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Abstract The aim of this study is to analyze how fear affects investor behavior in decentral-
ized financial (DeFi) markets. The focus is on the relationship between the Fear and
Greed Index (F&G) and the market prices of governance tokens from major DeFi
platforms, including PancakeSwap, Balancer, Compound, SushiSwap, Uniswap,
Aave, and MakerDAO. Each of these tokens is a native asset linked to a specific
DeFi protocol and, beyond their tradability, they function as governance instru-
ments, making them particularly sensitive to shifts in market sentiment and inves-
tor expectations. To examine how investor fear and greed impact token price dy-
namics, we apply a combination of econometric and behavioral approaches. Our
findings suggest that while investor sentiment may influence volatility and regime
shifts, its direct predictive power over daily returns of governance tokens remains
weak.
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Introduction

Over the past decade, decentralized finance (DeFi) has emerged as a key innovation in
the digital economy, providing a wide array of financial services — such as borrowing
against crypto collateral on platforms like Aave, Compound, and MakerDAO, ot peer-to
peer trading via liquidity polls on Uniswap, PancakeSwap, and Balancer — all built on de-
centralized networks that eliminate traditional intermediaries. Central to these systems
are governance tokens - such as UNI, MKR, AAVE, BAL, COMP, and CAKE - which grant
holders voting rights over protocol decisions and often come with economic incentives like
yield farming and staking (Harvey et al., 2021). While these tokens are actively traded and
subject to market speculation, their governance function ties them closely to the long-
term stability and evolution of DeFi protocols. However, because they are freely traded,
they are also exposed to speculative pressure and short-term sentiment-driven volatility,
especially during uncertain market conditions. Therefore, it isimportant to assess whether
governance tokens remain resilient to sentiment shifts or are influenced by emotional
trends. Investor sentiment, which is shaped by emotions such as fear, uncertainty, and
greed, often drives market dynamics and creates conditions known as fear regimes, char-
acterized by panic selling, heightened volatility, and risk aversion. These regimes often
trigger herding behavior, where investors follow the majority instead of relying on
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independent analysis (Bouri et al., 2019; da Gama Silva et al., 2019), with common patterns
including FOMO (Fear of Missing Out) during bull markets and FUD (Fear, Uncertainty,
Doubt) in response to negative events, such as hacks or regulatory news (Zizheng and
Yuen, 2023). In the DeFi market, such sentiment-driven behavior can distort token prices
and market dynamics, reinforcing the need to study how these psychological effects inter-
act with DeFi governance structures. This study investigates how sentiment affects gov-
ernance tokens in DeFi by applying the Fear and Greed Index (F&G Index), a behavioral
measure of market mood widely used in crypto markets. As sentiment reflects emotional
extremes - such as panic selling or speculative buying - it may play a role in driving market
reversals. Since governance tokens combine tradability with protocol-level influence, they
may be especially sensitive to shifts in sentiment and volatility. Although behavioral fi-
nance (BeFi) literature has explored emotional drivers in crypto and DeFi markets (Schér,
2021; Bennett et al., 2023; Bouri et al., 2019; Al-Mansour, 2020), there is limited research
on how sentiment specifically affects governance tokens (Radu & Deak, 2024; Albrecht et
al., 2023; Teplova et al., 2023).

The aim of this paper is to empirically assess whether daily sentiment shifts, measured
by FNG_ret (returns of the F&G Index), predict the daily logarithmic returns (PS_ret) of
governance tokens. Our focus is on understanding if broader crypto market sentiment af-
fects DeFi tokens, which are structurally distinct and driven by protocol-level mechanisms.
The lack of centralized regulation and the presence of emotion-driven decision-making
amplify risk in DeFi, making the influence of fear and greed particularly relevant. As behav-
ioral patterns complicate financial forecasting (Gusev, 2018), it is essential to include sen-
timent indicators when studying DeFi token dynamics, especially given the prevalence of
non-professional and emotionally reactive investors (Al-Mansour, 2020). To meet this
goal, we collected data on six leading governance tokens and used both classical econo-
metric and machine learning methods to test for the impact of sentiment. This multi-
method approach allows us to capture both linear and nonlinear effects, as well as regime-
specific behavior under sentiment-driven market conditions. The paper proceeds as fol-
lows: section 2 reviews the relevant literature, section 3 presents the methodology, and
section 4 discusses the empirical results.

