometimes 

predicts equity price movements. McGurk et al. (2020) provide evidence that investor sentiment 

derived from textual analysis of social media posts explains short-term stock return variation 

beyond traditional models. Their analysis indicates that sentiment spikes often precede price shifts, 

suggesting that digital discourse serves as a real-time signal of investor expectations. Similarly, 

Çoban et al. (2025) show that sentiment metrics derived from platforms like Twitter and 

specialized investment forums significantly correlate with price movements in sector-specific 

equities, such as electric vehicle stocks. Such studies point to the widening influence of online 

sentiment beyond aggregate market indices to industry-specific and asset-specific effects. 

Examining sentiment from multiple digital sources, Kim-Hahm, Abou-Zaid, and Mohd (2025) 

compare the impacts of mainstream news sentiment versus social media sentiment on the 

performance of large technology companies. They find that social media sentiment often leads 

price movements more robustly than news sentiment, indicating that investor discourse may be 

more influential than traditional media in an era where retail investors and high-frequency traders 

react to real-time signals. Wang, Xiang, Xu, and Yuan (2022) provide experimental evidence of a 

causal relationship between sentiment and stock returns, reinforcing the predictive validity of 

sentiment measures. These studies collectively suggest that sentiment functions not just as a 

coincident indicator but as a forward-looking market signal. 

The predictive strength of sentiment data is amplified when processed through advanced 

computational techniques. Peivandizadeh et al. (2025) employ transductive long short-term 

memory models to integrate sentiment features with price data, yielding improved forecast 

accuracy compared to models excluding sentiment. This line of research highlights the value of 

machine learning and natural language processing (NLP) in extracting actionable signals from 

unstructured text, thereby expanding the analytical toolkit available for financial forecasting. Li 

(2025) complements these findings by showing that sentiment analysis improves direction and 
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magnitude predictions of stock price changes, suggesting that sentiment measures add incremental 

explanatory power even when traditional predictors are included. 

Mechanisms of Influence: Information Diffusion and Market Microstructure 

Sentiment’s influence on prices also operates through mechanisms associated with information 

diffusion and market microstructure. Chen, De, Hu, and Hwang (2013) investigate how collective 

opinions transmitted through social media embody a form of market wisdom that aggregates 

distributed investor knowledge. Their findings indicate that the “wisdom of crowds” can provide 

valuable signals when synthesized appropriately, especially for assets with high retail investor 

participation. This mechanism underscores the dual role of social platforms: they facilitate rapid 

dissemination of information and coordinate investor reactions, thereby affecting liquidity and 

order flow. 

Microstructure research supports the idea that sentiment influences trading behavior and price 

formation. Easley, López de Prado, and O’Hara (2016) examine how toxic order flow and 

sentiment-driven trading can precipitate abrupt price changes, illustrating the interplay between 

sentiment and liquidity dynamics. Their work suggests that sentiment may affect not just returns 

but also volatility and market depth, with implications for risk measurement and trading strategy 

design. 

Integrative Perspectives and Emerging Directions 

Emerging research increasingly views sentiment as part of a broader ecosystem of digital signals. 

Studies like Investor sentiment and stock returns: Wisdom of crowds or power of words? (2025) 

and Investigating the impact of sentiments on stock market using digital proxies (2025) synthesize 

multiple online data sources, including forums, microblogs, and news feeds, to construct 

composite sentiment indices. Their findings indicate that multi-source sentiment measures often 

outperform single-source indicators, pointing toward integrated analytical frameworks that capture 

a richer set of investor signals. 

The predictive application of sentiment in algorithmic trading is also gaining traction. Goyal et al. 

(2025) explore how sentiment features can be integrated into automated trading strategies, 

demonstrating that sentiment-enhanced algorithms can improve timing precision and execution 



Vol. 3 No. 8 (2026): FJCST                  Famous Journal of computer science and Technology  

 
 

7 
 

quality. This line of research bridges academic sentiment analysis with practical trading 

applications, highlighting the operational significance of sentiment signals. 

3. Methodology 

3.1 Research Design 

This study employs a quantitative research design to investigate the predictive relationship 

between online sentiment and equity price movements. The research integrates computational 

sentiment analysis, econometric modeling, and time-series analysis to assess how digital 

information flows influence market returns. The study adopts a longitudinal approach, analyzing 

high-frequency data spanning five years (2019–2024) across multiple global equity markets. This 

design enables the examination of both short-term and medium-term effects of sentiment on stock 

prices while controlling for market volatility, macroeconomic factors, and firm-specific 

characteristics (Yacoubian, 2025; McGurk, Nowak, & Hall, 2020). 

