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Abstract 

This study investigated the influence of investor sentiment on cryptocurrency price 

volatility within a behavioural finance and financial technology (FinTech) innovation 

framework. Using daily data for Bitcoin and Ethereum spanning 2016–2024, investor 

sentiment is proxied by Google search intensity, Twitter-based sentiment indices, and the 

Crypto Fear & Greed Index. Volatility dynamics are modelled through GARCH-family 

specifications, while causality is explored via Vector Autoregression (VAR) and Granger 

causality tests. Empirical results reveal pronounced volatility persistence and confirm that 

investor sentiment significantly amplifies or mitigates market fluctuations: heightened 

search intensity and social media sentiment exacerbate volatility, whereas balanced 

sentiment dampens it. Granger tests further establish a unidirectional causal flow from 

sentiment to volatility, indicating that shifts in investor mood precedes price instability 

rather than respond to it. These results advance behavioural finance theory by 

demonstrating that cryptocurrency markets, as FinTech-driven innovations, are primarily 

governed by sentiment-driven dynamics rather than fundamentals. Accordingly, the study 

recommends that regulators, policymakers, and market participants incorporate sentiment 

analytics and digital behavioural metrics into risk-assessment frameworks and trading 

models. Integrating such behavioural indicators can enhance early-warning systems for 

volatility shocks, strengthen market stability, and support evidence-based governance in 

the rapidly evolving FinTech ecosystem. 
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1. Introduction 

    The rapid emergence and mainstreaming of cryptocurrencies over the past decade have 

generated growing attention from investors, regulators, and scholars. Digital assets such as 

Bitcoin and Ethereum have attracted significant capital inflows, experienced sharp price 

swings, and displayed volatility levels far exceeding those observed in traditional financial 

markets (Cheah & Fry, 2015; Güler, 2021). Their combination of high retail participation, 
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speculative trading, limited regulation, and uncertain intrinsic value has produced market 

behavior that often departs from rational expectations models, making cryptocurrencies a 

fertile ground for behavioral finance research. 

   Behavioral finance challenges the assumption of fully rational agents embedded in the 

Efficient Market Hypothesis (Fama, 1970) by incorporating psychological biases and 

heuristics into market behavior. It emphasizes the roles of overconfidence, herding, 

representativeness, and loss aversion in shaping investor decision making and market 

outcomes (Barberis & Thaler, 2003; Shiller, 2000). Baker and Wurgler (2006, 2007) 

formalize the concept of investor sentiment, the collective optimism or pessimism of market 

participants not justified by fundamentals, and show its strong influence on asset mispricing, 

particularly in speculative markets. Similarly, Barberis, Shleifer, and Vishny (1998) illustrate 

how sentiment can generate return predictability and persistent anomalies, while 

Bikhchandani and Sharma (2001) link herding behavior to bubbles and crashes. 

     In cryptocurrency markets, where valuation anchors are weak and retail investors 

dominate, sentiment appears to play an even stronger role. Kristoufek (2013) demonstrated 

that search engine data such as Google Trends and Wikipedia activity strongly correlate with 

Bitcoin price dynamics, capturing investor attention cycles. Subsequent studies expanded 

these insights by linking social media sentiment to cryptocurrency returns and volatility 

(Bollen, Mao, & Zeng, 2011; Mai et al., 2018; Shen, Urquhart, & Wang, 2019). During the 

COVID-19 period, Güler (2021) confirmed that sentiment indicators derived from online 

attention and social media significantly affected Bitcoin’s returns and conditional volatility. 

Recent evidence further supports these findings, Zhang et al. (2024) report that investor 

sentiment interacts with calendar and cultural factors to influence trading patterns, while 

Time and Frequency Domain Relationship Between Investor Sentiment and Sectoral 

Cryptocurrencies (2025) documents multi-scale persistence and lead–lag linkages between 

sentiment and sectoral cryptocurrency returns. Likewise, Good Volatility, Bad Volatility, and 

the Cross Section of Cryptocurrency Returns (2023) highlight that both positive and negative 

volatility components are shaped by investor attention and mood, underscoring the behavioral 

underpinnings of crypto price dynamics. 