1. Related work

Recent research on decentralized finance (DeFi) has established a strong theoretical
foundation for understanding its benefits, risks, and structural features (Harvey et al.,
2021; Erya Jiang et al., 2023; Bennett et al., 2023). Studies highlight the influence of market
sentiment, investor psychology, and the systemic vulnerabilities of DeFi, including high
volatility, lack of regulation, and protocol-level risks (Schar, 2021; Barbereau et al., 2022).
One major concern is the concentration of governance power in the hands of a small group
of participants, which undermines decentralization and increases the potential for manip-
ulation and panic during market shocks. The volatility of crypto collateral in DeFi protocols
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can trigger rapid liquidation risks, while the absence of consumer protections amplifies
behavioral patterns such as herding and overconfidence (Al-Mansour, 2020; Poyser, 2018).
Herding behavior, as noted by da Gama Silva et al. (2019), Bouri et al. (2019), and Poyser
(2018), often arises during periods of uncertainty and negative news. Prospect Theory
(Kahneman and Tversky, 1979) shows that fear of losses strongly influences decision-mak-
ing, contributing to price distortions and speculative bubbles (Al-Mansour, 2020). Psycho-
logical factors are particularly significant in emerging technologies like DeFi (Bennett et al.,
2023; Bouri et al., 2019; Shu & Chang, 2015). In many protocols, governance tokens are
centrally held by core teams or large investors, creating risks of market manipulation and
weakening the democratic integrity of DeFi governance (Bhambhwani, 2025; Dang & De-
wally, 2023). As a result, some DeFi projects are more susceptible to behavioral distortions
than others. Empirical research confirms that investor sentiment, especially as shaped by
collective opinion, social media, and emotional attachments to digital assets, plays a sub-
stantial role in speculative environments (Gusev, 2018; Shen et al., 2019; Liu & Tsyvinski,
2021; Baker & Wurgler, 2006). While the role of behavioral finance in crypto markets is
well-established, the present study adds to this literature by specifically examining how
fear and greed affect DeFi governance tokens, using a multi-method approach designed to
capture both linear and nonlinear dynamics.

2. Data Collection

This study focuses on six leading DeFi protocols - Aave (01.02.2018-06.03.2025, n=2741),
Maker (01.02.2018-06.03.2025, n=2545), Compound (18.08.2020-06.03.2025, n=1660),
Uniswap (14.09.2020-06.03.2025, n=1269), PancakeSwap (14.09.2021-06.03.2025,
n=1269), and Balancer (22.07.2021-06.03.2025, n=1330) - as these governance tokens are
highly liquid, cover a range of functional areas within the DeFi ecosystem, and play a cen-
tral role in protocol operations. The variation in data periods (2018-2025) enables senti-
ment analysis across different DeFi market phases, from early development to maturity.
Governance token data were sourced from Investing.com, while sentiment data were ob-
tained from Alternative.me’s Fear and Greed Index, which reflects market mood using in-
puts such as volatility, trading volume, social media, surveys, and Google Trends. Index
values above 50 indicate greed (risk-seeking behavior), below 50 signal fear (risk aversion),
and 50 represents neutrality. Data analysis was conducted in Python 3.13 using standard
libraries including pandas, numpy, statsmodels, arch, scikit-learn, xgboost, pywt, dcor, and
minepy.

3. Methodology

The methodology adopts a multi-model framework designed to assess both linear and
nonlinear relationships between the Fear and Greed Index (FNG_ret) and DeFi governance
tokens. The null hypothesis is Ho: FNG_ret has no statistically significant effect on daily log
returns or regime-switching probabilities of the tokens. To explore this, we implement a
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sequence of statistical and machine learning models. We begin with correlation and cross-
correlation analyses, followed by OLS regression to quantify linear dependence:

TOkenrett =po+ .BlFNGrett + & (1)

where: 8; captures the average return response to a 1% change in the index. The model
was evaluated using RMSE, MAE v R?. Granger causality tests (lags 1 to 10) are then ap-
plied to identify temporal causality, with the null rejected if p < 0.05:

Ye =B + 2?21 BiYe-1 + 2?21 ViXe—j + & (2)

ARIMAX model are used to capture dynamic dependencies, with FNG as an exogenous
regressor:

Ye=c+ Zzijzl biye-i + Z;’Izl Oje_q + Yho1 BiXi: + & (3)

where ¢ and 6 represent AR and MA terms, and 5, x ; incorporates the effect of FNG.
To capture volatility dynamics, GARCH (1,1) and GJR-GARCH (1,1,1) models are estimated:

of = w+ aet, + foi, (4)
0f = w+ aef_y + Bofy £ yl{e,_q < O}ef4 (5)

where y measures asymmetry in response to negative shocks. Markov Switching Regres-
sion identifies latent volatility regimes - allowing the assessment of sentiment effects
across low and high volatility states.

Ve = uSe + & S € {0,1} (6)
pij = P(S¢ =j|Si-1 =1) (7)
To detect nonlinear dependencies, we apply the Maximal Information Coefficient (MIC):
(8)

where: MIC € [0, 1] measures the strength of association without assuming linearity. We
also implemented Support Vector Regression (SVR) with an RBF kernel:

f(X) = (w,X)+ bsubjectto |y, — f(Xp)| < ¢ (9)

maxx,y) {I=(X,Y;Xpins,:Ybins)}

log min{XpinsYpins}

MIC(X,Y) =

Finally, we applied Wavelet analysis (Wavelet Power Spectrum) to examine both the fre-
guency and temporal localization of extreme movements:

Wila,b) = o 17 x (e + (7) dt (10)

where W,.(a, b) gives the energy of the signal at a specific scale (frequency) and moment
in time, helping us to identify time-localized volatility clusters and sentiment-driven bursts.
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4. Interpretation of Statistical Significance

The initial stage of the empirical analysis, focused on assessing linear relationships, re-
vealed no meaningful correlation between daily log returns of DeFi governance tokens and
changes in the F&G Index. Correlation coefficients ranged from (-0.0058) to 0.078 - well be-
low the threshold of statistical significance. Only AAVE (0.078) and UNI (0.067) showed weak
positive correlations, possibly due to their greater sensitivity to short-term sentiment or
structural differences in liquidity. Cross-correlation analysis confirmed the absence of lagged
effects, with weak and unstable correlations that quickly diminished after lag zero across all
tokens (e.g., BAL: -0.04 to +0.06; COMP: -0.06 to +0.06; UNI: -0.09 to +0.08), indicating no
sustained short-term influence from the index. Given that correlation does not quantify ef-
fect size or direction, we applied OLS regression to estimate how returns respond to changes
in sentiment. Regression coefficients across tokens averaged around 0.06, implying that a
1% change in FNG_ret corresponds to just a 0.06% change in token returns. However, the
explanatory power of the models was extremely low: R? values ranged from 0.000034
(Maker) to 0.0060 (AAVE and PancakeSwap), indicating that the index explains less than 1%
of return variance. Statistically significant coefficients were found for AAVE (B = 0.0573, p <
0.001), COMP (B =-0.0228, p = 0.011), and PAN (B = 0.0573, p < 0.001), though the effect
size remained weak. For other tokens (BAL, UNI, MAKER) coefficients were not significant (p
> 0.05), and none of the models demonstrated predictive adequacy based on R, RMSE, or
MAE metrics. In summary, both correlation and OLS regression show that sentiment, as
measured by the FNG index, has little to no explanatory or predictive power over the daily
returns of governance tokens. These findings highlight the need for nonlinear and regime-
sensitive modeling approaches to capture more complex dynamics (Fig. 1)

Fig. 1. OLS shows that OLS Regression: Compound_ret ~ FNG_ret
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thors using Python

Granger causality tests were applied to assess whether changes in the FNG Index precede
and help predict governance token returns. Using a 1-10 day lag structure, results for all
tokens (Aave, PancakeSwap, BAL, UNI, COMP, and Maker) showed p-values above the 0.05
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threshold across all lags, indicating no evidence of Granger causality. Thus, past values of
the sentiment index do not provide additional predictive information, and FNG_ret cannot
be considered a leading indicator for token returns. Following the inconclusive results from
OLS and Granger tests, the analysis advanced to more sophisticated models - ARIMAX,
GJR-GARCH, and Markov Switching - to explore potential nonlinear and regime-dependent
effects. While FNG_ret showed no predictive value in linear models, GJR-GARCH results
suggest a marginal improvement in volatility forecasts during extreme sentiment phases
(e.g., high fear or greed), though without statistical significance. Overall, the index does
not appear to drive token price behavior but may still offer supplementary insights for risk
management under specific market conditions when more sensitive models are employed.