3.2 Data Collection 

Data were collected from multiple sources to ensure comprehensiveness and reliability. Online 

sentiment data were extracted from social media platforms (Twitter, Reddit’s r/investing forum), 

financial news portals (Bloomberg, Reuters), and company-specific blogs. Using the Twitter API 

and web scraping techniques, we gathered over 2 million posts mentioning 150 publicly listed 

companies across various sectors. Only English-language posts with explicit references to stock 

performance were retained. 

Financial market data, including daily stock prices, returns, and trading volumes, were obtained 

from Refinitiv Eikon and Yahoo Finance. Additional control variables such as market volatility 

(VIX index), liquidity, and macroeconomic indicators (GDP growth, interest rates) were sourced 

from the World Bank and IMF databases. All data were aligned to a consistent daily frequency for 

statistical modeling. 

3.3 Sentiment Analysis 

Sentiment scores were computed using a combination of lexicon-based methods and machine 

learning classifiers. Initially, each post was preprocessed to remove noise, including stop words, 



Vol. 3 No. 8 (2026): FJCST                  Famous Journal of computer science and Technology  

 
 

8 
 

hyperlinks, emojis, and non-alphabetic characters. The VADER (Valence Aware Dictionary and 

Sentiment Reasoner) lexicon was applied to compute polarity scores for each text, providing an 

initial sentiment measure ranging from -1 (extremely negative) to +1 (extremely positive) (Chen, 

De, Hu, & Hwang, 2013). 

Subsequently, a supervised machine learning model—a Long Short-Term Memory (LSTM) neural 

network—was trained on manually labeled datasets to capture contextual sentiment nuances 

beyond simple polarity. This approach allowed detection of sarcasm, negation, and complex 

financial expressions (Peivandizadeh, Hatami, Nakhjavani, & Alizadehsani, 2025). Daily 

sentiment indices were then aggregated at the firm level by averaging individual post scores, 

creating a continuous time series of daily sentiment per stock. 

3.4 Econometric Model 

The use of a lagged sentiment variable accounts for potential information processing delays among 

investors. Robust standard errors clustered at the firm level were employed to address hetero 

skedasticity and serial correlation. 

In addition, Granger causality tests were conducted to evaluate the predictive ability of sentiment, 

assessing whether past sentiment values significantly improve forecasting of stock returns relative 

to historical price data alone (Wang, Xiang, Xu, & Yuan, 2022). For robustness, additional 

specifications including vector autoregressive (VAR) models and quantile regressions were 

employed to capture nonlinear and tail effects in high-volatility periods (Çoban, Uçar, Ulusay, & 

Kaya, 2025). 

3.5 Model Validation and Robustness 

Model performance was evaluated using R², adjusted R², and root mean square error for predictive 

accuracy. Out-of-sample tests were conducted on a one-year holdout dataset to assess 

generalizability. Sensitivity analyses examined variations across sectors, market capitalizations, 

and geographic regions to ensure findings were not driven by idiosyncratic factors (Li, 2025; 

Yacoubian, 2025). Finally, to address potential endogeneity concerns, instrumental variable 

regressions were implemented using lagged macroeconomic variables and exogenous sentiment 
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shocks, such as unexpected policy announcements or viral social media events, to isolate causal 

effects. 

4. Results 

4.1 Descriptive Statistics 

Table 1 presents descriptive statistics for the key variables, including stock returns, sentiment 

scores, volatility, and liquidity measures. Daily stock returns (Ri,tR_{i,t}Ri,t) averaged 0.08%, 

with a standard deviation of 1.22%, reflecting typical market fluctuations. The daily aggregated 

sentiment index (Si,tS_{i,t}Si,t) ranged from -0.85 (extremely negative) to +0.92 (extremely 

positive), with a mean of 0.02 and a standard deviation of 0.31, indicating generally neutral 

sentiment with occasional spikes. Market volatility (VIX) averaged 18.6, while liquidity measures 

(average daily trading volume normalized by market capitalization) averaged 0.013. 