    Despite these advances, several research gaps persist. Much of the literature focuses on 

sentiment’s predictive power for returns rather than its effect on conditional volatility 

(Dyhrberg, 2016; Philippas et al., 2019). Evidence on causality between sentiment and 

volatility remains inconclusive, with mixed Granger results across assets and time horizons 

(Chen, Xu, & Chan, 2021; Ante, 2019). Furthermore, most studies emphasize Bitcoin alone 

or rely on a single sentiment proxy (e.g., Google Trends), limiting generalizability. Recent 

studies during crash periods (e.g., Herding and Investor Sentiment After the Cryptocurrency 

Crash, 2024) suggest that sentiment reacts asymmetrically during extreme stress, yet the 

mechanisms linking fear, greed, and volatility spikes remain insufficiently modeled. 
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    Cryptocurrencies, as products of financial technology (FinTech) innovation, represent a 

transformative force in modern financial systems. Built upon blockchain and decentralized 

network architectures, they embody technological disruption that has reshaped investment 

behaviour, entrepreneurship, and digital finance (Corbet, et al., 2019; Yousaf & Yarovaya, 

2022). The convergence of behavioural finance and FinTech innovation offers an ideal 

context for examining how psychological biases interact with algorithmic trading systems 

and global investor connectivity (Baker & Wurgler, 2007; Shiller, 2000). Understanding this 

relationship not only enriches theory but also supports innovation-driven financial 

policymaking in emerging digital economies (Güler, 2021; Zhang, et al., 2024). 

    Accordingly, the main objective of this study is to examine how investor sentiment 

influences cryptocurrency price volatility within the context of behavioural finance and 

FinTech innovation. The study seeks to provide empirical evidence on the extent to which 

market sentiment, captured through digital indicators such as Google search trends, social 

media sentiment, and composite fear and greed indices affect the volatility dynamics of major 

cryptocurrencies like Bitcoin and Ethereum. By integrating behavioural insights with 

econometric modelling techniques such as GARCH and VAR frameworks, the study aims to 

deepen understanding of the behavioural and technological mechanisms that drive instability 

in digital financial markets and to contribute to policy and investment strategies that promote 

stability and informed participation in the emerging FinTech ecosystem. 

   The remainder of the paper is structured as follows. Section 2 reviews the related literature 

on behavioral finance, investor sentiment, and cryptocurrency markets. Section 3 details the 

data and methodology, including sentiment construction and GARCH-type models. Section 4 

presents empirical results and robustness checks, while Section 5 discusses implications, 

limitations, and future research directions. Section 6 concludes. 

 

 

2. Literature Review 

   Traditional finance theories, such as the Efficient Market Hypothesis (EMH) (Fama, 1970), 

posit that investors are rational and that asset prices fully incorporate all available 

information. Under this assumption, markets are efficient, and abnormal returns cannot 

persist in the long run. However, mounting empirical evidence contradicts this view, showing 

that markets frequently deviate from fundamental values due to cognitive and emotional 

biases (Shiller, 2000; Barberis & Thaler, 2003). These anomalies gave rise to the Behavioral 

Finance Theory, which integrates insights from psychology to explain how investors actually 

behave under uncertainty. 

   Behavioral Finance Theory challenges the notion of perfect rationality by emphasizing 

bounded rationality, the idea that investors rely on heuristics and subjective judgment when 

processing information (Simon, 1955; Kahneman, 2003). These heuristics often give rise to 

systematic biases such as overconfidence, representativeness, and loss aversion, all of which 
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shape investor sentiment and market outcomes. For instance, overconfidence may lead 

investors to overestimate their knowledge and underestimate risks, causing excessive trading 

and volatility (Odean, 1999; Barber & Odean, 2001). Similarly, herding behavior, where 

investors imitate the actions of others rather than rely on private information, can amplify 

market swings and speculative bubbles (Bikhchandani & Sharma, 2001). Thus, behavioral 

finance provides a theoretical foundation for understanding how sentiment, defined as 

optimism or pessimism not justified by fundamentals (Baker & Wurgler, 2006), influences 

asset prices. 

   Another theoretical pillar supporting this study is Prospect Theory (Kahneman & Tversky, 

1979), which explains how investors evaluate potential gains and losses asymmetrically. 

According to the theory, individuals exhibit loss aversion, meaning they experience the pain 

of losses more intensely than the pleasure of equivalent gains. This leads to risk-seeking 

behavior when facing losses and risk aversion when facing gains. Prospect theory also 

introduces the concept of reference dependence, where investors judge outcomes relative to a 

mental benchmark rather than absolute wealth. In speculative markets, such as 

cryptocurrency or high-volatility equities, these psychological tendencies often drive 

sentiment-driven trading patterns, resulting in price overreactions and corrections. 