Table 1. Results from GARCH and GJR-GARCH models

Token GARCH -RMSE GARCH-MAE GARCH-R? GJR-RMSE | GJR-MAE GJR-R?
Aave 0.14931 0.089291 -0.49062 0.138704 | 0.08244 -0.2863
BAL 0.033928 0.027315 -0.09699 0.033929 | 0.02733 -0.0970
COMP 0.042787 0.03433 -0.0576 0.042876 | 0.034393 | -0.0620
MAKER 0.051807 0.037046 -0.1965 0.051784 | 0.036912 | -0.1954
RAN 0.037299 0.02861 -0.12325 0.0373 0.028612 | -0.1233
UNI 0.2454 0.1149 -0.05552 0.2666 0.0975 -0.8356

Source: Table constructed by the author based on processed data

Although the GARCH and GJR-GARCH models produced low RMSE values (below 0.15 for
most tokens), their negative R? scores indicate poor explanatory power regarding return vola-
tility (Table 1). This supports the theoretical view that negative shocks (fear) have a stronger
impact on volatility than positive ones (greed). The weakest performance was observed for
UNI, with R? values of -0.5552 (GARCH) and -0.8356 (GJR-GARCH), underscoring the models’
inability to capture volatility dynamics effectively. While GJIR-GARCH slightly outperformed
GARCH in RMSE and MAE due to its asymmetric structure, the improvements were minimal
and insufficient for reliable forecasting. Using GJR-GARCH, we aimed to assess whether ac-
counting for asymmetric effects would enhance volatility modeling in DeFi. The results showed
a clear divergence: GJR-GARCH consistently forecasted higher volatility than GARCH, with a
widening gap over the 20-day horizon, suggesting greater sensitivity to downside risks. This
aligns with behavioral finance theory, which posits stronger market reactions to negative
news. To further evaluate the role of sentiment, we applied ARIMAX models. These achieved
high R? values (0.9877-0.9888), indicating strong autocorrelation in token prices. However, the
FNG Index contributed little to prediction accuracy; in most cases, its influence was flat, result-
ing in nearly horizontal forecasts and wide confidence intervals - especially for PancakeSwap,
BAL, and UNI. While ARIMAX captured long-term trends (e.g., BAL’s decline, Fig. 2), it failed to
reflect sentiment-driven dynamics. Similar results were observed for Compound and Maker,
confirming that sentiment does not enhance forecast precision in this context.
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Fig. 2. ARIMAX model for
BAL — long-term down-
ward trend and flat 20-
day forecast. The wide
confidence interval and
the absence of a direc-
tional trend in the fore-
cast highlight the weak
predictive value of the
sentiment index. Sources:
Figure created by the au-
thors using Python

Digital Finance Conference

As shown in Fig. 2, the flat red forecast line reflects the ARIMAX model’s assumption of a
constant FNG value, limiting the exogenous variable’s contribution. The model essentially
memorizes the last index value, resulting in minimal forecast volatility. While FNG_ret does
not directly affect returns, it influences return volatility - particularly during extreme senti-
ment phases - a pattern better captured by GJR-GARCH than by linear models. To examine
whether sentiment affects volatility regimes rather than returns, we applied a Markov
switching model, which differentiates between stable (Regime 0) and volatile (Regime 1) pe-
riods. Most tokens remained in the stable regime over 90% of the time, with brief transitions
during price shocks or sentiment drops. However, FNG_ret was not a significant driver of
regime shifts. Even so, detecting such shifts is valuable for risk management, as they indicate
heightened uncertainty when reducing exposure or increasing hedging may be prudent.