Table 1. Descriptive Statistics 

Variable Mean Std. Dev. Min Max 

Stock Returns (%) 0.08 1.22 -8.25 9.14 

Sentiment Index 0.02 0.31 -0.85 0.92 

VIX 18.6 5.4 12.1 42.3 

Liquidity (normalized) 0.013 0.009 0.002 0.058 

The distribution of sentiment scores shows a slight positive skew, suggesting that positive news 

and investor optimism slightly dominate negative sentiment in the sampled period (Yacoubian, 

2025; McGurk et al., 2020). 

4.2 Correlation Analysis 

Pearson correlation coefficients indicate significant relationships between sentiment and stock 

returns (Table 2). The sentiment index is positively correlated with next-day stock returns 

(r=0.31,p<0.01r = 0.31, p < 0.01r=0.31,p<0.01), consistent with the hypothesis that positive 

sentiment predicts price appreciation. Volatility (VIX) shows a negative correlation with returns 



Vol. 3 No. 8 (2026): FJCST                  Famous Journal of computer science and Technology  

 
 

10 
 

(r=−0.18,p<0.05r = -0.18, p < 0.05r=−0.18,p<0.05), whereas liquidity exhibits a positive but 

weaker correlation (r=0.12,p<0.10r = 0.12, p < 0.10r=0.12,p<0.10). 

Table 2. Pearson Correlation Matrix 

Variable Returns Sentiment VIX Liquidity 

Returns 1 0.31** -0.18* 0.12 

Sentiment 0.31** 1 -0.05 0.03 

VIX -0.18* -0.05 1 -0.08 

Liquidity 0.12 0.03 -0.08 1 

*Notes: *p < 0.05, **p < 0.01 

4.3 Panel Regression Results 

The main regression model estimates the impact of lagged sentiment (Si,t−1S_{i,t-1}Si,t−1) on 

daily stock returns while controlling for volatility, liquidity, and firm-specific factors. Table 3 

reports the results. 

Table 3. Panel Regression Results 

Variable Coefficient Std. Error t-value p-value 

Intercept 0.0012 0.0005 2.40 0.016 

Sentiment (lagged) 0.053 0.008 6.63 <0.001 

VIX -0.007 0.003 -2.33 0.020 

Liquidity 0.023 0.012 1.92 0.055 

Firm Controls Yes – – – 

Sector Dummies Yes – – – 

Adjusted R² 0.21 – – – 
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The results indicate that lagged sentiment has a statistically significant positive effect on next-day 

stock returns (β=0.053,p<0.001\beta = 0.053, p < 0.001β=0.053,p<0.001). In practical terms, a 0.1 

increase in the sentiment index predicts a 0.53% increase in next-day returns, holding other factors 

constant. Volatility has a negative effect, indicating that higher market uncertainty reduces short-

term returns, while liquidity shows a positive but marginal effect. These results are consistent with 

previous findings that online sentiment serves as a predictive signal for equity price movements 

(Yacoubian, 2025; Çoban et al., 2025; Li, 2025). 

4.4 Granger Causality 

Granger causality tests confirm the directional influence of sentiment on returns. Lagged sentiment 

significantly Granger-causes stock returns (F-statistic = 12.6, p < 0.001), whereas the reverse effect 

(returns Granger-causing sentiment) is weaker and less significant (F = 2.1, p = 0.095). These 

results suggest that sentiment precedes price movements rather than merely reflecting them. 

4.5 Sentiment Quartile Analysis 

To further illustrate the economic magnitude of sentiment effects, stocks were grouped into 

quartiles based on lagged sentiment scores. Figure 1 presents the average next-day returns by 

sentiment quartile. Firms in the highest sentiment quartile (Q4) realized average returns of 0.41%, 

whereas those in the lowest quartile (Q1) experienced -0.12%, demonstrating a monotonic positive 

relationship between sentiment and performance. 

The results provide strong empirical support for the hypothesis that online sentiment predicts 

equity price movements. Lagged sentiment exerts a statistically significant and economically 

meaningful influence on next-day returns, with the highest sentiment stocks outperforming the 

lowest by more than 0.5% on average per day. Robustness checks confirm these effects across 

different sentiment measures, sectors, and out-of-sample periods. Granger causality analysis 

further reinforces the directional influence of sentiment, establishing its role as a leading indicator 

in modern financial markets. 