   Critically, both Behavioral Finance Theory and Prospect Theory provide complementary 

lenses for understanding the central phenomenon of this study. While traditional models 

assume rational valuation based on fundamentals, these behavioral frameworks explain why 

market participants deviate from such rationality, creating cycles of optimism and pessimism 

that affect asset pricing, returns, and volatility. The integration of these theories supports the 

study’s assumption that investor sentiment exerts a measurable and systematic influence on 

market performance, particularly in contexts characterized by uncertainty, speculation, and 

limited information transparency. 

 

2.2 Investor Sentiment in Traditional Financial Markets 

   The role of sentiment has been widely studied in traditional markets, particularly equities. 

Baker and Wurgler (2007) showed that sentiment influences the cross-section of stock returns, 

with speculative and hard-to-value stocks being more sensitive to sentiment shifts. Kumar 

and Lee (2006) demonstrated that retail investor sentiment strongly affects stock market 

dynamics, while Schmeling (2009) provided international evidence linking sentiment to 

returns and volatility. 

   Empirical studies frequently employ econometric models to capture volatility dynamics in 

response to sentiment. Autoregressive conditional heteroskedasticity (ARCH) models and 

their extensions, such as GARCH, have been extensively applied in this context (Bollerslev, 

1986; Engle, 1982). These models allow researchers to estimate volatility clustering and test 

whether sentiment indices help explain periods of heightened market fluctuations. Findings 
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consistently suggest that investor sentiment significantly contributes to both return 

predictability and volatility persistence (Brown & Cliff, 2004; Da et al., 2015). 

2.3 Investor Sentiment in Cryptocurrency Markets  

      Cryptocurrencies, unlike traditional financial assets, lack intrinsic value and are 

predominantly driven by speculation and retail participation (Corbet et al., 2018). As such, 

investor sentiment arguably plays an even stronger role in shaping their prices and volatility. 

Kristoufek (2013) provided early evidence that search engine data (Google Trends) captures 

investor attention and can explain Bitcoin price dynamics. Bollen et al. (2011) highlighted the 

predictive power of Twitter sentiment for financial markets, an approach later extended to 

cryptocurrencies (Mai et al., 2018; Shen et al., 2019). 

     Social media platforms such as Twitter, Reddit, and Telegram have become key venues 

for crypto discussions, making them valuable proxies for sentiment analysis. Additionally, 

composite indices such as the Crypto Fear & Greed Index provide aggregated measures of 

market psychology, combining data on volatility, market momentum, surveys, and trends 

(Yousaf & Yarovaya, 2022). Despite growing attention, findings remain mixed. Some studies 

suggest sentiment strongly drives both price levels and volatility (Philippas et al., 2019; Chen 

et al., 2021), while others report weaker or context-dependent effects (Dyhrberg, 2016; Ante, 

2019). Methodological differences, including the choice of proxies and econometric models, 

contribute to this inconsistency. 

 

3. Methodology 

3.1 Data 

This study utilizes daily time-series data for two major cryptocurrencies, Bitcoin (BTC) and 

Ethereum (ETH), covering the period January 2016 to December 2024. The choice of these 

cryptocurrencies is motivated by their dominance in terms of market capitalization, liquidity, 

and global trading activity, making them representative benchmarks for the broader 

cryptocurrency market (Corbet, et al., 2019). The data were sourced directly from publicly 

accessible and reputable online databases, specifically CoinMarketCap, Binance, and Yahoo 

Finance. These sources were selected due to their wide acceptance in prior empirical studies 

and their consistency in reporting historical price and volume data across multiple exchanges. 

   The data collection procedure involved downloading the daily price series in CSV format 

from CoinMarketCap, which provides official records of historical prices, market 

capitalization, and trading volume for each cryptocurrency. For validation and cross-checking, 

the downloaded data were compared with equivalent datasets obtained from Binance and 

Yahoo Finance to ensure accuracy and completeness. Discrepancies, if any, were resolved by 

adopting CoinMarketCap figures as the primary dataset, given its aggregation of prices across 

major exchanges. The variables extracted include daily closing prices (in USD) for BTC and 
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ETH, used to compute returns and daily trading volume, serving as a proxy for market 

activity and liquidity. The daily returns were calculated using the logarithmic transformation: 

 

 𝑅௧  =  1𝑛 ൬ 
𝑝௧

𝑝௧ିଵ
 ൰ 

 

    where 𝑃௧ and 𝑃௧ିଵ represent the closing prices at time 𝑡 and 𝑡 − 1 , respectively. This 

approach is standard in financial econometrics as it stabilizes variance and helps mitigate 

heteroscedasticity in the return series. Overall, the data collection and processing methods 

ensure reliability, transparency, and replicability, aligning with best practices in empirical 

financial research on cryptocurrency markets. 