Table 2. Interpretation of the results from Markov Regime Switching models

tions

Token Regime FNG influence Interpretation
Stable regime, L Market regime is stable; FNG does not alter transi-

Aave . . Not significant :

high persistence tions

Weak effect in high
BAL 2 regimes eake e_ct_ inhig Minor role of index, limited to volatile conditions
volatility

F t i
COMP requse}:miftrseglme Potential impact Index might influence shifts in market dynamics
MAKER Structu.red_regime Not significant Clear regime structu_re; i.ndex not relevant to

switching switching
PAN Strong regime- Index matters in FNG index plays a role when the market is under
switching behavior stress periods tension

UNI Moderate transi- Weak influence FNG effect is minimal, though model detects tran-

sitions

Source: Table constructed by the authors based on processed data.
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As shown in Table 2, Aave and Maker display stable regimes with no significant influence
from the Fear and Greed Index, indicating relative independence from sentiment. In con-
trast, PancakeSwap (and to a lesser extent BAL and Compound) show moderate sensitivity
to sentiment, particularly during stressed conditions marked by more frequent regime
shifts. While sentiment has limited impact under normal conditions, it may affect market
dynamics during periods of heightened volatility, especially for Compound and Pan-
cakeSwap.

Fig. 3. Markov re- Markov Regime Probabilities - Maker

gime-switching
model for Maker
- the stable re-
gime and the vol-

=
o
.

—— Regime 0 (Low volatility)
-—= Regime 1 (High volatility)

Probability
o
o

atile regime. 0o Ml . [T Y AT
Sources: Figure : T T T T T T T T
created by the 2018 2019 2020 2021 2022 2023 2024 2025

authors using Py- Time

thon

Traditional linear models failed to capture the time-dependent structures in DeFi token
behavior. Wavelet analysis, suited for non-stationary financial series, allowed for the iden-
tification of volatility spikes, their timing, scale, and intensity - insights often missed by
correlation or ARIMA methods. The results show that Aave (Fig. 3), Compound, Pan-
cakeSwap, and Uniswap exhibit short- and medium-term volatility bursts, particularly dur-
ing market stress. Aave peaked in late 2020; Compound and Uniswap showed recurring
short-term cycles (scales 20-40); PancakeSwap had active zones during 2022-2023. In con-
trast, Maker and BAL displayed more stable patterns, with Maker showing no high-energy
periods and BAL’s energy concentrated at higher scales (80-120), indicating infrequent but
longer-term fluctuations.

Fig. 4. Wavelet spec-
trum of the logarith-
mic returns of Aave.
Source: Figure cre-
ated by the authors
using Python
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Fig. 4 shows a concentration of wavelet energy in late 2020 at low scales, reflecting short-
term volatility during a period of DeFi sector growth. After this peak, the spectrum shifts
to low-energy zones, indicating market stabilization and reduced volatility. The lack of sus-
tained high-frequency activity suggests structural stability and limited cyclicality. To ex-
plore nonlinear dependencies between token returns and the FNG Index, we applied Sup-
port Vector Regression (SVR) and the Maximal Information Coefficient (MIC). MIC values
were highest for Uniswap (0.135) and Compound (0.106), while other tokens showed min-
imal dependence. Since all MIC scores are below 0.2, these relationships are weak. SVR
models performed poorly across tokens, with negative R? values, indicating that any po-
tential nonlinear patterns are too weak to be captured (Fig. 5).

SVR Regression: UNI_ret - FNG_ret

© . Dalta
4 —— SVR (RBF) fit
2
B . [P o
2 O [ A s
Fig. 5. Scatter plot of the -2
daily return of UNI and
changes in the F&G Index 4
with SVR (RBF) curve. °
Source: Figure created by -0.5 0.0 0.5 1.0

the authors using Python FNG_ret

Although the SVR curve suggests mild nonlinearity, it remains largely flat, confirming the
weak dependence indicated by low MIC values. The impact of FNG on UNI's returns - and
on other tokens, with MIC scores between 0.01 and 0.04 - is minimal. These results indi-
cate that daily changes in the FNG Index have no significant linear, nonlinear, or predictive
effect on governance token returns, supporting the need for a multi-model approach.

Conclusion

The analysis reveals a very weak relationship between daily sentiment shifts and DeFi
token returns, with neither linear nor machine learning models detecting a consistent sig-
nal. This may be due to protocol-specific drivers (such as governance activity, vesting, or
TVL) and the strategic behavior of long-term holders, which dilute the influence of broad
market sentiment. While the Fear & Greed Index reflects systemic crypto risk, its direct
effect on DeFi tokens appears limited. Any influence it may have likely occurs over longer-
term price trends, regime shifts, or in conjunction with other structural market dynamics.
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