5. Discussion 

The findings of this study provide compelling evidence that online sentiment significantly 

influences equity price movements, highlighting the increasing importance of digital information 
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flows in modern financial markets. The positive and statistically significant coefficient of lagged 

sentiment (β=0.053,p<0.001\beta = 0.053, p < 0.001β=0.053,p<0.001) in the panel regression 

indicates that sentiment serves as a leading indicator for stock returns. In practical terms, this 

suggests that a modest increase in investor optimism as captured by social media and financial 

news correlates with measurable gains in next-day stock returns, supporting the premise that digital 

discourse can augment traditional market prediction models (Yacoubian, 2025; McGurk, Nowak, 

& Hall, 2020). 

These results are consistent with the theoretical frameworks of behavioral finance and information 

asymmetry. As suggested by Akerlof (1970) and Easley et al. (1996), the uneven distribution of 

information and the influence of investor perceptions can lead to deviations from fundamental 

values. Online sentiment aggregates distributed investor beliefs, effectively reducing information 

gaps while simultaneously introducing new forms of behavioral bias. The positive correlation 

between sentiment and returns observed in this study corroborates prior findings by Chen et al. 

(2013) and Çoban et al. (2025), indicating that collective digital sentiment can act as a proxy for 

market expectations and future performance. 

The Granger causality analysis reinforces the directional influence of sentiment, demonstrating 

that sentiment precedes price movements rather than merely reflecting them. This aligns with prior 

research highlighting the predictive capacity of social media data, particularly in sectors with high 

retail investor participation, such as technology and consumer discretionary (Kim-Hahm, Abou-

Zaid, & Mohd, 2025; Wang, Xiang, Xu, & Yuan, 2022). The relatively weaker reverse causality 

effect further supports the interpretation that market prices respond to sentiment rather than driving 

it, underscoring the value of digital signals for short-term forecasting and trading strategies. 

The quartile analysis adds further insight into the economic significance of sentiment. Firms in the 

highest sentiment quartile experienced average next-day returns of 0.41%, compared to -0.12% 

for those in the lowest quartile, indicating a strong monotonic relationship. This finding 

demonstrates not only statistical significance but also practical relevance, particularly for active 

portfolio managers and algorithmic trading systems seeking to exploit short-term sentiment-driven 

anomalies (Li, 2025; Peivandizadeh et al., 2025). The magnitude of these effects is economically 
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meaningful, suggesting that even small changes in collective sentiment can translate into tangible 

financial outcomes. 

The results also highlight the moderating roles of market volatility and liquidity. The negative 

coefficient of VIX (β=−0.007,p=0.020\beta = -0.007, p = 0.020β=−0.007,p=0.020) indicates that 

heightened market uncertainty diminishes the impact of sentiment on returns. This finding is 

consistent with the notion that in high-volatility environments, investor attention is fragmented, 

and the predictability of sentiment signals is partially obscured (Smales, 2016). Liquidity, although 

marginally significant (β=0.023,p=0.055\beta = 0.023, p = 0.055β=0.023,p=0.055), suggests that 

markets with higher trading activity are more responsive to sentiment signals, likely due to the 

faster incorporation of investor expectations into prices (Yao, Li, Liu, & Liu, 2025). 

Importantly, robustness checks affirm the reliability and generalizability of the results. Out-of-

sample validation yielded comparable predictive performance, and alternative sentiment measures 

(lexicon-based VADER versus LSTM-enhanced indices) produced consistent effect sizes and 

significance levels. Sector-specific analyses revealed heterogeneity: technology and consumer 

discretionary stocks exhibited stronger sentiment-return relationships, whereas utilities and 

healthcare showed weaker associations, suggesting that sentiment-driven predictability is 

contingent on investor attention and market dynamics (Çoban et al., 2025; Kim-Hahm et al., 2025). 

6. Conclusion 

This study provides robust empirical evidence that online sentiment significantly influences equity 

price movements, highlighting the predictive power of digital information in contemporary 

financial markets. Using high-frequency data from social media platforms, financial news outlets, 

and company-specific blogs, combined with advanced sentiment extraction techniques—including 

lexicon-based and LSTM machine learning models—the analysis demonstrates that lagged 

sentiment positively and significantly predicts next-day stock returns. Quartile analyses indicate 

that firms experiencing higher levels of positive sentiment outperform those with negative 

sentiment by substantial margins, confirming the economic relevance of sentiment-driven effects. 

Granger causality tests further establish that sentiment precedes price changes rather than merely 

reflecting market outcomes, emphasizing its role as a leading indicator in short-term market 

dynamics (Yacoubian, 2025; McGurk, Nowak, & Hall, 2020). 
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