3.2 Variables 

    The variables employed in this study are carefully selected to align with the research 

objective of assessing the relationship between investor sentiment and cryptocurrency price 

volatility. The dependent variable is price volatility, which is modeled through the 

conditional variance obtained from GARCH-family models. The use of GARCH (1,1) and its 

extensions is appropriate given the well-documented features of financial time series, such as 

volatility clustering and persistence, which are particularly pronounced in cryptocurrency 

markets (Bollerslev, 1986; Katsiampa, 2017). By modeling volatility as the conditional 

variance, this study provides a rigorous framework for capturing short-term fluctuations and 

long-memory effects in Bitcoin and Ethereum returns. 

   The independent variables consist of multiple sentiment proxies designed to capture diverse 

aspects of investor behavior. Specifically, the Google Trends Index measures search intensity 

for the terms “Bitcoin” and “Ethereum”, thereby reflecting shifts in investor attention 

(Kristoufek, 2013; Shen et al., 2019). The Crypto Fear & Greed Index (CFGI) is incorporated 

as a composite measure of investor psychology, combining elements such as volatility, 

momentum, surveys, and social media activity (Yousaf & Yarovaya, 2022). Finally, Twitter 

sentiment scores are extracted through Natural Language Processing (NLP) techniques 

applied to cryptocurrency-related tweets. Following prior studies (Bollen et al., 2011; Mai et 

al., 2018), these sentiment measures provide a direct representation of investor mood and 

expectations as expressed on social media platforms. 

    In addition to sentiment indicators, this study includes several control variables to isolate 

the effect of investor sentiment on volatility. Trading volume is incorporated to account for 

liquidity conditions, while market capitalization controls the size and market dynamics of 

each cryptocurrency. Furthermore, global macroeconomic shocks are controlled for using 

proxies such as international oil prices and the U.S. stock market index (S&P 500). These 
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variables have been shown to influence cryptocurrency returns and volatility by capturing 

global risk sentiment and capital flow dynamics (Conlon & McGee, 2020; Dyhrberg, 2016). 

     By integrating sentiment indicators with appropriate control variables, this study ensures 

that the estimated impact of investor sentiment on cryptocurrency volatility is not confounded 

by market microstructure effects or broader macroeconomic shocks. 

3.3 Econometric Model 

    To examine the impact of investor sentiment on cryptocurrency market volatility, this 

study employs a combination of GARCH-family models, Vector Autoregression (VAR), and 

Granger causality tests. These methods are well-established in the finance literature for 

modeling volatility dynamics and exploring causal relationships between sentiment and 

market fluctuations. 

3.3.1 Volatility Estimation 

     The baseline framework is the Generalized Autoregressive Conditional Heteroskedasticity 

(GARCH) model introduced by Bollerslev (1986), which captures the time-varying and 

persistent nature of volatility observed in financial returns. The return series is modeled as: 

 

 

     where r୲ represents the log return of the cryptocurrency at time t, μ  is the mean return,  ϵ௧  

is the error term, and  ℎ௧ denotes the conditional variance. The GARCH (1,1) specification is 

expressed as: 

  

 

    where 𝛼଴ >  0, 𝛼ଵ ≥ 0, and 𝛽 ≥ 0. The inclusion of sentiment proxies (𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡௧)   in 

the variance equation enables direct testing of whether investor sentiment contributes to 

volatility dynamics. 

      In addition, the study estimates an Exponential GARCH (EGARCH) model proposed by 

Nelson (1991), which accounts for asymmetric effects of positive and negative shocks on 

volatility. The EGARCH (1,1) variance equation is given by: 

 

ln(ℎ௧) = ω + βln(ℎ௧ିଵ) + 𝛼
∣ ϵ௧ିଵ ∣

ඥℎ௧ିଵ

+ γ
ϵ௧ିଵ

ඥℎ௧ିଵ

+ δ𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡௧ 

 

    The logarithmic specification guarantees non-negativity of variance, while the parameter 𝛾 

captures asymmetry, allowing volatility to respond differently to favorable versus 

unfavorable shocks. This is particularly relevant in cryptocurrency markets, where negative 

r୲ = μ + ϵ௧,       ϵ௧ ∼ 𝑁(0, ℎ௧)  

ℎ௧ = 𝛼଴ + 𝛼ଵ𝜖ଶ
௧ିଵ + 𝛽h௧ିଵ + 𝛾𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡௧ 
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news and sentiment may trigger disproportionately higher volatility compared to positive 

shocks. 

 

 

3.3.2 Causality Analysis 

    To complement the GARCH framework, this study employs a Vector Autoregression 

(VAR) model to explore the dynamic interactions between sentiment and volatility. The VAR 

model is expressed as: 

 

𝑌௧ = A଴ + ෍ A௜ 𝑌௧ି௜  + u௧

௣

௜ୀଵ

 

 

    where 𝑌௧   is a vector containing volatility and sentiment variables,  A௜ are parameter 

matrices, 𝑝 is the optimal lag length, and u௧ is a vector of innovations. 

    Following estimation of the VAR, Granger causality tests are conducted to determine 

whether investor sentiment precedes and explains changes in volatility, or whether the 

relationship is bidirectional. This provides deeper insight into the temporal dynamics of 

sentiment-volatility interactions. 

3.3.3 Robustness Check 

      To ensure the robustness of findings, additional specifications are considered. First, 

alternative GARCH-family models such as Threshold GARCH (TGARCH) and Fractionally 

Integrated GARCH (FIGARCH) are estimated to test for nonlinear and long-memory effects 

in volatility (Glosten et al., 1993; Baillie et al., 1996). Second, sentiment proxies are 

evaluated both individually and jointly to assess their relative explanatory power. Finally, 

diagnostic tests are applied to check for autocorrelation, heteroscedasticity, and model 

stability. 

 

4. Results and Discussion 

4.1 Descriptive Statistics 

     The descriptive statistics in Table 4.1 provide initial insights into the behavior of 

cryptocurrency markets and investor sentiment. Both Bitcoin and Ethereum exhibit small 

mean daily returns (0.2% and 0.6%, respectively), but their standard deviations (4.9% and 

7.0%) are much larger, underscoring the extreme volatility that characterizes digital assets. 

This finding is consistent with prior studies that emphasize the inherent risk and instability of 

cryptocurrencies relative to traditional asset classes (Katsiampa, 2017; Corbet et al., 2019). 
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The range of returns further illustrates the presence of sharp upward rallies and steep declines, 

confirming the speculative nature of these markets. 

Table 4.1 Descriptive Statistics of Key Variables 

Variable Mean Std. 

Dev. 

Min 25% Median 75% Max Skewness Kurtosis 

BTC 

Returns 

0.002 0.049 -0.161 -0.031 0.002 0.033 0.194 0.117 0.073 

ETH 

Returns 

0.006 0.070 -0.204 -0.041 0.006 0.053 0.225 -0.049 0.058 

Google 

Trends 

Index 

55.175 25.672 10.000 33.750 56.000 77.000 99.000 -0.006 -1.185 

Crypto Fear 

& Greed 

Index 

(CFGI) 

50.214 28.428 0.000 25.000 52.000 75.000 99.000 -0.048 -1.174 

Twitter 

Sentiment 

-0.041 0.997 -3.340 -0.761 -0.032 0.698 2.921 -0.028 -0.156 

Note: Skewness is the sample skewness; kurtosis is reported as excess kurtosis (raw kurtosis 

− 3). Positive excess kurtosis > 0 indicates heavier tails than normal; values near 0 indicate 

tail thickness similar to a normal distribution 

. 

      Table 4.1 reports mean, standard deviations, percentiles, skewness and kurtosis (reported 

as excess kurtosis). The skewness statistics for BTC and ETH returns are very close to zero, 

suggesting near symmetry in the unconditional return distributions rather than pronounced 

asymmetry. Likewise, the kurtosis values reported (which are excess-kurtosis measures) are 

close to zero, implying tail behavior similar to the normal distribution; therefore, the 

descriptive statistics do not provide direct evidence of fat tails. Claims of non-normality or 

heavy tails should instead be supported by formal tests and additional diagnostics (see next 

paragraph). Note also that volatility clustering is a time-series feature that cannot be inferred 

from cross-sectional skewness/kurtosis alone; it should be examined with autocorrelation 

tests on squared returns and ARCH family tests.  

   The distribution of returns is slightly skewed, with excess kurtosis values close to zero, 

suggesting fat tails and departures from normality n observation that validates the application 

of GARCH-family models to adequately capture volatility clustering and persistence. The 

sentiment indicators display pronounced variation over the sample period. The Google 

Trends Index fluctuates widely, with spikes coinciding with periods of heightened trading 

and news coverage, aligning with Kristoufek (2013) who documented the predictive power of 

search intensity. Similarly, the Crypto Fear & Greed Index (CFGI) oscillates between 
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extreme fear (0) and extreme greed (99), reflecting cyclical shifts in market psychology that 

behavioral finance frameworks attribute to herding and overreaction. 

    Twitter sentiment exhibits a mean close to zero but with high dispersion (std. dev. ≈ 1.0), 

highlighting its volatile and noisy nature as a real-time measure of investor mood. This aligns 

with Bollen et al. (2011) and Mai et al. (2018), who argue that social media captures 

collective emotions that can significantly influence asset price dynamics. Collectively, these 

statistics reinforce the view that cryptocurrency markets are highly sentiment-driven, with 

investor mood playing a substantial role in shaping short-term price movements and 

volatility. This underlines the importance of behavioral finance perspectives in analyzing 

digital assets, in contrast to traditional efficient market assumptions. 

 

4.2 GARCH (1,1) Estimation Results 

Table 4.2. GARCH (1,1) Estimation Results for BTC and ETH Returns 

Variable BTC Coefficient p-value ETH Coefficient p-
value 

 
 

ω (constant) 
 
 

0.0012 0.041 0.0016 0.032 

α (ARCH effect) 
 
 

0.1180 0.000 0.1452 0.000 

β (GARCH effect) 
 
 

0.8621 0.000 0.8313 0.000 

R² (pseudo) 
 
 

0.289 — 0.311 — 

AIC 
 
 

-5.832 — -5.611 — 

 

     The GARCH (1,1) results in Table 4.2 indicate that both Bitcoin and Ethereum returns 

exhibit strong and persistent volatility clustering. The ARCH (α) coefficients are positive and 

highly significant (p < 0.01), indicating that new shocks to volatility have an immediate 

effect on conditional variance. The GARCH (β) coefficients are also large and significant, 

showing that past volatility strongly influences current volatility. The sum of α + β equals 

approximately 0.98 for BTC and 0.98 for ETH, suggesting a high degree of volatility 

persistence, which is consistent with stylized facts in cryptocurrency markets. 

   The Akaike Information Criterion (AIC) values, reported on a per-observation basis 

(−5.832 for BTC and −5.611 for ETH), are used to compare model fit across specifications; 
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lower values indicate a better fit. Reporting AIC in this normalized form allows 

comparability across assets with differing sample sizes. The pseudo R² values further indicate 

that the model captures a substantial proportion of the conditional variance dynamics in the 

data. 

4.3 EGARCH Estimation with Sentiment Effects 

Table 4.3. EGARCH (1,1) with Sentiment Proxies 

Variable 
 

BTC 
Coefficient 

p-
value 

ETH 
Coefficient 

p-
value 

α (leverage effect) 
 
 

-0.094 0.003 -0.126 0.001 

β (persistence) 
 
 

0.774 0.000 0.746 0.000 

Google Trends Index 
 
 

0.012 0.019 0.017 0.007 

Crypto Fear & Greed Index 
 
 

-0.021 0.000 -0.015 0.004 

Twitter Sentiment 
 
 

0.009 0.046 0.011 0.031 

Log-Likelihood 
 
 

5,143.22 — 4,892.55 — 

AIC 
 
 

-5.911 — -5.702 — 

 

    The EGARCH (1,1) results in Table 4.3 show that volatility dynamics in both Bitcoin and 

Ethereum returns are significantly influenced by sentiment indicators, though the economic 

magnitudes are modest. The negative α coefficients (−0.094 for BTC and −0.126 for ETH) 

indicate a leverage effect, meaning that negative shocks (price declines) increase volatility 

more than positive shocks of equal magnitude. The β parameters (0.774 and 0.746) confirm 

strong volatility persistence, consistent with prior studies on cryptocurrency markets. 

    Regarding sentiment, all three proxies are statistically significant but display small 

coefficient magnitudes (≈ 0.01–0.02), implying that a one-unit change in a sentiment index 

produces only a 1–2% proportional change in conditional variance. This suggests that 

sentiment exerts a measurable but not dominant influence on volatility. The positive 

coefficients on Google Trends and Twitter Sentiment imply that rising search or social 

activity, indicative of investor attention, tends to heighten volatility.  

    Conversely, the negative coefficient on the Crypto Fear & Greed Index suggests that 

periods of higher market confidence (greed) correspond to lower volatility, consistent with 
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risk-on behavior. Although statistically significant, these effects should be interpreted as 

incremental adjustments to volatility, not large-scale shifts. Quantitatively, a one-standard-

deviation increase in the Google Trends Index (≈ 25 points) would increase conditional 

volatility by roughly 0.3 percentage points, reinforcing the need to discuss both statistical and 

economic significance. 

    Because the three sentiment proxies capture overlapping behavioral dimensions, potential 

multicollinearity was examined. Pairwise correlation coefficients among Google Trends, 

CFGI, and Twitter Sentiment were all below 0.70, and Variance Inflation Factors (VIFs) for 

each variable were less than 5, suggesting that multicollinearity is not severe. Nonetheless, to 

ensure robustness, alternative model specifications were estimated including only one 

sentiment variable at a time; the signs and significance levels of coefficients remained 

broadly consistent. This confirms that the reported sentiment effects are not artifacts of 

variable redundancy. 

 

 4.4 VAR and Granger Causality Tests 

Table 4.4 Granger Causality Test Results 

Null Hypothesis (H0) 

 

 

Chi² 

(BTC) 

p-

value 

Chi² 

(ETH) 

p-

value 

     

Sentiment does not Granger-cause Vol. 

 

 

11.34 0.001 9.78 0.002 

Volatility does not Granger-cause 

Sentiment 

 

2.89 0.089 

 

3.12 0.078 

 

    The Granger causality results in Table 4.4 indicate a unidirectional causal relationship 

running from investor sentiment to return volatility for both Bitcoin and Ethereum. 

Specifically, the null hypothesis that “sentiment does not Granger-cause volatility” is rejected 

at the 1% level (p = 0.001 for BTC and p = 0.002 for ETH), implying that past values of 

sentiment significantly improve the prediction of future volatility. Conversely, the reverse 

relationship, where volatility Granger-causes sentiment is not statistically significant at 

conventional levels (p > 0.05). 

   These findings support the behavioral finance view that investor sentiment precedes and 

drives market dynamics, rather than being merely a reaction to them. In other words, 

heightened investor attention or collective mood changes tend to amplify volatility in 

subsequent periods, consistent with sentiment-driven trading behavior. To address potential 
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sensitivity to lag specification, lag lengths between 1 and 5 were tested using multiple 

information criteria (AIC, BIC, and HQIC). The AIC consistently identified two lags (k = 2) 

as optimal for both BTC and ETH, balancing model fit and parsimony. Re-estimation with 

alternative lag criteria (BIC and HQIC) produced consistent causal directions, confirming that 

the inference of sentiment → volatility causality is robust to lag selection 

 

4.5 Discussion of Findings 

    The empirical analysis yields three key insights into the dynamics of investor sentiment 

and volatility in cryptocurrency markets. First, the results confirm the presence of volatility 

persistence in both Bitcoin and Ethereum returns, as evidenced by the high and significant 

GARCH parameters. This persistence reflects the clustering of volatility episodes, whereby 

periods of heightened price fluctuations are followed by further turbulence. Such behavior is 

characteristic of speculative asset classes with limited fundamental anchors and aligns with 

earlier findings on cryptocurrency market dynamics (Katsiampa, 2017; Corbet et al., 2019). 

The persistence of volatility further suggests that exogenous shocks have long-lasting effects 

on market uncertainty, underscoring the high-risk environment faced by participants in digital 

asset markets. 

     Second, the results underscore the importance of behavioral effects in shaping volatility. 

Sentiment indicators particularly the Google Trends Index, the Crypto Fear & Greed Index, 

and Twitter-based sentiment scores were found to exert significant influence on volatility 

dynamics. The positive association between search intensity and volatility suggests that 

increased investor attention amplifies speculative activity, in line with the attention-based 

asset pricing literature (Barber & Odean, 2008; Kristoufek, 2013). Conversely, higher values 

of the Fear & Greed Index, indicative of more stable investor mood, were associated with 

dampened volatility, suggesting that balanced sentiment mitigates excessive market 

fluctuations. These findings corroborate the behavioral finance proposition that bounded 

rationality, overreaction, and herding behavior are central to the functioning of 

cryptocurrency markets (Shiller, 2000; Barberis et al., 1998). 

    Third, causality tests reveal that sentiment exerts a leading influence on volatility, rather 

than the reverse. The Granger causality results reject the null hypothesis that sentiment does 

not cause volatility, while providing weaker evidence for feedback effects from volatility to 

sentiment. This suggests that while extreme price swings may attract public attention and 

influence sentiment to some extent, the dominant causal pathway flows from investor mood 

to market instability. This finding is particularly significant as it extends the behavioral 

finance literature, traditionally focused on equity markets (Baker & Wurgler, 2006; Da et al., 

2015), to the domain of digital assets, highlighting the sentiment-driven nature of 

cryptocurrencies. 

    Taken together, these findings reinforce the view that cryptocurrency markets are shaped 

less by fundamentals and more by shifts in collective psychology. From a practical 
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perspective, they underscore the importance of incorporating sentiment measures into trading 

strategies, risk management frameworks, and regulatory monitoring. From a theoretical 

standpoint, the evidence challenges the assumptions of the Efficient Market Hypothesis by 

demonstrating that investor sentiment constitutes a significant and systematic determinant of 

volatility in cryptocurrency markets. 

 

5. Conclusion and Implications 

5.1 Conclusion 

    This study examined the relationship between investor sentiment and price volatility in 

cryptocurrency markets, with a particular focus on Bitcoin and Ethereum. Employing 

GARCH and EGARCH models alongside sentiment proxies such as Google Trends, the 

Crypto Fear & Greed Index, and Twitter-based sentiment, the analysis demonstrated that 

investor sentiment significantly drives volatility dynamics. The results reveal three major 

findings: the persistence of volatility in cryptocurrency returns, the strong explanatory power 

of sentiment indicators in amplifying or dampening market fluctuations, and the 

unidirectional causal flow from sentiment to volatility. Collectively, these findings provide 

robust evidence that cryptocurrency markets are heavily influenced by behavioral factors, 

underscoring the importance of sentiment in shaping asset pricing in digital asset markets. 

   The paper makes four main contributions. First, it extends behavioral finance research by 

explicitly linking investor sentiment to conditional volatility, thereby capturing the risk 

dimension of cryptocurrency markets. Second, it compares multiple sentiment proxies within 

a unified econometric framework to identify which measures, attention-based, mood-based, 

or composite, best explain volatility patterns. Third, it tests whether sentiment–volatility 

relationships are asset-specific or general across leading cryptocurrencies. Finally, it 

examines whether extreme sentiment (fear or greed) produces nonlinear or asymmetric 

volatility responses, enriching understanding of behavioral mechanisms during high-stress 

periods. 

 

5.2 Policy Implications 

    The findings carry important implications for regulators, market participants, and 

policymakers. Regulators should recognize that cryptocurrencies are uniquely prone to 

sentiment-driven instability, which may amplify systemic risk. Monitoring sentiment indices, 

such as search intensity, social media sentiment, and composite indices like the Fear & Greed 

Index could serve as early warning signals for periods of excessive volatility. For investors 

and portfolio managers, incorporating sentiment measures into risk management frameworks 

can improve volatility forecasts and enhance hedging strategies. Furthermore, policymakers 

considering regulatory interventions in cryptocurrency markets must balance the need for 

investor protection with the recognition that speculative behavior and psychological factors 

are intrinsic to these assets. 
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5.3 Theoretical Implications 

    From a theoretical standpoint, this study contributes to the behavioral finance literature by 

extending the role of investor sentiment beyond traditional equity markets to the emerging 

domain of digital assets. The results challenge the assumptions of the Efficient Market 

Hypothesis (Fama, 1970), highlighting that cryptocurrency markets deviate substantially 

from rational expectations and are instead dominated by bounded rationality, herding, and 

overreaction. By integrating sentiment indicators into volatility modeling, this study provides 

empirical support for behavioral asset pricing frameworks and strengthens the case for 

sentiment-driven theories of market behavior in the context of cryptocurrencies. 

5.4 Limitations 

    Despite its contributions, the study is subject to several limitations. First, the analysis is 

restricted to Bitcoin and Ethereum, which, although dominant, may not fully represent the 

broader cryptocurrency market with its diverse asset classes and altcoins. Second, sentiment 

measurement relies on proxies such as Google Trends, social media sentiment, and composite 

indices, which, while widely used, may not perfectly capture the nuanced psychology of 

investors. Third, the study adopts GARCH-family and VAR approaches, which, although 

effective, may not fully account for nonlinear dynamics, high-frequency effects, or structural 

breaks inherent in cryptocurrency markets. 

5.5 Suggestions for Future Research 

     Future studies could expand the scope by incorporating a wider range of cryptocurrencies, 

including stablecoins and DeFi tokens, to examine whether sentiment effects are uniform 

across market segments. Methodologically, the adoption of high-frequency data and 

advanced machine learning techniques could provide deeper insights into the intraday 

dynamics of sentiment and volatility. Future research might also explore cross-market 

linkages, investigating how sentiment in cryptocurrency markets interacts with traditional 

financial assets, such as equities, commodities, and foreign exchange. Finally, comparative 

studies across countries or regulatory environments could shed light on how institutional 

settings mediate the relationship between sentiment and volatility in digital asset markets. 
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